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Abstract

This licen tiate thesis presen ts a soft w are arc hitecture for inductiv e lab eled

dep endency parsing of unrestricted natural language text, whic h ac hiev es

a strict mo dularization of parsing algorithm, feature mo del and learning

metho d suc h that these parameters can b e v aried indep enden tly . The ar-

c hitecture is based on the theoretical framew ork of inductiv e dep endency

parsing b y Nivre (2006) and has b een realized in MaltP arser, a system that

supp orts sev eral parsing algorithms and learning metho ds, for whic h com-

plex feature mo dels can b e de�ned in a sp ecial description language. Sp ecial

atten tion is giv en in this thesis to learning metho ds based on supp ort v ector

mac hines (SVM).

The implemen tation is v alidated in three sets of exp erimen ts using data

from three languages (Chinese, English and Sw edish). First, w e c hec k if the

implemen tation realizes the underlying arc hitecture. The exp erimen ts sho w

that the MaltP arser system outp erforms the baseline and satis�es the basic

constrain ts of w ell-formedness. F urthermore, the exp erimen ts sho w that it is

p ossible to v ary parsing algorithm, feature mo del and learning metho d inde-

p enden tly . Secondly , w e fo cus on the sp ecial prop erties of the SVM in terface.

It is p ossible to reduce the learning and parsing time without sacri�cing ac-

curacy b y dividing the training data in to smaller sets, according to the part-

of-sp eec h of the next tok en in the curren t parser con�guration. Thirdly , the

last set of exp erimen ts presen t a broad empirical study that compares SVM

to memory-based learning (MBL) with �v e di�eren t feature mo dels, where

all com binations ha v e gone through parameter optimization for b oth learning

metho ds. The study sho ws that SVM outp erforms MBL for more complex

and lexicalized feature mo dels with resp ect to parsing accuracy . There are

also indications that SVM, with a splitting strategy , can ac hiev e faster pars-

ing than MBL. The parsing accuracy ac hiev ed is the highest rep orted for

the Sw edish data set and v ery close to the state of the art for Chinese and

English.

Key-w ords : Dep endency P arsing, Supp ort V ector Mac hines, Mac hine Learn-

ing.
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Sammanfattning

Denna licen tiata vhandling presen terar en mjukv aruarkitektur för datadriv en

dep endensparsning, dvs. för att automatiskt sk apa en syn taktisk analys i

form a v dep endensgrafer för meningar i texter på naturligt språk. Arkitektu-

ren b ygger på idén att man sk a kunna v ariera parsningsalgoritm, särdrags-

mo dell o c h inlärningsmeto d ob ero ende a v v arandra. Till grund för denna

arkitektur har vi an v än t det teoretisk a ram v erk et för induktiv dep endenspar-

sning presen terat a v Nivre (2006). Arkitekturen har realiserats i program v a-

ran MaltP arser, där det är mö jligt att de�niera k omplexa särdragsmo deller i

ett sp eciellt b eskrivningsspråk. I denna a vhandling k ommer vi att lägga extra

t yngd vid att b eskriv a h ur vi har in tegrerat inlärningsmeto den supp ortv ektor-

maskiner (SVM).

MaltP arser v alideras med tre exp erimen tserier, där data från tre språk

an v änds (kinesisk a, engelsk a o c h sv ensk a). I den första exp erimen tserien k on-

trolleras om implemen tationen realiserar den underliggande arkitekturen.

Exp erimen ten visar att MaltP arser utklassar en trivial meto d för dep en-

densparsning ( eng . baseline) o c h de grundläggande kra v en på v älformade

dep endensgrafer uppfylls. Dessutom visar exp erimen ten att det är mö jligt

att v ariera parsningsalgoritm, särdragsmo dell o c h inlärningsmeto d ob ero en-

de a v v arandra. Den andra exp erimen tserien fokuserar på de sp eciella egen-

sk ap erna för SVM-gränssnittet. Exp erimen ten visar att det är mö jligt att

reducera inlärnings- o c h parsningstiden utan att förlora i parsningsk orrekt-

het genom att dela upp träningsdata enligt ordklasstaggen för nästa ord

i n uv arande parsningsk on�guration. Den tredje o c h sista exp erimen tserien

presen terar en empirisk undersökning som jämför SVM med minnesbaserad

inlärning (MBL). Studien an v änder sig a v fem särdragsmo deller, där alla

k om binationer a v språk, inlärningsmeto d o c h särdragsmo dell har genomgått

omfattande parameteroptimering. Exp erimen ten visar att SVM ö v erträ�ar

MBL för mer k omplexa o c h lexik aliserade särdragsmo deller med a vseende på

parsningsk orrekthet. Det �nns ä v en vissa indik ationer på att SVM, med en

upp delningsstrategi, k an parsa en text snabbare än MBL. För sv ensk a k an

vi rapp ortera den högsta parsningsk orrektheten hittills o c h för kinesisk a o c h

engelsk a är resultaten nära de bästa som har rapp orterats.
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Chapter 1

In tro duction

Syn tactic parsing is an imp ortan t comp onen t for man y applications of nat-

ural language pro cessing. In this thesis, w e regard p arsing as the pro cess of

mapping sen tences in unrestricted natural language text to their syn tactic

represen tations. F urthermore, the program whic h p erforms this pro cess is

called a syntactic p arser , or simply p arser . The syn tactic structure is formal-

ized with a syn tactic represen tation suc h as phr ase structur e or dep endency

structur e . P arsing a sen tence with phrase structure grammar or con text-free

grammar recursiv ely decomp oses it in to constituen ts or phrases and in that

w a y a phrase structure tree is created with relationships b et w een w ords and

phrases. By con trast, with dep endency structure represen tations, the goal

of parsing a sen tence is to create a dep endency graph consisting of lexical

no des link ed b y binary relations called dep endencies . A dep endency relation

connects w ords with one w ord acting as he ad and the other as dep endent . In

this thesis, w e will concen trate on parsing with dep endency represen tations.

Data-driv en metho ds in natural language pro cessing ha v e b een used in

man y tasks in the past decade and syn tactic parsing is one of them. Statis-

tical parsing is usually based on nondeterministic parsing tec hniques in com-

bination with generativ e probabilistic mo dels that pro vide an n -b est ranking

of the set of candidate analyses deriv ed b y the parser (Collins 1997; Collins

1999; Charniak 2000). Discriminativ e mo dels can b e used to enhance these

parsers b y reranking the analyses output b y the parser (Johnson et al. 1999;

Collins and Du�y 2005; Charniak and Johnson 2005).

Nondeterministic parsing has b een the mainstream approac h, but it has

also b een sho wn that deterministic parsing can b e p erformed with fairly

high accuracy , esp ecially in dep endency-based parsing (Kudo and Matsumoto

2000a; Y amada and Matsumoto 2003; Nivre et al. 2004; Isozaki et al. 2004;

Cheng et al. 2005a), but also in constituen t-based parsing (Sagae and La vie

2005). The main idea is to guide the parser with a classi�er trained on tree-

bank data using a greedy parsing algorithm that appro ximates a globally

optimal solution b y making a series of lo cally optimal c hoices. A determin-

istic parser usually uses a form of history-based feature mo del (Blac k et al.

1
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Chapter 1. In tro duction

1992; Magerman 1995; Ratnaparkhi 1997) to create a represen tation that a

classi�er can use to predict the next parser state. This is also the approac h

assumed in this thesis.

A v ailabilit y of large syn tactically annotated corp ora, also kno wn as tr e e-

b anks , is essen tial when constructing data-driv en parsers, but one of the p o-

ten tial adv an tages is that they can easily b e p orted to new languages. A

problem is that man y data-driv en parsers are o v er�tted to a particular lan-

guage, usually English. F or example, Corazza et al. (2004) rep ort increased

error rates of 15�18% when using t w o statistical parsers dev elop ed for English

to parse Italian. W e suggest that a data-driv en parser need to b e designed

for �exible recon�guration to increase the p ortabilit y to other languages. A

user should b e able to exp erimen t with sev eral parsing algorithms, feature

mo dels and learning metho ds.

1.1 Researc h Problem and Aims

The main researc h problem for the do ctoral thesis is to study the in�uence of

di�eren t factors on accuracy and e�ciency of data-driv en dep endency pars-

ing. This study requires a broad ev aluation of the parsing system, where

w e p erform extensiv e feature selection and parameter tuning to optimize the

feature mo dels and classi�ers for man y languages and sev eral parsing algo-

rithms.

F or the licen tiate thesis w e will restrict the researc h problem to the design,

implemen tation and v alidation of an arc hitecture for data-driv en dep endency

parsing of unrestricted natural language text. The v alidation can b e seen as

a pilot ev aluation that will determine future directions. Ho w ev er, w e will

also obtain exp erimen tal results that ha v e a direct b earing on the long-term

researc h problems.

W e presen t a soft w are arc hitecture that should b e able to handle di�eren t

parsing algorithms, feature mo dels and learning metho ds, for b oth learning

and parsing. When using the implemen tation of this arc hitecture, the user

should b e able to v ary these parameters indep enden tly in a con v enien t w a y .

The c hoice of parsing algorithm in�uences ho w the syn tactic structure

will b e built. In the learning phase this will a�ect ho w the training data

is generated and in the parsing phase whic h structures are p ermissible. It

should b e easy to add new parsing algorithms in to the arc hitecture, pro vided

that they ful�l certain w ell-de�ned requiremen ts.

The linguistic kno wledge of the language is imp ortan t when de�ning the

structure of the feature mo del, in other w ords whic h linguistic features should

b e used to predict parsing actions. It should b e easy to de�ne a new feature

2
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1.1. Researc h Problem and Aims

mo del without reprogramming the system. A feature mo del should b e de�ned

in an appropriate feature sp eci�cation language so that it can b e loaded when

it is required.

Giv en a set of training instances, where eac h instance is a �ngerprin t of

the curren t state of the parser, as sp eci�ed b y the feature mo del, together

with the transition to the next parser state, the task of the learner is to

induce a mo del at learning time. A t parsing time, this mo del is then used

for predicting the next parser state. This task can easily b e form ulated as a

classi�cation task, where discriminativ e learning metho ds are w ell-suited.

The arc hitecture is based on the theoretical framew ork of inductiv e dep en-

dency parsing b y Nivre (2006) and has b een realized in a system called Malt-

P arser (Nivre et al. 2006), whic h in the curren t v ersion supp orts t w o parsing

algorithms, in sev eral v ersions, and t w o learning metho ds (MBL and SVM),

for whic h complex feature mo dels can b e de�ned in a sp ecial description lan-

guage. The implemen tation of the MaltP arser system has b een join t w ork

together with Joakim Nivre. MaltP arser w as �rst equipp ed with an in terface

to a memory-based learner called TiMBL (Daelemans and V an den Bosc h

2005) and Nivre (2006) con tains an extensiv e ev aluation of memory-based

dep endency parsing using the parsing algorithm de�ned in Nivre (2003). In

order to v alidate the generalit y and �exibilit y of the arc hitecture, w e therefore

ha v e to extend the parser with an in terface to another learner and implemen t

an additional deterministic parsing algorithm. W e ha v e c hosen to use SVM as

the learning metho d, b ecause it has b een pro v en to giv e go o d results for simi-

lar tasks (Kudo and Matsumoto 2000b; Y amada and Matsumoto 2003; Sagae

and La vie 2005). F or the parsing algorithm, w e ha v e c hosen the incremen tal

algorithm describ ed in Co vington (2001).

Using this new implemen tation, w e ha v e p erformed three sets of exp eri-

men ts, designed to answ er three essen tial questions:

1. V alidation of the implemen tation : Do es MaltP arser realize the

underlying arc hitecture, so that it is p ossible to v ary parsing algorithm,

feature mo del and learning metho d indep enden tly?

2. In v estigation of the SVM in terface : Ho w do the sp ecial prop er-

ties of the SVM in terface a�ect parsing accuracy and time e�ciency?

Ho w can learning and parsing e�ciency b e impro v ed without sacri�cing

accuracy?

3. Comparison of MBL and SVM : Whic h of the learning metho ds is

b est suited for the task of inductiv e lab eled dep endency parsing, taking

b oth parsing accuracy and time e�ciency in to accoun t?

3
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Chapter 1. In tro duction

Apart from answ ering these questions, w e will try to iden tify future directions

that hop efully will b e useful for the long-term researc h problems.

1.2 Outline of the Thesis

In this in tro ductory c hapter, w e ha v e tried to outline the long-term researc h

problem and the sp eci�c aims of the licen tiate thesis. The structure of the

remaining c hapters is as follo ws.

Chapter 2, Inductive Dep endency Parsing

Chapter 2 reviews the bac kground material for this thesis. W e de�ne the

problem of parsing unrestricted natural language text and discuss di�eren t

algorithms for dep endency parsing. F urthermore, data-driv en parsing and

esp ecially the history-based mo dels are discussed. The c hapter con tin ues

with a description of the t w o mac hine learning metho ds used in the rest of

the thesis: SVM and MBL. Finally , the c hapter ends with a section whic h

brie�y presen ts related w ork.

Chapter 3, MaltParser

Chapter 3 presen ts an arc hitecture for parsing unrestricted natural language

text with dep endency structures. The arc hitecture is describ ed in detail with

fo cus on the t w o main mo dules Parser and Guide . The MaltP arser system is

an implemen tation of the arc hitecture and the c hapter ends with a description

of this system.

Chapter 4, Exp eriments

Chapter 4 starts with a presen tation of the treebank data used for the ex-

p erimen ts and an explanation of the ev aluation criteria used to v alidate the

implemen tation of the prop osed arc hitecture. An in v estigation of the three

questions explained ab o v e is presen ted based on extensiv e exp erimen ts.

Chapter 5, Conclusion

Chapter 5 con tains the main conclusions and a summary of the main results

of the thesis. The c hapter ends with a discussion of directions for future

researc h.

1.3 Division of Lab or

As already stated, the design and implemen tation of MaltP arser is join t w ork

with Joakim Nivre. More sp eci�cally , the w ork has b een divided as follo ws:

4
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1.3. Division of Lab or

� The design of the arc hitecture is join t w ork.

� The implemen tation of parsing algorithms, generic feature mo del han-

dling and the memory-based learner is mainly the w ork of Joakim Nivre.

� The implemen tation of all other parts of the system, including the SVM

learner, is mainly the w ork of Johan Hall.

5
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Chapter 2

Bac kground

Syn tactic parsing is used in man y applications suc h as mac hine translation,

information extraction and question answ ering. Applications dealing with

unrestricted text need to handle all kinds of text, including grammatically

correct text, ungrammatical text and foreign expressions. It is desirable that

suc h an application pro duces some kind of analysis. Of course, if the input

is �garbage�, it is most lik ely that the system will fail to create an in teresting

analysis, but the system should nev ertheless mak e its b est to pro duce an

analysis. If these applications need a syn tactic parser, it also needs to b e able

to handle unrestricted text, although w e need to restrict the text to a certain

natural language to b e able to deriv e a meaningful syn tactic represen tation.

Nivre (2006) in tro duces the notion of text p arsing to c haracterize this op en-

ended problem that can only b e ev aluated with resp ect to empirical samples

of a text language .

1

Our approac h to text parsing is dep endency-based and data-driv en. The

goal of dep endency-based text parsing is to construct a dep endency graph for

eac h sen tence in a text. Figure 2.1 sho ws an example of a dep endency graph,

connecting the w ords in a Sw edish sen tence b y binary relations lab eled with

dep endency t yp es (grammatical functions).

Data-driv en metho ds comply w ell with the fact that text parsing uses

empirical samples of a text language . A realistic approac h is then to use

some kind of sup ervised learning metho d that mak es use of a treebank, whic h

consists of syn tactically annotated sen tences. A problem with this approac h

is that it restricts us to languages that ha v e at least one treebank. In addition,

these treebanks are often annotated with constituency-based represen tations

and therefore need to b e con v erted to dep endency-based represen tations.

Giv en that w e ha v e a treebank for a sp eci�c language our approac h is to

induce a parser mo del at learning time and use this parser mo del to parse sen-

tences. Ho w ev er, since it is problematic to use the dep endency graph directly

1

The term text language do es not exclude sp ok en language, but emphasizes that it is

a language that o ccurrs in real texts. In principle, the notion applies also to utterances in

sp ok en dialogue.

7
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Figure 2.1: Dep endency graph for Sw edish sen tence, con v erted from T al-

bank en

to construct suc h a mo del, w e instead use a deterministic parsing algorithm to

map a dep endency graph to a transition sequence suc h that this transition se-

quence uniquely determines the dep endency graph. An individual transition

can b e, for example, shifting a tok en on to a stac k or adding an arc b et w een

t w o tok ens. The transition system in itself is normally nondeterministic and

w e therefore need a mec hanism that resolv es this nondeterminism. W e use

a discriminativ e learning metho d, suc h as SVM and MBL, to construct a

classi�er. Moreo v er, w e use history-based feature mo dels to extract v ectors

of feature-v alue pairs from the curren t parser state as training material for

the classi�er.

In this c hapter, w e review the necessary bac kground for the design and

implemen tation of MaltP arser fo cusing on the framew ork of inductiv e dep en-

dency parsing prop osed b y Nivre (2006). Most of the notation used b y Nivre

(2006) is also used here, but in some cases the notation has to b e extended.

The rest of the c hapter is structured as follo ws. Section 2.1 describ es the basic

requiremen ts on text parsing. Section 2.2 presen ts the necessary de�nitions

of dep endency graphs. Section 2.3 presen ts the parsing framew ork, including

the deterministic parsing algorithm, the history-based feature mo dels and

discriminativ e learning metho ds. Related w ork is discussed in section 2.4.

2.1 Requiremen ts on T ext P arsing

W e b egin b y de�ning a text as a sequence T = ( x1; : : : ; xn ) of sen tences,

where eac h sen tence x i = ( w1; : : : ; wm ) is a sequence of tok ens and a tok en

8
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wj is a sequence of c haracters, usually a w ord form. Giv en a text T , the task

of text parsing is to deriv e the correct analysis yi for ev ery sen tence x i 2 T .

W e assume that the text T con tains sen tences of a text language L that in our

case is a natural language. This assumption en tails that the text language is

not a formal language and that parsing do es not en tail recognition. Instead,

w e see text parsing as an empirical appro ximation problem. Therefore, this

approac h is not w ell-suited for grammar c hec king in a w ord-pro cessing ap-

plication, b ecause it will try to �nd an analysis also for an ungrammatical

sen tence.

Giv en these de�nitions w e can de�ne four basic requiremen ts on a text

parser (Nivre 2006):

De�nition 2.1. A parser P should map a text T = ( x1; : : : ; xn ) in language

L to w ell-formed syn tactic represen tations (y1; : : : ; yn ) in a w a y that satis�es

the follo wing requiremen ts:

1. Robustness : P assigns at least one analysis yi to ev ery sen tence x i 2
T .

2. Disam biguation : P assigns at most one analysis yi to ev ery sen tence

x i 2 T .

3. A ccuracy : P assigns the correct analysis yi to ev ery sen tence x i 2 T .

4. E�ciency : P pro cesses ev ery sen tence x i 2 T in time and space that

is p olynomial in the length of x i .

W e w an t to create a parser that uses a parsing strategy that assigns at

least one analysis for eac h sen tence ( Robustness ) and at most one anal-

ysis ( Disam biguation ). The third requiremen t ( A ccuracy ) is unrealistic

in practice, but w e will use this as an ev aluation criterion in the Chapter 4.

In order to satisfy the fourth requiremen t, w e will use deterministic parsing

algorithms with at most quadratic time complexit y and linear space complex-

it y . W e will use t w o parsing algorithms that ha v e linear complexit y (Nivre's

arc-eager and arc-standard algorithms) and one that has quadratic complex-

it y (Co vington's algorithm). In the exp erimen ts, the E�ciency requiremen t

will b e an ev aluation criterion that measures the time it tak es to parse a text.

2.2 Dep endency Graphs

Dep endency parsing is based on syn tactic represen tations built from binary

relations b et w een tok ens (or w ords) lab eled with syn tactic functions or de-

p endency t yp es. W e de�ne suc h represen tations as dep endency graphs:

9



c
 2006 b y Johan Hall. All righ ts reserv ed.

Chapter 2. Bac kground

De�nition 2.2. Giv en a sen tence x = ( w1; : : : ; wn ) and a set R = f r0; r1; : : : rm g
of dep endency t yp es, a dep endency gr aph for a sen tence x is a lab eled directed

graph G = ( V; E; L) , where:

1. V = Zn +1 = f 0; 1; 2; : : : ; ng

2. E � V � V

3. L : E ! R

A dep endency graph consists of a set V of no des, where a no de is a non-

negativ e in teger (including n ). Ev ery p ositiv e no de has a corresp onding tok en

in the sen tence x and w e will use the term token no de for these no des (i.e., the

tok en wi corresp onds to the tok en no de i ). In addition, there is a sp ecial ro ot

no de 0, whic h is the ro ot of the dep endency graph and has no corresp onding

tok en in the sen tence x . F urthermore, the set V +
denotes the set of tok en

no des, i.e., V + = V � f 0g. There is a practical adv an tage in using p osition

indices instead of w ord forms to represen t tok ens (Maruy ama 1990), whic h

allo ws the use of the arithmetic relation < to order the no des, and ensures

that ev ery tok en has a unique no de in the graph.

An arc (i; j ) 2 E connects t w o no des i and j in the graph and represen ts a

dep endency relation where i is the head and j is the dep enden t. The notation

i ! j will b e used for the pair (i; j ) 2 E and i ! � j for the re�exiv e and

transitiv e closure, i.e., i ! � j if and only if there is a path of zero or more

arcs connecting i to j . Finally , the function L lab els ev ery arc i ! j with a

dep endency t yp e r 2 R and an arc with a lab el r will b e denoted i
r

! j .

T o b e able to construct a dep endency graph using a parsing algorithm,

w e usually ha v e to de�ne some basic constrain ts that a graph m ust satisfy .

De�nition 2.3. A dep endency graph G is wel l-forme d if and only if the

follo wing constrain ts hold:

1. Ro ot : The no de 0 is a ro ot, i.e., there is a no de i suc h that i ! 0.

2. Connectedness : G is w eakly connected, i.e., for ev ery no de i there is

some no de j suc h that i ! j or j ! i .

3. Single-Head : Eac h no de has at most one head, i.e., if i ! j then

there is no no de k suc h that k 6= i and k ! j .

4. A cyclicit y : G is acyclic, i.e., if i ! j then not j ! � i .

5. Pro jectivit y : G is pro jectiv e, i.e., if i ! j then i ! � k , for ev ery no de

k suc h that i < k < j or j < k < i .

10
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A sp ecial ro ot no de mak es it easier to comply with the second constrain t

Connectedness , since it is alw a ys p ossible to ho ok up an y no de to the ro ot

and in that w a y the graph will alw a ys b e connected. F urthermore, with a

ro ot no de w e alw a ys kno w the en trance to the graph. The third constrain t

Single-Head (sometimes called uniqueness) is commonly assumed in dep en-

dency grammar, although Hudson (1984) allo ws m ultiple heads to capture

certain transformational phenomena, where a single tok en is connected to

more than one p osition in the sen tence. The fourth constrain t A cyclicit y

together with �rst three constrain ts en tail that the graph is a ro oted tree.

These assumptions mak e it simpler to construct parsing algorithms that build

dep endency trees automatically .

The last constrain t Pro jectivit y is more con tro v ersial and most dep en-

dency grammars allo w non-pro jectiv e graphs, b ecause non-pro jectiv e repre-

sen tations are able to capture non-lo cal dep endencies. There exists sev eral

treebanks that con tain non-pro jectiv e structures suc h as the Prague Dep en-

dency T reebank of Czec h (Ha ji£ et al. 2001) and the Danish Dep endency

T reebank (Kromann 2003). W e will assume the constrain t Pro jectivit y

here b ecause the parsing algorithms used in this thesis are limited to pro-

jectiv e structures and the treebanks used only con tain pro jectiv e structures.

Moreo v er, when dealing with non-pro jectiv e data, it is p ossible to pro jec-

tivize the training data and reco v er non-pro jectiv e dep endencies b y applying

an in v erse transformation after parsing in a p ost-pro cessing step (Nivre and

Nilsson 2005).

Figure 2.1 sho ws a lab eled pro jectiv e dep endency graph for a Sw edish

sen tence, where eac h w ord of the sen tence is tagged with its part-of-sp eec h

and eac h arc lab eled with a dep endency t yp e.

2

2.3 Inductiv e Dep endency P arsing

The framew ork of inductiv e dep endency parsing, as c haracterized b y Nivre

(2006), is based on three essen tial elemen ts:

1. Deterministic parsing algorithms for building dep endency graphs (Kudo

and Matsumoto 2002; Y amada and Matsumoto 2003; Nivre 2003)

2. History-based feature mo dels for predicting the next transition from

one parser con�guration to another (Blac k et al. 1992; Magerman 1995;

Ratnaparkhi 1997; Collins 1999)

2

The dep endency t yp es used in Figure 2.1 are describ ed in section 4.1.1.
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3. Discriminativ e learning metho ds to map histories to transitions (V een-

stra and Daelemans 2000; Kudo and Matsumoto 2002; Y amada and

Matsumoto 2003; Nivre et al. 2004)

In this section w e will discuss these three elemen ts. Section 2.3.1 presen ts t w o

deterministic dep endency-based parsing algorithms. Section 2.3.2 describ es

ho w history-based mo dels can b e used for predicting the next transition from

one parser con�guration to another. Finally , Section 2.3.3 explains ho w w e

can use discriminativ e learning metho ds for inducing a classi�er that maps

parser con�gurations to transitions, including a brief description of the t w o

learning metho d used in the exp erimen ts: SVM and MBL.

2.3.1 Deterministic Dep endency P arsing

Mainstream approac hes to data-driv en text parsing are based on nondeter-

ministic parsing tec hniques, but the disam biguation can b e p erformed deter-

ministically , using a greedy parsing algorithm that appro ximates a globally

optimal solution b y making a sequence of lo cally optimal c hoices (see section

2.4 for more details of related w ork in this area). The exp erimen ts in Chapter

4 will use t w o parsing algorithms, called Nivr e's algorithm and Covington 's

algorithm , and b oth algorithms come in t w o v ersions. W e b egin b y de�ning

parser con�gurations that can b e used b y b oth algorithms, follo wing Nivre

(2006):

De�nition 2.4. Giv en a set R = f r0; r1; : : : ; rm g of dep endency t yp es and

a sen tence x = ( w1; : : : ; wn ) , a p arser c on�gur ation for x is a quin tuple

c = ( �; �; �; h; d ) , where:

1. � is a stac k of partially pro cessed tok en no des i ( 1 � i � j for some

j � n ).

2. � is a list of remaining input tok en no des i ( k � i � n for some k > j ).

3. � is a stac k of tok en no des i o ccurring b et w een the tok en on top of the

stac k � j and the next input tok en � k ( j < i < k ).

4. h : V +
x ! Vx is a head function from tok en no des to no des.

5. d : V +
x ! R is a lab el function from tok en no des to dep endency t yp es.

6. F or ev ery tok en no de i 2 V +
x , d(i ) = r0 only if h(i ) = 0 .

The de�nition of a parser con�guration in tro duces three data structures: a

stac k � , a list � and a stac k � . The �rst t w o data structures (the stac k � and

the list � ) are included in the de�nition of Nivre (2006). Here the de�nition

12
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is extended with a stac k � , whic h w e call the c ontext stack and whic h is used

b y Co vington's algorithm. In order to de�ne the parsing algorithms later in

this section, w e will represen t all three data structures as lists. T o b e able to

use individual comp onen ts in these lists, w e will use j j� to represen t a list of

input tok ens with head j and tail � , while � ji and � ji represen t stac ks with

the top i and tail � and � . An empt y stac k/list is represen ted b y � .

The sym b ols V +
x and Vx are used to indicate that V +

and V are the no des

for the sen tence x . The head function h de�nes the partially built dep endency

graph. F or ev ery tok en no de i there is a syn tactic head h(i ) = j . If the tok en

no de i is not y et attac hed to a head, the sp ecial ro ot no de h(i ) = 0 is used.

Finally , the lab el function d lab els the partially built dep endency struc-

ture, where ev ery tok en no de i is assigned a dep endency t yp e r j using the

lab el function d(i ) = r j ( d(i ) = r0 is used for tok en no des that are not

y et attac hed). W e establish a connection b et w een parser con�gurations and

dep endency graphs in the follo wing w a y (Nivre 2006):

De�nition 2.5. A parser con�guration c = ( �; �; �; h; d ) for x de�nes the

dep endency graph Gc = ( Vx ; Ec; L c) , where:

1. Ec = f (i; j ) j h(j ) = ig

2. L c = f (( i; j ); r ) j h(j ) = i; d(j ) = rg

F or the functions h and d, w e will use the notation f [x 7! y]; if f (x) = y0
,

then f [x 7! y] = f � f (x; y0)g [ f (x; y)g.

De�nition 2.6. A parser con�guration c for the sen tence x = ( w1; : : : ; wn )
is initial if and only if it has the form c = ( �; (1; : : : ; n); �; h 0; d0) , where:

1. h0(i ) = 0 for ev ery i 2 V +
x .

2. d0(i ) = r0 for ev ery i 2 V +
x .

When the parser b egins to parse a sen tence, the t w o stac ks � and � are empt y

and all the tok en no des of the sen tence are in the list � . In the b eginning, all

tok en no des are dep enden ts of the sp ecial ro ot no de 0 and lab eled with the

sp ecial lab el r0 . The parser terminates the parsing of a sen tence when the

follo wing condition is met:

De�nition 2.7. A parser con�guration c for the sen tence x = ( w1; : : : ; wn )
is terminal if and only if it has the form c = ( �; �; �; h; d ) (for arbitrary � , � ,

h and d).

13
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The parser pro cesses the input left-to-righ t and terminates whenev er the list

of input tok ens is empt y . The set C will denote all p ossible con�gurations

and Cn
the set of non-terminal con�gurations, i.e., an y con�guration c =

(�; �; �; h; d ) where � 6= � . A tr ansition from a non-terminal con�guration to

a new con�guration is a partial function t : Cn ! C .

W e will de�ne a transition system for eac h v ersion of the algorithms, whic h

is nondeterministic. Hence, there will b e more than one transition applicable

to a giv en con�guration. An or acle o : Cn ! (Cn ! C) is used to o v ercome

this nondeterminism (Ka y 2000). F or eac h nondeterministic c hoice p oin t the

parsing algorithm will ask the oracle to predict the next transition. In this

section w e will consider the oracle as a blac k b o x, whic h alw a ys kno ws the

correct transition. In section 2.3.2, w e will see that w e can appro ximate this

oracle b y inducing a classi�er.

Nivre's algorithm. This parsing algorithm w as �rst prop osed for unla-

b eled dep endency parsing b y Nivre (2003) and w as extended to lab eled de-

p endency parsing b y Nivre et al. (2004). A sen tence x = ( w1; : : : ; wn ) is

parsed b y the algorithm P arse-Nivre in the follo wing w a y:

P arse-Nivre ( x = ( w1; : : : ; wn ) )

1 c  (�; (1; : : : ; n); �; h 0; d0)
2 while c = ( �; �; �; h; d ) is not terminal

3 if � = �
4 c  Shift (c)
5 else

6 c  [o(c)](c)
7 G  (Vx ; Ec; L c)
8 return G

The algorithm will p erform the Shift transition if the stac k is empt y and

otherwise let the oracle o predict the next transition o(c) as long as the parser

remains in a non-terminal con�guration c 2 Cn
. The Shift transition pushes

the next input tok en i on to the stac k � . When the terminal con�guration is

reac hed the dep endency graph is returned.

The algorithm comes in t w o v ersions with t w o transition systems: an

ar c-e ager and an ar c-standar d v ersion. The arc-eager v ersion uses four tran-

sitions, t w o of whic h are parameterized b y a dep endency t yp e r 2 R . The

transition system up dates the parser con�guration as follo ws (Nivre 2006):

De�nition 2.8. F or ev ery r 2 R , the follo wing transitions are p ossible:

1. Shift:

(�; i j�; �; h; d ) ! (� ji; �; �; h; d )

14
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2. Reduce:

(� ji; �; �; h; d ) ! (�; �; �; h; d )
if h(i ) 6= 0

3. Right-Ar c( r ):

(� ji; j j�; �; h; d ) ! (� ji jj; �; �; h [j 7! i ]; d[j 7! r ])
if h(j ) = 0

4. Left-Ar c( r ):

(� ji; j j�; �; h; d ) ! (�; j j�; �; h [i 7! j ]; d[i 7! r ])
if h(i ) = 0

The transition Shift (SH) shifts (pushes) the next input tok en i on to the

stac k � . This is the correct action when the head of the next w ord is p osi-

tioned to the righ t of the next w ord or the next w ord is a ro ot. The transition

Reduce (RE) reduces (p ops) the tok en i on top of the stac k � . It is imp or-

tan t to ensure that the parser do es not p op the top tok en if it has not b een

assigned a head, since it will otherwise b e left unattac hed.

The Right-Ar c transition (RA) adds an arc from the tok en i on top of

the stac k � to the next input tok en j , i.e., i
r

! j and in v olv es pushing j on to

the stac k. Finally , the transition Left-Ar c (LA) adds an arc from the next

input tok en j to the tok en i on top of the stac k � , i.e., j r! i and in v olv es

p opping i from the stac k. This transition is only allo w ed when the top tok en

i on the stac k has previously receiv ed an arc to the sp ecial ro ot no de 0. W e

mak e use of the assumption of pro jectivit y b ecause w e kno w that the top

tok en i cannot ha v e an y more left and righ t dep enden ts and therefore it can

b e p opp ed.

Nivre's arc-eager algorithm is guaran teed to terminate after at most 2n
transitions, giv en a sen tence of length n (Nivre 2003). F urthermore, it alw a ys

pro duces a dep endency graph that is acyclic and pro jectiv e. The correct

transition sequence for the Sw edish sen tence sho wn in Figure 2.1 using Nivre's

arc-eager algorithm is as follo ws:
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( � , (1; : : : ; 6) , � , h0 , d0 )

D SH ! ( (1) , (2; : : : ; 6) , � , h0 , d0 )

N LA(SUB) ! ( � , (2; : : : ; 6) , � , h1 = h0 [1 7! 2], d1 = d0 [1 7! SUB ] )

D SH ! ( (2) , (3; : : : ; 6) , � , h1 , d1 )

N RA(AD V) ! ( (2; 3) , (4; 5; 6) , � , h2 = h1 [3 7! 2], d2 = d1 [3 7! AD V ] )

N RE ! ( (2) , (4; : : : ; 6) , � , h2 , d2 )

N RE(AD V) ! ( (2; 4) , (5; 6) , � , h3 = h2 [4 7! 2], d3 = d2 [4 7! AD V ] )

N RA(PR) ! ( (2; 4; 5) , (6) , � , h4 = h3 [5 7! 4], d4 = d3 [5 7! PR ] )

N RE ! ( (2; 4) , (6) , � , h4 , d4 )

N RE ! ( (2) , (6) , � , h4 , d4 )

N RA(IP) ! ( (2; 6) , � , � , h5 = h4 [6 7! 2], d5 = d4 [6 7! IP ] )

The �rst ro w presen ts the initial parser con�guration with an empt y stac k

and h0(i ) = 0 and d0(i ) = r0 for ev ery no de i 2 V . The second ro w sho ws

the parser con�guration after the shift transition has b een executed. The left

column tells us if the transition is deterministic (D) or nondeterministic (N),

in other w ords if the oracle o is used or not. F or example, the second ro w

can only b e a shift transition b ecause the stac k is empt y (D) and the third

ro w is a nondeterministic transition (N).

The arc-standard v ersion uses a strict b ottom-up pro cessing as in tradi-

tional shift-reduce parsing. The algorithm b y Kudo and Matsumoto (2002),

Y amada and Matsumoto (2003) and Cheng et al. (2005a) uses the arc-

standard strategy , but also allo ws m ultiple passes o v er the input.

The arc-standard v ersion uses a transition system similar to the arc-eager

v ersion, but has only three transitions Shift , Left-Ar c and Right-Ar c

(no Reduce ). The �rst t w o transitions, Shift and Left-Ar c , are applied

in exactly the same w a y as for the arc-eager v ersion. The transition system

is de�ned as follo ws:

1. Shift:

(�; i j�; �; h; d ) ! (� ji; �; �; h; d )

2. Right-Ar c( r ):

(� ji; j j�; �; h; d ) ! (�; i j�; �; h [j 7! i ]; d[j 7! r ])
if h(j ) = 0

3. Left-Ar c( r ):

(� ji; j j�; �; h; d ) ! (�; j j�; �; h [i 7! j ]; d[i 7! r ])
if h(i ) = 0

Instead of pushing the next tok en j on to the stac k � , Right-Ar c mo v es the

topmost tok en i on the stac k bac k to the list of remaining input tok ens � ,
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where it replaces the tok en j as the next tok en. The transition sequence for

the same sen tence using Nivre's arc-standard algorithm:

( � , (1; : : : ; 6) , � , h0 , d0 )

D SH ! ( (1) , (2; : : : ; 6) , � , h0 , d0 )

N LA(SUB) ! ( � , (2; : : : ; 6) , � , h1 = h0 [1 7! 2], d1 = d0 [1 7! SUB ] )

D SH ! ( (2) , (3; : : : ; 6) , � , h1 , d1 )

N RA(AD V) ! ( � , (2; 4; : : : ; 6) , � , h2 = h1 [3 7! 2], d2 = d1 [3 7! AD V ] )

D SH ! ( (2) , (4; : : : ; 6) , � , h2 , d2 )

N SH ! ( (2; 4) , (5; : : : ; 6) , � , h2 , d2 )

N RA(PR) ! ( (2) , (4; 6) , � , h3 = h2 [5 7! 4], d3 = d2 [5 7! PR ] )

N RA(AD V) ! ( � , (2; 6) , � , h4 = h3 [4 7! 2], d4 = d3 [4 7! AD V ] )

D SH ! ( (2) , (6) , � , h4 , d4 )

N RA(IP) ! ( � , (2) , � , h5 = h4 [6 7! 2], d5 = d4 [6 7! IP ] )

D SH ! ( (2) , � , � , h5 , d5 )

W e can see that the transitions are p erformed in another order, for instance

the Right-Ar c(PR) is executed b efore Right-Ar c(AD V) , compared to

the arc-eager v ersion.

Co vington's algorithm. Co vington (2001) prop oses sev eral incremen tal

parsing algorithms for dep endency parsing. T w o of the algorithms are the

pr oje ctive algorithm and the exhaustive left-to-right se ar ch algorithm. The

�rst algorithm uses a he ad list with w ords that do not y et ha v e heads and a

wor d list with all w ords encoun tered so far. W e will not use these t w o data

structures; instead w e will describ e these t w o algorithms b y using the data

structures de�ned b y the parser con�guration: the stac ks � and � , and the

list � . A ctually , w e will regard these t w o algorithms as one algorithm with

t w o transition systems or as t w o v ersions of the same algorithm. W e will call

the second v ersion the unr estricte d , b ecause it allo ws dep endency graphs that

are non-pro jectiv e and cyclic. Both v ersions ha v e quadratic complexit y , since

they pro ceed b y trying to link eac h new tok en to eac h preceding tok en. It is

also p ossible to de�ne other v ersions. F or example, a v ersion that conforms

to the A cyclicit y requiremen t but allo ws non-pro jectiv e graphs, but this will

not b e done in this thesis. The adapted v ersion of Co vington's algorithm is

describ ed as follo ws:
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P arse-Co vington ( x = ( w1; : : : ; wn ) )

1 c  (�; (1; : : : ; n); �; h 0; d0)
2 while c = ( �; �; �; h; d ) is not terminal

3 Done  false
4 while � 6= � and : Done

5 c  [o(c)](c)
6 while � 6= �
7 Push ( Pop (� ); � )
8 Push ( First (� ); � )
9 G  (Vx ; Ec; L c)

10 return G

The algorithm b egins b y initializing the con�guration with t w o empt y stac ks

and all tok en no des in the list � , in the same w a y as Nivre's algorithm. As

long as the parser remains in a non-terminal con�guration, it will �rst iterate

as long as the stac k � is not empt y or the �ag Done is false. The Done

�ag is only used b y the pro jectiv e v ersion to indicate that it can pro ceed

to the next tok en without an empt y stac k. Before it can pro ceed with the

next input tok en, the algorithm m ust mo v e bac k all unattac hed tok ens in

the con text stac k � to the stac k � . The Push function pushes a tok en on to

a stac k and the Pop function p ops a tok en from a stac k. Finally , the next

input tok en is pushed on to the stac k � , using the function First to retriev e

the �rst tok en in a list.

The unrestricted v ersion uses three transitions and these are de�ned in

the follo wing w a y:

1. Reduce:

(� ji; �; �; h; d ) ! (�; �; � ji; h; d)

2. Right-Ar c( r ):

(� ji; j j�; �; h; d ) ! (�; j j�; � ji; h [j 7! i ]; d[j 7! r ])

3. Left-Ar c( r ):

(� ji; j j�; �; h; d ) ! (�; j j�; � ji; h [i 7! j ]; d[i 7! r ])

All three transitions mo v e the top tok en of the stac k � to the stac k � . The

Right-Ar c and Left-Ar c transitions in addition add an arc i r! j or an

arc j r! i , resp ectiv ely .

The pro jectiv e v ersion mak es use of the fact that it should build a pro jec-

tiv e graph, whic h allo ws the algorithm to con tin ue with the next input tok en
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without exploring all com binations that could mak e the graph non-pro jectiv e.

The transition system is rede�ned as follo ws:

1. Reduce:

(� ji; j j�; �; h; d ) ! (�; j j�; � ji; h; d) Done  true

2. Right-Ar c( r ):

(� ji; j j�; �; h; d ) ! (�; j j�; � ji; h [j 7! i ]; d[j 7! r ]) Done  true
if h(j ) = 0

3. Left-Ar c( r ):

(� ji; j j�; �; h; d ) ! (�; j j�; �; h [i 7! j ]; d[i 7! r ])
if h(i ) = 0

The Reduce transition is exactly the same as for the unrestricted v ersion

except that it sets the Done �ag to true, in order to indicate that all the

remaining tok ens in stac k � cannot b e link ed to the tok en j , since this w ould

pro duce a non-pro jectiv e graph. The Right-Ar c transition mak es use of

the fact that the arc i r! j co v ers the tok ens b et w een the top tok en and the

next tok en; to prev en t that the graph b ecomes non-pro jectiv e the top tok en

i of stac k � is p opp ed and then pushed on to the con text stac k � and the

�ag Done is assigned the v alue true, for the same reason as in the Reduce

transition. The Left-Ar c transition adds an arc j r! i ; b ecause i cannot b e

link ed to another tok en it is p opp ed from the stac k � .

2.3.2 History-Based Mo dels

In section 2.3.1 w e de�ned a set C of p ossible parser con�gurations and for

eac h v ersion of the parsing algorithm w e de�ned a transition system is non-

deterministic. F urthermore, w e in tro duced an oracle o : Cn ! (Cn ! C) ,

whic h the parsing algorithm uses to get the correct transition. If it is p ossi-

ble to deriv e the correct transitions from syn tactically annotated sen tences,

w e can use these as training data to appro ximate suc h an oracle through

inductiv e learning. In other w ords, w e de�ne a one-to-one mapping from

an input string x and a dep endency graph G to a sequence of transitions

S = ( t1; : : : ; tm ) suc h that S uniquely determines G . A transition t i is

dep enden t on all previously made transitions (t1; : : : ; t i � 1) and all a v ail-

able information ab out these transitions, called the history . The history

H i = ( t1; : : : ; t i � 1) corresp onds to some partially built structure and w e also

include static prop erties that are k ept constan t during the parsing of a sen-

tence, suc h as w ord form and part-of-sp eec h of a tok en.
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The basic idea is th us to train a classi�er that appro ximates an oracle

giv en that a treebank is a v ailable. W e will call the appro ximated oracle a

guide (Boullier 2003), b ecause the guide do es not guaran tee that the transi-

tion is correct. The history H i = ( t1; : : : ; t i � 1) con tains complete information

ab out all previous transitions. All this information is in tractable for training

a classi�er. Instead w e can use history-based feature mo dels for predicting

the next transition. History-based feature mo dels w ere �rst in tro duced b y

Blac k et al. (1992) and ha v e b een used extensiv ely in data-driv en parsing

(Magerman 1995; Ratnaparkhi 1997; Collins 1999). T o mak e it tractable

the history H i is replaced b y a feature v ector de�ned b y a feature mo del

� = ( � 1; : : : ; � p) , where eac h feature � i is a function that iden ti�es some

signi�can t prop ert y of the history H i and/or the input string x . T o simplify

notation w e will write �( H i ; x) to denote the application of the feature v ector

(� 1; : : : ; � p) to H i and x , i.e., �( H i ; x) = ( � 1(H i ; x); : : : ; � p(H i ; x)) .

A t learning time the parser deriv es the correct transition b y using an

oracle function o applied to gold standard treebank. F or eac h transition it

pro vides the learner with a training instance �(( H i ; x); t i ) , where �( H i ; x) is

a curren t v ector of feature v alues and t i is the correct transition. A set of

training instances I is then used b y the learner to induce a parser mo del, b y

using a sup ervised learning metho d.

A t parsing time the parser uses the parser mo del, as a guide, to predict

the next transition and no w the v ector of feature v alues �( H i ; x) is the input

and the transition t i is the output of the guide. Section 2.3.3 describ es ho w

w e can train a classi�er that mak es this prediction.

2.3.3 Discriminativ e Learning Metho ds

The learning problem is to induce a classi�er from a set of training instances

I relativ e to a sp eci�c feature mo del � b y using a learning algorithm. In

this section, w e will describ e t w o discriminativ e learning metho ds, SVM and

MBL, that can b e used for this classi�cation task.

In general, classi�cation is the task of predicting the class y giv en a v ari-

able x , whic h can b e accomplished b y probabilistic metho ds and it is common

to divide these metho ds in to t w o classes: gener ative and discriminative . F or

generativ e metho ds, w e use the Ba y es rule to obtain P(y j x) b y estimating

the join t distribution P(x; y) . By con trast, discriminativ e metho ds mak e no

attempt to mo del underlying distributions and instead estimate P(y j x) di-

rectly . W e will use t w o discriminativ e metho ds for the learning task: SVM

and MBL.

Supp ort V ector Mac hines. In the last decade, there has b een a gro w-

ing in terest in Supp ort V ector Mac hines (SVM), whic h w ere prop osed b y
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Vladimir V apnik at the end of the sev en ties (V apnik 1979). SVM is based on

the idea that t w o linearly separable classes, the p ositiv e and negativ e samples

in the training data, can b e separated b y a h yp erplane with the largest mar-

gin. It has b een sho wn that SVMs giv e go o d generalization p erformance in

v arious researc h areas, suc h as face detection (Osuna et al. 1997) and p edes-

trian detection (Oren et al. 1997). Within natural language pro cessing they

ha v e b een used extensiv ely in, for example, text categorization (Joac hims

1998), c h unking (Kudo and Matsumoto 2001) and syn tactic parsing (Y amada

and Matsumoto 2003).

Giv en a data set of ` instance-lab el pairs I = f (�! x i ; yi )g`
i =1 , where x i 2 RN

and yi 2 f� 1; 1g, x i is a feature v ector of the i -th sample, whic h is represen ted

b y an n dimensional v ector

�! x i = ( f 1; : : : ; f n ) , and yi is the class lab el of the

i -th sample whic h b elongs to either the p ositiv e ( +1 ) or the negativ e ( � 1)

class. The feature v ector

�! x i will in our case b e the feature v ector de�ned b y

�( H i ; x) and the class lab el yi will b e the transition t i , but w e need a metho d

that handles m ultiple class lab els (more ab out that later in this section). The

idea is to estimate a v ector

�! w and a scalar b, whic h maximize the distance

of an y data p oin t from the h yp erplane de�ned b y

�! w � �! x + b. The goal of

the SVM is to �nd the solution of the follo wing optimization (Kudo and

Matsumoto 2000a; Burges 1998):

Minimize: L(w) = 1
2 k �! w k2

Sub ject to: yi (�! w � �! x i + b) � 18i = 1 ; : : : ; `
(2.1)

Figure 2.2: A linear Supp ort V ector Mac hine

In other w ords, the SVM metho d tries to �nd the h yp erplane that sepa-

rates the training data in to t w o classes with the largest margin. Figure 2.2

illustrates t w o p ossible h yp erplanes, whic h correctly separate the training

data in to t w o classes, and the left h yp erplane has the largest margin b et w een

the t w o classes.
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The data in Figure 2.2 are easy to separate in to t w o classes, but in practice

the data ma y b e noisy and therefore not linearly separable. One solution is

to allo wing some misclassi�cations b y in tro ducing a p enalt y parameter C ,

whic h de�nes the trade o� b et w een the training error and the magnitude of

the margin.

SVM can b e extended to solv e problems that are not linearly separable.

The feature v ector x i is mapp ed to a higher dimensional space b y the func-

tion � , whic h mak es it p ossible to carry out non-linear classi�cation. The

optimization problem can b e rewritten in to a dual form, whic h is done with

a so called Kernel function K (x i ; x j ) � � (x i )T � (x j ) (Kudo and Matsumoto

2001; V apnik 1998). There are man y k ernel functions, but the most common

are:

� p olynomial: K (x i ; x j ) = ( 
x T
i x j + r )d ; 
 > 0.

� radial basis function (RBF): K (x i ; x j ) = exp(� 
 k x i � x j k2); 
 > 0.

� sigmoid: K (x i ; x j ) = tanh(
x T
i x j + r ) .

where 
; r and d denote di�eren t k ernel parameters (Hsu et al. 2004).

SVM is in its basic form a binary classi�er, but man y learning prob-

lems ha v e to deal with more than t w o classes. T o mak e SVM handle m ulti-

classi�cation, man y binary classi�ers are used. F or m ulti-class classi�cation,

w e can c ho ose b et w een the metho ds one-against-all and all-against-all. Giv en

that w e ha v e n classes, the one-against-all metho d trains n classi�ers to sepa-

rate eac h class from the rest and the all-against-all metho d trains n(n � 1)=2
classi�ers, one for eac h pair of classes (V ural and Dy 2004). A v oting mec ha-

nism or some other measure is used to discriminate across all these classi�ers

to classify a new instance.

Memory-Based Learning. Memory-based learning (MBL) and classi�-

cation is based on the assumption that a cognitiv e learning task to a high

degree dep ends on direct exp erience and memory , rather than extraction of

an abstract represen tation. MBL has b een used for man y language learning

tasks, suc h as part-of-sp eec h tagging (Cardie 1993; Daelemans et al. 1996),

seman tic role lab eling (V an den Bosc h et al. 2004; K ouc hnir 2004) and syn-

tactic parsing (Nivre et al. 2004).

MBL is a lazy metho d and is based on t w o fundamen tal principles: learn-

ing is storing exp eriences in memory , and solving a new problem is ac hiev ed

b y reusing solutions from previously solv ed problems that are similar to the

new problem. The idea during training for MBL is to collect the v alues

of di�eren t features from the training data together with the correct class
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(Daelemans and V an den Bosc h 2005). MBL generalizes b y applying a sim-

ilarit y metric without abstracting or eliminating lo w-frequency ev en ts. This

similarit y metric can b e seen as an implicit smo othing mec hanism for rare

ev en ts. Daelemans and colleagues ha v e sho wn that it ma y b e harmful to

eliminate rare ev en ts in the training data for language learning tasks (Daele-

mans et al. 2002), b ecause it is v ery di�cult to discriminate noise from v alid

exceptions.

The n feature-v alues are mapp ed in to an n -dimensional space, where eac h

feature v ector from the training data with its corresp onding class is a p oin t in

this space. The task at decision time is to �nd the nearest neigh b or(s) in this

n -dimensional space and return a category based on the k nearest neigh b or(s).

The w a y this searc h is p erformed can b e v aried in man y di�eren t w a ys.

The Overlap metric is one of the most basic metrics and uses the distance

�( X; Y ) b et w een t w o patterns X and Y , whic h are represen ted as n features:

�( X; Y ) =
nX

i =1

wi � (x i ; yi ) (2.2)

where wi is a w eigh t for feature i , and the function � (x i ; yi ) is the distance p er

feature and will b e 0 if x i = yi , otherwise 1. The w eigh t wi can b e calculated

b y a v ariet y of metho ds, e.g. Information Gain (IG), whic h measures eac h

feature's con tribution to our kno wledge with resp ect to the target class.

A v ariation of the Ov erlap metrics is the more sophisticated Mo di�ed

V alue Di�erence Metric (MVDM), in tro duced b y Cost and Salzb erg (1993),

whic h estimates the distance b et w een t w o v alues of a feature b y considering

their co o ccurrence with the target classes. Ho w ev er, this metric is more

sensitiv e to sparse data.

2.4 Related W ork

During the last decades, there has b een a great in terest in data-driv en meth-

o ds for v arious natural language pro cessing tasks. Data-driv en approac hes to

syn tactic parsing w ere �rst dev elop ed during the 90s for constituency-based

represen tations. The standard approac hes are based on nondeterministic

parsing tec hniques, usually in v olving some kind of dynamic programming,

in com bination with generativ e probabilistic mo dels that pro vide an n -b est

ranking of the set of candidate analyses deriv ed b y the parser. The most

w ell-kno wn parsers based on these tec hniques are the parser of Collins (1997,

1999) and the parser of Charniak (2000). Discriminativ e learning metho ds

ha v e b een used to enhance these parsers b y reranking the analyses output
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b y the parser (Johnson et al. 1999; Collins and Du�y 2005; Charniak and

Johnson 2005).

Dep endency-based data-driv en parsing w as �rst in tro duced b y Eisner

(1996), who used a probabilistic parser to assign b oth part-of-sp eec h tags and

an unlab eled (bare-b one) dep endency structure sim ultaneously . The parser

of Eisner w as ev aluated on the W all Street Journal section of the P enn tree-

bank and the study sho w ed that a generativ e mo del p erforms signi�can tly

b etter than other mo dels based on, for example, lexical a�nit y and sense

tagging. In later w ork, Eisner enhanced his approac h b y de�ning the notion

of bilexic al gr ammar (Eisner 1999). More recen tly , McDonald et al. (2005)

ha v e come up with an alternativ e approac h to dep endency parsing, whic h

uses a mo di�ed v ersion of the Eisner's algorithm (Eisner 1999) and an online

large-margin learning algorithm. This metho dology has b een sho wn to giv e

state-of-the-art p erformance without an y language sp eci�c enhancemen ts for

b oth English and Czec h.

Collins's parser has b een adapted to handle dep endency-based structures

and the ev aluation sho ws that on the W all Street Journal data (English)

it giv es an unlab eled dep endency accuracy of 91% and for Czec h, whic h is

a highly in�ected language with relativ ely free w ord order, it ac hiev es an

accuracy of 82% (Collins et al. 1999).

Another sc ho ol prop oses that dep endency parsing can b e p erformed de-

terministically , guided b y a classi�er trained on gold standard deriv ations

from a treebank (the tec hnique used in this thesis). It w as �rst used for

unlab eled dep endency parsing b y Kudo and Matsumoto (2000a, 2002) (for

Japanese) and Y amada and Matsumoto (2003) (for English) using SVM. The

parsing algorithm uses a v ariation of shift-reduce parsing with three p ossible

parse actions: Shift , Right and Left . The t w o latter parse actions add

a dep endency relation b et w een t w o target no des, whic h are t w o neigh b oring

tok ens. The parse action Shift mo v es the fo cus to the righ t in the input

string, whic h results in t w o new target no des. The w orst-case time complex-

it y of this approac h is O(n2) , but the w orst-case rarely o ccurs in practice.

Cheng et al. (2005a) ha v e recen tly used this metho dology to parse Chinese

with state-of-the-art p erformance.

The deterministic dep endency parsing w as extended to handle lab eled

dep endency structures b y Nivre et al. (2004) (for Sw edish) and Nivre and

Sc holz (2004) (for English). Sagae and La vie (2005) ha v e in v estigated a

deterministic approac h with go o d results based on lexicalized phrase struc-

ture. The parsing framew ork of Y amada and Matsumoto is v ery similar to

the Nivre's arc-standard v ersion (see section 2.3.1, but the di�erence is that

Nivre's approac h constructs lab eled dep endency graphs and Y amada and

Matsumoto allo ws m ultiple passes o v er the input.
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MaltP arser

This c hapter describ es a dep endency parser called MaltP arser (Nivre et al.

2006) and its underlying arc hitecture. The theoretical bac kground of this

parser is the framew ork of inductiv e dep endency parsing in tro duced b y Nivre

(2006) and brie�y describ ed in section 2.3 with some extensions. The dev el-

opmen t of MaltP arser has b een join t w ork with esp ecially Joakim Nivre,

but also Jens Nilsson. V ersion 0.4 of MaltP arser is the v ersion describ ed in

this thesis. The c hapter is divided in to t w o sections. Section 3.1 explains

the underlying arc hitecture and section 3.2 describ es the implemen tation of

MaltP arser v ersion 0.4 in more detail.

3.1 Arc hitecture

W e prop ose an arc hitecture for lab eled dep endency parsing with a strict

mo dularization of parsing algorithms, feature mo dels and learning meth-

o ds, thereb y giving maxim um �exibilit y in the w a y these comp onen ts can

b e v aried indep enden tly of eac h other. The arc hitecture can b e seen as a

data-driv en parser-generator framew ork giv en that a treebank is a v ailable.

Whereas a traditional parser-generator maps a grammar to a parser, a data-

driv en parser-generator maps a treebank to a parser. With di�eren t settings

for parsing algorithms, feature mo dels and learners the parser-generator will

construct di�eren t parsers. The idea is to giv e the user the �exibilit y to ex-

p erimen t with the comp onen ts in a more con v enien t w a y , although there are

still dep endencies b et w een comp onen ts, in the sense that not all com binations

will p erform w ell with resp ect to accuracy and e�ciency .

The design of the arc hitecture deals also with the fact that the parser can

b e executed in t w o di�eren t phases: the le arning phase and the p arsing phase .

In the learning phase, the system uses a treebank to learn a mo del; in the

parsing phase, it tak es a previously learn t mo del and uses this to parse new

and unseen data. Although these t w o tasks ha v e a di�eren t structure, they

often in v olv e similar or ev en iden tical subproblems. F or instance, learning

normally requires the construction of a gold standard parse deriv ation in

25



c
 2006 b y Johan Hall. All righ ts reserv ed.

Chapter 3. MaltP arser
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Figure 3.1: Arc hitecture

order to estimate the parameters of a mo del, whic h is exactly the same kind

of deriv ation that is constructed during parsing. One adv an tage of �nding

join t subproblems for the t w o phases is that w e can reuse comp onen ts across

phases.

The arc hitecture consists of t w o main comp onen ts:

1. P arser : The P arser deriv es the dep endency graph G for a sen tence

x (during b oth learning and parsing) using a deterministic parsing al-

gorithm. The parser comp onen t con tains sub comp onen ts P1; : : : ; Pm ,

where eac h sub comp onen t de�nes a parsing algorithm.

2. Guide : The Guide extracts feature v ectors from the curren t state of

the system (according to the sp eci�ed mo del) and passes data b et w een

a learner and the parser. A learner is resp onsible for inducing a mo del

at learning time and for using this mo del to guide the parser to mak e

decisions at all nondeterministic c hoice p oin ts during the parsing phase.

The guide comp onen t can use sev eral learners L 1; : : : ; L n . Usually a

learner is an in terface to a soft w are pac k age that implemen ts a mac hine

learning algorithm.

Figure 3.1 illustrates the arc hitecture. In addition to the t w o main com-

p onen ts, with their sub comp onen ts, the framew ork includes input/output

comp onen ts and an o v erall con trol structure. These comp onen ts are resp on-

sible for reading a text T = ( x1; : : : ; xn ) and in v oking the P arser comp onen t

for eac h sen tence x i 2 S . When the P arser has constructed the dep endency

graph G , the dep endency graph should b e output in a suitable format. Sec-

tions 3.1.1 and 3.1.2 describ e the main comp onen ts in more detail.
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3.1.1 P arser

The P arser is resp onsible for the deriv ation of a w ell-formed dep endency

graph G for a sen tence x = w1; : : : ; wn , giv en a set R = f r0; r1; : : : ; rm g of

dep endency t yp es (where r0 is a sp ecial sym b ol for dep enden ts of the ro ot),

as de�ned in section 2.2. T o p erform this deriv ation, w e need a parsing

algorithm that can map a dep endency graph in to a sequence of transitions

S = ( t1; : : : ; tm ) during learning time b y using the gold standard. Eac h

nondeterministic transition t i will b e passed on to the Guide as an example

of a correct transition. During parsing time, the parsing algorithm constructs

a dep endency graph b y asking the Guide for eac h nondeterministic transition

t i .

Moreo v er, one of the main ideas of the P arser comp onen t is that it should

b e capable of incorp orating sev eral parsing algorithms, and allo w the user

of the system to c ho ose a suitable algorithm for a sp eci�c purp ose. Not all

parsing algorithms are applicable for this arc hitecture and therefore w e need

to de�ne the restrictions that the parsing algorithm m ust ful�ll:

1. It m ust b e able to use parser con�gurations c = ( �; �; �; h; d ) of the

form de�ned in De�nition 2.4 for eac h sen tence x .

2. It m ust only assign a dep endency relation b et w een the tok en on top of

the stac k � and the next input tok en in the list � .

3. It m ust b e deterministic, in the sense that it alw a ys deriv es a single

analysis for eac h sen tence x . Ho w ev er, the algorithm can b e nondeter-

ministic in its individual c hoice p oin ts suc h as adding a dep endency arc

b et w een t w o tok ens or shifting a new tok en on to its stac k. This implies

that the algorithm m ust b e able to break do wn the parsing problem

in to a sequence of transitions S = ( t1; : : : ; tm ) .

4. It m ust b e p ossible to de�ne an oracle giv en a treebank Tt = ( x1; : : : ; xn )
in the learning phase. In this w a y , the algorithm deriv es the correct

transition at all nondeterministic c hoice p oin ts using the oracle func-

tion. This function de�nes the mapping b et w een the dep endency graph

G and the transition sequences S suc h that S uniquely determines the

dep endency graph G .

5. It m ust de�ne a set of p ermissible transitions for eac h con�guration c
and c hec k that it do es not p erform an illegal transition. F or example,

if the stac k � is empt y then it is not p ossible to p op the stac k. T o

comply with the requiremen t of robustness, it m ust therefore pro vide

a default transition according to the curren t state of the system if an

illegal transition is prop osed b y the guide.
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3.1.2 Guide

The Guide is resp onsible for constructing a set of training instances I for a

learner sub comp onen t during the learning phase, and for passing a learner's

predictions to the P arser during the parsing phase.

A t learning time, the Guide constructs one training instance �(( H i ; x); t i )
for eac h transition t i passed from the P arser, where �( H i ; x) is the curren t

v ector of feature v alues (giv en the feature mo del � and the curren t state of the

system) and passes this on to a learner. A t parsing time, the Guide constructs

a feature v ector �( H i ; x) for eac h request from the P arser, sends it to a learner

and passes on the predicted transition t i from a learner to the P arser. In this

w a y , the feature mo del is completely separated from the P arser, and the

curren tly used learner only has to learn a mapping from feature v ectors to

transitions, without kno wing either ho w the features are extracted or ho w

the transitions are to b e used. Moreo v er, the feature extraction is p erformed

in exactly the same w a y during b oth learning and parsing.

The feature extraction uses the feature mo del � , whic h is de�ned in terms

of a feature v ector (� 1; : : : ; � p) , where eac h feature � i is a function, de�ned

in terms of three simpler functions: an addr ess function a� i , whic h iden ti�es

a sp eci�c tok en in a giv en parser con�guration, an attribute function f � i ,

whic h pic ks out a sp eci�c attribute of the tok en, and a mapping function

m� i , whic h de�nes equiv alence classes of attribute v alues.

1. F or ev ery i , i � 0, � [i ], � [i ] and � [i ] are address functions iden tifying

the i +1 th tok en from the top of the stac k � , the start of the input list

� , and the top of the stac k � , resp ectiv ely . (Hence, � [0] is the top of

the stac k, � [0] is the next input tok en and � [0] is the top of the con text

stac k.)

2. If � is an address function, then l (� ) and r (� ) are address functions,

iden tifying the left and righ t string neigh b ors, resp ectiv ely , of the tok en

iden ti�ed b y � .

3. If � is an address function, then h(� ) , lc(� ) , rc(� ) , ls(� ) and rs(� )
are address functions, iden tifying the head ( h ), the leftmost c hild ( lc ),

the righ tmost c hild ( rc ), the next left sibling ( ls ) and the next righ t

sibling ( rs ), resp ectiv ely , of the tok en iden ti�ed b y � (according to the

partially built dep endency graph G ).

4. If � is an address function, then f (� ) feature functions, iden tifying a

particular attribute of the tok en iden ti�ed b y � . The part-of-sp eec h

( p), w ord form ( w ) and dep endency t yp e ( d) are example of attributes

whic h can b e iden ti�ed (where the dep endency t yp e, if an y , is giv en b y
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the partially built dep endency graph G ). W e call p, w and d attribute

functions. It is p ossible to extend with more attribute functions if there

are more attributes a v ailable in the data.

5. If f (� ) is a feature function, then m(f (� )) is a feature function if m is

a mapping from the range of f to some new v alue set. F or example, a

mapping function can b e used to restrict the v alue of a lexical feature

to the last n c haracters of the w ord form.

Giv en this feature mo del �( H i ; x) , the Guide will extract a feature v ector

(v1; : : : ; vp) and passes this to the learner, where vj is the extracted v alue for

the corresp onding feature � j . During learning it also pro vides the transition

t i ; during parsing it instead requests t i giv en the feature v ector (v1; : : : ; vp) .

A learner sub comp onen t, �nally , is resp onsible for inducing a classi�er g
from the set of training instances I b y using a learner L . The le arne d function

g is an appro ximation of the true oracle o. The set of p ossible transitions is

discrete and �nite, and therefore w e can view this as a classi�c ation problem.

The classi�er g is used to predict a transition giv en a parser state during

the parsing phase. In practice, a learner will normally b e an in terface to

a standard mac hine learning pac k age. A learner m ust meet the follo wing

requiremen ts:

1. It m ust at learning time b e able to induce a mo del that is stored so

that it can b e loaded when needed for parsing new data, giv en a set of

training instances I .

2. It m ust b e able to create a mo del based on only the training instances;

no bac kground kno wledge is allo w ed.

3. It m ust b e capable at parsing time to discriminate b et w een sev eral p os-

sible transitions so that it returns at most one transition (disam bigua-

tion) and b e robust in the sense that it alw a ys returns at least one

transition (robustness), although the parser ma y use a default transi-

tion if the learner fails.

The �rst t w o requiremen ts exclude learning systems that cannot store its

mo del o�ine and systems that dep end on bac kground kno wledge, for ex-

ample, kno wledge ab out a sp eci�c language. The third requiremen t ensures

that the learner complies with the deterministic approac h to parsing. This

en tails that discriminativ e learning algorithms are w ell-suited for this kind of

classi�cation task.
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3.2 Implemen tation

The arc hitecture describ ed in section 3.1 has b een realized in the MaltP arser

system, whic h can b e applied to a lab eled dep endency treebank in order to

induce a lab eled dep endency parser for the language represen ted b y the tree-

bank. MaltP arser is freely a v ailable for researc h and educational purp oses.

1

The soft w are is terminal-based and is con trolled b y an option �le or b y sup-

plying it with appropriate parameters using command line �ags. The latter

o v erride an y settings included in the option �le. MaltP arser is primarily

written in the programming language C with a few parts written in C++ .

The system can b e run in t w o basic mo des, the learning mo de Learn and

the parsing mo de P arse . The follo wing algorithm describ es the main-lo op

of MaltP arser:

Mal tP arser ( T = ( x1; : : : ; xn ) , Z = ( z1; : : : ; zm ) )

1 Initialize (Z )
2 while T not empt y

3 x  GetNextSentence (T )
4 y  P arse (x)
5 OutputAnal ysis (x; y)
7 Termina te (Z )

The algorithm ab o v e is a little bit simpli�ed, and captures only the imp ortan t

asp ects. MaltP arser tak es a text T = ( x1; : : : ; xn ) and a set of settings

Z = ( z1; : : : ; zm ) . The text T m ust b e sen tence segmen ted, tok enized and

part-of-sp eec h tagged; when running in the Learn mo de it m ust also b e

syn tactically annotated with dep endency graphs. The elemen ts of Z are

feature-v alue pairs zi = ( f i ; vi ) . F or example, ( Learner ; SVM ) means that

the learner or classi�er t yp e used is SVM . Note that the main-lo op is the

same for the Learn and the P arse mo des.

The function Initialize initializes all comp onen ts according to the set-

tings Z . Ev ery sen tence in T is read from a �le in to a bu�er x b y the function

GetNextSentence . The complex data structure bu�er con tains a list of n
tok ens, where eac h tok en has attributes suc h as w ord form, part-of-sp eec h,

head and dep endency t yp e. Eac h sen tence is parsed b y the function P arse ,

whic h assigns an analysis y to the sen tence x b y up dating the head and de-

p endency t yp e attributes for eac h w ord in the bu�er. The in v o cation of the

function P arse is the same as telling the P arser comp onen t to b egin parsing

the sen tence (and deriv e training instances in the Learn mo de). The anal-

ysis y is output to a �le together with the sen tence x . MaltP arser ends b y

1

MaltP arser can b e do wnloaded from h ttp://www.vxu.se/msi/users/nivre/researc h/

MaltP arser.h tml.
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calling the function Termina te , whic h deletes all data structures according

to the settings Z .

Section 3.2.2 describ es the t w o main comp onen ts and their sub comp o-

nen ts, called the parser k ernel, from the p oin t of view of ho w they are imple-

men ted in the MaltP arser system, but w e b egin with a brief o v erview of the

IO comp onen t in section 3.2.1.

3.2.1 Input and Output

MaltP arser tak es an input �le in the Malt-T AB format,

2

where eac h tok en

is represen ted on one line, with attribute v alues b eing separated b y tabs and

eac h sen tence separated b y a blank line. An example of the Malt-T AB format

is sho wn b elo w for the dep endency graph in Figure 2.1:

Cykelreglerna nn.nom 2 SUB

gäller vb.fin 0 ROOT

också ab 2 ADV

för pp 2 ADV

mopedister nn.nom 4 PR

. mad 2 IP

The �rst t w o columns (w ord form and part-of-sp eec h) are required b oth dur-

ing learning and parsing. The last t w o columns (head and dep endency t yp e)

are only required during learning. The head is an index to the implicit p o-

sition of the head in the sen tence. F or example, the tok en Cykelr e glerna has

the index 1 and its head gäl ler has the index 2. The part-of-sp eec h and

dep endency t yp e are mapp ed to in teger v alues and eac h part-of-sp eec h and

dep endency t yp e has its unique in teger v alue. When the P arser comp onen t

has pro cessed the sen tence, the analysis and the sen tence are written to a

�le in the Malt-T AB format or the Malt-XML format. The latter is an XML

v ersion of the Malt-T AB format.

3.2.2 P arser Kernel

Figures 3.2 and 3.3 illustrate the parser k ernel at parsing and learning time.

The Mal tP arser algorithm in v ok es the P arser comp onen t b y using the

function P arse . F urthermore, w e can also see the comm unication b et w een

the t w o main comp onen ts Parser and Guide . In addition to the functions

Initialize and Termina te , there are three functions. The Reset function

2

The guidelines for the Malt-T AB format can b e found at this w eb page:

h ttp://www.vxu.se/msi/users/nivre/researc h/MaltXML.h tml. MaltP arser v ersion 0.4 also

supp ort the format of the CoNLL-X shared task, but this format will not b e describ ed in

this thesis.
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Figure 3.2: The parser k ernel at parsing time
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Figure 3.3: The parser k ernel at learning time
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Figure 3.4: The parser comp onen t at parsing time

is used to tell the Guide that a new sen tence will b e parsed and that the

Guide should reset its data structures, if necessary . A t parsing time, the

Predict function is used to request a transition t from the Guide based on

the parser con�guration c. The Guide extracts the feature v alues according to

the feature mo del and then delegates the request to its learner sub comp onen t

L i , whic h deriv es the transition using a classi�er g. A t learning time, the

only di�erence at this lev el of abstraction is that the P arser instead in v ok es

the Inst ance function, whic h adds the training instance to the sequence of

training instances.

3.2.3 P arser

The P arser comp onen t is in v ok ed b y the Mal tP arser function to parse a

sen tence. It has access to the bu�er where all tok en no des are stored with all

their attributes. In addition, it needs a stac k � , a list � and a con text stac k

� , whic h con tain in teger v alues p oin ting to tok en no des in the bu�er. Before

parsing the sen tence x it resets its data structures: � = � , � = (1 ; : : : ; n) and

� = � .

3

Figure 3.4 sho ws the P arser comp onen t at parsing time when it is in v ok ed

b y Mal tP arser function, using the function P arse (x), to parse a sen tence

x . The P arser delegates the in v o cation to the parsing algorithm Pi using

the function P arse i (x) , whic h parses the sen tence according to the parsing

algorithm Pi .

3

The con text stac k � is only used in com bination with Co vington's algorithm.
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Figure 3.5: The parser comp on ten t at learning time

When the parsing algorithm requests a transition it in v ok es the Pre-

dict (c) function. The P arser comp onen t forw ards the request to the Guide

comp onen t, whic h predicts the next transition t using the curren t parser con-

�guration c. If the transition t is not p ermissible according to the curren t

parser con�guration c, instead a default transition is used. The transition t
is applied using the DoTransition i (c; t) function, whic h uses the transition

system de�ned b y the parsing algorithm Pi . Finally , the parsing algorithm

Pi returns the analysis y via the P arser comp onen t to the Mal tP arser

function.

A t learning time, the pro cedure is similar (see Figure 3.5). The di�erence

is that the parsing algorithm Pi uses the Ora cle i () function to deriv e the

correct transition t from a gold standard treebank Tt and it sends the tran-

sition t together with the parser con�guration c to the Guide comp onen t b y

using the function Inst ance (c,t).

W e will no w con tin ue to de�ne the functions: P arse i (x) , Ora cle i (c) ,

Permissible i (c; t) , Def a ul tTransition i () and DoTransition i (c; t) , for

eac h parsing algorithm curren tly implemen ted, i.e., Nivre's and Co vington's

algorithm.

Implemen tation of Nivre's algorithm The P arse i (x) function for

Nivre's algorithm is de�ned in section 2.3.1 together with the t w o transition

systems (arc-eager and arc-standard) implemen ted in DoTransition i (c; t) .

In addition, w e need to de�ne Ora cle i (c) , Permissible i (c; t) and
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Def a ul tTransition i () for the t w o v ersions. Ora cle-NivreAr cEa ger

for the arc-eager v ersion is de�ned b y Nivre (2006):

Ora cle-NivreAr cEa ger ( c = ( � ji; j j�; �; h; d ); hg; dg)
1 if hg(i ) = j
2 return Left-Ar c ( dg(i ) )

3 else if hg(j ) = i
4 return Right-Ar c ( dg(j ) )

5 else if 9k 2 � ( hg(j ) = k or hg(k) = j )

6 return Reduce

7 else

8 return Shift

W e need to distinguish b et w een a head function h and a gold standard head

function hg . The �rst head function h uses the head from the partially

built structure and the gold standard head function hg tak es the head from

a treebank. The same go es for the dep endency function d, where the gold

standard dep endency function dg use the dep endency t yp e in the treebank.

The returned transition is the same as the transition de�ned b y the transition

system for the arc-eager v ersion. If there exists an arc b et w een the tok en on

top of the stac k i and the next input tok en j , according to the gold standard,

the correct transition is either Left-Ar c or Right-Ar c . Both transitions

ha v e a correct dep endency t yp e dg according to the gold standard. If there is

no arc b et w een those t w o no des, the transition is either Reduce or Shift . If

j is link ed to a tok en to the left of i the Reduce transition is used, otherwise

the Shift transition is used.

The function Permissible-NivreAr cEa ger is used to determine if a

transition t is allo w ed or not:

Permissible-NivreAr cEa ger ( c = ( � ji; j j�; �; h; d ); t)
1 if t = Left-Ar c and d(i ) 6= r0

2 return false

3 else if t = Reduce and d(i ) = r0

4 return false

5 else

4 return true

The t w o follo wing functions Ora cle-NivreAr cSt and ard and Permissible-

NivreAr cSt and ard de�ne the oracle and p ermissible functions for the arc-

standard v ersion:
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Ora cle-NivreAr cSt and ard ( c = ( � ji; j j�; �; h; d ); hg; dg)
1 if hg(� [i ]) = � [j ]
2 return Left-Ar c ( dg(� [i ]) )

3 else if hg(� [j ]) = � [i ]
4 return Right-Ar c ( dg(� [i ]) )

5 else

6 return Shift

Permissible-NivreAr cSt and ard ( c = ( � ji; j j�; �; h; d ); t)
1 if t = Left-Arc and d(i ) 6= r0

2 return false

3 else

4 return true

The default transition for b oth v ersions is the Shift transition, i.e., if the

transition prop osed b y the guide during parsing is not p ermissible, then the

Shift is used instead.

Implemen tation of Co vington's algorithm The P arse i (x) function

for Co vington's algorithm is de�ned in section 2.3.1 together with the transi-

tion system (pro jectiv e), implemen ted in DoTransition i (c; t) . This thesis

will only describ e the Pro jectiv e graph condition, b ecause w e only use this

v ersion in the exp erimen ts. The Ora cle-Co vington function deriv es the

correct transition in the follo wing w a y:

Ora cle-Co vington ( c = ( � ji; j j�; �; h; d ); hg; dg)
1 if hg(i ) = j
2 return Left-Ar c (dg(i ))
3 else if hg(j ) = i
4 return Right-Ar c (dg(j ))
5 else

6 return Reduce

Co vington's oracle function only deriv es three transitions b ecause the Shift

transition is p erformed implicitly b y the algorithm. The Reduce transition

is the default transition of Co vington's algorithm, since there is no Shift

transition. P ermissibilit y is c hec k ed b y:

Permissible-Co vington ( c = ( � ji; j j�; �; h; d ); t)
1 if t = Left-Arc and d(i ) 6= r0

2 return false

3 else if t = Righ t-Arc and d(j ) 6= r0

4 return false

5 else

6 return true
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<fspec> ::= <feat>+

<feat> ::= <lfeat>|<nlfeat>

<lfeat> ::= LEX\t<dstruc>\t< of f> \t< su ff >\n

<nlfeat> ::= (POS|DEP)\t<dstr uc >\ t<o ff >\ n

<dstruc> ::= (STACK|INPUT|CON TE XT )

<off> ::= <nnint>\t<int>\t <n ni nt> \t <i nt> \t <i nt>

<suff> ::= <nnint>

<int> ::= (...|-2|-1|0|1|2 |. .. )

<nnint> ::= (0|1|2|...)

Figure 3.6: The syn tax for de�ning a feature mo del in an external feature

sp eci�cation.

The P arser comp onen t in teracts with the Guide comp onen t b y using the

functions Inst ance and Predict , and the next section 3.2.4 describ es ho w

this in teraction is p erformed from the Guide's p oin t of view.

3.2.4 Guide

The main tasks of the Guide comp onen t is to induce a transition b y using

a classi�er during parsing (the Predict function) and to pro vide a learner

with training instances during learning (the Inst ance function). Moreo v er,

the Guide is also resp onsible for extracting the feature v alues that corresp ond

to the sp eci�ed feature mo del.

The MaltP arser system comes with a formal sp eci�cation language for

feature functions, whic h enables the user to de�ne arbitrarily complex fea-

ture mo dels in terms of address functions, attribute functions and mapping

functions (see section 3.1.2). Eac h feature mo del is de�ned in a fe atur e sp e c-

i�c ation �le, whic h allo ws users to de�ne feature mo dels without rebuilding

the system.

The feature sp eci�cation uses the syn tax describ ed in Figure 3.6. Eac h

feature is sp eci�ed on a single line, consisting of at least t w o tab-separated

columns. Belo w follo ws a description of eac h column:

1. The �rst column de�nes the feature t yp e to b e part-of-sp eec h ( POS ),

dep endency ( DEP ) or w ord form ( LEX ), corresp onding to the attribute

functions p, d and w in section 3.1.

4

4

With the CoNLL-X shared task format it is p ossible to de�ne three additional feature

t yp es: lemma ( LEMMA ), part-of-sp eec h of a coarse-grained tagset ( CPOS ), syn tactic and/or

morphological features ( FEATS ).
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2. The second column iden ti�es one of the main data structures in the

parser con�guration: STACK (corresp onding to � ), INPUT (corresp ond-

ing to � ) or CONTEXT (corresp onding to � ). The third alternativ e,

CONTEXT , is relev an t only together with Co vington's algorithm in non-

pro jectiv e mo de.

3. The third column de�nes a list o�set i whic h can only b e p ositiv e and

whic h iden ti�es the i+1 th tok en in the list/stac k sp eci�ed in the second

column (i.e. � [i ], � [i ] or � [i ]).

4. The fourth column de�nes a linear o�set i , whic h can b e p ositiv e (for-

w ard/righ t) or negativ e (bac kw ard/left) and whic h refers to (relativ e)

tok en p ositions in the original input string.

5. The �fth column de�nes an o�set i in terms of the function h (head),

whic h has to b e non-negativ e and whic h sp eci�es i applications of the

h function to the tok en iden ti�ed through preceding o�sets.

6. The sixth column de�nes an o�set i in terms of the functions lc (the

leftmost c hild) or rc (the righ tmost c hild), whic h can b e negativ e ( ji j
applications of lc ), p ositiv e ( i applications of rc ), or zero (no applica-

tions).

7. The sev en th column de�nes an o�set i in terms of the functions ls (the

next left sibling) or rs (the next righ t sibling), whic h can b e nega-

tiv e ( ji j applications of ls ), p ositiv e ( i applications of rs ), or zero (no

applications).

8. If the �rst column sp eci�es the attribute function w ( LEX ), the eigh th

column de�nes a mapping function whic h sp eci�es a su�x of length n
of the w ord form w . By con v en tion, if n = 0, the en tire w ord form

is included; otherwise only the n last c haracters are included in the

feature v alue.

Let us consider an example:

POS STACK 0 0 0 0 0

POS INPUT 0 0 0 0 0

POS INPUT 1 0 0 0 0

DEP STACK 0 0 0 0 0

LEX INPUT 1 0 0 0 0 0

The �rst three feature are part-of-sp eec h features; the �rst is the topmost

tok en on the stac k, p(� [0]), and the other t w o are p(� [0]) and p(� [1]). The

feature de�ned on the fourth line is the dep endency t yp e of the tok en lo cated
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Figure 3.7: The Guide comp onen t at parsing time

at the top of the stac k, d(� [0]). Finally , the last feature is the w ord form of

the tok en immediately after the next input tok en, i.e., w(� [1]). As syn tactic

sugar, an y feature de�nition can b e truncated if all remaining in teger v alues

are zero. The same example with this truncation:

POS STACK

POS INPUT

POS INPUT 1

DEP STACK

LEX INPUT 1

Figure 3.7 illustrates ho w the Guide comp onen t is used during parsing. The

Guide is initialized b y the in v o cation of the function Initialize (Z), whic h

loads the feature sp eci�cation. The Guide delegates in v o cation to the learner

in terface L i , a sub comp onen t of the Guide, whic h loads the mo del M b y

in v oking the Lo ad i (�) function. The P arser comp onen t in v ok es the Guide

when it needs a prediction b y in v oking the function Predict (c), where c
is the curren t parser con�guration. The Guide extracts the feature v ector

�( H i ; x) = ( v1; : : : ; vp) according to the feature sp eci�cation b y using the

function Extract( � , c). It stores the feature v alues v1; : : : ; vp in a dedi-

cated data structure F . The learner in terface L i is in v ok ed b y the function
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Figure 3.8: The Guide comp onen t at learning time

Predict i (F ) , whic h iterates through the data structure F in a linear fashion

and formats the feature v alues according to the format required b y the clas-

si�er. It pro ceeds with a call to the classi�er, whic h predicts the transition

giv en the mo del M and the feature v alues.

During learning the Guide is initialized with a feature sp eci�cation in the

same w a y as during parsing. The Guide is in v ok ed b y the P arser comp onen t

using the function Inst ance (c,t), whic h mak es the Guide extract the feature

v alues in the same w a y as during parsing, see Figure 3.7. It delegates the in-

v o cation to the learner in terface L i using the function Inst ance i (F; t ) , whic h

mak es the learner in terface format the feature v alues and the transition in the

required format for a particular learner. It pro ceeds b y adding the feature

v alues together with the transition to the sequence of training instances I .

When all the sen tences in the gold standard treebank Tt ha v e b een parsed

using the oracle function, the system will terminate all its comp onen ts. Dur-

ing this ev en t, the learner sub comp onen t L i uses the sequence of training

instances I to induce a mo del M .

In the curren t implemen tation eac h learner L i is actually an in terface

to a mac hine learning pac k age. The in terface prepares the set of training

instances, pro vided b y the Guide, for the sp eci�c pac k age and in v ok es the
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appropriate functions to learn a mo del or predict a transition. MaltP arser

comes with t w o di�eren t learning algorithms:

� TiMBL (Tilburg Memory-Based Learner) is a soft w are pac k age for

memory-based learning and classi�cation (Daelemans and V an den Bosc h

2005), whic h directly handles m ulti-v alued sym b olic features.

� LIBSVM library (Chang and Lin 2001) is a soft w are library for SVM

classi�cation, whic h is able to handle m ulti-class classi�cation.

Both TiMBL and LIBSVM ha v e a wide v ariet y of parameters, whic h can

b e tuned for a sp eci�c learning task.

TiMBL in terface The TiMBL in terface in teracts with the TiMBL

learner b y in v oking functions sp eci�ed in an API (Application Programming

In terface). MBL is brie�y describ ed in section 2.3.3. The idea during learning

is to collect the v alues of di�eren t features from the training data together

with the correct class according to the training data. A t classi�cation time it

reuses these instances b y �nding similarities and in that w a y tries to �nd the

most appropriate class. All TiMBL sp eci�c parameters can b e used together

with MaltP arser, whic h mak es it p ossible to optimize the mo del.

Using the Sw edish sen tence sho wn in Figure 2.1 as training data for

Nivre's arc-eager algorithm in section 2.3.1 with the example feature mo del

explained in section 3.2.4, the TiMBL in terface will collect the follo wing

training instances:

nn.nom vb.fin ab ROOT också LA_SUB

vb.fin ab pp ROOT för RA_ADV

ab pp nn.nom ADV mopedister RE

vb.fin pp nn.nom ROOT . RA_ADV

pp nn.nom mad ADV #null RA_PR

nn.nom mad #null PR #null RE

pp mad #null ADV #null RE

vb.fin mad #null ROOT #null RA_IP

The �rst three items are the v alues of the part-of-sp eec h features p(� [0]),

p(� [0]) and p(� [1]), the fourth item is the v alue of the dep endency t yp e feature

d(� [0]), and the �fth item is the v alue of the lexical feature w(� [1]). A

n ull-v alue is used when there is no v alue, for example, if the feature p(� [1])
p oin ts b ey ond the last input tok en of the sen tence. The last item is the

transition and if it is Left-Ar c (LA) or Right-Ar c (RA) the dep endency

t yp e is supplied after the underscore sign. Only the transitions mark ed with
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N (nondeterministic) in the example in section 2.3.1 are used as training

instances.

When the parser (in learning mo de) has pro cessed all the training data,

the learner in terface will in v ok e the TiMBL learner, whic h creates a mo del

of all the training data. In parsing mo de, the learner in terface will in v ok e the

TiMBL learner with the v alues of the same features. F or example, if w e ha v e

the same parser con�guration as for the �rst training instance the learner in-

terface will in v ok e the TiMBL classi�er with nn.nom vb.fin ab ROOT också

and hop efully the TiMBL learner will predict the parse action LA_SUB .

LIBSVM in terface W e will no w con tin ue with describing the LIBSVM

in terface. SVM learning relies on k ernel functions to induce a maxim um-

margin h yp erplane classi�er at learning time, whic h can b e used to predict

the next transition at parsing time. A more detailed description of SVM can

b e found in section 2.3.3.

The pro cess of collecting training instances is similar to the in terface for

the TiMBL learner, but all feature v alues and transitions are represen ted

b y a n umerical v alue. This en tails that all w ord t yp es m ust b e represen ted

as n umerical v alues and therefore a lexicon with all w ord t yp es with their

corresp onding v alues is created b efore an y learning tak es place. In parsing

mo de, the lexicon is read b efore an y parsing is done.

The LIBSVM library comes with man y parameters, but only the pa-

rameters used in the exp erimen ts are explained. The exp erimen ts use the

p olynomial k ernel K (x i ; x j ) = ( 
x T
i x j + r )d; 
 > 0, where d, 
 and r are

k ernel parameters. Other parameters that are v aried in exp erimen ts are the

p enalt y parameter C , whic h de�nes the tradeo� b et w een training error and

the magnitude of the margin, and the termination criterion � , whic h deter-

mines the tolerance of training errors.

In order to reduce the training time it is p ossible to divide the training

data in to smaller sets, according to a feature � s in the feature mo del, example

p(� [0]), and train one set of classi�ers for eac h smaller set. Similar tec hniques

ha v e previously b een used b y Y amada and Matsumoto (2003), among others,

without signi�can t loss of accuracy . In order to a v oid to o small training sets,

it is p ossible to p o ol together all instances that ha v e a frequency b elo w a

certain threshold t in to a single set. These things are done b y the in terface,

not b y the LIBSVM learner. T o handle these things, the in terface is equipp ed

with three parameters, the �rst parameter S handles the splitting strategies:

� No splitting (ns): There is no division at all, the parser will create a

single mo del.

� Head splitting (hs): The training instances are divided in to t w o sets
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according to whether the topmost tok en of the stac k has a head or not.

� F eature splitting (fs): The training instances are divided in to smaller

sets based on a splitting feature � s , whic h p o ol together all instances

that share the same feature v alue. The n um b er of training sets are at

most m + 1 , where m is the n um b er of distinct feature v alues for the

splitting feature � s . There will also b e a sp ecial training set that p o ols

together all lo w frequen tly v alues.

� Com bined splitting (cs): This strategy com bines the head and fea-

ture splitting strategy and there will b e at most 2(m + 1) data sets.

The second parameter F determines whic h feature � s will b e used for the

splitting. The feature m ust b e sp eci�ed in the feature mo del and it m ust

also b e a part-of-sp eec h or dep endency t yp e feature, i.e., splitting on lexical

features is not allo w ed. The order in the feature mo del is imp ortan t when

this parameter used. An in teger v alue is used to p oin t out the feature for

a particular feature t yp e (starting from 0). There are t w o feature t yp es, P

corresp onds to POS in the feature sp eci�cation language and D = DEP . F or

example, if w e w an t to use the second feature p(� [0]) or POS INPUT 1 in the

example feature mo del used ab o v e, w e sp ecify P1 ; P b ecause it is a part-of-

sp eec h feature and 1 b ecause it is the second feature of that t yp e (indexing

starting at 0).

Finally , there is a parameter T sp ecifying the frequency threshold t that

determines if a certain feature v alue should b e p o oled together with other

v alues that o ccur less than t times in the training data.

In order to further reduce training time, w e use Light W eight Pr o c esses

or threads, to train SVM mo dels in parallel when the training instances are

divided in to sev eral sets.

This arc hitecture and its implemen tation in the MaltP arser system is

v alidated with three exp erimen ts in the c hapter 4. W e will see if MaltP arser

can pro duce lab eled dep endency structures with high accuracy for sev eral

languages. W e will also in v estigate if the system is �exible, i.e., if it is p ossible

to v ary parsing algorithm, feature mo del and learner without rebuilding the

system. The LIBSVM in terface is also explored with sev eral exp erimen ts to

in v estigate, for instance, the splitting strategies.
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Exp erimen ts

This c hapter con tains a presen tation of exp erimen ts whic h ha v e already b een

in tro duced in section 1.1 in relation to v alidation questions:

1. V alidation of the implemen tation : Do es MaltP arser realize the un-

derlying arc hitecture, so that it is p ossible to v ary parsing algorithm,

feature mo del and learning metho d indep enden tly? W e will in v estigate

this b y v arying three parsing algorithms � Nivre's arc-eager, Nivre's arc-

standard and Co vington's pro jectiv e, t w o feature mo dels � one unlexi-

calized and one lexicalized, and t w o learning metho ds � MBL and SVM.

All these com binations will b e applied to three languages � Sw edish,

English and Chinese.

2. In v estigation of the SVM in terface : Ho w do the sp ecial prop erties

of the SVM in terface a�ect parsing accuracy and time e�ciency? Ho w

can learning and parsing e�ciency b e impro v ed without sacri�cing ac-

curacy? One of the disadv an tages of SVM is that it tak es a lot of time

to train a mo del and also to use this mo del for prediction. The time e�-

ciency degrades signi�can tly with more training instances. MaltP arser

is equipp ed with mec hanisms for dividing the training data in to smaller

sets and training separate classi�er for eac h set. These exp erimen ts will

explore the di�eren t strategies for dividing the data and whic h features

should b e used.

3. Comparison of MBL and SVM : Whic h of the learning metho ds is

b est suited for the task of inductiv e lab eled dep endency parsing, tak-

ing b oth parsing accuracy and time e�ciency in to accoun t? This study

compares MBL and SVM to in v estigate if there is an y di�erence regard-

ing parsing accuracy and time e�ciency . The study is again based on

three languages � Chinese, English, and Sw edish � and on �v e di�eren t

feature mo dels of v arying complexit y , with a separate optimization of

learning algorithm parameters for eac h com bination of language and

feature mo del.

The c hapter is structured as follo ws. Section 4.1 presen ts the data sets for

the three languages � Sw edish, English and Chinese. Section 4.2 discusses
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ev aluation metrics used in the exp erimen ts. The feature mo dels used in

exp erimen ts are listed in Section 4.3. Sections 4.4�4.6 presen t the results

for the three v alidation questions stated in Section 1.1 and eac h section is

concluded with a discussion.

4.1 Data Sets

4.1.1 Sw edish

Sw eden w as one of the pioneers in extending corp ora with syn tactic annota-

tion. T albank en in the 70s (Einarsson 1976a; Einarsson 1976b) and SynT ag

in the 80s (Järb org 1986) w ere b oth based on Sw edish data. Unfortunately ,

there are no activities for creating a large-scale treebank for Sw edish in a

mo dern format. In the absence of Sw edish treebanks, w e ha v e con v erted T al-

bank en in to a more con v enien t format for parsers and treebank to ols, whic h

has resulted in three v ersions (T albank en76, T albank en03 and T albank en05).

The original annotated corpus, whic h w e call T albank en76, is a man ually

annotated corpus of b oth written and sp ok en Sw edish, created at Lund Uni-

v ersit y in the 1970s. The corpus con tains close to 320,000 w ords, and it is

divided in to four parts:

� �Professionell prosa� (Professional prose) consists of material tak en from

textb o oks, newspap ers and information bro c h ures and comprises ab out

85,000 w ords.

� �Gymnasistsv ensk a� (Sw edish b y senior high sc ho ol studen ts) con tains

essa ys written b y senior high sc ho ol studen ts on the topic �F amiljen

o c h äktensk ap et än en gång� (F amily and marriage once again) and

comprises ab out 85,000 w ords.

� �Sam tal o c h debatt� (Con v ersation and debate) consists of transcrip-

tions of con v ersations and debates on di�eren t topics and has ab out

75,000 w ords.

� �Boråsin tervjuerna� (The Borås in terviews) comprises in terviews with

di�eren t p ersons on the topic of immigran ts and has ab out 75,000

w ords.

The original annotation sc heme of T albank en76 follo ws the guidelines of the

MAMBA sc heme (T eleman 1974), whic h consists of t w o la y ers. The lexical

analysis la y er, comprising part-of-sp eec h information and morphological fea-

tures, and the syn tactic analysis la y er, consisting of grammatical functions.

The goal of the �rst con v ersion (T albank en03) w as to con v ert, with v ery

high accuracy , the annotated sen tences to pro jectiv e dep endency graphs.
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AD V A dv erbial mo di�er

APP App osition

A TT A ttribute (adnominal mo di�er)

CC Co ordination (conjunction or second conjunct)

DET Determiner

ID Non-�rst elemen t of m ulti-w ord expression (idiom)

IM In�nitiv e dep enden t on in�nitiv e mark er

INF In�nitiv al complemen t

IP Punctuation

OBJ Ob ject

PR Complemen t of prep osition

PRD Predicativ e complemen t

R OOT Dep enden t of sp ecial ro ot no de

SUB Sub ject

UK Head v erb of sub ordinate clause dep enden t on complemen tizer

V C V erb c hain (non�nite v erb dep enden t on other v erb)

XX Unclassi�able dep enden t

T able 4.1: Dep endency t yp es in Sw edish treebank

Only the professional prose part w as included in the con v ersion pro cess and

also the original �ne-grained classi�cation of grammatical functions w as re-

duced in to a set of 17 dep endency t yp es, whic h are listed in Figure 4.1.

W e ha v e retagged the con v erted treebank with an HMM-based part-of-

sp eec h tagger with su�x smo othing (Hall 2003). The part-of-sp eec h tagger

w as trained on the Sto c kholm Umeå Corpus (Ejerhed and Källgren 1997),

with a tagset con taining 150 tags, and has an estimated accuracy of 95.1%.

W e ha v e used a pseudo-randomized metho d, dividing the data in to 10 sections

of equal size, where sen tence i is allo cated to section i mod 10. W e ha v e used

sections 1�9 for 9-fold cross-v alidation during dev elopmen t and section 0 for

�nal ev aluation. Di�eren t c haracteristics of data splits are presen ted in table

4.2.

In the second con v ersion (T albank en05), all four parts of the original

corpus w ere con v erted in to t w o phrase structure v ersions enco ded in TIGER-

XML and one dep endency structure v ersion enco ded in Malt-XML (Nilsson

et al. 2005; Nivre et al. 2006). The w ork on these con v ersions w as parallel to

the w ork on this thesis and therefore all presen ted results are obtained using

T albank en03.
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T able 4.2: The professional prose section of T albank en is divided in to

10 sections. Section 0 is sa v ed for the �nal ev aluation. Sections 1-9 are

used for 9-fold cross v alidation. #T = Num b er of tok ens, #S = Num b er of

sen tences, T/S = A v erage sen tence length and #W = Num b er of distinct

w ord forms.

Section #T #S T/S #W

0 9841 631 15.60 3501

1�9 86757 5685 15.26 15277

T otal 97598 6316 15.45 16345

4.1.2 English

W e use the W all Street Journal section of the P enn T reebank (Marcus et al.

1993) for the English exp erimen ts. The treebank uses the P enn T reebank I I

annotation sc heme (Bies et al. 1995), whic h consists of constituency analysis

and some functional annotation.

The constituen t structure has b een con v erted to dep endency structure

using the head p ercolation table of Y amada and Matsumoto (2003), whic h

transforms the treebank in to an unlab eled dep endency structure. Figure 4.1

sho ws the head p ercolation table presen ted in Nivre (2006). Ev ery constituen t

lab el in the P enn T reebank is listed in the �rst column, and for eac h lab el

the searc h direction is presen ted in the second column (from the righ t (R) or

from the left (L)). A priorit y list of p oten tial head c hild categories is giv en in

the third column; the v ertical bar j means that the categories ha v e the same

priorit y . F or example, if the constituen t lab el is NP , the searc h starts from

the righ t for a c hild with POS, NN, NNP , NNPS or NNS. If w e �nd a c hild

with one of these t yp es, then this c hild is c hosen as the head; otherwise the

searc h pro ceeds with NX, etc. If the searc h fails to �nd a c hild with a lab el

in the ordered list, then the righ tmost c hild is c hosen as the head b ecause of

the direction of the searc h.

W e w an t to p erform lab eled dep endency parsing and therefore w e need to

infer the lab els for eac h arc in the unlab eled dep endency structure. This task

is not a trivial problem, but Nivre (2006) has used 11 rules based on Collins

(1999) rules. W e can use the original phrase lab els and the parts-of-sp eec h

on the lexical lev el to deriv e an arc lab el r for an arc i ! j from a lo cal

constituen t, where wi is the head w ord h of the head c hild and wj is the

head w ord d of a non-head c hild. Let M , H and D b e the original lab els on

the mother no de, head c hild and c hild, resp ectiv ely , except that H is T AG
if the head c hild is lab eled with a part-of-sp eec h tag. Figure 4.2 sho ws the
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NP R POS j NN j NNP j NNPS j NNS NX JJR CD JJ JJS RB QP NP

ADJP R NNS QP NN $ AD VP JJ VBN VBG ADJP JJR NP JJS DT

FW RBR RBS SBAR RB

AD VP L RB RBR RBS FW AD VP TO CD JJR JJ IN NP JJS NN

CONJP L CC RB IN

FRA G L

INTJ R

LST L LS :

NA C R NN j NNS j NNP j NNPS NP NA C EX $ CD QP PRP VBG JJ

JJS JJR ADJP FW

PP L IN TO VBG VBN RP FW

PRN R

PR T L RP

QP R $ IN NNS NN JJ RB DT CD NCD QP JJR JJS

RR C L VP NP AD VP ADJP PP

S R TO IN VP S SBAR ADJP UCP NP

SBAR R WHNP WHPP WHAD VP WHADJP IN DT S SQ SINV

SBAR FRA G

SBAR Q R SQ S SINV SBAR Q FRA G

SINV R VBZ VBD VBP VB MD VP S SINV ADJP NP

SQ R VBZ VBD VBP VB MD VP SQ

UCP L

VP L VBD VBN MD VBZ VB VBG VBP VP ADJP NN NNS NP

WHADJP R CC WRB JJ ADJP

WHAD VP L CC WRB

WHNP R WDT WP WP$ WHADJP WHPP WHNP

WHPP L IN TO FW

NX R POS j NN j NNP j NNPS j NNS NX JJR CD JJ JJS RB QP NP

X R

Figure 4.1: Head p ercolation table for the P enn T reebank
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D

dh

r

M

H

Figure 4.2: The setup of the lo cal constituen t for deriving the arc lab el r .

setup of the lo cal constituen t for deriving the arc lab el r , where H and D are

recursiv ely connected to the w ords h and d. Nivre (2006) has form ulated a

set of rules for c ho osing the arc lab el r , i r! j . In order of descending priorit y ,

the rules are as follo ws:

1. If D is a punctuation category , r = P .

2. If D con tains the function tag SBJ, r = SBJ.

3. If D con tains the function tag PRD, r = PRD.

4. If M = VP , H = T A G and D = NP (without an y function tag), r =

OBJ.

5. If M = VP , H = T A G and D = VP , r = V C.

6. If M = SBAR and D = S, r = SBAR.

7. If M = VP , S, SQ, SINV or SBAR, r = VMOD.

8. If M = NP , NA C, NX or WHNP , r = NMOD.

9. If M = ADJP , AD VP , QP , WHADJP or WHAD VP , r = AMOD.

10. If M = PP or WHPP , r = PMOD.

11. Otherwise, r = DEP .

F or example, if there is a lo cal constituen t with a mother no de M = VP ,

whic h has a c hild D = NP without an y function tag and a head c hild H with

an arbitrary part-of-sp eec h tag (T A G), then w e can deriv e an arc lab el r =

OBJ for the arc i r! j . The set of dep endency t yp es R is listed in Figure 4.3,

whic h also includes the sp ecial ro ot lab el r0 = R OOT.

T able 4.4 sho ws the c haracteristics for the di�eren t splits of data. Sections

2�21 are used for training, section 0 for dev elopmen t testing and section 23

for �nal ev aluation. Sections 0 and 23 are part-of-sp eec h tagged using the

same part-of-sp eec h tagger as for Sw edish, but trained on section 2�21, and

has an estimated accuracy of 96.6% for English.
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AMOD Mo di�er of adjectiv e or adv erb (phrase adv erbial)

DEP Other dep enden t (default lab el)

NMOD Mo di�er of noun (including complemen t)

OBJ Ob ject

P Punctuation

PMOD Mo di�er of prep osition (including complemen t)

PRD Predicativ e complemen t

R OOT Dep enden t of sp ecial ro ot no de

SBAR Head v erb of sub ordinate clause dep enden t on complemen tizer

SUB Sub ject

V C V erb c hain (non�nite v erb dep enden t on other v erb)

VMOD Mo di�er of v erb (sen tence or v erb phrase adv erbial)

T able 4.3: Inferred dep endency t yp es for P enn T reebank b oth for English

and Chinese

T able 4.4: The W all Street Journal section of the P enn T reebank

is divided in to three parts (training, devtest and etest). #T = Num b er of

tok ens, #S = Num b er of sen tences, T/S = A v erage sen tence length and #W

= Num b er of distinct w ord forms.

Section #T #S T/S #W

training (2�21) 950028 39832 23.85 44389

devtest (0) 46451 1921 24.18 7903

etest (23) 56684 2416 23.46 8421

T otal 1053163 44169 23.84 46759
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4.1.3 Chinese

The Chinese data are tak en from the P enn Chinese T reebank (CTB), v ersion

5.1 (Xue et al. 2002; Xue et al. 2004), and the texts are mostly from Xinh ua

newswire, Sinorama news magazine and Hong K ong News. The annotation

of CTB is based on a com bination of constituen t structure and grammatical

functions suc h as subje ct , obje ct , etc.

CTB has b een con v erted in to dep endency structure in the same w a y as the

data for English, with a head p ercolation table created b y a nativ e sp eak er

for the purp ose of mac hine translation. T able 4.5 sho ws the head p ercolation

table used for transforming CTB in to dep endency structure. The format is

sligh tly di�eren t from the one used for English. The �rst column sp eci�es

all the constituen t lab els in the CTB. F or eac h lab el there are ordered lists

of p oten tial head c hild categories, separated b y semi-colons. The lists are

sho wn in the second column and eac h list b egins with a direction of searc h

(from the righ t to left (r) or from the left to righ t (l)) and con tin ues with

p oten tial head c hild categories. If the searc h cannot �nd a head in the lists,

the third column is used to determine if the righ tmost c hild (r) or leftmost

c hild (l) should b e used as a head. F or example, for the constituen t lab el

ADJP , w e start searc hing from the righ t for a c hild of t yp e ADJP or JJ. The

�rst c hild matc hing this condition is c hosen as the head. If there is no matc h,

w e con tin ue with the next list. If a c hild of t yp e AD, NN or CS cannot b e

found, w e use the righ tmost c hild as the head.

The arc lab els are deriv ed in the same w a y as for English, except that

another set of rules is used. W e also use the same set of dep endency t yp es

R listed in Figure 4.3. In order of descending priorit y , the Chinese lab eling

rules are as follo ws:

1. If D is a punctuation category , r = P .

2. If D con tains the function tag SBJ, r = SBJ.

3. If D con tains the function tag PRD, r = PRD.

4. If M = VP , H = T A G and D = NP-OBJ, r = OBJ.

5. If M = VP , H = T A G and D = VP , r = V C.

6. If M = V CD, V CP , VRD or VSB, r = V C.

7. If M = VNV or VPT, H = T A G, r = V C.

8. If M = CP and D = IP , r = SBAR.

9. If M = VP , IP , SQ, SINV or CPQ, r = VMOD.

10. If M = NP , NA C, NX or WHNP , r = NMOD.

11. If M = ADJP , AD VP , QP , WHADJP or WHAD VP , r = AMOD.

12. If M = PP or WHPP , r = PMOD.
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ADJP r ADJP JJ; r AD NN CS r

AD VP r AD VP AD r

CLP r CLP M r

CP r DEC SP; l AD VP CS; r CP IP r

DNP r DNP DEG; r DEC r

DP l DP DT l

D VP r D VP DEV r

FRA G r VV NR NN r

INTJ r INTJ IJ r

IP r IP VP; r VV r

LCP r LCP LC r

LST l LST CD OD l

NP r NP NN NT NR QP r

PP l PP P l

PRN r NP IP VP NT NR NN r

QP r QP CLP CD OD r

UCP r

V CD r V CD VV V A V C VE r

V CP r V CP VV V A V C VE r

VNV r VNV VV V A V C VE r

VP l VP V A V C VE VV BA LB V CD VSB VRD VNV V CP l

VPT r VNV VV V A V C VE r

VRD r VRD VV V A V C VE r

VSB r VSB VV V A V C VE r

WHNP r WHNP NP NN NT NR QP r

WHPP l WHPP PP P l

T able 4.5: Head p ercolation table for the P enn Chinese T reebank

T able 4.6: The P enn Chinese T reebank is divided in to three parts (train-

ing, devtest and etest). #T = Num b er of tok ens, #S = Num b er of sen tences,

T/S = A v erage sen tence length and #W = Num b er of distinct w ord forms.

Section #T #S T/S #W

training (1-8) 408740 15044 27.17 33556

devtest (9) 50243 1880 26.73 10404

etest (0) 49781 1880 26.48 10301

T otal 508764 18804 27.06 37449
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13. Otherwise, r = DEP .

One often underestimated parameter in the ev aluation of parsing accuracy is

the division of data in to training, dev elopmen t and ev aluation set. Levy and

Manning (2003) rep ort di�erences of up to 10 p ercen tage p oin ts in parsing

accuracy for di�eren t splits of CTB 2.0. All �les in CTB 5.1 w ere merged in to

a large data set b y concatenating the �les in lexical order. W e ha v e used the

same kind of pseudo-randomized data split as for Sw edish, and the treebank

is divided in to three sections ( tr aining , devtest and etest ). Characteristics

are presen ted in table 4.6. The section etest is sa v ed for the �nal ev aluation;

tr aining is used for training the parser with section devtest used for tuning

the settings and parameters.

W ritten Chinese do es not ha v e a natural delimiter b et w een w ords, whic h

means that the text needs a more complex automatic w ord-segmen ter, com-

pared to, for instance, English. P art-of-sp eec h tagging is also harder than

for standard Europ ean languages. Therefore, most parsing results for Chi-

nese rep orted in the literature are based on gold standard segmen tation and

tagging. This is true also for the results presen ted in this thesis.

4.2 Ev aluation Metrics

In Section 2.1 w e de�ned four requiremen ts: r obustness , disambiguation , ac-

cur acy and e�ciency . The �rst t w o requiremen ts are built in to the system,

since the parser will alw a ys pro duce exactly one analysis. The data struc-

tures are limited to handling only one analysis and in the w orst case scenario,

the parser will create a graph that has all tok ens attac hed to the sp ecial ro ot

no de. In practice it is imp ossible to ful�l the ac cur acy requiremen t. Instead

w e will use this to ev aluate the system. It is in teresting to see ho w often the

parser parses a sen tence completely correctly ( exact match ), but this mea-

sure is quite hard. It is therefore common to measure the accuracy based on

ho w often a tok en is correctly parsed ( attachment sc or e ). W e will use four

accuracy metrics de�ned as follo ws:

1. Unlab eled attac hmen t score (AS U ) is the prop ortion of tok ens that

are assigned the correct head (regardless of dep endency t yp e).

2. Lab eled attac hmen t score (AS L ) is the prop ortion of tok ens that

are assigned the correct head and the correct dep endency t yp e.

3. Unlab eled exact matc h (EM U ) is the prop ortion of sen tences that

are assigned a completely correct dep endency graph without consider-

ing dep endency t yp e lab els.
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T able 4.7: Fiv e feature mo dels used in the exp erimen ts

F eature � 1 � 2 � 3 � 4 � 5

p(� 0) + + + + +

p(� 0) + + + + +

p(� 1) + + + + +

p(� 2) + +

p(� 3) + +

p(� 1) +

d(� 0) + + + +

d(lc(� 0)) + + + +

d(rc(� 0)) + + + +

d(lc(� 0)) + + + +

w(� 0) + + +

w(� 0) + + +

w(� 1) +

w(h(� 0)) +

4. Lab eled exact matc h (EM L ) is the prop ortion of sen tences that are

assigned a completely correct dep endency graph, whic h also tak es de-

p endency t yp e lab els in to accoun t.

Another common pro cedure is that attac hmen t scores are presen ted as mean

scores p er tok en, and punctuation tok ens are excluded from all coun ts. F or

the third exp erimen t in section 4.6 w e ha v e p erformed a McNemar test of

signi�cance at � = 0 :01.

The last requiremen t e�ciency is ful�lled as far as the parsing algorithms

concerned; all algorithms used ha v e a p olynomial complexit y of at most de-

gree 2. The complexit y do es not sa y an ything ab out the classi�cation task,

whic h is considered as a constan t factor. Therefore w e will for some exp eri-

men ts measure the time it tak es to learn a mo del or parse unseen data:

1. Learning time (L T) is the time it tak es to train a mo del on hardw are

system H giv en a training sample Tt , parsing algorithm Pi , feature

mo del � , learner L i and learner parameter settings L p .

2. P arsing time (PT) is the time it tak es to parse an ev aluation sample

Te on hardw are system H using parsing algorithm Pi , feature mo del � ,

learner L i and learner parameter settings L p .

All exp erimen ts are p erformed on an AMD 64-bit pro cessor running Lin ux.
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T able 4.8: The baseline parsing accuracy

Language Left Righ t

AS U AS L AS U AS L

Sw edish 21.5 3.4 35.8 5.2

English 29.3 19.8 19.7 5.9

Chinese 38.3 17.4 7.9 0.3

4.3 F eature Mo dels

T able 4.7 describ es the �v e feature mo dels � 1 � � 5 used in the exp erimen ts,

with features sp eci�ed in column 1 using the functional notation de�ned in

Section 3.1.2. Th us, p(� 0) refers to the part-of-sp eec h of the top tok en, while

d(lc(� 0)) pic ks out the dep endency t yp e of the leftmost c hild of the next

tok en. It is w orth noting that mo dels � 1 � � 2 are unlexicalized, since they

do not con tain an y features of the form w(� ) , while mo dels � 3 � � 5 are all

lexicalized to di�eren t degrees. Nivre (2006) has p erformed extensiv e feature

selection exp erimen ts for MBL and with data from Sw edish and English,

and the b est feature mo del in these exp erimen ts w as the feature mo del � 5 .

These features ha v e also b een used in sev eral exp erimen ts b efore and ha v e

giv en reasonable accuracy for sev eral languages (Nivre and Hall 2005).

4.4 Exp erimen t I: V alidation

The implemen tation of the MaltP arser system, describ ed in section 3.2, has

to b e v alidated in some w a y . The system should pro duce w ell-formed dep en-

dency graphs with fairly high accuracy , but ho w do w e de�ne success for this

task? One w a y of de�ning success is to compare the results with a baseline.

W e could use a randomized transition sequence as baseline and then measure

the accuracy , but a randomized baseline w ould probably p erform v ery badly .

W e will therefore use a baseline that uses left or righ t branc hing, i.e., that

links eac h no de to its successor or predecessor in the input string. T able 4.8

sho ws the accuracy for this baseline for the three languages b oth with left

and righ t branc hing.

Another w a y to v alidate the p erformance of the system is to c hec k whether

the output complies with the conditions of w ell-formedness. F or example, all

sen tences in the output should b e assigned pro jectiv e dep endency graphs.

Flexibilit y is another requiremen t on the implemen tation. It should b e

p ossible to v ary learning metho d, feature mo del and parsing algorithm inde-
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p enden tly of eac h other without rebuilding the system.

4.4.1 Exp erimen tal Setup

This exp erimen t c hec ks whether the MaltP arser system meets the require-

men ts of the arc hitecture and whether it is p ossible to v ary the learning

metho d, the feature mo del and the parsing algorithm indep enden tly . W e use

the follo wing setup:

� Data from three di�eren t languages � Chinese, English, and Sw edish

� T w o learning metho ds � MBL and SVM

� T w o feature mo dels � � 2 and � 5 (see table 4.7)

� Three parsing algorithms � Nivre's arc-eager, Nivre's arc-standard and

Co vington's pro jectiv e

The parameter settings for b oth learners are k ept constan t for all runs in

this exp erimen t. W e use the same settings for the TiMBL learner that

Nivre (2006) used in the �nal ev aluation for Sw edish, where the n um b er of

nearest neigh b ors is set to k = 5 and the Mo di�ed V alue Di�erence Met-

ric (MVDM) is used to compute distances b et w een feature v alues. In v erse

distance-w eigh ted class v oting (ID) is used to determine the ma jorit y class.

MVDM is used do wn to l = 3 ; b elo w that threshold the simple Ov erlap

metric is used.

The parameter settings of the LIBSVM learner are also k ept constan t

throughout all exp erimen ts. W e use a p olynomial k ernel of degree 2 with the

k ernel parameters 
 = 0 :2 and r = 0 . The default settings are used for the

p enalt y parameter C = 1 . The termination criterion e is assigned the high-

est p ossible v alue 1, whic h usually decreases the learning time dramatically

compared to the default setting 0:001. The training instances for the SVM

learner are divided based on the feature p(� 0) .

The exp erimen ts for Sw edish are conducted using nine-fold cross-v alidation

and for Chinese and English the dev elopmen t test set is used.

1

4.4.2 Results and Discussion

T able 4.9 sho ws the parsing accuracy for all runs in this exp erimen t. Only the

attac hmen t scores (b oth unlab eled and lab eled) are presen ted in the table,

b ecause w e are mainly in terested in v alidating that the implemen tation meets

the requiremen ts of the arc hitecture.

If w e compare the baseline with the results in table 4.9, w e can see that

the attac hmen t scores are signi�can tly b etter for all feature mo dels and all

1

The �nal ev aluation sets and signi�cance tests are sa v ed for the exp erimen t describ ed

in Section 4.6.
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T able 4.9: P arsing accuracy for three parsing algorithms, t w o feature mo dels

(FM), t w o learning metho ds (LM). The accuracy is measured b y the attac h-

men t score (AS) metrics; U: unlab eled, L: lab eled.

FM Algorithm LM Sw edish English Chinese

AS U AS L AS U AS L AS U AS L

Arc eager MBL 81.9 74.8 81.5 78.5 72.9 70.5

SVM 82.3 75.5 81.7 78.7 73.2 70.9

� 2 Arc standard MBL 77.9 70.5 79.6 76.7 73.3 71.0

SVM 77.8 70.9 79.6 76.7 73.6 71.4

Co vington MBL 80.5 73.5 80.9 78.0 73.0 70.6

SVM 80.8 74.3 81.2 78.4 73.3 71.0

Arc eager MBL 85.8 81.5 87.6 85.8 80.4 78.6

SVM 86.4 82.6 88.9 87.4 83.9 82.4

� 5 Arc standard MBL 83.2 78.7 87.5 85.7 81.6 79.8

SVM 84.6 80.5 88.6 87.1 84.2 82.7

Co vington MBL 83.9 79.7 86.6 84.8 79.9 78.1

SVM 85.0 81.5 88.7 87.3 83.9 82.4

the languages. This baseline re�ects the fact that dep endency parsing is a

fairly hard task for a computer. W e ha v e also c hec k ed if the w ell-formedness

conditions are met. The parser output for all com binations is w ell-formed,

i.e., ev ery graph has a ro ot, ev ery graph is w eakly connected, eac h no de in the

graph has at most one head, ev ery graph is acyclic and pro jectiv e. With this

baseline and these w ell-formedness conditions w e can conclude that w e ha v e

succeeded to build a parser that pro duces w ell-formed dep endency graphs

with fairly high accuracy .

The exp erimen t should also v alidate that it is p ossible to v ary parsing

algorithm, feature mo del and learning metho d without rebuilding the system.

The exp erimen t w as p erformed b y using an option �le with all necessary

options and these options w ere o v erridden b y the command line �ags and in

that w a y the parser w as con trolled for all the runs without rebuilding it.

The results are in teresting in themselv es and the b est accuracy for eac h

feature mo del and for eac h language is in b oldface. The lexicalized mo del

� 5 outp erforms the non-lexicalized mo del � 2 in all cases, and this is not

surprising b ecause the mo del � 5 uses more information to predict the next

parser action. W e will get bac k to the comparison of the t w o learning metho ds

MBL and SVM in section 4.6, where w e compare the metho ds in more detail,

but the results presen ted in table 4.9 indicates that SVM p erforms b etter
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than MBL at least for the lexicalized mo del � 5 . The highest scores are

ac hiev ed b y using Nivre's arc-eager algorithm for Sw edish and English, but

for Chinese it is the arc-standard v ersion that p erforms b est.

If w e lo ok at the results language b y language, the Sw edish results ha v e an

ob vious winner with the setup of SVM and Nivre's arc-eager algorithm with

a highest score of 86.4% unlab eled and 82.6% lab eled. Nivre's arc-standard

algorithm p erforms sev eral p ercen tage p oin ts lo w er than the arc-eager for

Sw edish, but the results for Chinese are the opp osite. F or Chinese the b est

scores are p erformed using the arc-standard v ersion with AS U = 84:2% and

AS L = 82:7%. One explanation could b e that the Chinese language has

prop erties that are hard to capture using Nivre's arc-eager algorithm. Ma yb e

a more careful feature selection could eliminate this di�erence, but this has

to b e in v estigated in more detail and is b ey ond this thesis. The results for

English indicate that Nivre's arc-eager algorithm ac hiev es the highest scores

at 88.9% unlab eled and 87.4% lab eled. Another in teresting observ ation is

that the pro jectiv e v ersion of Co vington's algorithm decreases the gap to the

resp ectiv e winner for eac h language b y using the SVM learner.

4.5 Exp erimen t I I: LIBSVM In terface

Another in teresting asp ect to ev aluate is the MaltP arser sp eci�c settings for

the SVM learner.

2

It is p ossible to reduce the learning and parsing time for

the SVM learner b y dividing the training instances in to smaller sets based on

some feature � and/or on whether the top tok en has a head and train these

sets separately (see section 2.3.3). A frequency threshold can b e used for

a v oiding to o small training sets, b y p o oling together all sets b elo w a certain

threshold t in to a single set.

4.5.1 Exp erimen tal Setup

The in v estigation of the MaltP arser sp eci�c SVM settings consists of three

exp erimen ts. First, w e will examine the four splitting strategies describ ed in

the Section 3.1.2: no splitting (ns), head splitting (hs), feature splitting (fs)

and com bined splitting (cs).

The second exp erimen t will compare t w o features used for splitting the

training instances. The t w o features are the part-of-sp eec h of the tok en on

top of the stac k ( p(� 0) ) and of the next input tok en ( p(� 0) ). W e will �nish up

this section b y exp erimen ting with the frequency threshold t that determines

2

W e do not mean the LIBSVM parameters, whic h are in teresting in themselv es and

will b e explored more in detail in section 4.6
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T able 4.10: P arsing accuracy for the four splitting strategies (S) used b y the

SVM implemen tation of MaltP arser; t w o feature mo dels (FM); t w o v ersions

of Nivre's parsing algorithms (P A), where arc-eager is denoted NE and arc-

standard NS. The accuracy is measured b y the attac hmen t score (AS) metrics;

U: unlab eled, L: lab eled.

FM P A S Sw edish English Chinese

AS U AS L AS U AS L AS U AS L

NE ns 82.1 75.3 81.4 78.4 73.1 70.8

hs 82.0 75.1 81.3 78.2 73.0 70.7

� 2 fs 82.3 75.5 81.7 78.7 73.2 70.9

cs 81.9 75.1 81.6 78.7 73.0 70.8

NS ns 79.0 71.9 79.7 76.7 73.5 71.2

fs 77.8 70.9 79.6 76.7 73.6 71.4

NE ns 86.8 83.1 89.2 87.7 83.8 82.3

hs 86.4 82.5 89.1 87.5 83.7 82.2

� 5 fs 86.4 82.6 88.9 87.4 83.9 82.4

cs 86.1 82.2 88.8 87.3 83.6 82.1

NS ns 85.6 81.6 88.6 87.1 84.8 83.2

fs 84.6 80.5 88.6 87.1 84.5 83.0

if a certain feature v alue should b e p o oled together with others that are b elo w

the threshold t .

All three exp erimen ts are p erformed in com bination with t w o feature

mo dels ( � 2 and � 5 ) and t w o parsing algorithms (Nivre's arc-eager and Nivre's

arc-standard).

4.5.2 Results and Discussion

The attac hmen t scores for the �rst of the three exp erimen ts are presen ted in

table 4.10, whic h sho ws the scores for t w o feature mo dels, � 2 and � 5 , and

four splitting strategies for the arc-eager algorithm and t w o strategies for the

arc-standard algorithm. F or the latter it is not p ossible to divide the data

based on whether the top of the stac k has a head or not.

3

Although the gap

b et w een the strategies is not that big, the results indicate that the feature

splitting strategy (fs) p erforms b est for the unlexicalized mo del � 2 , whereas

no splitting ns is b etter for the more complex and lexicalized mo del � 5 .

3

The top tok en of the stac k will nev er ha v e a head when using Nivre's arc-standard

algorithm (see section 2.3.1)
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T able 4.11: Learning and parsing time for the four splitting strategies (S)

used b y the SVM implemen tation of MaltP arser; t w o feature mo dels (FM);

t w o v ersions of Nivre's parsing algorithms (P A), where arc-eager is denoted

NE and arc-standard NS; L T: learning time, PT: parsing time

FM P A S Sw edish English Chinese

L T PT L T PT L T PT

NE ns 12 min 3 min 15 h 1.5 h 3 h 47 min

hs 10 min 2 min 10.5 h 1 h 2 h 26 min

� 2 fs 48 s 12 s 39 min 5 min 25 min 7 min

cs 41 s 9 s 46 min 3 min 19 min 4 min

NS ns 18 min 4 min 21 h 2 h 3,5 h 48 min

fs 2 min 22 s 2 h 8 min 46 min 13 min

NE ns 42 min 5 min 46 h 2 h 11 h 1 h

hs 30 min 3 min 27 h 1 h 6.5 h 46 min

� 5 fs 2 min 22 s 3 h 9 min 2 h 12 min

cs 1 min 14 s 2.5 h 4 min 1 h 8 min

NS ns 1 h 5 min 62 h 2 h 12 h 1 h

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

A second observ ation is that the gap b et w een fs and ns is more prominen t

for Sw edish (0.4%) than for the other t w o languages for the � 5 mo del. Prob-

ably this can b e explained b y the fact that there are less data for Sw edish.

The arc-standard algorithm con tin ues to giv e the b est results for the Chinese

data (AS U = 84.8%), but if w e turn our atten tion to the arc-eager v ersion

and the � 5 mo del w e can see an unexp ected result in that fs is b etter than

ns, although the di�erence is v ery small.

T able 4.11 sho ws the learning and parsing times for the same exp erimen t.

The most e�cien t strategy is when the parser com bines the t w o splitting

strategies hs and fs in to cs, and this is not surprising b ecause it giv es the

smallest datasets. There is one exception for the learning time for English

but the gap is only 7 min utes. One of the big adv an tages of dividing the data

according to the feature v alues is that it reduces b oth learning and parsing

times b y a factor of 15 for English and Sw edish and appro ximately b y a factor

of 6 for Chinese.

This exp erimen t sho ws that splitting the training instances in to di�eren t

sets and training on these separately reduces the learning and parsing time

signi�can tly without losing v ery m uc h in parsing accuracy .

T able 4.12 presen ts the results for the second exp erimen t, whic h in v esti-
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T able 4.12: P arsing accuracy for the t w o features used for splitting the train-

ing instances; t w o feature mo dels (FM); t w o v ersions of Nivre's parsing al-

gorithms (P A), where arc-eager is denoted NE and arc-standard NS. The

accuracy is measured b y the attac hmen t score (AS) metrics; U: unlab eled, L:

lab eled.

FM P A P oS Sw edish English Chinese

AS U AS L AS U AS L AS U AS L

NE p(� 0) 82.0 75.1 81.4 78.3 73.1 70.8

� 2 p(� 0) 82.3 75.5 81.7 78.7 73.2 70.9

NS p(� 0) 77.3 70.4 79.6 76.7 73.4 71.1

p(� 0) 77.8 70.9 79.6 76.7 73.6 71.4

NE p(� 0) 86.0 82.1 88.5 87.0 83.7 82.2

� 5 p(� 0) 86.4 82.6 88.9 87.4 83.9 82.4

NS p(� 0) 84.6 80.6 88.5 87.0 84.6 83.1

p(� 0) 84.6 80.5 88.6 87.1 84.5 83.0

gates the t w o splitting features p(� 0) and p(� 0) for b oth v ersions of Nivre's

algorithm and the t w o feature mo dels. The o v erall impression is that it is

b etter to divide the training instances based on the next input tok en p(� 0) ,

rather than splitting on the tok en on top of the stac k p(� 0) , but there are

small indications that the opp osite is true for Sw edish and Chinese using the

arc-standard algorithm and the lexicalized mo del.

In all previous exp erimen ts w e ha v e used the frequency threshold t = 1000,

whic h means that all sets consisting of less training instances than 1000 are

p o oled together in to a single mo del. The last exp erimen t in this section will

v ary this threshold for all the three languages and Nivre's arc-eager algorithm

and b oth feature mo dels � 2 and � 5 . The frequency threshold parameter t
w as v aried with the follo wing v alues: 10, 50, 100, 500, 1000 and 1500.

Because of the outcome of this exp erimen t there is no table sho wing the

results. F or English and Chinese there w as no di�erence at all. There w ere

small di�erences for Sw edish. The accuracy AS U increases from 86.4% to

86.5% using t = 1500 for the lexicalized mo del, but for the unlexicalized

mo del t = 1000 is still the b est result. One could argue that w e should

not use this parameter at all, but if there exist feature v alues in the test

data that ha v e not b een seen during training then the parser will not kno w

ho w to predict the next parser action. This bac k o� mo del can handle these

situations, but another solution could b e to simply pro vide the parser with a

default transition whic h is used when there is no mo del for the feature v alue.
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T able 4.13: The parameter settings for MBL and SVM used in exp erimen t

I I I

Sw edish English Chinese

MBL SVM MBL SVM MBL SVM

k l 
 C r k l 
 C r k l 
 C r
� 1 6 1 .21 1 .6 10 2 .18 1 .3 4 2 .31 .5 .3

� 2 7 1 .21 1 .6 7 2 .23 1 0 4 2 .24 1 0

� 3 3 4 .21 1 0 10 3 .23 1 .3 6 5 .21 1 0

� 4 6 4 .21 .6 .3 6 3 .18 1 .3 10 4 .16 1 0

� 5 6 4 .40 .7 .3 7 3 .18 .5 .3 6 8 .20 .5 .5

4.6 Exp erimen t I I I: Comparison of MBL and

SVM

The previous exp erimen ts (see section 4.4.2) indicate that SVM is a b etter

c hoice than MBL, esp ecially for the feature mo del � 5 . This section presen ts

a more detailed comparison of SVM and MBL using Nivre's arc-eager al-

gorithm. When comparing t w o mac hine learning metho ds it is imp ortan t

to in v estigate sev eral feature mo dels and mak e an extensiv e parameter opti-

mization, as has b een sho wn v ery clearly in recen t researc h (Daelemans and

Hoste 2002).

Comparativ e studies of learning algorithms are relativ ely rare in this con-

text. Cheng et al. (2005b) rep ort that SVM outp erforms MaxEn t mo dels in

Chinese dep endency parsing, using the algorithms of Y amada and Matsumoto

(2003) and Nivre (2003), while Sagae and La vie (2005) �nd that SVM giv es

b etter p erformance than MBL in a constituency-based shift-reduce parser for

English.

4.6.1 Exp erimen tal Setup

The comparison in v olv es three languages (Sw edish, English and Chinese)

and �v e feature mo dels describ ed in section 4.3. W e will k eep the parsing

algorithm constan t throughout this study , and Nivre's arc-eager algorithm

will b e used. As already noted, optimization of learning algorithm parameters

is a prerequisite for meaningful comparison of di�eren t algorithms, although

an exhaustiv e searc h of the parameter space is usually imp ossible in practice.

F or MBL w e ha v e used the mo di�ed v alue di�erence metric (MVDM)

and class v oting w eigh ted b y in v erse distance (ID) in all exp erimen ts, and

p erformed a grid searc h for the optimal v alues of the n um b er k of nearest
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T able 4.14: P arsing accuracy on the �nal test set; �v e feature mo dels (FM),

t w o learning metho ds (LM). The accuracy is measured b y the attac hmen t

score (AS) metrics; U: unlab eled, L: lab eled.

FM LM Sw edish English Chinese

AS U AS L AS U AS L AS U AS L

� 1 MBL 75.3 68.7 *76.5 73.7 66.4 63.6

SVM 75.4 68.9 76.4 73.6 66.4 63.6

� 2 MBL 81.9 74.4 81.2 78.2 73.0 70.7

SVM *83.1 *76.3 81.3 78.3 *73.2 *71.0

� 3 MBL 85.9 81.4 85.5 83.7 77.9 76.3

SVM 86.2 *82.6 *86.4 *84.8 *79.7 *78.3

� 4 MBL 86.1 82.1 87.0 85.2 79.4 77.7

SVM 86.0 82.2 *88.4 *86.8 *81.7 *80.1

� 5 MBL 86.6 82.3 88.0 86.2 81.1 79.2

SVM 86.9 *83.2 *89.4 *87.9 *84.3 *82.7

neigh b ors and the frequency threshold l for switc hing from MVDM to the

simple Ov erlap metric (cf. section 2.3.3).

The p olynomial k ernel of degree 2 has b een used for all the SVM exp eri-

men ts, but the k ernel parameters 
 and r ha v e b een optimized together with

the p enalt y parameter C and the termination criterion e. The training data

are divided in to smaller sets, according to the part-of-sp eec h of the next to-

k en p(� 0) in the curren t parser con�guration and the frequency threshold t
for separate classi�ers is set to 1000 in all the exp erimen ts.

T able 4.13 sho ws the optimized v alue after an extensiv e searc h for eac h

parameter and for eac h com bination. The parameter optimization is done b y

using the dev elopmen t set for the English and the Chinese data and b y doing

the 9-fold cross v alidation for Sw edish. The optimized v alues v ary a lot and

it is hard to dra w general conclusions, more than that it is not trivial task

to �nd the optimized v alues for eac h com bination. Although these v alues are

regarded here as optimized v alues, it is v ery lik ely that w e could ha v e found

ev en more optimal v alues if w e had con tin ued the searc h.

4.6.2 Results and Discussion

T ables 4.14 and 4.15 sho w the parsing accuracy for the com bination of three

languages (Sw edish, English and Chinese), t w o learning metho ds (MBL and

SVM) and �v e feature mo dels. F or eac h com bination w e measure the at-

tachment sc or e (table 4.14) and the exact match (table 4.15). A signi�can t
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T able 4.15: P arsing accuracy on the �nal test set; �v e feature mo dels (FM),

t w o learning metho ds (LM). The accuracy is measured b y the exact matc h

score (EM) metrics; U: unlab eled, L: lab eled.

FM LM Sw edish English Chinese

EM U EM L EM U EM L EM U EM L

� 1 MBL 16.0 11.4 9.8 7.7 14.3 12.1

SVM 16.3 12.1 9.8 7.7 14.2 12.1

� 2 MBL 31.4 19.8 19.8 14.9 22.6 18.8

SVM *34.3 *24.0 19.4 14.9 22.1 18.6

� 3 MBL 37.9 28.9 26.5 23.7 26.3 23.4

SVM 38.7 *32.5 *28.5 *25.9 *30.1 *25.9

� 4 MBL 37.6 30.1 29.8 26.0 28.0 24.7

SVM 37.9 31.2 *33.2 *30.3 *31.0 *27.0

� 5 MBL 39.9 29.9 32.8 28.4 30.2 25.9

SVM 40.7 *33.7 *36.4 *33.1 *34.5 *30.5

impro v emen t for one learning metho d o v er the other is mark ed b y an asterisk

(*).

Indep enden tly of language and learning metho d, the most complex feature

mo del � 5 giv es the highest accuracy across all metrics. Not surprisingly , the

lo w est accuracy is obtained with the simplest feature mo del � 1 . By and large,

more complex feature mo dels giv e higher accuracy , with one exception for

Sw edish and the feature mo dels � 3 and � 4 . It is signi�can t in this con text

that the Sw edish data set is the smallest of the three (ab out 20% of the

Chinese data set and ab out 10% of the English one).

If w e compare MBL and SVM, w e see that SVM outp erforms MBL for the

three most complex mo dels � 3 , � 4 and � 5 , b oth for English and Chinese. The

results for Sw edish are less clear, although the lab eled accuracy for � 3 and � 5

are signi�can tly b etter. F or the � 1 mo del there is no signi�can t impro v emen t

using SVM. In fact, the small di�erences found in the AS U scores are to the

adv an tage of MBL. By con trast, there is a large gap b et w een MBL and SVM

for the mo del � 5 and the languages Chinese and English. F or Sw edish, the

di�erences are m uc h smaller (except for the EM L score), whic h ma y b e due

to the smaller size of the Sw edish data set in com bination with the tec hnique

of dividing the training data for SVM (cf. section 2.3.3).

Another imp ortan t factor when comparing t w o learning metho ds is the

e�ciency in terms of time. T able 4.16 rep orts learning and parsing time for

the three languages and the �v e feature mo dels. The learning time corre-
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T able 4.16: Learning and parsing time on the �nal test set; �v e feature mo dels

(FM), t w o learning metho ds (LM); L T: learning time, PT: parsing time

FM LM Sw edish English Chinese

L T PT L T PT L T PT

� 1 MBL 1 s 2 s 16 s 26 s 7 s 8 s

SVM 40 s 14 s 1.5 h 14 min 1.5 h 17 min

� 2 MBL 3 s 5 s 35 s 32 s 13 s 14 s

SVM 40 s 13 s 1 h 11 min 1.5 h 15 min

� 3 MBL 6 s 1 min 1.5 min 9.5 min 46 s 10 min

SVM 1 min 15 s 1 h 9 min 2 h 16 min

� 4 MBL 8 s 2 min 1.5 min 9 min 45 s 12 min

SVM 2 min 18 s 2 h 12 min 2.5 h 14 min

� 5 MBL 10 s 7 min 3 min 41 min 1.5 min 46 min

SVM 2 min 25 s 1.5 h 10 min 6 h 24 min

lates v ery w ell with the complexit y of the feature mo del and MBL, b eing a

lazy learning metho d, is m uc h faster than SVM. F or the unlexicalized fea-

ture mo dels � 1 and � 2 , the parsing time is also considerably lo w er for MBL,

esp ecially for the large data sets (English and Chinese). But as mo del com-

plexit y gro ws, esp ecially with the addition of lexical features, SVM gradually

gains an adv an tage o v er MBL with resp ect to parsing time. This is esp ecially

striking for Sw edish, where the training data set is considerably smaller than

for the other languages.
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Conclusion

In this �nal c hapter w e summarize the main con tributions of the thesis and

p oin t to promising directions for future w ork.

5.1 Main Results

W e ha v e designed an arc hitecture for inductiv e lab eled dep endency parsing

with a clean separation of parsing algorithms, feature mo dels, and learning

metho ds, so that these comp onen ts can b e v aried indep enden tly of eac h other.

F urthermore, the design mak es it p ossible to reuse basic comp onen ts so that

they can b e used in b oth learning and parsing. In this w a y w e can reduce

the amoun t of co de and p ossible mistak es caused b y ha ving separate co de for

b oth phases. The Parser comp onen t is resp onsible for deriving the syn tac-

tic analysis for eac h sen tence supp orted b y sub-comp onen ts that implemen t

parsing algorithms. A t ev ery nondeterministic c hoice p oin t, it asks the Guide

comp onen t at parsing time to predict the next parser action b y lo oking at the

curren t parser state or at learning time to use the curren t parser state and

the deriv ed parser action to induce a parser mo del. The Guide is supp orted

b y discriminativ e learner in terfaces that solv e the classi�cation problem at

parsing time and induces classi�ers at learning time.

This arc hitecture has b een realized in the MaltP arser system, whic h can

b e seen as a parser generator to ol for lab eled dep endency-based parsing.

MaltP arser is a terminal-based soft w are pac k age that is con trolled either

b y an option �le, b y command line �ags or b y a com bination of the t w o.

The system can induce a parser mo del for an y natural language for a giv en

dep endency-based treebank formatted in Malt-T AB. This parser mo del train-

ed for a sp eci�c language can then b e used to parse new unseen text data.

Moreo v er, the system complies with the prop osed arc hitecture in that it is

�exible and allo ws the user to sp ecify arbitrary feature mo dels using the fea-

ture sp eci�cation language, and to c ho ose parsing algorithms and learning

metho ds b y sp ecifying options.

In the in tro ductory c hapter, w e form ulated three v alidation questions that
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w e should in v estigate. The �rst question deals with the implemen tation of

the arc hitecture and asks whether MaltP arser meets the requiremen ts of the

arc hitecture. After running 36 exp erimen ts, with com binations of t w o feature

mo dels, three algorithms, t w o classi�ers and three languages, w e can see that

all results are ab o v e 70% b oth for unlab eled and lab eled attac hmen t score.

The dep endency graphs output b y the parser satisfy the four basic constrain ts

of w ell-formedness de�ned in section 2.2. These results supp ort the conclusion

that w e ha v e succeeded in implemen ting the arc hitecture in accordance with

the requiremen ts.

The answ er to the second question is that w e can conclude that dividing

the training data in to smaller sets, according to the part-of-sp eec h of the

next tok en in the curren t parser con�guration, substan tially reduces b oth

the learning and parsing time without signi�can tly decreasing the parsing

accuracy when using the SVM learner. There is a sligh t adv an tage in dividing

the data based on the next tok en compared to the top tok en of the stac k.

T o answ er the �nal question w e ha v e p erformed an empirical comparison

of MBL ( TiMBL ) and SVM ( LIBSVM ) for deterministic dep endency pars-

ing, using treebank data from Sw edish, English and Chinese and �v e feature

mo dels of v arying complexit y . The outcome sho ws that SVM giv es higher

parsing accuracy for complex and lexicalized feature mo dels for English and

Chinese, whereas for Sw edish there is no signi�can t impro v emen t. The pars-

ing e�ciency is sligh tly b etter for SVM when using the most complex mo del,

but for the other mo dels it is the opp osite. As exp ected, MBL has the fastest

learning times for all mo dels since it only stores the training data in a suitable

represen tation, whereas SVM generalizes the data in to a mo del.

F or the licen tiate thesis the goal w as not to optimize the parser mo del

for eac h language, whic h requires extensiv e w ork with feature selection in

com bination with parameter optimization. With that in mind, the aim w as

not to create a state of the art dep endency-based parser. If w e an yw a y com-

pare the results to the state of the art in dep endency parsing, w e can rep ort

that for Sw edish the attac hmen t scores for mo del � 5 and Nivre's arc-eager

algorithm are ab out .5 (unlab eled) and 1 (lab eled) p ercen tage p oin ts higher

than the results rep orted for MBL b y Nivre (2006) using an earlier v ersion

of MaltP arser. The b est results for English, where w e also use the mo del

� 5 and Nivre's arc-eager algorithm are ab out 3 p ercen tage p oin ts b elo w the

results obtained with the parser of Charniak (2000) but less than 1 p er-

cen tage p oin t b elo w the results obtained b y Y amada and Matsumoto (2003)

with a deterministic SVM-based parser. They are also ab out 1 p ercen tage

p oin t b etter than the results rep orted for MBL b y Nivre (2006). Finally , the

highest accuracy for Chinese w as obtained using the mo del � 5 and Nivre's

arc-standard algorithm and is v ery close to the b est rep orted results (ab out
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85%) ac hiev ed with a deterministic classi�er-based approac h using SVM and

prepro cessing to detect ro ot no des (Cheng et al. 2005a), although these re-

sults are not based on exactly the same dep endency con v ersion and data split

as ours. It is also in teresting that the arc-standard algorithm w orks b etter

than arc-eager v ersion, whic h is not the case for Sw edish and English. This

has to b e in v estigated in more detail in future researc h.

5.2 F uture W ork

W e can iden tify sev eral issues that can b e further explored for the do ctoral

thesis. The most imp ortan t task for future w ork is to exp erimen t with sev eral

more languages and to see if the arc hitecture is suited for other languages. It

is crucial that w e in v estigate languages of di�eren t t yp es. W e ha v e compiled

a list of four ma jor categories of future w ork:

1. E�ciency : One in teresting factor for inductiv e lab eled dep endency

parsing is the e�ciency b oth during learning and parsing. This is v ery

imp ortan t, if a parser is to b e useful in NLP applications. One w a y to

increase the e�ciency is to run more in parallel. F or instance, w e could

allo w sen tences to b e parsed sim ultaneously b ecause they are not de-

p enden t on eac h other. Besides that, w e could probably implemen t the

SVM in terface more e�cien tly b y enco ding the data in a smarter w a y

without decreasing the accuracy together with new splitting strategies.

F urthermore, it could b e in teresting to in v estigate com binations of t w o

learning metho ds suc h that the accuracy is preserv ed and the e�ciency

is increased, for example, b y com bining a Naiv e-Ba y es classi�er with

an SVM classi�er.

2. Optimization : One exp erience w e ha v e made, when doing all the ex-

p erimen ts, is that it is a non-trivial problem to �nd the b est feature

mo del in com bination with the optimal parameters for the classi�er.

Doing a complete feature and parameter optimization is practically im-

p ossible. If w e could �nd a go o d approac h to �nding a w ell adapted fea-

ture mo del together with near optimal parameters in reasonable time,

it could b e implemen ted in an automatic feature and parameter opti-

mization to ol.

3. P arsing algorithms : Another in teresting factor could b e to in v esti-

gate the parsing algorithms in more detail. F or example, wh y do es

Nivre's arc-standard algorithm p erform b etter for Chinese, but not

for English and Sw edish? By extending the study to other languages,
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ma yb e w e could �nd general prop erties for a group of languages where

a certain parsing algorithm is b etter suited.

4. Nondeterminism : Lo osening the strictly deterministic approac h to

parsing ma y lead to higher accuracy , since w e could explore sev eral

analyses at a more global lev el.

5. Phrase structure : Although dep endency-based represen tations ha v e

gained more in terest in recen t y ears, the dominan t kind of represen ta-

tion is still based on phrase structure. Therefore, it w ould b e useful if

w e could �nd a w a y to con v ert the dep endency-based output to phrase

structure with high accuracy , preferably with a data-driv en metho d

that is not dep enden t on explicit rules.

Although this list of future w ork con tains man y in teresting issues, it is prob-

ably to o m uc h to in v estigate all these in detail for the do ctoral thesis. It

is more lik ely that w e will do a small surv ey and concen trate on the most

promising ones.
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