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Abstract

This thesis is concerned with unsupervised learning of syntactic structure from plain text

corpora by aligning sentences. Based on Harris’ (1951) linguistic notion of substitutabil-

ity, sentences in a plain text corpus can be compared to each other and those parts that

have similar context and in addition can be substituted for each other without resulting in

ungrammatical sentences are considered to be possible constituents called hypotheses.

A system that uses such an approach is ABL (Alignment-Based Learning) [van Zaanen,

2000]. Currently, the main method used to align sentences and produce hypotheses is of

such algorithmic complexity that ABL is feasible for small corpora only.

This thesis explores the main topics of unsupervised learning of syntactic structure of nat-

ural language and introduces new algorithms based on suffix trees. The algorithmic com-

plexity of the new algorithms allow ABL to learn from large corpora as well. Furthermore,

it shows that the suffix tree data structure has important advantages in finding regularities

in corpora, which is a fundamental issue in many approaches to unsupervised and semi-

supervised grammatical inference. The performance of the new algorithms with respect

to a learning task are tested within the ABL framework on corpora of various sizes: the

English ATIS, the Dutch OVIS, and the English Wall Street Journal treebank.

In conclusion, we observe that the time needed for alignment learning using the new algo-

rithms as a function of the corpus size is indeed reduced in such an extent that learning on

large sized corpora with systems like ABL is feasible. However, the recall of the hypothesis

constituents introduced by the new algorithms is lower than that of the established algorithm

and justifies further research.
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Chapter 1

Introduction

The process of learning the syntactic structure of a natural language is something that seems

obvious for humans. However, when we want computers to learn to recognize and produce

sentences that are grammatically correct, we need to specify two algorithms. One that is

capable of inferring the grammar of a language from sentences that belong to this language

and one that is capable of using the grammar to produce well formed sentences.

Just as young children do not acquire knowledge of the correct order of words by giving

them a textbook on grammar, we would like a computer to learn syntax without specifying

what results are correct and what results are not beforehand. In other words, we would like

a computer to learn syntax in an unsupervised way.

To learn the syntactic structures of a language in an unsupervised way, different approaches

and algorithms have been proposed. One group of algorithms use the minimal description

length (MDL) principle that originates from information theory to describe the sentences

that are presented with the minimum number of bits. Examples of algorithms that belong

to this group are presented in [Wolff, 1988; Grünwald, 1996; de Marcken, 1996]. An-

other group of algorithms uses statistical principles such as maximum likelihood (ML) and

Bayesian inference to infer a grammar that describes the language best. An example of

such an algorithm is proposed in [Stolcke, 1994]. Some other algorithms make use of dis-

tributional information in inferring the grammar. Some examples are those presented in

[Adriaans, 1999; Klein and Manning, 2001; Clark, 2001; van Zaanen, 2000]1.

Two systems that make use of distributional information, EMILE, presented in [Adriaans,

1999] and Alignment-based Learning (ABL), presented in [van Zaanen, 2000] consider

sentences that have a word or a concatenation of words in common. EMILE makes use

of rule induction by clustering. ABL looks for parts of sentences that can be successfully

substituted for each other and assumes them constituents of the same type. In this thesis,

we will focus on ABL and look how this system is able to infer syntactic structure.

1Whereas Adriaans and van Zaanen choose for a symbolic approach, Klein and Manning pursue a proba-
bilistic approach using probability models over trees
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ABL looks for interchangeable parts between the sentences in a pair and assumes inter-

changeable parts to share the same constituent type. Because the comparison and alignment

of strings is central in ABL, the method that is used is important. One well-known metric

that is used in ABL to align sentences in order to find the substitutable parts is theLeven-

shtein distance[Levenshtein, 1965]. This metric, which is employed in various applications

such as spelling checkers, is also known asedit distanceand is formalized in [Wagner and

Fischer, 1974]. Although the computation of edit distance in sentence pairs to find the sub-

stitutable parts works well, it is currently computationally costly in such extent that it is

not feasible for ABL to learn from large2 corpora. An alignment method that is less costly

would allow ABL to learn from large corpora as well. This brings us to the motivation for

this work: finding anefficientandeffectivemethod to infer regularities in linguistic corpora

by aligning sentences.

In this thesis, we aim to give an introduction in the principles that underly different kinds of

algorithms for (unsupervised) grammatical inference (Chapter 2). We are interested in the

ways to find substitutable parts in sentence pairs, how the Levenshtein distance can be used

for this purpose and how suffix tree can play a role (Chapter 3). In Chapter 4 we see how the

edit distance can be used to align the sentences and to produce hypotheses for constituent

pairs. The suffix tree data type introduced in Chapter 3 will be adjusted to allow a different

method of hypothesis generation than the one that is based on the edit distance. To see if

suffix tree based alignment can be an alternative for edit distance based alignment, we will

compare both approaches within the ABL framework and present the experimental results

in Chapter 5. In the last chapter we will reflect and conclude on the findings in the previous

chapters.

Throughout the thesis, example sentences will be used to illustrate several concepts. These

example sentences will be alternately in Dutch and English. In the former case, English

translations will be provided. The choice of using multilingual examples reflects the desire

to focus on algorithms that can learn syntax of a language without requiring any language

dependent information in the learning process.

To conclude this introductory section, I would like to thank some people who contributed

directly or indirectly to this thesis. Menno van Zaanen, my supervisor, for his valuable

advice, guidance and computer time on his workstation. Riny Huybregts for explaining the

insufficiency of CFGs for natural language modeling. Harry Bunt and Antal van den Bosch

for discussing several ideas for a graduation theme. Roser Morante and Yann Girard for

allowing me to work in their working space when I was in need of a nice place to work.

Rob Freeman for his references to research in linguistics and machine learning. Above all I

would like to thank my parents for their support during my course of studies.

2Say> 100K sentences.
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1.1 Preliminaries

In this section we will establish the notations and definitions that will be used throughout the

whole thesis. We do not attempt to define the concepts that will be usedad fundum, but key

concepts will be explicitly defined according to their common interpretation in literature.

In this section, (implicitly defined) mathematical objects are printed initalic. Following

standard notation, braces{} encapsulate sets, and parentheses () surround ordered pairs.

Where we want to express the complexity of algorithms, we use the notation commonly

used in computer science.

1.1.1 Strings

Let N be the set of integers. Let{n, m, i, j} ∈ N .

Definition 1.1 ( alphabet ). An alphabetis a non-empty, finite set of symbols, denoted by

Σ. It does not contain elements that can be formed from other elements ofΣ.

Definition 1.2 ( language ).For a given alphabetΣ, a languageoverΣ is a subset ofΣ∗.

The subset∅ is called theempty language.

Definition 1.3 ( string ). An element ofΣ∗ is called astring.

For w ∈ Σ∗, w = x1x2 . . . xn, wherexi ∈ Σ and1 ≤ i ≤ n. The lengthof the stringw,

denoted by|w|, is |w| = n. If n = 0, w is said to be theempty string. It is denoted byε,

that is,|ε| = 0. Thei-th symbol ofw is denoted byw[i] where1 ≤ i ≤ n.

Definition 1.4 ( concatenation ).Let x, y be strings andx = x1x2 . . . xm, y = y1y2 . . . yn

where eachxi andxj is in Σ and1 ≤ i ≤ m and1 ≤ j ≤ n. Then,x1x2 . . . xmy1y2 . . . yn

is said to be theconcatenationof stringx and stringy and is denoted byx · y, or simplyxy.

Definition 1.5 ( substring ). If x, y, z ∈ Σ∗ andw is the stringw = xyz, theny is said

to be asubstringof w. If at least onex, z is different fromε, theny is called aproper

substring. When the substringy is non-empty, andn = |y|, y can be denoted in the context

of w by w[i..j] wherey starts at positioni, that is,w[i] = y[1] andy ends at positionj, that

is w[j] = y[n].

Alternatively,y can be denoted in the context ofw by yw
i...j with i ≤ j wherey is a list of

j − i elements ofw where for eachk with 1 ≤ k ≤ j − i: yw
i...j [k] = w[i + k]. In this

notation, a substringy is empty wheni = j and span the entire sentencew wheni = 0 and

j = |w|.

Definition 1.6 ( suffix ). A suffixof string S of lengthn = |S| is the empty string when

n = 0 or else a substring ofS that begins at positioni where1 ≤ i ≤ n and ends at position

n. The set of suffixes of a stringS is denoted asSuffix(S).

3



Definition 1.7 ( prefix ). A prefix of stringS of lengthn = |S| is the empty string when

n = 0 or else a substring ofSthat begins at position1and ends at positioni where1 ≤ i ≤ n.

The set of prefixes of a stringS is denoted asPrefix(S).

1.1.2 Sentences and sentence related

When addressing sentences in natural language, the set theory of strings will be used as

defined in Section 1.1.1 and words are assumed to be the symbols in the alphabet.

Definition 1.8 ( corpus ). A corpusU of size n = |U | is a non-empty list of strings

[S1, . . . Sn].

Definition 1.9 ( constituent ). A constituentin stringw is a tuplecw =< y, n > wherey

is a substring ofw andn is the non-terminal of the constituent and is taken from the set of

non-terminals.

1.1.3 Graphs and trees

A graph consists of nodes and edges. Edges are used to connect two nodes. Nodes are

generally denoted using lettersu andv, and edges withe. A special kind of graph is the

directed graph, which has restrictions on edges to allow hierarchical, parent-child relation-

ships possible between nodes in the graph. More formally, we can define:

Definition 1.10 ( directed graph ). Let V be a finite set ofnodes: V = {v1, v2, . . . , vn}.
Let E be a finite set ofedges: E = {e1, e2, . . . , ep}. Each edgeek ∈ E is of the form

ek = (vi, vj) wherevi, vj ∈ V . ThenG = (V,E) is said to be adirected graph.

In the edgeek = (vi, vj), vi is called theparent ofvj andvj is called thechild ofvi andek

is adirected edgefrom vi to vj . The edgeek is said to be anout-goingedge ofvi and an

in-comingedge ofvj .

The number of in-coming (resp. out-going) edges of a particular nodeuk is said to be the

in-degree(resp.out-degree) of uk.

Intuitively, we can define apath to be a sequence of nodes in a particular graph connected

by edges. Thelengthor depthof a path is the number of edges it takes from start node to

end node.

Definition 1.11 ( path ). In a directed graphG = (V,E), the sequence of nodes

u0, u1, . . . , un is called apath if (ui−1, ui) ∈ E for eachi(1 ≤ i ≤ n). Thedepthof the

path isn.

A path withu0 = un is called acycle. If there are no cyclic paths inG, the graphs is called

adirected acyclic graph (DAG).

4



Definition 1.12 ( tree ). A directed graphG is called atreewhen it satisfies the following

two conditions:

1. There exists exactly one node inG with in-degree= 0, known as theroot node;

2. For each nodeu in G there exists exactly one path from the root node tou.

Any node in a tree other than the root node has exactly one parent node. Nodes with out-

degree= 0 are calledleaf nodes. A node that is neither root node nor leaf node is called an

internal node. If there exists a path from nodeu to nodev, u is said to be anancestorof v,

andv is said to be adescendantof u.

5



Chapter 2

Inducing syntactic structure

Generally speaking, the problem of learning a natural language can be divided in several

subproblems. Among others, the learner needs to be able to segment the linguistic input

in meaningful parts and lexical items. There is the acquisition of the syntax of a language

(i.e. rules for recognizing and generating valid sentences in the language) and its semantics

(i.e. the underlying meaning conveyed by the sentences). The learning of the syntax of

the language is usually referred to asgrammatical inferenceor grammar induction. The

product of this process is agrammar, a formalism that captures the syntax of a language.

Why should we want to induce syntactic structure from natural language? One answer

might beto model the acquisition of human language. Since we can observe regularities,

and more strongly, syntactic structure in natural language it would be plausible to ask our-

selves how this syntactic structure relates to the processes in our brain which enables us to

acquire and use language. This kind of perspective would make us consider the induction

of syntactic structure from a cognitive and psycholinguistic point of view. Another answer

could come from a point of view of engineering. For applications like speech recognition,

grammar checkers, but also the acquirement of meta data for linguistic research, it would

be interesting to be able to induce the regularities that can be observed in natural language

computationally. I.e., the process of induction can be defined precisely by procedures that

can be implemented and executed in the form of a computer program. With the latter point

of view, we will take a closer look to grammatical inference and restrain ourselves from

any cognitive issues. Although a computational approach does not necessarily implies the

use of a computer or more generally, a machine, we will consider grammar induction in the

context of machine learning.

This chapter will give an overview of the problem of computationally learning the grammar

of a language. It will describe the major approaches that have marked this field of study and

it will introduce the necessary concepts to place these approaches into context.

6



2.1 The learning and learnability of grammar

2.1.1 A definition of ‘learning’

Let us first have look at a straightforward definition of what it is for a computer program to

learn something. Mitchell [1997] gives a definition that introduces three elements: ataskor

a class of tasks, ameasure of performanceand asource of experience.

Definition 2.1. A computer program is said tolearn from experienceE with respect to some

class of tasksT and performance measureP, if its performance at tasks inT, as measured

by P, improves with experienceE.

When we use this general definition we can say that the task is to learn a grammar, the

performance measure could be a metric that calculates the difference between the grammar

found and the target grammar (i.e., the grammar to be learned) and the experience could be

the linguistic input in one or another form (e.g. plain text sentences, parse trees).

We can define a collection of grammars that are possible to learn. We call this collection

thehypothesis space. One of these grammars is the grammar that the learning algorithm is

supposed to learn (thetarget grammar)1. Then, we could say that an algorithm for grammar

induction typically should identify anhypothesis grammargh from the hypothesis spaceG
as thetarget grammargt. Note thatgt, gh ∈ G. The process of induction can then be

depicted in its context in Figure 2.1.

gt //
'& %$ ! "#generation // data //'& %$ ! "#induction // gh

Figure 2.1: Induction from the data produced by the target grammar

In the process of induction, the algorithm can use different kinds of information. This

information can be the knowledge whether a sentence of the input is apositive training

exampleor anegative training example. In case of a positive training example, the sentence

belongs to the language defined by the target grammar and is therefore called ‘grammatical’.

Negative training examples are sentences not belonging to the language defined by the target

grammar and are called ‘ungrammatical’.

One of the problems in identifyinggt with gh is that in one way or the other, we need to

compare the grammars and see if they are the same. We can do this indirectly by comparing

the languages they produce2. Let us take a set of positive example sentencesP and a set

1Here we implicitly assume that a target grammar for a natural language exists. In other words, we assume
that all regularities in such a language can be captured in one formalism. We also assume that the target grammar
is within the hypothesis space (otherwise the learner can never identify the target grammar).

2In Section 2.2 on page 11 this problem is addressed briefly.
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of negative example sentencesN such thatP,N ⊂ Σ∗ andP ∩ N = ∅. Let us define the

binary predicatecover(x,y)which is true when a grammarx can produce sentencey. Under

the most ideal circumstances, the learner producesgh such that:

∀p ∈ P : covers(gh, p) (2.1)

¬∃n ∈ N : covers(gh, n) (2.2)

When (2.1) is true, we callgh completeand when (2.2) is true, we callgh consistent. Con-

versely, when (2.1) is false, we callgh incompleteand when (2.2) is false, we callgh incon-

sistent. Thus,gh should be both complete and consistent.

In the kind of information that is available to the learner, we can observe a dichotomy that

characterizes the learning process:supervisedandunsupervised learning. In an arbitrary

classification task, we speak of supervised learning when the learner has the availability of

the correct classification of each example. In the context of grammar induction, we speak

of supervised learning when the learner has availability of information on the grammar that

is supposed to be inferred. As such, knowledge of whether the training example is positive

or negative does not make the induction of grammar supervised whereas partial bracketing

with constituent information does. Hence, supervised learning in the context of grammar

induction often involves a pre-labeled corpus, where the inference algorithm can learn by

the supervision of the labels. In the rest of this thesis we will concentrate on unsupervised

learning only.

2.1.2 Models of learning a grammar

In succession of a general definition of what ‘learning’ is, we introduce two frameworks for

learning a grammar which are frequently mentioned in literature. The frameworks charac-

terize the notion of learning and learnability and address the conditions under which suc-

cessful or unsuccessful learning is possible.

2.1.2.1 Identification in the limit

Early substantial research is that of Solomonoff [1964] and Gold [1967]. Gold proposed a

model of on-line, incremental learning that he coinedidentification in the limitand simul-

taneously proposed a definition of ‘learning a language or grammar’.

Gold defined the learning process in the following way. After each timet the learner re-

ceives a new exampleit, the learner must return some hypothesisH(i1, i2, . . . , it) and the

target language is identified in finite time at the moment the learner returns a hypothesis that

matches the target language and does not change its mind when processing other examples.

At that moment, a class of languages in which the target language takes part is said to be
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identifiable in the limit. It is important to note that in the case of identifiability in the limit,

the learner does not need to know when his hypothesis is correct. Or, as put by Gold:

“My justification for studying identifiability in the limit is this: A person does

not know when he is speaking a language correctly; there is always the possi-

bility that he will find that his grammar contains an error. But we can guarantee

that a child will eventually learn a natural language, even is it will not know

when it is correct.” [Gold, 67, pp. 450]

Gold introduces two kinds of information presentation:text and informant. In the former

case, only positive examples of the target language are presented. In the latter case, both

positive and negative examples are presented and an informant can tell the learner whether

any string belongs to the target language. Important in this context is that Gold proved that

the classes of languages involved in natural language, such as context-sensitive, context-

free and regular languages, are not identifiable in the limit when using thetext method of

information presentation. In other words: only using positive examples is insufficient. Thus,

learning a language (e.g. context-free) according to Gold’s definition of learnability is not

possible unless the learner hasbothpositive and negative examples.

To illustrate the importance of negative examples in learning, for instance, a context-free

target grammar, consider a hypothesis grammar that is a superset of the target grammar. For

instance, let us assume a hypothesis grammar for English which is utterly simple and con-

structs sentences by concatenating words from the lexicon. Furthermore, let us assume that

English has a fixed number of words in its lexicon. If we have only positive examples there

is nothing wrong with the hypothesis grammar since it generates all the positive examples.

However, at the same time the hypothesis grammar also produces many sentences which

are ungrammatical, but without negative examples there is no way of knowing the degree

of consistency of the grammar.

Gold’s conclusion about the need of negative examples is somewhat contradictory to the

observations by Brown and Hanlon [1970], who argue in conclusion of empirical results that

children receive only positive evidence in language acquisition. There are some researchers

that have contested this conclusion and suggest that implicit and explicit evidence does

appear with enough significance in the input children receive (see [Sokolov and Snow, 1994]

for a review). This direction of research will not be dealt with any further because it would

bring us from an exclusively computational point of view to cognitive issues.

2.1.2.2 PAC learning

Valiant [1984] proposed an alternative learning process for identification in the limit, called

Probably Approximately Correct(PAC) learning. Whereas identification in the limit as-

sumes finite time and requires exact learning, PAC learning poses a polynomial time com-
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plexity constraint and does not require exact learning but allowsgh to identify gt with a

certain probability.

Let X = Σ∗ refer to the set of all possible sentences given a certain alphabet. Let us

define an unknown probability distributionD overX. Example sentences are generated by

drawing a sentencex ∈ X according toD and presented to the learner together with the

knowledge whether it occurs inL(gt) or not. After a sequence of examples the learner

must output some hypothesis grammargh from the hypothesis space as estimate ofgt.

Because we are interested in how closely the output of the learner,gh, approximates the

target grammar,gt, we define an error metric for the hypothesis grammar:

Definition 2.2 ( error ). Theerror, denoted withErrorD(gh), of the hypothesis grammargh

with respect to the target grammargt is the probability thatgh andgt disagree on the classi-

fication of randomly drawn instancesx from distributionD. When we definecovers(a,b)to

return the value1 when grammara can produce sentenceb and to return the value0 when

grammara cannot produce sentenceb, we can define:

ErrorD(gh) = Px∈D(covers(gt, x) 6= covers(gh, x))

Figure 2.2 shows this definition in graphical form. When ErrorD(gh) = 0, gh andgt are

L(g  )t

L(g  )h

disagreement

Σ∗

Figure 2.2: The error ofgh with respect togt

said to be identical. However, this is unlikely to happen because then we need to provide

examples for every possible instance ofX in order to rule out the possibility of multiple hy-

potheses that are consistent with the example sentences. In order to select anapproximately

correcthypothesis we allow a non-zero error that is bound by some constant,ε:

ErrorD(gh) < ε

Because the example sentences are drawn randomly, there will still be a non-zero probability

that the sequence of training examples will be misleading to the learner. We will cope with
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this by taking into account aprobabilityof failure that is bounded by some constantδ.

P [ ErrorD(gh) < ε ] > (1− δ)

Hence, we have come to aprobably approximately correctlearning process. The learner

must output with sufficient high probability (1 − δ) an hypothesis that has a sufficient low

error (ε). To complete the framework of PAC-learning, we need to restrict the computational

resources to polynomial complexity and can define PAC-learnability as in Definition 2.3.

Since it makes sense to define this kind of learnability for grammar classes rather than a

single target grammar, we define a grammar classC such thatC is a subset of the hypothesis

space of all grammars,G, i.e. C ⊆ G.

Definition 2.3 ( PAC-learnability ). Let us takeC to be defined over a set of example

sentences fromX of lengthn. C is PAC-learnableby the learner if for all grammarsg ∈ C,

distributionsD overX, ε andδ with 0 < ε, δ < 0.5, the learner will withP > (1 − δ)
output a hypothesis grammargh with gh ∈ G such thaterrorD(gh) < ε, in time that is

polynomial in 1
ε , 1

δ , n, and in the size ofg.

Note that this definition requires the existence of a hypothesis with small enough error for

every target grammar in the classC when we want to show thatC is PAC-learnable. If one

of the grammars in the class does not meet the requirements given, the whole class is not

PAC-learnable.

One of the drawbacks of PAC-learnability as defined by Valiant [1984] is that learning

should take place under any distribution. This requirement is in many cases too stringent,

allowing unrealistic and unnatural examples. For instance, it would not be unrealistic to

provide the learner with simple examples first in order to learn a certain concept. For this

reason, Li and Vit́anyi [1991] proposed a model for PAC-learning with simple sentences

called simple PAC learning (abbreviated with PACS). In this model, the class of distributions

is restricted to simple distributions only.

2.2 Grammars and automata

Although the notion ofgrammarhas been informally introduced and used occasionally, we

need a formal definition. Up to now, a grammar has been described as a formalism that

captures the regularities and constraints on word order of a language. Fundamental aspects

in traditional grammars is that actual words are grouped in word classes known assyntactic

categoriesor parts of speech(POS) which are represented in the grammar by symbols. In a

language, these parts of speech can reoccur in different groups, calledconstituents.

From the early research on grammatical inference,formal languageswere used to model

natural languages. In these formal languages, symbols instead of words are used to represent
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the elementary elements in a language. Now, let us formalize the notion of ‘grammar’.

Definition 2.4 ( grammar ). A formal grammar is a four-tupleG = (VT , VN , P, S), where

VT is the set of terminal symbols (terminals), VN is the set ofnon-terminals, P is the set

of production rulesfor generatingvalid (i.e. ‘grammatical’) sentences of the languages.

S ∈ VN is thestart symbol. VT ∩ VN = ∅. Elements ofP are pairs(α, β) with α → β,

meaning thatα can be rewritten toβ. LetV = VT∪VN , thenα, β ∈ V ∗ andα is non-empty.

Terminal symbols are symbols that appear in the final strings. Non-terminal symbols are

symbols that are expanded into other symbols. Example 2.3 shows a small grammar.

(2.3) G = ( {a, b, c}, {S, B}, P, S )
with P = { S → aS

S → cbbB

B → bB

B → b }

This grammar generates the languageL(G) as specified in Example 2.4 and aderivationof

the stringaacbbbb fromL is given in Example 2.5. A derivation is a sequence of productions

that lead to a particular string. Thus, alanguagecan be defined as all sentences that can be

produced using the production rules of the grammar.

(2.4) L(G) = { akcbb bn | k ≥ 0 ∧ n ≥ 1 }

(2.5) S ⇒ aS ⇒ aaS ⇒ aacbbB ⇒ aacbbbB ⇒ aacbbbbB ⇒ aacbbbb

The formal languages can be associated with (imaginary) devices, calledautomata, that

produce or recognize exactly this formal language. The task of grammatical inference can

then be considered as inducing the correct automaton for producing or recognizing the target

language. For example, the finite state grammar example corresponds to the finite state

automaton in Figure 2.3.

// ?>=<89:;1

a




cbb
// ?>=<89:;2

b




b
// ?>=<89:;765401233

Figure 2.3: FSA corresponding to the grammar of Example 2.3

Based on the kind of restrictions that can be put on the production rules, Chomsky [1957]

proposed a hierarchy of formal grammar types. These types are listed in Table 2.1, along

with the corresponding automaton that produces or recognizes the language the grammar
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Table 2.1: Chomsky’s hierarchy of formal grammars
Type Name Automaton
Type 3 Regular Grammars (RGs) Finite State Automata (FSAs)
Type 2 Context-Free Grammars (CFGs) Push-Down Automata
Type 1 Context-Sensitive Grammars (CSGs)Linear Bounded Automata (LBAs)
Type 0 Unrestricted Grammars Turing Machines

describes. The hierarchy that Chomsky proposed can be called arbitrary in the sense that

there are alternative ways to put formal grammars in a hierarchy but since Chomsky’s hi-

erarchy turned out to be practical in its use, it is frequently used in the terms of formal

grammars. The hierarchical relation is described by:

type3 ⊂ type2 ⊂ type1 ⊂ type0

which expresses that the set of languages produced by a type 3 grammar is a proper subset

of the set of languages produced by a type 2 grammar et cetera. Finite state grammars, bet-

ter known asregular grammars, have the limitation on the production rules that they cannot

memorize a sequence over multiple production rules: they can only be either left-linear or

right-linear. Left linear grammars use rules that always end with a terminal symbol: the

rules appear in the formA → a andA → Ba. Right linear grammars use rules that always

begin with a terminal symbol: the rules appear in the formA → a andA → aB. These re-

strictions make that a regular grammar could not, for instance, produce palindromes. How-

ever, when we extend the automaton for a regular grammar, a finite state automaton, with

a push-down stack, we get a push-down automaton and we can produce or recognize the

language a context-free grammar describes. Acontext-freegrammar has production rules

that appear in the formA → β, whereA ∈ VN andβ is a sequence of one or more symbols

from the union setV = VN ∪ VT or the empty string (ε). Context-sensitive grammarsare

more powerful and the production rules appear in the formα → β, whereα andβ represent

arbitrary sequences of symbols ofV and where|α| ≤ |β|. These restrictions allow produc-

tion rules that have the following form:α1Aα2 → α1βα2, which can be read asA → β in

the context ofα1 · · ·α2P . The last type of grammars in the hierarchy are theunrestricted

grammars, sometimes calledrecursively enumerable sets. Their production rules are of the

form α → β whereα ∈ V + andβ ∈ V ∗. Thus, allowing almost all rules imaginable.

In his workSyntactic Structures, Chomsky [1957] showed with recursivity and embedding

that natural languages require at least context-free power. Chomsky demonstrated with suc-

cess that English and other natural languages, a sentence may contain nested structures that,

when infinitely nested, cannot be produced or recognized by a FS automaton. An example

of a nested structure is given in Figure 2.4. He also suggested (but did not provide evidence)

that stronger grammars are necessary, but may not require the full power of a context sen-
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if we either give her chocolate or thee, then she will likely start smoking

Figure 2.4: A nested structure that implies context-freeness of natural language

sitive language. He proposed combining a CF grammar with a set of CS rewriting rules

as a model of natural language syntax. Huybregts [1984] and Shieber [1985] showed that

context-free languages are too weak, usingcross-serial dependenciesin Swiss-German. In

such constructions, the NPs and the verbs that take them as objects occur in cross-serial

order and there exists a syntactic dependency between the pairs of constituents based on

case-marking. An example in Swiss-German3 is given in Figure 2.5. As a side-effect of

Jan säit  das    mer   d’chind          em Hans  es huus      lönd  hälfe aastriiche
Jan says that   we    the children   Hans         the house  let     help   paint

Figure 2.5: Cross-serial dependencies in Swiss-German

Chomsky’s analysis that natural language is at least context-free, FS automata (as well as

statistical approaches) moved to the background. Today, FS approaches are back in the

center of research for several reasons. High-level grammar formalisms turned out not to be

very successful and in some cases, like in the field of phonology, it turned out that FS mod-

els were sufficient for certain purposes. Although English as a whole cannot be produced

by a FS grammar, there are subsets of English where a FS model is adequate. Examples

are expressions of postal addresses, time and date. Another advantage of FS approaches is

that they are very efficient and are well-understood. FSGs are, nevertheless, not suitable for

describingfull natural language syntax and we will not discuss them any further.

In the following three sections, we will briefly consider three kind of approaches to unsuper-

vised learning of syntax of natural language, those that are based on likelihood, compression

and distribution. Because of the focus on natural language, we will mainly be concerned

with context-free languages since they come closer to fully describing natural language than

finite state languages.

3Translates to English as:Jan says we let the children help Hans paint the house.
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2.3 Using likelihood with Probabilistic Context-Free Grammars

Stochastic or probabilistic context-free grammars (PCFGs) are basically context-free gram-

mars with a probability distribution over the production rules. At first glance, it seems that

for the learning of grammar of natural language, CFGs are clearly preferable over PCFGs.

After all, learning a PCFG requires to learn the CFG plus the probability distribution over

the production rules of the CFG. However, due to this probability property, a PCFG can give

an idea of the plausibility of the grammar with respect to the sentences to learn. Another

advantage of the probabilistic approach is that it can handle some noise in the input. E.g.,

real data tends to have errors and grammatical mistakes.

One aspect that makes PCFGs particularly suitable for grammar induction is that the limi-

tations that Gold introduced for learning with only positive example sentences do not hold

strongly against using PCFGs. As we have discussed earlier, Gold [1967] showed that CFGs

cannot be learned (identified in the limit) without the use of negative examples. However,

Horning [1969] showed that PCFGscanbe learned from positive examples alone.

Now, letG be the hypothesis space of grammars that are consistent with the linguistic input.

If we define the learning of the target grammargt as the search for the grammargh in the

hypothesis spaceG that is most likely to be equivalent with the target grammar, we need

an evaluation metric. When we give the grammars in the hypothesis space a stochastic

property, we are able to uselikelihoodas a metric together with Bayesian inference to favor

one grammar over the other.

Likelihood can be defined as the hypothetical probability that an event which has already

occurred would yield a specific outcome. Where aprobability refers to occurrence of future

events, likelihood refers to past events with known outcomes and can therefore be consid-

ereda posteriori.

2.3.1 Maximum Likelihood

Let us assume a corpusU of sentences that are produced bygt and a setG of possible

grammars:

U = [s1, s2, . . . , sn], G= {g1, g2, . . . , gm}

We want to find the most probable hypothesisg ∈ G given the evidenceU (a conditional

probability). Any such hypothesis is called amaximum a posteriori(MAP) hypothesis.

gMAP = arg max
g∈G

P (g|U) (2.6)
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How to calculate the posterior probability ofA givenB is given byBayes’ theorem:

P (A|B) =
P (B|A) · P (A)

P (B)
(2.7)

By applying Bayes’ theorem to the right-hand side of Equation 2.6, we can calculate the

posterior probability of each candidate hypothesis and subsequently select the candidate

hypothesis with the highest posterior probability:

gMAP = arg max
g∈G

P (U |g) · P (g)
P (U)

= arg max
g∈G

P (U |g) · P (g) (2.8)

Notice that in the final step we dropped the termP (U) because it is constant and indepen-

dent ofg.

Now we can consider how to use the maximum a posteriori hypothesis in preferring one

PCFG over others. A PCFG is a four-tuple which can be defined similar to a general gram-

mar as in Definition 2.4. In addition, each rule has a probability and the left-hand side of a

rule consist of a single non-terminal (CF-condition).

From its definition, it should be clear that for PCFGs, each rule in the set of production rules

P has a probability,P (Ai → βj), such that:

∀i

∑
j

P (Ai → βj) = 1 (2.9)

whereA ∈ VN , β ∈ V ∗, Ai indicates thei-th non-terminal. I.e., the probabilities of all the

rules that expand the same non-terminali must sum to 1.

The probability of a sentences in a PCFG is the sum of the probabilities of all derivations

of s in the PCFG. Although we have used the notion of derivation earlier in this thesis, we

now give a more formal definition with Definition 2.5.

Definition 2.5 ( (left-most) derivation ). A derivationof a strings in a grammarG is a

sequence of sequencesv1, . . . , vk over V ∗, beginning with the start symbolS, in which

vk = s and in which a transition of stringvi to vi+1 corresponds to the rewriting of the

left-most non-terminal invi resulting invi+1 according to a production rule belonging to

G. A derivation is denoted as:S ⇒ · · · ⇒ vk.

Now we have defined a derivation, we can define the probability of a derivation, which is

the product of the probabilities of the production rules in the consecutive transitions of the

derivation. More formally, we can define the probability of a derivationS ⇒ . . . ⇒ vk
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recursively with the following equation.

P (S ⇒ . . . ⇒ vk) = P (S ⇒ . . . ⇒ vk−1)P (α → β) (2.10)

whereα → β is the production rule used in the transition fromvk−1 to vk. So, whend is a

derivation andD(s) is the set of all possible derivations fors, we have

P (s) =
∑

d∈D(s)

P (s, d)

=
∑

d∈D(s)

P (d) P (s | d) (2.11)

=
∑

d∈D(s)

P (d) (2.12)

where 2.12 follows from 2.11 on the condition that the terminal symbols are included in the

production rules so that the probability ofs givend is 1.

Let us take a look to a very simple example. ForU andG we have the following:

U = [acb, aacbb, aaacbbb], G= {g1, g2}

whereg1, g2 are two PCFGs specified in Figure 2.6. The question for the learner is which

g1

S → SS 1
2

S → a 1
5

S → b 1
5

S → c 1
10

g2

S → aSb 1
2

S → c 1
2

Figure 2.6: Two PCFGs that are able to produceU = [acb, aacbb, aaacbbb]

grammar to prefer givenU . Without considering any probabilistic information we could

intuitively predictg2 to be prefered overg1 because all the sentences inU clearly follow

the pattern{ anc bn |n ≥ 1 }. To illustrate the use of likelihood in the decision which

grammar to prefer, we take sentences = acb. In order to use the probabilistic information

to determine which grammar is to prefer, we have to consider the derivations which are

possible fors in both grammars and to compute the probability for the derivations. Forg1

we observe two possible derivations:

S ⇒ SS ⇒ aS ⇒ aSS ⇒ acS ⇒ acb

S ⇒ SS ⇒ SSS ⇒ aSS ⇒ acS ⇒ acb

which could be visualized by the trees in Figure 2.3.1.
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Figure 2.7: The two possible phrase structure trees corresponding with derivations fors
giveng1

Forg2 we observe a single possible derivation:

S ⇒ aSb ⇒ acb

Now, when we take sentences = acb, each derivation ing1 (tg1) will have the probability

P (tg1) and each derivation ing2 (tg2) will have the probabilityP (tg2)
4.

P (tg1) =
(

1
2

)2

·
(

1
5

)2

· 1
10

=
1

1000
(2.13)

P (tg2) =
1
2
· 1
2

=
1
4

(2.14)

In g1 there are two possible derivations and ing2 just one possible derivation fors. Taking

this into account we can calculate for both grammars the probability fors, which we shall

consider for the sake of simplicity the same as the calculation ofP (U |g)5:

P (acb|g1) = 2 · P (tg1) =
1

500
(2.15)

P (acb|g2) = 1 · P (tg2) =
1
4

(2.16)

From Equation 2.15 and Equation 2.16 we can say thatg2 is indeed preferable overg1, be-

causeP (U |g2) > P (U |g1). When we assume, for this little example, the prior probabilities

to be equal, i.e. we assumeP (g1) = P (g2), then we can conclude thatgMAP = g2. I.e.,

we have selected the grammar with themaximum likelihood.

Important in this example is to observe that PCFGs are biased in favor of smaller trees: non-

terminals introducing a small number of rules will generally be favored over non-terminals

introducing many rules since the probability of the rules that span under each non-terminal

4Note that the probability for each of the derivations in a particular grammar does not necessarily need to
be the same.

5Here we simplify by taking the probability ofs given the grammars and not the probability ofU given the
grammars. The latter involves more calculations (namely that of the other two sentences inU ) but results in the
same conclusion:P (U |g2) > P (U |g1).
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must sum to 1.

2.3.2 Inside-outside as training algorithm

Many researchers have also used theInside-Outside(IO) algorithm in the learning of PCFGs.

The inside-outside algorithm is a re-estimation procedure for estimating the rule proba-

bilities in a PCFG and was introduced by Baker [1979]. Given a set of positive example

sentences and a PCFG of which the parameters are randomly initialized, the inside-outside

algorithm first computes the most probable parse tree for each example sentence. The re-

sulting derivations are then used to re-estimate all the probabilities associated with each rule

as long as probability values are changing. This process is iterated until the optimal prob-

abilities for the grammar rules are found. The assumption underlying this process is that a

good grammar is one that makes the example sentences likely to occur. In other words, the

process is looking for a grammar that maximizes the likelihood of the example sentences.

The results of this approach in [Pereira and Schabes, 1992; Carroll and Charniak, 1992]

seem slightly discouraging in the sense that the inside-outside algorithm seems to converge

to a local optimum (see Section 2.3.3). This, on its turn, means that the algorithm would

almost always converge to a linguistically implausible grammar. More about inside-outside

re-estimation can be found in [Baker, 1979; Charniak, 1993].

2.3.3 Problems with learning PCFGs

In order to learn PCFGs, we could agree on a very simple method:

1. Generate all possible PCFG production rules

2. Assign to the production rules initial probabilities

3. Run the training algorithm on a corpus of positive examples

4. Remove rules with.0 probability

Any such algorithm has the problem that there is no upper bound on the number of produc-

tion rules to generate. The number will be so large that training is impractical. Of course

we can limit the number of possible rules, but then we have the problem where to put the

limit for we want to avoid to exclude the (a priori unknown) desired rules among the enor-

mous number of rules that are not desirable. One step towards solving this problem is to

restrict the non-terminals to a finite set so the introduction of new non-terminals and rules

that involve these non-terminals is restricted. With a finite number of non-terminals there

is still no restriction on the number of rules since one can keep making rules with longer
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and longer right-hand sides. To prevent this we also need to introduce a constraint on the

rule-length.

The method that has been sketched so far has been pursued by Lari and Young [1990].

Pereira and Schabes [1992] describe an approach to further limit the number of rules. Like

Lari and Young they start with all possible production rules but use bracketed examples

where the brackets indicate a partial parse tree. They modified the inside-outside algorithm

to eliminate rules that do not conform to the bracketing. This highly reduces the number

of parses that are required in the inside-outside algorithm, but its disadvantage is the lack

of precisely bracketed corpora available. Another approach is to combine statistics and

linguistic knowledge in order to reduce the number of rules.

A more serious problem for learning PCFGs is discussed by Carroll and Charniak [1992].

It appears that the training algorithms used for inferring the grammar (the inside-outside

algorithm or equivalents) is converging in almost all experiments towards local optima.

That is, in the hypothetically perfect circumstances (i.e. availability of all possible rules, a

sufficient representative corpus) the algorithm easily manages to present a bad set of rules

because it found some local optimum instead of the global optimum.

2.4 Using compression (MDL)

Learning a grammar obviously concerns a process of generalization. The production rules

in the grammar are generalizations over the utterances or sentences of a language. Gener-

ally, the grammar and a lexicon are more compact then a full size corpus. In this context,

generalization can be seen as compression. We can see the set of regularities that can com-

press the data the most is the optimal model that the learner should look for. A celebrated

principle in science is Occam’s razor, a popular inductive bias that can be summarized as

‘choose the shortest explanation for the observed data’. When we combine this princi-

ple, which is more or the less formally described in information theory, with the power of

Bayesian inference, we can formulate a principle that is called theMinimum Description

Length(MDL) principle.

To describe MDL, we need to introduce a measure from information theory calledentropy,

which characterizes the (im)purity of an arbitrary collection of examples. Shannon and

Weaver [1949] showed that the optimal code needed to encode a randomly drawn messagei

that has a probability ofpi requires at least− log2 pi bits. We will refer to the number of bits

required to encode the message using codeC as thedescription length of the message with

respect to C. Given a collectionS, containing samples which can be classified according to
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c different values, then the entropy ofS relative to thisc-wise classification is defined as:

Entropy(S) ≡
c∑

i=1

−pi log2 pi (2.17)

wherepi is the proportion ofS belonging to classi.

Now let us consider the equation ofgMAP we introduced in the previous section (Equa-

tion 2.8) and reintroduce it.

gMAP = arg max
g∈G

P (S|g) · P (g) (2.18)

When taking the negative logarithm of the left-hand size, we get 2.19.

gMAP = arg min
g∈G

− log2 P (S|g)− log2 P (g) (2.19)

From Equation 2.19 we can conclude that short hypotheses are preferred, assuming a par-

ticular representation scheme for encoding hypotheses and data. We can use thedescription

lengthto rewrite Equation 2.19 such thatgMAP is the hypothesisg that minimizes the sum

given by thedescription length of the hypothesis, denoted byl(g), plus thedescription

length of the data given the hypothesis, denoted byl(S|g).

gMDL = arg min
g∈G

l(S|g) + l(g) (2.20)

which is theMinimum Description Length(MDL) principle.

Thus, algorithms that use the MDL principle build grammars that describe the input exam-

ples with the minimum number of bits possible. An approach that uses MDL is described

in [Grünwald, 1996]. Another theory, which is described by de Marcken [1996], uses the

MDL principle to learn stochastic grammars from unsegmented text. Interesting to observe

is that the theory is also used to attempt to learn directly from speech signals. Stolcke

[1994] advocates the use of a Bayesian model selection criterion for HMMs and PCFGs

but restricts it only to artificial languages. Wolff [1988] has argued for a notion on learning

based on compression. Clark [2001] proposed combining distributional clustering (see next

section) with MDL.

2.5 Using distributional information

A number of algorithms for grammar induction usedistributionalevidence to identify the

constituent structure. The underlying assumption is that sequences of word or tags that are

generated by the same non-terminal will appear in similar contexts and may be assumed to

belong to the same constituent type.
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One of the first attempts involved distributional clustering was by Lamb [1961]. Brill and

Marcus [1992] consider the distributional similarity of part of speech tags to identify possi-

ble syntactic rules. In [Finch et al., 1995] some preliminary results show how distributional

clustering algorithms can be used to find sets of tag sequences that occur in similar context.

Their techniques produce some linguistically plausible clusters, but many implausible ones,

and they do not demonstrate a complete grammar induction algorithm. Nevertheless, they

show that distributional clustering can work with syntactic constituents. Klein and Manning

[2001] present two distributional learning algorithms that use a probability model over trees

and constituent context.

All the techniques mentioned so far use mainlylocal distributional context. There are also at

least two approaches that use whole sentence contexts. Adriaans [1999] presents EMILE,

which initially used a form of supervision but in later work [Adriaans et al., 2000; van

Zaanen and Adriaans, 2001] is modified to be completely unsupervised. A similar approach

is presented by van Zaanen [van Zaanen, 2000] with ABL. The algorithms make pairwise

comparisons of sentences.

EMILE makes use of clustering of contexts and expressions. In the following example, the

two example sentences have the same context.

What is thetime to leave

What is thebest time to rest

What is the{time to leave| best time to rest}

If a group of contexts and expressions cluster together, they receive a type label which

allows to form proto-rules of the form:

[0] ⇒ What is the[12]
[12] ⇒ time to leave

[12] ⇒ best time to rest

Subsequently, EMILE will substitute expressions that are already clustered with the corre-

sponding cluster label (see example below) and will use a proto rule when enough evidence

is found.

[64] ⇒ think it is the right time to leave now

[64] ⇒ think it is the right [12] now

At the first glance, ABL seems not that much different. ABL makes use of contexts and ex-

pressions too, and groups (sub)sentences that are substitutable. Because of the substitutabil-

ity of these parts they are considered of the same constituent type and receive a non-terminal

symbol.
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This [man]1 walks

This [woman]1 walks

However, where EMILE finds only a grammar rule where enough evidence is found, ABL

stores all possible constituents and subsequently tries to select the best constituents. ABL

uses Levenshtein distance [1965] to find substitutable parts in pairwise comparisons of sen-

tences:

What is the[]2 time to[leave]1
What is the[best]2 time to[rest]1

Where ABL only needs a pair of sentences with substitutable parts to learn structure,

EMILE needs to have a certain support to establish rules. Because of this, EMILE needs

larger corpora to learn whereas ABL can learn already on relative small corpora. In one-

to-one comparison of the two systems [van Zaanen and Adriaans, 2001], EMILE appears

to perform faster and less greedy than ABL. The results for both systems on the (relatively

small) ATIS and OVIS corpora seem to be in slight favor of ABL.
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Chapter 3

Comparing sentences

If we have sentences in a particular language and the grammar of this language is known, the

syntactic structure of the sentences can be generated by using the grammar in the process of

parsing the sentences1 . However, if the grammar is not known, we need to have a method

that can generate the syntactic structure of sentences and does not assume grammatical

knowledge to be availablea priori. Methods that achieve this are generally calledstructure

bootstrapping systems. In the process of generating the syntactic structure, a grammar is

created implicitly and structure bootstrapping can be considered as a form of grammatical

inference.

One of the methods to bootstrap structure is based on comparing sentences and grouping the

unequal parts of sentences to the same constituent type when the remaining part of the sen-

tences are the same. Actually, the unequal parts of sentences could be substituted in accor-

dance with the notion of substitutability of segments in utterances Harris [1951] describes.

In [van Zaanen, 2000], Harris’ concept is used to design and implement an unsupervised

(i.e. assuming no language-specific knowledge to be available) structure bootstrapping sys-

tem. The key problem in this approach is to find the substitutable parts. This problem is

explored in the next sections. We will have a look at two approaches that will be the main

theme in this thesis: one using edit distance and one using suffix trees. For the sake of

simplicity and compactness, we will start describing these approaches using simple strings

over the English alphabet, to extend them later to the level of sentences. The only difference

is in the alphabet; for strings it consists of characters whereas for sentences it consists of

words. Likewise, we will refer to substrings of word-like symbols as subsentences.

Let us have a look to the exact matching problem and mention the important algorithms

before introducing edit distance and suffix trees. When we want to find a substringSsub

in the stringS, the most naive method to do this is to align the left end ofSsub with the

left end ofS, comparing the characters ofSsub andS pairwise until two unequal characters

are found or untilS is exhausted. In the latter case we have found a match. In either case
1Even though the grammar is known this is not without any difficulty because ambiguities like PP-

attachments will introduce multiple parses.
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Ssub is shifted one place to the right and the process restarts until the right end ofSsub

shifts past the right end ofS . When we usen to denote the length ofS andm to denote

the end ofSsub, this naive method makesO(nm) comparisons in the worst case. Many

better algorithms can be found, ranging from relatively simple ones such asn-position shift

to more complex exact string matching algorithms like the well knownKnuth-Morris-Pratt

[Knuth et al., 1977] andBoyer-Moore[Boyer and Moore, 1977] which solve exact matching

in linear time (O(m + n)). The edit distance algorithm and the suffix tree algorithms that

will be introduced are related to these algorithms in the sense that they both try to match

strings. In addition, they also allow to find the parts that cannot be matched in the context

of the parts that can be matched.

3.1 Edit distance

3.1.1 Introducing edit distance

Theedit distanceor Levenshtein distance[Levenshtein, 1965] can be defined as follows:

Definition 3.1 ( edit distance ). The edit distance between two stringss1 ands2 is the

minimum cost needed to transform strings1 into s2.

Transformation of one string in the other is possible by means ofedit operations. Usually,

three kind of edit operations are distinguished: insertion, deletion and substitution. Each

kind of edit operation can have its own cost. Which operations are involved in a transfor-

mation from stringx to stringy are expressed in anedit transcript.

Definition 3.2 ( edit transcript ). An edit transcript is a list of labels denoting the edit

operations needed to transform one string into another. These labels areEi for insertion,

Ed for deletion andEs for substitution.

An illustrative example of an edit transcript can be found in Figure 3.1.

Ed Es Es Ei

string 1 s p a c e -
string 2 - p a r t y

Figure 3.1: Edit transcript ofspace andparty.

The algorithm to calculate the edit distance makes use of a technique calleddynamic pro-

gramming, which has three components: therecurrence relation, thetabular computation,

and thetraceback. With the recurrence relation, we describe a recursive relationship be-

tween a solution and the solutions of its subproblems. We use the recurrence relation to fill
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the cells of a matrix where each row represents a symbol of the first string and each column

represent a symbol of the second string. The recurrence relation calculates the edit cost for

each cell. The third component, traceback, finds those trace or traces in the matrix from the

upper-left corner (the first symbol of both strings) to the lower-right corner (the last symbol

of both strings) of the matrix for which the sum of the edit costs of the cells the trace visits

is the lowest. The components which have been described briefly, will now be discussed in

more detail.

For two stringsS1 andS2, d(i, j) is defined to be the edit distance ofS1[1..i] andS2[1..j].
The recurrence relation is then defined as

d(i, j) = min

 d(i− 1, j) + c(S1[i] → ε )
d(i, j − 1) + c( ε → S2[j])
d(i− 1, j − 1) + c(S1[i] → S2[j])

 (3.1)

whered(0, 0) = 0 and wherec is theedit cost functionc(X → Y ) that returns a real value

for substituting2 X into Y . Thus, the right-hand term in the three additions in Equation 3.1

involve deletion, insertion and substitution respectively.

When no smaller indices exist, we need the base conditions given in 3.2 and 3.3.

d(i, 0) = d(i− 1, 0) + c(S1[i] → ε ) (3.2)

d(0, j) = d(0, j − 1) + c( ε → S2[j])) (3.3)

With the recurrence relation and the base conditions, am × n matrix can be created and

filled wherem = |S1| andn = |S2| according to an algorithm like the one in Algorithm 1,

which resembles that of Wagner and Fischer [1974].

Now we have introduced the recurrence relation and the matrix, we can have a look at how

they relate. From the left hand term in the three additions in Equation 3.1, we can see that

deletion relates cells in the vertical direction of the matrix (i − 1), insertion relates cells

in the horizontal direction (j − 1) and substitution relates cells in the diagonal direction

(i − 1, j − 1). The final component in dynamic programming, the traceback, finds an edit

transcript which results in the minimum edit cost. We give a simplified algorithm for the

traceback in Algorithm 2. The traces found can be constructed alternatively by considering

cell (m,n) in the matrix and look to the cost values in the cells(m− 1, n), (m,n− 1) and

(m− 1, n− 1). For the cellC with the lowest value, a part of a trace is fixed by linking cell

(m, n) to cell C with a associated edit operation for this part depending on the orientation

of C with respect to(m,n). When multiple neighbouring cells have the same lowest value,

a trace splits in multiple traces.

Now, let us take an example for the two stringsS1 = babcd andS2 = abac. When we

2Note that this use of the word has nothing to do with the edit operation ’substitute’. In this context, deletion
and insertion can be define as substituting an empty symbol or a member of the alphabet.

26



Algorithm 1: Edit distance matrix for stringS1 andS2

Require: S1, S2 : string
i, j : integer

1: d(0, 0) = 0
2: for i from 1 to |S1| do
3: d(i, 0) = d(i− 1, 0) + c(S1[i] → ε )
4: end for
5: for j from 1 to |S2| do
6: d(0, j) = d(0, j − 1) + c( ε → S2[j])
7: end for
8: for i from 1 to |S1| do
9: for j from 1 to |S2| do

10: ddel = d(i− 1, j) + c(S1[i] → ε )
11: dins = d(i, j − 1) + c( ε → S2[j])
12: dsub = d(i− 1, j − 1) + c(S1[i] → S2[j])
13: d(i, j) = min(ddel, dins, dsub)
14: end for
15: end for

Algorithm 2: Find a minimum edit cost transcript

Require: S1, S2 : string
i, j : integer

1: i = |S1|
2: j = |S2|
3: while i 6= 0 and j 6= 0 do
4: if d(i, j) = d(i− 1, j) + c(S1[i] → ε ) then
5: delete()
6: i = i− 1
7: else ifd(i, j) = d(i, j − 1) + c( ε → S2[j]) then
8: insert()
9: j = j − 1

10: else
11: substitute()
12: i = i− 1
13: j = j − 1
14: end if
15: end while
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assign every kind of edit operation (insertion, deletion and substitution) the same edit cost,

Algorithm 1 will give the left matrix in Figure 3.3 and an algorithm like Algorithm 2 allows

us to find thetracesin the left matrix for the shortest edit distance. A trace describes which

symbols should be deleted, inserted or substituted by connecting neighbouring cells that

have a minimum change in edit cost. When we place the edit operations that are needed

when following a trace in a sequence, we obtain an edit transcript for the two sentences

involved. For instance, there are three traces possible and thus three edit transcripts forS1

andS2. These traces are depicted on the left side of Figure 3.2 and the edit transcripts are

given in the left part of Figure 3.3. As explained in [Wagner and Fischer, 1974], changing

a b a c

?>=<89:;0 ?>=<89:;1

==
==

= 2 3 4

b ?>=<89:;1

==
==

= 2 ?>=<89:;1

==
==

= 2 3

a 2 ?>=<89:;1

==
==

= 2 ?>=<89:;1 2

b 3 2 ?>=<89:;1

==
==

=
?>=<89:;2

==
==

= 2

c 4 3 2 ?>=<89:;2

==
==

=
?>=<89:;2

d 5 4 3 3 ?>=<89:;765401233

a b a c

?>=<89:;0 ?>=<89:;1

==
==

= 2 3 4

b ?>=<89:;1

==
==

= 2 ?>=<89:;1

==
==

= 2 3

a 2 ?>=<89:;1

==
==

= 2 ?>=<89:;1 2

b 3 2 ?>=<89:;1 ?>=<89:;2

==
==

= 3

c 4 3 2 3 ?>=<89:;2

d 5 4 3 4 ?>=<89:;765401233

Figure 3.2: Traces when substitution cost is 1 (left) and 2 (right)

the edit cost of the edit operations would result in different traces and edit transcript. For

instance, we could increase the substitution cost such thatc(Ed) = 1, c(Ei) = 1 and

c(Es) = 2. When we do this forS1 andS2, we will obtain the matrix as depicted on the

right side of Figure 3.2 and the corresponding edit transcripts as given in the right part of

Figure 3.3. Obviously, there are not many differences, but because substitution has become

more costly, one of the traces has become more costly than the other two and is disqualified.

As a result, the algorithm finds thelongest common substring, which is valuable information

in many applications and will be of use in the next chapter.

We can determine the complexity of the edit distance algorithm by considering that it takes

O(nm) to fill the m×n matrix using the recurrence relation. The traceback can be done in

O(n + m), considering that a trace in the matrix starts at one corner in the matrix, ends in

the opposite corner of the matrix and is limited in direction. Thus, when we havep possible

traces, they can be found inO(p(n + m)).

To reduce the complexity of dynamic programming algorithms such as the one we have

described so far, there exists a method namedFour Russians. In this method, the matrix
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Ed Es Es

string 1 b a b c d
string 2 - a b a c

Ed Ei Ed Ed Ei Ed

string 1 b a b - c d b a b - c d
string 2 - a b a c - - a b a c -

Ei Ed Ed Ei Ed Ed

string 1 - b a b c d - b a b c d
string 2 a b a - c - a b a - c -

Figure 3.3: Edit transcripts for two strings when substitution cost is 1 (left) and 2 (right)

is divided into blocks oft cells and the values in the matrix are computed for each block

rather than for each cell, resulting in a time complexity ofO(t) instead ofθ(t2). Using this

method, the complexity of calculating the edit distance takesO(nm/ log(m)) [Masek and

Paterson, 1980]. The only drawback in the use of the Four Russians method in aligning

natural language sentences is that the algorithm is more effective on long strings whereas

the natural language sentences are not long.

3.1.2 Using edit distance to locate substitutable subsentences

Whereas in the previous section we used letters as symbols of the alphabet, we now use

words as symbols of the alphabet, like sentence 13 and sentence 24 in Figure 3.4. Note that

E Ei Ed Es Es Ed

sentence 1 - kijk eens in de grote spiegel
sentence 2 ik kijk - door de telescoop -

Figure 3.4: Edit transcript for two sentences

when insertion and deletion have a cost of one and substitution has a cost of 2 that besides

the edit transcript in Figure 3.4 there are three other edit transcripts possible that meet the

minimal edit distance (= 7).

The substitutable subsentences are on those places where edit operations have been per-

formed. Words in one sentence that did not undergo any edit operation with respect to the

same location in the opposing sentence mark the beginning or end of a substitutable subsen-

tence. In order to specify these subsentences in terms of indices in the context-sentences,

we adopt and slightly modify the definition oflink from [van Zaanen, 2002].

3Have a look in the big mirror.
4I am looking through the telescope.
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Definition 3.3 ( link ). A link is a pair of indices〈iS , jT 〉 in two sentencesS andT , such

thatS[iS ] = T [jT ] andS[iS ] is aboveT [jT ] in the edit transcript ofS andT .

For the example in Figure 3.4, the links are< 1, 2 > and< 4, 4 >. In order to find all the

links given the edit distance matrix, a slightly modified version of Algorithm 2 is needed. In

case of two ’matching’ alphabet symbols, we simply add a pair〈i, j〉 to an, initially empty,

set of pairs.

Given the links from an edit transcript, it is possible to derive the pairs of substitutable parts:

〈− , S2[1]〉, 〈S1[2..3], S2[3]〉, 〈S1[5..6], S2[5]〉. How this can be done and how it can be used

to hypothesize constituents is shown in Chapter 4.

3.2 Suffix trees

A suffix tree is a tree-like data structure for storing a string or, as we will see at the end of

this chapter, for storing multiple strings. Suffix trees can be used to solve the exact string

matching problem as introduced in the beginning of this chapter in linear time, achieving

the same worst-case bound as the Knuth-Morris-Pratt and the Boyer-Moore algorithms. For

a stringS of lengthm, a substringT of lengthn can be matched inO(n) time by first

constructing a suffix tree forS. This preprocessing will take linearO(m) time. TheO(m)
preprocessing time andO(n) search time makes suffix trees favorable with large strings or

texts, since the search time depends on the length ofT rather than on the length ofS. As it

will become clear in this chapter and the next, the data structure of the suffix tree will allow

us to quickly find sentences that have equal parts and the places in these sentences where

the equal parts are located.

In this chapter we start by describing and defining a suffix tree in the traditional context (i.e.

applicable on strings) and we have a look to the space complexity and the construction time

complexity. In Section 3.2.2 the algorithm to build a suffix tree is described. In the last

section we consider the implications of constructing a suffix tree for a set of strings rather

than on a single string.

3.2.1 Introducing suffix trees

3.2.1.1 Tries

Before we consider the properties of a suffix tree, we take a look at a similar data structure

of which a suffix tree is derived: thetrie. A trie is a rooted, labeled tree representing a set

of strings. Each edge is labeled with a symbol and each node corresponds to the string that

is a concatenation of the symbols on the path from the root to that node. The root represents
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the empty string. A trie for the setT of strings whereT = {abc,aba,bd,cca,ccb} is depicted

in Figure 3.5.

a

b

c a

b

d

c

c

a b

Figure 3.5: A trie forT = {abc,aba,bd,cca,ccb}

We can also use the trie data structure to represent all suffixes for a particular string. A

suffix trieof a stringS, denoted bySTrie(S), is a trie representingSuffix(S), i.e. the set of

all suffixes of stringS.

From the description of a trie and from Figure 3.5 we can see that there are nodes that have

one incoming edge and one outgoing edge. When we leave these nodes out of the tree,

join each incoming and outgoing edge and subsequently concatenate the labels of the two

edges in one label for the joined edge, we obtain acompact trie. We call the process of

compacting a triepath compression. When we use a compact trie to represent the suffixes

of a string we can call the resulting tree acompact suffix trie. An example of a non-compact

suffix trie and a compact suffix trie is given in Figure 3.6.

m

i

m

i

c

i

m

i

c

c

c

c
mi

mic c

i

mic c

c

Figure 3.6: A non-compactsuffix trie(left) and a compactsuffix trieof S= mimic .

When we look to the space complexity of a suffix trie, either non-compact or compact, we

can formulate the following theorem:
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Theorem 3.2.1 ( space forSTrie(S) ). The space required forSTrie(S) wheren = |S|
is of complexityO(n2).

Proof. The size ofSTrie(S) is linear in the number of substrings ofS. S has at most

(n + 1)2 substrings. Thus, the size ofSTree(S) is O(n2).

The construction time of tries is strongly related to that of suffix trees and will not be treated

separately.

3.2.1.2 Suffix Trees

We can define a suffix tree to be a compacted suffix-trie. An independent definition of a

suffix tree is given below:

Definition 3.4 ( suffix tree ). A suffix treeT for a stringS (with n = |S|) is a rooted,

labeled tree with a leaf for each non-empty suffix ofS. Furthermore, a suffix tree satisfies

the following properties:

• Each internal node, other than the root, has at least two children;

• Each edge leaving a particular node is labeled with a non-empty substring of S of

which the first symbol is unique among all first symbols of the edge labels of the

edges leaving this particular node;

• For any leaf in the tree, the concatenation of the edge labels on the path from the root

to this leaf exactly spells out a non-empty suffix ofs.

For example, the suffix tree for the stringabacis shown in Figure 3.7.

a

bac c

bac c

Figure 3.7: Suffix tree forS = abac.

WhenS ends with an unique character as depicted in Figure 3.7, then the suffix tree will

have a leaf for each non-empty suffix and the tree conforms to Definition 3.4. WhenSdoes

not end with a unique character, we will end up with a constructed tree like the third tree

depicted in Figure 3.8 which represents the suffix tree of stringaba. Here, the suffixa
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a ab b aba ba a

bac c

bac c

Figure 3.8: Implicit suffix trees for each suffix exceptε in S = abac.

ends in an internal node. WhenS does not end with a unique character like in phase 3 of

Figure 3.8, the resulting tree will have fewer leaves than suffixes because at least one of the

suffixes ofS is a prefix of another suffix. Henceforth, we call such a tree animplicit suffix

tree. To refer to the positions of strings in a suffix tree that do not have a corresponding node

in the suffix tree, due to path compression, we introduce the conceptpoint in Definition 3.5.

Definition 3.5 ( point ). For each substringα of the string to represent in the suffix tree,

Point(α) is a triple(v, d, c) wherev is the node of maximum depth that represents a prefix

of α, calledβ, whered = |α| − |β| andc is the|β|+ 1-st symbol ofα whenα 6= β.

Less formally, we could say that when we traverse the suffix tree following the edges whose

edge labels concatenate to the largest possible prefix ofα, v is the last node on this path and

d is the number of remaining symbols on the outgoing edge fromv that starts with symbol

c.

By adding a unique terminal symbol (e.g. $) at the end ofS, we can ensure that every non-

empty suffix ofShas a leaf again (Figure 3.8, phase 4). In conclusion, we can say that the

final tree hasn leaves, one for each non-empty suffix ofS$. Therefore, since each internal

node has at least two outgoing edges and at maximum one incoming edge, the number of

nodes is at most2n.

3.2.2 Ukkonen’s suffix tree algorithm

There are three basic algorithms to build a suffix tree: Weiner’s, McCreight’s and Ukko-

nen’s. Weiner [1973] presented the first linear time suffix tree construction algorithm. Mc-

Creight [1976] gave a simpler and less space consuming version, which became the standard

in research on suffix trees. In this thesis, we consider Ukkonen’s algorithm [1995] since it

has the advantage over the algorithm of McCreight that it builds the tree incrementally from

left to right instead of vice versa. This makes it more practical to use for applications such

as data compression. Let us now take the same approach as in [Gusfield, 1997] by consider-
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ing a naive way to construct a suffix tree and see how we can reduce the primary measures

of complexity, running time and space usage, toO(m) for both.

In the end, we want allm suffixes of stringS = a1 · · · am with m = |S| to be present in

the suffix tree. In order to do that we process each prefix ending atS[i] of S, starting with

i = 1 and incrementingi until i = m. For each prefixS[1..i] we consider every suffix

S[j..i] where1 ≤ j ≤ i.

This will give us the following algorithm in pseudo-code:

Algorithm 3: Naive suffix tree construction

1: for i from 1 to m do { prefix phase}
2: for j from 1 to i do { suffix phase}
3: α = S[j..i− j]
4: p = Find endof path from root(α )
5: Apply suffix extensionrules( p,S[i] )
6: end for
7: end for

3.2.2.1 Suffix extension rules

In Algorithm 3 the two for-loops already make time complexity of the algorithmO(m2).
α represents the substring (suffix) that is not yet expressed by the suffix tree that has been

built so far. The routineFind endof path from root() finds thepoint in the tree for which

the path from the root to this point is the maximum prefix that can be represented in the

tree. Because in the worst case, this routine has to walk from the root node to a leaf node, it

makes the naive algorithm ofO(m3) complexity. The routineApply suffixextensionrules()

is of constant complexity as will become clear in the following three rules that are applied

in the routine.

• Rule 1IF pathα ends in a leaf node THENS[i] is added to the end of the label of that

edge;

• Rule 2IF there is no path from the end ofα continuing withS[i] THEN:

– a. IF α ends inside an edge THEN create a new internal node, splitting the edge

in two edges.

– b. Create a new leaf edge starting fromα labeled withS[i].

• Rule 3IF there is a path continuing withS[i] whereα ends THEN do nothing.

To illustrate these rules, let us consider the process of building a suffix tree for the stringS =
abac. We can see the process of constructing a suffix tree ofS as creating and extending a

34



Table 3.1: Suffix extension rules to be applied when building upSTree(abac)
1st tree 2nd tree 3rd tree 4th tree
S[i] = a S[i] = b S[i] = a S[i] = c

α = ε ⇒ R2b α = a ⇒ R1 α = ab ⇒ R1 α = aba ⇒ R1
α = ε ⇒ R2b α = b ⇒ R1 α = ba ⇒ R1

α = ε α = a ⇒ R2a+b
α = ε ⇒ R2b

suffix tree for each prefix inS. We start with just a single node: the root. Since we only have

the root node we can immediately apply the suffix extension rules. From the root node there

is no path continuing withS[i] = a so we apply rule 2. Rule 2a is conditioned and does not

apply in this case. 2b, however, always applies and we create a new leaf with edge starting

from the root node and labeled withS[i] (see the first tree of Figure 3.8). Likewise, the trees

for the other prefixes are built and depicted in Figure 3.8. The corresponding values forα

andS[i] in each construction step as well as the rules applied can be found in Table 3.1.

3.2.2.2 Edge-label compression

In Definition 1.10 we defined an edge as a pair of nodes:ek = (vi, vj). In an edge-labeled

tree we could define the label as a stringL with n = |L| andn > 0 and redefine an edge to

be a triple consisting of two nodes and the label string:ek = (vi, vj , L).

When storing all the edge labels, the suffix tree requiresO(m2) space: when we have a

stringS with m = |S| there arem + 1 possible suffixes that can have a maximum length

of m characters. We can reduce the space needed to store the edge labels by using a pair

of pointers〈p, q〉: ek = (vi, vj , 〈p, q〉). Here, a pointer consists of a numerical value that

indicates a position in the input string. Thus,p points to the first symbol of the edge label

in the input string whereasq points to the last symbol of the edge label in the input string.

SinceSTree(S) has at most2m− 1 edges, the edge labels can occupy at most2(2m− 1)
space and thus we have reduced the necessary space for a suffix tree fromO(m2) to O(m).
The edge-label compression is illustrated in Figure 3.9

3.2.2.3 Suffix links

In Algorithm 3, the routineFind endof path from root() requires us for every suffix phase

to traverse through the suffix tree and to consider the edge labels on the way until we find

the path to the point where we can apply the suffix extension rules. It would be a saving

in construction time when we could simply ’jump’ from the end of the path of suffix phase

j−1 to the end of the path of the suffix phasej and avoid full traversal. This can be achieved

by usingsuffix links.
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abcd

efgh ijkl

bcd

efgh ijkl

1,4

5,8 13,16

2,4

5,8 13,16

Figure 3.9: The left tree is a fragment of a suffix tree with explicit edge labels whereas the
right tree shows pointers to positions inS = abcdefghabcdijkl.

Definition 3.6 ( suffix link ). Let S be a string andSTree(S) = (V,E) whereV is a finite

set ofnodes: V = {v1, v2, · · · , vn} andE is a finite set ofedges. Let xα be a string where

x ∈ Σ+ andα is a substring of S. Let apath-labelof a node be the label of a path from

the root to this node. Letv be a node (v ∈ V ) with path-labelxα andv is internal, if there

is a s(v) ∈ V with path-labelα, then a pointer fromv to s(v) is called asuffix link and

is denoted as the pair〈v, s(v)〉. In the case whenx = ε, the suffix link with path-labelxα

goes to the root node.

The suffix links are illustrated in Figure 3.10, where the suffix link(1, 5) makes a jump

from suffix bac to suffixac possible.

1

2 3

4 5

6 7

ba

bac c

c a

bac c

Figure 3.10: STree(S) forS = babac with suffix links (1, 5) and(5, root).

Using the suffix links, we only need to traverse from the root node to the leaf node in the

first suffix phase of a particular prefix phase. The remaining suffixes in the prefix phase can

be traversed by following the suffix links according to Algorithm 4.

Although the use of suffix links reduces the number of operations needed to find the end

of a path in the suffix phase, we still cannot reduceO(m3) since the traversal of edges

requires us to consider every full edge label. After following the suffix link, Algorithm 4
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Algorithm 4: Less naive suffix tree construction (includes suffix links)

Require: S, α, γ : string
i, j, m : integer
p : point

1: for i from 1 to m do {prefix phase}
2: for j from 1 to i do {suffix phase}
3: α = S[j..i− j]
4: if j > 1 then
5: Find the first nodev at or above the end ofS[j−1..i−1] that either has a suffix

link from it or is the root.
6: Letγ (possibly empty) denote the string betweenv and the end ofS[j−1..i−1].
7: if v 6= root then
8: Traverse the suffix link fromv to s(v)
9: Follow froms(v) the pathγ

10: else
11: p = Find endof path from root(α )
12: end if
13: else
14: p = Find endof path from root(α )
15: end if
16: Apply suffix extensionrules( p ,S[i] )
17: if (j > 1) and (an internal nodew was created in suffix phasej − 1) then
18: Create a suffix link (w, v) in w
19: end if
20: end for
21: end for
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line 9 walks down froms(v) following the path forγ. This walk takes time proportional

to |γ|, the number of characters on the path to follow. We can reduce the time complexity

to traverse an edge from its parent node to its child node to constant time by making use of

the knowledge that no two edges leaving the same node can have a label beginning with the

same character. Identifying and following an edge by only comparing the first character of

the label makes the total time to traverse a path proportional to the number of nodes on the

path, which is bound by3m over a particular prefix phase5, making the total required time

for traversing all the edges in a prefix phaseO(m).

When having reduced each suffix phase toO(m), Algorithm 4 can be implemented to run

in O(m2) time.

3.2.2.4 Reducing suffix phases toO(1)

When we can manage to bring down the running time of each suffix phase to constant time,

our algorithm will be able to construct a complete suffix tree inO(m) time. A formal

proof goes beyond the scope of this thesis, but can be found in [Ukkonen, 1995]. In order

to achieve this bound, we restrict the region in the tree we have to consider for possible

updating according to the following principles.

Once a leaf node, always a leaf node

One of the characteristics of a suffix tree is that a node that is created to be a leaf will always

remain a leaf node during the successive prefix phases. It will never be given a descendant

and the label of the incoming edge can extend by suffix extension rule 1.

This means that we can extend all the edge labels of incoming edges to leaf nodes withS[i]
instead of suffix tree traversal and applying rule 1 for every suffixS[j..i− j] of a particular

prefix. Even more efficient is to set the edge labels of the incoming edges of leaf nodes to

represent all the characters from the first character of the edge label to the last character of

S. This will make rule 1 completely obsolete.

Confine the range for tree updating

In the previous paragraph, we concluded that leaf nodes will not contribute in changing the

topology of the suffix tree. The introduction of the suffix link allows us to define a region in

the suffix tree where the suffix tree can be changed and in conclusion restrict the updating

and cut the running time complexity.

When updating a suffix tree, let us define the point of greatest depth where the suffix tree

might need to be altered in prefix phasei theactive point(AP for short) of the tree. All the

suffixes that are longer than the suffix ending at the AP will end in leaf nodes whereas none

of the suffixes that are shorter than the suffix ending at the AP will end in leaf nodes. Other

points that might need to be altered can be found starting from the AP, traversing by suffix

5For proof, see [Gusfield, 1997]

38



links to the next smaller suffix ending at the smallest suffix: the empty string.

Using the AP opposed to the fixed root node as starting point of the updating process implies

that we have to redefine the way how we indicate the ending point of a suffix in a suffix tree.

Let us consider the implicitSTree(S) for S = abacab in Figure 3.11. If the root would

always be the starting point, we could simply refer to suffixab assuf = ab. If the starting

point is not fixed, we can specify the node that is the closest parent to then end of the suffix

together with the remaining path from this node, referring to suffixab assuf = (3, b). The

latter representation of the suffix is better known as thecanonical representation.

bacab

0

2
a

0

3

bacab

3

1
cab

3

4

cab

0

5

Figure 3.11: ImplicitSTree(abacab).

In any prefix phase, if suffix extension rule 3 applies (i.e. the suffix ends in an edge) in

suffix phasej, it will also apply in all further suffix phases (j + 1 to i) in the prefix phase.

Thus, from the moment rule 3 applies for the first time in a prefix phasei, no alterations

will happen ini and we can define this moment to be theend point(EP for short).

The AP and the EP define exactly the region in which the topology of the tree might change

during updating. By restricting the update part of the algorithm to this region and combining

this strategy with the knowledge gained in the previous paragraph:once a leaf node, always

a leaf node, the suffix phase is restricted toO(m) construction time complexity.

3.2.3 From strings to corpora

In the previous sections we have studied the construction of a suffix tree in the context of

matching substrings in strings. However, we do not want to build a suffix tree for a particular

string, but to build a suffix tree for a sentence. This involves a change in the alphabet: that

of characters as symbols to words as symbols. Until now we have assumed that the alphabet

is small and constant (|Σ| = 26), but when we consider a natural language the alphabet is

considerably larger, depending on the nature of the corpus considered. In order to find an

outgoing edge of a node in constant time, we would need an array of size|Σ| for each node

and subsequently haveO(m|Σ|) data structure size and time complexity. A practical way
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to reduce complexity is to use a global hash table where the edges are stored and where the

hash key consists of the concatenation of node identifier and the first symbol of the edge

label. The time to find an edge can then be kept near-constant. The size of the hash table

will have an upper bound of2m, since each internal node will have at most one parent.

In addition, we want to be able to build a suffix tree of an entire corpus, i.e. a collection of

sentences. A corpus can, of course, be defined as a single string with a newline character

or another character (e.g. full stop) as delimiter, but this would raise problems of both

theoretical and practical point of view.

Whereas a suffix tree of a string has characters as elements, a suffix tree of a corpus has

words as elements. Because characters take a low amount of space storage it has no sense

to do something with recurring characters. However, when we consider the sentences in a

corpus, words occupy a lot more space. A first optimalization can be realized by represent-

ing every distinct word with a unique identifier (e.g. an integer value) and keeping a table

with the words and their corresponding identifiers. In this way, recurring words have the

same identifier and the space needed to represent the corpus can be reduced. This situation

is depicted in Figure 3.12 for the subsentencede man en de kat6. When we have efficiënt

man en de kat 

en de kat 

de 
man en de kat 

kat 

kat 

2 3 1 4 

3 1 4 

1 
2 3 1 4 

4 

4 

Figure 3.12: A suffix tree forS = de man en de katwith word identifiers

storage of the words in the suffix tree we could, naively, consider the corpus as a single

string with unique (alphanumerical) delimiters that mark the sentence. In Figure 3.13 the

delimiters for sentence 1:deman and sentence 2:dekat are resp. ’%’ and ’$’. As can be

seen in the figure, the problem with this approach is that without truncation, the suffixes for

a sentence in the beginning of the corpus will continue till the end of the corpus. This prob-

lem can be solved by truncating every suffix just before the first sentence delimiter found.

However, this solution is not elegant and the storage of a full size corpus in a single string

may lead to implementational problems.

A better approach is to use a string for each single sentence. No explicit delimiters are

6the man and the cat.
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2%13$ %13$ 1

2%13$ 3$

3$ $

Figure 3.13: A suffix tree forde man % de kat$

needed since the end of the string indicates the end of the sentence. This approach is more

elegant and it requires only few changes to be made to the construction algorithm.

In the first place, we need to reconsider the way edge-label compression was defined in

Subsection 3.2.2.2. Remember that in a particular edge, the pair of pointers〈p, q〉 indicated

the position of the first and last character of an edge label in the input string. But when

the input consists of a set of sentencesS, and we allow the pointers to be numerical values

indicating a position in a string, we need to keep track of the sentence to which the pointers

are referring to. For a particular edgek in the set of edgese, with ek = (vi, vj , 〈p, q〉),
we should introduce a pointerr that points to a sentence inS, redefining an edgek as

ek = (vi, vj , 〈p, q〉, r).

In the second place, we need to take a look to node- and edge creation. In general, we can

assume that in the creation of a new edge while processing sentences, r will refer to sen-

tences. In thesplit operation, we need to make sure that the edges involved are instantiated

correctly and the edge label information is updated. Let us take a look to sentencesS1
7 and

S2
8 in Figure 3.14. Here, the left partial tree is constructed because of sentence 1. With

processing sentence 2, two new edges will be introduced withr = 2 and the edge labels of

the right partial tree will be constituted from more than once sentence. As mentioned ear-

lier, the sentences are represented by ordered lists of word identifiers. The split operation

involves addition of two new edges and a change in the label of the existent edge: the origin

node of this edge changes and the start positionp in the pair〈p, q〉 of its label changes.

Now, it is possible to build a single suffix tree over a whole corpus of sentences. The

7the dog.
8the cat.
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1

2

de hond

1

2

3

4

de

hond kat

S1 = [ 1 , 2 ]
S2 = [ 1 , 3 ]

1 de
2 hond
3 kat

(1,2,<1,2>,1)

(3,2,<2,2>,1)

(1,3,<1,2>,2)

(3,4,<2,2>,2)

Figure 3.14: Split operation in joint suffix tree forS1 = de hond, S2 = de kat

maximum of sentences that can be represented by a suffix tree has no theoretical bound and

is only bounded by computational resources.
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Chapter 4

Learning by alignment

In the previous chapter we have introduced two approaches to compare sentences and find

common substrings. In this chapter, we will consider how we can use both approaches to

come to hypotheses for constituents. The first approach, by edit distance, has been pursued

in [van Zaanen, 2002]. The second approach, by suffix tree, is brand new. In explaining the

conditions on hypotheses and describing the hypothesis space we will follow the definitions

and theorems as found in [van Zaanen, 2002]. The output of the algorithms, a set of hy-

potheses for constituents for each sentence, should have some properties that can be used to

determine how successful the alignment learning was. This issue will be addressed in Chap-

ter 5 where we will evaluate the output. As for the algorithms explained and constructed

in this chapter, we aim to use the notion of substitutability to find as many regularities in

natural language sentences as possible.

4.1 Hypotheses and the hypothesis space

In the first place, we need to determine whether a sentence that has changed because of

substitution is still a correct sentence, i.e. is avalid sentence. We can do this by looking for

occurrences of this sentence in the corpus and when at least one occurrence has been found,

the sentence is considered valid.

Theorem 4.1.1 ( validity ). A sentenceS is valid iff an occurrence ofS can be found in the

corpus.

Now we can define the notion of substitutability making use of validity as follows.

Definition 4.1 ( substitutability ). Let S andT be sentences withn = |S| andm = |T |.
Then, subsentencesuS

i...j andvT
k...l are substitutable for each other ifwS

0...i · vT
k...l ·wS

j...n and

wT
0...k · vS

i...j · wT
l...m are both valid.

43



From Definition 4.1 follows that sentenceS can be transformed in sentenceT by substitut-

ing one or more pairs of subsentences. When two subsentences can be substituted we can

introduce two constituent hypotheses.

Theorem 4.1.2 ( constituent hypotheses from subsentences ).If subsentencesuS
i...j and

vT
k...l are substitutable for each other then hypothesesh1 = 〈i, j, nt〉 for sentenceS and

h2 = 〈k, l, nt〉 for sentenceT are introduced in the hypothesis space. Here,nt denotes the

non-terminal that is common for both hypotheses.

Because each sentence in the corpus is compared to other sentences, one sentence of the

corpus can have many hypotheses. To store these hypotheses, each plain sentence is first

converted to a structure called afuzzy tree. This structure incorporates the sentence and

keeps a list of one or more hypotheses for this sentence. We will depict such a fuzzy tree

by the sentence involved and use labeled bracketing to indicate the hypotheses. Each of

the fuzzy trees consists initially of the plain sentence and a hypothesis indicating that the

sentence can be reached from the start symbol of the underlying grammar (i.e. the grammar

to be learned). As such, we can depict the fuzzy trees of the two sentencesJan loopt hard1

andJan loopt erg hard2 as in Example 4.1 and Example 4.2.

(4.1) [ Jan loopt hard]0

(4.2) [ Jan loopt erg hard]0

The algorithm that is needed to infer new hypotheses depends on the approach that is used.

For both approaches, an algorithm is given and explained.

4.2 Using edit distance

In definition 3.3 we have defined a link. For the sake of clarity, we re-introduce it.

Definition 4.2 ( link ). A link is a pair of indices〈iS , jT 〉 in two sentencesS andT , such

thatS[iS ] = T [jT ] andS[iS ] is aboveT [jT ] in the edit transcript ofS andT .

By creating links from an edit transcript of two sentences we can link the common words

like in Figure 4.1. Here, the links are〈1, 2〉, 〈4, 4〉 and〈5, 5〉. When we combine adjacent

links, such as the second and third link in Figure 4.1, we obtain equal subsentences. Two

links 〈i1, j1〉 and〈i2, j2〉 are adjacent when|i1 − i2| = |j1 − j2| = 1. From the maximal

span of adjacent links we can construct aword cluster.

1Jan walks fast
2Jan walks very fast
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kijk eens in de grote spiegel

ik kijk door de grote telescoop

Figure 4.1: Links between common words of two sentences

Definition 4.3 ( word cluster ). A word cluster is a pair of subsentencesuS
i...j andvT

k...l

of the same length whereuS
i...j = vT

k...l andi = k = 0 or elseS[i − 1] 6= T [k − 1] and

j = l = |S| or elseS[j + 1] 6= T [l + 1].

Subsentences that are identified as word clusters describe those parts of sentences that are

equal. To describe the parts of sentences that are unequal, we need to take the complement

of the subsentences identified as a word clusters.

Definition 4.4 ( complement ).The complement of a list of subsentences

[aS
i1...i2

, aS
i3...i4

, . . . , aS
in−1...in

] is the list of non-empty subsentences

[aS
i0...i1

, aS
i2...i3

, . . . , aS
in...i|S|

]

As soon as we have the indices of the complements, we have enough information to specify

hypotheses. We can incorporate the approach with edit distance in an algorithm that infers

new hypotheses by pairwise comparison of each fuzzy tree with each other fuzzy tree in the

hypothesis space. After each comparison, the two fuzzy trees involved are enriched with

newly inferred hypotheses and thus the hypothesis space is updated. This algorithm is given

in Algorithm 5. Here, the procedureFindSubstitutableSubsentencesfinds the substitutable

subsentences using edit distance when comparing two sentences whose fuzzy trees are given

as arguments. The procedureNewNonterminalreturns a new, unique non-terminal. This

non-terminal is simply an unsigned integer that is incremented and returned each time the

procedure is called. The procedureAddHypothesisadds its first argument, a hypothesis in

the form〈b, e, n〉, to the list of hypotheses of the fuzzy tree in its second argument.

The assumption that hypotheses in the same context will have the same non-terminal is not

always correct. Consider, for instance, the following fuzzy trees as a result of alignment

learning:

[ the cat drinks[ well ]1 ]0
[ the cat drinks[ milk ]1 ]0

Although well is an adjective andmilk is a noun, they are both assigned the same non-

terminal because of their identical context. In this case, the introduction of such hypotheses
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Algorithm 5: Edit distance alignment learning

Require: U: corpus
S: sentence
F,G: fuzzy tree
SS: list of pairs of pairs of indices in a sentence
PSS: pair of pairs of indices in a sentence
BF ,EF ,BG,EG: indices in a sentence
N: non-terminal
D: hypothesis space

1: for eachS ∈ U do
2: H := {〈0, |S|,startsymbol〉}
3: F := 〈S, H〉
4: for eachG ∈ D do
5: SS :=FindSubstitutableSubsentences(F,G)
6: for eachPSS ∈ SS do
7: 〈〈BF , EF 〉, 〈BG, EG〉〉 := PSS
8: N :=NewNonterminal()
9: AddHypothesis(〈BF , EF , N〉, F )

10: AddHypothesis(〈BG, EG, N〉, G)
11: end for
12: end for
13: D := D + F
14: end for

is not a problem, because the merging of non-terminals belonging to the same constituent

type can be done after the alignment on the basis of statistics.

4.3 Using suffix trees

If we want to use a suffix tree in a competitive alignment algorithm opposed to an alignment

algorithm using edit distance that allows to learn from large corpora, we need to keep the

time complexity of the competitive algorithm at most linear. As for the construction of a

suffix tree, we have already seen that this can be done inO(m), wherem is the size of the

corpus. The algorithm to derive the hypotheses from the suffix tree should be kept within

linear bounds too.

Let us consider a mini-corpusU1 consisting of two sentencesS1, S2 ∈ U1 as depicted in

the left side of Figure 4.2 and see how we can derive hypotheses from its suffix tree. If

we construct a suffix tree forU , its topology cab be depicted as in Figure 4.2. Here, the

numbers at the nodes of the tree are the node identifiers.
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S1 = de hond is snel3

S2 = de kat is lief4

U1 = [S1, S2]

0

1 3

5 8

6 9

2 7

de is

hond

is

snel

kat

is

lief

lief snel

hondissnel kat is lief

4 10

snel lief

Figure 4.2: CorpusU1 andSTree(U1)

Ideally, we would like to end up with two constituent types: one for the nouns and one

for the adjectives. For the sake of simplicity, we ignore the start symbol of the underlying

grammar that we discussed in Section 4.1.

de [hond]n is [snel]a
de [kat]n is [lief]a

Because of the nature of the suffix tree, all words or word clusters distributed over the

corpus that are alike have a joint edge starting at the root and ending at an internal node.

In Figure 4.2 these edges are〈0, 5〉 and〈0, 8〉. The internal node marks the location in the

sentences that have this node in their path were differences occur after having a word or

word cluster in common. Thus, we can use the internal nodes to set the opening brackets of

constituents:

de [n hond is [a snel

de [n kat is [a lief

A fist major advantage with respect to the edit distance approach is that we do not need to

compare sentences pairwise. As soon as a suffix tree of the corpus is constructed, all edges

leaving a particular internal node are supposed to indicate the start of the same constituent

type in the sentences that use these edges.

To find the closing brackets of the constituents is somewhat more difficult. In the next

subsections we first will look to the modifications in the suffix tree and the suffix tree con-
3the dog is quick.
4the cat is nice.
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struction algorithm that are needed to indicate the position of the opening brackets of con-

stituents. Then we will look to the possibilities of placing closing brackets. Our first attempt

will be to place the closing brackets at the end of each sentence. Our second attempt will be

to introduce theprefix tree, a suffix tree of the corpus with sentences with reversed word or-

der, and use close brackets in the beginning and at the end of a sentence. The third approach

will combine prefix- and suffix trees to capture infixes as well.

4.3.1 Where do hypotheses start

In Figure 3.14 (Subsection 3.2.3) we have seen how a split operation introduces an internal

node in the suffix tree. In order to specify the edge labels, it was sufficient for each edge

object to have a index variable that pointed to the sentence where the edge label could be

identified. Thus, we redefined an edgek asek = (vi, vj , 〈p, q〉, r) in which r points to a

sentence in the corpus. Because of our desire for a particular edgeek to know in which

sentences and at which positions in these sentencesek plays a role, we introduce a listL of

sentence-index pairs and once more redefine an edgek asek = (vi, vj , 〈p, q〉, r, L). The list

L for each edge in a split operation is depicted in Figure 4.3. In the split operation, the list

de hond

de

hond kat

L=[<1,2>]

L=[<1,2>]

L=[<1,1>,<2,1>]

L=[<2,2>]

Figure 4.3: Sentence-position pairs before and after split operation

L of each newly introduced edge should be updated by combining the information of the

edge in which the split occurs and the information of the newly introduced edge.

With the sentence information stored in each edge, we can construct an algorithm that con-

siders each edge of the suffix tree and processes those edges that have more than one pair

in L. Our only concern now seems to be the placement of the closing brackets of the con-

stituents.

4.3.2 Closing hypotheses at the end of sentences

One simple solution to determine the position where to close the constituents is to place the

closing brackets at the end of the sentence. In case of our example the bracketing results in:

de [n hond is [a snel]a]n
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de [n kat is [a lief]a]n

The corresponding algorithm would be like Algorithm 6. The proceduresNewNonterminals

andAddHypothesisare the same as those used in Algorithm 5. In this algorithm, a suffix

Algorithm 6: Suffix tree alignment learning 1

Require: U : corpus
S : sentenceF : fuzzy tree
L : list of sentence-index pairs
I : index in a sentence
N : non-terminal
D : hypothesis space

1: for eachS ∈ U do
2: H := {〈0, |S|,startsymbol〉}
3: F := 〈S, H〉
4: D := D + F
5: end for
6: Construct STree(U )
7: for eachedgek ∈ STree(U ) leaving the rootdo
8: if |Lk| > 0 then
9: N :=NewNonterminal()

10: for eachpair 〈S, I〉 ∈ Lk do
11: AddHypothesis(〈I, |S|, N〉, FS)
12: end for
13: end if
14: end for

tree is build from the entire corpus. Each edge of the suffix tree is considered and those

edges that are used in more sentences at the same time give rise to a new constituent type.

A matter of concern in this algorithm based on suffix trees might be the fact that in case

of a word cluster, a constituent type can be introduced multiple times depending on the

span of the word cluster. For instance, let us take corpusU2 andSTree(U2) in Figure 4.4.

Becauseerg is a suffix ofis erg (there is a suffix link from node 6 pointing to node 8), the

opening bracket aftererg will be introduced twice in the two sentences. This will not be a

problem because the updating of a fuzzy trees does not allow the presence of doubles and if

the updating process would allow the presence of doubles they would be clustered together

in a post-alignment cluster phase. Nevertheless, it is more elegant if a particular opening

bracket is introduced only once. We can achieve this by making use of the possible presence

of suffix links for the end node of the edge under consideration and determine if an edge is

involved in representing a suffix of the edge label of an edge that has already been used to

introduce one or multiple opening brackets.

5he is very quick
6she is very nice
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S1 = hij is erg snel5

S2 = ze is erg lief6

U2 = [S1, S2]

0

2 3

6

8

7 9

1 5

is erg

erg

snel lief
lief snel

hijisergsnel ze is erg lief

4 10

snel lief

Figure 4.4: CorpusU2 andSTree(U2)

As we have seen, a suffix tree allows us to find the positions in sentences where unequal

parts initiate. Furthermore, we are also interested in the positions where unequal parts are

followed by equal parts. We could use the same suffix tree for this purpose and consider the

start positions of the edges from the root belonging to multiple sentences. However, in this

situation the matter of concern described in the previous paragraphdoespose a problem

since the consideration of edge〈0, 6〉 would correctly result in placing a closing bracket

in front of is erg but the consideration of edge〈0, 8〉would incorrectly result in placing a

closing bracket in front oferg. The use of aprefix treesolves this problem. A prefix tree

is simply a suffix tree of the corpus with all sentences in reversed word order. When we

construct a prefix tree for the corpusU2 we get a suffix tree like depicted in Figure 4.5.

Now we can use the prefix tree for placing closing brackets like we used the suffix tree for

S
′
1 = snel erg is hij

S
′
2 = lief erg is ze

U
′
2 = [S

′
1, S

′
2]

0

2 3

6

8

7 9

1 5

erg is

is

hij ze
ze hij

snelergishij lief erg is ze

4 10

hij ze

Figure 4.5: CorpusU
′
2 andSTree(U

′
2)

placing opening brackets. We still have two joint edges, but now their labels end at the
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position where differences start to occur. Now we can construct an algorithm that takes into

account non-similar prefixes too (Algorithm 7) and place corresponding opening brackets

at the beginning of sentences.

Algorithm 7: Suffix tree alignment learning 2

Require: U : corpus
U

′
: reversed U

S : sentenceF : fuzzy tree
L : list of sentence-index pairs
I : index in a sentence
N : non-terminal
D : hypothesis space

1: for eachS ∈ U do
2: H := {〈0, |S|,startsymbol〉}
3: F := 〈S, H〉
4: D := D + F
5: end for
6: Construct STree(U )
7: Construct STree(U

′
)

8: for eachedgek ∈ STree(U ) leaving the rootdo
9: if |Lk| > 0 then

10: N :=NewNonterminal()
11: for eachpair 〈S, I〉 ∈ Lk do
12: AddHypothesis(〈I, |S|, N〉, FS)
13: end for
14: end if
15: end for
16: for eachedgek ∈ STree(U

′
) leaving the rootdo

17: if |Lk| > 0 then
18: N :=NewNonterminal()
19: for eachpair 〈S, I〉 ∈ Lk do
20: AddHypothesis(〈0, I, N〉, FS)
21: end for
22: end if
23: end for

When we use the sentences from Figure 4.4, we would obtain the following bracketing:

[2 hij ]2 is erg[1 snel]1
[2 ze]2 is erg[1 lief ]1

This bracketing looks promising, but only has success when there is only one common

part over the compared sentences. Preferably, we would like to match opening and closing

brackets in such a way that they yield not only suffix- and prefix hypotheses, but also infix

hypotheses. The only problem is that we do not know which opening bracket should be
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matched with which closing bracket. Consider the following three sentences after placement

of brackets according to their joint suffix tree and prefix tree:

ze[1 loopt ]2 snel]3 weg7

ze[1 is ]2 snel8

ze[1 gaat]3 weg9

What we can do is pair each opening bracket at positionp in a sentence with each fol-

lowing closing bracket in this sentence that occurs afterp and keep a storage with global

scope where these pairs are assigned a joint identifier. In the sentences on the left side of

Figure 4.6, the opening and closing brackets are placed according to information from the

suffix tree and prefix tree respectively. The table in the middle of the figure represents the

storage that contains the joint identifier for each unique pair of brackets. The sentences on

the right side of the figure are those where the storage is used to replace the identifier of the

brackets in one pair with the joint identifier. For the sake of simplicity, we omit placing an

initial opening and a closing bracket at the beginning and the end of each sentence.

ze[1 loopt ]2 snel]3 weg
ze[1 is ]2 snel
ze[1 gaat]3 weg

1 ↔ 2 4
1 ↔ 3 5

ze[ [ loopt ]4 snel]5 weg
ze[ is ]4 snel
ze[ gaat]5 weg

Figure 4.6: Matching opening and closing brackets in hypotheses generation.

A major difference with earlier algorithms is that we can now distinguish two phases. In the

first phase, we use a data objectP to keep for each sentence two sets of position elements:

one for the opening brackets and one for the closing brackets. The set corresponding to the

opening brackets is populated using information from the suffix tree. This set for a sentence

S is denoted assuffixset(S). The set corresponding to the closing brackets is populated using

information from the prefix tree. This set for a sentenceS is denoted asprefixset(S). In the

second phase, for each sentenceS, brackets from the suffix set are matched with brackets

from the prefix set and the resulting hypotheses are added to the fuzzy tree of sentenceS.

An algorithm that makes this possible is Algorithm 8.

In this algorithm, the procedureAddBracketadds a bracket position toP . The procedure

takes as arguments the type of bracket (opening/closing), the sentence and the position in

this sentence where the bracket should occur.

In conclusion of this chapter, we have introduced one alignment algorithm based on edit

distance and three alignment algorithms based on the suffix tree data structure. The first

algorithm (Algorithm 5) uses edit distance computation to introduce hypotheses. This al-

gorithm has already been deployed in ABL. The second algorithm (Algorithm 6) uses the

7she walks away quickly
8she is quick
9she leaves
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Algorithm 8: Suffix tree alignment learning 3

Require: U : corpus
U

′
: reversed U

S : sentenceF : fuzzy tree
P : data object for bracket positions
L : list of sentence-index pairs in suffix tree
I : index in a sentence
N : non-terminal
T : type of bracket (opening/closing)

1: Construct STree(U )
2: Construct STree(U

′
)

{ Phase 1}
3: for eachedgek ∈ STree(U ) leaving the rootdo
4: if |Lk| > 0 then
5: for eachpair 〈S, I〉 ∈ Lk do
6: AddBracket(T, S, I)
7: end for
8: end if
9: end for

10: for eachedgek ∈ STree(U
′
) leaving the rootdo

11: if |Lk| > 0 then
12: N :=NewNonterminal()
13: for eachpair 〈S, I〉 ∈ Lk do
14: AddBracket(T, S, I)
15: end for
16: end if
17: end for

{ Phase 2}
18: for eachsentenceS ∈ U do
19: for each I1 ∈ suffixset(S) do
20: for each I2 ∈ prefixset(S) whereI2 > I1 do
21: N :=NewNonterminal()
22: AddHypothesis(〈I1, I2, N〉, FS)
23: end for
24: end for
25: end for
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suffix tree to determine the start position of a hypothesis and closed the hypothesis at the

end of the sentence. The third algorithm (Algorithm 7) introduces additional hypotheses

of which the stop position is determined by information from the prefix tree and the start

position is the beginning of the sentence. The last algorithm (Algorithm 8) matches start

positions derived from the suffix tree with stop positions derived from the prefix tree. When

we look to the three suffix tree algorithms, it is evident that their output is different. The

first suffix tree algorithm introduces the lowest number of hypotheses whereas the last suffix

tree algorithm introduces the highest number of hypotheses and produces output that is the

most equivalent to the output of the edit distance algorithm.
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Chapter 5

Empirical Results

In this chapter, we will evaluate how both approaches, alignment using edit distance and

alignment using suffix trees, perform with respect to a full learning task of grammatical

inference. First, the framework in which both approaches will be evaluated (ABL) is de-

scribed. Second, the metrics used to evaluate the output of the algorithms are explained.

Third, the results of both approaches on several corpora of various size are presented and

discussed.

5.1 ABL framework

The environment in which both approaches of alignment are tested is that of ABL. This

framework can be divided in several phases1, depending on the parameters of the system.

Here, we divide the framework in thealignment learningphase and theselection learning

phase.

In thealignment learningphase, possible constituents (hypotheses) are found in plain text

sentences using a particular alignment method. Thus, the input for this phase is a plain text

corpus and the output of this phase consists of each plain sentence followed by the possible

constituents found for each sentence. In Example 5.1, the constituent hypotheses are again

in the format(start position,stop position,[non-terminal]).

(5.1)

INPUT she is nice

he is nice too

OUTPUT she is nice (0,3,[0])(0,1,[1])(3,3,[2])

he is nice too (0,4,[0])(0,1,[1])(3,4,[2])

By default, the sentences are aligned and hypotheses proposed using the method of comput-

ing the edit distance for each pair of sentences. Since we now have a new approach based on
1A more elaborate description of each phase and possible instantiations of phases can be found in [van

Zaanen, 2002].
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suffix trees, this approach can be used as an alternative to do the alignment learning phase.

In [van Zaanen, 2002], two variants of alignment learning using edit distance are introduced

which are calleddefaultandbiased. The difference is in the cost for the edit operations.

Where thedefaultvariant simply uses the costs1, 1, 2 for insertion, deletion and substitu-

tion respectively, thebiasedvariant uses the costs1, 1 for insertion and deletion too, but

uses a cost function for substitution that favors substitution of parts that are relatively closer

to each other2.

After alignment learning, two or more constituent hypotheses in a sentence can overlap.

This will be the case for the second sentence in Example 5.2. The hypotheses are shown

using bracketing where the label of the bracket denotes its non-terminal.

(5.2)

[1 He buys ]1 a book

[1 She [2 reads ]1 a book ]2
She [2 walks often ]2

Now, if we assume that the grammar to be learned is context-free and the bracketing reflects

the rewriting of non-terminals in a derivation of the sentence, no overlapping constituents

should be present and a choice must be made for one of the hypotheses. These choices are

being made in theselection learningphase. In this phase, the best hypotheses are selected.

This is can be done in a non-probabilistic and a probabilistic way. In case of the latter, the

probability of each hypothesis is computed and the hypotheses with higher probability are

preferred.

In describing the alignment learning phase, we have implied that this phase can be done

by both the edit distance and suffix tree approaches. However, because the edit distance

approach compares sentences pairwise, hypotheses that occur in the same context do not

all receive the same non-terminal and, subsequently, we need to do some post-alignment

processing before initiating the selection learning phase. For instance, consider the result of

the alignment learning phase using edit distance:

(5.3)

INPUT she walks.

she sleeps.

she eats.

OUTPUT she walks (0,2,[0])(1,2,[1,2])

she sleeps (1,2,[1,3])(0,2,[0])

she eats (1,2,[2,3])(0,2,[0])

By the knowledge that non-terminals1 and2 are identical and the knowledge that non-

terminals2 and3 are identical, we can infer that1, 2, 3 are identical and replace them with

just one non-terminal.

2for more details on the biased variant, see [van Zaanen, 2002]
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The performance of the overall system depends on the performance of the alignment learn-

ing phase (in providing as many correct hypotheses as possible and at the same time as

few incorrect hypotheses as possible) and the selection learning phase (in selecting the right

hypotheses as the correct constituents).

5.2 Evaluating performance

To evaluate the performance of a language learning system, several methods can be used.

The method used here requires the existence of atreebank: a corpus where each of the

sentences is bracketed such that the bracketing indicates the parse tree(s) of this sentence.

An example of a sentence from a treebank with the corresponding visualized tree is given in

Figure 5.1. In the method we are using, we consider the syntactic structures in the treebank

(S
(NP-SBJ I/PRP )
(VP want/VBP

(NP
(NP a/DT flight/NN )

(PP-DIR from/IN
(NP Ontario/NNP ))

(PP-DIR to/TO
(NP Chicago/NNP ))

)
)

)

S
PPPP
����

NP

I

VP
XXXXX

�����
V

want

NP̀
`````̀��

       
NP
cc##

a flight

PP
aaa
!!!

from Ontario

PP
HHH

���
to Chicago

Figure 5.1: Treebank fragment for the sentenceI want a flight from Ontario to Chicago

a gold standard (we consider it to be completely correct). From this ‘original’ treebank,

a corpus of plain sentences is extracted and given as input for the learning process. The

results of the learning process are stored in another treebank. By comparing the learned

treebank with the original treebank, the learning process can be evaluated. We can do this

by counting the number of constituents in the learned treebank that also occur in the gold

standard treebank and use metrics such as recall and precision to determine the performance

of the grammar that has been learned. The evaluation method described is depicted in

Figure 5.2.

Before defining the metrics precision and recall in the context of constituents, we defineS

to be the set of all sentences. For sentences ∈ S, the function o(s) returns the tree ofs from

the original treebank and the function l(s) returns the tree ofs from the learned treebank.

The function c(t, u) returns the set of constituents that both occur in treet and treeu. By

taking the cardinality of a tree, we expect to get the number of constituents in this tree in
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Figure 5.2: Evaluating a learned treebank

return. In order to express the performance of the learning system, we use three metrics well

known in information retrieval. The first one,recall, shows the percentage of constituents

from the original treebank that have been learned:

Definition 5.1 ( constituent recall ).

recall=
∑
s∈S

|c(o(s), l(s))|
|o(s)|

The second one,precision, shows the percentage of constituents found that are correct:

Definition 5.2 ( constituent precision ).

precision=
∑
s∈S

|c(o(s), l(s))|
|l(s)|

Occasionally, it is desirable to express both recall and precision in one metric: theF-score.

This metric has a parameter,β, that makes the precision more important when being in-

creased. Usually,β = 1, which makes recall and precision both as important.

Definition 5.3 ( F-score ).

F (β) =
(β2 + 1)× precision× recall

(β2 × precision) + recall

As might be clear from Section 5.1, we are particularly interested in how the alignment

learning phase performs when using Levenshtein distance and when using suffix trees. In

order to compare the performance on the learning task, we have to keep the performance of

the selection learning phase constant. We do this by assuming the perfect selection learning.

This means that from the hypotheses in its input, the selection learning process selects

only those hypotheses that are also present in the original treebank. Since only correct

hypotheses are selected from the learned treebank, the precision in these kind of experiments
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is 100% and the recall indicates how many of the correct constituents are selected from the

hypothesis space. The selection learning can never improve on these metric values. When

we incorporate the two main phases of ABL in the evaluation scheme of Figure 5.2, and

simulate the perfect selection learning with a process we callmaxscore, we can depict the

evaluation environment as in Figure 5.3.

extract
sentences

original
treebank

plain
corpus

alignment
learning

learned
treebank

compare
treebanks results

selection
learning

max_score

Figure 5.3: Evaluation with ABL

5.3 Performance on the ATIS corpus

The ATIS (Air Traffic Information System) treebank is taken from the Penn treebank [Mar-

cus et al., 1993] and contains mostly questions and imperatives on air traffic. It contains 568

sentences with a mean length of 7.5 words per sentence and the lexicon size is 358 words.

Examples of sentences from ATIS are given in Example 5.4.

(5.4) How much would the coach fare cost

Show me the flights from Baltimore to Seattle

Which are nonstop

The results of applying the alignment learning phase to the ATIS corpus and selecting only

the hypotheses that are present in the original treebank is given in Table 5.1. Here we use

the results for the edit distance alignment learning as presented in [van Zaanen, 2002]3

after having reproduced them and verified their validity. Besides thedefault andbiased

variants of alignment learning with edit distance, we also use a baseline, which is called

randombecause it randomly chooses between the two variants already mentioned and an

additional variant which aims to introduce almost all alignments and leaves a huge load

on the selection learning phase. As for the suffix tree alignment methods, we consider the

three methods we introduced in Chapter 4; we abbreviate Algorithm 6 assuf, Algorithm 7

aspresuf 1and Algorithm 8 aspresuf 2.

3Where van Zaanen uses a slightly different ATIS version of 577 sentences, we use the original Penn tree-
bank 2 ATIS version of 568 sentences.

59



Table 5.2 gives an overview of the number of hypotheses in the hypothesis space at two

moments in the learning process. In the first place we count the number of hypotheses as

the result of the alignment learning phase (columnlearned). In the second place, we count

the number of hypotheses as the result of the selection learning phase (columnbest). By

considering the two counts we can see how ‘generative’ the alignment learning was and

how many hypotheses were left in the hypothesis space (column% left). To get an idea

how the counts relate to the number of constituents in the original treebank, we counted

7,017 constituents for the ATIS. Note that the performance of the edit distance methods

depends on the order of the sentences in the corpus whereas the performance of the suffix

tree methods is invariant (hence their zero standard deviation).

Table 5.1: Results for alignment learning on the ATIS corpus
recall precision F-score

edit distance random 28.90 (0.85) 100.00 (0.00) 44.83 (0.70)
default 48.08 (0.09) 100.00 (0.00) 64.94 (0.08)
biased 19.52 (2.67) 100.00 (0.00) 32.60 (3.64)

suffix tree suf 27.41 (0.00) 100.00 (0.00) 43.03 (0.00)
presuf 1 31.25 (0.00) 100.00 (0.00) 47.62 (0.00)
presuf 2 38.35 (0.00) 100.00 (0.00) 55.44 (0.00)

Table 5.2: Number of hypotheses after alignment learning on the ATIS corpus
learned best % left

edit distance random 4,353 (0.0) 1,851 (25.6) 42.5
default 12,692 (8.8) 4,457 (4.4) 35.1
biased 2,189 (796.8) 1,175 (331.2) 53.7

suffix tree suf 2,966 (0.0) 1,680 (0.0) 56.6
presuf 1 5,780 (0.0) 2,223 (0.0) 38.5
presuf 2 13,460 (0.0) 4,204 (0.0) 31.2

When comparing the results of the three suffix tree alignment methods, we can indeed

observe the differences in the number of learned hypotheses as expected. We see a bigger

difference between method suf and presuf 1 than difference between presuf 1 and presuf 2.

This can be explained by considering the right-branching nature of the English language.

Since prefix hypotheses implicitly have a left-branching nature, the effect of including prefix

hypotheses (presuf 1) will not result in a high increase in recall. In the same line of thought,

we can predict the method suf to perform worse on corpora of left-branching languages

such as Japanese.

When we compare the recall of suffix tree alignment learning with edit distance alignment

learning we can see that all suffix tree methods outperform method biased and presuf 1 and

presuf 2 perform better than our baseline method (random). Although presuf 2 performs

reasonably well, the default method performs better significantly. As for the number of

hypotheses that are found, we can observe that there are no major differences. The methods

default and presuf 2 both introduce the most hypotheses.
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5.4 Performance on the OVIS corpus

The OVIS (Openbaar Vervoer Informatie Systeem)4 is a Dutch treebank that contains mostly

questions, imperatives and answers in on public transport in the Netherlands. It contains

10,000 trees of sentences with a mean length of 3.5 words. Examples of sentences from

OVIS are given in Example 5.5.

(5.5) Ik wil graag van Den Haag Mariahoeve naar Amsterdam Centraal.5

Nee dank u.6

om half twaalf.7

Because the OVIS contains many trees of one-word ‘sentences’, in which we are not inter-

ested, we will use a subset of the OVIS in which one-word entries are removed. This subset

has 6,797 sentences with a mean sentence length of 4.6 words. The lexicon of this subset

contains 824 words and the subset itself has 54,452 constituents.

The results of applying the various alignment learning methods are given in Table 5.3 and

the numbers of constituents are given in Table 5.4.

Table 5.3: Results for alignment learning on the OVIS corpus
recall precision F-score

edit distance random 52.73 (0.09) 100.00 (0.00) 69.05 (0.40)
default 94.22 (0.04) 100.00 (0.00) 97.02 (0.02)
biased 53.65 (2.27) 100.00 (0.00) 69.81 (1.93)

suffix tree suf 32.68 (0.00) 100.00 (0.00) 49.26 (0.00)
presuf 1 51.31 (0.00) 100.00 (0.00) 67.82 (0.00)
presuf 2 59.18 (0.00) 100.00 (0.00) 74.46 (0.00)

Table 5.4: Number of hypotheses after alignment learning on the OVIS corpus
learned best % left

edit distance random 34,221 (0.0) 22,301 (108.1) 56.2
default 123,699 (62.6) 50,365 (28.7) 40.7
biased 40,399 (1,506.6) 21,488 (1,049.8) 53.2

suffix tree suf 20,065 (0.0) 11,005 (0.0) 54.8
presuf 1 31,536 (0.0) 18,758 (0.0) 59.5
presuf 2 51,890 (0.0) 27,007 (0.0) 52.0

When we compare the recall of the best edit distance method (default) with that of the best

suffix tree method (presuf 2), we can see that method default performs very well with 94.22

percent recall. Although presuf 2 performs better than the baseline and the method biased,

4Literally translated asPublic Transport Information System.
5I want to go from Den Haag Mariahoeve to Amsterdam Central Station.
6No thank you.
7at half past eleven.
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the difference with method presuf 2 is remarkable. A first look on a small subset of the

data (say∼40 sentences) produced by both methods does not show much differences in the

hypotheses proposed and applying both methods on this subset results in the same recall

values. However, on bigger subsets the both recall values start to diverge. When we look

at the number of hypotheses, it becomes clear that at the end, the default method introduces

more hypotheses (at least a factor 2) than the presuf 2 method.

5.5 Performance on the Wall Street Journal corpus

The WSJ (Wall Street Journal) corpus consists of newspaper articles and is more complex

than the questions and imperatives in the ATIS and OVIS corpora. The WSJ has also a

much larger lexicon. It consists of several sections of which we shall use section 23, which

contains 1,904 sentences with an average sentence length of> 20 words and has informally

developed as test section of the WSJ corpus8. The lexicon of section 23 contains 8,135

words and the section has 65,382 constituents. Examples of sentences from section 23 of

the WSJ corpus are given in Example 5.6.

(5.6) Big investment banks refused to step up to the plate to support the beleaguered floor

traders by buying big blocks of stock.

Once again the specialists were not able to handle the imbalances on the floor of the

New York Stock Exchange.

When the dollar is in a free-fall, even central banks can’t stop it.

For the WSJ, we choose to test only with the best edit distance alignment method (default)

and the best suffix tree alignment method (presuf 2). When we apply these algorithms to

section 23 of the WSJ we obtain the results as presented in Table 5.5. The numbers of

constituents are given in Table 5.6.

Table 5.5: Results for alignment learning on section 23 of WSJ
recall precision F-score

edit distance default 53.26 (0.07) 100.00 (0.00) 69.50 (0.12)
suffix tree presuf 2 52.05 (0.00) 100.00 (0.00) 68.46 (0.00)

Table 5.6: Number of hypotheses after alignment learning on section 23 of WSJ
learned best % left

edit distance default 186,593 (94.3) 34,835 (19.7) 18.7
suffix tree presuf 2 280,789 (0.0) 34,031 (0.0) 12.1

In addition, we are interested what the results are for alignment learning on a large part of the

WSJ corpus. For this purpose, we use sections 02-21 (standard set) and 23 (test set) together.

8See e.g. [Charniak, 1997; Collins, 1997; van Zaanen, 2002].
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With a corpus of this size (38,009 sentences), edit distance alignment learning is not feasible

anymore. For this reason, we present the results for the suffix tree alignment learning only

(Table 5.7 and Table 5.8). The lexicon contains 40,982 words and this treebank fragment

has 1,355,210 constituents.

Table 5.7: Results for alignment learning on WSJ section 2-21+23
recall precision F-score

suffix tree presuf 2 37.27 (0.00) 100.00 (0.00) 54.30 (0.00)

Table 5.8: Number of hypotheses after alignment learning on WSJ section 2-21+23
learned best % left

suffix tree presuf 2 3,995,083 (0.0) 541,162 (0.0) 13.7

As can be observed, the recall has dropped considerably and more than 80 percent of the

constituents that have been introduced are removed. Compared with the performance on

the previous treebanks, these results are bad. It might be the case that certain types of

hypotheses that are valid constituents are not found and that this fraction of the total valid

constituents to be found gets larger with the corpus size.

5.6 Performance on execution time

Another type of comparison between the different approaches of alignment learning is to

consider the time it takes for both approaches to align a certain corpus. In Section 3.1, we

determined the complexity of comparing two strings ofn andm length using edit distance

to be at leastO(nm) + O(p(n + m)), wherep was the number of traces possible. When

we consider bothn andm to be constant (the maximum sentence length), the complexity

of aligning two corpus strings is linear with the number of traces for these two sentences.

However, as soon as we start to compare each sentence with each other as described in Al-

gorithm 5 (Chapter 4) we introduce a quadratic complexity in the number of sentences of

the corpus. As for suffix trees, there is no need of pairwise comparing sentences. Thus, the

complexity will be linear in the number of sentences of the corpus. This theoretical differ-

ence can be recognized in the figure we obtain when we plot the execution time required

for aligning using both approaches as a function of the number of sentences in the corpus.

This comparison is important in the sense that fast alignment learning would allow ABL to

learn on large corpora as well. When we test both approaches with the first 6,000 sentences

of the OVIS corpus, we obtain the timing curves depicted in Figure 5.4.

Note that the execution time in seconds depends on distributional characteristics of the

corpus used. Also the performance of the workstation used in the alignment learning9 is
9The workstation used for all timing experiments is equipped with a 32-bit CPU clocking 2,495 MFLOPS

and 1.0 GB of RAM.
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Figure 5.4: Execution time for edit distance and suffix tree methods

a reason not to focus on the units, but to focus on the shape of the curves in which linear

progression and quadratic progression can clearly be observed.

When we look to the results of timing the alignment learning on the corpora we have used

(Table 5.9), we can observer the merits of aligning by suffix trees.

Table 5.9: Timing results (in seconds) for edit distance alignment and suffix tree alignment
on several corpora

edit distance suffix tree

ATIS 4.05 (0.04) 0.37 (0.03)
OVIS 1107.63 (99.91) 2.87 (0.10)
WSJ 23 283.00 (0.73) 6.08 (0.39)
WSJ 2-21+23 n.a. n.a. 124.86 (0.11)

On the ATIS corpus, suffix tree alignment is approximately a factor∼11 faster than edit

distance alignment. On the OVIS corpus, suffix tree alignment is even a factor∼386 faster.

On WSJ section 02-21+23, suffix tree alignment needed about 2 minutes whereas the edit

distance alignment learning was aborted after almost 13 hours of computation.
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Chapter 6

Conclusions and Future work

6.1 Conclusions

As presented in Chapter 2 there are several approached for unsupervised grammatical in-

ference. We have described approaches that use likelihood with Probabilistic Context-Free

Grammars, Minimum Description Length and distributional information.

From this last kind of approach, we focus on Alignment-Based Learning (ABL) and study

the computation of edit distance in order to align sentences and propose hypothesis con-

stituents for substitutable subsentences. We conclude that despite possibilities to speed up

the computation of the edit distance and the edit transcripts, edit distance alignment is of

quadratic complexity in the number of corpus sentences.

Subsequently, we introduce the suffix tree data structure and the algorithm to build it. We

describe how to make the construction time of the suffix tree of linear complexity. To

build a suffix tree representing all the sentences in a corpus, the suffix tree construction

algorithm for strings that we have introduced needs to be adjusted. After having discussed

edit distance and suffix trees we describe how to use them to produce constituent hypotheses

by comparing sentences. For the new suffix tree approach we find three variants with various

generative capacity.

Both the edit distance alignment and the suffix tree alignment have been tested on three

corpora: the ATIS, OVIS and WSJ corpus. For the last corpus, we have tested on section 23

and section 02-21+23. From the timing results in Chapter 5 we can conclude that suffix tree

alignment allows systems such as ABL to learn on large corpora as well. The difference in

theoretic complexity is confirmed by empirical results (see Section 5.6). For the ATIS, suffix

tree alignment learning is a factor∼11 faster. On the larger OVIS, suffix tree alignment

learning is a factor∼386 faster. However, it can be observed that for more complex corpora

such as the WSJ, the recall of useful hypothesis constituents found seems to decrease with

increasing corpus size: learning on section 23 results in 52.2 percent recall whereas learning

on section 02-21+23 results in 37.3 percent recall.
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6.2 Future work

Although the experimental results are very encouraging, there remain a few issues that

deserve further research.

In the first place, the decrease in recall when learning on sections 02-21 (+23) of the WSJ

corpus needs to be examined further. Despite the high number of hypotheses introduced,

the recall is very low.

In the second place, it is interesting to test how the selection learning phase will perform

with the hypotheses introduced by edit distance alignment learning compared with those

introduced by suffix tree alignment learning.

In the third place, it would be interesting to see how the three suffix tree alignment meth-

ods would perform on corpora of left-branching languages such as Japanese. In the previ-

ous chapter, it was predicted that the methodsuf, which introduces only suffix hypotheses,

would perform worse on aligning sentences in left-branching languages.

Furthermore, it is remarkable that the recall of edit distance alignment (default method) and

suffix tree alignment (presuf 2 method) diverges considerably on learning over subsets of

the OVIS corpus that increase in size. Apparently, there are syntactic constructs which are

included in edit distance alignment and excluded in suffix tree alignment of vice versa. In

either case, it seems that the generative capacity of both method is different and the number

of constituents proposed show that the suffix tree method is in general more generative. In

this line, it is interesting to consider the possibility of introducing parameters in the suffix

tree alignment methods that can put restrictions on the expressiveness in order to pursue a

situation in which a lowest number of hypotheses needs to be removed.

Finally, now we have seen the merits of the suffix tree data structure in finding regularities in

corpora, it might be fruitful to consider the use of suffix trees in other grammatical inference

systems.
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