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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; (Brvald, 1993; 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 n [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, 2C01; Clark, 2001; van Zaanen, 2000]

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.

Whereas Adriaans and van Zaanen choose for a symbolic approach, Klein and Manning pursue a proba-
bilistic approach using probability models over trees



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 lievea-

shtein distanc¢Levenshtein, 19€5]. This metric, which is employed in various applications
such as spelling checkers, is also knowreds 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 largorpora. 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 arefficientandeffectivemethod 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, | 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 | was in need of a nice place to work.
Rob Freeman for his references to research in linguistics and machine learning. Above all |
would like to thank my parents for their support during my course of studies.

2Say> 100K sentences.



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 beags&thdumbut key
concepts will be explicitly defined according to their common interpretation in literature.
In this section, (implicitly defined) mathematical objects are printeiailic. Following
standard notation, bracdg 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. Lék, m,7,j} € N.

Definition 1.1 (alphabet ). An alphabetis a non-empty, finite set of symbols, denoted by
Y. It does not contain elements that can be formed from other elemehts of

Definition 1.2 ( language ).For a given alphabef, alanguageover X is a subset oE*.
The subsef is called theempty language

Definition 1.3 ( string ). An element of* is called astring.

Forw € ¥*, w = z129...2,, Wherez; € ¥ and1l < ¢ < n. Thelengthof the stringw,
denoted byw|, is |w| = n. If n = 0, w is said to be thempty string It is denoted by,
that is,|e| = 0. Thei-th symbol ofw is denoted bywv[i] wherel < i < n.

Definition 1.4 ( concatenation ).Let x, y be strings and = 122 ... Tm, ¥y = Y1Y2 - - - Yn
where eaclr; andz; isinX andl <i <mandl < j <n. Thenzizs ... 2my1y2-..Yn
is said to be theoncatenatiorof stringx and stringy and is denoted by - ¢, or simplyxy.

Definition 1.5 ( substring ). If z,y, z € ¥* andw is the stringw = xyz, theny is said
to be asubstringof w. If at least onex, z is different frome, theny is called aproper
substring When the substring is non-empty, and = |y|, y can be denoted in the context
of w by wli..j] wherey starts at position, that is,w[i] = y[1] andy ends at positiorj, that

is wlj] = yln].

Alternatively, y can be denoted in the contextofby y;” ; with i < j wherey is a list of
j — i elements ofw where for eactk with 1 < k < j — iy ;[k] = w[i + k] Inthis
notation, a substring is empty when = j and span the entire sentengavheni = 0 and

J = lwl.

Definition 1.6 ( suffix ). A suffixof string S of lengthn = |S| is the empty string when
n = 0 or else a substring @that begins at positionwherel <i < nand ends at position
n. The set of suffixes of a strin§is denoted aSuffix(S)



Definition 1.7 ( prefix ). A prefix of string S of lengthn = |S| is the empty string when
n = 0 or else a substring &that begins at positiohand ends at positiarwherel <i <n.
The set of prefixes of a strirgis denoted aPrefix(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 sizen = |U| is a non-empty list of strings
[S1,...50]

Definition 1.9 ( constituent ). A constituentin stringw is a tuplec” =< y,n > wherey
is a substring ofv 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 nhodes and edges. Edges are used to connect two nodes. Nodes are
generally denoted using lettersand v, and edges witle. A special kind of graph is the
directed graphwhich 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 ohodes V' = {v1, va, ..., v, }.
Let E be a finite set okdges £ = {ej,e2,...,¢,}. Each edgey, € E is of the form
er = (v;,v;) wherev;,v; € V. ThenG = (V, E) is said to be alirected graph

In the edgee, = (vs, v;), v; is called theparent ofv; andv; is called thechild of v; andey,
is adirected edgdrom v; to v;. The edgee;, is said to be amut-goingedge ofv; and an
in-comingedge ofv;.

The number of in-coming (resp. out-going) edges of a particular mpde said to be the
in-degreg(resp.out-degred of uy,.

Intuitively, we can define @athto be a sequence of nodes in a particular graph connected
by edges. Théengthor depthof a path is the number of edges it takes from start node to
end node.

Definition 1.11 ( path ). In a directed graplé = (V, E'), the sequence of nodes
U, U1, - - ., Uy 1S called apathif (u;—1,u;) € E for eachi(1 < ¢ < n). Thedepthof the
path isn.

A path withuy = u,, is called acycle If there are no cyclic paths i@, the graphs is called
adirected acyclic graph (DAG)



Definition 1.12 (tree ). A directed graphG is called atree when it satisfies the following
two conditions:

1. There exists exactly one nodeGhwith in-degree= 0, known as theoot node

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

Any node in a tree other than the root node has exactly one parent node. Nodes with out-
degree- 0 are calledeaf nodes A node that is neither root node nor leaf node is called an
internal node If there exists a path from nodeto nodev, « is said to be amancestorof v,

andv is said to be a@escendantf u.



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 gmmmatical inferencer grammar induction The
product of this process isgrammar 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 languadggince 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 |.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 alanguage. 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.



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 elemetatsk ar
a class of tasks, measure of performanand asource of experience

Definition 2.1. A computer program is said tearn from experienc& with respect to some
class of task§ and performance measure if its performance at tasks if, as measured
by P, improves with experienck.

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
the hypothesis spacéne of these grammars is the grammar that the learning algorithm is
supposed to learn (tharget gramma)®. Then, we could say that an algorithm for grammar
induction typically should identify ahypothesis grammay;, from the hypothesis spacg

as thetarget grammarg;. Note thatg;, g, € G. The process of induction can then be
depicted in its context in Figure 2..1.

—
E)—{generatzon)}% data Hinduction]—> 9h

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 inpupdsitive training
exampleor anegative training examplén 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 identifying; with g, 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 prodifcelet us take a set of positive example senten@eand a set

'Here 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 Sectior: 2.2 on pagz 11 this problem is addressed briefly.



of negative example sentencdssuch thatP, N ¢ ¥* andP N N = (. Let us define the
binary predicateover(x,ywhich is true when a grammarcan produce sentenge Under
the most ideal circumstances, the learner prodygesich that:

Vp € P : coverggy, p) (2.1)
—3n € N : coverggn,n) (2.2)

When (2.1) is true, we call;, completeand when (2.2) is true, we caj), consistent Con-
versely, when (2.1) is false, we cg}| incompleteand when (2.2) is false, we cajj}, incon-
sistent Thus,g,, 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 processipervisedand unsupervised learningln 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 coimgehtification 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 ftirttee learner re-

ceives a new examplg, the learner must return some hypoth€si§,, is, . . ., ;) 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



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 itis correct.” [Gold, 67, pp. 450]

Gold introduces two kinds of information presentatidext andinformant 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 usingexteethod 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 Hasth positive 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 CorreqtPAC) 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 allgw® identify g, with a
certain probability

Let X = X* refer to the set of all possible sentences given a certain alphabet. Let us
define an unknown probability distributidn over X. Example sentences are generated by
drawing a sentence € X according toD and presented to the learner together with the
knowledge whether it occurs ih(g;) or not. After a sequence of examples the learner
must output some hypothesis grammgarfrom the hypothesis space as estimateyof
Because we are interested in how closely the output of the learneapproximates the
target grammairy;, we define an error metric for the hypothesis grammar:

Definition 2.2 (error ). Theerror, denoted wittError p(gy,), of the hypothesis grammay,
with respect to the target grammgris the probability thay, andg; disagree on the classi-
fication of randomly drawn instancedrom distributionD. When we defineovers(a,b}o
return the valud when grammae can produce sentendeand to return the value when
grammara cannot produce sententgwe can define:

Errorp(gn) = Prep(coversgg, x) # coverggn, x))

Figure 2.2 shows this definition in graphical form. When Ep@y,) = 0, g, andg, are

Lgy =
* L(g¢) o

disagreement

Figure 2.2: The error of, with respect tqy;

said to be identical. However, this is unlikely to happen because then we need to provide
examples for every possible instanceXin order to rule out the possibility of multiple hy-
potheses that are consistent with the example sentences. In order to selgotatimately
correcthypothesis we allow a non-zero error that is bound by some constant,

Errorp(gn) < €

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

10



this by taking into account probability of failure that is bounded by some constant
P[Errorp(gn) < €] > (1 —90)

Hence, we have come tomobably approximately corredearning process. The learner
must output with sufficient high probability (- §) an hypothesis that has a sufficient low
error ). 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 alassich that’ is a subset of the hypothesis
space of all grammarg,, i.e.C C G.

Definition 2.3 ( PAC-learnability ). Let us takeC to be defined over a set of example
sentences fronX of lengthn. C'is PAC-learnabledy the learner if for all grammaig € C,
distributionsD over X, e andd with 0 < ¢,0 < 0.5, the learner will withP > (1 — )
output a hypothesis grammay, with g, € G such thaterrorp(gr) < e, in time that is
polynomial in1, 1, n, and in the size of.

Note that this definition requires the existence of a hypothesis with small enough error for
every target grammar in the claSswhen we want to show thdt 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 Vanyi [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 offrammarhas 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 kn@yntastic
categorier parts of speecfPOS) which are represented in the grammar by symboils. In a
language, these parts of speech can reoccur in different groups, catisiituents

From the early research on grammatical infereficamal languagesvere 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-tupl€& = (Vp, Vy, P, S), where

Vr is the set of terminal symbolsefminalg, Vi is the set ofnon-terminals P is the set

of production rulesfor generatingvalid (i.e. ‘grammatical’) sentences of the languages.
S € Vy is thestart symbal V7 N Vy = (). Elements ofP are pairs(a, 3) with o — 3,
meaning thatv can be rewritten t@. LetV = VUV, thena, 5 € V* anda 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.

(23) G=( {a,b,c},{S,B}, P,S )
with P={ S —aS
S — cbbB
B — bB

B—b }

This grammar generates the languddé’) as specified in Example 2.4 andlerivationof

the stringaacbbbb from L is given in Examplz 2.5. A derivation is a sequence of productions
that lead to a particular string. Thuslaamguagecan be defined as all sentences that can be
produced using the production rules of the grammar.

(2.4) L(G) = {a*cbbb" |k >0An>1}

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

The formal languages can be associated with (imaginary) devices, eaitethata 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.

RN

cbb U

Figure 2.3: FSA corresponding to the grammar of Exarnple 2.3

Based on the kind of restrictions that can be put on the production rules, Chcmsky [1957]
proposed a hierarchy of formal grammar types. These types are listed in Teble 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 (CSGslinear 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:

types C types C typer C typeo

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 asegular grammarshave 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 ford — a« andA — Ba. Right linear grammars use rules that always
begin with a terminal symbol: the rules appear in the fotm> ¢ 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 describexoAtext-freegrammar has production rules

that appear in the forrd — (3, whereA € Vi and is a sequence of one or more symbols
from the union seV’ = Vi U Vi or the empty stringd). Context-sensitive grammasse

more powerful and the production rules appear in the farm &, wherea andj represent
arbitrary sequences of symbolsiéfand wherga| < |3|. These restrictions allow produc-

tion rules that have the following formi; Aas — a1 8as, which can be read a4 — (in

the context ofv; - - - ap P. The last type of grammars in the hierarchy areuhesstricted
grammars sometimes calletecursively enumerable sefEheir production rules are of the

form a — 8 wherea € V* andg € V*. Thus, allowing almost all rules imaginable.

In his work Syntactic StructuresChomsky [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
l |

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, usirgss-serial dependenci@s 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-Geri#i@given in Figure 2.5. As a side-effect of

Jan sdit das mer d’chind em Hans eshuus  16nd hilfe 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 adan 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 PCF@anbe 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 grammgaias the search for the grammgy in the
hypothesis spacé 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 utikelihoodas 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. Whegrabability 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 corpus of sentences that are produced fpyand a setz of possible
grammars:

U:[317327--~75n]7 g: {g17g277gm}

We want to find the most probable hypothegis G given the evidencé’ (a conditional
probability). Any such hypothesis is calledreaximum a posteriof(MAP) hypothesis.

gmap = argmax P(g|U) (2.6)
geg
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How to calculate the posterior probability dfgiven B is given byBayes’ theorem

P(B|A) - P(A)

P(AIB) = ==

(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:

P argmaXP(U\g)-P(g)
g€y P(U)

= argrgggP(U\g) - P(g) (2.8)

Notice that in the final step we dropped the teR{l/) 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 probabilityP(A? — /), such that:

Viy PA ) =1 (2.9)
J

whereA € Vy, 3 € V*, A” indicates the-th non-terminal. I.e., the probabilities of all the
rules that expand the same non-terminadust sum to 1.

The probability of a sentencein 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 grammaiG is a
sequence of sequences ..., v; over V*, beginning with the start symbd, in which
v = s and in which a transition of string; to v; 11 corresponds to the rewriting of the
left-most non-terminal in; resulting inv;; according to a production rule belonging to
G. A derivation is denoted as§l = - - - = ;.

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 derivatibes ... = v
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recursively with the following equation.
PS=...=v) = PS=...=uvu_1)Pla—/p (2.10)

wherea — (3 is the production rule used in the transition freg | to v;. So, whend is a
derivation andD(s) is the set of all possible derivations ferwe have

P(s) = Y P(sd)

deD(s)

= Y P(d)P(s|d) (2.11)
deD(s)

= > P(d) (2.12)
deD(s)

where 2.12 follows from 2.1.1 on the condition that the terminal symbols are included in the
production rules so that the probability ©fivend is 1.

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

U = [acb, aacbb, aaacbbb], G= {g1,92}

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

g1 g2
S — SS % S — aSb %
S — a % S — ¢ %
S — ¢ 1—10

Figure 2.6: Two PCFGs that are able to prodlce- [ach, aacbb, aaacbbb

grammar to prefer givetv. Without considering any probabilistic information we could
intuitively predictg, to be prefered ovey; because all the sentenceslinclearly follow

the pattern{ a™cb"|n > 1}. To illustrate the use of likelihood in the decision which
grammar to prefer, we take sentence: 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 derivationsgfor

we observe two possible derivations:

S=585= aS = a55= acS = ach
S=55= S5 =aSS = acS = ach

which could be visualized by the trees in Figure 2.3.1.
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O —W
o —wm
c—Ww
L —W
o —wm
o—Wwm

Figure 2.7: The two possible phrase structure trees corresponding with derivations for
giveng;

For g> we observe a single possible derivation:
S = aSb= acb

Now, when we take sentense= acb, each derivation i, (t,,) will have the probability
P(t,,) and each derivation ig; (t4,) will have the probabilityP(t,, )*.

1\? /1\? 1 1
P(tgl) = <2) ) <5) 10 = 1000 (2.13)
P(t,) - %é:i (2.14)

In g1 there are two possible derivations andyinust one possible derivation far Taking
this into account we can calculate for both grammars the probability, fahich we shall
consider for the sake of simplicity the same as the calculatidn(6f|g)>:

1

Plactlgr) =2 Plty) = o (2.15)
Placblgs) = 1-Plty,) = | (2.16)

From Equation 2.15 and Equation 2.16 we can saydha indeed preferable over, be-
causeP(Ulgz2) > P(Ulg1). When we assume, for this little example, the prior probabilities
to be equal, i.e. we assuntg ¢g;) = P(g2), then we can conclude that;41p = ¢2. l.€.,

we have selected the grammar with theximum 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

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

SHere we simplify by taking the probability afgiven the grammars and not the probabilitylogjiven the
grammars. The latter involves more calculations (namely that of the other two sentefigdsitresults in the
same conclusionP(U|gz2) > P(U|g1).
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must sumto 1.

2.3.2 Inside-outside as training algorithm

Many researchers have also usedttside-Outsid€lO) 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, 1379; Charniak, L993].

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 withD 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 Cheirniak [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 calledviimmum Description
Length(MDL) principle.

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

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 nmessage
that has a probability gf; requires at least log, p; bits. We will refer to the number of bits
required to encode the message using @ddaes thedescription length of the message with
respect to CGiven a collections, containing samples which can be classified according to
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c different values, then the entropy Sfrelative to thisc-wise classification is defined as:

C

Entropy(S) = Z —p; logy p; (2.17)
i=1

wherep; is the proportion ofS belonging to class.

Now let us consider the equation gf; 41p we introduced in the previous section (Equa-
tion 2.8) and reintroduce it.

guAp = argmax P(Slg) - P(g) (2.18)

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

guMAp = arg l;ﬂelél —logy P(S|g) — logy 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 candestipgion
lengthto rewrite Equation 2.19 such that; 4 p is the hypothesig that minimizes the sum

given by thedescription length of the hypothesidenoted byi(g), plus thedescription

length of the data given the hypotheglenoted by(S|g).

gMDL = arg rgneigl(slg) +1(g) (2.20)

which is theMinimum Description LengtMDL) 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 [Grinwald, 1995]. 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 [1£88] 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 udistributional evidence 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 Leimb [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 maiolyal 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 regt

If a group of contexts and expressions cluster together, they receive a type label which
allows to form proto-rules of the form:

0] = Whatisthe[12]
[12] = timetoleave
[12] = besttime 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] = thinkitis the right time to leave now
[64] = thinkitis 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], walks
This[woman}, 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[] ; time to[leave}
What is the[best}, time to[rest];

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 sentencks 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 availabk priori. Methods that achieve this are generally caliadcture
bootstrapping systemdn the process of generating the syntactic structure, a grammar is
created implicitly and structure bootstrapping can be considered as a fo