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Abstract 

In this thesis, a system (CLL), is developed for learning Categorial Grammars for English. 
CLL has unsupervised and weakly supervised settings and is designed to learn from positive 
examples only. Such a setting is motivated by the fact that most data for natural language 

appears in this form. The approach is therefore seeking to be practical and may, in time, 
lead to more psychologically plausible models for the machine learning of natural language 

syntax. 
CLL was built with the aim of using simple statistical methods and simple compression 

methods to extend symbolic syntactic constraints on the grammar learning problem. A 

stochastic version of Categorial Grammar is used to determine a set of the best analyses 
for natural-language examples. A lexicon is built from these analyses with the further con- 
straint that the most compressive grammars are considered to be the best. Two methods of 
compression are investigated. 

CLL has been extensively tested on a variety of corpora. Early experiments used simple, 
generated corpora that contained examples of a very small subset of English. However, 
later experiments were performed on more realistic examples extracted from the Wall Street 
Journal section of the Penn Týeebank. 

The results, while not of the quality of supervised techniques, do indicate that CLL is 

effectively learning natural language syntax, although further work to extend the coverage 
and accuracy of the system is suggested. 
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Chapter 1 

Introduction 

Artificial Intelligence (AI), using Minsky's [91] much-quoted [20,45] definition 

"is the science of making machines do things that would require intelligence if 
done by men. " 

This has, of course, raised the questions of what exactly intelligence is and which tasks show 
it. Although no generally accepted answers have been produced to these questions, research 
in Al has continued to grow since the early work of the 1950s and the early conferences that 

attempted to define the field at Dartmouth, which are discussed by Crevier [45]. 

Instead of pursuing an exact definition of intelligence, most researchers have adopted 
a more pragmatic approach and attempted to get machines to solve problems which have 
intuitively seemed to require intelligence, in particular tasks that seem to require human 
intelligence. Perhaps two of the most important areas that have emerged have been Natural 
(i. e. human) Language Processing (NLP) and Machine Learning (ML). 

NLP is the study of computer processing of human language both in understanding 
human utterances and in generating understandable and coherent utterances. While it was 
initially hoped that the use of computers for NLP tasks would be reasonably simple (see 

for example the descriptions in [45,57]), it has become clear that this is a vast and difficult 

problem. However, it has become one of the key areas of AI study. 
ML is the study of approaches to getting computers to learn concepts. Simon [112] defines 

learning as follows. 

"Learning denotes changes in the system that are adaptive in the sense that they 

enable the system to do the same task or tasks drawn from the same population 
more efficiently and effectively the next time. " 

The aim, therefore, is to provide machines with the ability to acquire and reason with 
information to perform better on some task or tasks. While this is obviously useful in the 

context of many systems (human or computer), it is also thought to be intelligent. Michalski 

et al [89] for example, state that 

"The ability to learn is one of the most fundamental attributes of intelligent 
behaviour. " 

12 



CHAPTER 1. INTRODUCTION 13 

While both these areas are of great importance to the AI enterprise, it has become 

clear that they need to be studied together. It is important to investigate how computers 

may learn natural language. Humans all learn to handle all kinds of language tasks both for 

understanding and generating spoken and written utterances. In this context, it is important 

when building NLP systems that the appropriate components, e. g. the grammar or the 

meaning of words, can be learnt. If these components cannot be learnt, then the NLP 

system is very unlikely to represent human knowledge of language accurately, or to deal with 
language in a way that is going to have any relation to the way a human would. Such a 
system would be likely to have severe limitations when attempting to interact with Natural 
Language. 

The work presented here is an investigation of part of the task of getting computers to 
learn human language, thus combining both the areas of NLP and ML. In particular, the 

problem of acquiring syntactic information - especially the lexicon (the mapping between 

words and their syntactic roles) - is explored. The aim is to investigate ways of getting 
machines to learn this syntactic information in a way that is useful from an engineering 
point of view. It will be seen that this also bears some relation (perhaps not surprisingly, 
given that the issues within NLP cannot be dissociated from the human use of language) to 
the environment and methods used by humans in learning language. 

1.1 General Issues 

There are a number of general issues that raise themselves when developing NLP systems. 
Some of the most fundamental are discussed here as they will be fundamental to the rest of 
the discussion in this chapter and, in fact, to the rest of this thesis. 

Perhaps the most important of the issues considered when developing the syntax learner, 
CLL, was that the system could be practically useful. By this, it is meant that engineering 
considerations were very important. The learning model should be defined such that it 

addresses solving useful problems, i. e. problems that really exist and that there is value in 

solving. The model should also address providing useful solutions, i. e. the output from a 
system, should aim to be, of itself, useful. This issue is discussed in more detail in Chapter 3. 

The second issue considered is with respect to the type of Artificial Intelligence system 
that I want to build. Inherently, the perspective of the research presented here is that of 
symbolic AL It could be argued that language and particularly syntax are fundamentally 

symbolic. However, in recent times, a huge amount of work in NLP has focussed on using 
non-symbolic methods, in particular statistical methods (see discussion in Chapters 3 and 
4). The advantages of both symbolic and statistical methods are discussed in more detail in 
Chapter 3. However, it has become clear that statistical methods have a significant amount 
to offer with respect to NLP systems. The aim in this work has been to take some, essentially 
symbolic, methods and augment them with simple and efficient statistical methods. Hence, 

one of the issues that is investigated in the thesis, is whether these simple statistical methods 
can be integrated usefully with symbolic techniques. 

The third issue is, to some extent, a result of the first. Seeking to solve useful problems 
with respect to natural language tends to lead one into solving human-like problems, as the 
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types of real problem that exist often bear a strong relation to the types of real problem 
that humans have to solve themselves. Hence, it will be interesting to compare the type of 
problems being solved with those solved by humans. It also follows that it may be interesting 

to consider how humans may solve these problems and how these human approaches may be 

useful in informing the computational approaches used. Chapter 7 summarises the pertinent 
psycholinguistic work. 

1.2 Why Learn Natural-Language Syntax? 

In the context of the issues described, it is now appropriate to consider why it is interesting 

to build systems to learn natural-language syntax. In the early days of Al it was assumed 
that enabling machines to deal with language would be relatively easy [45]. In fact, it has 

turned out to be both a huge and complex task containing a variety of sub-tasks such as 
speech recognition, parsing, semantic processing, and anaphora resolution. The complexity 
has been shown by the wide variety of studies in linguistics and computational linguistics 

that have been carried out in the past one hundred years in particular. 
From a linguistics perspective, syntax is a vital building block upon which the majority of 

both computational NLP systems and theoretical studies of language will need to be based. 
The syntax of a language determines the structure of the language, or more precisely what 
structures are allowed and so which utterances are part of a language and which are not. 
The syntax can, in some senses, be considered to be mostly separate from the semantics, i. e. 
the meaning of those utterances. It is simply the definition of what makes up the language 

rather than what makes sense to us as humans. Following this view, the restrictions upon 
the meaning of an utterance are dealt with under semantics (another section of linguistic 

theory)- 
This separation provides an indication of the way linguists have investigated language, 

which has been to break the area down into smaller sub-areas, e. g. syntax and semantics. 
While there is no doubt that these areas interact, they form areas that it is helpful to study 
separately. 

However, a number of NLP systems do not have syntactic components and go straight 
to a semantic representation, or simply use stochastic methods to extract the relevant infor- 

mation, e. g. [122,121,123,147,64] (see also Allen [4] for a discussion). If this is possible, 
then why not ignore the syntactic component? Although it is possible to achieve a great deal 
by going straight to the semantic representation, for a full nat ural- language understanding 

or generation system it is generally considered necessary to include the full complement of 
syntactic knowledge to be able to build sentence and discourse meaning accurately and so it 

is very valuable to be able to explicitly learn syntax. 
Unlike the syntax of formally defined languages, such as programming languages, the 

syntax of natural language is exceedingly difficult to define. This is due to the fact that 

all syntactic rules, or generalisations, must be made on the basis of observed data. This 

process is the opposite of the process involved in defining formal languages, where the data 

is the result of the syntax rules, which have been pre-defined. Not only is it difficult to 
define grammars for natural languages, it is also difficult, from a computational perspec- 
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tive, to determine how best to represent and manipulate syntactic information (this issue 

is discussed at length in Chapter 2). While significant efforts have been made with respect 
to hand-building NLP resources, such as grammars and annotated corpora, it has proved 
to be expensive and to return incomplete, noisy and brittle results (see some discussion in 

Chapters 3 and 4). 
Hence, we have a useful problem that, if solved, could return useful results. If it were 

possible to effectively learn and modify grammars, then the expensive and ultimately flawed 

hand-building approach could be avoided and potentially better results could be achieved. 
These results - grammars - are then very useful with respect to building very many use- 
ful NLP systems. Hence, the general syntax-learning problem is well motivated from the 

engineering perspective. 
The syntax learning problem also lends itself to the extension of symbolic methods with 

simple statistical methods. Syntax, by very nature, is symbolic. The aim is to capture 
knowledge representing the structure of sentences of natural language. Both the sentences 
and the structure are symbolic. However, statistics can be useful in building more robust 
grammars and in building grammars that can rate different parses for sentences determining 

the best, or set of best, analyses for a given sentence and grammar. While the task is still 
essentially symbolic, simple statistical methods may be enough to perform these tasks well 
enough for many NLP tasks. Chapter 2 discusses both the symbolic grammar formalisms 

and their statistical extensions. There is also a further use of statistical methods. As well as 
rating particular analyses of sentences, they can also be used to rate different options in the 
learning process, e. g. which grammar to select next in the search space. This is discussed 
further in the next section. 

Finally, the syntax learning problem is interesting from a psychological perspective. As 

mentioned above, in many cases in NLP, solving the practical problems of building NLP 

systems leads to solving problems similar to those faced by humans. Syntax learning clearly 
occurs in humans, and, as will be discussed in Chapter 7, there is much that can be learned 
both with respect to the human learning environment and human learning methods. 

1.3 The Syntactic Model 

Before defining any learning model or algorithm, it is useful to consider what exactly is 

to be learned. While I have already said that the aim is to learn syntax, it is necessary 
to determine what kind of syntax, how it is represented and what parts of the syntax are 
already known. 

Fortunately, there has been extensive study of syntax, both in the way language actually 

works and the ways it can be formally represented. This provides us with three very useful 
products: 

e an approximate goal, 

ea way of representing syntactic knowledge, 

a set of constraints on the search space. 



CHAPTER 1. INTRODUCTION 16 

Firstly, it is vital when attempting to build a learning system that it can be evaluated. 
The best way to evaluate a learner is to know what it was supposed to learn and then, in some 

way, to deduce how close the learner is to having learnt it. Linguistics has provided us with 

a set of syntactic principles which can be considered to define the kind of knowledge that the 

system will be used to induce. Computational linguistics provides us with resources, like the 
Penn 'Iýreebank [88,85], which apply this knowledge to a large corpus of naturally occurring 
language. Together these provide a "gold standard" of the type of syntactic information that 

needs to be learned and the way it needs to be applied, i. e. the goal of a system. I discuss 

this syntactic information in Chapters 2 and 8.1 also discuss the detail of an approach to 
translating the annotation of the Penn Treebank into alternative annotations to make it a 
more useful "gold standard" in Chapter 10. 

Secondly, research in linguistics and computational linguistics provides a variety of for- 

malisms in which to represent the syntactic knowledge that has been discovered. These for- 

malisms are discussed in detail in Chapter 2, along with a variety of ways of using stochastic 
information to enrich purely symbolic formalisms. Given the recent interest in stochastic 
formalisms in computational linguistics and the value of combining symbolic and stochas- 
tic methods, I have developed and used a simple stochastic version of Categorial Grammar 
(CG) [1187 144]. The stochastic model is the same as that of Osborne and Briscoe [96] and 
is essentially a uni-gram. model. 

CG was selected as the formalism for three major reasons. Firstly, it is lexicalised, which 
means that, where there were two learning problems - learning a lexicon and learning a 
grammar - there is now only the problem of learning the lexicon, which is the grammar. 
Secondly, the grammar can be extended easily to use statistical information. Thirdly, the 

elegant, structured nature of the categories (in which the majority of the grammar is con- 
tained) allows for future extension of the work, e. g. the automatic generation of categories. 

As yet, the CG formalism has not been explored as far as would be desired. The sys- 
tem reported here does not have mechanisms for handling all syntactic phenomena (e. g. 
movement). In future, the grammatical model will need to be extended to allow broader 

coverage. 
If it is assumed that a certain amount of the CG formalism is available to the learner (see 

the next section), then grammar-learning becomes a matter of learning a large scale lexicon 
for CG, where the lexicon contains the majority of the syntactic information. Hence, the 
implementation of the learner is a Categorial Lexicon Learner (CLL), building a probabilistic 

mapping between words and the syntactic categories that they can take. 

1.4 The Machine-Learning Model 

There are a large number of ways of defining the computational setting of a natural-language 

syntax-learning system. In this section, I discuss the type of machine- learning problem that 
is being addressed in this work. This can be summarised with respect to four issues: 

1. the type of examples the learner receives; 

the other external evidence that is available; 

ýd 
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I the kind of background knowledge that is available to the learner and 

4. the type of learning mechanisms that are used. 

Each of these is discussed in turn below. 

There are two main issues to consider where determining the type of example a learner 

receives. Firstly, the examples may or may not be annotated, i. e. the learning model may 
be supermsed or unsupervised. In fact, there is a continuous nature to this distinction, as 
there are different degrees of supervision, i. e. different amounts of annotation. In the model 
defined, both a completely unsupervised setting, where the examples are simply lists of 
words, and a weakly supervised setting, where the examples have all the nouns and verbs 
annotated (with N and V respectively) as such are considered. 

Supervised methods are avoided for good practical reasons. Getting correctly annotated 
data is very difficult and potentially very expensive. While there are annotated corpora 
available (see Chapter 8 for a discussion of some) there are a number of problems. Corpora 

are not available for all languages or domains. It is also difficult to obtain corpora that are 
annotated with the grammatical formalism in which one is interested. If a suitable corpus is 

not available, then it is difficult to build one that is suitable. It either involves difficult and 
imprecise automatic annotation (see Chapter 10 for a summary of some work in this area), 
or people must be paid to annotate a sufficient quantity of text. 

In contrast, unsupervised methods can use any text that is available. In these days 

of huge amounts of text being available in computer-readable form, this means that there 

are large amounts of text available for most domains and most languages. If unsupervised 
methods for learning syntax can be shown to be effective, then it should be possible to learn 

grammars for all kinds of different NLP systems at a minimal cost. As Kehler and Stolcke 
[75] suggest, unsupervised learning methods appear to be the future of learning for NLP 

tasks. 
As an aside, it would appear that humans learn from unannotated examples. This is 

discussed in more detail in Chapter 7, for the moment, suffice it to say that, as would appear 
intuitive, the spoken language from which humans learn does not seem to have any explicit 
annotation (although the context of the utterance may imply some annotation). 

Unsupervised learning problems are, however, much more difficult. Commonly, it is 

necessary to use more powerful learning techniques and more background knowledge for 

unsupervised learning. However, as will be discussed, it is often cheaper in terms of time 

and human effort to provide these techniques and this knowledge than it is to build the large 

annotated corpora required for supervised learning. 

The second issue with respect to the type of examples which the learner is to be supplied 

with, is whether or not the system receives negative examples, as well as positive examples. 
Positive examples are simply examples of correctly formed natural language utterances (as- 

suming that they have no annotation). It is less clear, in the unsupervised setting, what 
negative examples comprise of. Essentially, they are examples which are syntactically incor- 

rectly formed with respect to the language. Quite what sort of errors are interesting or useful 
is open to question, as is how such negative examples can or should be generated. Perhaps 

the most important issue is that, if both positive and negative examples are to be used, then 
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they must be marked as such (a kind of weak supervision). This is in contrast, for example, 

with a child learning and hearing a badly formed sentence, which is noise rather than a 

negative example, as the child is unaware of the fact that the sentence is badly formed. 

The learning model presented here is positive-only, i. e. only positive examples are sup- 

plied. This is practical for two main reasons. Firstly, lots of positive examples are available, 
i. e. there are lots of examples of correctly formed computer-readable natural- language text 

available. Secondly, there are not lots of negative examples available, for the reasons de- 

scribed above, i. e. it is hard to determine what type of negative examples are required and 
it is hard to generate those examples. 

Again, the positive-only learning model can be viewed as being psychologically plausible, 
as indicated above. Children learning language do not seem to receive explicitly marked 
negative examples. 

While negative examples may not be available, it is still possible to provide a learner with 
negative evidence, i. e. evidence about grammatical incorrectness. For example, a syntax- 
learning system could hypothesise a grammar, generate some examples and use an oracle to 
determine whether the examples were part of the language (Adriaans [2] uses such an ap- 
proach). When the oracle rejects ungrammatical examples, it is providing negative evidence. 
This can be seen as modelling the correction parents give to children (although whether or 
not this is correct is discussed in Chapter 7). This method of learning, query-based learning, 
is discussed in Chapter 3. It was decided not to provide the system with negative evidence. 
From an engineering perspective, it is hard to determine efficient ways of providing negative 
evidence. For example it is not clear how to build an oracle with broad coverage for the 

syntax of natural language, as in many cases the syntactic knowledge will not be available. 
Hence, the system learns from positive evidence (the examples), but does not receive any 
negative evidence. 

It is also important to consider what background knowledge is available in the learning 

model. Firstly, a set of syntactic rules for CG are provided. As CG is a lexicalised formalism, 

this is a small set (either two or three rules). 
Secondly, a set of CG categories is provided. This is a substantial amount of syntactic 

information, as, due to the lexicalised nature of CG, these are complex categories, which 
specify modifier and argument relationships. This set is intended to be all the categories 
that the grammar requires and is unlikely to contain categories that are not used. As such 
this set is language specific. Given the strong nature of this background knowledge, it is 
hoped that in the future the set of categories can be replaced by a set of category schema, or 
a mechanism for generating new categories when needed. However, this is still less knowledge 

than a supervised algorithm where the words are labelled with categories, as the mapping 
between words and categories and the context of particular instances are also included in 

this annotated data. 

The final sort of background knowledge is an initial, bootstrapping, lexicon. This is 

not used in all experiments and different sizes of lexicon are used in different experiments. 
The lexicons used consist of a mapping between closed-class words and the CG categories. 
These lexical entries can be used with the appropriate word in an example to restrict the 

categories that other words can take, i. e. they constrain the search space of possible category 
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assignments for words. The number of closed-class words in sentences means these constraints 
are useful, but do not make the problem trivial. 

The background knowledge is discussed in more detail in Chapters 2,3 and 5. It should 
be noted at this point that all these knowledge sources are easy to build - much easier to build 
than an annotated corpus for example. Hence, the engineering motivation is maintained. For 

example, a system using this model could easily be ported to another problem by re-building 
the background knowledge, whereas a supervised system would not allow this. However, it 
is clear that there is a trade-off occurring here. By insisting upon using an unsupervised 
model, much more background knowledge is required. 

It should be noted that the background knowledge can, to a limited extent, be motivated 
by psycholinguistic research. It would appear that some lexical information is available to 

children when they are acquiring syntax and that they have some innate syntactic knowledge. 
However, the extent of the knowledge provided here, in particular the language-specific 

elements, is not psychologically plausible. 
None of the previous parameters have really dealt with the actual learning mechanisms 

to be employed. Some principle(s) needs to be used to guide the system towards appropriate 
hypotheses and to determine what is and what is not a good hypothesis. 

The learning model uses one essentially symbolic mechanism. Each example is parsed in 
turn (the system is somewhat incremental in this way). The current lexicon (that is what has 
been learned so far along with any initial lexicon) is used for this parsing process. In this way, 
the syntactic constraints provided by the CG categories are applied to reduce the possibilities 
for categories for unknown words. Parsing is then applied to previously seen examples to 
determine changes that could be made to previous parses and so modifications to the lexicon 

that is learned. This reparsing approach was settled upon due to early empirical evidence, 
which suggested that without reparsing the learner was not able to correct early mistakes. 
However, the efficiency costs of this reparsing, even if it is done intelligently, suggest that 

some other approach should be investigated in the future. The storage of the examples that 
have been seen is an area where CLL is not psychologically plausible. 

The learning model also uses two principles, which are essentially statistical at heart. 

The first is the Maximum-Likelihood (ML) principle, where an algorithm, on the basis of a 

probabilistic model, attempts to return the most likely, or a set of the most likely, solutions. 
The learning model uses the ML principle for determining possible syntactic annotation for 

sentences. Such an approach has been well-used and motivated in the past (see discussion 

in Chapters 2 and 4). 

The second machine-learning principle used is compression, where, the smallest, or most 

compressive result, is considered to be the best. Two simple and efficient methods are 
investigated (in line with the aim to investigate simple statistical additions). Compression 

has been used for syntax-learning before (see the discussion in Chapter 3) and allows efficient 

and potentially even psychologically plausible learning. 
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Figure 1.1: The computational learning model 

1.5 A Summary of the Learning Model 
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Figure 1.1 provides a diagrammatic view of the learning model. The system receives unanno- 
tated positive examples. A search engine (a combination of a parser and a method of using 
the parser to calculate the most compressive lexicons) that investigates the most plausible 
syntactic annotations for the examples is provided. Those annotations that are selected 
are used to build Categorial Grammar lexicons. This model is used to build a (probabilis- 

tic) mapping between the words in the examples and the CG categories provided in the 
background knowledge. 

As with most Al problems, the search constraints will be critical in determining the 

success or failure of the system. In this model, search is constrained by syntactic information 

in the form of the CG rules and categories; the initial bootstrapping lexicons and the learning 

principles, Le. compression and ML. 

1.6 Investigating the Model 

CLL, an implementation of the model has been built. The approach is to apply a parser to 

each example in turn and build up a lexicon derived from the best parses. The definition 

of best comes partly from a probabilistic parsing process, which generates the n-best parses 

using the current lexicon. The best parse is then chosen from this set of n by looking for the 

one that leads to the most compressive lexicon (it is this process that requires the reparsing 

of previous examples). Chapter 5 describes this model in detail. 

CLL has been tested on a number of corpora (described in Chapter 8), including a large 

section of the Penn 'Iýreebank, although not including null elements, i. e. movement. Hence 
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a large range of examples of the syntactic constructions of English have been given to the 
learner. The system has been applied to these corpora using a variety of parameter settings 
(e. g. compression metric, size of n for the parser, initial lexicons). Chapter 9 discusses the 

experiments in detail. Currently the largest corpora upon which the system has been used 
can only be considered to be relatively small (all the corpora are less than 100,000 words). 
This is essentially due to time and efficiency constraints and is discussed further in Chapters 5 

and 8. 
The results are encouraging if not, as yet, entirely conclusive, especially when compared 

with the results of other systems on simpler (e. g. supervised) problems. Unfortunately, there 

appears to be no directly comparable system against which to measure success, due to the 
fact that other systems solve somewhat different problems (e. g. supervised, or disambiguation 

problems). However, very high accuracy results on simple corpora, followed by a crossing 
bracket rate of around 4 on a corpus extracted from the Penn Treebank is encouraging as 
a first step. Methods of evaluating the results are discussed in Chapter 10, including a 
large section on translating the annotation of the Penn 'Iýreebank from the phrase-structure 
annotation to a CG annotation to allow for labelling-accuracy measures. The results are 
presented in detail in Chapter 11. 

Options for further investigation open up in many directions; among these are: 

e inclusion of movement, so entire NL corpora can be used; 

development of a more complex stochastic grammatical model to allow context to 
disambiguate; 

e gradual removal of the less plausible linguistic knowledge given to CLL and replacement 
with learning techniques; 

4o development of the translation of the Penn Týreebank annotation such that it provides 
a translation that is closer still to our needs; 

*a broader investigation of the possible parameters, e. g. using alternative definitions of 
compression; 

e developing the CG to include more syntactic information, e. g. the ability to distinguish 

tense, number and person; 

9 investigating the possibilities of cheaper parsing; 

e extending the system to work on utterances (even spoken language corpora) rather 
than sentences. 

A large number of these extensions will require serious consideration of efficiency, particularly 

with respect to time, and may require a large degree of re-implementation. 

1.7 Questions Addressed in the Thesis 

The following list summarises the questions addressed in this work. 
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e Does the learning environment described above, i. e. unsupervised and positive-only, 

allow a useful syntax-learning system to be built? 

e How useful is it to extend symbolic language models with simple statistical models 

when investigating the natural-language syntax-learning problem? 

e What kind of background knowledge is most useful in unsupervised learning using our 
learning model? 

e Are the compression and maximum-likelihood learning principles appropriate for this 
learning task? 

9 Do the compression and maximum-likelihood learning principles combine effectively 
with each other and the symbolic methods in this learning model? 

e Does the lexicalised nature of CG help in the learning of syntax? 

This is a large range of questions, which will be only partially answered by the work presented 
here, however, each question has been addressed and some insights and conclusions have been 

achieved with respect to each. 

1.8 The Contributions 

The major contributions of the work presented here are listed below. 

9 An unsupervised, positive-only learning system has been built and tested on a range 
of corpora, including restricted sub-corpora extracted from the Penn Týreebank. 

e weakly supervised system (a small modification of the unsupervised system) has 

similarly been built and tested. 

e The parameters of both these systems have been investigated allowing some conclusions 
to be drawn with respect to the best settings of the systems. 

There are also some less significant contributions of the work, that have arisen largely as 
a by-product of the major contributions. 

9 For evaluation, it was necessary to build some CG annotated corpora, to achieve this, a 

preliminary investigation of a method for automatically translating the Penn Treebank 

annotation into a CG annotation has been investigated. 

e Both the learning system and the treebank translation system have allowed the pro- 
duction of a number of CG lexicons and CG annotated corpora. The accuracy of these 
lexicons and corpora is currently quite low, but they may be useful as a starting point 
for other research. 

9A relatively efficient n-best probabilistic parser for stochastic CG grammar has been 
built for use within the learner. 
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In conclusion, this DPhil thesis presents a large variety of work that is of interest to the 

NLP and ML communities and particularly of interest to the Natural Language Learning 

community. The aim has been to investigate approaches to building unsupervised learning 

systems for learning Categorial Grammar lexicons. It is suggested that such systems would 
be solving a useful problem and could return useful results. 

The work has raised a large number of interesting and important issues, which have been 

investigated to some extent, although there is clearly broad scope for further work. However, 

the results presented here are encouraging and indicate that this kind of work can fruitfully 

be pursued. 
The remainder of the thesis has been referenced frequently above. However, the overall 

structure is presented in detail below. 

Chapter 2 In this chapter I discuss a variety of possible grammatical formalisms that could 
be learned and the type of linguistic constraints that can be applied to the learning 

problems using these formalisms. A stochastic extension of CG emerges as the most 
appropriate formalism. 

Chapter 3 This chapter describes the computational learning model that has been devel- 

oped and discusses some of the computational constraints that need to be considered. 

Chapter 4A large number of other systems have attempted related problems and have 

influenced the work presented here. In this chapter they are reviewed and compared 

with CLL. 

Chapter 5 The implemented instantiation of the computational learning model, CLL, iS 
described in detail in this chapter. 

Chapter 6 The issue of parsing within CLL is discussed in detail in this chapter, with 

particular attention being paid to efficiency and psychological plausibility. 

Chapter 7 This chapter describes the implications of psychological and psycholinguistic 

work on both the definition of the syntax-learning problem and the type of techniques 

that may be involved in solving it. 

Chapter 8 The corpora with which the system is trained and tested are described in this 

chapter, including a description of their construction where appropriate. 

Chapter 9A large variety of experiments have been carried out. This chapter describes 

them and presents the rationale behind how CLL has been tested. 

Chapter 10 Evaluating an unsupervised learning algorithm is not always trivial - especially 

when using a less common syntactic formalism like CG- This chapter presents a variety 

of appropriate techniques for evaluation, including a significant project in translating 

the annotation of corpora such as the Penn Týreebank. 

Chapter 11 The results that have been produced by the experiments are presented and 

evaluated in this chapter. 
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Chapter 12 The final chapter of the thesis discusses the successes and weaknesses of the 

work. A number of other areas of work that should follow on from this work are 

suggested and motivated as well. 

Appendix A The Penn Treebank part-of-speech tag sets are given is this appendix for 

reference. 

Appendix B The initial lexicons given to the learner for boot-strapping in the experiments 
are given here. 

Appendix C This appendix contains the categories databases with which the learner was 
supplied for the experiments. 



Chapter 2 

Grammatical Formalisms 

A system for learning natural language requires a method for representing the grammatical 
information. There are many formalisms (i. e. notations for describing the grammatical in- 
formation) from which to choose, so a list of requirements has been described in Section 2.1 

to enable evaluation of the different options. These requirements are based in part on the 
discussions of the previous chapter and in part on further linguistic and computational re- 
quirements. 

There are far too many grammatical formalisms for each to be considered in turn, so 
in Section 2.2, they are considered with respect to some of the features upon which they 

may differ. A formalism may be lexicalised, stochastic and unification-based. The formalism 

itself is not the grammar, rather the grammar can be represented using the formalism, giving 
lexicalised, stochastic and unification grammars. Each of these features is discussed in turn 

and for the current work a stochastic lexicalised grammar is settled upon, without having 

any unification component. 
While there are still a number of valid possibilities, Categorial Grammar (CG) is selected 

as a formalism that fits the requirements well. In Section 2.3, the CG used is described in 

detail along with the stochastic model with which it is extended. 

2.1 Requirements 

A grammatical formalism for the learning system described in Chapter 7, which must be 

linguistically appropriate and computationally practical will have a number of requirements, 

some of which must be met and others which will be highly desirable. In this section, the 

requirements of the grammatical formalism are described in detail. 

Expressiveness 

A grammatical formalism for representing the grammar of a natural language must be ad- 

equate for the task, i. e. it must be expressive enough to describe which structures are to 

be allowed in the grammar and which are not. However, it is important from a compu- 
tational perspective that the formalism is not too powerful and thus too computationally 

expensive to use effectively. English, the language upon which the learner is to be used, is 

generally considered to be mostly context-free with respect to the Chomsky Hierarchy [21,4] 
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(although there is some discussion about the need for context-sensitive structures in certain 

circumstances [21,57]). For a good discussion of the Chomsky Hierarchy see tor example 
Aho and Ullman [3]. Fortunately, there are various computationally effective algorithms for 

context-free grammars, in particular, parsing algorithms for building syntactic analyses (see 

Chapter 6). Hence, the ideal formalism would be one with the expressive power equivalent 
to a context-free grammar, with the potential for extension to a mildly context-sensitive 

grammar. Preferably, it would also be possible to use or modify already existing algorithms 
to use the formalism. 

2.1.2 Learning Problem Issues 

Ideally, the formalism should allow the learning problem to be stated and solved simply 
and elegantly. In other words, the formalism should not make the learning problem more 
complex. 

2.1.3 Extensibility 

The formalism should be easily extensible either to include further syntactic structures (e. g. 
for other languages) or to allow the inclusion of other non-syntactic information. This 
information could be part of what is to be learned, or it could be used by the learner in the 
learning process, or used with the learned syntactic information after learning has occurred. 
In particular, it is important to use a syntactic formalism that relates well to semantic 
information that needs to be used in most NLP systems. 

2.1.4 Separation of Knowledge 

It is important to be able to easily separate the types of knowledge that will be used in the 

system. There are two major types within the learning system. 

e background knowledge 

e knowledge to be learned 

Ideally, the system can easily be supplied with appropriate background knowledge, which is 

then used to learn the remaining knowledge. 

2.1.5 Elegance 

Finally, from an aesthetic perspective, it would be desirable to express the linguistic knowl- 

edge elegantly. This has practical importance, because an elegant and clear description of 
the knowledge that is already possessed by the learner and that which is to be learned, keeps 

the current state of the syntactic knowledge clear. Similarly, an elegant description of the 
learned knowledge will allow better evaluation of the success, or otherwise, of the learning 

system. 
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In this section I discuss the different alternatives for grammatical formalisms with respect 
to three features with which I am concerned. 

e lexicalisation 

* stochastic extension 

e unification mechanisms 

These features are evaluated with respect to the requirements discussed above. It will become 

clear that different formalisms may have none, some or all of the features. 

2.2.1 Lexicalised 

A lexicalised formalism is one where most of the syntactic information in a grammar is stored 
in the lexicon, usually leaving just a few rules that define how lexical entries can be combined. 
Examples of such formalisms are Head-Driven Phrase- Structure Grammar (HPSG) [101], 
Categorial. Grammar (CG) [144,118] and LexicalisedIýree-Adjoining Grammar (LTAG) [72]. 
Lexicalised formalisms stand in contrast to more rule-based unlexicalised formalisms such as 
standard phrase-structure grammars (PSGs) [3], where lexical entries are simply rules that 

map a part-of-speech to the word; or Chomsky's Principles and Parameters theory [38,47], 

where the lexicon is not generally handled in any explicit way. 
In terms of expressiveness both lexicalised and unlexicalised grammar formalisms can 

be used for defining grammars with different positions in the Chomsky Hierarchy. In fact, 
different types of phrase-structure grammars are used to define the Chomsky hierarchy, 
by placing different restrictions upon the rules allowed in the grammar. Similarly, it is 

possible with lexicalised grammars to define them in ways that give them different levels of 
expressiveness. For example, standard (AB) CG [144,118] (see Section 2.3) has been shown 
to be weakly equivalent to context-free phrase-structure grammar (i. e. for all context-free 
grammars, there is a CG that describes the same language and vice-versa) [11]. However, 

the CG formalism can be extended by adding extra rules for combining categories to allow 
the formalism to be context-sensitive or even unrestricted [118,144]. 

For TAG and Combinatory Categorial Grammar (CCG), which is CG that has been 

extended by adding further combination rules [118,1191, it has been shown that their ex- 

pressiveness can be beyond context-free, but significantly less than fully context-sensitive 

grammars [130,131]. These grammars are known as mildly context- 8 ensitive grammars and 
they can still be efficiently parsed (using the CKY algorithm - see Chapter 6) and can cap- 
ture some of the appropriate further natural-language syntax that context-free grammars 
fail to capture [130,131]. In future, it will be useful to investigate using these grammars so 
that further coverage can be achieved. However, for the sake of simplicity, it would seem 

wise to start with the less expressive formalisms. 

With respect to the complexity of the learning problem, a lexicalised grammar appears 
to provide a more elegant definition of the problem. With a lexicalised formalism the learner 

has one task, that of building the lexicon. However, with an unlexicalised formalism, two 
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tasks must be completed: a large set of grammar rules or parameters needs to be learned 

and a lexicon must be built. 

Lexicalised grammars commonly have an elegant link between syntactic and semantic 
analyses. The syntactic structure is defined to follow the semantic structure. Categorial 
Grammar is particularly strong in this respect, as the syntactic function-argument structure 
exactly mirrors the semantic function-argument structure. This has three advantages: 

9 the grammar will be suitable for semantic analysis. 

9 semantic information could be learned. 

9 semantic background knowledge can be used to aid learning. 

Such a link is less easily achieved with unlexicalised formalisms, and so in this sense lexi- 

calised grammars are better with respect to extensibility, as well as possibly containing useful 
features for aiding learning. 

Both lexicalised and unlexicalised grammatical formalisms allow grammars to be built 

that are easily extensible with respect to syntactic phenomena. With unlexicalised formalisms 
it is possible to add further rules to incorporate new syntactic structures. It is perhaps 
more complicated with lexicalised grammars, where both lexical categories and category 
combination rules can be added to extend grammars (for example CCG discussed above). 

Similarly, both lexicalised and unlexicalised grammars allow appropriate separation of 
knowledge. With a phrase-structure grammar some notion of known and unknown rules 

would have to be developed. Principles and Parameters theory [38,47] has achieved this by 

parameterising the rules governing syntactic structure. Hence, the knowledge that is innate 

is represented by the rules or principles and the knowledge to be learned is the values of the 

parameters. This is perhaps the most elegant separation of knowledge in a formalism. An 

example of this is given in the Y theory (see Culicover [47] for more detail). This theory 

essentially describes a principle for the way phrases are composed. Example X schema are: 

XP -ý XP Adj 

XP -ý Spec X' 

Here X can be considered to be a variable for all possible heads for phrases, e. g. verbs, 

nouns. Adj is short for adjunct and Spec is short for specifier. So for verbs one would have 

the rules: 
VP -ý VP Adverb 

VP -ý Spec 

where V' will specify the type of verb, i. e. intransitive, transitive, ditransitive. Importantly, 

in the schema, there is no ordering of the categories on the right-hand side. For example, 

the principle does not specify what order the specifier and verb must come in. This varies 
between languages and so cannot be assumed to be part of the universal grammar. Hence, 

it is instead thought to be a parameter set by the examples presented to the learner. So 

if the learner were to be presented with the sentence "John runs", assuming some lexical 

knowledge, it would be able to make the inference that the order parameter be set to Spec V'. 
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However, within a lexicalised grammar it is also possible to provide a reasonable sep- 

aration of knowledge. The most common approach would be to assume that the rules for 

combining lexical entries and the type of lexical entries allowed would be known, and the 

mapping between words and their lexical entries is the knowledge to be learned. The sep- 
aration captured by the example above can also be captured by a lexicalised grammar. In 
Categorial Grammar for example, the categories, which are language dependent, express the 

position of the arguments and the rules, which are language independent, combine those 

rules. For example, for English, the category for a transitive verb could be (s\np)/np (fol- 
lowing Steedman's notation [118,119,144]), which states that the verb is a sentence (the s) 
looking forward for a noun phrase object (the /np) and then backwards for a noun phrase 
subject (the \np). Such categories can then be combined with the categories of other words 
using the Categorial Grammar rules. 

In practice, lexicalised formalisms can be defined to be very elegant. It is clear where 
different types of knowledge reside, and they are designed such that most general syntactic 
principles, i. e. those for combining lexical entries and what lexical entries consist of, have 
been separated. However, it is to some extent a matter of taste, as to whether lexicalised or 
unlexicalised formalisms are preferred with respect to this criterion. 

While it may be possible to use either a lexicalised or an unlexicalised formalism, I 
have decided to use a lexicalised formalism. Advantages noted with respect to the learning 

problem suggest that a lexicalised system will provide the more elegant learning approach 
and the greater possibility of extending the types of information provided to the learner and 
learned by the learner. 

2.2.2 Stochastic Formalisms 

A stochastic syntactic formalism is one which assigns a numerical likelihood to all possible 
analyses that can be generated for any given example. To be a stochastically well-defined 
the sum of all the numerical likelihoods of analyses for a particular sentence or phrase should 
be one. For example, suppose for the sentence: 

"I hit the man with the bat" 

a grammar only assigns two possible structures depending on whether the bat was used for 

hitting the man, or the the man who had the bat was the man who was hit. A well-defined 

probabilistic grammar would require that the probabilities of those two analyses summed to 

one. 
Many stochastic grammar formalisms have been proposed. Generally these have involved 

extending well-known formalisms to include a probabilistic model, e. g. Probabilistic Context- 

Ree Grammars (PCFGs) [33], Stochastic Categorial Grammar [95,96] or Probabilistic L- 

TAG [72]. There have also been more specific attempts to build grammars that are defined 

specifically for stochastic uses, e. g. the Data-Oriented Parsing approach of Bod [18] or the 
formalism used by Collins [44]. 

In terms of expressiveness, the addition of stochastic information to a formalism does not, 

of itself, alter the expressiveness of a grammatical formalism when considered with respect 
to the Chomsky Hierarchy. However, the advantage of such a model is that it provides a 
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measure of the likelihood of analyses. In this sense, the expressiveness of the formalism 

is greatly enhanced. Such information can be of great benefit for disambiguating between 

different analyses. A learning system that can select the correct, i. e. most likely, analyses 

will be able to learn more effectively. Such an effect would be hard to implement with a 

non-stochastic approach. 
Using a stochastic formalism has a large effect on the learning problem. In effect, another 

dimension is added to learning the grammar, as the appropriate likelihoods or probabilities 

must be learned. However, this can also improve the ability of algorithms to learn, as they 
have another dimension with which to control the search for possible grammars. This can 
be particularly useful in an unsupervised setting, as there may be relatively few options 
for controlling search. It should also be noted that humans appear to use frequency-based 

information as part of their learning processes (see Chapter 7) and thus it would seem an 
appropriate feature to use in this context. 

Using stochastic formalisms can also allow for good extensibility, at least in the context 
of developing a more powerful and accurate model for disambiguation. Again this is not 
necessarily an extension of the coverage of the grammar, but rather an improvement of the 

model used to determine the correct analysis. 
The use of a stochastic formalism makes very little difference with respect to issues relat- 

ing to the separation of knowledge. In effect, it is assumed that it is known that likelihoods 

are attached to analyses. These likelihoods themselves are learned. This appears to be psy- 
chologically plausible if the likelihoods are related to frequency, as humans appear to use 
this kind of frequency information to learn (see Chapter 7). 

With respect to elegance, the addition of a stochastic component can make a formalism 

somewhat fussy to use. However, it does allow a large number of difficult NLP problems to be 

handled in a particularly simple way. In general, it is probably true that the use of stochastic 

models will reduce the complexity of the systems needed to handle various problems and so 

can be considered to provide a simpler approach than a purely symbolic approach. 
It seems wise, therefore, to use a stochastic model of grammar. Particular weight is given 

to the learning issues and expressiveness, as the addition of a stochastic component provides 

very useful information for narrowing the options down in an unsupervised setting, as will 
be seen when the system is described. 

2.2.3 Unification Formalisms 

A unification formalism is one that allows syntactic components to have variable arguments. 
The arguments are then instantiated using some form of unification. Commonly arguments 

are used to express features of a word or phrase, e. g. the form of a verb or the number of a 

noun. By using these arguments, it is possible to reduce the number of rules required. For 

example, consider the following phrase-structure rule for noun phrases. 

NP -+ Det N 

This states that a noun phrase can be made up of a determiner and a noun. However, as 
it takes no account of number, this allows ungrammatical noun phrases, e. g. "these man" 
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and *"a women". To prevent this it would be necessary to have the following two rules, the 
first for singular determiners and nouns and the second for plural determiners and nouns. 

NP DetSing NSing 
NP DetPlu NPlu 

All lexical entries for determiners and nouns would need to indicate number and in some 
cases (e. g. "the") multiple lexical entries would be required where the word can act in either 
way. 

A unification grammar would simply add number as an argument and then require that 
the two variables in the rule unify, i. e. only the following rule is required. 

NP -+ Det(Num) N(Num) 

In this case, words that can be either singular or plural do not require separate entries in 
the lexicon, but can simply be given a variable for the number argument. 

A number of unification-based formalisms have been developed. The simplest are prob- 
ably Definite-Clause Grammars (DCGs) [21,4,57]. The parameterised rule above can be 

considered an example of the type of rules that make up these grammars. They are simply 
context-free grammars that have been extended to allow parameterisation. More recently 
there have been more advanced unification grammars, for example Generalised Phrase- 
Structure Grammar (GPSG) [56] and Head-Driven Phrase- Structure Grammar (HPSG) 
[101], which use feature structures to express much of the syntactic information. A fea- 

ture structure is essentially a set of features, where a feature can be anything related to the 

word or structure involved, e. g. person, number, complements, semantics, or orthography. 
HPSG is also a lexicalised grammar, so words are assigned feature structures that define the 

word and can include the complements it takes, possibly subcategorisation information, as 
well as the standard number and person information. Feature structures are usually rep- 
resented using Attribute-Value Matrices (AVMs). Figure 2.1 shows a simple example of a 
feature structure (as an AVM) for a third person singular feminine verb (modified from a 
similar example in the work of Russell [104]). 

PER 3 
INDEX NUM sing 

GEN F 

L 

Figure 2.1: An example feature structure 

There have also been extensions of other formalisms to include the powerful benefits of 

unification, e. g. Categorial Unification Grammar (CUG) [124]. 

With respect to expressiveness, unification grammars can be exceedingly powerful, both 

formally and informally. Formally, it is simple to go beyond context-free and even context- 
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sensitive power depending on the type of rules used for application and the kind of features 

used (for example if any feature has an infinite number of possible values then the grammar 
is no longer context-free [21]). Informally, features allow the expression of many types 

of information, many of which will not be relevant. This may also lead to a problem with 
unification grammars, which is that it is possible simply to add features without any principle 
or constraint. Very large and inelegant grammars that capture the linguistic data very poorly 
can result. However, the ease with which features can be added is also a major advantage of 
unification grammars, as it is possible to maintain large amounts of information at the same 
time in the same structure and use whatever is useful in the context of solving your NLP 

problem. 
Using a unification-based formalism could have some impact on the learning problem. 

The addition of feature structures may mean that there is the need to learn many more 
things, e. g. person and number, if these are included. While these things will need to be 
learned, this may be a task for a future system. 

Probably one of the major advantages of a unification-based system, is that it is very 
extensible. This means that the complexity of the formalism could be increased to deal with 
more and more syntactic phenomena as the learning system improved. For example, features 
for number and person could be added. However, as has been mentioned, this extension needs 
to be tightly constrained. 

Unification grammars also add a level of knowledge separation, i. e. the separation between 

the rules and the arguments. This is useful in the context of the separation of background 

knowledge (the rules) and the knowledge to be learned (the arguments). This can also be 

thought to be plausible linguistically and psychologically if the rules and the parameters 

capture the right universals (see Principle and Parameters theory e. g. [47]). The separation 

can be similar to and interlinked (especially in HPSG for example) with the separation in 

knowledge within lexicalised formalisms. 

Finally, as shown above, with respect to elegance, unification formalisms have potential 
to be extremely compact and elegant, i. e. a small number of rules replacing a large number. 
However, there is also the risk of building very inelegant grammars in the detail of the 

arguments or features themselves. Elegance thus remains almost entirely in the hands of the 

grammar writer. 
Overall, the conclusion is that unification grammars are an excellent formalism for captur- 

ing a great deal of linguistic information. However, currently the majority of the information 

contained within them is probably beyond the scope of the type of learning systems that 

will be developed, i. e. the concepts being learned currently are not as detailed as even simple 

unification grammars. Hence, unification grammars for the systems presented here remain a 
future goal. 

2.2.4 Selecting the Grammar Formalism 

In summary, for the syntax learning system that is to be built, the desired grammatical 

formalism will be a lexicalised formalism, but not a unification formalism (although perhaps 

this will follow later). It should also be possible to add a stochastic component to the 

formalism. 
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Many formalisms have been eliminated by the discussion above. Standard phrase-struc- 
ture grammars, Principles and Parameters approaches and Týee-Adjoining Grammars (TAG) 
[71] are not lexicalised (although TAG does have some of the benefits). Similarly, HPSG, 
GPSG and DCGs are all based upon unification and so cannot be considered. Most for- 

malisms can be extended to have a stochastic component, so this is less of an issue. 
However, this still leaves a number of possible formalisms, e. g. Lexicalised Týee-Adjoining 

Grammar [71] and Categorial Grammar. The Categorial Grammar formalism has been 

selected from these remaining possibilities, as it is deemed to be particularly elegant, although 
this is something of a matter of personal taste. It is also true that there has been very little 

work on unsupervised learning of Categorial Grammars, and so it will be interesting to 

explore this particular avenue. 
In the remainder of this chapter, the Categorial Grammar formalism is described, along 

with a simple stochastic extension. 

2.3 Categorial Grammar 

Categorial Grammar (CG) [144,118] provides a functional approach to lexicalised grammar, 
and so, can be thought of as defining a syntactic calculus. Below we describe the basic CG, 

which proves to be suitable for the needs of the learning system. 
A CG, G, can be defined as the quintuple G= (W, C, S, R, L). Where W is the set of 

terminals, i. e. the set of words in a natural language grammar. C is the set of categories 
that can be assigned to words. There is a set of atomic categories in CG, which are usually 

nouns (n), noun phrases (np) and sentences (s). Sometimes the atomic categories pp and 

prt for prepositional phrases and particles respectively are also used. Wood [144] suggests 
that, while these appear as atomic categories, they can also be considered as abbreviations 
for the full complex categories for these constituents. It is then possible to build up complex 

categories using the two slash operators "/" and "\". If A and B are categories then (following 

Steedman's notation [118]) A/B is a category and A\B is a category, i. e. 

Definition 1 Given a set of atomic categories A, a CG category is defined as being a member 

of the infinite setC=AUIAIB: AE CAB (EClUfA\B: A ECAB ECI 

Informally, these can be thought of as the category A searching for the category B to complete 
it, e. g. the verb phrase category s\np is a sentence looking for a subject noun phrase to 

complete it. More formally, the categories A/B or A\B are functors which, when supplied 

with the argument B return the result A. The direction of the "slash" directionalities indicates 

the position of the argument in the sentence, i. e. a "/11 indicates that a word or phrase with 
the category of the argument should immediately follow in the sentence. The "\" is the same 

except that the word or phrase with the argument category should immediately precede the 

word or phrase with this category. This is most easily seen with examples, so a set of 

categories are provided in Table 2.1. 

S is the special symbol that is used to describe a complete utterance (a complete sentence 

usually in natural language). This is usually the atomic category s. R is the set of rules used 

to combine categories. With basic CG there are just two rules for combining categories: the 
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Syntactic Role CG Category Example 
Sentence S the dog ran 
Noun n dog 
Noun Phrase np the dog 
Intransitive Verb s\np ran 
Transitive Verb (s\np)/np kicked 
Ditransitive Verb ((s\np)/np)/np gave 
Sentential Complement Verb (s\np)/s believe 
Determiner np/n the 
Adjective n/n hungry 
Auxiliary Verb (s\np)/(s\np) does 
Preposition (n\n)/np in 

((s\np)\(s\np))/np 

Table 2.1: A set of example CG categories 
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forward (FA) and backward (BA) functional application rules. Again following Steedman's 

notation [118] these are: 

X/ YYx (FA) 

Y X\Y x (BA) 

These rules describe the applications of the categories in the functor-argument terms 

used above. X and Y should be considered as variables over all possible categories. Given 

an instance of a category A/B followed immediately by a B, then the first category acts as 
the functor, taking B as the argument and returning A as the result using FA. The process is 

similar for BA, but the functor category is looking backwards for its argument. This is most 
clearly seen with an example like that in Figure 2.2, where the parse derivation for "John ate 
the apple" is presented. Here we can see the similarity with Context-Free Phrase- Structure 

Grammars (CFPSG). The tree in Figure 2.3 shows the analysis which could be completed 

using the CFPSG in Figure 2.4. Each time either the FA or the BA rule is used with a pair 

of categories it is equivalent to the application of one of the binary CFPSG rules. 

John ate the apple 

np (s\np)/np np/n n 
FA 

np 
FA 

s\np 
D, ft 

S 

Figure 2.2: An example CG parse 

Finally, to complete the definition of a Categorial Grammar, L is the lexicon. This is a 

set of lexical entries. A lexical entry is a word-category pair, i. e. 

Definition 2A lexical entry is defined as a pair (w, c) where wcW and cCC. 

Therefore, a lexicon is a set of word-category pairs without any repetitions. 

Definition 3L is a lexicon if it is a set of lexical entrzes and for two distinct members of 
Lp 11 and 12 

1 
11 : /'ý 

12 
- 
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PNI D 

John ate the apple 

Figure 2.3: An example CFPSG parse 

S NP VP PN John 
NP PN VT ate 
NP DT N DT the 
VP VT NP N apple 

Figure 2.4: An example CFPSG 
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The CG described above has been shown to be weakly equivalent to Context-Free Phrase- 
Structure grammars [11]. As mentioned above, while such expressive power covers a large 

amount of natural language structure, it has been suggested that a more flexible and ex- 
pressive formalism may capture natural language more accurately [144,118]. This has led 

to some distinct branches of research into usefully extending CG (see Wood [144] for an 
overview). An example of an extended formalism is Steedman's Combinatory Categorial 
Grammar (CCG) [118], which elegantly captures certain linguistic constructs, such as co- 
ordination. An alternative method of extension, which has already been discussed, is to 

add a unification component. Uszkoreit [124], for example, developed Categorial Unification 
Grammar (CUG) to marry the categorial and unification approaches. 

In this work, I have included one extra rule in the set R for building compound noun 

phrases (which are difficult to handle elegantly with just the functional application rules in 
CG [144]). It simply allows the option of adjacent noun phrases being joined. 

np np =: >. np (NP) 

2.4 Stochastic Models with Categorial Grammar 

In this section I outline the stochastic Categorial Grammar models used within the learning 

system. In the first instance I formally describe the stochastic language model used (Section 

2.4.1). 1 aim to show that it is a suitable stochastic model for both word-category pair 

sequences and for derivations. The models are defined rigorously, as they are important in 

providing some of the direction for the learning system. This model of stochastic CG is the 

same as that used in the learning system of Osborne and Briscoe [96]. 
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2.4.1 A Language Model 
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The language model is best described in two stages. The first (Section 2.4.1.1) shows that 
the model is a well-formed stochastic model for word-category sequences. This bears some 
resemblance to stochastic part-of-speech tagging language models. In the second stage (Sec- 
tion 2.4.1.2), 1 show that the word-category sequence model can be used as a model for 

probabilistic parsing. 

2.4.1.1 The Word-Category Sequence Model 

To define the model, we first define the concept of a stochastic lexical entry. 

Definition 4 If W is the set of words in a language and C is the set of Categorial Grammar 

categories that may be assigned to words in that language, then a lexical entry is defined as 
a triple (w, c, p), where wCW, cEC and 0<p<1. 

Informally, a lexical entry assigns a category to a word with a given probability, e. g. the 
entry (the, np/n, 1.0) shows that the word "the" is a determiner, i. e. takes the determiner 

category np/n, with a probability of 1.0 - in this case the category is defined to be certain. 
I can now define what the stochastic lexicon is in this stochastic model of Categorial 

Grammar. 

Definition 5 If W is the set of words of a language, then the set of lexical entries L is a 
stochastic lexicon iff 

VWEW: 1: p=l 
(w, c, p)EL 

and 

V(wl, cl, pl) c L, (W2 
7 C2 i P2) EL: (Wl 

7 Cl 7 Pl) :A (W2 
7 C2 i P2) Wl :A W2 V Cl 0 C2 

A lexicon is thus defined to have two constraints. Firstly, given a word that is in the 
lexicon, the sum of the probabilities of the entries for that word is one. That is, a probability 
distribution is defined for each word in the lexicon over the different categories that the 

word may take. For example, the word "bank" could perhaps take three categories: noun 
(n), intransitive verb (s\np) and transitive verb ((s\np)/np)). This should give a lexicon 

with three lexical entries for "bank" where the probabilities sum to one, e. g. (bank, n, 0.4), 
(bank, s\np, 0.3) and (bank, (s\np)/np, 0.3). If these entries did not add up to one then it 

would not be a lexicon. 
Secondly, there should be no duplicate entries in the lexicon. By this I mean that there 

can be only one lexical entry for a given word-category pair. For example, if there were two 
lexical entries (bank, s\ n p, 0- 3) and (bank, s\ n p, 0.1) in a set of lexical entries, then that set 

would not be a lexicon. 
Given these definitions, it is possible to determine the probability of any sequence of word- 

category pairs by calculating the product of the probabilities of each item in the sequence. 
More formally, given a lexicon L for a language and the set of words W for the same language, 

then given a sequence of n words W1W2 ... Wni where wi CW for I<i<n it is possible 



CHAPTER 2. GRAMMATICAL FORMALISMS 37 

to generate at least one sequence of lexical entries, e. g. (WI 
i C1 i PI) (W21 C21 P2) ... 

(Wn 
i Cn, Pn) i 

such that when (wj, cj, pj) CL where 1<j:! ý n, the probability for this sequence of word is 

defined to be flin.. 3=lpj. 

Given a lexicon for a language L and the set of words in the language W, then for any 
sequence of words WIW2 ... Wn where wi EW and where 1<i<n, then there is a set of 
one or more possible sequences of lexical entries. The sum of the probabilities of all the 

sequences of lexical entries for any given sequence of words, is one. 
The proof is relatively trivial. Suppose that pij is the probability of word wi receiving 

category cj, where 1<i<n and 1<j<m, given that m is the total number of categories. 
In this case, the sum of the probabilities of all possible sequences of word-category pairs is 

(Pll X P21 X ... X Pni) + (P12 X P21 X ... X Pni) +---+ 
(Plm X P21 X ... X Pni) ++ (Pil X P2m X ... X Pnm) +-+ 

(Plm X P2m X ... X Pnm) 

Using the distributive law, each distribution can be factored out in turn, e. g. 

(Pll +P12 + +Plm)(P21 X ... X NO ++ 

(Pll + P12 ++ Plm) (P2m X ... X Pnm) 

ý (P21 X ... X Pni) +---+ (P2m X ... X Pnm) 

which eventually reduces the sum to one, as required. 
This shows that this oversimplified (because of the assumed independence between the 

word-category pairs, which is clearly an incorrect assumption) stochastic version of Categorial 
Grammar defines a probability distribution over sequences of word-category pairs. In other 
words it is a well-formed probabilistic model and can be used to assign a probability of any 
mapping generated between words and categories. This is clearly not the same as saying 
that there is a well-formed model for derivations or parses. 

To clarify this model, a small worked example will be given. Suppose we have the 

stochastic lexicon given in Figure 2.5. Note that this is a stochastic lexicon, the lexical 

entries are of the form defined above, there are no entries with same word and category as 

any other entries and the probabilities of different entries for the same words sum to one. 

(the, np/n, 1.0) 
(man, n, 0.7) 
(man, (s\np)/np, 0.3) 
(saw, (s\np)/np, 0.8) 
(saw, n, 0.2) 
(girl, n, 1.0) 

Figure 2.5: A example of a stochastic CG lexicon 

Given the sentence: 
"the man saw the girl" 

there are four possible sequences of lexical entries (shown in Figure 2.6), which correspond 
to the different possible configurations of the ambiguous words "man" and 4csawll . The 
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probabilities (the calculation of which is also shown in Figure 2.6) are can be summed in the 
following way: 

0.56 + 0.24 + 0.14 + 0.06 =I 

which shows an example of the probabilities of lexical-entry sequences summing to one. 
f (the, np/n, 1.0) (man, n, 0-7) (saw, (s\np)/np, 0.8) (the, np/n, 1.0) 

1.0 x 0.7 x 0.8 x 1.0 x 

(the, np/n, 1.0) (man, (s\np)/np, 0.3) (saw, (s\np)/np, 0.8) (the, np/n, 1.0) 
1.0 x 0.3 x 0.8 x 1.0 x 

(the, np/n, 1.0) (man, n, 0.7) (saw, n, 0.2) (the, np/n, 1.0) 
1.0 x 0.7 x 0.2 x 1.0 x 

(the, np/n, 1.0) (man, (s\np)/np, 0.3) (saw, n, 0.2) (the, np/n, 1.0) 
1.0 x 0.3 x 0.2 x 1.0 x 

(girl, n, 1.0) 
1.0 
0.56 

(girl, n, 1.0) 
1.0 
0.24 

(girl, n, 1.0) 
1.0 
0.14 

(girl, n, 1.0) 
1.0 
0.06 

Figure 2.6: The possible lexical entry sequences of the example sentence 

Two pertinent comments need to be made about this stochastic model at this stage. 
Firstly, the model is a uni-gram model, i. e. probabilities are attached to one lexical entry 
and no surrounding context is taken into account. This is a very simple statistical model. 
It is much more common to use models that take at least one or two of the surrounding 
words (or lexical entries in this case) into account. However, as has already been stated, the 

aim has been to use simple stochastic models as an extension to more complicated symbolic 
(non-stochastic) models. This stochastic extension has been used before by Osborne and 
Briscoe [96] for a similar task, and hence seem especially appropriate. It is also advantageous 
that, because the stochastic extension is simple, it is cheap and efficient to build and use the 

model. However, it may be useful in future to investigate more complex models, especially 
those that take surrounding context into account. 

The second issue, which should be obvious from Figure 2.6, is that not all sequences of 
lexical entries will allow parses. In fact, in the example, only the first sequence will allow a 
parse. This issue is discussed in the next section, where the model for parsing is described. 

2.4.1.2 The Parsing Model 

Firstly, it will be necessary to discuss the rules of CG and how they will be used in the 

probabilistic setting. The two standard rules of functional application are repeated below 

along with the extra noun-phrase joining rule. 

X/ YYx (FA) 

Y X\Y x (BA) 

npnpnp (NP) 

These three rules need to be modified to use the word- category-pair probabilities to 

calculate the likelihood of particular parses. As before with the non-stochastic version, 

one of these rules is used to combine two categories at each step of the parsing process. 
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However, instead of merely combining categories, it is necessary to calculate probabilities. 
To accommodate these calculations the rules must be redefined with respect to category- 
probability pairs. 

(XI Y, Pi) (Y, Pj) (X, Pi x Pj) (FA) 
(Y, Pi) (X\Y, Pj) (X, Pi x Pj) (BA) 

(n p, Pi) (n p, Pj) (n p, Pi x Pj) (NP) 

This allows us to assign probabilities during derivations. An example of a probabilistic 
derivation is shown in Figure 2.7. This is the same as the approach proposed by Osborne and 
Briscoe [961. Osborne [95] also proposes a stochastic CG where a probability distribution is 
defined over the set of categories, but this seems a much less useful approach, as it does not 
give the distribution over sequences of words. 

John ate the apple 
np (1.0) (np\s)/np (0.5) np/n (1.0) (0-8) 

FA 
np (0.8) 

FA 
np\s (0.4) 

- BA 
s(O. 4) 

Figure 2.7: An example of a probabilistic parse in stochastic CG 

As mentioned above, this probabilistic model of CG does not define a probability distri- 
bution over the derivations of examples. The distribution remains over sequences of word- 
category pairs. If the grammar does not allow some of these sequences of word-category 
pairs to be a parse, as in the example given above, then their probability mass will be lost. 
While this does not change the fact that the model will assign likelihoods to the parses, these 
likelihoods should not be considered as probabilities. 

Hence, the probabilistic extension of the grammar needs to be seen as providing some 
stochastic constraints, which interact with the symbolic constraints that were already present 
in the grammar. The symbolic constraints define the possible derivations and the stochastic 
constraints determine the likelihood of those derivations. 

Again, this approach needs to be justified. Firstly, it is again worth noting that the 

approach followed is simple and so matches the aim of using simple stochastic extensions 
to symbolic model. Secondly, this method allows cheap calculation of likelihoods, which in 

a learning system is advantageous. Thirdly the model has been used before in this way by 
Osborne and Briscoe [96] and has proved effective. Finally, as Osborne and Briscoe note [96], 

one could normalise the likelihoods, so that they define a distribution. If there are n parse- 
able lexical-entry sequences for an example with likelihoods p, 7 P21 ---, P" , then this set of 
likelihoods can be turned into a probability distribution over the parses by calculating what 
proportion of the probability mass a sequence is, i. e. the probability of pi where 1<i<n 

is: 
Pi 

Lj"= i pj 
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However, given that all the probabilities of parse sequences are not necessarily calculated 
by the parser (indeed in CLL only the n-best parses are calculated) then this may not be 

a practical solution. What this does show, is that the likelihoods assigned to a parse are 
directly related to a probability distribution, where the probability is conditional on the 

category sequence being a parse. The work of Hockenmaier [66] with respect to parsing 
Combinatory Categorial Grammar (CCG) is one possibility where probabilities of local trees 

are used to calculate the total probability. However, the calculations and the collecting of 
appropriate statistics would be more costly with this model, and so it seems, currently, to 
be more sensible to use the simpler model that has been described. 

This stochastic'model is perhaps somewhat simple, both in assigning probability to un- 
grammatical sequences (although this can be ignored if the probabilities are considered to 
be normalised) and in not taking into account any context apart from the current word. In 
future a more complex model, which considers some context, may improve the grammar. 
For the current purposes, however, this very simple model is acceptable. It is simple and 
it is therefore efficient for the calculation of probabilities in the learning system, as will be 

shown in Chapter 5. 

2.4.1.3 A Comparison with Probabilistic Context-Free Grammars 

The use of Probabilistic Context-Fýree Grammars (P-CFGs) in the context of learning systems 
is considered in some detail in Chapter 4. However, as P-CFGs are probably the most 
common way of defining syntactic structures probabilist ically, then it seems appropriate to 
discuss their relationship to the stochastic model of CG that has just been presented. 

A P-CFG, according to Charniak [33], is a quadruple (W, N, N1, R), where W is the set 
of terminal symbols fwl, 

... , w'J, N is the set of nonterminal symbols IN'.... 
I N'J, N1 

is the start symbol and R is the set of rules of the form N' -ý (i where (i is a sequence of 

symbols in either W or N. Each rule has a probability assigned to it and the probabilities 
for all rules with N' on the left-hand side must sum to one. The probability of a parse is 

then the product of the probabilities of the rules used to make up the parse. 
The P-CFG model is rather different to the stochastic CG model defined above. Again, 

the P-CFG model does not create a probability distribution over the set of parses for an 

utterance, but rather over the rules in the grammar with the same nonterminal on the 

left-hand side. This is perhaps most easily seen with an example. 
Given the P-CFG in Figure 2.8, then there is only one possible parse for the sentence: 

"John likes Mary" 

which is shown in Figure 2.9. But this parse has the probability: 

0.33 x 0.33 x 0.5 x1x1=0.125 

In contrast, the closest stochastic CG is given in Figure 2.10. It should be noted that, 

as the probabilities are based upon words, all the lexical entries have a probability of 1. 

Hence, the probability of the parse of the sentence (shown in Figure 2.11) is also 1, because 

the probability that is calculated by the application of rules is simply the product of the 
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S NP VP 1 
VP Vi 0.5 
VP Vt NP 0.5 
NP John 0.33 
NP Mary 0.33 
NP walks 0.34 
Vi ran 0.5 
Vi walks 0.5 
Vt likes 1 

Figure 2.8: An example P-CFG 

, -I-- 
IP 

John vt 
17 

I es Mary 

Figure 2.9: The CFG parse of the example 
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probabilities of the words. In this example, the stochastic CG would appear to model the 

situation better. 

John: np 1 
Mary: np 1 
walks: np 0.5 

ran: s\np 1 
walks: s\np 0.5 
likes: (s\np)/np 1 

Figure 2.10: A similar stochastic CG lexicon 

John likes Mary 

np (s\np)/np np 
FA 

s\np 
BA 

S 

Figure 2.11: The CG parse of the example 

On the other hand, there are cases where the stochastic CG also loses probability mass. 
For example, given the simple sentence: 

"John walks"' 

there is only one possible parse (shown in Figure 2.12). which has a probability of: 

1x0.5 = 0.5 
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However, it should be noted that the sentence, parsed in essentially the same way with the 
P-CFG (shown in Figure 2.13), has a lower probability still: 

0.33 x 0.5 =: 0.165 

John walks 

np s\np 
S 

BA 

Figure 2.12: The CG parse of the example 

IP p 

John t 

v 

Figure 2.13: The CFG parse of the example 

Hence, it can be seen that P-CFGs and stochastic CGs are somewhat different in the 

way that probabilities are added to the basic context-free grammar structures. The examples 
above suggest that attaching probabilities to lexical items and ensuring that the probability 
distributions are defined over words is perhaps a better way of maintaining the probability 
mass. There is some (rather weak) support for the stochastic CG model being better than a 

model which defines probability distributions over each category (as in P-CFG) rather than 

the word from the work of Osborne [951 and Osborne and Briscoe [96]. Results are presented 

on the grammar learning problem (see Chapter 4 for a discussion of their work), where a 

significant difference between the experiments is the type of stochastic CG used. In Osborne 
[95] probability distributions are defined over categories, whereas in Osborne and Briscoe 
[96] the probability distributions are defined over words (in the same way as they have been 

here). The results are somewhat better in the latter paper. It may be, that for a lexically 

driven model it is better therefore to have a model that assigns probability distributions to 

words rather than nonterminals or categories. 
However, there is a weakness of the stochastic CG that P-CFGs do, to some extent, 

overcome. The stochastic CG is essentially a uni-gram. model, as mentioned above. Hence, 

when calculating the probabilities of sequences of word-category pairs, no context is taken 

into account. P-CFGs do, indirectly, take context into account. This is achieved by assigning 

probabilities to rules higher than lexical rules, e. g. in Figure 2.8 the rules VP -* Vt NP, 

which has a probability of 0.5, can be considered to be assigning a probability to the situation 

where a Vt and an NP occur together. However, P-CFGs have generally been considered to 

attach such probabilities in the wrong place [44,18] and so it is perhaps unwise to consider 

using it as a language model. 
It is, of course, possible to think of stochastic CGs and P-CFGs in a somewhat similar 
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way. The stochastic CG can be thought of as a P-CFG where all the rules have a probability 
of I (although this is not a well formed P-CFG, as if their is more than one rule with the 

same non-terminal on the left-hand side then the probabilities will not sum to one) . 
In this context, it seems that, while the stochastic CG defined here is not unreasonable 

and is unlikely to be any less useful than a P-CFG, it may be the case that the stochastic 
CG will need to be modified in the future to allow more context to be taken into account. 

2.5 Conclusion 

In this chapter, the requirements for an appropriate grammar for the learning system have 
been considered. These requirements have led to Categorial Grammar being chosen. As 

a formalism it is lexicalised in an appropriate way, and (as has been shown) can be easily 
extended to have a simple stochastic component. It expresses the information desired at an 
appropriate linguistic level, but should more detail be required in future it can be extended 
to a unification-based formalism. 

Having defined the grammatical formalism, it is now possible to continue to develop the 

model and finally the system that will use this formalism. 



Chapter 3 

A Computational Framework for 

Syntax Learning 

Having determined that the system will learn stochastic Categorial Grammar lexicons, the 

next stage in the process is to determine a computational framework within which to design 

and implement the syntax learning system. The implementation of this approach is described 
in detail in Chapter 5. 

As has already been stated, the aim is to build a practical computational system, i. e. a 
system that can be applied to real and useful problems. This aim will guide many of the 
decisions made in determining this framework. However, other issues will be noted and taken 
into account, particularly those related to the types of problems humans face and the sorts 
of methods humans appear to use to solve those problems. 

Two stages are presented to describe the computational framework. The first is the 
definition of a general computational syntax-learning model (Section 3.1). The second is a 
description and evaluation of some of the types of models and methods that can be used to 
instantiate this model, i. e. a discussion of some of the general implementation issues with 

respect to the model (Section 3.2). 

3.1 A Computational Syntax-Learning Model 

In this section, the computational syntax-learning model, which is proposed and investigated 

in this work is described and discussed. The model is shown in Figure 3. L Each component 
is described in turn in the following sections, along with some discussion as to the type of 
data or system that will be involved. 

Examples 

The examples can be characterised by four features. They are: 

1. lists of words, 

all sentences, 

3. unannotated or weakly annotated and 

44 
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----------------- Examples 
Search Constraints 

CG 
Knowledge 

, 

FCKn d: ge)'"O- 
, 

Initial Mim. Search 
Lexicon Engine 

Learning 
P cip rinciples 

---------------- CG 
L xic exicon 

Figure 3.1: The computational model for learning syntax 

4. all positive examples. 

Each of these features is discussed in turn below. 
Firstly, the examples are lists of words. This may seem an obvious fact, but it needs 

to be taken into account that there is no ambiguity left with respect to the word content 
of the examples, as there might be if continuous speech had been presented to a learning 

system. This is entirely practical with respect to a computational system, as there are large 

corpora of such text that available. However, with respect to the similarity of the problem 

with human language learning, it needs to be noted, that the examples presented are not in 

the same form as those that a child hears, unless one presumes that the child has already 
developed a perfect speech-recognition system. 

Secondly, all the examples presented to the learner will be sentences. This provides a 
certain amount of useful constraining information, as the system will be able to use this 
fact to insist that the grammar learned should be able to assign sentence structures to 
these examples. Again this is reasonably practical, as the vast majority of written text 
is in sentences and so large numbers of examples are available. However, there are still 

many examples in written text that are not fully formed sentences, for example the Penn 

Tý-eebank [88], which is used for some of the experiments, contains many examples that are 

not complete sentences, despite the fact that the text is taken from a newspaper. Again, it 

can be noted that in the context of a child learning language, examples are commonly not 

provided as sentences, but fragments of sentences. It may, therefore, be useful to extend 
the system in future to deal with sentence fragments and maybe even with spoken language, 

although it should be noted that dealing with spoken language would significantly increase 

the complexity of the problem, as there would be the need to deal with a large range of 
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phenomena that do not occur in written text. 

Thirdly, the lists of words that make up the examples will either have no annotation 
or weak annotation. The reason for this is that naturally occurring text, of which there 
is usually a large amount for whatever language or domain we are interested in, does not 
usually come with annotation of any sort. Any annotation, e. g. parse trees or semantic form, 

needs to be added. The process of annotating text is time consuming and costly and it 

may be necessary to annotate text with all sorts of types of annotation for different tasks. 
Hence, we are interested in building learning systems, which do not need any annotation, 
or at worst need a very small amount of annotation, which is easy and cheap to do. In the 

work presented here we investigate using completely unannotated data and data where the 

nouns and verbs are marked. 
The use of unannotated and weakly annotated examples has an impact on the types 

of learning algorithms used and the amount of knowledge that the algorithms need to be 

supplied with, but it should lead to more general systems that can easily be used in more 
situations. Hence, the aim of building a system that is practical and solves useful problems 
is met. 

There is the further issue of what type of examples humans learn from. There is some 
debate with respect to this, which is described in Chapter 7, but it is certainly a strong 
possibility that unannotated or weakly annotated examples most closely correspond to the 
type of data children receive. 

Finally, the only examples provided to the learner will be positive examples, i. e. examples 
that are considered correct. Again this is the most practical approach, as there are large 

numbers of positive examples of language available. It may be suggested that there are 
also a large number of incorrect, or negative, examples available because of the mistakes 
that people make, however, this is only partially correct. Firstly, negative examples need 
to be annotated as incorrect to be useful in a learning process, otherwise they will just be 

treated as positive examples. As annotated negative examples are not generally available, 
it will be potentially time-consuming and expensive (although the annotation is weak) to 

annotate a corpus of examples. Secondly, there is a difficult question about what kind of 

negative examples will be useful, i. e. how do we supply the right kind of negative examples 
for learning, given the potentially infinite number of ways of getting things wrong. Thirdly, 
from the psychological perspective, such examples are not available to children, and yet they 

are able to effectively learn language (see Chapter 7). Hence, we will pursue using positive 

examples only. Again, this decision has an impact on the learning algorithm and background 

knowledge that a learner will require, which is discussed further below. 

3.1.2 The Search Engine 

The search engine is at the heart of the learning model. The search engine performs two 

tasks. Firstly, there is the process of determining the best analyses for a particular example. 
Secondly, one of these analyses must be chosen to produce the best lexicon. 

The search engine will be provided with one example at a time (thus making the learner 

incremental, as a human learner would seem to be). It will then search the space of appropri- 

ate syntactic analyses guided by the search constraints (see Section 3.1.4); the current state 
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of the system's syntactic knowledge and the information provided by analyses of previous 
examples (note these last two could be considered part of the current version of the CG 
knowledge). Hence, what is needed is an n-best parser, i. e. a parser that will return the 
n-best syntactic analyses on the basis of the current CG knowledge. The notion of "best" in 
this case will be determined by the stochastic model applied to the CG. This was the very 
reason for which the stochastic model was developed, as it allows us to rank parses. Hence, 
one place in the model where simple syntactic methods have been used to extend symbolic 
methods is in this probabilistic parser. 

When the "best", or set of the "best", analyses have been determined, the syntactic 
knowledge they provide is incorporated into the current grammar to improve it and the 
process is repeated on the next example. In effect, the set of constraints is modified at each 
step by the search engine, hence, the arrows in both direction in Figure 3.1. 

Again, the process of incorporating the syntactic knowledge is guided both by symbolic 
and statistical constraints. The aim is to build the most compressive lexicon, i. e. by some 
statistical measure, the smallest lexicon. This is achieved by choosing the syntactic analysis 
(from the n-best), which leads to the smallest lexicon. Compression is discussed in more 
detail in Section 3.2. This is not simply a matter of selecting the parse which uses the lexical 

entries, which are most similar to the current lexicon. By adding entries to the lexicon, the 
nature of the lexicon may be changed enough to mean that earlier examples, if reparsed, 
would be parsed in a different way and so have a different impact on the lexicon. Hence, 
the approach taken to determining the next lexicon involves trying potential lexicons and 
reparsing previous examples to determine any changes. 

The process in CLL for performing the selection of the analysis of an example for adding 
to the lexicon is discussed in more detail in the next chapter. At this stage we will simply 
discuss the idea of using reparsing. The choice to do this occurred because of empirical 
evidence from early experiments when developing the system. Initially reparsing was not 
used, but this led to a system that did not modify early mistakes. 

For example, the early system, which did not reparse, analysed all ditransitive verbs as 
transitive verbs, because of choices made early on. If a word was mistakenly analysed as a 
transitive verb early in the learning process, it was more likely to be analysed as a transitive 

verb the next time it was seen and any analysis of it as a ditransitive verb would only add 
another lexical entry to the lexicon (so not leading to a smaller lexicon). Hence, when a 
mistake was made it was simply repeated. The incorrect analysis of other words was not 
enough to push the analysis towards the ditransitive. This is, in a sense, an example of the 

subset problem, where a wrong generalisation has been made and there is no evidence to 

prevent this occurring again. 
Reparsing of previous examples with compression allows this mistake to be corrected, 

because, so long as the ditransitive analysis is proposed as one of the n-best analyses, then 

compression over a number of examples containing the same ditransitive verb will eventually 

show that analysis as a ditransitive leads to an overall smaller lexicon. 

However, reparsing is poor on two counts. Firstly, it is clearly going to be expensive. 
Secondly, from a psychological perspective, it is inappropriate to store and re-use examples 
[141. It may also be the case that reparsing is not necessary, as will be seen from the results. 
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It may be the case that enough data would allow a parser to correct any mistakes. Such an 
approach may be investigated in the future. 

3.1.3 The Categorial Grammar Lexicon 

It will be clear from Chapter 2 that the system will use a stochastic extension of Categorial 
Grammar, which has already been suggested as an appropriate formalism both linguistically 

and for the purposes of computational syntax learning. 
Ideally, the system would be provided with a set of rules for CG, e. g. forward application 

and backward application, and the set of atomic categories, i. e. s, n, np. If it is hypothesised 
that these may be provided as background knowledge, then the remainder of the grammar 
would then have to be learned. This would mean that the full set of complex categories 
and the mapping between words and categories would have to be learned. Furthermore, 
because of the use of probabilistic techniques for defining "best" analyses, it would also 
be necessary to learn the probabilities of the word-category mappings, i. e. the probabilistic 
lexicon discussed in Chapter 2. Such a lexicon would be a particularly useful product for 

other systems that could use the grammar to rank parses. 
However, as an initial learning problem, this would be particularly difficult, requiring a 

system that could learn a complete set of complex categories, a complete set of mappings 
between words and their CG categories and the probabilities of those mappings. Hence, I 

am currently investigating a simpler problem. I will suppose that a complete set of language- 

specific categories is also available to the learner, i. e. the learner has all the categories (atomic 

and complex) that are needed for the words in the examples. The problem is now reduced to 
learning the mappings between words and categories and the probabilities of those mappings. 

The choice to reduce the difficulty of the problem in this manner can be justified in two 

ways. Firstly, by choosing to use unannotated examples, it will be necessary to include some 
sort of further background knowledge to direct the learning process, or to use better learning 

methods. The use of background knowledge as a starting point is acceptable. Secondly, the 

use of a complete set a categories is a practical solution, as for any new language or domain, 

the only work will be building a relatively small set of categories. Compared with building 

a large annotated corpus, it is suggested that this is a much simpler and cheaper option. 
Consequently the grammar learned by the system will in fact be a lexicon, i. e. a proba- 

bilistic mapping between words and the CG categories. In effect, words are assigned to their 

groupings and assigned their syntactic functor-argument structure: since CG is being used 
this corresponds to the semantic functor-argument structure. This is discussed in Chapter 4, 

but essentially the learning problem being defined lies somewhere in between part-of-speech 
tagging and full grammar learning. 

3.1.4 The Search Constraints 

It is clear from the above that there will need to be strict constraints on the search engine, 

or else searching will be huge task. The constraints can be separated into 3 types: 

e the CG knowledge, 

e the initial lexicon, and 
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o the learning principles. 

However, as shown in Figure 3.1, these sets of constraints all interact and the boundaries 
between them are by no means well defined. The separation is useful for conceptualising the 

constraints and they are discussed on this basis in Sections 3.1.4.1-3.1.4.3. 

The CG Knowledge 

The building blocks of a CG grammar are available. The combination rules (FA, BA and 
NP) are available (although I experiment not using NP). A complete set of language-specific 
(atomic and complex) CG categories is also available. The motivation for this approach is 
discussed above, but to summarise, this amount of knowledge is fairly trivial to construct 
compared with either building a lexicon, or annotating a corpus and so leads to a system 
that can be more easily used for other languages or domains. The rules and categories are 
used to define the search space, i. e. the set of possible word-category mappings that can be 

used with an example are those that use the predefined set of categories in such a way as to 

allow the combination rules to provide a legal parse for the example. 
The other CG knowledge used to constrain the search space is slightly different, as it 

changes dynamically. It is the current state of the syntactic knowledge that has been amassed 
from learning on previous examples. For example, what categories have been used before, in 

what situations. In other words, the probabilistic lexicon that has been learned by the system 
up to the current point can be used to direct the future learning process. This knowledge 

may be somewhat incorrect, but is the basis from which the learner starts. These constraints 
are dynamic, as the learner builds and modifies them throughout the learning process. 

3.1.4.2 The Initial Lexicon 

The second type of constraint which may be used (but is not in some experiments, in partic- 

ular those that use the weakly annotated data) is the initial bootstrapping lexicon. A small 
initial lexicon is used to reduce the possible word-category pairings for examples. This lexi- 

con provides correct information for a small proportion of the words. If an example contains 

some of these words, then the initial lexicon can be used to assign possible categories to these 

words. This in turn restricts the possible categories of the rest of the words in the example, 

as they must be set so that a parse can be derived. For example, given the sentence: 

"the man ran" 

if the word "the" had a lexical entry in the initial lexicon: (the, np/n, 1.0), then the category 

of "man" would be restricted to n or X\np/n where X could be any category, or "man" 

would have to combine with "ran" to produce one of these categories. The initial lexicon 

along with the limited set of categories that words can take can provide a strong bias for the 

correct analysis (particularly in such short examples). The lexicons used are closed-class word 
lexicons, i. e. words of categories which only have a finite number of members. In particular 

the closed-class word initial lexicons contain determiners, prepositions and conjunctions. 
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It has been suggested' that the use of such lexicons will make the learning problem trivial. 
While the experiments show this not to be case, it maybe useful to consider why. Consider 
the following example from the Penn T! reebank. 

"I am waiting. " 

There are a large number of these short sentences, which have no closed-class words in at 
all and so the initial lexicon has no impact on learning with these examples. Now consider 
a longer example, such as the one given below. 

"you'll see the annual unravelling of it. " 

The sentence has two closed-class words that would be in the lexicon: "the" and "of". If we 
assume "the" is assigned the category np/n and "of" is assigned the category (n\n)/np then 
Figure 3.2 shows a set of possible parses using categories from the fixed set of categories. 
The figure shows that, while this information provides some constraints with respect to the 

parses that are allowed, there are still a very large number of possible parses (there are more 
still than those shown). If we allow "of" to take the other preposition categories in the 

closed-class lexicon then there are even more possible parses. Similarly, if we allow other 

words to take closed-class categories (as is the case in some of the experiments with CLL) 

then there are even more possible parses. Again, if the sentence is longer, or there are fewer 

closed-class words, more parses are possible. 
It is also useful to state that, in practice, the number of closed-class words in sentences 

is seldom large enough to fully determine the categories that need to be assigned to words 
in the sentence, i. e. the examples given above can, in some sense, be considered to be 

representative. Investigation of a corpus of examples of length less than or equal to fifteen 

words extracted from the Penn Treebank [88,85] (the corpus PC2 - see Chapter 8), give 
the results in Table 3.1. In this "No CCW" is the number of sentences with no closed-class 

words and "Average CCW" is the average number of closed-class words per example. The 

table shows the results for the examples which have length (in words) two, three, four and 
five and for the entire corpus (where the average example length is 9.56 words). Closed-class 

words were identified using the largest initial lexicon used in the experiment (see CCW2 in 

Appendix B). Hence, the results in Table 3.1 are the worst in terms of the initial lexicon 

trivialising the problem and would appear to show that it is very unlikely that the initial 

lexicon will trivialise the problem, as examples contain a relatively small number of closed- 

class words. 

3.1.4.3 The Learning Principles 

In this section the type of mechanisms that are used to constrain the search are discussed. 

Two statistical learning principles work alongside the symbolic search. These are: 

1. maximum likelihood, and 

2. compression. 
'Personal communication with Mark Steedman, 2002 


