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Abstract
Attempts to overcome limitations in the attribute-value representationfor machine learning has led to much
interest in learning from structured data, concentratedin the researchareasof inductive logic programming
(ILP) and multi-relational data mining (MDRM). The expressivenessand encapsulationof the object-oriented
data model has led to its widespreadadoption in software and databasedesign. The considerablecongruence
betweenthis model and individual-centred models in inductive logic programming presentsnew opportunities
for mining object data specific to its domain.
This thesis investigates the use of object-orientation in knowledge representation for multi-relational data
mining. We propose a language for expressing object model metaknowledge and use it to extend the reasoning
in
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mechanisms
refinement
a object-oriented propositionalisation-based ILP classifier. An algorithm is proposed for reducing the large
number of redundant features typical in propositionalisation. A data mining system based on the refinement
operator is implemented and demonstrated on a real-world computational linguistics task and compared with a
conventional ILP system.

Keywords: Object orientation; data mining; inductive logic programming; propositionalisation; refinement
operators; feature reduction.
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Chapter 1

Introduction
This chapterpresentsthe motivation for the work describedby the rest of the thesis. It comprisesthree parts.
In section 1.1, the preliminary concepts and terminology relating to multi-relational data mining and objectorientation are presented. Section 1.2 situates these concepts in the field of inductive logic programming.
Section 1.3 considersthe application of object-orientation to machine learning. Section 1.4 presentsthe aims
of the work describein this thesis and describesthe overall structureof the thesis, and section 1.5 concludes.

1.1

Knowledge discovery in databases and data mining

The highly multidisciplinary field of knowledge discovery in databases (KDD) is concerned with the discovery
of patterns in data. It may be defined as "the non-trivial process of identifying valid, novel, potentially useful,
and ultimately understandable patterns in data" [50]. Interest in KDD has grown rapidly over the last ten years
as the acquistion and analysis of massive data sets has become increasingly important to the operation of a wide
variety of organisations.
Process models defined for KDD, such as CRISP-DM [ 129], broadly agree on the stages involved in KDD.
Firstly, a data understanding stage (possibly including a data collection stage) takes place in order to gain
familiarity with the data and identify issues. Next, the data preparation stage transforms the raw data into a form
suitable for computational analysis. This analysis phase then begins, and the patterns are identified through
a data modelling process. The discovered patterns, the results, are finally evaluated and interpreted. KDD
has a wide variety of industrial applications, from fraud detection to bioinformatics, from decision support to
marketing and from retail to counter-terrorism. Data mining (DM) may be viewed as a (semi-automated) stage
within this knowledge discovery process, namely the central pattern-finding stage. One practical definition of
data mining is given by Fayyad [42] as follows:
Data mining is a step in the KDD process consisting of applying computational techniques that,
under acceptable computational efficiency limitations, produce a particular enumeration of patterns
(or models) over the data.

Many of thesecomputational techniquescan be said to be computer programscapableof machine learning
(ML), that is, such a program learnsfrom experienceE with respectto someclass of tasks T and performance
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measure P, if its performance at tasks in T, as measured by P, improves with experience E [97]. Informally,
the term `machine learning' describes a class of programs which perform better with experience.
In single-relation data mining, the information that the data miner, or learner, is given as a data set which
is made up of a set of instances or alternatively examples. The data are taken from a context, referred to as
the domain. Domain experts may be consulted to gain domain knowledge which may be incorporated into the
data mining process. Each instance consists of a series of values assigned to the same set of attributes (or
alternatively features) that describe some aspect of the instance. Attributes may take on different types; they
are typically either discrete, taking their value from a set of possible values, or continuous, taking on a real
number, perhaps from some defined range. These examples are said to be in attribute-value or propositional
form. As will be discussed later, this is not always the most natural way of representing data, but it is by far the

most common.
The processof data mining and finding patternsoften involves the formation of something to be learned,
which we call the concept (or alternatively the model or theory), often a generaliseddescriptionof the instances,
describing a set of patterns within those instances.While a concept typically classifies an example according
to whether it belongsto a target classor not, more generalformulations exist for problems involving more than
one possible target class. The specific form of the conceptdependsheavily on the choice of learning algorithm.
The processof generalisingfrom a set of instancesto a conceptis called induction.
We may characterise learning as the discovery of patterns in the data, which leads us to consider the form
of these patterns and how they are expressed. The patterns can take many forms and are highly dependent on
the choice of the data mining task and the learner chosen for it. Witten and Frank [ 1391categorise the learning
tasks typically used in data mining into four basic styles. Classification learning involves learning to classify
unseen examples based on already classified examples. In classification learning one attribute in the dataset
is identified as the class of the instance. Many learners have been proposed, including those that produce
decision trees (ID3, C4.5 and the widespread C5.0), decision lists, Bayesian models (Naive Bayes, Bayesian
Networks), classification rule learners (Ripper, CN2), instance-based learners (nearest-neighbour methods), and
support vector machines. Numeric prediction involves predicting some numeric quantity rather than a discrete
classification. Models include regression trees, artificial neural networks, and traditional methods such as linear
regression and least mean squares approaches. These classification learning and numeric prediction tasks may
be grouped together into the category of prediction tasks.
Association rule mining is similar to classification rule mining, but seeks to find more general patterns
than only predictive ones, in which the head of the rule (the then-part) may contain any number of values for
attributes. Association rules algorithms find elements which co-occur frequently within a dataset, according
to their support (the number of instances they predict correctly) and their confidence (the proportion of instances they predict correctly). Clustering involves grouping examples together according to some definition
of similarity. These groups may overlap or may be mutually disjoint.

Finally, an important aspectof data mining is evaluating the models produced in a mining task. The quantative aspectsof predictive data mining models may be evaluatedthrough a wide variety of establishedand
well-defined data mining metrics, for example, predictive accuracyand weighted relative accuracy,recall and
precision, and the F-measure. Furthermore, predictive performance may be expressedusing ROC analysis
techniques.Other aspectsof the data mining model, such as its understandabilityor semanticvalidity, are less
conduciveto measurement.

1.1. KNOWLEDGE DISCOVERY IN DATABASES AND DATA MINING

1.1.1 Multi-relational data mining
Until this point we have considereddata mining in a single-relational world. The data was assumedto occupy
a single table, each row an example containing a fixed number of values for attributes, one for each column.
However,data is not often expressiblein this form in a natural way. For example,supposethat the data mining
task operatesin a domain concerning molecules,madeup of any number of atoms. Since the number of atoms
per molecule is variable, we cannot easily define a number of attributes in which to describeevery molecule.
There are a number of ways in which we can incorporatedata into the single-relation representation:
" Each row representsa molecule, and the attributes for each atom are described in sequence. In other
words, after writing the values for attributes concerning the molecule, we write the values for the first
atom, followed by the second atom, and so on, up to a maximum number of atoms. This is far from
ideal. An arbitrary order has been imposedon the atoms, and furthermore, induced models will refer to
attributes at a specified point in the sequence.
. Each row represents an atom, and the attributes for each molecule are duplicated across atoms, so each
atom is also described in terms of the attributes of the molecule it belongs to. Information is there but
there is redundancy, and data mining will give us information about atoms, rather than molecules, which

are actually of interest.
" The information about the atoms as a group may be summarised in one or more aggregating statistics.
Though this overcomes the problems of the previous two approaches, it inevitably introduces some information loss, and the choice of the aggregration methods necessarily limit the learning task and the forms

of patternsthat can be discovered.
Becauseof this restriction, algorithms capableof mining more flexible data representationshave beenproposed. Multi-relational data mining, also called relational data mining, is data mining applied to the data in
a more flexible form. This relational representationcan be thought of as a set of tables, each one often relating to some class of objects of interest in the domain being modelled, which are interlinked using a system
of identifiers, or foreign keys. Relational representationshave been used as the basis for mainstreamdatabase
technology for many years now and have beenproven flexible enoughfor a huge variety of applications.
Multi-relational data mining is related to the mining of data which has structureof its own. As is shown in
the exampleabove,not all real-world data can be expressednaturally as a tuple of constants- data structures
such as setsand multisets, lists, trees,graphs and spatial representationsmore accurately model the semantics
of the data. We call this kind of data structured data, and the multi-relational representationit demandsis better
handledby MRDM techniques.Section 1.2 discussestechniquesfor multi-relational data mining.

1.1.2

Object orientation

The term object-oriented programming was coined by Alan Kay in connection with the pioneering 1970s
object-oriented languageSmalltalk [60]. Though its roots were in simulation software, organisationsadopted
object-orientation for a variety of reasons: it reduces the risks in the development of complex systems, the
expressivenessof the languageallows the developmentof models more congruent with human understanding
of domains, and it facilitates reuseof establishedcode and models.
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An object is a collection of typed data, together with the methods which are defined to operate on it. An
object-oriented system contains at any stage a set of these objects, which communicate with each other by
passing messages'. In this way, the data is encapsulated - it is not directly accessible to anything other than
the methods with which they are accessed. Objects are instantiations of at least one class, which can be thought
of as a definition of an abstract data type. A class is a template defining the data structures and methods for
objects. Objects can also be said to belong to a class.
Broadly, classes can be related in two ways. The first is composition or aggregation. This (possibly recursive) relationship links many parts to its whole. As was mentioned above, data in objects are associated with
types, and it is through this mechanism that composition is implemented - if a class A has data of a given
class B, we say that A contains B. It could also contain more than one object of class B, and relationships are
characterisable by whether they are 1-to-1,1-to-n, or m-to-n, the multiplicity of the relationship.
The second way in which classes can be related is inheritance. Inheritance refers to a relationship among
subclass inherits the structure and behaviour of its
classes where classes share structure or behaviour -a
superclass, this subclass/superclass relationship introducing a is-a-type-of relationship over the classes. In
languages with a metaclass, all classes inherit the structure and behaviour of this metaclass. The power of
inheritance comes from the possibility to inherit a class and add to its behaviour and structure.

These two relationships form the classesinto two hierarchies, the composition hierarchy and the inheritance hierarchy2. By combining aggregationand inheritancehierarchieswe get the expressivepower of object
orientation. McCabe [93] calls this the `dual structureof knowledge'.

1.2 Multi-relational

data mining using logic

Having introduced the fundamental ideas of multi-relational

data mining and object-orientation, this section
presents an overview of multi-relational data mining techniques and the descriptions of the data - the domain
descriptions - which they use. In section 1.1.1 the concept of multi-relational data, as opposed to attributevalue data, was introduced. This section discusses approaches to mining this data.
Inductive logic programming (ILP) is an approach to multi-relational data mining in which logic programs,
consisting of first-order rules, are learned from a set of examples and background knowledge. These examples
and background knowledge are expressed in the form of a logic program, in which the concept is based on first
order logic. This is one of the distinguishing features of the approach.

Inductive logic programming hasthe paradigmof logic programming at its foundation. Logic programming
is the use of mathematical logic for computer programming. It usesdeclarative sentences,or clauses,of the
form h <- bi A Ab representingimplications that where all the body subgoalsb; are satisfied,the headgoal h
...
is also satisfied.The logic programming languagethen solvesa query in h by attempting to prove each b;. The
programming languageProlog performs this processon Horn clauses,where h and b; are all atomic predicate
logic formulae and uses a method known as SLD-resolution to solve a query in h. The goals h and b; may
take variablesin Progol, lifting it from a propositional setting to that which correspondsclosely with first-order
facts
describing
database
logic.
In
inductive
logic
a set of
take
of
a
predicate
performing
programming, we
examplesand aim to derive a logic program -a set of clauses- which prove the examples.
1In practice. this takes
place by one object calling a method from anotherobject.
2Somelanguagesallow
a class to inherit from more than one other. In this casethere is an inheritance lattice instead.
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The difference between multi-relational data mining and inductive logic programming is that, whereas
multi-relational data mining typically assumethat the data is expressedin a series of interlinked relational
databasetables, ILP maintains a logic programming view. As D%eroskiand Lavra6 [38] describe, database
and logic programming terms have a close equivalence. This basis in first-order logic provides the approach
with an inherent ability to manipulate and reason with structured data. This is particularly useful for the
introduction of background knowledge; ILP systemsprovide a convenient and expressiveway to incorporate
complex backgroundknowledge into the data mining task through the first-order representation.
More formally, the typical empirical ILP setting is concernedwith learning a first-order rule for a binary
target relation p, and is given in [77]:

Given:
"A

setof training examplesT, consisting of true E+ and false ¶- ground facts of an unknown
predicatep,

.a description language L, specifying syntactic restrictions on the definition of predicate p,
and
" background knowledge B, defining predicatesq; (other than p) which may be used in the
definition of p and which provide additional information about the argumentsof the examples
of predicatep.
Find:

H
definition
for
is complete and consistentwith respectto
5f
in
L,
that
expressed
p,
such
9A
the examples B and background knowledge B.

We say a hypothesis covers a set of examplesif it is true for all examples in that set. A hypothesis H is
complete with respect to the background knowledge B and examples B if all the positive examples B+ are
covered. Likewise, 5f is consistentwith respectto B and E if none of the negativeexamplesB- are covered.
For noisy domains thesecriteria may be relaxed.
Constraining the set of hypotheses considered is important to reduce computational complexity and to avoid
overfitting - there is an inevitable complexity/expressiveness tradeoff. This forms the bias of the learning
system, constraining the hypothesis space (the language bias) as in the syntactic restrictions described above,
or the way in which it is searched (the search bias). Similar to traditional concept learning, inductive logic
programming can be viewed as a search of the hypothesis space, usually first-order clauses, restricted by an
appropriate language bias and search bias, for a complete, consistent hypothesis.
This hypothesis space, made up of logic program clauses, must be structured in some way in order for it to
be searchable. ILP systems order the clauses according to a generality relation known as semantic generality,
in which a clause c is at least as general as another clause c' if c logically implies c' with respect to the
background knowledge B (written {BUcH
c'). This ordering then introduces a lattice over the clauses. In
practice, testing for logical entailment is undecidable, and so it is replaced with various techniques for syntactic
generality, which depend on the provability of c' from c (written c' F c) in some adopted proof method. One
such technique is 9-subsumption, in which if there is a substitution 0 assigning terms to variables in a clause
such that cO C c', then c 0-subsumes c' [113]. This means c
c' but the reverse is not necessarily true. The
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least general generalisation (lgg) of two clauses may then be defined as the least upper bound of the clauses in
this lattice. A specialisation operator (or refinement operator) operates under 9-subsumption to return a set
of (usually minimal) specialisations of an input clause, usually by applying a 0-substitution to the clause, or
adding a literal to the clause's body. Using this operator, an ILP system can navigate the generality lattice in its
search for an appropriate clause.
The search over this lattice is bounded below by the most specific clause covering each example, constructed
either as the relative least general generalisation, the most specific inverse resolvent, or by inverse entailment
(as in the PROGOL [101] system). The relative least general generalisation (or rlgg) of two clauses is the
least general clause more general than both of them with respect to background knowledge B. The ILP system
GOLEM [ 105,106] uses rlggs in its construction of the `bottom' bounding clause. Inverse resolution inverts
the resolution rule found in deductive mechanisms. The ILP system CIGOL [103] uses this technique using
generalisation operators which produce inverse (0-)substitutions.
We can draw a distinction between methods which progressively specialise from more general clauses
and those that progressively generalise from more specific clauses. The former are top-down techniques, for
example FOIL [117] and PROGOL [101], both covering approaches searching the 0-Subsumption lattice. FoIL
progressively adds literals to the clause by `variablisation' of predicates and use of built-in predicates, using
information gain as the search heuristic, while PROGOL uses an A* heuristic, bounding the search as described
above, making it in a sense a hybrid system. The latter are bottom-up techniques. These include GOLEM [ 1061,
in which each covering step involves the selection of two examples, to which the process of inverse resolution
is applied, yielding the most specific inverse subtitution. The two clauses are combined using rigg and the best
clause chosen before the next covering iteration. CIGOL [103] is another bottom-up leaner based on inverse
resolution. Attempts have been made to combine top-down and bottom-up induction, for example the CHILLIN
system [143].

A final alternative approach is propositionalisation [74,72], the technique adopted for learning in this
thesis. Propositionalisation involves a transformation algorithm which generatesa set of first-order features,
transforming them to attribute/valueform by solving them for eachexample,insteadof searchingthe first-order
hypothesisspacedirectly. Learning is then carried out by a conventional attribute-value learner. Examples of
propositionalisation learnersinclude SINUS [74] and its ancestorLINUS [78], RSD [84] and RELAGGS [75].
This short overview hasconsideredILP in the setting of predictive induction - the learning of classification
rules. However,somevariantsexist. Descriptive induction seeksto describeand summariseobservationsrather
than predicate a target relation, for example in frequent pattern discovery and clustering. The TERTIUS[47]
learner and the WARMR [36] frequent pattern discovererare both examplesof descriptive ILP.
We have already termed the context in which the data mining takes place as the domain. We consider the
notion of a domain and its modelling for ILP. The idea of domain analysis was introduced by Arango [6] as "an
attempt to identify the objects,operationsand relationshipsdomain expertsperceivedto be important about the
domain". In data mining, and particularly with structureddata involving complex datarelationships, it is beneficial to have an algorithm which can take advantageof the data relationships and the domain model generally.
We communicatethis domain model with a domain description, written in a suitable domain description language. Many ILP systemsalready incorporate the use of simple domain descriptions, in the form of predicate
mode declarations,as in ALEPH [132] or as predicate definition files, as in the first-order Bayesian classifier
IBC [46]. We considerthe form of thesedescriptions in more detail later.
In recent years, data models for multi-relational data mining have used first-order representationswith a
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They typically operated in a data domain characterised by the individual-

centred representation [45], an aggregated description of an example. Individuals are represented by an arbitrary hierarchy of typed complex terms such as tuples or lists, and associated with these types are operations
available to the learner for the type's decomposition (structural predicates) and attributes (property predicates).
As such, they relate directly to database models, for example the entity-relationship (ER) model [ 15], which defines relationships among objects in the domain (represented by foreign keys among the tuples of the database)
and the attributes associated with them. These objects are intrinsically typed by the model. By identifying
one type as the individual, we can consider these relationships to adopt a tree-like3 structure with the type of
individual at the root. The tree involves either one-to-one or one-to-many relationships from the root to the
leaves. The types then guide the induction process, constructing hypotheses whose terms interact appropriately
to the model definition. Individual-centred representations are immediately useful since they occur naturally
in classification problems and are easily specified by a domain expert and allow learning to be more domaincentric. In practical situations the approach allows us to establish a level of complexity which is neither too
expressive (leading to overfitting and performance problems) nor too restricted.

1.3 Applying object-orientation to machine learning
We are now in a position to define what is meant by the term object-oriented data mining (OODM). A possible
definition is `data mining on data expressed in an object-oriented (data) domain model'.
The object model in this thesis may be seen as an extension of the individual-centred representation approach. The individual-centred representation can be situated in the object model by considering the types as
classes, the relationships as relationships between objects and the properties as attributes of objects. Remaining
elements of the object model present further possibilities for domain description which may be exploited by
an induction system. The object data model allows the specification of complex data objects with an arbitrary
level of complexity, according to flexible but strong typing rules. The simple types of the individual-centred
representation and other means of describing domains are extended in the object model by the notion of a class.
The inheritance hierarchy enables the definition of properties of the data model not possible in conventional
domain description. For example, it makes sense to describe the engine capacity for a car, but not for a bicycle,
even though they are both types of vehicle. The object model allows us to arrange these classes hierarchically
(cars and bicycles are both types of vehicle), specifying the engine size property in the car class only. In a
conventional representation, these would either occupy the same type, producing possibly large numbers of
attributes which are not meaningful for many objects, or as three separate types, in which case the fact that
some are types of others is lost on the learning process. Object domain descriptions also allow us to define, for
example, that no object is of class vehicle only (the abstractness property) and that no vehicle can be both a car
and a bicycle (the disjointness property). The learner's search can be guided more effectively in the light of this
additional knowledge. The object-oriented framework is a natural way to express complex objects such as sets,
lists or trees. Properties and substructures in these classes of objects can be further exploited by the learner.
Moreover, object models provide a natural representation for a number of aspects of the complex relationships
occuring between classes and objects in a given domain. For example, where two objects are linked, the link
can be specified in terms of its multiplicity

and direction. Again, the learner can take advantage of knowledge

3The structure is tree-like becausetypes are permitted to relate to themselvesby one-to-onerelationships.
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characterisingtheserelationshipsto better guide its search.
The very large amount of interest in the software engineering and databasedomains have led to the development of establishedand proven methodologiesfor the decompositionof real-world domainsinto appropriate
object models. Similarly, efforts to perform deduction on object-oriented databaseshave provided robust formalisms born out of object-oriented and logic systems. In the case of inductive logic programming, these
formalisms form the basis for the first-order hypothesis language. These are much more fully discussedin
chapter2.
Finally, we identify a number of expectedbenefits of the object-oriented approachto multi-relational data
mining compared to traditional approaches, as follows:
features
domain
The
the
supporting
separation
of
offers
and algorithm. The incorporation
object
model
"
of domain knowledge is an important task in many multi-relational data mining tasks. Traditionally
this is done incrementally, by adapting the algorithm and the data, adding background knowledge, and
so on. An object-based domain description would encapsulate this knowledge in a simple module, for
incorporation into a modular framework.

" The object model introducespractical benefitsfor data miners. The capture of the domain in a portable,
modular object form will be of benefit to those mining in domain-specific tasks. These include aspects
such as easeof reuse and dissemination and the standardisationof interfaces acrossdomains and programs.
" The object model has a high degree of expressive power and understandably corresponds to the real
world. Object-oriented domains capture complex but relatively human-understandable aspects of realworld scenarios. This facilitates not only the domain analysis process, but makes the resulting models
more comprehensible, since they are more closely described in terms of the domain.

" Object-orientation is a natural extensionof existing methods. The tools of a multi-relational data miner
databasesystems,and the structureddata
logics,
logic
their
underlying
programming,
and
algorithms
itself - has in many casesa natural extensionto the object model. We have seenthe relationship with the
existing individual-centred representationand further consider the extensionsin chapter 2. Furthermore,
establishedand proven methodologies exist for analysis of object-oriented domains from diverse realworld situations.

1.4

Aims and structure of the thesis

It is now possible to make a statement of the research problem motivating this work and to arrive at the aims of
the thesis. The general issue being addressed concerns the practical benefits in applying the principles of objectorientation to knowledge representation for multi-relational data mining. Accordingly, evaluation is undertaken
using a data mining system capable of natively handling object-oriented data domains. In particular, this system
should be a fully-functional, open-source toolkit allowing the user both to analyse and capture the domain and
mine the data. With this in mind, in this thesis we aim to show the following.

By adopting the object model as a meansof representingand describing data for arbitrary structured domains, and in particular those adopting individual-centred representations,it is possible
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to perform classification rule learning by propositionalisation more efficiently, in a less logicallyredundanthypothesis space,producing theories with better predictive performancethan state-ofthe-art inductive logic programming techniques under comparableparameter settings. Furthermore, we argue that the object model is a natural extension of existing methods, and leads to a
more practical separationof data from algorithm.
To clarify the terms used:

the object model refers to a standardisedmeansof describing data which adoptscore aspectsof defining and
describing data from the analysis and design of object-oriented databasesand programming languages.
The resulting description, the domain model, is defined in a suitable languageof constraints and other
domain knowledge.
arbitrary structured domains refers to the application of any multi-relational databasewhich describesa set
of exampleswhich can be expressedin a seriesof databasetablesrepresentingtyped individuals from the
domain, linked via indentifiers for these individuals. Such individuals typically are naturally expressed
as trees or graphs.

individual-centred representations meansdata domains with a strong notion of typed individual, in which
component individuals are representedby links between their identifiers and properties are defined on
those individuals. We extend the notion of the representationpresentedin section 1.3.
possible means that by using an implementation of the algorithm in a standard computer language, we can run
the program in a reasonable amount of time on standard computer equipment such as desktop PCs.

classification rule learning tasks refers to the induction of classification rules, which attribute one of a set of
classesto unseenexamplesbasedon a set of provided exampleslabelled with a class.
propositionalisation

refers to the transformation of hypotheses into a single table form for the purposes of

learning by a conventional attribute-valuelearner.
more efficiently means the search undertaken by the inductive learner involves the consideration of fewer
candidatehypothesesthan under existing approaches,and in particular ignoring hypotheseswhich are
rejected under the quality criteria of the existing approach.
less logically redundant means that the space of hypotheses searched by the object learner contains fewer
hypotheses which are syntactically equivalent
is,
found
be
be
that
those
that
to
can
equivalent under
variable renaming, literal reordering, etc.- or which are otherwise equivalent under some metaknowledge provided in the domain model.

better predictive performance meansthat the resulting theories possessa higher level of predictive power.
Historically, predictive accuracy,the proportion of correctly-classified unseenexamples,is the de-facto
measure. Measuresfrom ROC analysis [52] often give a better idea of predictive performance and are
adoptedfor this work.
state-of-the-art inductive logic programming technique meansan approachto inductive logic programming
and its implementation, which is adoptedwidely by the machine learning community and representsa
recent and accepted scientific technique, suitable for use as a benchmark.
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comparable parameter settings meansthat as far as possible,the parametersettingsof the comparedlearners
are equivalent to each other under some shared meaning.

natural extension refers to the adoption of object-orientation as an extensionto the inductive logic programming technique,both in terms of its data representationand its domain description (bias).
separation of data from algorithm refers to the implementationalindependenceof the databaseand its object
metaknowledgeand the algorithm itself. As a result, modular domain libraries specific to the domains
under considerationare to be defined and implemented.
Furthermore, we establish two subsidiary aims.

Feature reduction: Large feature sets, a common result of propositionalisation, often negatively impact the
predictive performance and running time of learners. Post-processingthis feature set using a method
which constructs a set partition of the example set and applies an efficient subset-basedlogical redundancy criterion, yields a subset of features which preserve the learnability of a complete, consistent
hypothesisand alleviates theseshortcomings.
Grammatical labelling application: The object-orienteddata mining systempresentedcan be usedto model
the complex structures in English-languagedocuments,and give superior performanceaccording to the
core aims when comparedwith an existing inductive logic programming system.

1.4.1 Structure of the thesis
The remainder of the thesis is structured as follows:

Chapter 2 describesthe object model in depth, discussinghow it can be representedwith current approaches
to deductive databasesand forms of inductive bias, discussesspecial-purposelogics and adopts one F-Logic - as the basis for deduction in this thesis,presentingits syntax and semantics.
Chapter 3 expands upon F-Logic to arrive at a logical language for deduction and a bias for induction suitable
for learning. It defines desirable properties of an object clause, the additional knowledge introduced by
the class structure in the form of constraints and how metaknowledge augments the object model.
Chapter 4 discusses the process of induction - the discovery of general properties from specific examples.
It considers refinement operators - one clause construction technique in ILP - as a means to search
a space of clauses, and proposes a new refinement operator tailored to the requirements of the object
by
in
taken
terms
the
the
the
values
of
constraint
on
means
as
class
model, and particularly, adopting
logical language.

Chapter 5 considershow the features constructedduring the searchprocessare used in the construction of
first
ILP
transforms
to
It
a
order
which
approach
theories.
an
rules and
presentspropositionalisation,
individual into a sequenceof Boolean values so that learning may be performed by an attributelvalue
learner. In practice, propositionalisation techniquesoften produce a large number of such features,and
a general and efficient algorithm for removing featureswhich are logically redundantin the presenceof
others in multi-class problems is presentedand analysed.
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Chapter 6 details the implementation of COSINUS,a full-featured ILP system making use of the refinement
operatorand feature removal techniques.The chapterexpandson the induction techniquesfrom chapter
4, consideringa three-tired approachto theory constructionat the feature,rule and theory levels. Practical
issuesof feature,rule and theory construction, including searchboundsand treatmentof classconstraints
on terms, are discussed.
Chapter 7 presents a real-world application of inductive logic programming in the object model. A learning
task is identified in the field of computational linguistics based on a highly structured, preprocessed
corpus describing logical and surface structure of English sentences. Comparisons with a benchmark ILP
algorithm - PROGOL - are made with the aid of a representational and inductive bias mapping between
the object model and logic programs and type and mode declarations in a conventional inductive logic
programming setting. This comparison includes data mining experiments which demonstrate properties
of the search undertaken by the learner and against which the claims above may be verified.

Chapter 8 brings the main points of the thesis together and identifies future work.

1.5

Conclusion

This chapter has situated the research presented in the remainder of this thesis in terms of its general fields.
The processes of knowledge discovery and data mining were introduced and the main approaches to data
mining were considered. We then considered (multi-)relational data mining, which can be thought of as a class
of data mining techniques which aim to find patterns in a set of interlinked database tables. The notion of
object-orientation and some elements of the object-oriented data model were introduced. Section 1.2 described
these ideas in more depth, introducing the field of inductive logic programming and specific approaches to it.
Important concepts such as bias, generality and search were considered. We also characterised the context of
an ILP learning task as the domain, and in particular examined a convenient representation - the individualcentred representation - which is of particular relevance to the object model. Section 1.3 considered some
expected benefits of applying object-orientation to the data mining process. In section 1.4, the motivating
research problem was presented and the remaining chapters of this thesis were outlined.

Chapter 2

Representing object databases in logic
Multi-relational data mining encompassestechniques and methods which extract knowledge from relational
databases.Inductive Logic Programming is a researcharea which involves the study of multi-relational data
mining using data expressedas a logic program. Such programs are sometimestermed deductive databases.
Deductive databaseshave considerablecorrespondencewith existing relational databasesbut offer the reasoning mechanismsassociatedwith logic programming.
Object-orienteddata mining techniquesaim to analyseobject-orienteddatabasesin order to discover interesting regularities or patternsamong the data. We study the intersection betweenobject-oriented data mining
and inductive logic programming as data mining in deductive databases.In such a setting, these regularities
will be typically expressedin terms of a logical object language. Particularly of interest to this thesis is the
learning of classification rules from such databases.Accordingly, in this chapter we study the use of objectorientation for knowledge representation,with regard to the role of objects in logic, their representationin the
databaseand mechanismsfor reasoningusing rules. Particularly, we view an object-orienteddeductivedatabase
(OODD) as an extension of the traditional logic program deductivedatabase,with a view to adapting existing
ILP approachesto data mining in OODDs.
This chapter begins by defining what is meant by an object-oriented data model and examinesits components. It then studiesexisting special-purposelogical languageswhich support aspectsof object-orientation, as
well as the extent to which Prolog, the prevalent logical representationfor ILP, permits object-like representation and reasoning. Next, we focus on F-Logic, a prominent object logic, and study its syntax and semantics,
with a view to adapting it to a languagefor object-orienteddata mining in the following chapter.

2.1

The general object model

It is common to define object-orientation by defining a number of concepts which the system must possess.
Indeed, there has been a lot of debate in the literature as to what exactly an object-oriented database comprises.
Opinions vary greatly, but in general, we can identify core features of object-based systems. The object data
model possesses the following characteristics:
Object. The object is the primary data unit, and is intended to refer to some `real-world'

object in the

domain being modelled. As identified by Kifer [66], this aspect of the data representation paradigm is the key
distinction between object-oriented and relational languages. Relational models spread information regarding
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an object across many relation, grouping data where it shares a relation, whereas object-oriented systems group
data by object. A symbol in the language, the object's identifier, then acts as a handle on this
grouped data.
Class. Each object belongs to a class, the unit of definition of each object's data and behaviour and the basis
of the typing mechanism. Arguments and variables are said to be classed where they are restricted to belong
to a given class. It is the basis of modularity and structure, and typically refers to some recognisable aspect
of the problem domain. A class may be seen as the encapsulated combination of an abstract data type and its
implementation, specifying data and the operations which the class knows to carry out [49]. Classes thus provide a standard interface independent of the underlying data structure, providing abstraction and encapsulation
of data. Note that it is necessary to establish a clear terminological distinction at this stage, since the notion
of class may also refer to the label of an individual in a dataset to be learned by a set of classification rules.
Where ambiguity arises, `object class' will be used to refer to the object model sense, and `class label' for the
classification sense.
Properties and methods. By analogy to object-oriented programming languages such as Java, the compositional, or 'part-of', aspect of object oriented data is represented by extensional properties and intensional
data mining necessarily operates on data which has structure, expressed in the object
model in terms of the properties and method definitions. Properties embody named associations of an object to
methods. Multi-relational

a composite object. For a given object, its composite object is classed by a signature, but in the general case, the
presence of a property does not necessary mean that composite objects are defined, allowing the representation
of partial data. Method calls generalise properties, defining a computable result for classed input arguments.
Inheritance. There is a hierarchy of classes such that the subclass is defined to be a specialisation or extension of the definition of its superclass. Accordingly, such a relationship is sometimes termed a generalisation relationship. This hierarchy, often termed the `is-a' structure, represents a second key structure in object-oriented
data, the inheritance structure, and the object model then consists of the two hierarchies of composition and
inheritance. Booch [11] observes that "aggregration permits the physical grouping of logically related structures, and inheritance allows these common groups to be easily reused among different abstractions". Where
two classes partake in a superclass/subclass relationship under inheritance, all method and property definitions
are propagated from the superclass to the subclass. Under multiple inheritance, a subclass may have more than
one superclass. The subclass definition then may contain further definitions, which may redefine those in the
superclass, a process called overriding. Methods and properties may be declared non-inheritable and these do
not propagate to subclasses. A class may also be an interface, consisting only of declarations specifying the
types of its properties and methods and possessing no implementation. These serve to separate implementation in the superclass, with subclasses realising (implementing) the declarations. Multiple inheritance extends
(single) inheritance by allowing a class to inherit from more than one superclass, often simplifying the domain
model. Particularly, mixin classes may be defined - classes which have no superclass but are instead designed
to be mixed with other class definitions to produce new combined subclasses. Finally, a metaclass is a class
from which all classes inherit.

Polymorphism.Polymorphism is the ability of objects belonging to different classes,eachsubclassingfrom
a class defining a common interface, to respond to a method call of the same name, each one suitable for its
own class.In this way, a set of objects of differing classcan be grouped,and a call performed on eachmember
of the group which is resolved in a class-specificmannerat runtime.
In the context of data mining using inductive logic programming, we concentrateon the use of the object
model for closely constrainingthe classof patternswhich may be discoveredby the data miner, informed by the
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form, structure and characteristics of the data. In this way, the data miner is able to define the domain in a natural
and intuitive manner, and furthermore discover patterns in data which exhibits many common characteristics of
real-world data, corresponding to elements of the object model. Moreover, existing object modelling techniques
may be applied to refine the description of the domain in a form understandable to a domain expert unfamiliar
with data mining, producing a shared description which stands alone as an information engineering artefact.
Settings in which these characteristics are manifest include those which have a strong notion of individual;
learning where objects naturally belong in taxonomies; learning at multiple levels of granularity by selecting
the appropriate level of generality in a class hierarchy on which to learn; and finally learning in domains which
may be modelled by complex datatypes which are modelled independently of their constituents, for example
data which is best expressed in more complex collections than sets or lists. In these situations the semantics of
the collection and the learner can be more easily decoupled; learning where exceptions to a general rule and
default reasoning are common; learning in the presence of partial knowledge; and learning where domains are
naturally simplified by encapsulating and abstracting the interfaces of the objects.

2.2

Declarative bias in ILP

LLP systemsin general require a strong declarative bias to be computationally feasible. The first-order-based
rich representationsthat they use to form theories are potentially very expressive. However, in real world
domains this expressivity can lead to large searchspaces,meaning many ILP tasks are not computationally
feasible without restriction of the problem to a simpler but still meaningful task. This restriction is donethrough
the definition of bias. In this section we survey existing approachesto bias in ILP systems,where appropriate
comparing them with examplesof where bias specific to the object model could be defined.
Bias concerns anything which constrains the search for theories [ 138]. Bias measures are characterised as
belonging to one of three kinds [110]: language bias, search bias and validation bias. The choice of bias is the
main point of trade-off between computational efficiency and the quality of theories induced in an ILP system,
and requires careful engineering. Tausend [ 135] shows the effects of common constituents of ILP bias on the
resulting hypothesis space, classifying the effects of bias as syntactic, largely limiting the size and variable
interaction in the produced clauses, and semantic, limiting the hypothesis space searched. The role of metadata
describing the structure and the associated constraints on the construction of the hypothesis space is of critical
importance both to the management of overfitting and the space and memory requirements of the data mining
task.

Searchbias considersthe way the systemsearchesthrough the spaceof possible theories. Since an exhaustive searchof every possible hypothesis is usually infeasible, heuristics are adopted which determine which
portions of the spaceare to be searchand which rejected. Validation bias determinesthe stopping criteria of
the learner. Validation bias concernsthe quality/running time tradeoff; a learner may stop at the first acceptable
theory but may also chooseto continue the searchfor a better (shorter, more comprehensible)theory. Finally,
languagebias applies constraintson the forms of the clausesin the searchspace.Since the spaceof first-order
clausesfor a non-trivial domain is again infeasibly large, the languagebias is defined to arrive at a subsetin
which to perform a more efficient search. A carefully-designed languagebias will effectively reduce the hypothesis space without compromising the searchfor an interesting clause or theory, straddling the trade-off
between efficiency and quality theories. Examples of language bias include only employing Horn clauses,
function-free symbols, range-restriction, the moding of predicatesand associatedoutput linkage restrictions
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(such as all output variables in the head are required to be instantiated by the body, or that a variable may not
appear as output more than once, or each output must appear as input to another literal or output in the head)
and input linkage restrictions (such as all input variables in the head also appear in the body). Forbidden literals,
clauses and conjunctions (integrity constraints) may also be defined. Search parameters introduce bounds on
the hypothesis language such as the number of literals or variables in a clause, the maximum depth of a variable
and the degree of a clause. Where the bias is defined in terms of a series of syntactic parameters in this way,
it is known as parameterised bias. Language bias concerns almost entirely the form of the clauses involved in
the search and not the process of the search itself.
The incorporation of the object model into ILP thus affects the language bias most significantly. Before considering the forms of bias which the object data model introduces, we review a number of common approaches
to bias in existing ILP systems. Unlike in the object data model, the predicate, or relation, is the primary means
of organising data, representing both database facts as ground tuples, and intensional background knowledge
as Prolog rules. As such, declarations describing characteristics of the data are described on the predicate level
and used by an ILP system during clause construction.
Many ILP systems use a basic concept of type in order to constrain the constant symbols appearing in
clauses or restricting variable unification in clauses to those only of compatible type, thereby restricting variable
linkage within the clause. An argument of a predicate is typed if symbols appearing in its ground answerset are
restricted in this way. The form of typing declarations, and motivation assumptions about type, varies across
ILP systems. For example, nominal types consist of a finite set of symbols, whereas continuous types are realvalued. In the FOIL [117] system, nominal types can be defined to be ordered or unordered. Some systems,
for example ALEPH [132] and the early MIS [128], incorporate data structures such as lists and binary trees
as part of a type declaration. Some ILP systems do not explicitly enumerate types automatically but instead
use them purely to restrict sharing of variables, and rely on the user to specify which constants appear in typed
arguments. On the other hand, the provision of type information is optional in some systems; TILDE [10] and
WARMR [36] will automatically enumerate a type if necessary.
Declarations often associate modes to predicate arguments in ILP systems. Although the form of mode declarations vary, typically prefixes to the type declaration declare whether an argument acts as an input variable
(symbol +), output variable (symbol -) or is substituted by a constant from the type (symbol #). Systems using
mode declarations include ALEPH, PROGOL [107], RSD [84], GOLEM [105] and MIS. More than one mode
declaration may exist for a predicate and combination symbols such as +- may be defined in some learners
such as WARNER,TILDE and FOIL. The effect of mode declarations is therefore to further restrict the variable sharing possible between arguments; output arguments are substituted with a new variable during clause
construction whereas a variable appearing in an input argument is unified with a variable from a previouslyoccurring variable appearing in an output argument. Constant arguments are substituted in constructed clauses
with a value from the type they taker.

Determinacy and recall are two common conceptsin many ILP systems. Informally, for an orderedHorn
clause A4-- B1,..., Bm,B, +t,..., B, a term t found in B,,,+, is determinate with respect to Bm+l if and only
if for every substitution 0 such that A0 and such that {B,,..., Bm} hold, there is a unique atom Bm+t08, with
a unique valid ground substitution S. The degree of the literal B,n+l is then the number of other terms in
Bm+l. The depth of a literal is 1 if its determinate variable is a function of a variable found in the head of
'Instead of a direct mode declaration for
a constantterm, RSD usesan instantiate/1
to determinewhich argumentsare occupiedby constants.

literal, insertedduring clause construction,
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Depth and degree
the clause, and i if it is a function of a set of variables whose minimum depth is i-1.
together form the notion of ij-determination. From [105], every unit clause is Oj-determinate. An ordered
clause A 4-B1,..., Bm, Bm+1,..., B is ij-determinate if and only if (a) A +- Bi,..., Bm is (i-1)j-determinate, (b)
every literal Bk in B,,i+1, ..., B contains only determinate terms and has degree at most j. ij-determinacy then
expands on determinacy, allowing a precise restriction on the learner's hypothesis language, and defining a
class of clauses. ILP systems using concepts of determinacy include ALEPH and GOLEM, in which it was
introduced. MIS includes a determinacy flag in the declarations of its predicates and goes further by allowing
the specification of total predicates. Where predicates are non-determinate, it is often necessary to bound their
non-determinacy for the purposes of clause construction.
The recall number is an upper bound on the number of successful calls to a predicate given its input substitutions. For example, in the case of a structured dataset describing trains and their cars, a recall number of 1 on
the predicate linking these would determine that a feature constructed with it could address at most one car of a
given train [74]. Examples of ILP systems using this form of bias include ALEPH, TILDE, RSD and PROGOL.
is a related data relationship shared by the object model and many ILP learners, such as 1BC,
TERTIUS [47] and SINUS. Multiplicity is a natural characteristic relationship in many domains and defines the
relationship between the bindings of constants to input variables and the resulting output bindings from suc-

Multiplicity

cessful calls to the predicate. Whereas the recall number limits the number of possible output bindings given a
single input binding, a multiplicity specification considers the possible output bindings per single input binding
and the possible input bindings for a single output binding. Multiplicity implicitly allows the declaration of a
predicate's functionality,

inverse-functionality

and determinacy. A one-to-one multiplicity

corresponds to the

existence of one output binding per input binding, i. e. a determinate predicate. Therefore, more than one call
to the predicate is redundant in a constructed clause. A one-to-many multiplicity suggests there is more than
one possible output binding per input binding. Finally, a many-to-many multiplicity suggests a more complex
relationship -

namely that several possible input bindings may lead to the same output binding.

Many other forms of language bias exist. For example, the user can define which predicates follow which
others (in the case of WARMR and TILDE), the length of the clause or the number of literals or a bound on the
number of variables appearing in a clause. Search bias may also employ statistical and heuristic techniques such
as the coverage, accuracy or confirmation of a clause. Language bias need not depend on the a set of individual
but
declarations,
may operate at the clause level. Clause schemata, in which template clauses are
predicate
defined with variables for the predicate symbols. Instantiating these with names yields a family of clauses,
thereby defining the language. Cohen [21 ] proposed a grammatical approach to defining a hypothesis language
in GRENDEL, in which a definite clause grammar is used to represent the hypothesis language. Sentences in the
language of the grammar are then the valid clauses in the hypothesis language. Nedellec et al. [ 110] proposed a
definition of language bias using clause sets, defining for a set of possible clauses whether they may or may not
appear in a in induced program; literal sets, defining a language of clauses by defining template in terms of sets
of literals, in which an element of a literal set may be substituted for a conjunction of any of its literals to yield
a hypothesis language of possible clauses; and term sets, appearing in the literals and specifying a set of terms
which may appear in each argument of the literal. These three kinds of set work together to define detailed
biases for first-order rules. The DLAB approach [35] to defining declarative bias defines a grammar consisting
head
A
template and body template are represented by DLAB terms, which
templates.
of
predicate
a
number
of
in turn consist of either atomic formulae or a formula of the form min - max :L for integers min, max and L,
a list of DLAB terms. The language L is then generated recursively, choosing between min and max elements
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of L to construct a clause. This defines detailed hypotheses accounting for additional clausal properties such
as optionality, combined occurrence, and exclusivity of literals. Additionally, determinacy and functionality
behaviour may be defined for predicates and their properties exploited to reduce the hypothesis space.
Further forms of bias exist which are of particular relevance to the object data model, defining restrictions
to the language which approach those employed in an object representation. Later we will precisely define a
scheme for introducting bias by defining metaknowledge for the classes and associations in the domain. An
important form of bias in an object data model is inherent in the moding restrictions assumed by methods. In
traditional ILP, arguments to predicates may take any mode, whereas in an object model, the object on which a
method operates - the host object - and its inputs are assumed to be moded as inputs and its return value as an
output. The individual-centred representation discussed in section 1.2 which is adopted in a number of learners,
provides an example of such a bias. Adopting it places strong restrictions on the variables in constructed clauses
Adopting
bias
them.
new
provide
variables
while
property
predicates
consume
structural
predicates
such
a
reduces the hypothesis space significantly, and is considerably congruent with the object model.
Object identity is another form of bias employed in a number of ILP systems. It assumes terms in a formula
with different symbols are distinct and represent different entities of the domain [127]. For example, under
the individual-centred representation, we can ensure that under the object identity bias two components with
different variables are distinct. Adopting object identity for clauses whose terms represent object identifiers
relates closely to the notion from the object model that each identifier represents a different object in the
database. Object identity also simplifies the process of clause construction.
The kinds of type restrictions seen in traditional ILP systems may naturally be extended to reasoning and
induction in systems which use type hierarchies as background knowledge. Frisch [51] introduces the idea of
a sort theory, in which a collection of sorts are defined, each sort representing some subset of individuals in
the domain. Accordingly, objects in the database are assigned a sort and variables in induced theories appear
with a single distinct sort and sorts are defined to be subsorts of others. By redefining substitution according
to the sort theory, clauses can be progressively refined by adapting the sort to which variables are bound.
Accordingly, such refinement operates over a smaller hypothesis space than an unsorted counterpart using
predicate symbols in a Prolog representation. The refinement is therefore based on substitution, and Frisch
argues that incorporating taxonomic background knowledge into such substitions is the most appropriate means
of approaching typed refinement. Taking this further, by defining methods at a given point in the inheritance
lattice, we can introduce a framework for class-safety, restricting the space of valid clauses. Default reasoning
is an established logical approach which allows exceptions to be modelled by overriding methods in subclasses.
Conventional logic programming systems do not implement such reasoning without use of the not /1 predicate
or a specialised semantics [43] and it is not a consideration specifically taken into account in ILP systems.

In summary, the principal meansof introducing bias in ILP systemsare via type and mode declarations,
determinacy and multiplicity. More specifically, some aspectsof the object model may be approachedby
introducing the individual-centred representation.Specialisedlogical approachessuch as the introduction of a
sort theory may further permit object induction in systemstaking advantageof them. However, theseforms of
bias are ill-suited to constraining induction in an object database.Primarily, the type systemdoes not take into
accountthe hierarchy of classesnor the definition of methodsor propertiesfor subclasses.
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Object logics

The vast majority of ILP systems use Prolog as their resolution engine. The facts and rules of the background
knowledge are specified as a logic program, and in many cases the resulting theory is also expressed as a Prolog
program. Prolog is an untyped language, and as a result, in many ILP systems it is necessary to rely on the
presence of type and mode declarations to enforce type-correctness in the clauses which it constructs. Types
are assigned to predicate arguments and constructed clauses such that the type symbols for the arguments in
which a given variable appears in a clause must agree. Individual objects are typically typed using facts of the
form t(x) for a type t and constant x. Variables are only typed as a result of their appearance in arguments of
the clause. We consider the applicability of Prolog as well as this types-and-modes bias as applied to the task
of object-oriented data mining.

Prolog alone is ill-suited primarily becauseit is an untyped language.More specifically, unification of terms
cannot be determinedtype-illegal. As a result, there is no meansto type-check a predicatecall. Resolution can
be defined to fail for incompatible types by setting conditions in the body of the rule which check whether the
input is of a particular type, and inheritance acrossthese types may be crudely approximatedby rules of the
form c(x) +- sc(c) for a subclassc and superclasssc, but this is cumbersomeand ignores the semanticsof
particular forms of inheritance. Structured terms, which are incompatible with this scheme,frequently appear
in Prolog programs,and substructurescannot be typed in this way. The assumptionsunderlying the types-andmodes bias for induction introduce further unsuitability. The fact that the types must agree in all arguments
that a term appearsignores the notion of subclassing.This removesthe possibility that the bias can model the
processof inheriting a predicate which takesa given type as input to its subtypes.Without knowledge of a type
hierarchy, it cannot test the legality of applying a predicate to a term during feature construction. Additional
semanticsfor inheritanceand method application assumedunder the object model are similarly ill-suited to the
types-and-modesbias.
In summary, some basic elements of the object data model may be approximated and imitated within the
deductive resolution procedure employed by Prolog and the inductive methods used in data mining. These
include a basic notion of syntactic typing and a crude form of inheritance, and mode declarations for predicates
employing these types. However, where more sophisticated semantics for types, inheritance, unification and the
legal application of a method are introduced from the object model, Prolog and the inductive biases defined for
it become either inconvienient or impossible. Since Prolog is ill-suited to the task of object-oriented induction
and deduction, it is therefore necessary to consider an alternative basis for object induction. In order to arrive
at a suitable logical framework for our learner, we survey existing logics and logic programming languages in
terms of their support of the object model. Later we discuss the related area of description logics.
Just as object databases can be seen as an extension of relational databases, object logics exist which extend
first-order logic systems such as Prolog to facilitate deduction in object domains. Object logics and object
logic programming systems aim to incorporate principles of object orientation into the representation of data
and rules as well as into the resolution procedure. These approaches thus form a logical framework for testing
clauses against background knowledge expressed in the object model. Kifer and Wu [67] identify four salient
features of the object model: Complex objects are objects which are composed from simpler objects. These
are typically linked by identifier for objects which provide object identity. These together form the basis for
the compositional aspect of the object model. Typing is the assignment of a class symbol to an object, whereas
inheritance takes advantage of this assignment to allow methods to propagate to their subclasses and permit
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valid unification of terms.
We first discuss systems supporting classed complex objects and then consider issues relating to inheritance.
Firstly, the notion of object identity can be thought of as what makes an object individual in a logic or logic
programming system. It acts as a handle or identifying term for the object, and is usually modelled by a unique
constant. Some logic programming systems such as L&O [93] and LogTalk [100,99] take the viewpoint that
the overall state (facts) of an object represents its identity. Among object logics, the use of an object identifier

is far more common.
In traditional logic programming, complex data is is typically represented by complex (untyped) tree-like
terms constructed from (possibly nested) functors. The data may also be flattened, in which facts link containing
components of a structure to their constituents via newly-introduced constants. Logics based on the object
model tend to relate an object identifier to its composite object identifiers via labelled properties. The property
then is classed to only permit object identifiers of the appropriate class to appear, in effect typing the structure
A well-studied approach to typing is to extend the syntax and resolution procedure of Prolog
by assigning types to variables and implementing named properties and methods of an object by labelling
as a whole.

arguments using functors. The ILP system RHB+ [ 125] uses such an approach. It did not, however, incorporate
the concept of class hierarchy. The logical representation of yr-terms, proposed by AIt-Kaci et al. in 1986, and
the associated languages LOGIN [2] and LIFE [3,1], extended this framework to include a class hierarchy,
and defined a basis for unification in terms of this hierarchy. V-terms implemented complex data using nested
labelled features. These features could be left unassigned to a value to represent partial information.

In O-logic [90], terms are nestedtyped object identifiers built up recursively from data valuesand variables.
Each object identifier is associatedwith a class identifer. An exampleO-term is staff : john [works-> dept: Cs,
salary -+ 20000]. The object john contains two labelled propertiesdefined in its class staff, each of which are
classed. These classesform a class structure. john and cs are object identifiers and 20000 is an example of
a data value. Variables may appear in the place of any object identifier. A proof procedureis defined for the
resulting variablised structures.
The labelled propertiesin theseterms may be scalar-or set-valued,correspondingto multiplicity constraints
on associationsin the object model. That is, resolution proceduresare introduced to reflect whethera property
only ever takes one possible value (scalar-valued)or may take a set of possible values (set-valued). There
was much interest in the use of set-valuedproperties, leading to the developmentof, for example, C-Logic
[16], as a first-order logic for complex objects, since it was argued that the incorporation of sets allowed a
logic to handle a wider class of structureddata. O-logic was later extended [67] to permit reasoningwith sets
as well as inconsistent information. This was further extended to F-Logic [65], an attempt to fully support
object identity, complex objects and inheritance. The revision put much more emphasison the manipulation of
object identifiers, allowing object identifiers representingclassedsets to appearas properties, allowing direct
unification of set-valuedproperties in the proof procedure.
The presenceof a class hierarchy naturally leads to the notion of inheritance. In logic this takes the form
of the propagationof property definitions and the availability of method calls. Booch argued that without an
inheritancestructure, a model cannot be said to be object-oriented at all [I I]. Kifer and Wu [66] differentiate
two aspectsof inheritance. Method declarations are propagatedby structural inheritance while their implementations are propagatedby behavioural inheritance. The logic programming system L&O incorporatesa
proof procedure which involves transferring the proof mechanismbetweendifferent class templates,or theories, where no predicate is available to satisfy a subgoal. By imposing a subclassorder on thesetemplates,a
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subclass may introduce (augmenting inheritance), override or cancel (differential inheritance, similar to noninheritable methods). The Prolog++ [98] language introduces a similar inheritance scheme. In v-terms, the
class-based unification is used to realise inheritance. The proposal of F-logic [66] in 1995 brought about a
more comprehensive proposal for inheritance in logic. Strictly, F-logic takes an approach in which objects are
specialisations of other objects instead of classes being specialisations of each other. Attributes and methods
may be declared inheritable or non-inheritable, and the logic supports overriding and polymorphism. With its
strong support for complex data as sets, typing and type-correctness, inheritance and encapsulation, F-logic
thus implements all the aspects of object-orientation while still possessing a first-order proof procedure.
The object model aims to provide a domain description which separates domain knowledge from implementational knowledge in a domain description which facilitates reuse, analysis, common understanding and
interoperability. These aims are shared by ontologies [ 112], data models common used in knowledge engineering [88] which represent a domain and allow reasoning in it. They are another form of domain description,
defining a vocabulary and set of explicit assumptions, usually in first-order logic. Ontologies possess correspondence with the object model. Concepts, representing sets of individuals, either extensionally or intensionally,
are are linked to other concepts by a subsumption relationship. They are similar to classes. Slots or attributes
define named values possessed by individuals, and link individuals to others via roles. They correspond to properties in the object model. A knowledge base is constructed from terminological and assertional knowledge,
the former describing relationships among concepts and axioms (comparable to methods), and the latter membership of individuals to concepts (comparable to class membership assertions). Description logics represent a
separate class of logical framework to those already presented. Description logics are a fragment of first-order
logic which adopt the ontological model, such that the fragment is as expressive as possible while still being
decidable and of desirable computational complexity [ 134,7]. Object modelling concepts such as multiplicity
[561 and inverse methods are also represented in description logics, though more operational aspects such as
method invocation rules and parametric classes are not modelled. Concepts may be negated, conjoined, be
subject to value restrictions, employ existential restrictions, requiring a role to map to a given concept [7,56].
Concept disjunction [126,56] is also supported. Description logics have been shown to be embeddable into
F-Logic knowledge bases as demonstated by Balaban [9], preserving logical implication under a set of semantics for the embedding. Inductive approaches using description logics include work on refinement operators
[7], concept formation [41], and hybrid Horn-clause/description

logic systems [87]. Other machine learning
techniques such as similarity and clustering have also been approached in the framework of description logics
[26].

2.4

A language for representing objects

Deduction in object logics can be viewed as a constrained form of deduction in the definite Horn clause representation employed in the majority of ILP systems. These constraints take the form of class membership of
terms appearing in a program or query and lead to further restrictions on valid method invocations appearing
in the clause. The object logics reviewed in the previous section offer well-founded reasoning procedures for
deductive databases expressed in the object model, including complex objects, object identity, method calls,
strong typing and inheritance. We consider an approach which upgrades these procedures for the purposes
of confining the hypothesis space to one more suitable for induction. With regard to this aim, we also wish
to enhance the object model with meta-knowledge declarations which aim to place further constraints on a
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valid clause, bounding the space of hypotheses being tested and informing search over this space. By choosing appropriate constraints, a strong bias can be defined on this hypothesis
space, resulting in a representation
which is sufficiently expressive for data mining while still maintaining a hypothesis space of manageable size.
The language presented is a subset of F-Logic, enhanced with an extended class-based constraint language
and meta-knowledge scheme. F-Logic offers reasoning procedures which take into account the object model,
whereas the constraint language and meta-knowledge provide a mechanism to bound the space of hypotheses.
We therefore identify two interconnected languages:
" The object logic language defines the relational aspect of a query. An expression in the object logic
language resembles the queries of declarative logic programming languages such as Prolog; the body of
the query is an existentially-quantified formula of data expressions - method calls on sets of objects

representedby variables, taking input argumentsand producing output variables. Executing a query Q
againstthe F-logic databaseD producesa set of substitutions0 for the variablesin the query. 0 is then an
answerfor Q, that is, D= QA. The relational part of clausesare expressedin the object logic language.
In this thesis we may also refer to the data expressionsas literals, by analogy with logic programming.
" The constraint languageprimarily servesto constrain the set of substitutions9 during the reasoningprocessby which an answersetis generated.This is principally performed by assigninga classto each term
in Q, using a languageof class constraints, as well as meansto impose cardinality and class constraints
on the substitutions for variables in Q. The constraint part of clausesare expressedin the constraint
language.
The final ingredient concerns the construction of the queries during induction. The set of induced queries
Q can be significantly reduced by the use of metaknowledge about the methods used in data expressions and
the structure of the classes used in the constraint language.
The resulting language is named CORLOG and is used to represent the examples, background knowledge,
queries and induced theories. Both sublanguages have associated reasoning procedures, which are combined in
order to solve a constrained goal. Inductive processes are adapted to take advantage of the constraint and metaknowledge schemes in order to search the hypothesis space appropriately. We consider these three
elements
of CORLOG in detail later in chapter 3. Before doing so, we first review the basic syntax and semantics of
F-Logic with a view to adopting a restriction of it and enhancing that restriction for the purposes of induction.
Sections 2.4.1,2.4.2 and 2.4.3 summarise relevant aspects of the F-Logic framework from [66]. Section 2.4.4
gives an example domain and section 2.4.5 compares the semantics of F-Logic with that of logic programming.
For clarity, we set F-Logic expressions in a sans-serif typeface throughout this thesis.

2.4.1 Basic syntax: the alphabet and well-formed formulae
Before proceeding with the presentation of F-Logic, it is important to note a number of deviations and related
notational changes which were made from it. Firstly, the logical framework and learner presenting in this thesis
assumes that all methods are inheritable and set-valued. For clarity, we adapt the notation from the original
F-Logic. These changes are indicated in the text.

Definition 2.1 (F-Logic alphabet [661). The alphabet of an F-logic language L consists of the following
symbols:
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set of object constructors F, acting as function symbols of the logic and used to represent attributes,
methods, class and object identifiers. Symbols of zero arity form the constants while symbols of arity
>1 may be used to construct compound terms out of simpler ones.

" An infinite, enumerableset of variables V.
2 and logical connectivesand quantifiers: VA-

[I
()
Symbols
;, .

<--`d I

Id-terms are the equivalent of terms from first-order logic. The ground id-terms play the part of (logical)
object identifiers (also known as olds) and make up the Herbrand Universe. Methods, their arguments, classes
in the system as well as the identifiers for objects all share the same space of id-terms. Classes are therefore
reified in F-Logic.

Definition 2.2 (id-term [66]). An id-term is a first-order term formed composedof function symbols and
variablesas in predicatecalculus, i. e.:
" Any constantis a term (with no free variables).
" Any variable from V is a term (whose only free variable is itself).

(tl,...,
f
Any
t) of n>1 arguments(where each argument t; is a term and f is a function
expression
"
symbol from F) is a term. Its free variables are the free variablesof any of the terms t;.
" Nothing else is a term.
By convention, constants are represented by lowercase symbols, e.g. c and variables are represented by
uppercase symbols, e.g. V. Observe that complex terms (f (tl,..., t) above) are included, but are never adopted
in this thesis except in the definition of parametric classes. The simplest kind of formulae in F-logic are called
molecular F -formulae or simply molecules. Well-formed formulae are built up from simpler formulae using
the connectives V, A, and quantifiers V, 3.
Definition

2.3 (molecular

F-formulae,

molecule [66]).

is one of the
A molecular F
or
molecule
-formula

following:
C
form
An
is-a
the
of
assertion
:: D or of the form 0: C, where C, D and 0 are id-terms.
"
" An object molecule or data expression of the form 0[M1; ...; M] where each M; is a method expression.
A method expression can be either a non-inheritable data expression, an inheritable data expression or a
signature expression.
We define the data expressions and signature expressions later. However, we introduce the term host object
for the 0 appearing in an object molecule. Informally, this denotes the object the method is being called
Complex F-formulae
on. The expression 0[Mi;...; M] is shorthand for the expression O[M1] A ... A 0[M].
following
from
F-formulae
simpler
conventions from first-order logic, i. e. that all molecular
constructed
are
formulae are F-formulae and if 0 and yt are F-formulae and Xa variable, then so are (0 V W), (4 Ayr), -4, b'Xyr
and 3XO. Nothing else is a F-formula.
21nthe notation usedin [66], a large number of possible arrow symbols were used. In our simplification, we useonly those shownhere.
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A clause in F-Logic, as in Prolog, is an implication of the form 0 <- yt. The left-hand side 0 is known as the
head of the clause, and the right-hand side yr the body of the clause. The body ip consists of a conjunction of
object molecules (cf. literals), intended to be an existentially-quantified conjunctive formula. As in conventional
logic, this implication is equivalent to 0V -ter, and is also called a rule. A definite clause is a clause in which 0
consists of exactly one positive F-molecule. A clause in which a method symbol from the head also appears in
the body is a recursive clause. A query in F-Logic is a clause with an empty head. A fact in F-logic is a clause
with an empty body. A program is a set of clauses, and constitutes the database. Predicates in Prolog may be
considered extensional or intensional. Extensional predicates consist of ground facts, each one corresponding
to one instance of a relation in a database, or alternatively, a record. Intensional predicates are expressed as
rules, defining the set of facts belonging in a relation as a rule, which then models each of the ground facts.
These definitions carry over to the F-logic case with an analogous rule syntax as described above. Again, as in
Prolog, clauses and F-molecules containing no variables are called ground.

2.4.2 Object molecules and method expressions
The object logic component of a F-Logic clause consists of a conjunction of object molecules, typed by a series
of method signature expressions. The syntax of F-Logic and its implementation FLORA-2 differs significantly.
For the sake of clarity we adopt a notation closer to the implementational form.

Definition 2.4 (Method expression, adapted from [661). An (inheritable) method expressionis one of the
form M(11,12, I) --+R3. All of M, I, and R are id-terms. M is a method symbol4 and I; and R are arguments.
...v
n is termed the arity of M and n>0.
Both represent a method invocation called on its host object 0 as in definition 2.3. Method invocations are
typed by signature expressions, bounding the classes of objects that a method's host object, inputs and outputs
may range over, a key difference from Prolog.

Definition 2.5 (Signature expression, adapted from [66]). A signature expressionis an expressionof the
form:
C[M(Vi, V2,..., V) = A]

(2.1)

C, M, V; and A are id-terms representing classes. A is the class of the result returned by the method M when
invoked on an object of class C with arguments of class V.
For induction, we assume a strict moding over the arguments in the molecule. In method expressions, each
I; is an input (as well as the host object 0) and each R is an output. We deviate from standard F-logic by
considering all method expressions to be inherently set-valued. That is, the method call may succeed many
times, giving multiple possible results for R. A property is a method for which n=0, i. e. of the form M --' R.
The moding scheme adopted thus assumes a one-way nature to methods, relying on input terms which are
already assumed to be bound to a finite number of constants, and introducing a single new term (variable or

constant).
3Non-inheritableexpressionswere signified by the arrow notation .- and inheritable ones by the arrow notation
Since
in
[66].
we
-"
do not consider non-inheritable methodsin this thesis, we simplify the notation to simply
-. for both. Furthermore,since all methodsare
assumedto be set-valued,we useonly - rather than the double-headednotation adoptedin [66]
4Owing to the higher-ordersyntax F-Logic,
of
strictly speaking, M can be a variable. However,in this work, we never regard it as such.
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host method input output
molecule[muta
signatureexp.
...................
clause

boot]

molecule[hasatom

....................

........

atom]

atom[bondsto(atom) =bond]

......................

..............

M[muta --, true] +- M[hasatom -. A1] M[hasatom -. A2] Al[bondsto(A2) -. B]
,
,
M: molecule,Al : atom, A2: atom, B: bond

Signatureatoms(above)cover method expressionsappearingin clauses.Each signatureatom definesthe method symbol
and the types of its host, input and output arguments.The clauseconsistsof a relational part (top line) and a constraint part
(bottom line).

Figure 2.1: Coverageof a data expressionby signatureexpressions
Figure 2.1 illustrates the relationship between data expressionsappearing in clauses and their covering
We
data
is
intrinsically
Each
linked
therefore
expression.
expression
a
signature
with
expressions.
signature
by,
is
data
data
that
the
the
the
or
that
covered
expression
and
expression
signature
covers
expression
say
matches,the signatureexpression.
Methods are therefore associated,using method signatures,with a class C of objects on which they are
invoked. Supposethat a particular object o is defined to be of class C' in the database. A non-inheritable
method expressionis only applicable to this object if C= C', whereasan inheritable method expressionmay
be applied if C is a superclassof C. An inheritable method expressiondefined in a class C may be redefined
in a subclassC. This redefinition is the basis for overriding inheritance behaviour during deduction. When a
class is called on an object, this structure brings about the needfor a method selectionrule, since two entirely
different behavioursmay be defined dependingon the class of the host object. We therefore require the object
logic to selectthe method defined in the most specific classpossible.
Example 2.6 (Method selection rule). Consider three classes A, B and C. A is a superclass of B and B of C.
Method M has definitions in classes A and C. According to this selection rule, a call to M will result in the
definition in class A if called on an object of class A or B, and the definition in class C if called on an object of
class C.

2.4.3

Defining classes: is-a molecules

Terms in F-Logic may be bound to classes.Most object-oriented viewpoints seea class as a template to which
an object conforms, specifying its data and methods. In F-Logic, a class, denotedby an id-term, also denotes
the set of objects belonging to that class. Strictly, an individual object is modelled as a class containing one
element.
2.7 (class membership molecule). A class membership molecule is an expression of the form
0: C, where 0 and C are id-terms. This asserts that 0 is a member of class C.

Definition

The inheritancehierarchy is defined in terms of set of subclassdefinitions.
Definition 2.8 (subclass definition molecule). A subclassdefinition molecule is an expression of the form
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Class membership:
sl : circle, s2 : circle. s3 : rectangle.
s4 : regularpolygon. s5 : rounded rectangle.
true : bool. false : boot. short : sidelength.
medium : sidelength. long : sidelength.
Subclass relationships:

/shape
float
area
larger(shape) = bool

polygon

:: shape.

rectangle

/poiygon
int
sides

regularpolygon

circle
radius = floz
area -> float

sidev --> sidelength
sidelength
sideh
area > float

sid(
lene1h=int

circle

:: shape.

:: polygon.
polygon.

rounded rectangle
rectangle.
rounded rectangle :: circle.
Data expressions:
sl[radius - 1]. s2[radius - 2].
s3'sidev -. 1]. s3lsideh - 21.
s4,'side - 1]. s4[sides -. 51.
s5ýsidev - 11. s5[sideh --> 2].
short[length - 1]. medium[length
--. 2].

rounded rectangle I
area =

regularpolygon
side -->sidelength
area --> float

OBJECT DATABASES IN LOGIC

float

iong,length-3.
Signature expressions:
float].
circle radius
int].
polygonfsides
rectangle[sideh = sidelength].
sidelength].
rectangle[sidev
= float].
shape[area
shape [larger (shape) => booll.
int].
sidelength[length

Method definitions:

0=0
0
sl

s2

s3

s4

Si

Si : shape[larger(S2) -y X]
S: circle[area - X] ...
S: rectangle[area - X] ...
S: regularpolygon[area
- X] - ...
S: rounded recta ngl e `area -. X] E...

Part of a class hierarchy describing shapes. Each box represents a class, with the name in the top section and middle and
bottom sections listing signatures for the properties and methods respectively. Pointed arrows are drawn from the subclass
to the superclass and a line shows composition, with a circle on the end of the containing class. Below are five example
objects and to the right, the domain expressed in F-Logic.

Figure 2.2: An example shapes domain

C :: D where C and D are id-terms. This asserts that C is a subclass of D- that is, where the object of class C
(resp. D) are denoted Oc (resp. OD). then O) C O(-.

2.4.4

An example

domain

A simple domain is shown in figure 2.2. The individuals sl to s5 are some example shape objects expressed
is
in
inheritance
focuses
The
diagram
domain.
which
rectangle
the
rounded
structure,
to
the
on
according
is
The
it
inheritance,
area
method
circles
and
rectangles.
since combines aspects of
an example of multiple
implementation.
When
interface,
it
has
i.
in
in
is
defined
It
we
an
no
as
e.
shape
overridden
several classes.
refine the object model later, we will see that classes may be abstract. Abstract classes are used as a means of
abstracting common elements in two classes or class structures, but which do not contain objects themselves.
Calls to the method on objects of class shape would therefore fail, but since shape is declared abstract (with
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2.4.5 Semantics and reasoning in F-Logic
Resolving queries in object logic is very similar to resolving queries in traditional logic programming languages
logic
from
in
[66]
F-Logic
We
Prolog.
the
therefore
the
of
conventional
context
present
of
semantics
such as
from
is
6
in
F-Logic
the
first
form
A
mapping
the
a
of
a
substitution.
substitution
considering
programming,
{V1/t1,...,
0=
V/t},
form
finite
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by
formula
They
be
in
the
to
a
set
of
may
represented
a
variables
for V; # Vj where i: j. The instance CO resulting from applying a substitution 0 to a clause C is the result of
id-term,
is
its
Where
the substituV;
ti
t;.
a
constant
each
simultaneously replacing each occurrence of each with
tion is called a ground substitution. Substitutions may be applied to F-molecules by distributing them over the
SCO
CO::
(C
SC)O
(0
00
CO,
C)O
including
Then,
and
the
::
method symbol.
:
:
=
=
molecules' components,
O[M(A1,..., A,, ) -+ R])6 = 0O[MO(A19,..., AO) -> RA]. Substitutions extend to F-formulae by distributing
them over logical connectives and quantifiers in a similar way.

The semanticsof a clausal relational reasoning system are typically defined in terms of two aspectsof
facts
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model-theoretic
set
reasoning.
in
logic.
define
logical
in
logical
language
to
to
a
and
assign
meaning
sentences
entailment
a
program, allow us
The proof-theoretic semantics,on the other hand,concernsthe processof performing inferencein clausallogic,
formula
logical
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The model theory of F-Logic, in common with many clausal relational reasoning systems, follows from
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language
first-order
in
P
defined
logic
terms
and
theory
a
of
a
program
and
the model
of
programming,
particular, the Herbrand interpretation.
Definition

2.9 (Herbrand
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interpretation
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the
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the
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mapping
The Herbrand base BL is thus partitioned into the set of ground atoms P(t i,..., t) such that I (P(tl , ..., t")) =
true in one subset and I (P(tl , ..., t)) = false in the other, usually abbreviated to include only the atoms mapping
to true.
by a Herbrand interpretation).
We say a positive literal 1 is satisfied by I if
lEI and a negative literal -, l is satisfied by I if 1¢I. A ground clause 11V ... V 1 is satisfied by I if at least one
l; is satisfied by I. A clause C is satisfied by 1 if and only if all ground instances of C are satisfied by 1.

Definition

2.10 (Satisfaction

5The predicatesymbols include both the intensional and extensionalpredicates.
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The meaning of a logic program is usually defined by its Herbrand model, defined in terms of its satisfaction
by the interpretation. F-Logic uses a structure to define the Herbrand interpretation. The general notion of a
structure is defined as follows:
A structure S consists of: (i) A set A, the universe of S; (ii) For each constant
symbol, an element c`t E A; (iii) For each n-ary function symbol f, a function f't : A" -+ A. (iv) For each n-ary
relation symbol R, a subset RA C An. If A is the Herbrand universe of a language L, S is the Herbrand structure
Definition

2.11 (Structure).

of L.
Before proceeding, an important aspect of F-Logic which should not be overlooked is the handling of equality. F-Logic maintains an equality predicate to denote that two terms refer to the same object. This arises from
two sources; cyclicity in the subclass hierarchy and multiple definitions of single-valued method calls. For example, two single-valued expressions (in the original notation) alice[father -> bob] and alice[father -+ robert]
=
bob
bob
imply
the
that
are
same
object,
written
robert. Similarly, the assertions lorry :: truck
and robert
would
and truck :: lorry mean that truck and lorry refer to the same class. Equality is defined to be reflective, symmetric and transitive and may be used in substituting terms during deduction, known as paramodulation, and
in factoring U(5) into equivalence classes of =. However, since we do not consider single-valued methods
in
do
in
hierarchy
this
thesis,
this
the
the
equalities
of
sort
not
presented
approach
class
and assume acyclity of
arise. We therefore omit it from the logical framework presented.
This definition is refined to F-structures for the object model of F-Logic. Note that since we do not consider
form
Prolog-style
the
of
predicates
p(a 1, ..., a),
nor
consider
methods
or
non-inheritable
single-valued methods
the semantics presented here are a simplification of those given in [66].

Definition 2.12 (F-structure [66]). If 5 is the set of function symbols in a languageL, an F-structure is a
tuple I= (U, -<u, EU,Ig, l_, l=*.). U, is the domain of 16. -<u is an irreflexive partial order on U defining
the subclassrelationship and Eu, a binary class-membershiprelation, determined by is-a assertions. IF is a
total mapping from id-terms to object ids. The set U is a set of all actual objects within a possible world I.
is interpreted
Ground id-terms are used to representlogical object ids. Each k-ary object constructor fEF
by a function Uk -+ U. 1. (for non-inheritable methods) is a partial function, giving the mapping of data
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An F-Logic formula may be satisfied by an F-structure. We presentsatisfaction properties of F-structures
deriving from the model theory aboveand the framework presentedin [66].
6More strictly, U(j)/
=, the quotient of U(5) inducedby equalities in the language.
7The functions are of
arity k+1, the first argumentreferring to the host object and the remainder to the k arguments.
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" The is-a relationship defines a partial order over U(F). (i) Reflexivity: I=p::
p (ii) Transitivity: If
Ip::
q and 1= q :: r then 1p::
r. (iii) Acyclicity: If Ip::
q and Iq::
p then 1 p= q. These
establishthat the subclassrelation is a partial order over the id-terms U(5").
. Subclass inclusion: If Ip:
of its class' superclasses.

q and Iq::

r then 1=p:

r. This establishes that an object is a member

" Type inheritance (where permitted by the interheriability of the method) If I
p[m(gl,..., qk) = s] and
I
r:: p then I= r[m(gl,..., qk) = s]. This permits propagation of structure from a class to its subclasses.

" Input and output restrictions: 1=p[m(ql,..., q;,..., qk)=s]and 1=of:: gjthen ! =p[m(gl,..., qf,..., qk)
= s]. This statesthat if a method acceptsa class qj as input, it will also acceptany of its subclassesq;.
I
p[m(gl,..., qk)
r] and!
r:: sthen I=p[m(gl,..., q'j,..., qk) => s]. This statesthat an output value
of classr is also of any superclasss of r.
With respectto logical entailment, an F-structure I is defined to be a model of a closed formula y if and
yt according to the abovesatisfaction rules. It follows from this that if E is a set of formulae and 0
only if I
if and only if 0 is true in every model of E. In F-Logic, the answerto a query Q is the
is a formula, E0
set
of all ground instancesof Q which are logically implied by the program (database)P. In traditional first-order
logic programming, an answer to a query Q is a substitution 0 for the variables in Q. The answer is valid with
respectto the program P if P Q9. The answer set is the set of answersto Q that are valid and which ground
Q (Q6 is ground). F-Logic definesthe answerset as:
2.13 (F-Logic answer set [66]). The set of answers to a query Q
with respect to an F-program P is
the smallest set of molecules that (i) contains all instances of Q that are found in the canonical model of P and
(ii) is closed under =.

Definition

Canonical models arise from the presenceof single-valued methods mapping to distinct values, requiring
the model to be equality-restricted. We do not consider single-valued methods, however. In F-Logic, typecorrectnessis consideredpart of the meta-theoryof the logic. In order to define it, it is necessaryto define the
notion of a typed H-structure.
Definition 2.14 (H-structure [66]). Given an F-structure for a set of clausesS, the correspondingH-structure
is the set of ground moleculesthat are true in the F-structure. An H-structure I is typed if (i) every (inheritable)
data atom in I is covered by some signature in 1; (ii) if an (inheritable) data atom c[m(al,..., ak)
is
EI
v]
--p
coveredby a signatureof the form d [m(bl, ..., b)
w) E I, then v: wE1.
The conditions for type-correctness are defined as follows:
Definition

2.15 (Type-correctness

c[m(al,...,

bm) = w] E 1, then v: w.
ak) -> v] EI is covered by a signature of the form d [m(bl,
...,

in F-L)gic,

type coverage [66]). Let 1 be a structure and aa data atom of
the form c[m(al,..., ak) -4 v] EI and ß is a signature atom of the form d[m(bl,
]. We say 1 covers
bk) *
...,
...
a if for each i=1,..., k we have c :: d, a; : b; E I. I is a typed H-structure with respect to data expressions if
the following conditions hold: (i) every data atom in I is covered by a signature atom in I (ii) If a data atom
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The proof theory of a logical language concerns the process of performing inference. Again, we start from
a logic programming setting and refine the notions into F-Logic. Deductive inference is the process of deciding
Given an initial set of clauses P
whether a formula F logically entails another formula G, written F=G.
(sentences, axioms), a system applying inference uses a set of inference rules R to derive, or deduce, new
sentences by repeated application of the inference rules in R. The notation P FR C denotes that the clause C can
be derived from P using R (where the context of R is clear, PFC may be used). In order to be computationally
tractable, the rules in R usually manipulate clauses in a purely syntactic manner, capturing the properties of
implication from the model theory. The primary rule in logic programming systems, including those that
C, and in comparing them,
manipulate objects, is resolution [ 120]. P F-C is therefore an approximation to P
we identify the properties of soundness and completeness.

Definition 2.16 (soundness and completeness). For a set of inference rules R and its resulting inference
relationship FR, a program P and a clauseC: R is sound if for all P and C, if P PRC then P=C; R is complete
if for all P and C, if P=C then P FR C; R is refutation completeif for all P and C, if P=C, then PA
-'C I-R Q,
where Q is the empty clause.
Refutation-completenessis a more meaningful property in assessinginferenceprocedures,since resolution
is known to be incomplete for even propositional logic [43]. The inference procedureof F-Logic is refutation
complete. Like most relational logics, F-logic inference usesthe notion of a unifier. We presentthe general
definition first.
2.17 (unifier, most general unifier). A substitution 0 is a unifier for two id-terms, is-a molecules,
or P-molecules Ti and T2, if T10 = T20. A unifier 0= mgu(TI, TZ) is a most general unifier if for every unifier
Definition

N of T1 and T2, there exists a substitution a such that p= 69.
Unifying substitutions also provide a basis for generality in induction, to be introduced in chapter 4. Of
These notions carry over into F-Logic, where
particular interest in this regard are most general unifiers.
syntactic conventions introduce an alternative concept of unification. This reflects the fact that unification
at the object level is done between objects sharing the same object identifier and done simultaneously on
all attributes and methods of that object, possibly expressed as sets. For example, we may attempt to unify
X, children = {alice, bob}], in which L' contains more than one atL= john [age -+ 31] and L' = john[age
-tribute/method and has a number of solutions represented as a set8. Accordingly, unifiers do not require identity,
but require that a molecule Ll is mapped into a submolecule of another molecule L2. Under the assumption that
attributes/methods are grouped together, unifiers then act asymmetrically under F-Logic, 0 being a unifier of Ll
into L2 if and only if LI 0C L20, where C represents the subset relation over molecules in LI and L2. Similar
definitions follow for tuples of terms. In this thesis, we do not assume molecules are syntactically grouped by
object identifier in this way and therefore do not consider this asymmetry. Additionally, in F-Logic, a single
most general unifier does not always exist. More formally, and following the previous definition, we consider
a set of most general unifiers.

Definition 2.18 (more general unifier, most general unifier, complete set of most general unifiers). A
unifier a is more general than a unifier ß, denotedaa5 if there exists a substitution 0 such that 0= Oa. a is
gAn expression
with a set valued variable may unify with any single member of that set. For example, unifying a [set -. X] and
a[set -» {b, c}) may yield unifiers {X/b} or {X/c}.

2.4. A LANGUAGE FOR REPRESENTING OBJECTS
then most general if Vß, ßga-aaP.
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A set of unifiers E is complete if for every unifier 0 there is an aEE

such that aa0.
Returning to conventional logic programming, two core deduction rules are employed
- resolution and
factoring - often expressed as one. Resolution of two clauses l +- b1,
b and h +- cl
c;
c;,
Cm
ji1,
...,
...,
, ..., _
infers a resolvent h
More formally,
2.19 (resolution, binary resolvent, complementary pair, standardised apart). Resolution is the
process of applying the rule { (yt V 0), (-, yt V X) } I- 0VX for formulae yr, 0 and X. 0Vx is said to be the binary
resolvent of yr V rßand -WV x and formulae Nrand -'N' are said to form a complementary pair. It is necessary to

Definition

rename variables in each of the clauses being resolved upon in order to obtain the most general resolvent. The
clauses are then said to be standardised apart.
In practice, yt, 0 and X are usually clauses. If C1 = L, V V L; V V L. and C2 = Mt V V MJ V V M
...
...
...
...
are two clauses which have been standardised apart, the clause

(L1V... VLi_1VLi+1V... VLmVM1V... VMj_1VLj+1V... WB
is the binary resolvent for a0= mgu({L--MM}). L; 0 and MBA are then the complimentary pair. This approach to resolution is not sufficient for deduction in that it does not allow derivations of resolventscontaining
fewer literals than those in the two clauses being resolved. In order to reduce the number of disjuncts produced in a clause,factoring must be applied. Factoring operateson a single clause C, containing a nonempty
}
{L1
literals unifiable via an mgu 0. The clause C' obtained by deleting the unified literals
L,
of
set
i ...,
ILA_, L9} from CO is a factor of C. Approaches to deduction combine the processesof binary resolution and factoring in the following way; a resolvent of two parent clausesC, and C2 is a binary resolvent of a
factor of C, and a factor of C2. The literals resolved upon (those substitutedby the mgu) are those unified by
the factors. Referring to the repeatedapplication of resolution rules describedin the introduction, a derivation
is
from
E
C
then a sequenceof clausessuch that each clause is a member of E or a
a
set
of
clauses
clause
of a
resolvent of two earlier clausesin the sequence.
Reasoningin an object-oriented paradigm, however,requires extensionsto capture the properties of types
and is-a relationships. As such, additional inference rules are added, modelling these relationships. The inference rules of F-Logic are defined acrosstwelve rules and one axiom. There are three core inference rules;
resolution, factoring and paramodulation. Severalrules, including paramodulation, exist as a result of equalities inferred from single-valued methods. We consider first the core inference rules. Resolution and factoring
in
logic
F-Logic
defined
to
programming, the most notable difference being the asymmetric mgu.
similarly
are
The resolution rule statesthat if W=-, LV C, W' = L' V C', and 0= mgu(L, L'), then from W and W' we derive
(CV C')6. Thefactoring rule statesthat if W= LV L' VC for positive literals L and L', and 0= mgu(L, L'), then
(L V C)8. If W= -ALV -'L' VC for negative literals -L and -, L', and 0= mgu(L, L'), then from W and W' we
derive (-L' V C)0.
The remaining rules concern the derivation of clauses involving is-a assertionsand the type restrictions
introduced by signature atoms. The is-a reflexivity rule states that VX, X :: X. The is-a transitivity rule accounts for the transitive nature of the subclasshierarchy. If W= (P :: Q) V C, W' = (Q' :: R') V C' and e=
(P
derive
R'
from
W'
Q'),
W
VCV C')6. The subclass inclusion rule accounts for
then
and
we
::
mgu(Q,
the fact that each object is also a member of its class' superclass. If W=P: QVC, W' = Q' :: R' VC and
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9= mgu(Q, Q'), (P: R' V CV C') 9. The type inheritance rule allows subclasses to inherit a signature from
a suI)
T)VC, W'=(S'::
P')VC'andO=mgu(P,
P')then from Wand W'wederive
perclass. If W=P[M(I1i...,
S' [M
If W==

I) = T] VCV C'. The input restriction rule introduces a class requirement on inputs to methods.
TJ V C, W' =
I; ) V C' and A= mgu (I', I,") then from W and W' we derive

P[M (I1i

If',

I)

T] V C. Finally, the output restriction rule introduces a similar requirement on the
...,
...,
output of a method. If W=P [M (I1i ..., I) = RJV C, W' = (R':: R") V C' and 9= mgu(R, R') then from Wand
I) = R") VCVC.
W' derive P [M (I1i
A merging rule combines information in different object molecules
...,
into a single object molecule by forming the union of its constituent atoms. A further rule removes tautological
W=

molecules of the form P[]. The last rule covers the handling of equality, and enables terms to be found equal to
be substituted for each other, known as paramodulation. Recall that we do not consider single-valued methods
and assume acyclity of the class hierarchy in the approach presented in this thesis. As a result, the rules do not
apply in our deduction framework.

2.5

Conclusion

In this thesis we adopt inductive logic programming as a means of performing multi-relational data mining
using object-oriented data. Appropriate to the logical setting of ILP, such data is expressedin a deductive
database,and regularities in it in a logical language. In this chapter we have discussedthe form of such a
logical languageas a basis for the logical framework used in the remainderof this thesis.
We beganby consideringthe generalobject model and the characteristicswhich the systemmust possessin
order to be consideredobject-oriented. The characteristicsof object, class,propertiesand methods,inheritance
and polymorphism. In the context of ILP, object orientation may be primarily considereda restriction in bias.
Accordingly, we consideredthe role of bias in reducing an ILP system's searchspace,reviewing the various
methodsby which ILP systemsintroduce bias into their languagesand search,concentratingon thoseelements
which are of particular relevanceto the object model, namely the types, modes and cardinality declarations
madein many ILP learners.The key elementsof the object representationwere also identified, namely the host
object, the individual-centred representationand the use of object identity. Proposedforms of bias relevant to
the existenceof a sort and inheritancehierarchy were considered.
Many of theseforms of bias assumethe use of Prolog as a representationlanguage.We examinedsomeof
the shortcomingsof Prolog and thesechoices of bias for modelling object data and the rules that are used to
find regularities in the data. The needfor a special-purposeobject logic was identified. Accordingly, a review
of object and description logics is presented,considering how they support the elementsof object-orientation.
One such logic, F-Logic, forms the basis for the logic framework we adopt for learning. We presentedits
syntax, semanticsand reasoningmechanisms.In chapter 3, we adapt it for inductive logic programming.

Chapter 3

CORLOG: A logical language for
induction
object-oriented
It can be seen from the definition of F-Logic in the previous chapter that the object model lends itself to a
constrained form of first-order deduction. The notion of class and its association with arguments in a clause via
signature molecules restricts the terms which appear in them, defining which constants or object identifiers may
appear or restricting useful variable bindings between arguments of compatible class. There is therefore a strong
notion of type-correctness, implemented in the flexible type system of classes. Particuarly, signature methods
declare which methods may be applied to which terms and strict mode declarations further serve to constrain
variable sharing. Such restrictions are clearly of use in deduction, and also provide a role in introducing a
bias for induction. In this chapter, we further define the role of the object model for induction, and propose
extensions to constrain the language further in the context of existing principles of the object model. The
is
language
called CORLOG.
resulting
The chapter is structured as follows. Section 3.1 describes the form of clauses and features in CORLOG.
CORLOG clauses consist of a relational part - described in section 3.2
described
part
and
a
constraint
in section 3.3. The domain description, and in particular the role of metaknowledge, is discussed in section 3.4.
Section 3.5 concludes.

3.1

Clauses and features in CORLOG

We view F-Logic clauses in terms of separate components, adopting these components for the purposes of
defining extended concepts in CORLOG. Particularly, we view an F-Logic clause as possessing two separate
components. Firstly, it has a relational part, constructed from data expressions, and expressing the relationships
between terms in the expressions. Secondly, variables in the relational component are constrained to belong
to classes in a constraint part. Separate to the clause are associated method signatures which define the typefrom
derived
the
the semantics presented in the preceding chapter. CORLOG extends
rules
of
clause
via
validity
the constraint component to represent a more flexible, but still class-based, constraint system. Moreover, the
signature methods can be viewed as a form of metaknowledge, defining the language bias in terms of the classes.
CORLOG extends the notion of metaknowledge to other aspects of the data model not represented in F-Logic
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but of use in restricting the language bias for induction.

In this thesis, we argue that by adopting the object
model and enhancing it with extensions to the class and metaknowledge benefits the inductive process. These
benefits include reduction of the hypothesis space by identifying impossible and invalid assignments
of terms
to arguments and the introduction of new forms of redundancy and impossibility in clauses, enabling them to
be eliminated from the hypothesis space. The object model thus serves as a means of defining a hypothesis
language over which induction is performed, via a domain model expressed in the object model.

Before considering the individual aspectsof this extendedobject view, we first statesome important definitions, continuing from the basic F-Logic definitions introduced in section 2.4.
Definition

3.1 (CORLOG clause and related definitions).

A CORLOG clause C is an implication of the form

C=lp F-1I A... AInAcl A... ACm

(3.1)

where each 1, (1 <i<n,
n> 0) is a CORLoG literal consisting of an F-logic data expression,and each c,
(0 <j<m,
m> 0) is a constraint expression (in F-Logic, a class membership constraint). lo is a positive
CORLoG literal comprising the head (or conclusion or consequent)of the clause, whereasthe conjunction of
literals lý

l,,, cl,..., c,, comprise the body (or condition or antecedent).The literals li (1 <i<n, n> 0) are
...,
termed the relational part of the clauseand the constraintscj (1 < i: 5 m, m> 0) are termed the constraint part
of the clause. A clausesuch that n=0, i.e. a clausewith an empty body, is termed afact. Logically, a CORLoG
query is a CORLoG clause with an empty head,representinginformation which is never true, i.e. a refutation
of the body againstthe database.
By analogy with traditional ILP, CORLoG clauses are the representationfor the examples, background
knowledge, queries and the induced theories. In this thesis, we adopt the approachand terminology of propositionalisation for the induction, describedin much more depth in chapter5. Accordingly, we define the notion
of a CORLOGfeature, a specific type of clause.
Definition 3.2 (CoRLoG feature). A CORLOGfeature f; is an implication (and CoRLoG clause)of the form
0[fi(I1,..., I)-"1RI

-11A12A...

AIn ACIA c2A... Acm

(3.2)

where the meaning of 1j (1 <j<
n) and ck (1 <k<
m) is the same as in definition 3.1. The classes of the
head variables 0,1, and R define the interface of the feature. Each must be constrained with a class constraint
inchA...

ACM.

We will occasionally omit the argumentsand use the notation f; to refer to a feature, where the context
is clear. We make the distinction between a feature and a clause as a result of the intended application to
propositionalisation. In propositionalisation, featuresare the building blocks of induced classification rules; the
bodies of induced rules consist of conjunctions of features. The head variables of the classification rule r are
themselvesnecessarilyclass-constrainedand must be compatible with the constraints in eachfeaturef; as well
as take the same mode. Specifically, each host object or input variable v of class c appearing in a feature f,
must also appearas an input variable in the headof r, constrainedto be of class c or a subclassof c. Likewise,
eachoutput variable v of classc appearingin a featuref; must also appearas an input variable in the headof r,
constrainedto be of class c or a superclassof c.
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As well as requiring linkage of the variable as 0 and R between the head and the body (i. e. that 0 appears as
an input to one of the literals in the body of the clause and R an output from one of the literals in the body), we
further specialise the notion of a feature by imposing a number of syntactic restrictions on it. For the purposes
of induction, we consider the class of CoRLOG features which consist of definite Horn clauses, i. e. those with
exactly one positive (head) literal, where each literal is a method expression. Furthermore, we require that
the clause is function-free. Structured terms involving functors are of limited use in CORLOG since terms are
related to subterms through facts involving method expressions. In a sense, CORLOG programs may be said to
be intrinsically flattened [122,81]. Structured data in the object database is necessarily represented by method
expressions linking objects to their constituent parts, which play the role of the functors typically used in Prolog
structured terms. Functors may appear only in a parameterised form of a class, discussed in section 3.3.1.

We will later see that the induction technique adopted is basedon a form of 9-subsumption. In order to
overcomeproblems involving recursion, as well as generalissuesinvolving evaluationof recursiveclauses,we
assumethat the languagecontains no recursive clauses. The choice to disregard recursiveclausesresults from
the emphasison the induction task in this thesis as classification of complex data structures. The individualcentred representationapplied to the object model assumesa class of individual which possessesthe class to
be predicted as a namedproperty. In this setting, the induction of recursiveclausesis only necessarywhere the
class label of an individual is dependenton the class label of its constituent objects. We consider this requirement to be a special caseand do not consider it for this thesis. Furthermore, the learning of recursive clauses
is not amenableto propositionalisation [81], the ILP technique adopted in this thesis, since the transformation
into propositional form may result in much unnecessarycomplexity, not least considering execution time for
the recursive query during transformation.
We also require that eachvariable in the feature is constrainedto belong to someclassin the system. A valid
CORLOG feature must therefore include in its list of constraints c, a membership assertionfor each variable.
We term this a class-constrainedfeature, discussedin more depth later. In terms of searchefficiency, we also
wish featuresto be undecomposable,i. e. that there is no feature f such that the literals in the body off can be
partitioned into disjoint conjunctions fl, ..., f such that no pair (f;, f j) sharenon-headvariables. Equivalently,
this meansthat f cannot be re-expressedas the conjunction of two or more other valid clausesin L. Again,
we discussthis later. Finally, we wish to ensurenon-redundancyof each literal in a feature, i. e. that no literal
(method expression)in f can be removedfrom the body off without changing the set of valid substitutionsfor
the variables in f. Equivalently, no literal in f is implied by the presenceof any other.
Returning to the notion of compatibility of a set of featuresfor a given class-constrainedtarget relation, we
identify the notion of a feature set -a set of featureswhich may appearin a conjunction to form the body of a
classification rule.
3.3 (CORLOG feature set). For a feature fi, denote its interface
its
head
to
the
classes
which
variables are constrained - as inti = (O;, {J1, ..., I,,, }, R; ). A set of features 11, ..., fm forms a CORLOG feature
(OFs,
{IFS,
interface
intFS
IFS. }, RFS) if every O; is constrained to be of class OFS or a
FS
with
an
set
=
, ...,
superclass of OFS, every Ii, is of class IFS, or a superclass of IFSJ and every R, is of class RFS or a subclass of

Definition

RFS
The interface thus places a contract of type-correctness on each feature in the feature set. Each feature
therefore necessarily uses the head variable 0 as an input to at least one of its constituent literals, and furthermore is used in a type-legal way. Constructing features is of particular importance in propositionalisation,

the
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approachto ILP taken in this thesis. In our approach,we restrict the form of a CORLOGfeature to one which
always has a constant in its output argumentand takes no inputs other than the host object. We term this type
of feature a simple CORLOGfeature. Under this restriction, the CORLOGfeature adoptsthe following form:
Definition

3.4 (Simple CORLOG feature).

A simple CORLoG feature is a feature of the form

O[fi-+r] =11A... A1nAcl A... Acm
where the meaning of l1 (1 < j: 5 n) and ck (1 <k<

(3.3)

m) and 0 is the sameas in definition 3.2.

The feature is necessarilyBoolean-valued.We consider for the remainderof this chapterthe general form
of a CGRLGGfeature and specialiseit to the simple casein chapter5.
Having divided a clauseinto its relational part and constraintpart, we characterisean object-orientedknowledge base in CORLOGby dividing it into a disjoint set of knowledge declarationsas follows. We sometimes
use the term database,where the context is clear, to refer to a knowledge base.
Definition 3.5 (CORLOGknowledge base). A CORLOGknowledge baseis a tuple KB = (D, C, S,M), where:
Dp U DM: Databasefacts and methods. Dp comprises a set of ground CORLOG facts defining
propertiesof objects in the database,e.g. bob[child -p alice] in which bob and alice are object identifiers.
Similarly, DM defines the results of method invocations in terms of deductiverules.

"D=

Objects
defined
by
belong
C:
Class
the
they
to via class memare
also
classes
assertions.
membership
"
bership assertions(e.g. alice: person).
by
Declarations
defining
definitions.
S:
Subclass
the
others, and
of
classes
subsumption
and
subsumption
"

in particular, defining where one class is a subclassof another,as in tractor:: vehicle.
in
Ms
Method
Method
MM:
Ms
U
assign classes to the
metaknowledge.
signatures
signatures
and
"M=
host, input and output arguments of methods and properties, enforcing typing restrictions on facts in FD
[child
for
D,
person]. Supplementary metaknowledge, in Mm, further describes
example person
and
semantic relationships in data expressions and across the class hierarchy. The forms of this metaknowl-

edgeis discussedlater in this chapter.
We consider each of these elements of the knowledge base in turn, considering the role of each and the
feature
into
CORLOG.
Firstly,
from
the
F-Logic
it
is
in
part
of
a
relational
consider
we
extended
which
manner
decomposability
in
for
literals
terms
interactions
and
sharing
in
of
variable
example
among
particular
and
its
in
feature,
forms
to
terms
We
a
coverage
features.
then consider
of class constraints applicable
properties of
feature
the
validity via signatures and the
effect
of
classing
on
and
constraints,
other
and consistency with
interaction of input and output arguments, particularly with respect to valid variable sharing and unification.
Finally, we discuss other forms of metaknowledge, both those which relate to the relational part of a feature
declarations.
feature,
metaknowledge
of
useful
to
the
at
a
set
of
a
arriving
part
those
constraint
which relate
and

3.2

The relational part of a feature

The syntax and semanticsfor the relational part of a feature are adoptedclosely from our restriction of F-Logic.
Reviewing the forms of this restriction, we assumeno scalar methods- all methods are assumedto be setin
behaviour
We
this
the
in
to
i.
times.
capture
special
prefer
succeed
many
valued, e. general methods may
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metaknowledgerather than the logic. Furthermore, we wish to avoid complications with equality maintanence
and maintain correspondencewith logic programming, which does not make this distinction.
The propositionalisation

process works by solving a query in which the variables appearing in host object
(and input) arguments to a CORLOG feature are necessarily bound to some constant representing the individual
and object identifiers associated with it. Similarly, the output arguments resulting from a CORLGG feature must
necessarily succeed for a finite set of constants in order for them to appear in the transformed attribute/value
table. Placing these restrictions on CORLoG clauses introduces a necessary bias over the language of valid
clauses, namely linkedness. Since method arguments in CoRLoG are typed and moded, we ensure these
requirements hold by requiring that where an input variable appears in the clause, it has been instantiated by
previous literals. That is, assuming a left-to-right approach to clause evaluation, there are a finite number of
ground substitutions for a variable V appearing as an input. Likewise, method expressions are expected to
introduce a finite number of possible substituions in their output arguments. This is a special case of linkedness
[54] from traditional 1LP, in which at least one variable appearing in a literal is linked, possibly through others,
to the variables in the head literal. All variables appearing in the head of the clause thus appear in the body.
In ILP this notion goes by the various names of generative, range-restricted or connected. The converse is not
true; not all variables appearing in the body appear in the head, however, and the clause is thus not necessarily
constrained. Because of this assumption that method expressions assume the presence of ground substitutions
of inputs and the introduction of ground substitutions for outputs, we impose several conditions on the syntactic
structure of a clause, with respect to its variable sharing.
Definition

3.6 (Linked CORLOG feature).

A CoRLoG feature F=0

[f; (Ii,

I)

R]
I,,,
cl,
cm
-,
...,
...,
In, R}, is linked if: (i) All output variables in
associated with a set of moded head variables H from {0, I1,
...,
H appear in at least one output argument in the body of F; (ii) The host object input
variable in H appear as
host object input variables in the body of F1; (iii) Each variable appearing in an input
argument of a literal in
the body of F must appear as the variable appearing in an output argument in the body of F, or as an input
argument from H. The variable is then said to be consumed by the input;
Observe that for simple CORLOG features, it is sufficient that the host object
variable in the head of F
appears as a host object variable in the body. The notion of decomposability extends the notion of linkage
by considering the linkage properties of a feature. This work adopts the technique of propositionalisation for
induction. In such a setting, if a feature in a feature set can be expressed as
a conjunction of two features, it is
redundant, and furthermore increases the dimensionality of the data and reduces search efficiency.
More formally, we define a decomposable feature as follows:

Definition 3.7 (decomposable feature). A decomposablefeature is a feature F=0 [f;
I) --+ R] +-I,,,cl,
Ii,
III,
literals
},
cm
with
a
L=
relational
1
part
consisting
of
associated
a
with
set of moded
...,
...,
_,
head variables H from {O, I1, I,,, R}, which can be partitioned into disjoint subsetsof literals {L,,
...,
L=U; Li, such that there exist no pair of literals (l;, lj), l; E L, 1jEL, i0j, which sharevariablesnot in H.
Where variables are shared between arguments in literals in a clause, they may be viewed as
variable
dependencies.The creationof decomposablefeaturesnaturally comesabout asa result of substitutionsbreaking
variable dependenciesbetweenliterals in a feature. Thesedependenciescan be visualised as a graph between
literals in a clause. We term this graph the variable dependencygraph VD(C) of a clause C. The graph is
defined as follows:
I In order to preservethe individual-centrednessof the clause,
non-host inputs are consideredoptional for linkage in the body.
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Definition

3.8 (variable dependency graph).

A graph VD(C) is the variable dependency graph of a clause C

if:
" Each node represents a literal - either the head literal or a body literal. These nodes are labelled l;,
where l; refers to the ith literal in the body and 10the head literal.

" Each output/input dependencybetween argumentis representedby a directed edge with a single arrowhead between the nodes representingthe literals where these variables appear. The edge goes from a
literal in which the variable appearsas an output to one which it appearsas an input, thus representing
a variable provider/consumerrelationship in the clause. Input/input relationshipsand output/output relationship betweenthe head literal and a body literal are also representedin this way, i.e. by a line with no
arrowheadat either end.
If the variable labelling an edge is a host variable, the edge is denotedby a double-headedarrow. This
shows that it is important for the linkage resulting from the individual-centred representationadopted,
and should not be substituted.
Variablesappearingeither as the host object of the headliteral or a variable appearingasthe output object
of the head literal are denoted by underlining the variable labelling the edge. In order to be consumed,
and for the clause to be linked, thesevariablesmust either appearas input argumentsin the body literals
if they are host objects in the head literal, or appearas output argumentsin the body literals if they are
output argumentsin the head literal.
" Constants(ground instances)do not appearon the graph.
This visualisation of variable sharing both among body literals and between the head and body literal then
allows us to analyse decomposability properties of features and determine their validity with respect to the
object model.

We considersomeexamplesof how decomposabilitycomesabout and illustrate the processon their variable
dependencygraphs.
Example 3.9 (Decomposability

of CORLOG features). Consider the CORLoG feature C1 below, assuming
arbitrary class constraints on the variables but such that the constants c and d belong to the class constraining
C and D respectively. Also consider a substitution 0= {C/c, D/d}. Then,

Cl
C10

=

A[mo(B) -* E] +- A[ml(B) -' C], A[mz(B) -' D], A[m3(C) -' E],A[m4(D) --> E].

(3.4)

=

A[mo(B) --, E] +-- A[mi(B)

(3.5)

A[m2(B)
c],
-d],
-'

A[m3(c) -

E], A[m4(d) --" E].

The feature CIO is now decomposable; new features can be constructed with subsets of its literals. For

example, if 1; is the literal containing the method m;, CIA can be decomposedinto new legal clausesC11_
104-I1,13,C12=104-I1,14, C13=10 l-12,13 andC14=10«-12,14.
Example 3.10. Let us consider another example, in which the output of the head is a constant, as in the
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1,
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ý
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C20

Figure 3.1: Two examplesof variable dependencygraphs
following feature. Consider another substitution 9= {C/c, D/d} producing the substitutedfeature C29.
C2 =
C20 =

A[mo(B) -* e] <--A[ml(B) -' C], A[m2(C) -+d].
A[mo(B) -4e] +- A[mi(B) -' c], A[m2(c) -' d].

(3.6)
(3.7)

11and 12are now unlinked and COcan be decomposedinto new legal featuresCZ, = Io f- I1 and C22= 104--I2.
Figure 3.1 shows the graphs of features C2 and C20. Consider VDB(C), the portion of the graph containing
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these subclauses either is valid, i. e. produces a linked subfeature with the head, or does not and is invalid.
In the graph interpretation, if the host input variables from the head literal appears on a link to at least
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3.3

The constraint part of a feature

Constraintscan be characterisedas expressionswhich place restrictions on the valid assignmentsof values to
is
by
feature.
The
means
principal
of
restriction
associatingclasseswith variables,specifying that
a
of
variables
the variable may only be assignedvalueswhich belong to the given class. A class is then viewed as a collection
in
is
is-a
form
is
the
This
the
molecule
an
existing
class
as
an
of
c,
where
c
expressed
x:
constraint
of values.
database. An example of a simple class constraint is x: integer for a class integer. posinteger, representing
the set of positive integers, may then be defined a subclassof integer. The constraint x: posinteger is then
In
More
to
term.
this case, separate
than
assertion
a
membership
may
apply
one
class
stricter.
necessarily
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constraints 0: C1,... ' 0: C, are reformulated as a conjunction of classes 0: (C1,
C,,). 0 is a member of
...,
(Cl,
C,,) where 0 is a member of every C;, 1<i<n.
More
formally,
V
a
variable
with a class membership
...,
constraint V: Cv for Cv = C1,... ' C1,, V may only be bound to a value v if v is defined to be of each of the
in the knowledge base. During resolution, the set of valid ground substitutions for V
classes C;, 1<i<n
are
determined in the same way. Similar results follow for variable substitution.
Two fundamental operations exist in the handling of constraints. Firstly, in order for the class structure to be
used to specify a restriction on the terms, it is necessary to be able to check whether the term is a member of that
class. We refer to this operation as an instance check, and say that the term is an instance of the class. Secondly,
since induction is the technique of interest, we are interested in establishing a structure of subsumption over
constraints, where c subsumes c' (c' is at least as strict as c) if every individual in the database which is an
instance of c' is also an instance of c. This subsumption relationship thus structures the space of constraints,
and forms the basis for making features more specific. The class hierarchy directly determines the subsumption
hierarchy of constraints
-

where sc :: c, the constraint t: c subsumes the constraint t: sc. We define subclass

among conjunctive classesas follows:
Definition 3.11 (subclassing among conjunctive classes). A conjunctive class c' is a subclassof another
conjunctive class c where, considering c and c' as sets, each element of eEc has at least one element e' E c'
such that e' is a subclassof e or e= e'. Necessarily,c' representsa stricter condition. c" is reduced from c'
where all simple classeswhich are a superclassof another in c' are removed.
Classeswhich aresuperclassof othersin a conjunctive classare redundant,and the reducedform is therefore
equivalent to the non-reducedform in terms of constraint. We consider a class constraint to be a conjunction
of classesin this work, which includes the special case where they are a single class. Accordingly, we will
sometimesdiscussa class as being a single class or a conjunction of classes,dependingon context.
Each variable in a CORLOGfeature (including head variables) is constrainedby one or more class membership assertions.More generally, id-terms are also implicitly constrainedby their membershipof classesin
the knowledge-base.Every valid CORLOGfeature is said to be class-constrainedin this way.
Definition 3.12 (class-constrained feature). A feature F consisting of method expressionsFd in its relational
part and classmembershipmoleculesFmin its constraint part is a class-constrainedfeature if, for every variable
V in appearingin Fd, there exists in Fm a class membershipconstraint V: C where C is a conjunction of valid
classesin the database.

3.3.1

The role of parametric

classes

Having consideredthe conjunction of classes,we return to the notion of a parametricclass,introduced in section
3.3.1. Parametricclassesoffer a more detailed form of constraint, expressedas functors. There are two parts
of a parametricclass specification P(C1,..., C); the P part is referred to as the parametric class,and C1,-.., C,,,
its parameters. Classeswith no parametersare called simple, and those with parametersparametric. In our
setting, we restrict the classeswhich are taken as parametersto be simple classes.
Parametricclassesas applied to learning allow the modelling of arbitrary collection classes,which take
general and class-restrictedparameters,the latter imposing requirements by specifying a superclasson the
parameterstaken. Such collection classesinclude standarddata structuressuch as sets, lists, trees and graphs.
By inheriting a class graph(atom) from molecule, a molecule is abstractedas a group of atoms, implemented
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by the class graph, which requires methods provided by the class atom - other parametric classessuch as
one representinga list may not place any such requirementson its parameters. The graph-like nature is thus
abstractedby the parametric class. Alternatively, parametric classesmay be explicitly defined in the database.
The parametricclassthereforeappearsas a typing construct and a meansof introducing new method invocation
validity on an existing classby abstracting it. By modelling a collection with a simple class,no classrestriction
is specified on the contained object, and therefore no method invocations can be assumedby the parametric
class. In parametric classes,this problem is overcome. The bound class servesto type the methodsdefined in
the parametricclass. During induction, this typing is of even more importance.
The methods in a parametric class often rely on the availability of methods in the class parameters they take.
For example, consider a class representing a list of words list (word). Instead of maintaining an internal list of
object identifiers, it may rely on each word implementing a property which links to its next and previous words
(word [next = word], word [prey = word]) in order to access them as a list. In object-oriented programming,
the arguments of parametric classes can be required to implement a given class in order to capture this method
dependency. A class acts as a bound on a parameter, establishing a contract, or guarantee of existing methods,
on the parameters.

Parametricclassspecificationswith bounds appearin two parts of the knowledge base.Firstly, they may be
specified in method signaturesas an extensionof the class which the method takes in its arguments.Secondly,
they may appear in subclassingdeclarations, either to abstract structure from an existing class or to denote
membership to a restricted domain. Methods specific to trees are then added to those in graph to form the
tree class, as usual. In this thesis we are interested in mining data expressedin, and abstractedinto, common
structures. In the object model, parametric classesimplement these abstract structures. We clarify this idea
with a fuller example:
Example 3.13 (Abstracting

structure in a parametric class). Consider a molecular domain in which we want
to view a molecule as a graph of atoms. We may make the declaration molecule:: graph(atom). Notionally,
this asserts that the class molecule is connected to a set of individuals of class atom, which can be manipulated
in a graph context. With regard to implementation, a database which might realise this manipulation might
be one in which graph expects its parameter to implement methods linksto (representing edges) and hasnode
(representing nodes), in order to fulfil methods on the resulting graph, and atom does this. Such a contract
could also be realised by an abstract class linked, a superclass of atom acting as an interface class, in which the
is
defined.
is
linksto
molecule
not a parametric class, but still inherits method calls from graph(atom)
method
allowing methods to be called on the set of constituent atoms as a graph (for example averagedegree for the
In
degree
the
summary, graph has method hasnode, so molecule must implement (or inherit
of
nodes).
average
it from graph), and requires linksto to exist in its parameter, so atom must implement it.

3.3.2

Type-safe features in the presence of class constraints

Despite the considerable difference in syntax, we may view an object logic such as CORLOG or F-Logic as
being a restriction of conventional logic programming, the type restrictions arising from an additional set of
in
introduction
The
described
theories.
the
and
model
proof
of constraints on terms in an F-feature
conditions
inheriting
from
together
the
type-correctness
constraints,
class
with
notion
system
of
of
a
arising
using
relative
in
2.15,
from
definition
brings
F-Logic
further
defined
about
restrictions. These restrictions
method signatures,
are manifested in the sharing of variables among the arguments of methods in literals, as well as the id-terms
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which may appearin thesearguments.
During induction, variable sharing among different arguments of literals in a feature arises as a result of
unification substitutions, and the appearance of ground id-terms in arguments appears as a result of instantiating
substitutions. The set of valid substitutions is discussed in more depth in chapter 4. Here we summarise the
rules from the definition of F-Logic which define the valid interactions between variables in the relational part
of a clause and the constraints in the constraint part.
There are a number of elements of the object model which affect type-safety. Firstly, with respect to the
class membership constraints c; on each variable, we only permit unification among terms of comparable class.
Secondly, we consider the classes of the arguments in method signatures which cover literals appearing in the
feature. The method signatures impose a contract on the types of variables which may appear in the arguments
of a matching method, leading to constraints on type-correctness as well as input/output linkage. Finally, with
regard to specific metaknowledge defined in the domain, variables must be unified in such a way that the
introduced
by metaknowledge. That is, the clause should be
does
the
conditions
not
violate
resulting clause
metaknowledge-respecting.
Following from the properties of F-structures, the appearance of a variable in a feature places requirements
(from arguments which consume variables) and guarantees (from arguments which consume variables) on the
for
These
the
take.
may
variables
guarantees and requirements
substitutions
ground
which
range of classes
interact in order to determine the type-safety of a variable with respect to its involvement in a feature. These
aspects of a method's types -

its interface -

are often referred to as the contract of the class.

Definition 3.14 (Conditions for type-correctness of a variable in a class-constrained feature). Consider a
lo
feature
F=
in
V
consisting of a relational part
a
class-constrained
appearing
variable
L= {lo,..., 1} and constraints C= {ci,..., cm}, adopting the following definitions of consumerand provider
in
input
body
if
it
in
feature
is
V
the
the
We
argument
of
or as an output
appears
an
a
consumer
say
arguments.
if
it
is
in
in
body
We
V
feature.
head
the
in
the
say
a
appears
an
output
argument
of
provider
the
of
argument
the featureor as an input argumentin the headof the feature. V is type-correct if:
in
V
L,
in
for
the
For
the
with
corresponding
appears
class
where
cQ
method
a
signature
each
consumer
.
argument, it is required that every successful ground substitution for V must be of class cQ,or a subclass
of Ca.

For each provider r where V appears in L, with a class conjunction Cr formed by the corresponding
it
is
for
in
the
guaranteedthat every successfulground
the
arguments,
signatures
method
classescr, , ..., c,,,
it
is
Accordingly,
the
is
for
V
feature
class
in
of
of
or
a
subclass
cr,.
every
class
cr,,
the
of
substitution
conjunction c,.
{cv
in
C,
V:
The
cv
where
cv
=
class constraint
"
i,..., cv} represents a conjunction of classes associated
be
is
for
for
V
the
of each
V,
successful
will
clause
that
which
substitution
ground
every
guarantees
with
is
V
(equivalently,
of each cv, E cv).
of
each
ground
substitution
class cv; or a subclass of cv,

It can be seenthat there is a type-safety relationship betweenthe classesof argumentswhere V appears,
dependingon whether it is an output or input, as well as the constraintson V. More precisely, the combined
classof the variable provider should be such that all classesrequired by the variable consumersare guaranteed
by the inherent classing resulting from the variable's use as a provider. A given assignmentof a variable V to
argumentsthen results in a valid set of classeswhich the variable V may adopt given the variable sharing. We
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is
definition
3.14
to
take
the
shared,
of
classes
of
a
variable
account
arguments
among
which
reformulate
may
and the result of the sharing on the set of classes which the variable V may adopt. In doing so, we consider
interactions between class constraints introduced in C and by the typed arguments in lo and LB.

Definition 3.15. Consider a variable V appearingin a class-constrainedfeature F =10
in definition 3.14. V is type-correct if:

cl,..., cmas

{Cri,
V appears as a
formed
from
In
L,
the
conjunction
class
of
all
where
Cr
arguments
cr
"
=
+crn}
provider must be a subclass of the class of each argument ca ý,..., cam where V appears as a consumer, or

" In C, the classconstraint V: cv restricts the set of possible ground substitutionsfrom the providers from
Cr to cv, or one of its subclasses,i. e. where cv is a subclassof Cr. Then, cv (eachcri) must be a subclass
of the class of each argumentcal , ..., ca,,,where V appearsas a consumer.
Note that the class restriction V: cv here acts as a restriction on the set of possible output substitutions for
V after a method invocation using V as an output, enabling the restricted id-terms to be used in a type-safe
manner for the input arguments of a later method expression. We can therefore compare the class restriction
The
V.
both
impose
they
the
the
the
the
since
variable
classes
c,;,
of
output
same
restriction
on
class
with
difference between the classes guaranteed by an output method and required by an input method can be seen as
a sublattice of the lattice formed by the set of classes and the subclass relationship between them. We denote
this lattice of valid classes which V may take as G(V).
3.16 (Lattice of permissible classes for a variable in a class-constrained feature). A variable
1,,,cl,..., cm may take any of the classes in the set G(V),
V appearing in a class-constrained feature F= ll
, ...,
if:
is
(i)
G(V)
a superclass or equal to of the combined provider class Cr, or a superclass of the class
c
cE
where
is
(ii)
a subclass or equal to each consumer class ca;.
c
cv;
constraint

Definition

G(V) then defines the type-safety of the variable assignment of V to arguments of methods in a clause. As
the clause is refined during induction, the lattice is further constrained and shrinks. Where IG(V) I=0, there
are not longer any valid ground substitutions for V. Where JG(V) I>0, V is type-correct. By checking G(V)
for each variable V in a CORLOG feature, we may verify its type-correctness. We will take advantage of these
type criteria during the formulation of the induction method in chapter 4. Variable unification, instantiation and
the refinement of class restrictions all use this rule to test type-validity.

3.4

Domain descriptions:

The role of metaknowledge

It is well acceptedthat when datamining in relational databases,the careful construction of backgroundknowlin
data
is
but
little-understood
is
the
to
the process
task,
of
a
multi-relational
step
success
mining
a
crucial
edge
data
in
[1311.
Successful
involves
ILP
databases
the user supplying the
mining
relational
usually
applying
of
learner with somehigher-level description of the data which the miner can exploit to benefit the learning prodomain
domain
description, since it is intended to express important
We
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the
or
model
model,
call
cess.
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data
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domain
being
data
domain
As
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modelled,
particular
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relationships.
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in
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In
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separation
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artefact
an
model
2Where the feature is evaluatedleft-to-right in the interpreter,this may require the class restriction to appearafter the variable is first
introduced.
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level from the mining level, aiming to describe the data independent of the operation of the mining system. The
form of such descriptions vary from learner to learner, but they all serve the purpose of informing the behaviour
of the system for a specific task and in a given domain by specifying the data relationships in it. The term
domain was defined in section 1.2 as the context from which data is taken for a data mining problem. Similarly,
domain analysis refers to the identification of the information which is perceived to be important about a domain. In this thesis, the domain model is expressed in an object-based description language for metaknowledge.
Metaknowledge exists in traditional ILP systems via forms of declarative bias introduced earlier, such as mode
and type declarations.
Our framework so far has considered the representation of database facts and queries and object molecules,
and how terms in these are constrained by a class, extended to a parametric framework. Central to this framework is the notion of a method signature. Method signatures define the classes taken by method arguments, and
thus form an important and fundamental form of metaknowledge. Like other forms of metaknowledge, they
incorporate additional information about the domain which serves to constrain the hypothesis language. They
introduce the notion of type-safety in a feature. A feature is said to be type-valid if each literal in the relational
part, together with the class constraints in the constraint part, conforms to its corresponding method signature.
More generally, a feature can be determined to conform to a metaknowledge declaration, i. e. metaknowledge
is framed as a set of domain-specific conditions which each feature must respect, reducing the size of the hyinconsistency
in
feature
forms
defining
and
a
given assumptions about
new
of
redundancy
and
space
pothesis
its data relationships. If the conditions represented by the metaknowledge are satisfied by a feature, the feature
is said to respect the metaknowledge. Otherwise, the feature violates it. In F-Logic, metaknowledge validity is
in
form
language
described
in
by
the
the
theory
the
of
satisfaction
rules,
section 2.4.5. The
of
model
enforced
proof theory then incorporates constraints on the derivation rules based on the metaknowledge.
The approach presented in this thesis extends this meta-knowledge typically found in an object database to a
is
inductive
learner.
Meta-knowledge
therefore seen as a means of constraining
for
an
guiding
suitable
superset
the hypothesis space, the inductive bias being restricted to only metaknowledge-repecting features. Two kinds
of metaknowledge are considered. Method metaknowledge concerns properties of a method and relationships
between the host, input and output arguments. Class metaknowledge concerns relationships between classes

and imposesadditional semanticson class structure beyond subclassingrelationships.

3.4.1

Method metaknowledge

Method metaknowledgehas a number of forms in CORLOG.We can either considerthe method as a whole, as
In
between
this thesis,when considering
the
the
arguments.
relationships
or
consider
with signaturemolecules,
host
between
the
between
the
argumentand the output.
relationship
only
consider
we
arguments
relationships
We could extendthis framework to considerrelationshipsamongarbitrary setsof arguments,assumingconstant
individualSince
form
the
for
to
method.
the
original
projected
version
of
an
a
arguments
remaining
values
centrednessof the object model typically results in methods with few arguments,we restrict our attention to
the casesabove,though the inductive processis easily adaptedto theseprojected forms. In induction, method
form
(molecules)
literals
introduces
the
which are addedto a
of
new
concerning
rules
metaknowledge
specific
constructedquery. A summary of method metaknowledgeis presentedin table 3.1.
We have already consideredmetaknowledgein the form of signaturemolecules. Since method signatures
are an inherent part of F-Logic, the model theory and proof theory describing their interaction with deduction
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Declaration
method (co, m, a, t, k)

fromcard(rl,

r2)*

Meaning
Method declarations
Specifies a method index k, for method m, operating on objects of class
(cn, m)] taking
co, with argument specifications a= [cm (cl, mi ),
cm
...,
classes c; and modes mi. Additional declaration tags appear in the list t.
Multiplicity
For a set of literals matching the enclosing method,
the number
n(rl,

tocard(r3, r4)*

wellorder(L)*

partialorder(L)*
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of different

substitutions

for the inputs is in the range and

r2)

the number of different substitutions for the result is in the range (r3, r4).
Where a maximum is -, it is represented in the syntax by the symbol
inf.
Orders
Well order. Defines that, for a method M, and L= [v1,..., v, ], the result-

ing well order <p is such that, for each v;, v; <p vj.
Partial order. Defines that, for a method M, and L= [vgl : v51,
...,
Vgn: vs] specifiesthat for each i, vgI <U vs,.

Metaknowledgeappearingas tags in the method declaration are marked with an asterisk(*).

Table 3.1: Method metaknowledgein CORLOG
is well-defined and has been reported in section 2.4.5. We begin by establishing some definitions regarding
coverageby signatureexpressions.
Definition 3.17 (signature-respecting feature). A feature C= Mo +- Ml,..., M is signature-respectingif,
I;,,,) -+ R;], there exists a matching method signature MS; of
for each M;, 0<i<n
of the form 0; [M;
the form Q;[M; (C;1,..., C;,,,) -- S;], such that each 0; is constrainedto be an instanceof the class Q;, each I;j is
constrainedto be an instanceof the class C;, and each R; is constrainedto be an instanceof the class Si. We say
that the method M; conforms to the signature MS;.
In the remainderof this section, we consider multiplicity and functionality constraintson the successset of
a method call given the possible successfulsubstitutionsof the arguments.We then continue the discussionof
constraintsby considering the role of metaknowledgein defining orderings over data expressions.Multiplicity
and order-yielding propertiesaredefined aspart of method declarations,which in practice serveto type methods
in the induction process. A method declaration is simply a ground fact in CORLOGdefining the relevant data
structures.
Definition

3.18 (CORLOG method declaration).

A CORLOG method declaration is a fact of the following

form:
M=

method(co,

m, [cm(cl,

m1),

..., cm(cn,

mn)],

[tl,
...,

tý], k)

where:

" The first three argumentsuniquely identify a method signature in the database.m is a method operating
on a host object of class co. Each argumentcm(ci, m;) is associatedwith a classc; from the databaseand
mi, equal to the symbol in or out, definesthe mode.
k is a unique number associated with the method, inducing an order over the set of all methods.
UNN£RSITY
OF BRISTOL

48

CHAPTER 3. CORLOG: A LOGICAL LANGUAGE FOR OBJECT-ORIENTED INDUCTION

Ci

Co

I1

01

i2

""02 02

12

i3

il : Ci. i2 : C. 13 : Cj.
i4 : Ci. 15 : C.
01 : Co. 02 : Co. 03 : Co.
04 : Co. 05 : Co.

03
03

13

14
i4

"

i5
15

04
05
05

c;[m

Co].

il [M' oi]. i2[m-4 ol].
i3[m'
i4[m
031.
i5[m
-i

--4 05].

03].

A bipartite graph representingthe mapping introduced by the method m betweenobjectsof the host object classc; and
objects of the output class c,. The relevant fragment of the program is shown to the right.
Figure 3.2: Multiplicity

of a data relationship, described using a bipartite graph

[t1,..., t1] is a list of atoms. Each element t; acts as a tag. The presenceof a tag in t indicates some
metaknowledgeproperty of the method.

"t=

3.4.2 Multiplicity and functionality
A commonly-used data relationship, both in database schemas and in ILP, is the notion of multiplicity on a
composition, or `part-of' relationship. A multiplicity relationship comprises two cardinality bounds, defining
describes
integers.
Booch
[11]
in
the
cardinality as the number of links between each instance
positive
a range
of the source class and instances of the target class. There is a bound on the source class (the from-cardinality)
and on the target class (the to-cardinality).
In the CORLOG framework, a composition takes the form of a method. A method maps a single host object
to a set of resulting successful output objects. This mapping can be visualised as a bipartite graph as in figure
3.2, mapping objects belonging to a source class c; to objects belonging to a target class co. It can be seen from
the graph that each ij maps to at most one ok, although there exist output values in ok which are mapped from
more than one ij. The cardinality of the association as it appears in the database is then described by the range
of out-degrees of nodes in c; and the in-degrees of nodes in co. Metaknowledge specifies appropriate bounds
on these values arising from the semantics of the data in terms of a multiplicity bound describing substitutions
for its input arguments and result substitutions r.

Definition 3.19 (multiplicity, cardinality constraint). For a given databaseD and a methodM, we define the
value OBD(i, M) as the number of successfuldistinct output substitutionsfor a tuple of input argumentsi under
the method M in D. Similarly, IBD(o, P) is the number of distinct input substitutions resulting in the output
argumento under M in D. A pair of multiplicity constraints
fromcard(rfrom,

(rto,
tocard
rfrom,
min,
max),
min,rto,max)

(3.8)
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specified in the metaknowledgefor a method M guarantees:
minOBD(i, M)

(3.9)

maxOBD(i, M)

(3.10)

rto,,,m

M)
minIBD(o,
O

(3.11)

rlo,,,..

maxlBD(o,
0

M)

(3.12)

rfrom,

n

I

rfrom, max

The maxima rf om,,
ax or
the maximum cois adopted.

>

1

may be set to the symbol inf, in which caseno maximum is set, or equivalently,

Example 3.20. The strictest boundspossible for the mapping in figure 3.2 are fromcard (1,1) and tocard(0,2).
In object modelling, the cardinality bound of each side of an associationis characterisedby the notation
a. .b for a from-bound a and a to-bound b, in which numbers(often 0 or 1) appearfor a and b specifying a single
value for the bound. n or * denotesthe absenceof a bound. The constraint adoptedextendsthesebounds by
modelling two 1-to-(n, n') constraintssimultaneously,for a rangeof valuesn to n' inclusive. We chooseinstead
to denotethe bound on each side of the multiplicity relationship by rfrom,man..
rfm,,,,,,, for the from-cardinality
bound and similarly for the to-cardinality bound.
Participation restrictions are a special case of multiplicity restrictions which are commonly defined in
databasemodels based on the entity-relationship model [15]. A participation declaration specifies whether
an association,here situated as a method call, is defined for each instanceof a class. Where each instanceof
a class results in a successfulmethod call, it is termed total. If a method call is not total, it is partial. In the
framework of cardinality declarations,a partial method call is representedwith a minimum to-cardinality of 0.
If it is total, the minimum to-cardinality is 1 (or more). Furthermore, multiplicity may be extendedto model
functionality of an associationor method. An association(i. e. method) may be declaredas having the property
functional or inversefunctional. In both cases,an attribute of each object of a given classacts the equivalentof
a primary key, providing a unique identifier for the object in the system (other than its object indentifier).
Functionality may be easily characterisedin terms of the multiplicity relationships as described. A method
M is functional if for every substitution of the input argumentsin M, such that the method succeeds,there
is a unique value returned from the method. This correspondsto specifying a to-cardinality bound of 0.. 1.
Equivalently, eachpossibleoutput value may be mappedfrom at most one tuple of input values. A to-cardinality
bound of 1 would further require that every possibleoutput value is mapped.Conversely,a methodM is inversefunctional if for every possible output value returned from the projection, there is a unique substitution of the
input argumentsin M. Similarly, eachpossible tuple of output valuesmaps to at most one output value, and so
a from-cardinality bound of 0.. 1 representsthis relationship. A from-cardinality bound of 1 requires that every
tuple of inputs producesa mapping. The notions of injection, surjection and bijection can also be conveniently
modelled, using to-cardinality boundsof 0.. 1,1.. * and I respectively.
Multiplicity relates to the concepts of determinacy and recall in ILP systems. For example, a method
defining a to-cardinality of m..n may only be repeatedat most n times in an induced feature for the sameinput
bindings. Similarly, a recall number of n in traditional ILP systemsbounds the determinacy - the number
of successfulsubstitutions given a set of input variables - of a predicate, and ensuresthey are not repeated
more than n times per set of input substitutions. Other forms of bias related to multiplicity exist in particular
ILP systems. We have discussedbefore the restriction of ILP searchesto clauses which are determinate. A
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clause h +-- b1,..., b is determinate if and only if for all substitutions 0 that ground h, there exists
at most
b0ß succeeds in the background knowledge B [29]. In the framework
one substitution ß such that b10ß,
...,
above, this assumes that each method has a to-cardinality bound of 0.. 1. Likewise, a predicate is said to be
functional if, for some rearrangement of its arguments, X=Y
<-- p(X1,..., X,,, X), p(XI,..., X,,, Y) [29]. Taking
this further, Flach [44] described INDEx, a system for inducing a set of generalised constraints of this form. In
it, a functional dependency is a clause of the form Y= Z+r(X, Y, Wl ), r(X , Z, W2) where V denotes a vector
of variables. The arguments taken by V and Z are then functionally dependent on the arguments taken by X,
corresponding to a method in the above formulation. Wt and WZthen are analogous to the ground arguments in
the projection of a method.
The legality of a feature with respect to its multiplicity
those literals which share the same method symbol.

metaknowledge is defined in terms of subsets of

Example 3.21. Consider the following method from a telephonebook database.
M= A[lookup -+ N], A: name,N: number

(3.13)

Assume the following declarations have been assigned to M: fromcard(0, *) (a person
may have any number
of telephone numbers, including none) and tocard(1,1) (each telephone number corresponds to exactly one
person) i. e. the from-cardinality bound is 0.. *, the to-cardinality
functional. For two literals M and M' appearing in a feature, if
M=
M'

=

bound is 1, and the method is necessarily

alice[lookup -+ 6841]

(3.14)

bob[Iookup -> 68411

(3.15)

then the inclusion of M' breaks the from-cardinality

bound. However, if

M=

X[Iookup --ý 6841]

(3.16)

M'

bob[Iookup --+6841]

(3.17)

=

then the inclusion of M' does not break the from-cardinality bound, since X could legally be substitutedfor
bob.
It could be arguedthat in the secondpair of literals, where X is substitutedfor bob, M becomesredundant.
However,the from-cardinality only ensuresthat the literal M is equivalentto testing that the variable X is bound
to the value bob. Accordingly, M and M' are not mutually redundant. Similar results follow for to-cardinality.
Having defined the multiplicity framework, and therefore the functionality framework, we are in a position to
define a clause in terms of whether it respectsa given multiplicity declaration
Definition

3.22 (multiplicity-respecting

feature).

Consider a feature F=

Mo <- M1,
M, which has no
...,
For a method symbol mi, let Li

duplicate literals and uses a set of corresponding method symbols
denote the set of literals using the method symbol mi. Let frommax, and tomaxi denote the maximum fromand to-cardinality bounds, respectively, of method m;. F is then multiplicity-respecting if for each m;:

" (from-cardinality). For each mi, among the subsetL' of literals in Li involving method mi, there are at
most tomax; literals in L' with the samesubstitutionsfor input arguments.
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. (to-cardinality). For each m;, among the subsetL' of literals in L; involving method m;, there are at most
frommax; literals in L' with the same substitutions for output arguments.

Observe that the definitions take no account of the minimum cardinality specification. This is because
the presenceof a minimum cardinality does not require a feature to include it. That is, the inclusion of an
associationis optional in a feature. The minima are not used in the inductive systemproposedin chapter6 and
thereforemay be omitted so that fromcard and tocard take one argumentonly. Secondly,by assumingthat there
are no repeatedliterals in the feature, literals with the sameinput argumentsnecessarilymap to different outputs.
We can therefore assumethat more than n repeatedliterals with the samesubstitutionsfor input argumentsmap
to n distinct output values, and where n>m for some maximum cardinality bound m, the feature violates the
multiplicity metaknowledge.Conversely,literals with the sameoutput argumentsnecessarilymap to different
input arguments.

3.4.3 Orderings over arguments
Orderings are an additional form of metaknowledge which may be imposed on classesof id-terms in the
database. For example, the set of integers under the less-thanrelation may be consideredto be ordered. In
the terminology of an object-oriented deductive database,a class of objects C (e.g. integer) is ordered by a
method M (e.g. that defined by the method signature integer[Iessthan(integer) = boot]. Orderings offer two
benefits for induction; firstly, they allow a more domain-specific form of refinement by replacing arguments
in method calls to give rise to a more specific method expression, and secondly, they allow the detection of
redundancyamong method expressionsin the samefeature.
Informally, orderings introduce the idea of some sequenceor arrangementof the elements of a set. We
identify two types of orders over a set, in terms of an abstractrelation -. A partial order does not necessarily
define whetherx-y for every pair of objects in the set. Well-ordersform a linear order, i.e. a set in which the
each element can be consideredto have a successorelement (though there need not be a predecessorfor each
element). Theseorders are specifiedas metaknowledgeaccording to the syntax shown in table 3.1.
The relation - can be considered to exist between two arguments in a method. A method which gives rise
to at least a partial ordering is termed an order-yielding method. Such methods are useful because they can be
linked to orderings over method calls which exhibit subsumption properties. A simple example might is M=
Consider a query which, when executed for each individual
X[Iessthan(Y) -> true], which succeeds if X<Y.
in the database, returns a set of bindings for some variable X of type integer. By adding a method expression
which grounds Y to some constant term y in M, we test the values of each X-binding. A method expression
Ml = X[Iessthan(y) -+ true] then succeeds for fewer examples than an expression M2 = X[Iessthan(y') --+ true]
where y< y' for ground y and y'. M2 thus subsumes M1, and M1 is a stricter expression than M2. In general, a
method expression Ml is stricter under an order-yielding method M than another method expression M2, where
M3 and M2 share a host object 0 of class C, if Mt is guaranteed to succeed for a subset of fewer host objects
0 than M. An strictness or subsumption ordering is thus defined over methods in M, following directly from
the transitivity property of orders. We consider two forms of methods. Mt takes two inputs, whereas M2 takes
a single input and produces an output.

Proposition 3.23 (subsumption of order-yielding methods). For any methodM1= X[m(Y) --i z] (host input)
[m
Y]
X
Y
(host/output)
is
C,
M2
that
order-yielding
and
which
such
and
are
of
class
and someground
or
=X
-º
term z,
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Declaration
sc:: c
abstract(c)

disjoint([cl,..., ca])

Meaning
Class hierarchy
subclass expression
Abstract class
states that ac may not be instantiated
Dimensional inheritance

Denotesthat no object may belong to any pair of classesin c,.
Table 3.2: Class metaknowledgein CORLOG

" For methods of the MI pattern, (i) X[m (y) -" z] is subsumed by (is stricter than) X[m (y') - z], wherever
y[m(y') -" z]; (ii) y'[m(X) -p z] is subsumed by (is stricter than) y[m(X) -* z], wherever y[m(y') -+ z].

For methods of the M2 pattern, (i) X[m --+y] is subsumedby (is stricter than) X[m -* y'], wherever
X],
X]
by
(is
(ii)
is
than)
stricter
y[m
y'[m
subsumed
wherevery[m -4y'].
y[m -+ y'];
--+
-+
Featuresare refined (made more specific) by replacing a method expression,with a stricter one basedon
an associatedmethod M. Since literals representconditions on the bindings of variables,this reducesthe set of
objects for which the method succeeds3.Such methodsare known as refinable methods,which are formalised
as follows:
Definition 3.24 (refinable method, least refinement). A data expressionMi = 0[M(11i..., 1) -> R] is refinA
MI
M.
Ml
M
that
if
matches
of
such
refinement
produces
signature
there
method
exists a order-yielding
able
by
3.23.
is
MI,
A
least
but
M
M2
to
data
according
proposition
subsumed
which
refinematching
expression
a
for
is
data
but
M3
M2
M
data
there
Ml
no
expression
which
matching
matching
a
expression
produces
of
ment
M such that MI subsumesM3 and M3 subsumesMz.
The requirement to match with M defines a subsumption hierarchy over the set of possible arguments
for
in
defining
<M
M
the
MI,
substitutions
over
variable
arguments
an
ordering
the
equivalently
of
method
such that, for example, for any two method calls with identical host object and output substitutions, M; with
argument substitution x; and Mj with argument substitution xj, the set of solutions of 0 for M, is guaranteed
to be a subset of solutions for Mj with respect to the implied argument ordering x; <M xj. The assertion
wellorder([vi,..., va]) appearing in a method declaration states that where <M is a wellorder underlying an
method in M, i. e. for each v, appearing before each vj in the list, v; <M vp The assertion
partialorder([vgl : vs1,..., vgn : vs]) states that where <M is a partial order underlying an order-yielding method
in P, for each i, vg, <M v,,.

order-yielding

3.4.4

Class metaknowledge

There are two forms of class metaknowledgeexploited in our object model. We consider firstly metaknowledge which concerns individual classes, and secondly metaknowledge which elaborateson the inheritance
relationship betweentwo classes.For the former, we consider abstractclasses,and for the latter, the notion of
dimensional inheritance. We considereach in turn. Table 3.2 summarisesthis metaknowledge.
An abstract class is a class which is designed to be treated as a superclass; no object in the system is a
direct member of an abstract class, but instead classes inherit from abstract classes. They are used to represent
3Notethatsuchrefinements
requiresubstitutionof groundid-termsfor othergroundid-termsandis thereforenot considered
a substitutionasdefinedpreviously.
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type [total,disjoint]
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function [partial,overlapping]

manager

truck

secretary

sales

status [total,disjoint]

II
permanent

contract

Figure 3.3: An example of dimensional inheritance
interface or partial implementation which is sharedby a number of other classesvia inheritance. Alternatively,
abstractclassesmay be usedas mixin classes,defining extra functionality to existing classes.The opposite of
an abstractclass is a concreteclass, i.e. a class for which objects may be instantiated.
A classC is assertedto be abstractwith the fact abstract(C). The notion of abstractclassesare of most usein
indeed
a
clause,
and
clauses,
although
a program or database,may be said to be abstraction-respecting
refining
if it contains no ground instancesof a class which is abstract.
Disjoint and dimensional inheritance places restrictions on the set of inheritancerelationships from a specific class C in the databaseto a set of its subclassesC. A family of theserelationshipscan be defined in terms
of the disjointnessand totality of the inheritance.
3.25 (disjointness, totality).

Where the relationship between C and C is total, each object of class
C must also be an object of at least one of the subclasses C. If a relationship is not total, it is partial. Where
the relationship between C and C is disjoint, an object must be of at most one of the subclasses C. If this is
not true, the relationship is overlapping.

Definition

Disjoint and overlapping inheritance is a common databasemodelling feature which grew out of a desireto
integrate inheritance semanticsinto the original entity-relationship model [ 15] of databasemodels, one of the
basesfor object-oriented databasemodels. The extended entity-relationship model [136] included provision
for total disjoint and overlapping generalisation.
Observe that it is sufficient to cover these casesby declaring classesas abstractand/or disjoint. We may
reformulate the notion of disjointnessby defining a set of classesC= {c1, ..., c, } to be disjoint with the metaknowledge declaration disjoint[cl,..., c1] This meansgiven any pair of classes(ci, cj), c; E C, cj E C, c; 0 cj,
instance
be
an
of both c; and cj, including its subclasses.For a set of subclasseswith a common
may
no object
is
by
totality
assured
setting the superclassto be abstract.Where it is not, the relationship is partial.
superclass,
Disjointness may be specified by setting the set of subclassesto be disjoint. Where this is not specified, the
relationship is overlapping. Note that this schemefor specifying dimensional inheritanceis more flexible, since
subsetsof the subclassesmay be specified disjoint.
Figure 3.3 illustrates two class structures which are constrained by dimensional inheritance. Classesare
denoted by rectangular boxes and discriminators by ovals. Inheritance relationships are denoted by arrows.
The superclassvehicle has two subclassescar and truck. The inheritance is mediatedby a discriminator type.
type is total and disjoint, and so each instanceof vehicle must therefore be an instanceof car or truck. The
vehicle class then abstractselements of the implementation common to car and truck, such as the number
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plate. car and truck then add elements specific to cars, such as the number of passengers,and truck, such as
the number of axles or tonnage. The secondexample shows two discriminators working together. In it, an
employeemust be either permanent or contract according to the discriminator status, but an employeemay be
any of manager,secretaryor sales,or indeed,none of them. The superclassvehicle is then abstract,while the
partial constraint on the discriminator function meansthat employeeis not abstract.
Returning to the reformulation of this approach to the use of metaknowledgedeclarationsusing abstract
and disjoint classes,we define what it meansfor a feature to respectclassmetaknowledge.
Definition 3.26 (abstract- and dimensional-inheritance-respecting
feature). A feature F= Mo +- M1,
M,,,
...,
is abstract- and dimensional-inheritance-respecting
with respect to abstract class declarations of the form
abstract(al) to abstract(a,, ) and disjoint class declarations of the form disjoint(di) to disjoint(dk) if for each
variable V in F belonging to a non-empty set of classes Cv, it holds that (i) where a class in the conjunction
Cv is a member of some d;, no other class in Cv is a member of d; also. (ii) no class in the conjunction Cv is
declared abstract with a declaration abstract(Cv).

3.5

Conclusion

This chapter has presented CORLoG, a language suitable for mining deductive databases expressed in the object
model, in which each individual is represented by an object taking a class, and each class has methods defined
on its data. The clausal language has three main aspects. The first is the object part, in which new variables
are introduced by calling typed methods on variables already in the clause according to type safety constraints.
The second is a constraint part, which tags terms with classes, which restrict the values which variables in the
clause may take. The third part is meta-knowledge about the classes and objects, which define the validity of a
clause and inform feature construction during learning in using extra declarations in terms of the object model.

We therefore view object deduction and induction as being a constrainedversion of their first-order counterparts, the first form of constraint being the class constraint and the secondthe validity imposed by metaknowledge in the database.Adopting such an approachintroducesa strong bias. In particular, the requirement
for each method call to take a host object presentsa form of the individual-centred representation,providing
a practical trade-off between expressivity and the size of the searchthrough the hypothesis space,while still
allowing reasoningand induction in data which naturally forms inheritancehierarchies.
In particular, the adoption of the object model provides a number of interacting modelling constructs,which
feature.
Principally among these are the
typically
on
a
or
restrictions
valid
as
constraints
are
characterised
introduction of a class hierarchy and object membership to classes,in which taxonomies of objects can be
determined
for
be
define
declarations
to
a
method
expression
can
which
argument
which
method
expressed;
be type-validity; the abstraction of structure in parameterclasses;and a family of metaknowledgerestrictions
on methods,defining additional forms of redundancyand subsumptionwhich can be exploited by the learner.
Together,theseconstructsclosely define the data model and the behaviourof the method expressionswhich are
valid in the hypothesislanguage.Through this, CORLOGintroducesclose restrictions on the hypothesisspace.
In the next chapter we build on the languagebias introduced by the object model, to consider approaches
to induction in CORLOG and their implementation in an ILP system by introducing structure and a search
method over the spaceof CoRLoG features,leading to an inductive processinformed by the metaknowledge
declarationsdefined in this chapter.

Chapter 4

Induction in object logic
The previous chapter considered reasoning in a logic constrained by the object model, describing a method
of deduction. In this chapter we build on these definitions in order to develop techniques that support induction in the object model, and in particular propositionalisation, the approach to inductive logic programming
considered in this thesis. In section 4.1, we firstly review general approaches to the task of inductive logic programming in section, specific settings for ILP and the ways to impose a generality structure on the hypothesis
space. In section 4.2, we then consider means of traversing this structure, with a particular focus on the process
of refinement. We then move to the specific case of induction in CORLOG in section 4.3, considering forms of
generality and refinement techniques specific to the object model introduced. In this way, we present a means
of performing ILP for object-oriented data mining. Section 4.4 concludes.

4.1

Inductive logic programming

Induction is the learning of a general theory from specific examples, aiming to find general properties from
specific instances of those (as yet unknown) properties. It is therefore the dual of deduction, which generates
specific examples given a general theory. Induction has been a topic of inquiry for centuries and is often seen
as a main source of scientific knowledge [I I I].
Example 4.1 (Induction

of rules concerning measles [111]). A good example of induction is given in [111]
in which a hospital's records provide examples from which we want to find general rules concerning which
symptoms indicate which diseases in patients. These rules tell us general patterns about everyone in the hos-

pital's records. Consider the case where it is known that every patient in the hospital has fever and red spots
suffers from measles, the general rule `if someone has a fever and red spots, he or she has measles' might be
inferred. Similarly, if every patient diagnosed with measles also has red spots, we can infer the rule `if someone
has measles, he or she will have red spots'. Such rule learning can be supplemented by background knowledge
relevant to the learning task. Each patient suffering from measles may be infected by a virus a or b, and no
patient with virus a or b has measles. Furthermore, both virus a and b belong to a virus family c. With the aid
of this background knowledge, the two simple rules consisting of 'if someone is infected by virus a, he or she
has measles' and the same for virus b can be replaced with the stronger rule `if someone is infected by a virus
x from a family c, he or she has measles', which has more predictive power.
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In inductive learning, we are given a set of observations, and, together with a body of background knowledge, we wish to find a theory which generalises those instances. The role of the background knowledge in the
inductive learning process is pivotal. The study of inductive learning with respect to background knowledge
came about from the realisation that the goal of artificially intelligent systems - to learn from experience and
learn and adapt from situations it encounters
degree
inductive
required
a
of
power. The inclusion of ground
examples without background knowledge limited this power in terms of the strength of knowledge which could
be inferred. The natural incorporation of background knowledge in inductive systems incorporating logic
saw
a great degree of interest in logical induction in the field of artificial intelligence. As a result, logical techniques
to inductive learning grew, alongside a wide variety of non-logical machine approaches to induction, such as
neural networks and genetic algorithms. The formalisation of induction for clausal logic was introduced as
early as 1970, when the first work on the normal ILP setting was done by Plotkin [113,114,115],
in which
examples as ground clauses were generalised by computing their least general generalisation. Similar work on
least general generalisations was undertaken by Reynolds [ 118] at the same time. This early work
provided the
framework of 9-subsumption for decidable testing of entailment and structuring between hypotheses, leading
to the adoption of clauses for expressing examples, background knowledge and induced theory. Accordingly,
many ILP systems have adopted the general-purpose logic programming language Prolog as a computational
and representational basis.

Concept learning is an example of a logical approachto induction [96]. In it, a generaldefinition of some
concept is inducedfrom a setof exampleslabelled asbelonging to or not belonging to the concept.By searching
through a space of hypothesesdefined by some representationlanguage and languagebias, a hypothesis is
chosenwhich best fits the examplesgiven. The representationlanguageand languagebias thereforedefine the
set of hypotheseslearned.

the hypothesisspace-

which can be consideredby the ILP systemand thereforecan be

Muggleton [108] defined the field of inductive logic programming (ILP) as the intersection of machine
learning
branch of artificial intelligence which studies learning
logic
the
and
programming. Inductive
logic programming (ILP) has become considered as the task of concept learning where the representation
language is Horn clausal logic, the basis for logic programming languages such as Prolog. Nienhuys-Cheng
logic
framework
the
language
for
deWolf
the
[111]
that
adoption
of
clausal
as
a
representation
argued
and
observations, background knowledge and induced theories has a number of important benefits. The basis of
logic means that a well-developed body of concepts, techniques and results from mathematics can be applied
to inductive logic programming. Logic also provides a unified and expressive means of representing the three
ingredients of examples, background knowledge and the induced hypotheses. Finally, results expressed in logic
are more easily interpreted by humans.

Sincehypothesisspacesin logic programming representationscan potentially be very large, it is impractical
to test eachhypothesisindividually. JLP systemsthereforeperform a searchover a hypothesisspace,necessarily
defining a generality ordering over the hypothesisspaceand a meansof searchingthrough the spaceusing this
ordering. Many inductive logic programming approachesand techniquesexist today, for different choices of
the representationlanguage,bias, the ordering of the hypothesisspaceand the method of searchingit, and these
choiceshave relied on different formulations of induction.
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4.1.1 Common settings
We study the process of machine induction in terms of its learning task, starting from a general formulation
and refining it to a more specific, inductive setting. We study machine induction, and particularly inductive
logic programming, as a specific example of a data mining technique. Accordingly, we consider the following
definition of a data mining task, due to Mannila [91 ]:

Definition 4.2 (the task of data mining [91]). Given a hypothesislanguageL, a data set D, and an interestingnesscriterion Q, the task of data mining is to find the set of hypothesesT(L, D, Q) = {h E LIQ(h, D) is true}.
T thereforerepresentsthe set of hypothesesin the languagewhich are consideredinteresting. We may refine
the task to find all thesehypothesis,or a subsetof T, or simply one of them. The choice of the Q criterion is
left deliberately open and may be defined as a wide variety of possible criteria, for examplewhether a threshold
on accuracy is reachedby the hypothesis or the number of examplescovered. In adopting an ILP approach,
we place restrictions on the form of L and D, namely that they should be expressedin a first order logic, such
as the typical first-order Horn clausal logic employed in ILP or the CORLOG framework. The adoption of a
languagebias and metaknowledgefurther restricts L.
This definition of data mining, however,missesa numberof key aspectsof the inductive logic programming
task, omitting the role of both backgroundknowledge and logical implication. We thereforeadopt more specific
definitions from the ILP literature to cover logical inductive learning. We arrangethesetasks into a collection
of common learning settings. Such settings naturally divide along a number of principal features, the two
most recognisedbeing the difference betweenpredictive and descriptive induction, and the choice of example
representation. We consider each before adopting one for the approachtaken in this thesis. For more detail,
the reader is referred to the general comparison given in the tutorial introduction [48] and also to an earlier
comparisonin [94] in which conceptual inductive learning is separatedinto concept acquisition tasks (learning
from examples)and descriptive generalisations(learning from observations).
Predictive vs. descriptive ILP

Predictive induction is the induction of hypotheseswhich discriminate between individuals tagged with different classlabels. As such, predictive induction is associatedwith supervisedproblems in machine learning such
as the learning of classification rules [ 117,105,101 ] and decision trees [ 10] or regression[59]. On the other
hand, descriptive induction aims at the detection of regularities in a set of exampleswhich do not possessa
class label. Descriptive induction is therefore most similar to tasks learning from positive examplesonly, such
as clustering [68], the learning of clausal theories [31] and associationrules [36,47], and subgroup discovery
[140]. Flach and Lavra6 [48] formalise the learning tasks of predictive and descriptive induction. Firstly, predictive induction is a discriminative task, and as such, takes place with respectto a set of positive and negative
examples,betweenwhich we wish to discriminate. We use the conditions of completenessand consistency.
Definition

4.3 (predictive

induction

[48]). Let PF and NF be sets of ground facts over a set of foreground
predicates F, called the positive examples and the negative examples, respectively. Let TB, the background
theory, be a set of clauses over a set of background predicates B. Let L be a language bias specifying a
hypothesis language Hj over FUB (i. e., a set of clauses. A predictive ILP task consists in finding a hypothesis
HC 9{, such that

58

CHAPTER 4. INDUCTION IN OBJECT LOGIC
VP E PF,TBUHp.

Where this is true, we say H is complete.

Vn E NF, TBUHn.

Where this is true, we say H is consistent.

If H is both complete and consistent,we say H is correct.
For descriptive induction, classification is no longer the aim, and the notions of positive and negative exampies no longer exist. Instead, we aim to find a hypothesis which is true for all examples.
Definition

4.4 (descriptive ILP [48]). Let E be a collection of evidence and let mE be a model constructed
from E. Le L be a language bias specifying a hypothesis language 7/i. A descriptive ILP task consists in

finding a hypothesis HC
axiomatising mE, i. e., H is true in mE (the validity condition) and `dg E 5f,: if g is
(the completeness condition).
true in mE then H=g

7

Definitions 4.3 and 4.4 relate to definition 4.2; the hypothesis language L in definition 4.2 corresponds to
in definitions 4.3 and 4.4. Similarly, the data set D is represented by PF U NF in the former and E in the

latter. The quality criterion Q is correctness in the former and validity and completeness in the latter. A further
common requirement on H appearing in alternative definitions [ 104,87] is that the valid hypothesis H should
be maximally general, i. e., that no proper subset of H is valid and complete.
Learning from interpretations
Discussion so far has made the assumption of a uniform representation language for the examples, background
knowledge and induced hypotheses. In some ILP settings such as that of de Raedt [29], the representation
language for the examples (4) may be different from the representation language for the induced hypotheses
41. Decoupling these two
Examples are covered by a hypothesis under a coverage relation cC4x
representation languages permits the separation of ILP techniques into one of two prevalent approaches. In
learning from entailment, 4 is the language of clausal theories (sets of sets of clauses) and f, is the language of
(4).

clauses. (h, e) Ec if h

e, i. e. the hypothesis h logically entails the example e. In learning from interpretations
[33],
the language of clausal theories, but f, is a language of Herbrand interpretations - the set
remains
.4
of ground atoms constructed with the predicate, constant and function symbols in the alphabet, representing
possible worlds by explicitly specifying all true facts in that world, meaning those which are not stated are
taken to be false. Then, (h, e) Ec if e is a model for h2 The interpretation is then the set of all ground facts
describing a particular example, and coverage may then be implemented by a simple Subsumption test. A good
further comparison of these and other settings is given in [31 ], which applies learning from interpretations to a
descriptive ILP task.

Helft [55] strongly influenced the study of learning from interpretations with his non-monotonic setting.
The assumptionthat anything not specified is false is known as the closed-world assumptionwhich assumes
that the given description of the world is not only true, but complete; it contains all information concerning the
world [111]. On the other hand, in the non-monotonic setting it is assumedthat all observationsare completely
specified. Furthermore, whereasin the usual setting an acceptablehypothesisH is such that it implies all the
imply
in
if
in
H
E
(and
to
the
not
examples
setting,
were
examples
non-monotonic
possibly other examples),
1De Raedt points out that in some sitations, the use of a relation may be too restrictive. Where probabilistic or regressionmodels are
used,using a real number to representcoveragewould be more appropriate.
2A HerbrandinterpretationI is a model for a clausec if and only if for all grounding substitutions0 of body(c)0 CI
(c)B nI 34
head
c,
-+
0 [311
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E, H would no longer be valid, since theseexampleswould falsify the hypothesis under the non-monotonic
setting. H must therefore hold for all E, leading to a stronger validity requirement and more conservative
properties. Non-monotonic semanticsare among thoseDe Raedt and Dehaspeargueare suitablefor descriptive
induction from interpretations [31]. A good comparison betweenthe settings following from the normal and
non-monotonic semanticsis given in [104].
Briefly, we draw a distinction between batch and interactive learning in ILP. Batch learning assumes that
all the examples are given at the outset, and may therefore apply statistical tests on the full example set and
detect and reduce noise or other undesirable properties. Incremental learners, on the other hand, accept examples which are given one at a time. During learning, the learner adjusts its theory so that it it matches the
examples given so far. Interactive systems [27], which are usually incremental, take this process one stage
further, and can pose questions to the user in order to construct further examples during the search. Lavra6 and
Dleroksi introduce interactivity to previously-discussed settings by adding a current hypothesis 5!, a (new)
labelled example e, and an oracle (the user) willing to label examples as positive or negative and possibly other
information such as the validity of generalisations which it produces. Clauses are added and deleted to form
H'
hypotheses
to make it correct, possibly shifting bias in the process. The early MIS system of Shapiro
new
[ 128] employed the interactive setting, and the later CLINT [32] system uses integrity constraints in order to
maintain a set of hypothesis languages, moving between them during search. In this thesis, we consider only
batch learning.

The normal ILP setting

As noted by Lisi [87], the combination of thesetwo commonly-adoptedcategorisations descriptive vs. predictive and useof entailment vs. interpretations- for inductive logic methodsleadsto four logical frameworks
for ILP. Of these,by far the most prevalent in the literature is predictive ILP learning from entailment, which
has come to be known as the normal problem settingfor ILP. It is this setting which is adoptedfor study in this
thesis and adaptedto the object model. The normal ILP setting is succinctly defined by Nienhuys-Chengand
de Wolf [111] as follows:
Definition 4.5 (the normal ILP setting [111]). Given a finite set of clauses B (background knowledge), and
sets of clausesE+ and E- (positive and negative examples),find a theory E such that EUB is correct with
respectto E+ and E-.
Note that this definition is restricted to problems of two classes, whereas the general predictive task concerns
only the existence of different class labels. We may adapt the definition by, for example, considering onein
learning,
which a prediction problem with k classes is reduced to k two-class problems. For
against-all
a different class ck in each k, examples of class ck are adopted as the positive examples and all remaining
examples are adopted as the negative examples.

4.1.2 Structure: Ordering hypotheses by generality
A naive approachto induction would involve constructing all possible hypothesesin the language L and determining for each whether the quality criterion Q applies. For the large, expressivehypothesis spacesused in
ILP, the cost of checking Q for each hypothesis is often too great. Inductive logic programming is therefore
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performed in a structured hypothesis space,both to guide a searchfor T in the hypothesis spaceand to exploit propertiesof the chosenQ in order to determine which subspacesof the hypothesisspacemay be safely
ignored, or pruned, in this search.
Inductive logic programming techniques have in common three principal ingredients. Firstly, some kind
of structure over the space of hypotheses is adopted. Typically this structure is a preorder
testing whether
a hypothesis is more general or specific than another. -< is a pre-order over the set of hypotheses S if, for all
hES,

h -< (reflexivity)

and for all h, h', h" E S, if h -< h' and h' -< h", then h -< h" (transitivity). Secondly, a
systematic and efficient means of searching the space structured by S is adopted. While the structure defines
comparability between two hypotheses, the search method typically generates a new hypothesis h' given an
existing hypothesis h, such that h -< h' under the ordering. Thirdly, appropriate means of enforcing bounds
on the search are defined. In many cases, searches may be overly complex or the hypothesis space may be
infinite. Bounds enforce stopping criteria for searches, often in terms of some syntactic restriction on the
hypotheses being searched. We consider these ingredients separately in our general discussion of inductive
logic programming in sections 4.1.2,4.1.3 and 4.1.3. We then consider specific approaches for CORLOG in
sections 4.2 and4.3.

The most common meansto structure hypothesesis according to a generality relation. This relation comparestwo hypothesesin termsof the examplesthey cover in the dataset.We define the coveragerelation c(h, D)
as the subsetof the example setD describedby the hypothesish. Where learning is from entailment,recall that
c(h, D) = {e E Doh = e}. Since the coveragerelation is a relation over Li, x 4, we may extend this concept
from a specific databaseD to the languageof examples4, defining c(h, 4) as the set of possible examplesin
4 coveredby a hypothesish. We abbreviatethis so that c(h) = c(h, 4). From this, we can define a generality
relation in terms of c as follows:
4.6 (more general than, specialisation, generalisation, proper generalisation). A hypothesis h
at least as general as a hypothesis h' for a data set D, denoted h h', iff c(h') C c(h). If c(h') C c(h), we say h
is more general than h', denoted h >- h'.

Definition

The generality relation described is a pre-order over L, since it is transitive and reflexive. It is, however,
not a partial order, since it is not anti-symmetric, i. e., it is not the case that where h >- h' and h' >- h, we have
h-

h', since a number of (possibly unrelated) hypotheses may cover the same examples. These hypotheses are

termed syntactic variants.
In learning from entailment, the definition of generality in terms of the covering relation c directly is such
h' with respect to background knowledge B. Introducing this generality
that h >- h' if and only if hAB
ordering over hypotheses then links the logical framework of entailment to the common and well-studied notion
of searching a space of hypotheses. We have seen in the previous chapter that a number of possible syntactic
deductive operators, denoted I-, may be chosen to implement the semantic notion of entailment, denoted =.
These deductive operators give rise to syntactic generality orderings over the space of hypotheses. We denote
these syntactic orderings >, by analogy with the semantic ordering }, and denote by h> h' that a hypothesis h
is as least as general ash' under the ordering >. By analogy with resolution procedures, generality orderings are
h' --+ h> h'. In this section, we review some of
h' (h h') and complete if h
said to be sound if h> h' -+ h
the main syntactic generality orderings > adopted in ILP systems. We introduced the concept of O-subsumption
[ 113] in chapter 3. We denote the order introduced by 8-subsumption as >e.

Definition 4.7 (9-subsumption). Recall from chapter 3 that a substitution 0= {V1It1,..., V/t}

is an assign-
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ment of termst; to variablesViand that applying 0 to a term, atom or clauseA yields A9, in which all occurrences
of V; in A are replacedby t;. For atoms,a >e a' if there is a0 such that a6 = a'. For clauses,h >e h' if there is
a0 such that hOC h'.
6-subsumption is sound but not complete for recursive clauses. 0-subsumption tests tend to be rather computationally expensive; testing two clauses for 8-subsumption is NP-complete. A-subsumption introduces syntactic variants. Accordingly, when working under 6-subsumption, clauses are frequently reduced, removing
those literals subsumed by the other literals, in order to result in a representative of a set of equivalent clauses
up to variable renaming. In [ 113], Plotkin shows that if for some 0 and a clause C, if CO C C, there is such a reduced clause DC CO such that C subsumes D. However, the complexity of subsumption checking is determined
by the number of literals, and so reduction makes clauses more tractable.

The object identity bias may be imposed on 9-subsumptionto obtain OI-subsumption [40], a restriction of
6-subsumption. In this, it is assumedthat two distinct terms in a clause are not equal to each other. Clauses
are assumedto be function-free under OI-subsumption. We denotethe order introduced by OI-subsumption as
>_o1.
4.8 (completion,

01-subsumption

[40]). A function-free clause h is completed, denoted com(h)
by adding a new set of literals of the form t# t' where t and t' are distinct terms (variables or constants) in h.
A clause h O1-subsumes h', denoted h >O1 h', if there is a substitution 0 such that com(h)0 C com(h').
Definition

The extra constraints added by completion mean that if h 01-subsumes h', then h 9-subsumes h', but the
converse is not necessarily true. Furthermore, the equivalence issues of A-subsumption no longer hold; h and h'
01-subsumption
(h >o1 h' and h' >oi h) only if they are variable renamings of each other.
under
equivalent
are
We will see in the next section that OI-substitution simplifies the search space and results in several desirable
properties. However, the additional implied constraints mean that testing subsumption may be more expensive,
since the clauses must be necessarily completed before the test. Furthermore, executing completed clauses is
computationally more expensive than their uncompleted counterparts.
A drawback of 8-subsumption and OI-subsumption comes from the fact that they define syntactic relationindividual
do
further
background knowledge into account, providing
take
two
clauses
and
not
among
ships
purely syntactic approaches to generality ordering. A number of generality orderings have extended the notion
include
background knowledge. Inference rules of the form h F- h' derive the subsumpA-subsumption
to
of
tion condition in 9-subsumption and its variant 01-subsumption. Approaches taking into account background
knowledge instead derive their conditions from hUB I- h', for a background theory B, and allow more subsumption relationships to be taken into account. Each ordering therefore is associated with an approach to deduction.
Some of the metaknowledge and elements of the object model introduced in chapter 3 can be incorporated in
such a way.
We briefly review some approaches to incorporating background knowledge in generality orderings in the
remainder of this section. The earliest approach to background knowledge in subsumption came with Plotkin's
relative subsumption [114,115]. We denote relative subsumption with respect to some background knowledge
B as >RS,B. Firstly, observe that if h >e h', then =V(hO -+ h').
[115]). For two clauses h and h', h subsumes h' relative to B, denoted
h >RS,B h', if there is a substitution 9 such that B= V(hO -+ h').
Definition

4.9 (relative subsumption
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Equivalently [114], h >RS,B h' if and only if there exists some h" such that B V(h" - h') and h >e h".
Relative Subsumptionis reflexive and transitive and is therefore a pre-order. Furthermore,it is strictly stronger
than 6-subsumption [I I I]. h >RS,B h' may also also defined in terms of deduction; it holds where there is a
deduction of h' from hUB in which h only occurs once in the derivation, as a leaf.
Buntine's generalised subsumption framework [13,14] is a special case of relative subsumption. It
takes a definite program B as background knowledge and applies a model-theoreticapproachto incorporating
background knowledge. We denote generalisedsubsumption with respect to B as >cs, B. For two definite
clausesh and h', h is more generalthan h' under generalisedSubsumption,denotedhere h >GS,B h', if the set
of atomscoveredby h is a supersetof the set of atomscoveredby h' with respectto a Herbrand model I of the
background knowledge B, where h covers an atom a under I if there is a grounding substitution 0 for h such
that he's body is true under I and hO'sheadis a. More formally,
Definition 4.10 (generalised subsumption [14]). For two definite clauses h and h', h subsumesh' under
generalisedSubsumptionwith respectto B (denotedh >GS,B h') if for every Herbrand model M of B and every
ground atom a such that h' coversa under M, we have that h coversa under M.
Observe that if h >e h', h >GS,B h'. Like relative subsumption, generalisedsubsumption is reflexive and
transitive and is therefore a pre-order. However, relative subsumption (>RS,B) is strictly stronger than generif
deduction
is
D
is
Generalised
(_>cs,
to
a
clause
a
related
closely
subsumption
alised subsumption
B).
binary resolvent of two clausesstandardisedapart, C and E, then C >GS,E D. Becausethis is true, h >GS,B h'
iff there is an SLD-deduction of h', with h usedonce in the top clauseand membersof B as input clausesduring
the deduction.
Up to this point we have consideredgenerality orderings which use subsumption. Finally, relative implication [111] useslogical implication instead.We denote relative implication with respectto B as >=, B.
Definition 4.11 (relative implication [111]). A clause h is more general than another clause under relative
knowledge B, i.e. {h} U
background
implies
h'
if
logically
h'
h
implication h', denotedh> ý=,
to
some
relative
B
B

h'. (and B ý=V(h) -+V(h')).

Again, it is a pre-order, being reflexive and transitive. If h >RS,B h', then h >ý=,B h'; relative implication is a
induction,
if
h>
h'
its
With
to
with
than
relationship
respect
ý=,B
relative subsumption.
strictly stronger pre-order
there exists a deduction of h' from {h} U B. Relative implication characterises implication as a generality order.
However, subsumption-based orderings are much more often used in preference to implication. Subsumption
is decidable between clauses while implication is not. More efficient approaches may also be implemented
implication
that
are
order
an
disadvantages
over
The
order
a
subsumption
of
adopting
using subsumption.
The
two
but
implication
clauses
Subsumption.
be
under
not
than
under
another
more general
a clause may
h= p(f(x)) «- p(x) and h' = p(f (f (x)) +- p(x) have this property. Under implication, h >=, B h', but under
0-subsumption, he
h'. These problems occur as a result of the presence of functors and relative clauses.
Therefore, in databases where recursion and functors appear, implication is preferred.

Lattices from orderings
Having defined orderings over the clauses, it is necessaryto impose some kind of traversablestructure over
them. We can use the ordering to arrange clausesinto a lattice structure, from which we can define search
in
4.1.3,
itself
in
lattice.
We
discuss
and
desirable
traversal
section
the
terms
this
of
methods with
properties
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introduce key conceptsof lattices here. Each order reviewed above is reflexive and transitive, and therefore
define a pre-order. A set equipped with a pre-order is called a pre-ordered set; the set of clauses with the
pre-order of the generality relation is an example of a pre-ordered set. We identify two useful properties of
pre-ordersfor hypothesisspacesearch.Antisymmetric pre-orders are partial orders:
Definition

4.12 (partially

(for all x, yES, x>y

ordered set). A pre-order > on a set S, is a partial order on S if it is anti-symmetric
and y>x implies x= y). S equipped with > is a partially-ordered set, denoted (S, >).

On the other hand, symmetricpre-orders are equivalencerelations:
4.13 (equivalence relation). A pre-order - on a set S, = is an
equivalence relation on S if it is
symmetric (for all x, y E S, x-y implies y= x).

Definition

An equivalencerelation thus partitions S into disjoint equivalenceclasses.Considering the partially ordered
set in definition 4.12, we extend the notation to x>y (X,yE S) if x>y and y x. We say x and y are
incomparable if xy
and y x, and that x and y are equivalent, denotedx=y if x>y and y>x. The relation
is an equivalencerelation over the set S in definition 4.12. We denote by [x] the set of clausesequivalent to
x under -. Given a pre-order over S, a partial order can then be induced over the equivalenceclassesof S. In
the context of a hypothesissearch,theseequivalenceclassesare typically clauseswhich are syntactic variants
of each other. Accordingly, in ILP we usually consider pre-ordersof clauses,with a resulting partial order on
the equivalenceclassof clauses.Lattices are a kind of partially-ordered set which are of great use in searching
a hypothesisspace.
Definition

4.14 (upper bound, lower bound, lattice).

For a partially-ordered set (S, >_) and a subset S' C S,
an element x is an upper bound of S' if x>s for all sEY. xis a least upper bound (join, or supremum) if y>x
for all upper bounds y of S. An element x is a lower bound of S' if s>x for all sES. x is a greatest lower
bound (meet, or infimum) if x>y for all lower bounds y of Y. If for every pair of elements {x, y} E S, a least
{x,
bound
of
y} exists and a greatest lower bound xUy3 of {x, y} exists, then the partially-ordered
xfly
upper
set (S, >) is a lattice.
A subset S' under a pre-order may have multiple least upper bounds lub(S'). Where there are multiple least
upper bounds, they are equivalent under the equivalence relation. Similarly, multiple greatest lower bounds
are also equivalent. No lub(S') may exist, although in practice this can be excluded by introducing a greatest
element T and a least element 1. This introduces a lattice over S. Lattices give us a unifying framework for
reasoning about orderings over clauses in ILP. They take into account generality orderings, the equivalence of
syntactic variants, and the bounds correspond to generalisations (upper bounds), specialisations (lower bounds),
least generalisations (least upper bounds), and greatest specialisation (greatest upper bounds).

Before turning our attention to search,we consideran interaction betweenpropertiesof a generality ordering
> and the interestingnesscriterion Q which enables us to safely disregard subspacesas uninteresting. This
processis termedpruning and relies on the propertiesof monotonicity and anti-monotonicity.
Definition 4.15 (monotonicity, anti-monotonicity [29]). A quality criterion Q is monotonic if for all hypothesesh, h' E L, and all possibledatasetsD, if h h' and Q(h, D), then Q(h', D). Q is anti-monotonic if for h, h', D
as above,where h >- h', if Q(h', D), then Q(h, D).
3The lub is sometimesdenotedxVy and the glb denoted
xAy. We adopt the alternative notation to avoid confusion with the logical
conjunctive and disjunctive connectives.
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This definition is in terms of the generality relation r, though wherever Q is (anti)-monotonic in ý, it is for
any > such that h> h' -' h} h'. A search algorithm can use this property to disregard large areas of the search
space, since it follows from this definition that with respect to the database D, if Q is anti-monotonic (resp.
monotonic), and a hypothesis h does not satisfy Q(h, D), then none of its specialisations (resp. generalisations)
will. For example, we might define Q to be true if fr(h, D) >n for some n, where fr is the frequency of
examples in D covered by h. Such a criterion is anti-monotonic and h's specialisation need not be considered.
We adopt this quality criterion in the learner proposed in this thesis, but for a sample of examples from D.

4.1.3 Search: Refinement in a structured hypothesis space
Formulating ILP as a search problem over this lattice, we wish to introduce the notion of traversing the hypothesis space of clauses (cf. S) with respect to a generality ordering (cf >). Given an element xES, we wish to
define define the `next' element in this traversal of the lattice. This is done in terms
of covers of the element x.
The notion of a cover and set of covers is defined as follows.

Definition 4.16 (cover, complete set of covers). For a pre-orderedset (S, >), elementsx, y E S, and > defined
as above,x is an upward cover of y, and ya downward cover of x, if x>y and there is no zcS such that
A set of upward covers S,, is complete for an element yES if for all zES, z>y implies there is
x>z>y.
A set of downward covers Sd is complete for an elementyES if for all zES,
axES. such that z>x>y.
If S (resp. Sd) is finite we say y has a finite complete set of
y>z implies there is axE S such that y>x>z.
upward (resp. downward) covers, and the set has at least one element from each equivalenceclass of upward
(resp. downward) covers.
From this definition we considerthe notion of a set of minimal upper boundsand minimal lower bounds.
Definition 4.17 (minimal upper bounds, maximal lower bounds). A set of minimal upper bounds Su of
S' CS is completefor S' if for all upper boundszES of S there is an xE S'usuch that z >_x. A set of maximal
lower boundsS'dof S' CS is completefor S' if for all lower boundszES, there is an xE S'dsuch that x>z. If
S' (respSd) is finite, then S has a finite complete set of minimal upper (resp. maximal lower) bounds.
Traversingthis lattice of clausesthereforenecessitatesa meansof generatinga setof downward (or upward)
covers from a given clause. ILP is then framed as a searchover this lattice, usually beginning at T, the clause
with an empty body. In ILP, syntactic operatorsare applied to a hypothesis h to obtain a set of hypotheses
hi
h'. Each h; is then guaranteedto be such that h>h; for the generality ordering >, although there may be
, ...,
a h" such that h> h" not equal to any h;. Accordingly, the operatorsserveto approximatethe downward covers
of h. These operatorsare termed refinementoperators - those that return a set of specialisation are termed
downward refinement operators and those that return a set of generalisationsupward refinementoperators.
Refinementoperatorsinduce a refinementgraph, where there is an edgefrom h to h' if h' is in the set generated
from h.
Refinementoperatorshavebeena part of inductive logic programming since the very early work of Shapiro
[ 128], wherethey werediscussedasdownward refinementoperatorsonly. Sincethen, refinementoperatorshave
been very widely used in ILP systems. The definition of downward and upward refinement over a hypothesis
spacefollows from [I I I], defined for an ordering > over a pre-orderedset of hypothesesG with respectto a
hypothesislanguageL.
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Definition 4.18 (downward and upward refinement operators). Let (H, >) be a pre-orderedset. A down(H,
for
>) is a function p from L to 2L, suchthat p (h) C{ h' Ih >_h'}, for every hEH.
operator
ward refinement
An upward refinementoperator for (H, >) is a function 8 from L to 21,, such that 8(h) C {h'I h' > h}, for every
hEH.
Of interest in this thesis is downward refinement, corresponding to top-down ILP. We therefore focus on
downward refinement in the remainder of this chapter. We are particularly interested in downward refinemnt
operators which return the set of maximal specialisation of a clause. These are termed cover-refinement operators [30].
4.19 (cover-refinement

Where a refinement operator p has the following properties, it
is called a cover-refinement operator. For every hEL, p(h) is a set of maximal specialisation of h. p'` (T) =L

Definition

operator).

for T, the top elementof L and p*, the transitive closure of p.
There are many properties of refinement operators which are important to consider when defining p for
a particular generality ordering Among these, three properties are considered most important. We discuss
them informally, later introducing more mathematical definitions. Firstly, in order that we may compareeach
for
finite
be
for any h- we term this property local finiteness.
the
to
we
wish
p(h)
specialisation,
set
generated
Secondly,we wish that the refinementoperator is able to reach any specialisationof a clauseby a finite number
of successiveapplications of the operator. This property is called completeness. If there exists at most one
unique sequenceof applicationsof p, the operator is non-redundant.Finally, to avoid cycles in which equivalent
clausesare repeatedlygenerated,we wish each specialisationunder the operator to be a proper specialisation,
ie h> h' rather than h> h'. This property is known asproperness. Together,thesethree conditions define an
ideal operator. Unfortunately, ideal operators are not always possible unless under the simplest of generality
orders (i. e. over atomsonly); often the operator can only be shown to be finite and complete. Indeed, it can be
be
defined
for
full
ideal
that
cannot
operators
clausal logic or even Horn clausesunder subsumption,as
proven
finite complete sets of covers do not always exist, although syntactic restrictions can be applied to allow this
[111].
Since ideality is not always possible, optimality is often adopted as a desirable property of a refinement
is
in
An
operator
one
optimal
which the refinement graph becomes a tree in which each hypothesis
operator.
appears only once. Equivalently, for each h> h', there is one chain of applications of p through the refinement
tree from h to h'. Optimality is a property which leads to efficient searches through the hypothesis space, since
no hypothesis is generated more than once. Optimal operators therefore carry a notion of non-redundancy,
often employing additional orderings over atoms and literals and canonical or representative forms of clauses
in order to remove redundancies. Optimality is often studied in the context of cover-refinement operators.
for most generality pre-orders over clauses, optimal cover-refinement operators do not exist,
is
possible over atoms. In particular, it is noteworthy that Nienhuys-Cheng and
refinement
optimal
although
de Wolf state that optimal cover-refinement operators do not exist for any clausal language with predicate or
Unfortunately,

function symbols of arity 2 or more [111]. We therefore concern ourselves mainly with the notion of reducing
redundacy, within the more general setting of optimality.

The efficiency of ideal and optimal refinement operators is dependenton the density of solutions in the
dense
ideal
In
[8].
spaces
with
solutions,
search
refinement operators are more suitable, since
space
search
almost any refinementpath leadsto a solution. In such a space,an optimal operator may get close to a solution
but some non-redundancymeasuremay cause it to backtrack and miss the solution, even though the density
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of the searchspace would mean that even an optimal operator is likely to return a solution, though perhaps
not as efficiently as an ideal refinement operator. However, in spaceswith rare solutions, optimal refinement
operatorsare more suitable. In thesecases,a large proportion of the searchspacewould need to be traversed
and redundanciesin an ideal operator would lead to duplication of the search space and potentially highly
undesirable computational running times. Unless we are dealing with a hypothesis space with a very high
solution density, we prefer an optimal operatorover an ideal one [8].
Later in this thesis we consider a propositionalisation setting for ILP, in which a set of candidatefeatures
are generated,transformed to attribute-value form, and a propositional learner applied. In this setting, the
redundancyof refinementoperatorsareagain important, to avoid unnecessaryduplication of generatedfeatures,
and thereforedimensionality and issuesof computational complexity.
Finally, we summariseand formalise the propertiesof interest of a refinementoperator as follows:
Definition 4.20 (properties of refinement operators). Where p is a downward refinementoperator for a preorderedset (L, >), p* the transitive closure of p, and N the equivalencerelation introducedby >.
.p

is locally finite if for every CEL, p(C) is finite and computable. p is completeif for every C, D EL
such that C>D, there is an EE p` (h) such that D-E (D and E are equivalent in the >-order). p is
{DEC
if
for
C
hEL,
> D}. p is ideal if p is locally finite, complete, and proper.
p(h)
every
proper

is
if
for
C,
D,
EEL,
p
every
optimal
operator
cover-refinement
"A
CE p*(D) or DE p* (C).

EE p* (C) and EE p* (D) implies

Refinement operatorsmay therefore use background knowledge where they are derived from an ordering
which takes background knowledge into account. This is not the only means of incorporating background
knowledge,however.For example, PROGOL[ 1011considerseachexample as a clauseand constructsa bottom
(c)
background
B
IBUI
In
doing
(c),
theory
that
I
the
covering
such
clause
c.
so,
specific
most
clause
backgroundknowledge is transformed into a lower bound on the hypothesisspace,such that any hypothesish
searchmust be more generalthan I (c). Another examsearchedin PROGOL'Stop-down 0-Subsumption-based
ple comesfrom the GOLEM [105] system,in which relative least generalgeneralisations(riggs) are employed.
An rlgg of two clauses is the least general generalisationpossible from these clauses, but where the literals
from the background knowledge which are provable from the literals in the clausesare included. This brings
about anotherform of searchand generality ordering. However,it is noteworthy that for generality ordersother
than subsumption,the existenceof least generalisationsis not always defined in the generalcase [111].
Further constraining search with search and validation bias
Refinement operators present a means to search the structured space of hypotheses. However, without further
hypothesis
in
the
space, which would take
this
an
exhaustive
search
of
the
result
would
constraints on
search,
far too much time. Therefore, we consider further restrictions on the search space. These form part of the
learning bias; recall that bias is usually characterised as one of three seperate types of constraint [110,111].
Language bias defines restrctions on the clauses in the search space, search bias defines the way a system
searches this space of clauses and validation bias concerns stopping criteria of the learner. We consider search
bias and validation bias here.

Firstly, searchbias may be formulated as the mechanismthat the learner usesto decide which areasof the
searchspaceare of interest, and which can be ignored. Rather than generating all possible clauses in L, in
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practice, quality criteria and heuristics are often used to searchthe hypothesis spacein a more informed way.
It is here that pruning techniquesmay be employed to improve searchefficiency. De Raedt [29] characterises
pruning techniquesas being either sound - in which the (anti-)monotonic property of Q guaranteesthat areas
of the search space are pruned which cannot contain a solution - or heuristic - in which a heuristic is
employed to determine whether a space is likely to contain good solutions. Sound pruning techniques are
of particular relevancewhen combined with optimal downward refinement operators,since they ensurethat a
pruned hypothesisand its specialisation will never re-appearin the search.

The heuristics used in heuristic pruning are typically not (anti-)monotonic and may be employed in addition
to a quality criterion. We consider their role as part of a greedy, breadth-first search. Given a starting clause
h, from the start of a queue, which generates refinements H' = p(h), any hypotheses satisfying Q in H' are
in
hypotheses
H' which satisfy the heuristic are then added to the end of the queue, and the
Those
output.
next starting clause in the queue is taken. Such approaches suit ideal refinement operators better than optimal
ones. Since the refinements of h from an ideal operator are all those related to h under its generality order, a
search employing heuristic pruning is likely to yield a more meaningful exploration of the hypothesis space.
The non-redunancy of an optimal operator means that only a fraction of those children closely related to the
hypothesis are considered. Indeed, if a clause is pruned heuristically under an optimal refinement operator, its
refinements will never be considered.

Observe that determining Q may involve a potentially expensive coverage test over each of the examples
in D. Applying a heuristic may lead to a similar problem. We may therefore identify a subset D' CD of the
data in order to determine whether Q or a heuristic holds over it, for example in the correctness criteria of the
predictive ILP task. For example, we may adopt Q= fr(h, D') >n for the frequency measure in the example
above. Where Q is (anti-)monotonic over D it is (anti-)monotonic over D'. Where the heuristic is defined in
terms of the data rather than some syntactic restriction for example, it assumes that D' is representative of D.
The method of selecting thus forms part of the search bias [110], together with the choice of Q, any heuristics

and the generality ordering > itself.

Finally, validation bias consistsof stopping criteria for the search.Usually in ILP, Q is setto be the condition
that the hypothesis covers all of the positive examples and none of the negative examples. We may stop
the searchon the first h such that this Q holds, or alternatively may wish to continue the search for further
hypotheseswhich may be more satisfactory,such as one which is lesscomplex or which is less likely to overfit
the data.

Furthermore, we may be learning from imperfect data. Following [77] and [79], we can characterise imperfect data as that which contains random errors (noise) in the examples or background knowledge; a sparse
set of examples which do not lend themselves to the detection of regularities; imperfect background knowledge
lacking useful clauses or predicates or containing irrelevant ones; and missing argument values in examples.
Of these, noise is the most relevant to this discussion. Under noisy data, we may choose to relax Q to allow
less than total correctness. This then corresponds to a weaker stopping criterion defined in Q.
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Structuring

the space of features: Constrained subsumption in C0R-

LOG
We now turn our attention to the application of ILP to the CoRLOG framework introduced in chapter 3. We
adopt refinementoperatorsfor the searchand consequentlyneedto define a generality order >o over the space
of CORLOGclauses.We expandon the notion of substitution in CORLOG(and F-Logic) introducedin chapters
2 and 3, and use them to arrive at a definition for an object-constrainedvariant of 0-Subsumption,taking into
accountthe object model. The graduationfrom the definition of the CORLOGlogic to an inductive refinement
operatorproceedsin the following way.
Firstly, we review the notion of the space of valid clausesappearingin the language L in section 4.2.1.
Next, a class of valid substitutions are defined to guaranteethis validity in section 4.2.1. From this definition,
the notion of subsumptionover CORLOGclausesresults and we arrive at a generality ordering >o. Finally, we
considerrefinement over >o in section 4.3, deriving a refinementoperator and discussingits properties.

4.2.1 Valid substitutions for CORLOG
In order to develop a refinement operator over the spaceof CORLOGclauses,we must first structurethe space
of clauses. We select the decidable and computationally-tractable 0-subsumptionordering. The orderings
described in section 4.1.2 based the Subsumptionrelationships on the notion of a substitution. Despite the
considerable difference in syntax, we view an object logic such as CGRLOG as being a restriction of logic
programming, in terms of a set of additional conditions proof and model theoriesand valid clauses.We define a
notion of substitution which respectstheseadditional semantics.A CORLOGfeature consistsof two elements
The
be
both
the
the
to
part.
theseparts.
constraint
notion
of
substitution
part
and
can
generalised
relational
We consider each in turn.
The relational part is broadly comparableto clausesin traditional logic programming. Traditional ILP based
on 9-Subsumptionrefines a clause by adding a new literal to it, or by substituting a variable for either another
variable or for a constant. This yields a new clause which necessarilyis 8-subsumedby the original clause.
Accordingly, we model a form of refinement in the relational part as either instantiating a method signatureor
by performing a substitution. However, owing to the classconstraintsin CORLOG,it is necessaryto ensurethat
any substitution made is valid. That is, the resulting substitution preservestype-correctnessof the feature and
does not causeit to becomeunlinked or decomposable.
for X, a variable and ta term. Variables
Recall the general form of a substitution 0= {Vl/tl,..., V/t},
V carry intrinsic (and possibly multiple) class membershipconstraints expressedin the constraint part of the
feature in the form V: c stating that all substitutions for V are to be of the class c. The replaced term t; for
a variable V; is then either a variable Vj with compatible constraints or a ground id-term o, which necessarily
appearsin the databaseand is therefore intrinsically classed.Since CORLOGfeaturesare function-free, we do
not considerthe possibility of variablesbeing substitutedby terms involving functors.
In a CORLOG feature, each variable may be bound by several class membershipconstraints, which may
are denoted once for each V as V: (cl,..., c) and considered as a class conjunction. Subclassingbetween
theseclass membershipconstraints is defined as in definition 3.11. n may be bound by an optional parameter
Marc limiting the length of the conjunction. Recall that a ground id-term is a member of the conjunctive
class (C1,..., C) if it is a member of each C;. Conjunctions only appear in class membership constraints;
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the argumentsof methods assumeonly single classes. We use the term class (and class membership, class
constraint, etc.) to refer to both single classes(n = 1) in the context of classedargumentsand conjunctive
classes(n > 1) in the context of class membership constraints. Furthermore, we may equivalently denote a
conjunctive classfor a variable V in set form as cv = {cv I,..., cv }, n= Icv I< MaxC.
We identify three forms of substitution in this framework:
{X;
/XX},
in which all occurrences of the variable X; are replaced with Xp
Variable
unification.
"

" Variable instantiation. {X, /o}, in which all occurrencesof the variable X; are replacedwith the constant
id-term o, belonging to the sameclass asX;.
{X;
/X;
},
Class
restriction.
:
c;
:
c, in which the class c; of id-terms to which X; is bound is substituted
"
for a (possibly conjunctive) class constraint ci, where c; is a subclassof c;. The class restriction ensures
that X; may only be bound to id-terms representingobjects of the class c; or a subclass.This restriction
allows methodsto be applied to the object which may not have beenpossible previously.
Four aspectsof the object model affect valid substitutions. Firstly, the appearanceof aV in a provider
argument of class C guaranteesthat all valid substitutions of V are of class C or a subclassof C. Where V
appearsin a consumerargument,the method requires that V is of classC or a subclassof C. Substitution must
not violate these guaranteesand expectations. Secondly, substitutions which lead to stricter class constraints
must respectthe classhierarchy as well asensuring that the conditions describing interactionsbetweenprovider
and consumerargumentsas described above still hold. Thirdly, we require that the resulting feature is linked
and undecomposable.We shall see in some casesa substitution can causetheseproperties to no longer hold.
Finally, we require the substitution to not causeany of the forms of metaknowledgedescribedin section 3.4.1
to be violated.

4.2.2 Unification and instantiation of variables
The notion of type-safe substitutions in the presence of class constraints was introduced in section 3.3.2. This
section established the conditions on a variable appearing in a CORLOG clause where its literals are covered by
signatures defining moded, classed arguments. The concept of a set of permissible classes G(V) for a variable
was also presented. Having defined these conditions, we define the set of valid substitutions - unifications and
substitutions - which preserve type-safety. Under this framework, we consider the two type of variable substitution separately, first considering unification (replacement by a variable) and then instantiation (replacement

by a ground term).
Variable unification
When unifying two variables according to a substitution {X/X'}, it must be ensured that the type-safety of
the feature is not violated. A valid substitution thus preservesthe conditions discussedearlier regarding the
interactions between the provider and consumer arguments in which the variables appear and the class consraints associatedwith the variables. More specifically, supposethat a variable X appearsin a set of provider
set of consumerargumentstaking classescQ= {ca ..., ca } and
argumentstaking classesCr =a
,
is constrainedby a set of classescX = {cx 1, cXm}, in order for a query on the feature to be successful,for
...,
all successfulvariable assigmentsto X, denotedX=v for a ground value v, the v must necessarilybe of all
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classes c,; and cxi. In order to fulfil type-correctness, each consumer class cQmust necessarily be a superclass
of the class conjunction formed from Cr and cX, which bound the variable's class.

In preparation for defining a valid class constraint for the unified variable, we define the most general
common subclassesof a set of classes- the set of classesfor which X must be constrained.Theseclassesare
class conjunctions. Occasionally we will refer to an argumentclass in the context of a class conjunction for
simplicity. In defining the mgcs, we aim to derive the minimal constraint within appropriateclass conjunction
size bounds.
Definition 4.21 (most general common subclass). Given a set of (conjunction) classesC= cl
the
c,
set
, ...,
mgcs(C), denoting the set of most general common subclasses,is the set of subclasseswithin some length
bound N, such that
mgcs(C) = {cIc - C, Icl < N,, 4c' such that c -< c'

C and Ic'I < N}

(4.1)

For ý, we assumethe the definition of conjunction class subclassinggiven in definition 3.11 and that mgcs(C)
is constrainedto reduced forms. mgcs({cl, c2}) is also denotedcl U c2 in some literature discussingthe most
generalcommon subclass,by analogy with the join in a lattice. By extension,mgcs(C) = LJ;c;.
Note that in practice, finding the most generalcommon (conjunctive) subclassmay result in a simple conjunction of the simple classesin C or may insteadsubstitutea common subclassfor a pair of classesin C. The
latter caseis only possible where multiple inheritanceexists in the data model.
Returning to the issue of unifying the variables X and X' as described above, we define the unifiability,
and the resulting constraints, of X and X' in terms of the type-safety conditions. For two variables X and
X', as defined above, with provider argument classes and contraint classes PC = {c,,
IU
c,
c',
cI
, ..., n, 1, ..., r'
cx U cx, (note the addition of cX and cx,, possibly conjunctions of classes) and consumer argument classes
Cpl
}X and X' are ununifiable if mgcs(PC) is empty, i. e. there exists no common
CC= {ca,
c'Ql
Cak,
, ...,
, ...,
subclass of the provider classes PC. Thus, the unificiation is undefined. Where it is non-empty, it forms a
suitable class constraint on the variable unified from X and X', being both minimal and a subclass of each of
In practice, this mgcs may be approximated by considering the mgcs of the contraints cx and
cx, only, since the successful substitutions for X and X' are intrinsically bounded by the sets Cr and cr.
c

C., cx and cr.

It can be seen that using an element of mgcs(PC) (each element representing a possible most general
common conjunctive subclass)as the class membershiprestriction for the unified variable necessarilyresults
in a further restriction to the class constraint from both X and X' (and the classesof its provider arguments),
which is in fact the minimal restriction which is safe to assumegiven the bounds on the length of a most
generalcommon subclass.As a result, where X and X' are type-correct with respectto the classesof consumer
arguments,then the mgcs of their constraints will also satisfy the requirementsof thesearguments. That is,
in the resulting feature, the class constraint of the unified variable, namely some element of mgcs(PC), is a
subclassof each ca,, as a result of mgcs(PC) being a subclassof both c, U cx and c', U cx,. This variable
unification method thereforepreservestype correctness.Additionally, the classconstraint for the newly-unified
variable is necessarilyat least as strict as for X and X'. Applying a unification thus results in a refinement.
Furthermore,note that the mgcs may not necessarilybe unique for a given set of classes.Accordingly, several
possible unifications may be possible for a given pair of variables.
We briefly discuss how the mgcs is calculated in practice. In order to obtain a maximally-general class
constraint within the N bound, we first consider the case where N=1, i. e. only single classes are considered.
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In the above unification, the class constraint on the unified variable X is any of mgcs(PC). Observe that one
valid unification is possiblefor eachelementof PC, since the most generalclass which the unified variable may
take is one of the element of mgcs(PC). We note that in a refinement operator, one child clause (refinement)
would be producedper element of mgcs(PC). Despite this increasein the complexity of the hypothesisspace,
multiple inheritance is relatively uncommonly used in most object models. This means that (mgcs(PC)l is
usually 0 (no subsumptionrelationship) or 1 (existenceof subsumptionrelationship).
Where an mgcs exists for a pair of variables but their length exceeds the
mgcs bound, it is sometimes
possible to calculate a shorter class conjunction which, although not minimal, is a common subclass of PC. In
order to reduce the length of the conjunction to a set of classes c such that Icl <_N, we can find a pair of simple
classes in c which themselves possess a common subclass sc, and replace them with this subclass. The length
of the conjunctive class therefore is reduced. This process is informally termed class merging in this thesis. In
order to indentify a pair to reduce, a heuristic is required. We attempt to be 'most general' when reducing a
pair of classes to its subclass, and so we consider the loss in the number of values which a variable may take
as a result of further specifying its class constraint. We define the binding preservation between a conjunction
Fön',
two
for
classes c and a possible reduction to a new class c',
for 1OCI(resp. Ost)
of
c' E mgcs(c), as
the size of the set of objects of class c (resp c'). A search of possible subclasses for each pair is then carried,
with the highest-preserving reductions appearing in the new class constraint. The adoption of a subclass in the
unification procedure thus always guarantees that the input arguments are supplied with bindings which fulfil
their requirements. In practice, this heuristic may be relaxed such that the mgcs is used where there exists at
least one object in the potential merge.

Variable instantiation

As noted previously, the framework for variable unification carries over to variable instantiation, in which
a
variable is replaced by a ground id-term. As in the variable unification procedure, a variable may only be
substituted by a constant if the introduction of the constant does not break type-safety conditions. These may be
summarised in the special case of a constant as follows. For substitution substituting a variable V for a constant
c in a CORLOG clause C denoted {X/c}, such that c: cc for some class in X's constraining conjunction class, the
following must apply. Firstly, X may not appear as the host object of a method
expression in C. We identified
that each host object must appear as a variable in the language of valid clauses, and so such a substitution would
be illegal. Furthermore, such substitutions are generally of little use; in general they
consider the properties
of only one object in the system, and are less likely to be of use in a general rule. Secondly, for each input
argument to a method call where X appears, with argument class cQ, c, :: ca. The constant therefore guarantees
to provide the methods in the class required by the input. Similarly, for each output argument from a method
call where X appears, with argument class Cr, cc :: Cr. The implicit guarantee that the output of the method
provides an object of at most class c, is similarly assured. Thirdly, the substitution should not introduce any
decomposability into the clause. Finally, the substitution should not cause the clause to violate
any linkage
properties. The former two points are easily incorporated into a learner. The latter two points require further
discussion, which takes place in the next section.
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Linkage and decomposability

The discussion above concerns the type-safety of substitutions. However, we are also concerned with producing
a useful set of testable features which are as minimal as possible. In order for the features to be testable, they
must be linked. In order for features not to be expressible in terms of other features, they must be undecomposable. Decomposability and linkage properties are not usually a concern in variable unification - given a
feature, it is not possible to make it decomposable by unifying two variables. We discuss this later. We propose
that a unification of two variables X, X' in a feature which obeys the linkage constraints above will never result
in a feature which no longer obeys the constraints.
Recall definition 3.6, which describes linkage properties for a feature. Each of the linkage properties can
be characterised as a requirement on a variable in a given position (head output, head input, body output, body
input) appearing in a given position in the rest of the feature. Since unifying a variable with another only
ever causes the variable to participate in additional arguments in a feature, the linkage properties are preserved
under variable unification. Specifically, considering a feature C which is linked and undecomposable, and a
substitution for a variable 0= {X /X'} such that CO = C', any input/output relationship is preserved under a
substitution; it is impossible for an input in C' to appear without a corresponding output where it did in C, since
the substitution applies to each instance of X. Likewise, it is impossible for an output in C' to appear without a
corresponding input.

By contrast, variable instantiation may break theseproperties in somesituations. In order to avoid redundancy in the refinement operator, it is necessaryto only permit substitution in those situations where it does
not causethe resulting feature to becomeeither type-unsafe,unlinked, or decomposable.We first consider the
linkage properties of a substitutedfeature. Linkage is preservedas a result of the requirement that we do not
is,
double-headed
literal,
in
host
to
instantiations
those
that
the
corresponding
edges
of
a
object
permit variable
in the graph VD(C). This ensuresthat every literal is linked, since a variable is never introducedasa host object
unlessit is previously introduced as an output from another literal, and this output/input relationship cannot be
destroyed by a variable instantiation, only augmentedby a variable unification. Though variable unification
cannot affect the decomposability of a feature, variable instantiation can. A constant (ground id-term) represents an object independentof the influence of other argumentsin the feature. Accordingly, they can lead to
problems with decomposablefeatures. In order to avoid theseproblems, we introduce further conditions on a
from
3.2.
dependency
decomposability
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Two forms of decomposability result, dependingon the presenceof the variables with underlined edge labels.
If a subgraphresulting from a disconnectionlike this has each variable with a circle presentin it, then it forms
a valid clause with respectto linkage. Where this does not apply, literals take in disconnectedsubgraphsfall
into three additional categories. Firstly, they may consumethe variable in the host object of the head literal,
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Figure 4.1: The variable dependencygraphsof featuresmade decomposableby {C/c}

in which case they require a literal returning the output object of the head literal to form
a valid feature. For
brevity, we term this a head-host-consuming subgraph (or set of literals). Secondly, they may return the variable
in the output argument of the head literal, in which case the converse is true. For brevity,
we term this a headoutput-providing subgraph (or set of literals). A head-host-consuming subgraph may form a feature with a
head-output-providing subgraph. Finally, neither of the above are true, in which case the literal is
necessarily
linked to input variables in the head literal. The double-headed edge thus denotes a variable which may
not be
substituted and the underlined edge labels a variable which must exist in a connected subgraph representing a
linked feature.
Recall the examples of variable dependency graphs given in section 3.2. We
consider the variable dependency graphs of two further CORLOG features in figure 4.1, demonstrating the effects of using the variables in
a candidate substitution These variables tag edges in the graphs. The graph on the left represents the clause

Fi = A[fo(B) -. X] F- A[fl(B)
C],
A[f2(C)
X].
-+
-->
and the graph on the right the clause
F2 = A[fo(B) - x] - A[fl(B)
C],
B[f2(C)
d].
-'
-i
We study the effect of the substitution 0= {C/c}

Fie

=

F20 =

on these features and their decomposability.

A[fo(B) -' x] -A[fi(B)
A[f2(c)
X].
c],
-'
-+
A[fo(B) --' x]*- A[fl(B)
B[f2(c)
d].
c],
-'
-4

Since 0 has the effect of cutting the edge associated with C in the graphs, we can observe that 0 is
not legal. In
the case of Fl, the literal 11 is no longer required to form a valid clause. Removing 11from F10 would still be
valid, but as 11cannot act as a valid clause by itself, it is not a decomposable feature. In the case of F20, lp <- 11
forms a valid clause, but 12does not (it would if A had been its host object). Such substitutions, then, do
not
lead to decomposability.

We now consider two that do. Figure 4.2 showsthe graphsof featuresF3 (left) and F4 (right). The features
are defined as follows:
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Figure 4.2: Simple examplesof decomposition in variable dependencygraphs

F3 =

A[fo -> x] +- A[fl -+ C],A[f2(C) --+d].

F4 =

A[fo(B) --+X] E- A[fi(B) --+C],A[f2(B) -* C],B[f3--, X].

Observethat F4 usesan variable as the output argumentof its headliteral. Adopting the substitution 0= {C/c}
as before,
F30 =
F40 =

A[fo --+x] <- A[fl -c],

A[f2(c) -+d].
A[fz(B)-.
A[fo(B)-+X]-A[fl(B)-'c],

c], B[ß-,

X].

By applying the substitution 0, F3 has been decomposed- there exist features F3a and Fabsuch that head (F3,,) =
head(F3b) = lo, body(ha) =11 and body(F3b) = 12, where F3 can be expressed as a conjunction of the bodies
decomposed
features
F4b
been
F4a
head(F4a)
has
there
Fab.
F4
F3a
that
exist
and
such
similarly
and
of
=
head(F4b) = lo, body(F4a) =11,13, body(F4b) =12,13, where F4 can be expressed as a conjunction of the bodies
of F4a and Fob. Observe that there are no other literals in the F3 (resp. F4). Were there head-host-consuming or
head-output-providing literals, these could have been included in either F3a or F36 (resp. F4a or F4b) to provide
a decomposition. Observe also that the decomposition in F3 has arisen from the breaking of a input/output link
(the variable C) in the clause. By contrast, F4 was decomposed by breaking an output/output link (again the
variable C). More generally, the four kinds of Subgraph introduced earlier (valid clause, head-host-consuming,
head-output-providing, and none of these), can work together to provide a decomposable CORLoo clause. If a
decomposition of a clause C is defined as a set partition L(C) = LJL;, i. e. L, fl Lj= OVi, j, such that each L; is
either:

literals
in
including
in
defining
the
The
literals
appearing
clause,
optionally
a
valid
a
Subgraph
appearing
9
any other kinds of Subgraphs.
The literals appearing in a subgraph defining a head-host-consuming subgraph, together with the literals
literals
including
the
head-output-consuming
in
defining
optionally
subgraph,
a
appearing
a subgraph

from any non-valid clause subgraphs.
Note that this may lead to more than one possible decomposition. Where this property holds for L(C), the
clauseC is necessarilydecomposable.
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We restrict CORLoG features to simple CORLoG features. Recall from definition 3.4 that this restriction
involves only a host object argument in the head, with an output argument which is always constant. This
restriction is convenient with respect to undecomposability since it allows us to eliminate decomposability by
requiring that the host object variable in the head is only used once in the body of the feature. While this
means that a feature cannot use the host object variable for an input argument, it also necessarily removes the
features.
decomposable
With respect to linkage, we make an additional choice in the light of the
of
possibility
use of simple CORLOG features to only substitute those variables which are not yet consumed. This necessarily
cannot produced unlinked features.

4.2.4 The class hierarchy and class metaknowledge
So far we have considered substituting variables for other variables or ground terms in the relational part of the
clause, and their effect on the class membership constraints in the constraint part. In this section we discuss
class restriction substitutions, i. e. those which substitute a class membership constraint X: c for a variables
with a stricter constraint X: c', where c' is a subclass of c. This form of class restriction is also known as a
downcast, since it is analogous to the casting operation in object-oriented programming in which one class is
converted into another. In CORLoG, we consider a class to be a conjunction of classes, some of which may be
parametric.
Recall the notions of an object belonging to a class conjunction from section 3.3 and the subclassing relationship among conjunctive classes from definition 3.11. This framework has a number of notable simple
properties. Firstly, making one of the classes in the conjunction more specific makes the while conjunction
more specific, assuming that the specified class does not have a superclass existing in the conjunction already.
Secondly, we can make a class conjunction more specific by adding a new class which does not already have
if
in
Finally,
the
conjunction.
we denote the reduced form of a conjunctive class c as red(c), the
superclass
a
set of equivalence classes of conjunctions defined by c- c' if red(c) = red(c'), form a partial order <, for the
subclass relation, where c <c c' if c is a subclass of c' according to definition 3.11.

The definition of a legal substitution for a class conjunction follows naturally from that of single classes;
the class restriction substitution {X : c/X : c'} is only legal where c' <c c. With respect to refinement, a
into
is
transformed
a subclassc' by either downclassing one of the elements of c or by
c
conjunction
class
adding anotherclassto the conjunction (where the constraint allows it). As well as considering the coexistence
discuss
classes,
we
valid substitutionsin terms of thesetwo elementaryoperations. Additionally,
on
conditions
we will discussthe concept of a minimal class restriction, which is of interest in refinement. A minimal class
{X
0=
is
substitution
a
valid
: c/X : c'} for class conjunctions c and c' such that there is no class
restriction
conjunction c" for which {X : c/X : c"} and {X c"/X : c'}.
Observealso that the spaceof possible classconjunctions could be potentially very large, creating a resultingly large hypothesis space. As a result, we adopt bounds on the conjunctions which can be constructed by
class substitution. These bounds are the number of classesinvolved in the conjunction (its size or length) and
the support of the class conjunction in the database,i. e. the number of objects which are instancesof the class
conjunction. By analogy with refinementoperator,we can also introduce a depth bound on the number of class
be
can
madeto a variable.
which
restrictions
The semanticsof CORLOG introduced in chapter 2 introduce a number of restrictions on what can be
considered a valid class restriction substitution. We identify theseas the type-correctnessrestrictions arising
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from the moding and classing of arguments,the semanticsof parameteric classesand the bounds
on their
parametersand the presenceof class-specificmetaknowledgewhich must be respectedin a classconstraint.
Previously in this section, we consideredthe type-safety of a set of relational method expressionsand in
particular the interplay between the guaranteesintroduced by argumentsproviding variables (e.g. outputs of
methods in the body of the feature) and the requirementsof consumerarguments(e.g. inputs and host object
argumentsin the body of the feature). Specialising a class conjunction which constrains a variable always
introducesa stricter class membershiprequirementon the successfulsubstitutionsfor that variable. The typecorrectnessrequirementsof consumerarguments,which require that the terms appearingin them are of its class
or a subclass,are therefore not affected by a classrestriction.
The presenceof parametric classesin the languageof CORLOG introduces two new considerationswith
respect to the validity of substitutions. These are the subclassingframework and the presenceof bound parameters in the definition of the parametric class. Parametericclasseswere discussedin section 3.3.1. We
briefly consider the handling of parametric class constraints during substitution. Recall that in the CORLOG
framework, parametricclassestake either exact or inheriting parameters.This aims to reflect whether
a method
existing for parametric class has some dependencyon the bound element such as expecting it to provide a
method.
In our logical framework, parametric classes are considered in the same way as simple classes, since once
they are bound, they adopt the same behaviour as any other class in the system. F-Logic considers parametric
classes in the same way as simple classes, placing no special semantics on them. It is therefore the responsibility of the user to define the form of the inheritance. Parametric classes are presented using functors and
subclass assertions involving variables are defined within the deductive system to reflect parametric subclass.
Our induction method assumes specific properties of parametric classes operating under two rules. Firstly, a
parametric class p(ci,..., c, ) can be defined as a subclass of another parametric class p'(dl,..., dm). The inheritance relationship is specified such that parameters may be mapped from p to p' via variables, or new ones
may be introduced in the subclass via constants. Secondly, each parameter is defined to be inheriting or exact.
)
A parametric class p(cl,
is a subclass of another parametric class p(cl,..., cj,... c, ) for two classes
c1,
c,
...,
...,
c; and cj appearing in a parameter position which is inheriting, and c; is a subclass of cp Togther these rules
define a full class hierarchy for each parametric class and its set of legal parameters. These are adopted as the
basis for class restrictions in the inductive system.

Finally, the existence of class metaknowledgealso affects the set of legal class restriction substitutions
possible. Consider the candidatesubstitution 0= {X : c/X : c'}. Recall that the class metaknowledgeconsists
of declaring classesabstract or mutually disjoint and that a class conjunction is specialisedby adding a new
class to it or by downcasting an existing one. In applying a class restriction, we must ensurethat the resulting
conjunction is still valid with respectto this metaknowledge.Firstly, a class declaredabstractmay not appear
in the class conjunction c'. A class restriction resulting in a class conjunction containing an abstractclass is
not valid. Instead the set of minimal class restrictions are the most general subclassesof the abstract class,
which are not themselvesabstract. Secondly, no pair of classes(c;, c3) (c; E c', cj E c', c; # cj) may exist in
the conjunction such that c; and cj, or any of their subclasses,are declared mutually-disjoint in a disjointness
declaration. Finally, we require that class restrictions are non-redundantwith respect to the class hierarchy.
The restriction is redundantwhere c' is not reduced. Equivalently, it is redundantif there is a pair of classesas
abovesuch that c; is a superclassof cp
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Searching through the space of features: refinement in CORLoG

The previous section discussed the impact of the object-oriented data model proposed in the previous chapter
on the core notions of substitution and subsumption in ILP. Specifically, we considered a number of aspects
of the adopted data model and arrived at the notion of a valid substitution which respected the restrictions
introduced by these aspects on a feature. We considered type-safety restrictions, determined by the interaction
of input, output and host object arguments in the feature and declarations in associated method signatures
augmented with meta-knowledge to arrive at the notion of a type-safe substitution for variable unification and
instantiation. We discussed how to avoid decomposability in a constructed feature, and how aspects of the class
metaknowledge affect class restriction substitutions. Unification and substitution may be seen as the building
blocks of a refinement operator. Next, we consider the structure of the hypothesis space in terms of the whole
language, ordering it with a subsumption ordering >o and devise methods which allow efficient search of this
ordering, namely the refinement operator.
The notion of 9-subsumption, in which h <e h' if there is a0 such that hO C h', can be adapted to the basis
of CORLOG subsumption by simply restricting the set of valid substitutions as described above. A number
of further considerations still remain, primarily the aspects not covered by the substitution mechanism such
as argument refinement. We consider these aspects in our discussion on refinement which follows. Having
structured the space of features with an ordering in this way, we consider methods of traversing the space. This
is done through means of a refinement operator introduced in section 4.1.3. We discuss refinement as a process
in general and arrive at a definition of the process of refinement in the space of object queries.

The notion of a refinement operator was discussedearlier in section 4.1.3. Recall that we introduced a
downward refinement operator as a function p from L, a hypothesis space,to 2L, the power set of L, such
that for every clause CEG, where G is a pre-orderedset of clauses,p(C) C {DEC >_D}, that is each D is at
least as specific as C. We discussedsome desirable aspectsof refinement operators, namely local finiteness,
completenessand properness. Optimality, a property of particular interest in propositionalisation, was also
discussed. We build on the conceptsof a legal substitution above and the resulting notion of subsumption in
order to arrive at a refinementoperator for the object logic CORLOG.
In traditional ILP, the generality ordering of 6-subsumption between two clauses C and D is defined in
terms of a subsetcriterion and a substitution A. C 9-subsumesD (C is more general than D) if there exists a
6 such that DO C C. Downward refinement, i. e. constructing specialisationsof clauses,therefore consists of
two operations derived from this formula. The subsetrelation leads us to add a literal to a clause to refine it,
and the substitution in the formula leads us to perform a substitution in order to refine it. Defining a suitable
operator,however,requires a number of new considerationsin order for it to be useful in a propositionalisation
learner, principally the avoidanceof redundancy. This is related to the study of optimal refinement operators.
Informally, an optimal refinement operator is one in which each clause in the graph has only one path from
the most general clause. Non-optimality of a refinement operator comes about as a result of redundancies
in clausesintroduced by the application of the operator. Designing an optimal refinement operator therefore
requires careful considerationso that syntactic variants of the sameclause do not appearmore than one in the
tree of clausesinduced by successiverefinements. We reported in section 4.1.3, optimal refinement operators
do not exist in many clausal languagesand for predicatesof greater than arity 2. Accordingly, decisions are
made so that a feature is refined from only one parent where possible. This results in the refinement graph
taking on a tree-like structure.
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A number of approaches have been taken in this regard. Badea
and Stanciu [8] attained an optimal refinement operator by first weakening the subsumption ordering. As in Progol, a bottom clause 1 is specified, each
consisting of moded literal `templates' using variables. C weakly subsumes D if CO CD for some 0 which does
(C). Weak subsumption is stronger than the 01-subsumption
not unify any literals and for which O (D) 0=O
discussed earlier but weaker than A-subsumption. Each literal in 1 is selected for inclusion only once. This
measure has a number of useful effects, among them the guarantee that there are no infinite ascending or descending chains, the obstruction to an optimal refinement operator under 6-subsumption. It is also no longer
the case that a clause with more literals can be more general than one with fewer. Weak subsumption enables
the incorporation of a number of measures which ensure the optimality of a refinement operator employing
them. Firstly, the operator makes use of an ordering over literals. Each subsequent addition of a literal is then
defined as valid or invalid depending on the presence of existing literals and their position in the
order -a
literal is not added where an earlier literal in the ordering exists in the clause, unless it could
not have been
added previously. Furthermore, in order to enable optimality, the literals are moded, and the introduction of
new variables introduces an ordering over them. Newly-introduced

variables from the addition of a literal are
marked as `fresh', and may only be used in subsequent substitutions. Finally, the introduction of fresh variables may permit an earlier literal (in the ordering) to be applied where it was not possible before. This is
known as `waking' a literal, and together with adding a literal and applying a substitution to a fresh variable,
completes the three possible refinement operations under the weak subsumption ordering. The refinement operator's optimality thus relies on a ordering over literals and variables, the `freshness' of variables (whether they
are newly-introduced) and a moded bottom clause whose arguments have variables acting as a template.
The optimality properties of this refinement operator can be adapted to one which operates less redundantly
in the CORLOG framework.

At its most broad, the refinement is the same as for A-substitution
- adding a
literal or performing a substitution. Substitutions must be valid according to the criteria described above. In the
framework proposed, the object-orientation of the the ILP approach exists mainly in the restricted form of the
substitution, although addition of a literal must satisfy linkage properties.

4.3.1 Constituent refinement operators
In more depth, we define the refinement operator acting on CORLOGclausesas a function p describedabove.
Given a clause C, the set of refinements p(C) includes clausesproduced from a set of basic operators. Each
operation has a number of specific variants, each denotedby a separatep-function. Then, p(C) = pal U p, j u
PsuU PsiU PcrU PmvU Pmc,as detailed in the list below:
" Adding a literal. Pal addsa new literal obeying literal ordering constraints,whereaspwl "wakes" a literal,
i. e. adds a literal which is ordered previously to one already appearingin the clausebut whose addition
was not possible before due to appropriate variables not being available. Adding a literal necessarily
involves a number of substitutions in order to fill its argumentswith variables linking them to the rest of
the clause.
" Performing a substitution. Substitutions must be valid according to the criteria described above regarding
type-correctness and the existence of a mgcs. ps,, performs a substitution which unifies two variables

whereaspsi instantiatesa variable with a constant.
" Performing a class restriction on a variable. pc, specialisessome restriction on the class of a variable,
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as defined in the valid class substitutions above. Note that class restrictions may involve simple or
conjunctive classes, possibly incorporating parametric classes. Again, class restrictions fall under the
framework of a valid substitution as above, and are therefore considered within the framework of the
substitution itself. In order to overcome the large amount of redundancy which this constituent operator
might introduce, we describe a method of optimally searching the space of legal class conjunctions.
Argument
Argument
specialisation is additional to the substitution framework. Where
specialisation.
"
is
defined
using the projections introduced in the previous chapter, argument specialisation
ordering
an
takes advantage of these orderings to specialise the clause. A variable may be replaced by the constant ko
representing the most general restriction on the possible individuals. Subsequent refinements then refine
ko into k1, k2 and so on, representing ever more strict conditions on the head object. In the first instance,
argument specialisation replaces a constant for a variable. In the second, a constant (and furthermore a
particular instance of a constant) is necessarily replaced by another constant. Argument specialisation is
carried out by the operators p,n on variables and p,,,, on constants. Argument specialisation thus cannot
be considered a form of substitution, which acts at the variable level, but instead a form of refining
transformation acting at the literal level, framing the literal as a kind of simple condition or constraint
such as X<2.

We adopt the ILP approachof propositionalisation in this thesis, and therefore aim to remove duplication
in the features produced during refinement. Optimal, or near-optimal, refinement operators are therefore of
interest. A number of specific measuresare necessaryto avoid the duplication of equivalentclausesat different
lattice.
the
refinement
on
points
We define eachof the operationsof the presentedrefinementoperator in turn, drawing heavily on the notion
of a valid substitution as describedabove.We adopt an examplefrom the ILP mutagenesisdomain, to illustrate
brevity,
For
the method calls in theseexamplesrarely take any arguments.However,
and
simplicity
each one.
it should be noted that refinementover method calls for arbitrary arity are defined. To clarify the effect of each
type of refinement, we adopt the notation X to indicate where an element X (variable, method or constant)of a
clause has beenchanged.
In each case we refer to a clause D for which DE p(C). Each D must be produced as a result of the
The
these
of
operators.
variablesof the clauseC are denotedby Vars(C). For eachrefinement
of
one
application
its
is
conditions
on
application
of
number
a
given. Following [8], an (arbitrary) ordering is imposed
operator,
literal
in
CORLOG
the
symbols,
or
the
possible
of
set
nomenclature,the method signatures. Furthermore,
on
introduction
by
during refinement and a set F of `fresh' variables maintained,
their
are
ordered
the variables
be
the
may
substituted during refinement. In our learner, it is possible to reuse
which
variables
representing
longer
fresh.
The
is
increase
in
no
result
are
an
expressivenessat the cost of redudancy. For
which
variables
is
below,
this
adoptedfor simplicity.
setting
given
the examples
Adding a literal D=CU
S=

pal and p, l

L' where L' is a molecule 0 [M (Al, A2, ..., A) -p R] obtained by instantiating a signature molecule

Co [M (CA1,

CAn)

CAZ,

...,

=

CRI-

The following conditions must hold for the operation paz:
1. L' conforms to the signature molecule S.
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2. L' is ordered later (in the literal ordering) than eachof the literals in C.
3. The variable of the host object 0 is a fresh variable in F. Since variablesmay be downcasting,the application of the method should occur at the earliest possible opportunity and no later. As a result, V must
either be (i) a variable which has not yet beendowncastedor (ii) a variable for which a type specification
operation has recently causedthe classof the variable to be such that the method is applicable to it. Furthermore, where the classof the method Co is a variablised parametricclass,the method signaturemust
be made concrete with respect to the variable being invoked on it, and the resulting concrete signature
adoptedfor the remainder of the literal application.
4. The variables of each of the input arguments A; are variables existing in C, in the set Vars(C). Necessarily,
this involves an intrinsic substitution and that the variables must be unifiable according to the substitution
framework in section 4.2.2, since class constraints are introduced by those already existing in the clause
and the method signature being instantiated. The operation is thus equivalent to first instantiating the
method signature with new variable constrained according to the classes CASand then performing variable
unification substitutions on the variables 0 and each A, according to the substitution constraints. Where
the method is also order-yielding, the special case in which the input variable introduces a new (fresh)
variable (for later refinement), also holds. Like the output variable, the new input variable takes the type

of its argument.
5. The variable of the output argument R is a new and distinct variable in the clause, with class CR. The
new variables are ordered in such a way that each output variable in C precedesthat of those in L. As a
result, Vars(D) = Vars(C) U R, and a new class membershipconstraint is introduced into the CORLoG
clauseto reflect the method signature'stype-correctnessrequirementson the variable.
6. F, the set of fresh variables, is set to the new output variables introduced -

in our framework, R.

7. The literal L' may not already exist in C.
The refinement operator p,vl is a variant of pal which enablesthe subsequentaddition of a literal where it
was not possible before due to the lack of required variablesin the (partially-refined) clause. p,vl is as for pal in
terms of variable substitution and the selectionof fresh variables. However,the following differences apply:
1. L' is based on a method signature ordered earlier than the lastest in C, but which has not yet been used in
C.

2. For all literals L; EC such that L; > L' in the literal ordering, if firstL, are the literals addedbefore L
then the clause f irstj U {L'} is invalid.
For example, the refinement by literal addition of the query
M[mutagenic - yes] 4- M: molecule

(4.2)

molecule[hasgroup= group]

(4.3)

M [mutagenic -º yes] +- M [hasgroup- GJ,M: molecule,G : group

(4.4)

given a signature

includes
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ps,, and psi

Having addedliterals to a clause,they can be further refined by applying substitutions.We distinguish between
two kinds of substitution- thosewhich replacea variable by anothervariable (unification, using p,r) and those
by
a constant (instantiation, using psi).
a
variable
replace
which
Variable unification (p,r). D= CO for a substitution 0= {x/t} where a term t is substituted for a distinct
is
Where
ps
applied, both x and t are variables and exist in Vars(C). For optimality, the following
variable x.
restrictions are placed on the applicability of a substitution:
1. t and x must be unifiable according to the requirements for a valid variable unification substitution (mgcs)
in section 4.2.2.

2. t must be before x in the variable ordering.
3. x must be a fresh variable.
4. F is reset to include only the variables which succeed x in the ordering from the original F.
For example, the refinement using variable unification of the query

M [mutagenic - yes] - M[hasgroup -+ G1], M [hasgroup-+ G21,G1[numatoms -4 Ni], G2[numatoms - N2],
M: molecule,G1: group, G2 : group, N1: integer, N2: integer (4.5)
includes
M [mutagenic -+ yes] - M[hasgroup -p G1], M [hasgroup-+ G2], G1[numatoms --' N1], G2[numatoms --ý N1],
M : molecule,G1 : group, G2 : group. N1: integer (4.6)
We adapt the notion of a variable unification substitution directly to a variable
instantiation, adopting the requirements for a valid variable instantiation instead of those for unification. Before
doing so, we distinguish between methods which are order-yielding and those that are not. Substitutions in-

Variable instantiation

(psi).

volving variables occupying these arguments are referred to as ordered substitutions, and if not, as non-ordered
for
therefore
psi
performs
non-ordered
substitutions,
and
covers
arguments which
substitutions
substitutions.
have no concept of order. Later we discuss ordered substitutions.

Typically, there will exist classesto which a large number of object will belong. For example, a database
describing many people may have thousandsof personobjects. Substituting eachof theseobjects for a variable
feature
for
produce
one
would
each object, leading to a large number of features which are
person
class
of
unlikely to be useful for building a rule.
Only particular classesare consideredto be valid for variable instantiation. The class must be declared as
subprimitive. Theseclassesare necessarilya subclassof a classto which (constant)atomsand numbersbelong,
float
Additionally,
integer,
have
the
the
and
classes.
class
must
number
no more than the
symbol,
namely
defined
by
large
Unless
type.
the
theseconditions are met, a variable
parameter
objects
of
member
number
by
by
be
the refinement operatorpresented.
a
constant
substituted
not
may
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The conditions on a valid substitution {x/t}

under psi are as follows:

1. t and x must be unifiable according to the requirements for a valid variable instantiation.
2. x must be a fresh variable.

3. After substitution, F is re-set to include only the variables which succeedx in the ordering from the
original F.
For example,the refinementusing variable instantiation of the query

M[mutagenic -

yes] +- M[hasgroup -

G], G[atomcount -

A], M: molecule, G: group, A: integer

(4.7)

includes
M[mutagenic --+yes] F- M [hasgroup-. G], G[atomcount
M
G:
10],
molecule,
:
group
->
Performing a class restriction -

(4.8)

pc,.

By arbitrarily downcasting elements of the class conjunction and adding new classes,the resulting search
defined by theserefinementsis highly suboptimal. Since we take conjunctions of classes,the resulting space
being searchedmaybe infeasibly large, especially whereparametricclassesare used. COSINUSusesan optimal
type specialisationoperator which operatesaccording the class metaknowledgerestrictions of abstractclasses,
mutually-disjoint classesand parametric classes. We use the notion of class membershiprestriction to arrive
at a refinement operator which produces class restrictions on clauses whilst maintaining optimality in this
refinementoperator responsiblefor class specialisation. We may restrict a class conjunction by adding a class
to it, downclassingan existing class,or removing a class and replacing it with a conjunction of (a subsetof) its
subclasses.In isolation, the class specialisationoperatecan be seenas a producing a graph consisting of class
conjunctions, analogousto the clause refinement graph, in which an edgeexists from a class conjunction c to
anotherc' if c subsumesc'. For an optimal refinement operator,this lattice insteadtakes the form of a tree, and
therefore each class conjunction has exactly one path from the most generalclass conjunction (top). As with
the operationswhich add literals and perform substitutionson clauses,it is necessaryto introduce a number of
measuresto ensurethat for any given class structures,this property holds.
In order to apply the algorithm, it is necessaryto impose a wellorder <C over all possible simple classes
(and parameterisationsof classes)C, by establishinga topologically-sorted list (Cl, ..., c,,) of classes,assigning
indices to them (I(ci) = i), such that if c, is a superclassof cj, i<j. This wellorder is usedto define a spanning
tree over the hierarchy of classes. Each class which has a superclasshas a first parent, the parent with the
minimum index of all its parents. Where a superclassis declared abstract,it is ignored in the class hierarchy,
is
We
first
this
the
its
this
is
instead
and
of
concept
use
extensive
make
parent.
and superclass
consideredas a
introduce
In
to
by
optimality,
we
ensure
principle mechanism which abstractclassesare accommodated. order
additional valuesassociatedwith a class conjunction at an arbitrary point in the refinementtree. In establishing
theseconcepts,we model the class conjunction as an sequenceof classes.The first value is the maxorder M,
which is updated only when a new class is added to the conjunction with the index of the new class added.
The secondvalue is a list of fresh positions P. This value changesduring a downcast,and reflects the positions
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in the sequence in which further downcasts can be made. Further additions will reset this list to any, so that
downcasts can be made in any position. We represent these additional tagged values by extending the notion
of class constraint (V : C) to a 4-tuple (V, C, M, P), tagging a variable V to C, a sequence of classes, M is the
is
P
the set of positions in the sequence which are fresh. A new variable V of class
and
number,
maxorder
SCI}). Allowing any possible combination of classes is unlikely
C is created with the 4-tuple (V, C, -1, { 1,
...,
to lead to general rules and causes the space of possible conjunctions to increase exponentially. We therefore
limit the size of a conjunction with the MaxCC bound, in which any conjunction C= {cl,..., c} considered
must be such that ICI < MaxCC. The depth of the downcasting may also be limited. There are three such
bounds. Further bounds limit the number of downcasting and addition operations possible on a new variable.
The maximum number of operations is limited by MaxDC, with MaxDCS and MaxDCP further bounding the
search on simple and parametric subclasses.

DE pc,(C) if, for some fresh variable XE Vars(C) with class conjunction c is replaced by the variable
XE Vars(D) with a new classconjunction c' where c' results from either a class being addedto c or one of the
We
being
(X,
type
the
specialised.
consider
of
conditions
c
on
each
operation,
c, M, P) is the
where
elements
extendedconstraint on X prior to refinement and (X, c', M', P) is the constraint after refinement.
for some class c in
Firstly we consider the addition of a class t to a conjunction c, such that c' =cUt
the database. Firstly, t must qualify for addition. In order to `qualify', t must have no superclasses in the
its
(in
addition would make the superclass redundant) and it must have no subclasses
case
which
c
conjunction
in c (in which case it is covered later in further refinements). Further, it must not cause c' to break any mutuallydisjoint sets. Secondly, the first parent oft must not qualify for addition. t must be the most general class which
qualifies, in order that all possible class combinations are considered. Thirdly, c' must be a metaknowledgevalid combination. c' must not contain any abstract classes, must not contain any pair of classes which are from
the same mutually-disjoint set, must not contain any pair of classes (r', r") such that t' is a subclass of r", and
there must be an object in the database of (conjunctive class) t'. Fourthly, c must be in order. I(c) > M. Then,
M' = I(c) and P= {1,..., JCJ}. Finally, refinement bounds must be respected. ICS< MaxCC, and no more
than MaxDC add or downcasting operations have been performed on the conjunction og which no more than
MaxDCS have been on simple class and no more than MaxDCP have been on parametric classes. These are
but
from
it
for clarity.
the
conjunction
are
ommitted
carried
with
counts

Secondly we consider the downcasting of a class in a conjunction such that c' = c\t U t' for classest and
t' in the database.Firstly, the position oft in c is a valid position in P. Secondly, t' is a suitable subclassof
t. t' must both be the most general subclassof t and the subclassingmust be done along the spanning tree
introduced by the first parent relation. Where the subclassis abstract,its subclassis used,according to the first
parent rule above. Thirdly, t' is in order. 1(t') > I(k), for all kE c\t'. Then, M' = 1(t'). c' is a metaknowledgevalid combination. c' must not contain any abstract classes,must not contain any pair of classeswhich are
from the samemutually-disjoint set, must not contain any pair of classes(r', r") such that r' is a subclassof
in
be
the databaseof (conjunctive class) t'. P is set to the first position at which
there
an
object
must
and
r",
M=M.
is
Finally, bounds must be respected;no more than MaxDC add or
out
of
order.
the conjunction c
downcasting operations have been performed on the conjunction of which no more than MaxDCS have been
have
been
MaxDCP
than
no
more
on parametricclasses.The type specification operator
and
classes
simple
on
does not changethe set of fresh variables.
Taking a simple example,the refinement using classrestriction of the the query
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M[mutagenic

M[hasgroup
G],
M:
G
yes]
+molecule,
: group
->
--*

(4.9)

M [mutagenic -->yes] F- M[hasgroup G], M : molecule,G: ring
--+

(4.10)

includes

Ordered substitution -

p,,,,,and p,

Where suitable orderings exist betweenargumentsof the literal, refinementmay be carried out with respectto
the argumentsin the literal as well asby adding new literals to the clauseas a whole. With eachsuchrefinement
using the argumentsof the literal, a refinementoperator specialisesthe clauseit operateson, accordingto some
generality ordering. Necessarily, the refined clause covers fewer (or the same number of) examples in the
knowledgebase.In ordinary refinement,adding a literal establishesa constainton the clausein order to specify
it. An order-yielding method gives rise to a family of such constraints, which take their generality
ordering
from the ordering relationships betweenthe objects specifiedas arguments.
Example 4.22 (Ordering

of natural number conditions). Consider a method testing the ordering over natural
numbers. We might specify an ordered method Iessthan with the following signature and implementation:

MS = integer[Iessthan(integer)

= boolean]

A[lessthan(B) --* true] <- A<B.

(4.11)
(4.12)

Any clause involving the literal X: integer[Iessthan(2) --, true] for some preceding variable X of class
integer may be refined by replacing the literal with X: integer[Iessthan(1) --* true] because I<2 in the related
order, and therefore any example covered by the former is clearly covered by the latter. As such, the refinement
is a specialisation.

Accordingly, literals produced from order-yielding methodsrepresentconditions which can used to refine
features. The method need not be well-ordered; the method may exploit any ordering of objects. Theseorders
are defined by the metaknowledgeconstructs partialorder and wellorder, introduced in section 3.4.3. From
each of these orders, we can compute a set of legal constantsto use in order-yielding methods, and use the
metaknowledgeto refine the constraints they introduce. Under this general scheme,supposefor a constantk,
the term used in the next most strict instantiation of the order-yielding method is succ(k). Additionally, the
constant used in the most general instantiation of the order-yielding method is k'. Note that an adaptationto
the processof literal addition is necessaryfor order-yielding methods. Namely, in an order-yielding method,
the input variable is no longer necessarilyone that appearspreviously in the feature, but a fresh variable. This
exception is madeto prevent redundancywhile still allowing argumentspecialisation.We consider the general
situation of C containing molecules such that: X[M(Y) -+ true] (or, as frequently-usedin practice, X[M(Y)],
where X: T and Y: T, M is a argument-subsumingmethod and r is some constant returned from M. We
consider two cases. Given a molecule in C acting on an host object of class T with method M and single
(possibly ground) input argumentA:
Substitution of a variable (p,
If X is a fresh variable occuring in the input argumentof an order-yielding
nv).
method with associatedsuccessorfunction succ and most generalconstant/', obtain D from C by substituting

4.4. CONCLUSION

85

k' for the variable X appearing in argument A in C.
For example, the refinement of the query

M[mutagenic - yes] F- M[hasgroup - G], G[atomcount A], A[lessthan(N)
- true]
-,
M : molecule,G: group, A: integer, N : integer (4.13)
includes
M[mutagenic -4 yes] <-- M[hasgroup -+ G], G[atomcount
A],
A[lessthan(15)
--4
-4 true]

M : molecule,G: group, A: integer (4.14)
where the maximum number of atoms in a group defined in the correspondingorder is 15.
of a constant (p,,,c). If the feature C was refined in the last refinement step and substituted a term
t in an argument A, obtain D from C by substituting t by t' in C, where t' = succ(t) under the order associated
with the method.
Substitution

For example, the refinement of the query

M[mutagenic -+ yes] E- M[hasgroup -+ G], G[atomcount A], A[lessthan(15)
-"
-+true]
M: molecule, G1 : group, A: integer

(4.15)

includes

M [mutagenic -+ yes] <-- M [hasgroup-+ G], G[atomcount A], A[Iessthan(12) true]
-->
--+
M : molecule,G1: group, A : integer (4.16)
where succ(15) = 12, which might describe in the context of the metaknowledge that the second-largest
number of atoms in a group is 12 (the largest being 15).
Finally, figure 4.3 illustrates a fragment of the refinement graph in the mutagenesis domain
which demonstrates the result of applying each constituent refinement operator. Note that the features generated during the
refinement are not necessarily complete, i. e., not all variables are consumed.

4.4

Conclusion

This chapter has presentedtechniquesfor inductive logic programming, an approachto induction in deductive
databases. It began by considering the notion of induction and its relationship to IL.P, and presented
some
settingsof ILP which are commonly adopted. ILP relies on the definition of a generality ordering over a space
of hypotheses.We reviewed a number of common orderings which are adopted in ILP and how the orderings
lead to a lattice structure being induced over a hypothesis space. ILP is typically implemented as a search
process,and we consideredthe generalapproachof refinementoperatorsfor searchingthe lattice structure and
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M[muta -+ yes] i-- M[hasgp -* G1],M[hasgp G2]
-4
M: molecule,G1 group, G2: group

F2 = F1 A G2: ring
M[muta

yes] «- M[hasgp

G1],M[hasgp --r G2]
G2: ring

F3 = Fi {GZ/gp107}
M[muta -ý yes] « M[hasgp
-ý

G1], M[hasgp -* gp107]

F4 = FI A acount
M[muta

M[h+

yes]
G l]

G2],

-'

s

Iacoun
t-+
acouGi
-. Nl]

FS = F4 A acount
M[muta -* yes] +- M[hasgp -+ GI], M[hasgp G2], G1[acount
-+
N1], G2[acount -*N2]
N2: integer

F6=F5{N2/Nl}

F7 =F5Aless
M[muta -+ yes] *- M[hasgp
G1 ], M[hasgp -+ G2], G1 [acount
N1], G2[acount
N2],
N2[less(Nl)
--+

M[muta -+ yes] +- M[hasgp -*
Gl], M[hasgp -4G21, GI [acount -,
Ni], G2[acount -+Nl]

true]

F8 = F7(mv)
M[muta --yes] +--M[hasgp -+ G1], M[hasgp -* G2], G1[acount
N1], G2[acount -. N2], N2[less(15) -+ true]

F9 = Fg(mc)
M[muta ---*yes] -M[hasgp
-p G1], M[hasgp --i G2], Gl[acount
N1], G2[acount --+ N2], N2[less(12) -" true]

-+

The backgroundknowledge defined for this lattice is as follows: molecule[muta = bool], molecule[hasgp= group],
integer], integer[less(integer) . bool], ring :: group. Clauserestrictions are omitted were they do not
group[acount
changebetweenfeatures.group and integer are defined to be subprimitive types. A is an abbreviationfor the addition of a
literal or classrestriction, (mv) for argumentspecialisationfrom a variable, and (mc) for argumentspecialisationfrom a
constant.
Figure 4.3: An fragment of the refinement lattice in the mutagenesis domain showing the behaviour of each
refinement operator.
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somedesirableproperties of theserefinement operators.
These concepts were then taken into the constrained object logic of CORLoG, and in particular considered
the validity of substitutions under the CORLOG framework, identifying variable instantiation, variable unification and class restriction as three types of substitution which are possible. We examined how the result of these
substitutions necessarily bring about resulting class constraints when performed under the object model. When
performing such substitutions, it is desirable not to produce decomposable features for learning. Accordingly,
we examined an approach to substitutions using a graph-based analogy which will not lead to decomposable
features. Further restrictions resulting from class-based metaknowledge such as the semantics of parametric
classes, total, disjoint and abstract classes were then considered in order to refine in a way which respects this
metaknowledge.
The process of search was then considered, and a refinement operator for searching a CORLOG hypothesis
space proposed. The refinement operator comprises a number of constituent operators, each fulfilling a seperate
CORLOG.
During search, the refinement operator produces a CORLOG feature set
under
substitution
of
aspect
features which are type-compatible with the target relation and which fulfil some quality criterion. In
of
set
-a
the learner presented in this thesis, a subset of the features searched by this refinement operator are selected and
transformed into a propositional form suitable for an arbitrary attribute-value learner to produce rules, which
are in turn then translated back into CORLOG form. Chapters 5 and 6 together situate the use of this refinement
logic
in
inductive
programming system.
a
operator

Chapter 5

Propositionalisation and feature
reduction
The previous chaptersintroduced a representationallanguagefor expressingand reasoningwith knowledgeand
queriesfor object logic and studied approachesto structuring the spaceof object queriesand generatingsetsof
featuresby meansof a special-purposerefinementoperator. In order to perform learning with thesesetsof features, a suitable learning algorithm must be employed. In this thesiswe study the application of a transformative
approachto suchlearning, termedpropositionalisation. A multirelational learnerbasedon propositionalisation,
insteadof searchingthe first-order hypothesis spacedirectly, generatesa large number of first-order features,
usesa transformation module to construct propositional features,and defers the learning task to a propositional
learner. We consider propositionalisation as a two-step approach, namely the processof feature construction
into
translation
the
process
of
a single-relational problem. Accordingly, we characteriseand
subsequent
and
discusscommonly-adoptedaspectsof bias which are applied to the language in propositionalisation settings
and also formalise the processof transforming a multi-relational problem into a single-relational one. We review closely related systemsand introduce the special considerationsfor propositionalisation in object logic
approaches.
While the approachhas a number of benefits, the transformation typically results in a datasetof high dimensionality with relatively few examples. An important considerationwhen mining such data is the obstacle
data
increase
in algorithmic complexity. This well-understood
the
training
the
as
well
as
resulting
overfitting
of
problem is known as the curseof dimensionality. Furthermore, features are often highly correlated with each
in
features
in the training data. The particular acutenessof the curse
the
of
other
presence
or
redundant
other
in
dimensionality
propositionalisation meansthat a feature reduction step is advantageous,both in terms of
of
in
terms of efficiency.
as
well
as
overfitting
avoiding
This chapter considers these two issues together. It formalises the process of propositionalisation, and
analysessome novel approachesto post-processingpropositionalised data in order to reduce the number of
features. In particular, a solution is proposedwhich aims to detect thosefeatureswhich are logically redundant
for discriminating examples of one class from another in the presenceof other
those
are
useless
which
features- and remove them. Central to this approachis the partitioning of the example set into subsetsof one
class only, and detecting redundancybetweenthese.
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Declaration:

Part of this work was carried out in collaboration with Annalisa Appice, Michelangelo Ceci
and Peter Flach, and was previously published [5]. The algorithm for neighbourhood decomposition (REFERN) was presented in this work, with REFER-R having been extended from
earlier work by LavW, Gamberger
and Jovanoski [83]. The remaining work, situating the method, presenting the notion of feature ranking for
REFER, the explanation of combined coverage and the analysis of the reason why REFER-N
works, is solely
that of the author.

5.1

Propositionalisation

Approaches to multirelational learning based on propositionalisation have gained significant
new interest in
recent years. Propositionalisation is the transformation of a relational learning problem into an attribute-value
representationsuitable for a conventional, propositional, data mining system. The attributes are also often
called features and form the basis for columns in single-table representationsof data. Accordingly, propositionalisation is ordinarily applied in domains with a clear notion of individual with learning occurring on the
level of individuals only [45].
Where a search of a first-order hypothesis space is too complex or computationally intensive to carry out,
propositionalisation systems instead typically employ simpler methods of feature construction, in effect searching a subspace of first-order clauses, defined by the construction method. In this way, the potentially
explosive
number of possible features involved in a first-order feature search may be contained to a reduced problem
which nevertheless retains desirable properties of the first-order equivalent. The resulting features are, in theory, less expressive than their first-order counterparts and may lead to information loss, where the original
dataset cannot be recovered from its propositionalised format. De Raedt [28] showed that in the general
case,
such information loss was inevitable if combinatorial explosion was to be avoided. If we are willing to accept
such an approximation for the purposes of learning, however, we gain a number of advantages. As well as
computational benefits, a wide range of established propositional learning algorithms may be applied to the
transformed data, which are often highly efficient. Moreover, where such learning algorithms produce results
in the form of rules, they may be re-expressed as first-order rules by a back-translation. Since such rule learners
may use negations of input features, back-translated rules may employ a more flexible form of negation, in
which sets of literals in the back-translated rules may appear negated.

In this thesis we consider query-basedtransformation [29], in which a languageL representsthe set of
all possible queries. Such queries are equivalent to the features in the framework presentedin this thesis.
Transformations may be complete, in which the transformation uses the set of all features in L, or partial,
in which a subsetof the features are selected. Partial transformations may also be referred to as heuristic,
referring to the fact that what is of interest is a small but relevant set of features. Where L is the hypothesis
language,a complete tranformation may in theory lead to no information loss, but in practice suffers from the
combinatorial explosion discussedearlier. In practice, a partial transformation is performed, bounded by two
main user-specifiedmechanisms.Firstly, the user may engineerL to specify a subsetof the hypothesislanguage
which is of interest. Secondly,the user specifiesfiltering methodsbasedon the quality or interestingnessof a
feature. Approachesto thesetechiquesclassify most current

approachesto propositionalisation.
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5.1.1 Transformation into attribute-value form
Having informally reviewed approachesto propositionalisation from the literature, we formalise and generalise
the notion of the processof propositionalisation and the resulting dataset. Initially we consider the process
independentof the choice of logical formalism, later casting the approachto the object logic and its structure
describedin chapters2 and 4. Krogel [76] definespropositionalisation as follows:
is the process of transforming a relational
representation of data and background knowledge into the format of a single table that can serve as the input to
a propositional learning system.

Definition

5.1 (propositionalisation

[76]). Propositionalisation

We concernourselveswith the ILP predictive learning task in which an intensional definition or hypothesis
H is to be learnedfrom examplesE, background knowledge B, previously defined in definition 4.3. While this
definition describedpredictive induction in terms of positive and negative examples,we extend the inductive
setting such that an example may be tagged with one of a number of class labels. In this reformulation, we
attempt to find a theory such that the rules for eachclass is complete and consistentwith respectto the others.
The form of the examplesis often restricted from the general ILP setting. Examples in general ILP may
take the form of structuredfacts representinglists and trees,or consist of rules (or facts) which are non-ground.
The processof flattening [122,81] in which clauses involving structured terms are transformed to flattened
(functorless) clausesexpressedin terms of new functor predicatesis often employed prior to propositionalisation. Furthermore,we assumethat we are learning with respectto a single-predicatelearning task, in which the
is
in
by
H
be
E
terms of one predicateonly.
to
explained
of
property
This predicate is termed the target predicate pt. Each example in E is then representedby an atom of
predicate pr of the form pt(X1,..., X,,,C) for an example defined by the argumentsX; and (target) class C.
The argumentsX; serve to uniquely identify the example, while C is the target class for classification. Under
the object model, a single argumentX identifies the example, and so we assumethe target predicate to be of
the form pt(X, C), or X[pt -+ C] in CORLOG. Furthermore, learning problems involving two classesmay by
(X)
(X)
facts
(positive
by
(negativeexamples).
the
examples)
pt
and
represented
-'pt
Each hypothesis hEH then adopts a head literal of the form p, (X, CIO) for a ground class constant C10
involving a ground substitution 0 and variable X. This headliteral representsthe most generalclause in the set
by
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for an example). Given C= (cI,..., ca), a feature sequence
by a feature construction algorithm, and v(c, 0, e, B), a general function evaluating feature c for
generated
background
knowledge
B
and substitution 0 yielding a ground class constant, the example
against
e
example

Definition

5.2 (propositionalisation

propositionalisation

Pv of an example e= p1(X, CI)0 is defined as a vector:

P,,(C, e,B) = (X8, v(c,, e, e,B), v(c2,9, e,B),..., v(c,,, 0, e,B), C1O)
The substitution 0 is such that e=p, (X, CI)9.

(5.1)
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Informally, P, represents a row in the transformed dataset. Since C is ordered, each element
of P,,(C, e, B)
can be associated with the clause that generated it. The definition extendes naturally to a sequence of examples
E, so that P,,(C, E, B) yields a single table in which each row relates to a corresponding element in E,
yielding
a propositionalisation

of the examples E.

Definition 5.3 (propositionalisation function for a full dataset). Given C, a feature sequenceas above,
P,,(C, e,B), a propositionalisation function for examples,and E= (el,
em),
a
sequence
of
examples,
...,
P, (C, E, B) = (Pv(C,ei, B),..., Pv(C,em,B))

(5.2)

The remaining element of this formalisation is the evaluation function v(c, 9, e, B) which, informally, determines the value appearing in the table for a given clause c, ground substitution 0, background knowledge B
and example e. Typically, the value 1 is used if the example e= pt (X, Cl)0 can be proven from the background
knowledge B and the clause cO substituted with the bindings from the head literal, as in equation 5.3.

v c, 8, e, B -I

ifBAcOF-e

0

otherwise

(5.3)

Work by Krogel [76] situatesevaluation functions' in a more general setting, which considersthe possible
substitutions possible for the variables Vars(C) of a clause C. The background knowledge B is saturatedso
that it consists of ground facts only and a set val(C, e,B) is defined, consisting of all possible substitutions
9 obtained when matching the clause head against the example and the clause body against the background
knowledge B. That is,
val(C, e, B)={(V19,...,

Vie)ICOcBU{e}}

(5.4)

The propositionalisation function is then defined in terms of this set of possible substitutions. Where
Ival (C, e, B) I=0, no variable matches are possible between C and e with respect to B, and the resulting value is
0. In the existential setting, Ival(C, e, B) I>I means that a substitution is possible and a value of 1 is assigned
to v. Counting propositionalisation records the size of the set, meaning that oval(C, e, B) l is assigned. In the
predominant case where v is existential, it is usually more practical to adopt the resolution-based evaluation
function described in equation 5.3 and use a logic programming system to obtain the first available substitution,
at which resolution is stopped for efficiency. Furthermore, with this approach, background knowledge need not
be saturated as in 5.4.
The propositionalisation is now ready to present to an external attribute-value learner. A wide range of
possible learners may therefore be applied. Propositional learners may be characterised by the form of the
models they produce. Rule learners produce rules as their output, typically as conjunctions of literals, where
each literal is a feature in the propositionalisation.

Other learners, such as neural networks, Bayesian methods,
and support vector machines, do not have this property. The rule learners are those of most interest to propositionalisation techniques. The main reason for this is that the literals are expressed as features and therefore the
original feature definitions may be substituted in-place to reconstruct a theory in terms of the original model,
provided that the variables in the head of the clause match with those in the body. This process is termed
back-translation, and the result is a self-contained theory which can be used in a logic programming system to
' Evaluation functions are termed
propositionalisation functions in Krogel's work.
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evaluateunseenexamples.

5.1.2 Feature construction
In propositionalisation, imposing constraints on the hypotheses generated is of particular importance. This
section considers the forms of bias employed in feature construction for propositionalisation, and their effects
on the language L. Bias in ILP generally was discussed extensively in section 2.2, and so in this section
We do so with reference to the two
we briefly account for aspects of bias suitable to propositionalisation.
mechanisms defining L; firstly, properties imposed on the literals and features in a propositionalisation, and
secondly, filtering methods based on the quality or interestingness of a feature. We intentionally adopt a general
view of feature construction for propositionalisation in this section.

Individual-centred representationswere discussedpreviously in section 1.2. Their use is central to propositionalisation methods;propositionalisation assumesthere is a clear notion of an identifiable individual in the
data model so that features can be constructed. In the resulting propositionalised table, each row then relates
to an individual and each (non-class) attribute contains the truth value of one of the features for the given
individual. Any term in a rule relates to either the individual or an element of it. Structural and property relationships are representedby structural and property predicates. During feature construction, the application of
structural predicatesalways introduces a new variable, and as such is the only way nondeterminacycan occur
in an individual-centred representation.Literals basedon property predicatesconsumevariables introduced by
structural predicates. One stopping criterion for feature construction is when all of a features' variables are
consumedin this way. The feature is then termed completeor fully-consumed.
Adopting the individual-centred representationbrings about some of the notions of bias introduced earlier.
The provider-consumermodel of argumentscorrespondsclosely to the notion of WARMR-stylemodes in ILP
generally,though as Kramer, Lavra6 and Flach [72] point out, `mode declarationsconstitute a bias for the body
for
bias
features'. That is, bias is defined on the predicate level rather than the argument level
than
a
rather
in the individual-centred representation.Related to modes is the requirement that an argument is instantiated,
either by the useof a constantsymbol in the predicatedefinitions or by generatingpatternstagging argumentsas
instantiate (e.g. as in RSD). Recall is another important form of bias, correspondingto cardinality constraints.
Finally, assigningtypesto argumentsin order to restrict unification of variablesand specify a setof substitutable
constantsfor an argument,is common in propositionalisation approaches.
Other languagebiaseshave been adopted for defining suitable languagesfor propositionalisation. Recent
Lelezný [142] has consideredthe application feature
by
work
of
grammars in the system EFFEDRINto define
a set of admissible features, combining the stagesof feature construction and evaluation in order to arrive
at an ordering by which the space may be searchedfaster. Feature grammars provide a framework for the
moding, typing and recall constraints discussedearlier as well as variable, literal and node depth, the latter
constraining a depth on the structure of an individual. Orderings on features are defined in order to prune
areasof the feature searchspace,and a refinement of first-order features, by adding literals is arrived at. An
is
defined with respectto the grammar, the ordering and bounds on depth and length.
constraint
admissibility
Admissible features are also required to respect variable consumption and undecomposability, while being
relevant (possessingsufficient coverage)and being non-trivial.
The individual-centred representationadopts a number of important properties of features in propositionalised datasets.Section 3.2 discussedpropertiesof CORLOGfeaturesconstructedduring induction. We briefly
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discuss some of these properties in the general context of propositionalisation.

Firstly, propositionalisation sys-

tems typically restrict features to those which belong to the Datalog class. Arguments to predicates in Datalog
adopt only variables and constants as their arguments. Definition 3.6 defined a linked feature. In order to be
evaluable and meaningful for propositionalisation, its variables must be linked. The notion of decomposability,
defined in definition 3.7, is important. Since the feature acts as an ingredient of a rule, no feature should be
expressible as a conjunction of two simpler features already present in the feature set, since they are redundant
in the presence of their constituents. In general, ensuring the absence of decomposable features leads to a more
compact propositionalisation for the same set of potentially learnable rules. Finally, some learning problems
require, or are greatly facilitated by, the ability of the learner to learn recursive clauses - those in which the
in
in
literals
in
least
head
the
the body. Since this brings about its own
the
at
one
of
appears
symbol
predicate
complications, recursive features are often assumed to be absent. We made this assumption in section 3.1.

Following from the idea of a linked feature is determinacy, introduced in section 2.2. Determinacy is a
common meansof limiting a candidatehypothesis space. Determinate featurespossessonly one substitution
for their variables, and lead to considerable efficiency during evaluation. In the context of the individualcentredrepresentation,where all the structural propertiesare determinate,the clause is said to be determinate.
Determinacy,ij-determinacy and variable depth form syntactic boundson clausesin a number of propositionalisation systems.We examine to what extent common forms of bias and thesesyntactic boundsare adoptedin
propositionalisation systemsin section 5.1.3.
In addition to specifying strict bounds on the permissible features in the languageL, heuristics and filters
feature
in
feature
determine
features
the
to
be
to
a
appears
set. The criteria that
whether
generated
may applied
thesefilters adopt can be divided into severalcategories.
Quality-based heuristics determine a feature's inclusion by some quality measure,often involving the calfeature
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space,although
with
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cachingcan alleviate this problem. Syntacticfilters determinea feature's inclusion by constraintson the form of
the featureor the variablesparticipating in it. Thesecan take the form of simple boundson the number of variables and literals appearingin a feature, for example. They may exploit metaknowledgeabout the interactions
of variablesin methods in order to detect impossible, redundant,or otherwise invalid literals syntactically. An
exampleof this comesfrom LINUS, in which metaknowledgeabout the symmetry of predicatesreducesthe hybounds
in
length
(as
[73])
description
Alternatively,
could
complexity
other
clause
or
minimum
pothesisspace.
be set. Logical redundancyfilters determine a feature's inclusion by considering its coveragein the prescence
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part of this chapter, starting
more
much
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redundancy
measure.
section 5.2.

5.1.3

Existing propositionalisation

systems

A wide variety of approachesto propositionalisation have developed in the last ten years. Approaches may
be general, or specific to a particular aspectof the task. This aspectmight be related to the domain, such as
computationalchemistry [69,70] Alternatively, it may focus on a particular data structure. In SUBDUE[22], for
example,structural conceptsrelating to graphs,i.e. substructures(consisting of subgraphs,not necessarilycon-
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nected subgraphs), are constructed. The most compressive (with respect to MDL) substructures are compressed
in the graph and further iterations build up a hierarchical model of regularities. General-purpose approaches
differ most in the method of feature construction, and therefore the choice of language L. A good survey of
in
found
[72].
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be
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given
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more
at
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database
elements
such
as
aggregates. Stochastic approaches [73] maintain a number
non-existential
account
of clauses, employing a generational method which removes clauses probabilistically based on their minimum
description length while adding new ones constrained by desirable properties. While it lacks completeness in
the search, it attempts to find combinations of features which discriminate well. Wrapper approaches employ
literals
learner
ILP
to
a
rule,
and
return
each
subset
of
whose variables connect and which aren't useless
an
(true or false for all examples), are discarded.
In [133], the features from PROGOL are used for multiple linear regression. Similarly, features constructed
by the association rule miner WARMR [36] have been used in propositional algorithms [ 116]. Lazy propositionalisation was introduced with the learner PROPAL [39], which deviates from the regular propositionalisation
framework by no longer necessarily constructing one tuple per example. An AQ-like algorithm considers the
for
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increase
in
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in
doing
the
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to
the
and
so
aims
exponential
most
overcome
examples
the size of the feature set typical in propositionalisation. A propositionalisation pattern (maximal variablisation
of a seed example together with equality constraints from the example) is constructed from the training set
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space of positive and negative transformed substitutions allows the extension of overly-general hypotheses. Finally, bottom-up propositionalisation [71] limits the language L by taking a data-driven approach. The primary
difference is that features - here fragments of a molecular structure - are constructed from examples. An
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The pioneering propositionalisation system was LINUS [77,80], introduced in 1993. The original LiNUS system had little support for the generationof features as they are discussedhere. Transformation was
performed by considering only possible applications of background predicateson the argumentsof the target
into
taking
account the types of arguments. Accordingly, the clauses in L that it could learn were
relation,
in
body
in
head.
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ing given the binding of the literals that appearbefore it. While few real-world domains are easily represented
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2COSINUSstandsfor `constrainedobject SINUS.'
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--INDIVIDUAL
1 train
train
--STRUCTURAL
2
train2car
2

car2load

cwa
*: #car

1: train
1: car

1: #load

*
*

cwa

cwa

--PROPERTIES

cshape
clength
lnumber

2 car
#shape
2 car
#length
2 load

* cwa
* cwa

#numberl

* cwa

Figure 5.1: A fragment of the PRD file describing the trains example

domains in a modular system integrated with the propositional learner. Whereas LINUS directly applies background predicates based on the arguments of the target relation, SINUS employs flattened, individual-centred
data representations in feature construction, recursively building a clause from structural and property predicates. SINUS thus escapes LINUS' behaviour of constructing constrained clauses only, which follows from its
bias. The extended LINUS approach [81] is another example of an extension to LINUS which uses structural
and property predicates. The main differences lie in the treatment of property predicates3, the ability to defined
biases based on reuse of variables and the choice of stopping criteria4

SINUSassociatestypes with the argumentsof predicatesvia a predicatesdescription file, recursively generating first-order featuresbasedon the linkage of argumentsof the sametype and constantsappearingin the
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ing individual, structural and property predicates. This is used both to define the hypothesislanguageand the
constantsassociatedwith each type, which are extracted automatically from the data but may be overridden.
A PRD file defining the domain for the trains example is shown in figure 5.1. Each predicate is defined by its
name and number of arguments. The types of each argumentare given together with their modes and, in the
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During construction, where an argumentis an input, an existing variable is substitutedfor it. Dependingon the
model, output argumentsare substituted with a new variable or a constant- once for each value the type of
the constantmay take. Recursionends when there are no longer any unbound variables. However, this partial
3In extendedLiNUS, arguments
may either be a previously unboundvariable or a constantof the argumenttype
41nLINUS the numberof
variablesand utility predicatesare limited whereasin SINUSthe bound is the number of literals and variables.
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clause can go on to form new clauses if the user has decided to reuse consumed variables. This method of
feature generation defines the language L.
The last decade has seen a large number of additional propositionalisation systems proposed, many of which
assume an individual-centred representation and the notion of a first-order feature. Logic-oriented techniques,
such as SINUS and the subgroup discovery system RSD [84] typically produce existential logic programming
clauses as part of their central feature construction step. RsD was originally intended as a system for relational
subgroup discovery, though we consider it here as aa first-order feature constructor. Like SINUS, features are
exhaustively generated via a recursively-implemented search of the hypothesis space of first-order features genbounds.
RSD
first
constructs complete features, and then permutes the constructions
user-defined
within
erated
with possible variable bindings before generating the data. Constraints are introduced in order to determine
which variables are instantiated. Logically redundant features may be detected in order to reduce the feature
information
loss
of
or learnability of any possible theory. RSD does this implicitly by testing
without
size
set
for equivalency of features instead of post-processing with a feature reduction step. Predicate definitions are
used in order to guide and constrain the recursive process of feature generation. As in SINUS, strong typing and
input/output-style modes are defined for arguments, and in addition, RSD uses a recall parameter to specify the
number of successful calls to a predicate, as in ALEPH [132]. RsD allows user-defined bounds on the depth of
variables and number of occurences of a symbol.

Database-orientedtechniques, such as RELAGGS[75], operate more at the databaselevel, adding nonexistential featuressuch as aggregationwhen constructing features. In the database-orientedpropositionalisation techniques,featuresare basedon the application of databaseaggregationfunctions, an approachwhich is
not necessarybasedon the testing the existenceof some property (or properties) of an object associatedwith
the individual under test. An exampleof a database-orientedsystem is RELAGGS[75], in which the declarative
bias is basedon the definition of a databaseschema,in particular the foreign-key relationshipsand the indexing
usedfor records. Parallelsbetweensuch aggregationfunctions can be drawn with the object view. Aggregation
is applied to single fields and pairs of fields in the databaseand record identifiers are propagatedacrossrelational tables by foreign-key relationships. The application of these aggregationfunctions, for example counts
of objects satisfying some condition, has shown more appropriate in some domains [74] than an equivalent
purely logical approach.

5.1.4

Propositionalisation

in the object model

The propositionalisation framework presented above is largely independent of the choice of logical presentation; the definitions and arguments are well-accommodated by an object logic such as CORLOG. We restrict
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a
set
given
of
sharing a head variable representing the individual X, we adopt
equation
the value 1, associating it with the individual given by X, if BA cA I- e for some feature cEC and example
CI)O,
0
That
is,
feature
is
if
the
that
and
otherwise.
true
the body unifies with the example
e=
pg(X,
such
e
described by the individual identifier XA under some substitution 0' based on 0. Otherwise, it is false.
Having assumed that all features are Boolean in this way, we refine the definition of a CORLOG feature to
follows
feature
directly
from
CORLOG
Boolean
the definition of a CORLOG feature in 3.2. A Boolean
which
a
CORLOG feature simple restricts the interface to one in which there are no input arguments other than the host
argument and no output arguments.
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Definition 5.4 (Boolean CORLGGfeature). A Boolean CORLGGfeature is a CORLoG clauseof the form
0[fa]-

11A... AInACl

A... ACm

where 0 is an id-term representing the individual. The meaning of 0, f

(5.5)

I; and cj is as in definition 3.1.

0, as a term in the feature, is itself constrained to a class by a class membership assertion in the conjunction
cl A ... A cm. The notion of a feature set in 3.3 follows from this class of features. Since there is no input or
output arguments, the only criterion for a set of features to form a feature set under a common interface is in
terms of 0. A feature set FS is associated with an interface intFS = (OFS). For each feature in this set, the term
0 is constrained to be of class OFS or a subclass of OFS. A feature is therefore a nullary method on a single
individual represented by an id-term. We may occasionally commit a slight abuse of notation and use the term
fa to refer to the body of the feature
l
in
feature
A
A
A
A
A
the
cl
cm
especially
context
of
a
set
-11
...
...
under a constraint OFS. Furthermore, a valid Boolean CORLOG feature is defined by the same properties as a
standard CORLOG feature. More specifically, the feature is linked as in definition 3.6, undecomposable as in
definition 3.7 and class-constrained as in definition 3.12.
The remaining issues in carrying propositionalisation over to the object model exist as a result of the two
mechanisms identified in feature construction - namely, restricting the language and choosing bias, and it is
in these areas that the majority of this thesis is based. We conclude this discussion of propositionalisation by
making some further observations. First and foremost, the object model may be seen as a (very much larger)
superset of the PRD style of domain modelling for the individual-centred representation, and example of which
is shown in figure 5.1. While the PRD representation expresses individuals (objects), part-whole relationships,
properties, and cardinalities, and input/output and mode constraints, the object model adds inheritance, finelytuned value constraints, method meta-knowledge, and more. Secondly, ordinary propositionalisation introduces
a simplistic notion of type, which serves to specify unification constraints and the set of values for which an
variable argument may be instantiated with constants. Object logics employ a much more sophisticated, and
usually finely-grained, notion of type. Mode declarations, on the other hand, have a simple mapping to a
method call, which presupposes the host object and arguments are instantiated. Finally, the declarations serve
as a convenient restriction of the language L. Accordingly, object declarations should also seek to control the
nature of the search through the hypothesis space.

5.2

Feature elimination for propositionalisation

Under the setting presented, the resulting dataset belongs to a specific class of dataset, which we refer to as a
propositionalised dataset.
dataset, feature, class). A propositionalised dataset is a collection of n
training examples e, EE which are described by m Boolean features f; EF where a feature is a mapping from
examples to Booleans. Furthermore, each example is labelled with a class, drawn from a set C of possible
Definition

5.5 (propositionalised

classes.

For the rest of this chapter, the term dataset will be restricted to only propositionalised datasets. In the
Cl 2, we term the dataseta two-class dataset. Where ICI > 2, the datasetis termed a multicase where S=
class dataset. Furthermore, we adopt predictive ILP as the normal setting for propositionalisation, defined in
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definition 4.3 and extended to the multiclass setting in section 5.1.1. Accordingly, we assume that the features
in the dataset being reduced are to be used in classification rules. The hypothesis language being searched is

therefore assumedto be the set of all possible conjunctions of features.

5.2.1 Detecting redundancy in example set partitions
Informally, a feature is said to be logically redundant if there exists another feature in the data which discriminates at least the same examples of one class from another for the purposes of classification rule learning. More
formally, the definition of logical redundancy comes from the work on the REDUCE algorithm [83], adapted
here to the multi-class case by considering redundancy between classes.
5.6 (logical redundancy, logical redundancy for multi-class settings). A feature f is redundant
in the presence of another feature g if g is true for at least the same positive examples as f and false for at least
the same negative examples as f. A feature f to be redundant for discriminating class a against class b in the

Definition

feature
if
is
for
true
of
another
g
g
at least the same examples of class a as f and false for at least the
presence
same examples of class b as f. Where a feature f is said to be redundant in the presence of g, we say that g
covers f.

We refine this conceptfurther to give a formal definition of coverage,following that given by Lavrad et al.
[83] for the two-class case:

Definition 5.7 (coverage). Let Ei and E,n be a pair of subsetsof E such that every example in E1 is of class cj
in
is
E,
of class c,n (c, # cm). A feature fEF covers a feature geF for discriminating
example
every
and
for
(g)
from
if
E,
E,
T,
the
U
C T,(f) and F. (g) C F. (f), where T (f) is the set of
examples
class
c,
cl
class
all examplesei E El such that f has the value true for e, and F(f) is the set of all examplesej E Esuch that
f has the valuefalse for ej. Similar definitions follow for Ti(g) and &(g).
Informally, for classification rule learning, we assumethat feature f is better than another feature g for
distinguishing cl from cm if f is true for at least the same cl examples as g, and false for at least the same
cm examplesas g. In this setting, we nominate class cl as the class which the classification rule attempts to
describe. The notion of a uselessfeature follows from this definition.
Definition

5.8 (useless feature).

A feature f is said to be a uselessfeature for a subset E; if either T (f)
=0 or

F, (f)=0.

Returning to the classification rule basis for feature reduction, since the conjunctions of features in the
hypothesis languageLH are not necessarilyassumedto include negationsof features,it is therefore necessary
for the user to provide additional negatedfeatures where this is required. In some learners, negation may be
by
learner
in
introduced
the
the casewhere featuresrepresentonly positive literals. Then, there is an
eventually
effective comparisonbetweenf and g as well as -'f and -ig, though not betweenf and -g. If negatedfeatures
are supplied explicitly, all possible combinations are evaluated.
Uselessfeaturescan be immediately removed from the set of features F regardlessof the values of other
features, since they do not discriminate cl from c, for any examples. They are therefore of no use in a clasin
be
preprocessingwithout compromising the discovery of a complete and
can
eliminated
rule
and
sification
from
hypothesis
the reduced data. A feature being detected uselesscan be considered a type of
consistent

100

CHAPTER 5. PROPOSITIONALISATION AND FEATURE REDUCTION

Algorithm 5.1: REFER-R:feature elimination algorithm.
input : El, a set of examplesof classci
input : En a set of examplesof classc
input : F, a set of features
input

: R, a set of features from F already detected as non-redundant
output: RF, the set of features detected non-redundant for discriminating class cl against class cm
RFF- F\R
forall f; E RF do
if f; has value false for all examples eE El then
L remove f; from RF
if f; has value true for all examples eEE.
L remove f; from RF
if fi is covered by any fjE
L remove f; from RF

forall f; E RF do
if f is coveredby any fjER
L removef, from RF

then

RF then

then

return RF

logical redundancy. Where a feature is detected as useless, it can be considered redundant without needing to
check other features for coverage.
Given an arbitrary dataset, we therefore detect the redundant features by first checking for uselessness and
then checking pairwise against other (remaining) features for coverage. This algorithm, REFER-R, is expressed
in pseudocode in algorithm 5.1. Note that it allows for the input of aa set of features to be marked as already
non-redundant.
REFER-R is similar to the REDUCE algorithm, but extends its setting to that of datasets taking more than
two classes. The notions of positive and negative examples in REDUCE correspond to examples of class cl and
cm which may be any two possible classes. Further, the algorithm allows a number of features already found
non-redundant to be supplied. The algorithm does not consider these for removal, but instead first collects all
candidate features - those not yet marked as non-redundant. Like in REDUCE, if a feature in RF is covered,
or it is true in its cl examples and falso in its cm examples, it is removed. However, following this, it checks
each feature against those that have already been marked non-redundant (in R). The transitivity of the coverage
relation ensures that this leads to no drop in performance, and furthermore, requires fewer comparisons.
This approach is of use in the multi-class case, in which REFER-R is used to find non-redundant features
between each pair of classes (1, m) with corresponding sets of examples (EI, Em). A feature is then determined
non-redundant if it has been found non-redundant for (at least) one pair. Necessarily, REFER-R is applied

multiple times, and R accumulatesthe non-redundantfeaturesfrom each application.

5.2.2 Partitioning and comparing pairs of partitions
Fundamentalto the feature reduction approachesdiscussedin this chapter is the set partitioning of the dataset
into neighbourhoods,where eachexample in a neighbourhoodsharesthe sameclass label. Theseare often sets
of exampleswhere the number of features differing in value between the examples is relatively small. This
partitioning has two important effects. Firstly, it allows the reduction of multi-class data, and secondly, by
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5.2: REFER: top-level algorithm
: E', a set of training examples
: F, a set of features

output: RF, the set of reducedfeatures
begin

RF 4--0
E=

{EI,...,

E,,, } 4-- PARTITION

(E')

forall Ej E E, where E; belongs to class c; do
forall Ej E E, such that Ej belongs to class cj, cj # c; do

RF *- RF U REFER-R (E;, Ej, F, RF)

LL
return RF
end

partitioning we obtain a much-reduced dataset. We define an example set partition as follows:

Definition 5.9 (example set partition, neighbourhood). An exampleset partition E of an example set E' is
{El,
disjoint
}
E2,...,
E,,,
(w < n) whose union is E and for each E,, all the examples
subsets
non-empty
of
a set
are of the sameclass. Each subsetE; is termed a neighbourhood.
From now until the end of this chapter, the term partition will be used to describe an example set partition.
Similarly to the case in which class-pairs are compared, after an example set partition is constructed, in
order to remove redundant features from the example set as a whole, it is sufficient to detect redundancy among
(E1,
Ej) of differing class. Where a feature is found to be non-redundant between any
of
subsets
pair
each
pair, it can be considered non-redundant for the whole example set E'. The set of features found redundant is
dependent on the partition, however, and may not be equivalent to using the strategy of comparing, for each
class pair, all examples belonging to each. By considering each pair of subsets of differing class from the
partition, and applying the REFER-R algorithm to detect non-redundant features between them, adding each set
to the set for the entire dataset, we arrive at a algorithm 5.2. We represent an arbitrary partitioning algorithm by
the symbol PARTITION, deferring discussion of the partitioning strategy until later in this chapter. PARTITION
returns a set of example sets, each of which necessarily belong to one class.
Furthermore, it can be shown that for an arbitrary set partition, the removal of redundant features in this
way conserves the learner's ability to discover a complete and consistent hypothesis in the reduced dataset, if
that were possible in the original data. More formally,
Theorem 5.10. Given LH, a hypothesis language rich enough to allow for a theory T, that is complete and
be
learned
from
for
to
E,, } a partition
class,
each
a training set E', a set of features F and {E1,
consistent
...,
of E', a complete and consistent theory T can be found using only features from the set F' CF if and only if
for each possible pair of examples (ei, ej) E (Et, Em) with cl # c,,,, there exists at least one feature fE
that e; E T1(f) and ej E Fm(f').

F' such

Proof. Necessity: Supposethat a pair of examples (ei, ej) E (Ez,Em) with cl 36cm exists such that there is no
for which e; E Ti(f') and ej E Fm(f'). This implies that no rule involving features in F' could
feature fEF
discriminate between e; and ej and a description which is complete and consistent with respect to the class
(N,
Sufficiency:
G=
be
found.
Let
A)
be
the graph corresponding to the partition of E', in which
cannot
ci
edgesexist between neighbourhoodsof differing class. Consider an arbitrary example eE E'. We can build
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a description of e from all those features Fe appearing on all arcs of G connecting its containing node, since
we have associated with these arcs the set of all features discriminating e against every other example of a
different class, and vice-versa. This description is exactly the conjunction of all those features which are true
for e with the negation of each of those features that are false for e. This description is then true for e and
no other example. Now consider all those examples in the neighbourhood (and therefore of e's class). We
build a description for those examples by constructing a disjunction of the descriptions for each example. This
description is true for each of these example and no other example of a different class. Similarly, we can build
a description of each class as a whole by taking a disjunction of such descriptions for each neighbourhood. We
now have a complete and consistent hypothesis for each class.

r-l

5.2.3 Ranking features for tie-breaking
Where a dataset is partitioned into many neighbourhoods, often containing few examples per neighbourhood,
it is possible that within many of the neighbourhood-pair comparisons there exist a large number of features
covering all others. These features are then necessarily identical (and therefore cover each other). Where none
of these features have previously been found non-redundant, this raises the question of which one of these
features to select and determine non-redundant in a particular neighbourhood-pair comparison. Our aim to is
achieve the smallest reduced feature set. Over many such neighbourhood-pair comparisons, the feature to select
becomes an important consideration. Following the original algorithm, features are ordered by their appearance
in the datasets, i. e., feature fi may be chosen over an equally-covering feature f2.
By precomputing

coverage

rank the features according

relationships

between

to the degree to which

features

in each neighbourhood

pair, it is possible

to

they are covered by other features, before the execution

of

REFER-R.

Definition 5.11 (feature ranking score, feature ranking). Thefeature coveragescore,denotedf csE(f) of a
featuref relative to an example set partition E is the sum of jE1IIEEI for all (i, j) such that f is coveredby some
g in (E;, EE)5. A feature ranking R(E) for an example set partition E is a sequenceof featuressuch that where
a feature f exists earlier in the sequencethan a feature g, f csE(f) >f csE(g).
Informally, we assume that the higher the score fcsE (f), the more likely the feature f will be covered in
neighbourhood-pair comparisons. By adopting this ranking, in the case of a tie, we aim to remove the feature
which is more likely to be also removed in other neighbourhood-pair comparisons. This approach is more likely
to yield a greater reduction.
The score is a weighted sum of the number of times a feature is covered by at least one other in each
neighbourhood-pair of differing class. The sum is weighted by the product of the sizes of the neighbourhoods.
This makes the magnitude of the measurement independent of the choice of partitioning and in particular the
size and number of neighbourhoods. Additionally, the measurement is more influenced by larger neighbourhoods, where coverage between features is less common, but where these coverage relationships are more
in
larger
its
In
the
dataset
in
this
the
relationships
coverage
terms
the
way,
reduction.
entire
and
significant
of
neighbourhoods inform the selection of features between smaller (or singleton) neighbourhoods.

The pseudocodefor the algorithm is shown in algorithm 5.3. The RANKFEATURESalgorithm closely
resemblesthat of the REFERalgorithm, since, with the exception of the availability of the features already
5if f is useless,
it is considered
to becovered.
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Algorithm 5.3: RANKFEATURES:Pseudocodefor feature ranking
input : E, a set partition of training examplesinto neighbourhoodsE;
input : F, a set of m features
output: R, a ranked sequence of features from F
do fCSE(fi) <- 0
forall 1<i<m
forall Ei EE where E; belongs to class ci do
forall Ej EE such that Ej belongs to class cj # ci do
do
forall fEF

if f false for all E; or true for all Ej then
IEjI IEi I
I fCSE(fi) 4-, fCSE(fi)+
else
L if Ig such that f is covered by g then fcsE(f; )'

fcsE(fi)

+ IE11jEj I

R "- F ranked according to decreasing f csE
return R

found non-redundant, they perform the same test. As a result, in the worst case, ranking the features will
cause only a doubling in the execution time for any size of example set or feature set. Unfortunately, it is not
sufficient to record the fact that a feature is covered in RANKFEATURES and subsequently use all of these facts
in the REFER-R run, since in the case where exactly two features are equal, both would be determined covered.
In REFER-R, when one is deleted, the other is no longer covered. However, efficiency gains are likely to be
possible if coverage of non-equal features was cached, owing to the transitivity of the feature coverage relation.
If a feature is covered by a non-equal feature, it will necessarily be removed by REFER-R.
The algorithm produces a ranking of features R, with the first feature in the list being the one covered
most often. When considering which of a pair of features to eliminate (and determine redundant), REFER-R
will favour the first feature in the ranking, corresponding to the feature which is most covered by the others
overall. In practice, the REFER-R algorithm considers features for removal according to the sequence R, thereby
eliminating the most covered features first. In chapter 7, we will empirically determine the utility of the REFER

algorithm with and without ranking enabled.
Having considered the process of removing redundancy given a particular partition, we next consider the
method used to generate the partition - the process of neighbourhood construction.

5.3

Neighbourhood

construction

Partitioning an example set is clearly a complicated challenge. Although the problem concerns only the partitioning of the examples of each class, an exhaustive search of the possible partitions is made computationally
prohibitive as a result of the combinatoric explosion of the number of possible partitions, given by the nth Bell
(k)Bk.
Bo
BI
B
[121],
Bi+1
yk_o
We may draw a parallel between the problem
where
and
number
=
=1
=
of partitioning and clustering, a technique which aims to partition a set of examples into subsets so that the
examples in each subset are similar, for some, possibly specialised, notion of similarity. However, effective
partitioning seeks instead to combine examples which work together to cause feature coverage. To motivate
our choice of partitioning method, we first determine the nature of the conditions to be met by a desirable
partition. We then consider a partitioning method -

REFER-N-

and analyse it according to these conditions.
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Table 5.1: The result of combining and simplifying conditions for combined coverage

5.3.1 Conditions for combined coverage
We claim in this chapter that partitioning datasetsleads to a greater reduction of the feature set. Previous
work has shown empirically [5] that the adoption of REFER-N for partitioning leads to a greater reduction
than without partitioning. We now analysethe reasonsfor this increasedreduction. In order to do so, we first
consider the conditions under which a generalpartition leadsto greaterreduction.
Recall that a feature is non-redundant if it is found to be non-redundant (not covered) in at least one
neighbourhood-pair comparison. Therefore, a feature f is only redundant if it has been found to be covered
in each neighbourhood-pair comparison. By partitioning the training examples into neighbourhoods, f may be
covered by different features in each neighbourhood-pair comparison, reducing the feature set further. Were
the training examples not partitioned into neighbourhoods, it would be necessary for a single feature g to cover
f all examples, a condition that is satisfied far less frequently. We call this effect combined coverage. More

formally,
5.12 (covered by combined coverage). Given a example set partition E= {E1,
E,, }, resulting in
...,
(E;,
NP
Ej) Ici cj }, a feature f is covered by combined coverage
comparisons
a set of neighbourhood-pair
={
if f is covered by at least one feature gi for each compared neighbourhood-pair (Ei, EE) E NP.

Definition

When coverage is being detected over examples in a neighbourhood-pair consisting of examples of class
cl and cn (cl # cm), coverage is first detected for discriminating cl from cn, and then vice-versa. In order
for a feature to cover another, conditions must be met for both the cl and cexamples
in the neighbourhoodpair. Therefore, in order to maximise the effect of combined coverage, it is necessary to consider the coverage
relationship in both directions simultaneously, rather than testing them independently.
We summarise the conditions for redundancy as follows, in which T, (f) is the set of all examples in Ea
,
such that f has the value true for f, and Fb(f) is the set of all examples in Eb such that f has the value false for
f. Redundancy is discussed in terms of subset relations, and to simplify discussion, we often adopt the relation
in terms of T-sets. Observe that F, (f) C F(g) if Ti(f) 2 Ti(g) for any E.

Recall that a feature f is redundant (with respect to another feature g), where (subsetcondition) Ta(f) C
Ta(g) and Fb(f) C Fb(g), or equivalently, T, (f) C Ta(g) and Tb(f) 2 Tb(g); (constantfalse) Ta(f) = 0; (constant
,
true) Fb(f) = 0. By considering each possible combination of theseconditions, applied not only for discriminating the examplesof Ea (class cl) from those of Eb but also for those of Eb from those of Ea, we arrive at
conditions for combined coveragein both directions simultaneously. Table 5.1 shows the result of combining
and simplifying theseconditions, incorporating the rule rewriting subsetrelationships in terms of the T-values.
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Ignoring the impossible conditions, the table shows three general forms of theseconditions betweena pair
of features. Firstly, constant features are always true or false. Subset/constantfeatures, are those which have
a constantcoveragerelation on one side and a subsetcoveragerelation (with respectto some feature g) on the
other side. Subset/subsetfeaturesare those with a subsetcoveragerelation (with respectto two featuresg, g').
With the exceptionof the last condition, theseconditions are computedeasily, since eachof theseconditions are
constructedfrom tests of coveragecontained within one neighbourhood. Accordingly, the subsetrelationships
in the secondset of conditions need only ever be tested once per neighbourhood and the coveragecomputed
conditional on whether the features on the other side are constant. These subset relationships and constant
properties may easily be stored in a lookup table. Similarly, the first set of featuresmay be testedby checking
thesetables.
In summary, partitioning the example set aids reduction becauseit relaxes the condition by which a feature can be consideredcovered. Specifically, it allows a feature to be covered by a different feature in each
neighbourhood-pair. Additionally, we saw that most of the conditions for which combined coverageapplies
dependonly on coveragewithin a single neighbourhood.

5.3.2

REFER-N: Partitioning

based on Hamming distance

Having discussedthe detection of logical redundancywithin a single neighbourhoodand the interplay of neighbourhoodscomprising a set partition, we discussmethodsof arriving at such a partition. Although partitioning
the datasetand reducing it by analysing its neighbourhood-pairsmeansthat more featurescan be found redundant, not every example set partition leads to the samereduced feature set size. In order to determine how best
to partition a dataset,the three following desirableproperties of neighbourhoodsare established.
Firstly, there should be as many coverage relationships as possible between feature-pairs in individual
neighbourhoods. Secondly, there should be as many features as possible whose values are constant across the
examples in the neighbourhood. However, according to the conditions derived above, if these properties worked
together to make a feature redundant, they would need to apply to the same feature on both sides, and so ideally
it is necessary to ensure these conditions hold on both sides by explicitly testing them. Thirdly, neighbourhoods
should not be too small. The neighbourhood partition for which the most coverage relationships exist is that
in which each example has its own neighbourhood, termed singleton neighbourhoods.
In principle, using
this example set partition, it is possible to maximally reduce the feature set. In this extreme case, for each
neighbourhood pair, the only non-useless feature is one which is true for the positive class and false for the
negative class, according to the definition of coverage. The algorithm then has the task of determining, in
O(1E12) neighbourhood-pair comparisons for an example set E, which of these many features is to be labelled
non-redundant. The introduction of the alternatives leads to the reformulation of the problem at that point to the
NP-hard calculation of the minimum hitting set, the minimum reduced feature-set such this reduced set contains
at least one element from each neighbourhood-pair comparison. In other words, further decomposition of a
(non-singleton) neighbourhood in which there is a clear coverage relationship between two given features,
may lead to more features being labelled non-redudant as a result of their consideration separately, and a
lesser reduction in the number of features would result. Adopting ranking methods may assist this, however.
As well as producing more non-redundant features, adopting singleton neighbourhoods produces many more
neighbourhood-pair comparisons and therefore introduces efficiency concerns.
The choice of neighbourhood decomposition is therefore subject to a tradeoff between minimality

and the

106

CHAPTER S. PROPOSITIONALISATIONAND FEATURE REDUCTION

Algorithm

5.4: REFER-N: neighbourhood construction algorithm.
input : E', a set of examples
output: E= {El,..., E,, }, a set partion of neighbourhoods in E. Each Ei is a set of examples tagged
with a class ci.

R-

E'; i b- 1; es <- randomly-selected starting example in E'
while IRS>0 do
if there exist examples not of the class of es in R then

et 4- closestexample in R of a different classaccording to Hamming distance

E;
R

E(es, e1) where E(es, e, ) = {e' E Rld(es, e') <_d(e,., et)} where d is the Hamming distance
R\El

es = er
else
LE, -R
ifIRI >Othen
L increment i
ci E- class of es

return E= {El, ..., E; }

complexity of the final selection task of finding the minimal set from the features found in each neighbourhood
pair, although the adoption of the ranking technique for features can help alleviate this
Clustering the examples by the number of features in which they differ
Hamming
distance
the
is
a
simple but effective approach to example set partitioning. By producing neighbourhoods in which examples are
within a limited Hamming distance of each other, we encourage the incidence of features which have the same
value for every example in the neighbourhood, although there is less control over the particular feature positions
at which these differences occur. We demonstrate that a particular approach to this Hamming-distance-based
partitioning promotes coverage among the features.

In REFER-N,the examplesare consideredas points in an n-dimensional Hamming space,or the set of all
binary strings of length n. The Hamming distance, defined as the number of positions for which the strings
differ, is used as a metric on this space. Each neighbourhoodcan be uniquely identified by two examples,
the first being the centre of a neighbourhood in the Hamming space,chosen as a starting point for the construction of a neighbourhood.The secondis an exampleof another class, acting as a termination point for the
neighbourhood'sconstruction.
The REFER-N method is shown in algorithm 5.4. In it, we select a random example es E E' as a starting
example for the construction of a neighbourhood. REFER-N finds a corresponding termination point, the closest
example in et EE tagged with a different class label, referred to as the point of class change. The neighbourhood
E(es, et) then contains the set of training examples {et, e2, ek} such that class(es) = class(e j) for any 1<i<
...,
k and 1<j<k
and d (es, e;) <d (e, et) for eny I<i<k,
where d (e, e') is the Hamming distance between two
examples e and e'. The partitioning of the example space proceeds in E\E(es, et) by considering the previous
point of class et change as the new starting point and the process is repeated until the entire set of training
examples is allocated a partition. Figure 5.2 illustrates this process. Since the space of binary strings is difficult
to represent in a figure, we draw an analogue with two-dimensional space. Figure 5.2(a) depicts the process
of neighbourhood construction starting with the example in the centre of the neighbourhood El.

The heavy

arrows show the progression of the starting point of each neighbourhood. Figure 5.2(b) shows the resulting
comparisons made by REFER.
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(a) Analogue of neighbourhoodconstruction in
two-dimensional Euclidean space.
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(b)

Comparison
neighbourhood-pairs of
class

between
differing

Figure 5.2: Neighbourhood construction and comparison in REFER

5.3.3 Modelling the typical REFER-N neighbourhood
There are several effects at work in REFER-N's neighbourhood construction which encourage coverage between
features in individual neighbourhoods. However, in order to benefit the reduction of features, the conditions
for combined coverage in section 5.3.1 need to be satisfied. Considering the properties of
examples in an
isolated neighbourhood, aiming to meet these conditions requires two patterns in the Boolean data. Firstly,
six out of the seven conditions associated with partial coverage require constant features on at least one side
of the comparison. Secondly, the features should exhibit coverage relationships among each other, since the
remaining conditions all require this.
Consider a neighbourhood constructed by REFER-N. The starting, or seed, example is labelled
es. There
are n other examples in the neighbourhood, n>0, labelled ei,..., e,,. The radius of the Hamming sphere that
the neighbourhood represents is r. We define some necessary terms describing features.
5.13 (constant feature, variable feature, s-true, s-false). If a feature
either has the value false for
each example in a neighbourhood or true for each example in a neighbourhood, it is termed constant. Otherwise,
it is termed variable. Where a feature is true for the starting example e,,, it is termed
s-true, otherwise it is sfalse.
Definition

An example may only differ from e5 in at most d features and due to the nature of the
construction, its
values do not depend on any other example than eS. For a neighbourhood of n examples, there are at least
m- do constant features, where m is the number of features in the dataset. Small neighbourhoods and datasets
with many features therefore lead to many constant features, which cover each other. To a lesser extent, the
Hamming-based clustering in REFER-N promotes coverage between particular kinds of features. Since
every
constant feature either covers or is covered by every feature, we restrict our attention mainly to coverage among
variable features6. To aid the analysis, we characterise an example in terms of its difference from the starting
6The remaining change-sets{ }, { jg } and IMf}
refer to interactionsbetweeneither two constantfeatures(in the first case)or a constant
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Feature

Equal
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Fully variable
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fg

0
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0
1

0
1

1
0

1
0

0
1

1
0

1
0

fg

1

0

1

1

0

0

0

1

fg

0

1

0

0

1

1

1

0

fg

1

0

1

1

0

0

0

1

fg
fg
fg

1
1
0

1
0
1

1
1
0

0
1
0

0
0
1

1
0
1

0
0
1

0
1
0

fg

1

1

1

0

0

1

0

0

Table 5.2: Featurevalues included in a neighbourhoodfor f and g for eachclassof change-set.
examplees. By doing so, we aim to determinethe likelyhood that requisite conditions for coverageare attained.
Definition 5.14 (change-notation for an example and a pair of features, change-setfor a neighbourhood).
Given a seedexample es, we characteriseeach example e in the neighbourhoodof e,, with respectto features
f and g by expressingthe changebetween e and es as a symbol in the set { fg, fg, fg, fg}. The absenceof a
bar over f (or g) indicates the values for f (or g) do not changebetween e and es. A bar indicates a change
(inversion of the bit). Furthermore, given a neighbourhoodof examplesE; and a pair of features (f, g), the
change-setis the set of changesappearingfor at least one example in E.
The change-sets are immediately useful because they characterise where the coverage conditions hold. We
may demonstrate the utility or otherwise of a partitioning method by the incidence of feature-pair classes,
defined by their change-sets. Recall that we consider only feature-pairs which are both variable, since where
one is constant, it is necessarily covered or covers another. Furthermore, we omit the change fg from changesets with no loss of generality, since it is the case that the presence or absence of an example with change
fg makes no difference to the coverage between features f and g. This framework introduces the following
classes as subsets of { fg, fg, fg}. Equal feature-pairs only ever change together in the neighbourhood. Their
change-set is { fg}.

Exclusive feature-pairs exhibit changes only in f or g and have a change-set { fg, fg}.

Dependent feature-pairs are such that where g changes, f does also. The converse is not true; f may change
independent of g. The change set is { fg, fg'}. Fully variable feature-sets represent all possible changes, with a
change-set of 11g, fg, fg}. These cases can be shown applied to different combinations of values for f and g in
es in table 5.2. Later, we consider resulting coverage relationships between these features. Recall that REFERR considers true values against false values for the first neighbourhood in a neighbourhood-pair comparison,
and the converse for the second neighbourhood. While we consider the former in our coverage relationships,
equivalent categories can be obtained for coverage among values for the value false.

5.3.4 The typical REFER-Nneighbourhood
In order to understand the effect of this partitioning approach on the frequency of these cases in the data, we
model a typical neighbourhood as follows: A neighbourhood of n examples each consisting of m features
differs from its starting example es in d features per example. We assume the changes are independently and
randomly distributed over each example. For a pair of (variable or constant) features (f, g), the probability that
feature and a variable feature (in the secondcase).
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z
mmd
The probability that one (either f or g) changes
neither f nor g changes from es is therefore P(fg) =
.
d.
We model these four
The probability that both a and b changes is P(fg) =
is P(fg) = P(fg) =dmd.
cases {fg, fg, fg, fg} as independent states which an example can take with respect to two features f and g.
for any example and feature-pair f and g, the example must take one of these states. With respect
to feature coverage, the existence of fg in a neighbourhood leaves its feature coverage relationships invariant.
Additionally,

For equal feature pairs (change-set { fg}), coverage only occurs where the features f and g remain equal
in each example. Equivalently, f and g must be both s-true or both s-false. By rearranging and applying the
Binomial Theorem7, in a neighbourhood of n examples, the probability off only ever changing with g is as
follows:
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For fully variable feature-pairs
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(change-set { fg, fg, fg}),

no coverage between the two features f and g
is possible, since all true/false combinations exist within the neighbourhood for f and
g. The probability of
there being at least one example for each of the following cases: (i) the example changes in f but not g (ii) the
example changes in g but not f (iii) the example changes in both f and g, is as follows. Here, P(> 11g, no fg)
is calculated similarly to the equal feature-pair case, and P(> l fg, >1 fg, no fg) follows from the dependant
feature-pair case. We combining these and cancelling for P(fg)
= P(fg) and use the fact that (1 - P(fg))"
being equivalent to (P(fg) +P(fg) + P(fg)).
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We now have expressions giving probabilities for each case which, in some situations, does not form a
coverage relationship with the constant features of either type, i. e. either those features which are constantly
true or constantly false for each example in a neighbourhood. By substituting the expressions in terms of m (the
number of features in the dataset) and d (the number of differences from es) for the variables P(fg), P(fg),
P(fg)

and P(fg),

we can determine the probabilities in terms of m, d and n (the size of the neighbourhood).
Since these terms contain complex powers of differing sums and are not amenable to further simplification,
we analyse the results of REFER-R in terms of these probabilities by calculating them for varying m, d and n.
We summarise the effects of each kind of example in terms of the combination of possible changes fg, fg and
fg in table 5.3. Since any combination of bits can cover a constant feature, we consider only the interaction
between two variable features f and g. Again, only coverage for truth-values is considered; analogous coverage
of falsehood-values exists if the necessary subset relationships for truth-values exist.

Table 5.3 demonstratesa number of important results of change-setsin neighbourhoodsand the effects on
coverage. The notation f>g meansf covers g. Observethat where a constant feature is involved, coverage
exists for all values of (f, g), though usually in one direction only. Furthermore, where two variable features
are involved, coverageonly exists in half the possible values for (f, g), for variable feature-pairs which are
not fully variable. In order to appreciatethe behaviour of REFER-N, we consider the incidence of thesekey
categoriesof feature-pairs,using the probabilities derived.
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Changepresent
fg
f8
_
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value of (f, g) for e5
(0,0)
(0,1)
(1,0)
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Equal feature-pair
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absent
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Variable vs. constant
Dependent feature-pair

Exclusive feature-pair
Fully variable

f=

g

f<g

f>g

f=g

f=g
f>g
f>g

f=g
f<g
f<g

f<g

f>g

f>g
f<g

-

f<g

-

f>g

-

-

f<g

-

f<g
f>g

f>g

-

-

-

Table 5.3: Effects on coverage of changing values in features f and g over a neighbourhood of examples.

5.3.5

Relationships among probabilities

Considering all feature-pairsin all neighbourhoodsfor a particular decomposition,the frequency of the various
casesof variable feature-pairsof of immediate interest in estimating to what extent the conditions for coverage
are fulfilled by the features. The eight casesin table 5.3 correspondto different levels of the subsetcoverage
condition in either side of a comparison undertakenby REFER-R.Where both features in a feature-pair are
variable, coverageexists in only half the possible values for (f, g). We are therefore interested in minimising
these.Furthermore,the fully variable casestopsany coverage,and should be even more discouraged.
We visualise how frequently these casesoccur with respect to each other using the expressionsfor the
typical REFER-N neighbourhoodsderived in section 5.3.4, using three-dimensionalplots comparing relative
incidence of the casesfor various values of m, d and n (5,20 and 50). Figures 5.3 and 5.4 demonstratethe
incidence of the fully-variable feature-pairs in the typical neighbourhood, since these preclude any coverage
between features. Figure 5.3 shows the number of variable feature-pairs appearing for each fully-variable
feature pair and figure 5.4 the number of all feature-pairsfor eachfully-variable feature pair. These allow us to
understandthe incidenceof fully-variable feature pairs in a typical neighbourhood.It is desirablethat theseare
low, since they arethe most coverage-breaking.To a lesserextent (half the possiblecasesof (f, g) in es,we also
wish to reduce the incidence of variable feature-pairs and variable features generally. The remaining figures
5.5 and 5.6 consider the proportions of variable feature-pairs. Figure 5.5 shows the proportion of feature-pairs
which are variable, while figure 5.6 showsthe proportion of features which are variable.
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Figure 5.3: Incidence of variable feature-pairs appearing for each fully-variable feature-pair.
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Figure 5.4: Incidence of all feature-pairs appearing for each fully-variable feature-pair.
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Figure 5.5: Proportion of feature-pairs which are variable.
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Figure 5.6: Proportion of features which are variable.

The data showsa number of important effects which show the utility of Hamming distanceas a neighbourhood decompositionapproach,as used in REFER-N.
Figure 5.3 suggeststhat the incidenceof fully-variable feature-pairsincreasessteadily with increasingd and
decreaseswith decreasingm. Generally,fully-variable feature pairs occur rarely in data as it has beenmodelled
here, especially where neighbourhoodsare very small. Even for low values such as n=3, d=5, m= 400,
fully-variable feature-pairs exist only around 1 in 10,000 times in the data. With increasing n, feature-pairs
become steadily more common, although even at n= 20, equal, equivalent and dependentfeature-pairs are
still approximately 103more likely than fully-dependent ones,and tend to occur one in 104times for the value
of these parameters. The low numbers of fully-dependent feature-pairs mean that, in general, feature-pairs
are either described by a case in which coverage exists for half of the possible values of (f, g) in e, or for
which coverageis preservedregardlessof thesevalues. Since more coverageoccurs, there are more coverage
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relationships between features, and as a result, more features can be removed by REFER-R overall. Figure 5.4
demonstrates that when compared against all (non-fully-variable) possible classifications of feature-pairs, the
effect is even more pronounced (see the z-axis), even though the shape of the surface is approximately the same.
Turning to figure 5.5, for lower n, feature-pairs do not tend to be covered by the four cases above (equal,
dependent, exclusive and fully variable), except for lower values of m and to a lesser extent, increasing d. The
cases become much more prevalent in very large neighbourhoods - in large neighbourhoods, most featurepairs appear to be variable for even small d. If n= 30 and d=8,90%
of feature pairs are variable for m< 250.
Comparing with figure 5.6, except for low m, all the cases become steadily more likely as n increases, and
the same is true for the number of variable feature-pairs. At the parameters given, approximately half the
feature-pairs are variable, of which one tenth are likely to fall into one of the cases given if n is as high as 30.
Even though this demonstrates that even in large neighbourhoods, the nature of REFER-N avoids the incidence of feature-pairs containing a variable feature, REFER-N tends to produce a variety of different-sized
neighbourhoods, many of which are small. In these neighbourhoods, the incidence of the four cases, and in
particular the case of a fully-variable feature-pair, is far smaller. A possibly contributory factor is likely to be
that points of class change delimit small hyperspheres, and furthermore, the iterative traversal of the algorithm
from point of class change to point of class change causes nearby data to be typically split up into several
neighbourhoods, represented by Boolean hyperspheres which could be said to overlap in an m-dimensional
Boolean space. As a result, neighbourhoods are typically small (low n) and correspond to (parts of) Boolean
hyperspheres with small radii (low d).
Referring to the plots produced, these conditions are particularly important for encouraging feature coverage. The incidence of fully-variable feature pairs is very small indeed for all values of m, and the cases described
in general are also very unlikely in general. The remaining feature-pairs produce coverage relationships in at

least one direction for all values off and g for es as a result.

5.4

Conclusion

This chapter has considered a combined approach to induction consisting of combining propositionalisation,
which transforms the set of features found during a usually partial search of the hypothesis space into a Boolean
dataset, and feature reduction, which aims to reduce the number of features in the transformed dataset such that
a the learnability of a rule in the reduced dataset is preserved.
we considered the particular task of query-based transformation, consisting of two separate steps, a process of feature construction followed by the evaluation of each feature using
belonging
function
forms
function.
Several
those
to
primarily
were
considered,
of evaluation
an evaluation
existential and counting transformations. The decoupling of feature construction and evaluation removes the
With regard to propositionalisation,

possibility of coverage-based pruning, and so language-based constraints as well as appropriate search bounds
are of increased importance. We reviewed general approaches to feature construction, with particular emphasis
on the individual centred representation, and studied approaches to filtering features. The section surveyed the
range of work undertaken on propositionalisation techniques and systems, and considered its application to
induction in the object model.

Propositionalisationoften leads to the production of many redundantfeatures,and removing them can lead
to improvementsin predictive performance,inducedtheoriesof better quality, and reducedinduction time. We
have also presentedand analysedsomefeature reduction methodsfor preprocessingpropositionaliseddatasets
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in order to remove those features which are logically redundant for classification rule learning. Of particular
interest in this chapter has been feature removal by the partitioning of the example set into neighbourhoods of
the same class and comparing the features for logical coverage. It was shown that reducing the data this way
would not compromise the ability of an arbitrary classification rule learner to learn a complete and consistent
hypothesis. It has been shown empirically (in [5]) that many more features may be reduced using partitioning
methods than by comparing the dataset as a whole due to the possibility of different features in each neighbourhood working together to cover another. The conditions under which this effect occurs, known as combined
coverage, were derived. A fast method based on clustering by Hamming distance - REFER-N - was introduced and a probabilistic analysis demonstrated that it promotes coverage conditions in the neighbourhoods it
produces. In section 7.5.3, later in this thesis, we perform an empirical study of REFER on propositionalised
data.

Chapter 6

The CoSI Nu s system
In chapters 2 and 3 we described CORLoG, a logical language for reasoning in domains which are naturally
inducdata
In
4
in
the
to
object-oriented
model.
chapter
we
presented
an
approach
refinment
and
expressible
tion in this language. In chapter 5 we introduced the framework of propositionalisation and a general method
for reducing the dimensionality of the highly-dimensional multi-class Boolean datasets produced during this
approach. This chapter describes a system, called COSINUS, which implements this approach to refinement
by propositionalising using features searched using the refinement operator. The approach thus transforms a
complex inductive logic programming approach to an attribute-value form suitable for learning by an existing
learnt
in
in
loop
Rules
learner.
a
are
repeatedly
covering
order to learn whole theories - disjuncpropositional
tions or rules - from object databases. The feature reduction approach discussed in chapter 5 is then applied
to detect (further) redundancy among generated clause queries and to reduce the dimensionality of the learning
problem.
The chapter is structured as follows.

In section 6.1 we introduce the basic three-tiered structure of the
learner, which serves to categorise the constituent algorithms in in the approach and gives a conceptual overview
6.2
key
learning
Section
the
COSINUS
the
syntax
of
parameters and metaknowledge
presents
the
System.
of
in
CORLOG
feature
the
to
the
way
aspects
of
a
and
considers
which
are represented
system
are
specified
which
in the logic programming language adopted and how the metaknowledge governing their validity is checked.
Section 6.3 considers the implementation of the search at the feature level, whereas section 6.4 considers the
implementation of the propositionalisation subsystem which generates rules and theories from these features.
Section 6.5 concludes.

6.1

From feature construction to theory induction

So far we haveconsideredfeature searchover the spaceof CORLOGclauses.Featuresalone representonly the
building blocks of setsof rules which are used to classify individuals. As well as discussing the implementational aspectsof the feature search,this chapterpresentsthe method whereby thesesetsof rules are constructed,
lifting induction from the feature level to rules, and setsof rules, known as theories. Thesetheories are learnt
by COSINUSusing an iterative, hierarchical approachbasedon propositionalisation. As discussedin chapter5,
first-order
individual-centred
by
(multi-relational),
transforming
a
problem
work
systems
propositionalisation
into a propositional (single-relational) form. The propositionalisation process generatesrules from features.
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Single mode generatesthe full rule set in one single propositionalisation, whereasiterative mode generates
them one-by-one,progressivelygeneratinga feature with eachnew iteration.
This hierarchy gives rise to a learning approach which takes place on several levels. Just as features
are
constructed by a search through a space of features, we can draw an analogy by considering the search taken by
the propositional learner through a space of rules, and the search by the covering algorithm through the space
of theories. In order to motivate this analogy, we recall that query-based propositionalisation generates a set
of features (queries) belonging to a carefully-constrained language L, usually with respect to some quality or
stopping criteria to avoid exhaustive generation of all possible features. Recall further that a feature set is a set
of features which share the same interface in its head variables. Rules are conjunctions of these features. More
formally,

Definition 6.1 (rule). Given a feature set FS ={ fl f2, f } under an interface intFs, as defined in definition
, ...,
5.4, a rule is a CORLOGclauseof the form

O[class-+ r] E- O[fjl], 0[f12],...,0[fimJ.
where each fjE FS, V1 <j<m.
class label for the individual 0.

(6.1)

The head of the F-rule consistsof a method which outputs r, a constant

In some propositional rule learners, the features appearing in a rule may be negated. Furthermore, the
undecomposability of features assists in reducing the redundancy of this search. Since no two features may
be expressed as the conjunction of another, there are fewer rules
features
conjunctions
of
- which are
equivalent to each other. Finally, we recall the definition of a theory as a disjunction of rules. The rule search
may be demonstrated by considering a simple rule learner which searches a rule body lattice; as the set of
features forms a generality lattice, the set of rule bodies forms a similar structure. Given a feature set FS,
we define a lattice over the set of possible conjunctions - the powerset of features P(FS)t. The lattice is
ordered by a relation <R, such that C <R D holds if the features appearing in the conjunction C are a subset
of those in D. A rule body may then be refined under a refinement operator PR by adding a feature to the
conjunction. Furthermore, by defining some arbitrary total order <F over the set of features, we can refine in a
non-redundant fashion by redefining the refinement operator such that C' E PR(C) if C' =CAF,
where FES
is a feature such that ZG ES such that F <F G, effectively imposing a spanning tree on the rule refinement
graph. By adopting appropriate rule quality measures and stopping criteria, the search may take place in an
analogous way to feature search. In practice, propositional learners conduct searches through the rule space
using more sophisticated techniques and using special-purpose heuristics.
The induction approach adopted in the approach presented in this thesis is a three-tiered approach. At
the feature level - the lowest level - the system searches through a space of hypotheses to find a subset
which cover the examples according to a quality measure. These are converted into a single table through a
propositionalisation tranformation. A feature set is generated by a propositionalisation process. At the rule
level - the intermediate level -a
propositional learner selects a conjunction of the features to build a rule
which describe a subset of the examples according to its own quality measure as defined in definition 6.1. At
the theory level - the highest level - the system successively removes the examples covered by the discovered
rules, and repeats the process on the remaining examples. Where a seed example or coverage testing set is used,
I This exampleconsidersonly positive featuresbut may be trivially extendedto include negativefeatures.
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a new sampleis taken from the set of remaining examples.The disjunction of the rules then forms the resulting
theory.
There are a number of benefits to adopting this hierarchical approach. Firstly, establishedpropositional
learners with sophisticatedmethods to determine the best rule may be employed. This may be more effective than using built-in heuristics and quality measuresfor rules in ILP learners. Secondly, the induced theories are naturally modularised and is therefore suited to the object domain. Thirdly, In some domains, the
computationally-expensivesearch in ILP can be replaced with a less expensivesearch. When the first-order
domain has been transformed (constructing the features), the propositional domain may be handled by efficient rule learnersto produce often very complex features without requiring explicit enumeration in the ILP
learner. Finally, approachessuch as covering algorithms may be incorporated into the learning process by
virtue of the way the propositional learner operates. For example, in an iterative approach,a rule learner may
be used to select the best rule, the propositionaliser removing all examplescovered by it, and repeating until
no examplesremain. Other possibilities for integration betweenthe first-order ILP systemand the cooperating
propositionalisation systemthen presentthemselves.

6.1.1 System overview
At the system level, this three-tiered searchis implemented in a cycle
loop
feature
covering
of
con-a
struction, propositionalisation, feature reduction and rule construction by an external learner. This cycle is the
core of the operation of the COSINUSSystem.We presentan overview of the system before highlighting key
implementational featuresof it.
COSINUSwas developedand implemented in severalprogramming languages. The core implementation
was in the XSB dialect [123] of Prolog. The FLORA-2 [141] programming languagewas adoptedfor representation of the knowledge base and its deductive engine, as well as the representationof the domain knowledge
and additional modules aiding efficiency and integration between FLORA-2 and XSB. FLORA-2 is itself implemented in XSB Prolog, acting as a translational layer betweenthe object databaseand the inference engine
of XSB. FLORA-2 is a natural choice for our needssince it is basedon the reasoningmechanismsand syntax
of the F-Logic language.
A number of other systemsexist which involve F-Logic for reasoning, and could therefore be adaptedto
CORLOG. The one most similar to FLORA-2 is FLORID [89], a deductive object-oriented databasewhich
uses F-Logic in its data definition languageand as a query language,and is particularly suited to queries on
web documentsin XML, HTML and RDF formats. It is full-featured as an F-Logic query language,but lacks
some programming constructs necessaryfor the construction of an ILP system which are used in COSINUS,
most notably in the areasof meta-programmingand Prolog-integration. Additionally, the suitability of representing ontological databasesin F-Logic have led to a number of query languagesfor such databases.RDF
knowledgebases,used in semanticweb applications,describeclassedobjects with namedproperties in a series
of subject-predicate-objectstatements. Classesof objects and their properties may form hierarchies. Systems such as Ontobroker [34] and its underlying F-logic inference engine SILRI, and TRIPLE [130] provide
a query languagefor querying RDF and similar knowledgebasesusing F-logic. Again, while such languages
often utilise the F-Logic syntax, they function primarily as query, rather than programming, languages. The
COSINUSsystem can be broken down into a number of core components,or modules. Figure 6.1 shows the
interoperation of these modules. We describe each briefly in turn, going into much more depth later in the
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Boxes in the centreof the diagram representmodulesof the CoSixuS system.Shadowedboxesrepresentimportant input
and output files and contain example lines from the a domain similar to the natural languagedomain in chapter7.
Figure 6.1: An overview of the COSINuS system

chapter.
Conceptually, the the knowledge base for a domain consists of two components: the object-oriented data and
the domain model. They are decoupled both conceptually and in the implementation, allowing the definition
of domain libraries specific to particular real-world learning tasks. The object-oriented data are the database
facts, defining objects in terms of class membership assertions and method expressions assigning objects to
the objects' named properties. The domain model consists of the inheritance hierarchy, the type signatures,
deductive rules defining the implementations of methods, and metaknowledge expanding on specific semantic
relationships for particular methods and inheritance relationships. The inference engine resolves queries against
the knowledge base. For the purposes of induction, it determines whether a constructed clause covers an
example by resolving it against the database. Additionally,
model, also expressed in F-Logic.

the inference engine is used to query the data
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The feature search uses the domain model to construct a set of features by recursive application of the
refinement operator, starting with the empty feature. Features are refined in Prolog as part of the feature
constructor. The query layer translates an internal representation of a generic object query into one that can
be queried on the FLORA-2 knowledge base, executing the query from inside XSB-Prolog. The query layer
provides a useful point of abstraction between the feature refiner and the inference engine, incorporating query
transformations and optimisations.
For a constructed feature set, the propositionaliser determines for each feature and example whether the
feature entails the example. As a result, a table of truth values are obtained. The feature reducer module applies
the REFER feature reduction method described in chapter 5 to the propositionalised dataset. Features found to
be redundant are removed from the feature set. The external learner module outputs the features detected nonredundant from the propositionalisation, and invokes the external, propositional learner. The learner outputs
a set of rules describing the propositionalised examples. A subset of these rules are extracted and converted
back into the form of an FLORA-2 query. Facilities for experimentation, such as testing accuracy over differing
parameter settings in an n-fold cross-validation, are implemented over the whole theory construction loop.

6.2

Declaring metaknowledge and representing features

Discussionof object-orienteddomain definition in previous chaptershavepresentedan implementationalsyntax
for object-orienteddomain definition. A number of additional declarationsare required by the learner in order
to perform the feature search.They are defined as FLORA-2 facts, but adopt the more usual Prolog syntax.
Firstly, we consider the remaining declarations relating to the notion of class. The variable and class of
the individual is declared by fact individual(v(o), c; ), which states that the class of the individual is c; and the
0.
is
in
head
The
the
name of the target predicate is declared using a fact target(m), where
appearing
variable
in
Each
be
is
to
the
the
simple
method.
class
c
used
refinement must be declared by a fact class(c).
name
of
m
Families of parametric classes, meaning sets of legal bound elements, are defined by a combination of two
predicates. pcb/1 is a list describing the bounds on a parametric class. The first element of the list is a term of
the form param(P), denoting the bound is on parametric class P. The remaining elements describe the bound
on each bound element of the parametric class. Where it is of the form exact(C), the element may only take the
class C. Where it is of the form extends(C), the element may assume any class C' which is a subclass of, or equal
to, C. pcm/2 defines subclassing across two parameteric classes, usually mapping arguments in one parametric
class into arguments in its subclass. For example, the fact pcm(pl (A, B), P2(B, A, _)) would assert that p&1, c2)
is a subclass of p2(c2, c1 c3). Where either kind of class is abstract, an additional fact abstract(c) is included.
,
A set of mututally-disjoint classes {ct,..., c} are represented by the fact disjoint([c1,..., c]). Finally, in order
to correctly perform type specification, all classes must inherit from a common abstract superclass top. Classes
without a superclass therefore are defined to subclass from top.

Next, we consider the remaining declarations relating to methods. Each method to be used in learning is
given a method specification,definedby the fact method/5, and whoseargumentsare defined in definition 3.18.
Recall from this definition that a method/5 classis of the form method(C, M, [cm(Cl, Ml),..., cm (C,,, M,,)], T, K),
where C is the target class,M is the method's name, for each argumentC; is the class of the argument and M;
its mode, T is a list of metaknowledgetags, and K is a unique number,Order-yielding methodsare indicatedby
an additional fact, oym(C, M(C1,..., C, ), Vo, Co) for a method M defined in class C, with input argumentsof
class C;, and an output argumentof Co. The method is order-yielding given where the method returns V0. For
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example, oym(integer, Iessthan(integer),true, bool) is an ordered method implementing the `less than' order
over integersthrough a method returning true where the target attribute is less than its argument.
Since the majority of the COSINus system is implemented in XSB Prolog, the use of an intermediate
representation for a feature as a Prolog structured term is adopted. A translational module mediates between the
Prolog and FLORA-2 representations, constructing the equivalent query in the FLORA-2 syntax for resolution.
This approach gives several advantages over a direct representation. Firstly, the Prolog representation
may
include other properties of the feature for the refinement process to use. Properties of the feature may
easily
be associated with it, most notably the class constraints on the terms in the feature. Secondly, the intermediate
representation allows the convenient processing of the feature syntactically, permitting operations such as redundancy checking and class subsumption to be carried out without the need to perform resolution directly in
FLORA-2.
Turning back to the first point, we briefly consider the representation of a feature, and in so doing, document the additional properties of a feature which are associated with it for the purposes of feature refinement.
Some of these terms directly translate to elements of the equivalent FLORA-2 query whereas others
serve to
store properties of the feature during refinement. In the refinement algorithms below, a CORLoG feature is
represented by a ternary Prolog term rule(Head, Body, Meta). Head gives the class of individual. Body is a
list of data expressions of the form to : m(t1, t2,
ta). Each t, is either of the form v(v), representing a vari...,
able with name V, or c(t), representing the constant t. to correspondonds to the host object, to to the output
argument and the remaining ti terms correspond to input arguments. Finally, m is the the FLORA-2 method.
The list thus translates into FLORA-2 molecules of the form to[m(tl,...,

tr_1) --* t).
Meta describes properties of the feature and its constituent literals and terms. varinfo(V,
C, M,Co) asserts
that variable V is constrained by a list of classes C-a
class conjunction - and appears in arguments taking
mode(s) M. The Co keeps track of the number of times the variable has been consumed, or bound with an
C, PL,PA) asserts that the constant T appearing in literal number PL
earlier-occurring variable. constinfo(T,
and argument number PA is of class (conjunction) C. To ensure that the search does not exceed the user-specified
bounds, varcount(N)

asserts that there are N variables in the feature. depth(N) asserts that the feature is N
refinement steps deep in the refinement lattice. A number of additional terms keep track of properties specific
to refinement subprocesses. odc/7 and dfreshvars/1

maintain properties relating to valid downcasting oper-

ations on terms, whereas freshvars/1
and greatestmethod/1
relate to valid adding and waking operations.
These are described in more depth in later discussion regarding the implementation of these processes.
Given the triple rule,

an equivalent CORLOG expression may be easily generated. The head component
is combined with the target predicate to form the head of the rule, while each element of the list in the body
component may be transformed to an equivalent literal or method expression in the body of the corresponding
CORLOG rule under the representation described above. Class membership constraints are then appended to
the rule, one for each of the varinfo/4
elements of the metadata; if a variable V is constrained to be a member
of a class C by the metadata by appearing in the varinfo/4
class list, a constraint V: C is appended to the
translated rule. No such constraints are considered for constants, since they are both intrinsically classed and
their constraints are not made more specific, except in the special case of an ordered method. Where object
identity is adopted, additional constraints are introduced to ensure that each pair of terms in the feature are
not equal. Using this approach, we may translate any rule in the representation described into CORLoG form,
suitable for resolution by FLORA-2.

Checking the rules for type- and metaknowledgevalidity is undertakensyntactically on the internal Prolog
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Algorithm 6.1: COSINUS:Top-level object-oriented induction algorithm
input : D, a FLORA-2 knowledge base.
input
input

Cp], a method signature representing the target method. C, is the class of the
: TM = Cj[M
individual, Ma method defined on C,, and Cp a class of possible predictions.
: Q(f, D), a feature quality criterion.

output: T, a set of rules predicting the value of M for new objects of classC,
T-0
E'- {ehe: Cj}
TID <--PREPROCESS (D)
while IEl >0 do
E
from E'
seed examples positive examples sampled uniformly
F0
the empty feature body, with a single variable 0 of class C,
(Fo, E, Q, D, TID)
FS F-CONSTRUCTFEATURES
(FS, TM, D)
PFS'-PROPOSITIONALISE
PFS +-REFER (FS)

T' F-LEARNRULE (Pr
T +- TUT'

)

L remove from E' all examplescorrectly coveredby a clause in T
return T

representation described. We describe this process in more depth in section 6.3, which describes the feature
search.

6.3

Implementing the feature search

The top-level COSINUS algorithm is shown in algorithm 6.1. The approach takes the form of a covering
algorithm, iteratively searching for a feature to cover a subset of the examples in the database. The algorithm
searches for a rule body which predicts a given value for a (one-to-one cardinality) target method. Prior to
running, PREPROCESScomputes initial type data for use over the series of runs which the algorithm takes.
Inside the covering loop, a subset E of the examples of a given size is selected. A search of the feature space,
using an implementation of the refinement operator described in chapter 4, to generate a feature set such that
each feature is valid (with respect to the consumption of its variables and metaknowledge constraints), within
feature generation bounds, and meets the quality criterion Q. Owing to the individual-centred
representation,
the initial feature has the empty body and is associated with a single variable of the class of individual, i. e.
sharing a clause head of the form O[M -+ X]. This search is implemented in a depth-first fashion by the
CONSTRUCTFEATURES algorithm. Once the feature set has been generated, PROPOSITIONALISE
constructs
a propositionalisation from the feature set FS against the database D with respect to the target method TM.
REFER performs a feature reduction as described in algorithms 5.2 and 5.1. LEARNRULE runs an
external
learner, selecting a rule to cover E, and translating it back into a new part of the theory induced by COSINUS.
The examples (correctly) covered are removed and the iteration loop continues until no examples remain. At
this stage the theory is returned to the user.

Having presentedthe algorithm generally, we now consider each of the constituent processesof COSINUs
in detail.
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6.3.1 Preprocessing for feature set generation and COLLECTVALUES
In order to reduce the time complexity of the COSINUS learner, a number of preprocessing steps are undertaken.
The three principal sets of knowledge which are computed are the set of objects belonging to subprimitive
classes, additional structure over the subclass hierarchy, and the establishment of samples for testing coverage.
Primitive classes are the most basic ones in the system. In FLORA-2 they are the classes integer, float,
number and symbol. In constructing features, we use these primitive types to determine whether it makes sense
for a single object in one of these classes to be substituted as a constant for a variable of a compatible class. An
object of any of these classes, or a subclass of any of these classes, is said to be subprimitive. Non-subprimitive
classes can also be treated in the same way by introducing a fact cltype(c) for a class c. The preprocessing step
gathers the set of values for each subprimitive type or cl-type and asserts a Prolog fact type(C, SP, V) for the
class C, the primitive type(s) it inherits from SP, and a list of values V. If the size of the list of values V is equal
to or less than the parameter setting largetype,

it is then treated as a subprimitive class. We will continue

discussion of the uses of subprimitive types later when we discuss substitution.
Secondly, the set of all possible classes in the knowledgebase are collected.

We identify two types of
class, simple and parametric classes. Firstly, all simple classes, declared by the facts class(c) are collected.
From these, the metaknowledge describing bounds on parametric classes are used to calculate all possible valid
parametric classes. These are then topologically sorted, i. e. sorted in such a way that for any pair of classes
(c, c') such that c' is a superclass of c, c' appears earlier in the resulting list than c. The topologically-sorted list
L is then asserted as classlist(L). The list introduces an intrinsic order over the classes, which is exploited later
in the type specialisation mechanism.

The final form of precomputationaims to overcome the computational expenseof the coveragetest of a
feature. Since it is time-consuming to determinethe coverageof a feature over all possible examples,before
each iteration of the learner, a sampleof the examplesis taken, and coverageis testedagainsttheseexamples
only. While this reduces the accuracy of the coveragetest, it also reduces the time complexity of a run of
COSINUSgreatly.

6.3.2 Implementing feature generation and evaluation
CONSTRUCTFEATURES,presented in algorithm 6.2, is the central process of the COSINUS learner, We discuss
its operation in general, considering the limits imposed on the feature search, and then consider the implementation of the processes performing the core refinement processes of performing a substitution, adding a new
literal, and specialising the type of a term in the feature.
Feature search takes place by recursively calling the predicate refine, which simply takes a feature as input
and produces a new feature as output. Recursion is bounded by depth; the depth(N) element of the metadata being incremented on each refinement. If this depth exceeds the parameter setting maxappl icat ions, no further refinement is carried out. In general, we adopt example coverage as the quality criterion Q(f, E), in which
the number of examples in E which are correctly covered by f is compared with the setting mincoverage.
the feature is considered too specific and
If the number of examples covered is less than mincoverage,
therefore invalid, meaning Q is false. Since metaknowledge-validity represent a set of criteria which all features must agree with, it could be argued that our Q is, in effect, a combination of the coverage criteria and
metaknowledge validity. Evaluating Q may be used to prune away large parts of the search space, provided
it possesses monotonicity properties, discussed in section 4.1.2. The minimum absolute frequency constraint
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Algorithm
input
input
input
input

6.2: CONSTRUCTFEATURES: feature set search in COSINUS
: f, an initial feature.
: E, a set of examples used in testing quality.
: Q(f, E), a quality criterion testing the quality of a feature f against E
: D, the object-oriented database

input : TID, type information for D
output: FS, a feature set consisting of rule bodies
if depth off
FS-0

> maxapplications

then return 0

FS' 4-REFINE (f, D, TID)
foreach fE FS' such that Q(f, E) do
if f is complete then FS t- FS Uf
if f is incomplete then
L FS<-FSUCONSTRUCTFEATURES
return

(f, E, Q, D, TID)

FS

Algorithm 6.3: REFINE:feature set searchin COSINUS
input : f, an initial feature.
input
input

: D, the object-oriented database
: TID, type information for D

output: FS, a feature set consisting of rule bodies
FV F-- fresh variables from f; AV E- variables from f

FS5 <--all f {V/V'}

for VE FV, V' E AV such that classesof V, V' are compatible

FS, F- all order-deeping of data expressions in f taking some VE FV as its host variable
if number of literals in f< maxliterals then
L FSa +-- all features fU f' such that f' is a data expression taking some
suitable VE FV as its host
variable, V; E AV as inputs and a new variable as output

FS, <--all f' such that f' =DOWNCAST (f )
FS=FS,
FS'=0
UFSaUFS1;
5UFS,,
foreach f' E FS do
valid +- true

if f' is not multiplicity respectingthen valid E- false
if f' is not distinct-binding respectingthen valid F- false
if f' contains duplicate literals then valid - false

if valid = true then FS' +-- FS' U{f}
return FS'

adoptedhere is anti-monotonic and therefore where a candidatefeature is false for Q, its refinementsmay also
be disregarded.
Algorithm 6.3 shows the REFINEprocessin summary. It attemptsto refine its input feature f with respect
to the databaseD and type information TID, using variable information extractedfrom the feature. Where the
number of literals in the rule is equal to maxliterals,
no refinement which adds a literal is considered.
Having collected each refinement, the algorithm removes all those features which are not metaknowledgerespecting. Featurerefinement by type specialisationis representedby the DOWNCASTalgorithm. As a measureagainstredundancy,the algorithm will not attempt to recurseinto a branch basedon a feature it has already
consideredthe refinementsof.
Providing thesepreconditionsaremet, eachof the constituentrefinementoperatorsare applied to the feature
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and the resulting feature is tested first for validity and then for completeness. If the feature is valid, it is
considereda node in the searchtree. If it is invalid, then the node is rejectedand the recursion stops.
Validity of a feature is tested by applying each of the following checks to it, regardless of which of the

constituentrefinementoperatorswere applied.
For each method with more than one method expression in the feature, COSINus
constructs a set partition of the method expressions such that expressions in the same partition share the
same input bindings. If any partition has more than the number given by the from card tag associated with

" Breaks cardinality.

the method, the feature is deemed to break cardinality. A similar test is done on the output bindings and

the tocard tag.
" Breaksdistinct binding restrictions. For eachliteral in the body, COSINUSchecksthat no term is repeated
in any of the argumentsof the literal.
" Duplicate literals. The literals are checked to ensure that there are no two method expressions in the
feature body that share the same argument bindings and method name.
We have previously discussed the process of converting the internal form of a feature to a CORLOGis
feature.
The
FLORA-2
the
check
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a
coverage
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search
criterion
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or, more
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Accordingly, the query succeeds at the first resolved solution, and the coverage count for the set of seeds is
increased by one. The total number of seed examples covered by the feature is determined by the number of
such seed-example queries which succeed.
Assuming the feature passes the validity checks, the feature is checked for completeness. Informally, this
tests whether all the variables in the feature have been consumed by an input variable. If a feature is comIf
is
further
is
incomplete,
it
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If
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final
feature
is
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feature
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adopted as a
plete,
further
be
feature
is
inecomplete
refined.
the
may
true,
a
complete
ref
A constant feature is one that is always true or false for the sample. For a large enough sample, this may
suggest that the feature is trivially true or false for any example. If the setting removeconstantfeatures
is true, COSINUS will disregard a complete feature which is constant and not include it as a candidate feature.

Definition 6.2 (feature completeness). A feature is said to be complete if, for each variable V in the feature,
V is assigneda class and, wherever V is bound to an input variable, its values are bound by an output variable
occuring previously in the clause.
Additionally, a subsetof the classescan be defined to be consuming. This meansthat where they constrain
in
inclusion
for
is
the rule set,
feature
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sions of the refine predicatecan be called, correspondingto the four broad constituent forms of the refinement
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operator,namely orderedsubstitution, unorderedsubstitution, adding and waking and type specialisation. We
consider eachof thesein turn, but before doing so, we recall somecentral concepts.
Many of these forms of refinement rely on the availability of variables. We identified in chapter 4 that
in order to reduce the redundancy of the refinement operator, only fresh variables are to be used. A list of
fresh variables is kept in the metadata. Observe that fresh variables are a subsetof available variables, those
variables which have not yet beenconsumedin the (partially-constructed) feature.

6.3.3 Implementing substitution
Given a fresh variable, we may refine the clause by either substituting it with another variable occurring previously in the clause, or with a constant.

The constant case was considered above briefly. Where a variable is fresh, and constrained to a class
conjunction in which one of the classesis subprimitive, the variable may be substituted for an instanceof the
memberof the list of values found for the class. Where not all of the membersof the conjunction are
subprimitive, however, it is necessaryto construction the type of all values which are members of each class
in the conjunction. In any case,a substitution is made for each member of the resulting list of values, and the
from
fresh
is
the
variableslist.
removed
variable

class-a

In the variable case, the learner attempts to find a previous variable whose class is compatible with that of
the fresh variable. Variables in CORLOG features are constrained by conjunctions of classes. Accordingly, in
order to perform a variable substitution, it is necessary to determine the most general common subclass of the
two variables. To do this, COSINus appends the two class conjunctions, and removes any classes which are
superclasses of another. The resulting conjunction is denoted c. The user sets the maximum length of a class
Icl
Where
< maxcc, the classes are said to be compatible where c is a
the
setting
maxcc.
with
conjunction
valid combination (i. e., it covers at least one individual, does not include an abstract class, does not contain a
pair which is mutually disjoint, and does not contain the superclass of another class).
Where the resulting length is greater than maxcc, COSINus attempts to collapse the set of classes by
identifying pairs of classes which have a common subclass which is non-abstract and has member objects,
aiming to replace each pair by this most general common subclass. The original heuristic used for deciding
which pair of classes from a conjunction C= (ca, cb) to collapse into a single most common general subclass
c,
is
size(
C'
highest
`s
to
take
the
the
pair with
value of s such that s=
class
= mgcs({ca, cb})
where size(c)
repesents the number of objects belonging to a conjuctive class c. In practice, determining the number of
objects in a given class can be computationally expensive, instead we simplify the check by considering those
pairs of classes which have at least one object belonging to the most general common subicass. The merging
process continues either until no pairs can be found, or a collapsed combination of the required length is found.
Provided this is a valid combination of classes, the substitution succeeds.

The metadatais adaptedto remove the substitutedvariable and record the new (necessarily stricter) conThe
is
tuple
the
variable.
odc
on
substituting
updatedby adding the values for N, Ns and Np togther.
straint
The maximum order of the tuple is reset (to -1) and it may be downcastedin any position.
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6.3.4 Implementing ordered substitution
Ordered substitution relies on the metaknowledgeoym/4 discussedearlier, which identifies a method as being
order-yielding basedon its output value. We introduced the metaknowledgedeclaration
oym(integer, lessthan(integer), true, bool)

(6,2)

which describes an order-yielding method arising from the lessthan method on two integers (one as the host
object and one as an input) when where the method returns a boolean value true. Orders may be defined
explicitly via the partialorder and wellorder metaknowledge. Ordered substitution then progresses in much
the same way as described in chapter 4. When attempting to refine the current feature with refine, COSINUS
compares each of the literals to check whether they are order-yielding. If they are, it adapts the input argument
to represent a stricter condition according to the ordering.
The principal motivation for using ordered methods is to capture the notion of a value constraint on a
given variable in the system defined by the values of the input arguments. Constraints necessarily compare
two values, the host object and some input term. This term can be a constant, for example in the constraint
N> 14, or a variable, as in N>X.
Such a variable can be unified with a previous variable in the feature or
may not appear elsewhere. This contrasts with the conventional approach to feature construction in which an
input argument necessarily is unified with a previously-introduced output variable at the literal addition stage.
During literal addition, order-yielding methods are given new variables in their inputs which do not yet appear
in the feature. In a refinement of the method expression, the variable replaced by the constant representing
the least strict constant. If it is a constant, it is replaced with the next constant in the supplied order, namely,
the minimal specialisation of the constraint represented by the literal. In order to reduce redundancy in the
refinement process, a refinement of an order-yielding method is only performed on a method taking a fresh
variable as its host object. The variable remains fresh for future ordered substitutions.

6.3.5 Implementing literal addition
A feature can be refined
by
literal,
its
body.
Recall
to
specific
adding
a
expression,
made
more
or
method
that a number of measures need to be taken in order to avoid redundancy in a the literal addition operation.
Firstly, a new method can only be applied to a fresh variable. Secondly, each method is assigned a number in
form
being
for
learning.
Thirdly,
induce
to
the
used
another
of redundancy
methods
an
ordering
over
all
order
comes about as a result of the fact that a variable can be type-specialised and, since methods propagate down
the inheritance hierarchy, a literal could be added both before and after the specialisation of the variable. We
therefore apply a method to a variable - i. e., use the variable as the host object of the method - at the earliest
possible opportunity. This implementation of addition described in this section incorporates these redundancy
measures.

In short, adding a literal means identifying an appropriate binding for previously-occurring variables to
classedmethod arguments.Finding a method expressionis done in two stages.Firstly, COSINUSchoosesone
of the fresh variablesas the host object for the new method expression,and attemptsto find a set of candidate
methods which may be applied to it given its class constraints. Since methods may be inherited down the
class hierarchy, a method is deemedcompatible if it is the superclassof any of the classesin the conjunction
constraining the host object. Secondly,having found a binding for the host object, COSINus attemptsto find
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bindings for the remaining argumentsof the method. The two-stage method narrows down potentially large
setsof possible methods into a small number in which the relatively complete processof constructing binding
can be carried out.
Recall that each method is associated with an index, which is assumed to be positive. An addition of a
literal to a existing set of literals is characterised either as an add (in order) or a wake (out of order). If we
consider the maximum order (the order of the latest method in the ordering) of the set of existing literals to be
M (M = -1 if no literals exist yet), then the new literal is added if its order m is such that m>M,
if its order m is such that m<M.

and woken

The presence of parametric classes, and in particular, method definitions which involve variables, presents a
complication. For example, we may want to define a method getfirst on objects of class Iist(P) which return an
object of class P. In applying this method, it is of interest that we determine the ground class name for P before
calculating the binding. If we are to apply the method to an target object of class Iist(integer), we wish to bind
P to the most specific class possible, namely integer, so that the class returns the most detailed type information
define
We
a most specific parameterisation of a class C given a class CA of a method argument as
possible.
either C or the most specific superclass of C which is a superclass of the class CA given in the method.

Once a candidate method has been identified, adding a method expression to the feature based on the
candidatemethod is done by considering each argumentof the method (including its host object) in sequence.
The three kinds of argument(host object, input, output) are each treated separately.The algorithm returns all
assignmentsof terms to arguments,defining the new literal to be added. We consider the conditions necessary
for a variable V constrainedto a classcombination Cv to match a method argumentA taking a class CA in each
case.
is
A
In
the
the
case
where
method
argument
a host object, one of two specific conditions must apply
.
regarding Cv and CA. These relate to the earliest possible opportunity at which the method can be applied
to V. We assume further that in the case of a parametric class, A is a most specific parameterisation with
respect to the method and to Vc. Then, either (i) V is a newly introduced variable, which has not been
downcasted, and one of whose classes is a subclass of, or equal to Cv, and has not yet had its type
made more specific; (ii) V is an existing variable whose constraint has recently been changed via a type
specification operation from C'C,to Cv. The result of this type specification has been such that Cv contains
a class equal to, or a subclass of, A, but this does not hold for C. Equivalently, the odc/7 tuple takes a
final element of the form down(cl, c2) such that c2 is a subclass of, or equal to, CA but cl is not.

" Where A is an input argument, a previously-introduced variable V of class Cv is substituted,such that an
element of Cv is a subclassof, or the sameclass as, CA. If the method is order-yielding, an additional
binding for the argumentis permitted in which a new variable V of classCA is introduced.
is
is
A
introduced, such that Cv = CA. Order-yielding
Where
V
output
argument,
a
an
new
variable
"
methods may additionally directly introduce a constant for the output argument.

We assumethat the method has beenmatchedfor each argumentin this way. If the method is an candidate
to `add' (as opposedto 'wake'), the feature is refined by simply appending the method with the appropriate
bindings to the body, and resetting the output variable as the only fresh variable. If it is a candidateto `wake', it
too is appended,but it must first be verified that the resulting literal could not be addedat any earlier opportunity.
By this we mean that for no (partial) feature resulting from a previous refinement would this addition be valid.
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For this reason, CONSTRUCTFEATURES maintains a history of features produced at previous points and their
associated metadata. Each point is checked to ensure that it was not possible to apply the same refinement
previously. Variables are marked as consumed in the metadata, and the greatest method, history, trails, and so
on are updated. The resulting rule is then checked for validity and completeness as described above.

6.3.6

Implementing

type specialisation

A further means of refining a CORLoG feature is to specify one of the constraints of a variable. Since we
consider combination classes as constraints in CoSiNus, this amounts to adding a new class to the combination
or specialising one of the classes in the combination. The algorithm for downcasting is optimal but relies on the
odc/7 tuple in the metadata, associating six key values to each variable. The metadata follows the specification
of the type specification technique presented in section 4.3.1. odc (V, N, Ns, Np, A, P, LA) asserts that variable
V has been downcasted N times, Ns of which are simple class downcasts, Np of which are parametric class
downcasts, A is the maximum order in the conjunction at the last addition operation, P is a list of positions at
which a valid downcast can be made, and LA is the last action applied to the conjunction. P takes the values
add or down(cl, c2) for adding and downcasting (from class cl to c2) operations, subst for a tuple resulting
from a variable substitution, and create if the conjunction has been newly-created.
CoSINus constructs a refinement for each valid class specialisation possible under the rules for downcasting a conjunction of classes. Before describing the process of finding such a refinement, we identify the main
tests performed by the algorithm.

class combination is a valid combination if it is one which (i) contains at least one individual; (ii)
defined
does
(iii)
are
of
classes
which
mutually-disjoint
contain
any
pair
classes;
not
containsno abstract
and (iv) does not contain any superclassof anotherclass in the combination.

"A

"A

class combination is a qualifying combination if it is one which (i) does not contain any superclass of
in
in
does
(ii)
the combination; (iii)
the
class
not
contain
a
subclass
of
another
class
combination;
another

does not contain any pair of classeswhich are defined mutually-disjoint.
classmay havemore than one superclass.For the purposesof the downcastingoperation,if a superclass
is abstract,the most specific superclassof that abstractsuperclassis taken as the parent. If a classhas no
concretesuperclasses,the abstractclassesare used. The first superclassin the ordering is defined as the
first parent. The first parent relationship inducesa spanningtree over the classhierarchy.

.A

Usually, the members of a class conjunction will be in order with respect to the ordering induced by the
is
be
in
this
downcast
list.
to
Where
of
order,
out
position
a
class
a
position
causes
a
preprocessed class
called the order-breaking position.

With theseconceptsdefined, we can define the sequenceof tests necessaryto downcast a variable's condowncasting
We
the
downcasting
and
consider
to
the
operator.
refinement
straint according the rules of
optimal
is
TYPESPEC,
is
in
The
and
presented
type
turn.
called
algorithm
specialisation
addition refinementoperators
in algorithm 6.4.
The downcastingoperator specifiesan existing type in a conjunction. It first extracts a fresh variable from
the metadataand its associatedodc/7 tuple. Next, it finds a valid position, defined by P and substitutesit for
the class' minimal specialisation along the links describedby the first parent relation such that the new class
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Algorithm 6.4: TYPESPEC:optimal type specification
input

: (C, N, NS,NP, O, P, LA), a 7-tuple consisting of: C, a class conjunction; N, N,s, Np, the number of
times TYPESPEC has been applied in total, to single classes, and to parametric classes,
respectively; 0, the maximum class in the order at the last addition operation; P, a set of legal
positions for substitutions; LA, the type of downcast last applied to the conjunction; (Values for
N,. =0, Np=0,0=-1,
P={1},
LA = create)
new variables areN=0,

output: A set of 7-tuples (C', N', Ns,NP',0', P', LA'), outputs correspondingto the above,each a
type-specialisationof C.
R+-0
M <- maximum class in C
if IC1 < maxcc then

foreach class c' such that c' >M do
C' E- C appendedwith c'; c'' <- first parent of c'
if C' is a valid combination and c' qualifies and c' does not then
P 4-- { 1, IC' I}; O' E- maximum class in C'
...,
if c' is simple then

if N+1 <_maxdc and Ns+1< maxdcs then
LR=RU (C', N+1, Ns+1, Np, O', P', add)
else
if N+1<
maxdc and NP +1< maxdcp then
L R=RU(C',
N+1, N, N, +1, O', P', add)
s,
foreach pEP do
c +- class at position p in C
foreach c' such that c' is a most general concrete subclass of c do
ifcisafirst
parent of c' and c' >Mthen
C' is C with c' replaced for c at position p
if C' is a valid combination then
if C''s classes are in order then
I P'f-{1,...,
IC'I}

else
LP E- {p} where p is the first position at which cp < cp_t
if c' is simple then
ifN+l

<maxdcandNs+1

<maxdcsthen

LR <--RU (C', N+ 1,N, 1,Np, O, P', down(c, c'))
s+
else

if N+1< maxdc and Np +1< maxdcp then
L R<-RU(C', N+1, N, Np+1,0, P', down(c, c'))
s,
return R

is later in the class ordering than any class in the old combination. The class c is replaced with a new class c'
in the combination. The resulting combination is checked for validity and bounds. For bounds, the algorithm
checks the new values of N, Ns and Np resulting from the potential down cast, representing the number of
in
TYPESPEC
the
total, and for simple and parameteric classes respectively, checking
algorithm
of
applications
that N< maxdc, Ns < maxdcs and Np < maxdcp. If these bounds are passed, the odc/7 tuple is updated with
appropriate values for N, Ns and Np with the last action LA set to down(c, c'). The value A remains unchanged.
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Parameter

Description

maxapplications

The depth bound on the searchthrough the hypothesisspace;the maximum number of applicationsof the refinementoperator.
The maximum number of objects belonging to a class such that the refinement
operator will substitutevariablesof that classfor constantsto avoid production of

largetype

refinecomplete

reusevars
mincoverage
maxliterals
maxcc
maxdc, etc.
oymref inement

a large number of features.
If ref inecomplete
is true, a complete feature will continue to be refined.

When a variable is consumed,controls whether it may not be reused later in a
subsitution.
Specifiesthe minimum number of exampleswhich a feature must cover in order
for it not to be pruned during search.
Bounds the maximum number of literals (method expressions)in a clause.
The maximum number of classeswhich may appearin a classconjunction.
The maximum number of type specialisation per variable. maxdcs and
maxdcp control the samefor simple and parametricclassesonly.
Allows the user to selectwhether order-yielding methodsare refined accordingto
the order or treatedas any other method.
Table 6.1: Main feature parameters in CoSINus

The new class combination is checked for an order-breaking position. Where it exists, P adopts this position.
Where is does not, P retains its original value.
The addition operator adds a new class to the conjunction. It first extracts the odc/7 tuple from the metadata.
Additionally, since the operator is going to add a new class to the conjunction, it checks the length of the
conjunction against the user-specified parameter maxcc. If these tests succeed, it iterates through the list of
classes, appending each one which is later in the ordering than any in the conjunction (according to A) in turn to
the original class list, and performing the following tests for a valid choice. Firstly, it checks that it qualifies but
its immediate (first) parent does not. Secondly, it must be a valid combination. Thirdly, it checks the new values
of N, Ns and Np to ensure they are within limits, as described above. If these tests succeed, the combination
is accepted as a new refinement and the odc/7 tuple is updated as above, with new counts, but with A set to
the order of the latest class in the class-ordering and P set to be any position in the conjunction. LA is set to
add. Both the add- and downcast-operations therefore return a new class conjunction, which is possibly further
refined by another call to the refine predicate.
We have so far considered the feature level of the search. Table 6.1 summarises the main parameters. We
now consider the rule and theory levels of induction.

6.4

Implementing rule and theory generation

Having discussed how the feature set is generated, we now consider the operation of CoSINUS on the rule
level. Specifically, we consider how the constructed features are used by COSINUS to construct rules.
Theories are generated by COSINUS by repeatedly applying a series of steps which construct a rule. When
each rule is generated, the examples which it covers are removed from the example set and a new rule is
generated. The result is an ordered rule list, in which the first rule in the theory which fires is used to predict the
class of the individual. The rule geration process consists of a number of distinct steps; propositionalisation, in
which the data is converted to an attribute-value representation; feature reduction, in which logically redundant
features are removed from the propositionalised dataset; rule induction, in which a propositional learner induces
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reduced data; back-translation

and evaluation, in which the
output from the propositional learner is translated back into CORLOG- essentially FLORA-2 - rules for
incorporation into the theory; example removal, in which the examples covered by the
new rule are removed.
In this section, we describe each of these stages in more detail.

6.4.1 Propositionalisation and feature reduction
The adoption of propositionalisation means that the task of rule selection may be deferred to an existing,
external rule learner. This can be any rule learner which accepts a propositional or single-table representation
consisting of a set of named features each of which can be true or false.
The propositionalisation

step prepares the data for such a learner. We assume that prior to this step, CoSINUS has chosen seed examples and constructed a feature set during its feature search. Given this feature set,
it first removes any duplicate features which may have been produced as a result of redundancy in the feature
generation process. A set of features are duplicates of each other if they are equal up to reordering of the literals
in the transformed (i. e., FLORA-2) rule. CoSINUS then constructs a set of attributes by tagging each feature
with a unique feature identifier f;, corresponding to a feature generated in the feature search step. It constructs a
data set by evaluating each feature against each example. The class of each example is assumed to be given by a
target method of the form c; [class = c0], for a class of individuals c; (given by the individual/2 metaknowledge)
and an object-oriented class c; of possible predicted classes co. Each feature/example combination is assigned
a symbol resulting from its truth value. We adopt t for true and f for false. Each example consists of this
truth value for each feature in turn combined with the class label of the individual. COSINus does this simply
by iterating through each feature, assigning an identifier to it, then iterating through each example, evaluating
it against the knowledge base and assigning a symbol to it, finally adding the class of individual. By nature,
propositionalisation

requires the evaluation of many queries and can be one of the slowest phases in running

COSINUS.
Before supplying this propositionalised dataset to an attributetvalue learner, we first filter it to remove logically redundant features, as described in chapter 5 with the REFER algorithm. REFER is implemented as a Perl
script, implementing closely algorithms 5.2 (top-level) and 5.1 (REFER-R). Feature ranking may be optionally
performed as described in algorithm 5.3 (RANKFEATURES). Recall that REFER relies on the identification of
a random starting example. Accordingly, subsequent runs may yield differing results. COSINUS optionally
may be set to attempt more than one iteration and select the best run by way of the user-supplied parameter
As well as allowing us to potentially find a more reduced set of features,
ref erits.
multiple iterations allow us to determine the variance in performance over subsequent runs of REFER. REFER returns
statistics
describing the number of features and neighbourhoods in each feature set produced from subsequent
runs of
the algorithm and the best reduction among these, both with and without feature ranking.

At this stage we have a propositionalised dataset which has been filtered to remove features which are
logically redundantunder someneighbourhooddecompositionof REFER.

6.4.2 Rule generation and selection
The externalrule learnerprocessesthe examplesand producesa set of rules, usually intendedasa self-contained
theory for classifying unseenexamples. COSnvus can use this output in one of two ways, depending on the
mode undertakenby the learner. Where the parametermode is set to be single (short for single-iteration
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mode), the entire theory induced by the attribute/valuelearner is translatedback and adoptedas the CORLOG
theory. Where the parametermode is set to be iterative,
the best rule is selected in the SELECTRULE
step. Often, a quality ordering is assumedon the rules produced by the attribute/value learner, and the first,
and necessarilybest, rule returned by it is used in the covering-loop approachof COSINUS. In other cases,
CoSINUS may use its own heuristic to selecta rule from a candidatesetreturnedfrom the propositional learner.
A typical objective might be to remove as many examplesas possiblein each iteration, and so the rule covering
the most number of examplesmay be preferred. In general,however, it is preferableto defer rule selection to
quality criteria usedin the rule learner,since suchheuristics are likely to be more sophisticatedand more suited
to the searchthrough the rule spacethat the external learnerperforms.
COSINus adopts a variant of the CN2 learner [19,18] as its external learner. The variant produces an
ordered rule set, also known as a decision list. Decision list learners [119] define an ordering over the rules
such that the first rule in the ordering which fires is used to predict the class of the individual. Unless the rules
are constructed in such a way as to guarantee that only one rule fires for a given example - as would be the
case for divide-and-conquer algorithms such as decision tree learning -a resolution method must be applied
to the rules to determine which is to fire. The rule firing with the largest support with respect to the training
set is a typical strategy. Furthermore, the variant uses weighted relative accuracy [82,137] measure as a search
heuristic. We adopt the first rule in the ordered list at each iteration. Where the first rule is a default rule, i. e.
one without a body, iteration ends. The generality of the propositionalisation approach allows arbitrary rule
learners to be incorporated, however. In the implementation of COSINUS considered here, we simply select
the first rule in the CN2-produced decision list for the iterative mode, and the full theory in the single-iteration
mode.
At this stage, we have a rule produced by the propositional rule learner. This rule is necessarily expressed
in terms of the feature identifiers f previously associated with each feature in the feature set. We now need to
translate this rule back to an F-logic feature in order to evaluate it and combine it with a partially-constructed
theory.

6.4.3 Back-translation and coverage testing
Given that each feature identifier f,, has been associated with a feature expressed in FLORA-2, the translation
is
We
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from the feature search. COSINUS iterates through each of the features making up the conjunction and replaces it with the set of literals making up the corresponding FLORA-2 feature, including the class membership
in
identity.
All
these
from
inequalities
appearing
the
variables
object
adoption of
arising
constraints and any
literals, apart from the head variable, are renamed such that they are distinct from any variable name appearing
in earlier-translated features. If the feature appears negated in the conjunction, COSiNUS negates the whole set
of associated literals by enclosing them in brackets and prefixing with the not operator (\+).

Having translatedthis rule, it remainsto test for which individuals the rule is true and removethem from the
example set. To do this, flood usesa modified version of the coveragecalculation technique describedabove
over the setof examplesof the predicted class. Theseare then assertedas being marked and are not involved in
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the example covering step at the start of the new iteration.

6.4.4 Theory construction and evaluation
At this stage the covering loop necessarily produces a set of ordered rules of its own as a theory. The decisionlist-structured theories constructed by CoSINUS are therefore such that the first rule in the decision list
- the
one from the earliest iteration - is chosen as the one to predict an example. The orderedness of the rules
is ensured by appending a cut symbol to the end of each rule, thereby ensuring that where a rule makes a
prediction, no further rules are considered. This orderedness holds whether the single-iteration or the multipleiteration approach is taken, although one of the benefits of the single-iteration approach is its ability to represent
a wider class of theories. For example, were CN2 to output unordered rules, they could be translated according
to the same method described here.
However, the adoption of the iterative covering approach with respect to a small set E in each iteration has
several advantages over performing a single-iteration approach. Firstly, fewer feature/example coverage checks
are necessary. We assume that the quality function Q involves the calculation of the entailment of each example
by a candidate feature. Each example is removed during one iteration only, either because it is chosen as a seed
example, or removed as a result of the rule covering it. Accordingly, not all examples need to be considered,
and those that are need only be considered once. Secondly, a more varied and deeper search of the feature
space is made possible. The search of the feature space may vary from iteration to iteration depending on the
seed example(s). Furthermore, as there are fewer examples against which coverage functions test, more of the
branches of the refinement tree are pruned, and a generated feature set of the same size as in a single-iteration
approach may contain features found at much deeper levels of the refinement graph. A search of the hypothesis
space is effectively broken up into a series of subsearches, guided by subsets of the example set.

We conclude our discussionof the implementation by briefly considering the experimental analysis of the
resulting theory. This is coveredin more depth in chapter 7, so here we restrict discussionto the experimenter
module of the COSINUS system, which collects statistics for evaluating the predictive power of a produced
theory.
The back-translationof COSINUSproducesself-contained theories in a file theory. fir which may be
loaded and used with the FLORA-2 databaseto predict unseenexamples. The preprocessingstagedivides the
examples into a test set and a training set. Having performed theory induction on the training set, it iterates
through each example in the test set in order to predict a class for each example. In doing so, it builds a
confusion matrix, counting the number of predictions of positive and negative class labels for positive and
negative examples in the data. Furthermore, the theory is constructed in such a way that when a rule fires,
it returns a rule identifier (from 1 to the number of rules induced) as well as a prediction. This allows us to
collect covering statisticsfor each rule. CN2 outputs thesestatisticson the training data, and COSINUScollects
them on the test data. For each rule we therefore have its coverageon the positive and negative examples in
both the test and training data. These are returned by the learners as two pairs of coverage lists in the file
LP) contains two lists such that the nth element of L
theory. fir as additional facts. clist_training(L,,
(resp. Lp) contains the number of negative(resp. positive) examplesin the training set covered by the nth rule
in the theory. clist_test(1
Lp) gives a correspondinglist for the test set. The use of theselists is central to
,
the approachtaken in applying ROC analysis in order to determinethe predictive power of the models which is
discussedin chapter 7.
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Parameter

Level

referits

rule

seedexamples

rule

mode

theory

Description

The numberof times the featurereducerREFERis run in order
to find the smallestset of features.
The numberof positive exampleschosenas seedexamplesfor
for rule induction.
Where iterative,
employs the covering algorithm approach. Where single, one iteration takes place and trans-

lated into a resulting theory.
Table 6.2: Main rule and theory parameters in COSINUS

This concludes the discussion of the rule and theory levels of induction. Table 6.2 summarises the main
parameters at these levels of induction.

6.5

Conclusion

This chapter reported on the implementational aspectsof the CoSINUS learner, building on the feature refinement and feature set reduction techniquespresentedearlier in this thesis in chapters4 and 5 respectively.
We first examined the three-tiered approachto induction, in which theories consist of rules which are in turn
conjunctions of features. The schemefor representinga feature was presented,and we consideredhow the
additional data involved in this representationof a feature is used in assessingmetaknowledgevalidity and for
feature construction. The algorithms used in the generationand, in particular, refinementof the feature set were
discussed,as well as the evaluationof thesefeaturesand their use in theory construction.

Chapter 7

Applications
In this chapter we present a real-world application of inductive logic programming to which the object model
has been applied. Object-oriented data mining aims to extract knowledge expressed in terms of representational
elements specific to the object framework. This thesis argues that adopting the object model for representing
data for ILP leads to several benefits for the data mining process, compared to existing state-of-the-art ILP
learners with equivalent data. The object model aims to overcome a natural tradeoff in ILP systems between the
efficiency of methods employing syntactic form of subsumption and the informedness of systems which incorporate background knowledge and otherwise adopt semantic approaches to refinement. The method proposed
does so by defining metaknowledge under a syntactic refinement process, rather than incorporating semantic
mechanisms into the refinement process.
The metaknowledge is then adopted to simplify the space of features being searched as part of the ILP task.
These simplifications lead to learning benefits including a reduction in the size of the search space, a reduction
in the number of impossible and equivalent features being considered, and a resulting reduction in running time
in
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The comparative nature of the analysis requires a framework for the equivalence of a data mining task in
the object model and in the traditional model. We test the utility of the adoption of the object model in the
data mining process, and more importantly, the data modelling process. The resulting input to the data miner
can be considered the facts, background knowledge, metaknowledge and learning parameters. In order for the
comparison to be useful, we aim to adopt as many aspects of the data model into the input to the traditional ILP
method. The equivalence between the two bodies of input knowledge are defined by a specific mapping for the
purposes of experimentation. We present this mapping later. As part of this comparison, we are interested in
the number of features which are selected during refinement, the number which are not metaknowledge valid
and the presence of equivalence between features and its nature. We also consider the usage of the elements
of the object model during the search, during feature selection by the propositional learner, and their resulting
appearance in the induced theories, including the properties of this theory search.

For the analysis,we primarily considera computational linguistics domain in which we analysethe structure
of English-languagesentencesand derive rules allowing us to identify simple semanticroles taken by words.
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This chapter is structured as follows. In section 7.1 we introduce the analysis and identify its objectives.
In section 7.2 we present and identify the adoptedmapping framework. Section 7.3 describesthe general exin
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the induced classifier).

Given a set of features Fo and FT generated from equivalent starting clauses Co and
CT, we claim that where the area under the ROC curve of the resulting classifiers is comparable or that
of So is
better, IFoI <I FT I. Dually, where the sizes of the features generated IFoI and IFT I are comparable, the classifier
resulting from IFoI has a higher AUC.
This claim assumes a tradeoff between the feature set generated and the predictive performance
of the
learner. Unfortunately, it is unlikely that we will be able to control the experiments such that IFoI and IFTI do
not significantly differ or similarly for AUC. Accordingly, we view the claim by saying that CoSiNus presents
a more favourable predictive performance/feature set size tradeoff.

Claim 7.2 (ST searchesa high proportion of features which would be classed as metaknowledge-invalid
under So or are duplicates of other features). Given the set of featuresFo and FT, as above,generatedfrom
equivalent starting clausesCo and CT, the set of features in FT which are invalid (and therefore would not be
generated)is more than the set of features in Fo. Additionally we consider the redundancyof the refinement
operator in terms of the number of duplicate features encounteredwhile searchingthe hypothesis space. We
aim to quantify this proportion in the context of the size of FT.
Finally, we aim to demonstrate the utility of the REFER algorithm by applying it to the propositionalised
data generated as part of the COSINus process.

Claim 7.3 (REFERis a viable approach to further reducing the feature sets generated with COSINUS).
Given a propositionalisedfeature set generatedby COSINus, REFERreducesthe feature set with no significant
changein the AUC of the resulting ruleset.
In order to compare So and ST in a principled manner, it is necessary to adopt a mapping between the facts,
background knowledge, and rules involved in the data acting as input to the learner. Defining such a mapping
is a non-trivial process, since it is necessary to capture both aspects of the object model, so that the learner ST
can feasibly induce theories from it, while not attempting to re-model or emulate the object induction process.
We study the issues facing the definition of such a mapping.

7.2

A mapping between representations

Much of the comparativestudy thus relies on a mapping betweenthe CORLOGrepresentationand a logic programming representation.In doing so, object-orientedresolution may be mimicked to a large extent. However,
the definitions of bias for most ILP learnersdo not allow the definition of object-oriented bias in the samelevel
of detail as in COSINUS.There aretherefore two separateaspectsof the mapping. Firstly, we consider the mapping for the purposesof evaluating clauses. Namely, we consider what is necessaryand appropriate to add to
a Prolog knowledge basesuch that a Prolog clausemimics (a subsetof) the semanticsof CORLOG. Secondly,
we consider the mapping for the purposesof inducing clauses, namely, how to bring the object model into
bias declarationsfor standardILP. We assumea moded, typed representationas the usual basisfor background
knowledge.
A mapping can seekeither to mimic the behaviour of object-oriented resolution and induction as much as
possible, or instead be an example of commonly-used and natural data representationapproachesadopted in
typical ILP datasets.The former mapping, which seeksto fully implement object reasoning in a conventional
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logic programming framework, producesa contrived set of background knowledge which, while being more
`object oriented', is highly atypical of a system'sintendedmode of use. We insteadattempt to attain a mapping
which representsa natural definition of the data for the non-object system considered. Where aspectsof the
object-oriented domain description would be naturally expressedin the domain description and background
knowledge of the Prolog-basedlearner,they are included, otherwise they are omitted. Notions of how natural
or contrived a mapping is are inherently vague. We therefore define and adopt a mapping for the purposesof
comparison.
It is useful to review the bias declaration schemeassumedin the Prolog-basedlearner - the types and
modes bias. Each predicate is defined as a head or body predicate - it is restricted to appeareither in the
head or body of a rule. Each argument takes a type symbol (possibly sharedby other predicate definitions),
among which no subtyping relationships are defined, determining the argumentsamong which substitution and
unification may take place in a clause. Each argumentof eachpredicatetakesa mode,prefixing the type symbol,
either input (+), output (-) or constant(#). Mode declarationsrestrict linking of terms betweenarguments.
The scope of the mapping is potentially large. Finally, a means of testing features in FT against the metaknowledge is determined, so that the utility of the metaknowledge can be tested as in claim 7.2. In summary,
for each element of the domain model, we define an appropriate representation in Prolog, and where one does
not easily exist, we consider it an extension to the representation introduced by COSINUs. The former case
corresponds to the object model impacting the language and search biases and the latter the expressiveness
resulting from the language extensions. The following section considers each element of the domain model and
arrives at a mapping, forming the basis for experimental comparison. Parameter settings between COSINUS

and PROGOLare discussedlater in section 7.3.2.

7.2.1

Data

We first consider the mappings adoptedbetween facts and rules in the COSINus databasewith those in the
Prolog logic program used by PROGOL.
Structured

terms and functors.

A structured individual is represented in logic programming languages such
as Prolog by way of functors. Consider the following structured term:
s(np(fruit,

n(f lies)),

vp(like,

np(det (a), n(banana))))

(7.1)

In it, functors s, np, n, vp and det are used to structure non-terminal nodes of a parse tree in a structured
term Structured terms necessarilyrepresenttree-structureddata, including lists2. On the other hand, object
representationstypically adopt a completely flattened representationfor the data; no structured terms of this
type appearin the data. Instead, structure is encodedby labelling each element of the structuredterm - each
node in the tree describedby a structuredterm - with an identifier, and using predicatesto link identifiers. Such
representationshave benefits; they allow two parts of a composite object to refer to the sameobject, enabling
graph structures,as well as simplifying the semanticsof the object model and enablingthe associationof a class
to each node in the tree. To simplify the comparison, in general we assumethe absenceof structuredterms in
the facts Fo (object database)and FT (Prolog database).With respectto backgroundknowledge, predicatesin
2The functor /2 is usedin Prolog to representlists.
.
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BT omit the use of structured terms from argumentspassedto their heads. Similarly, methods in Bo omit the
use of structuredterms in their interfaces.
Class and class membership.
We first consider the use of class membership for evaluation
- testing whether
an individual belongs to a class. The membership of an object o to a class c is represented by the CORLOG
fact o: c. In Prolog, we may approximate this by defining the class as a unary predicate over object identifiers,
producing literals of the form c(o). Such predicates test the membership of an object o to a class c. Similarly,
membership of o to a parametric class p(cl,..., c) may be tested by a literal p_b(o), for some symbol b representing the sequence of classes of bound elements c,. Literals of the form c(o) appear as facts in FT and in
the body of rules and provide a means of testing membership to a parametric class. Such membership tests are
meaningful only when applied to terms associated with types representing superclasses of c. A type declaration
of the form c (+c') for each superclass c' is therefore included matching type symbols in the type declaration
of the predicates.

Using a new predicate to represent membership of each class in Prolog causesthe size of the resulting
bottom clause to become very large, since each predicate must be included in the bottom clause.
An
alternative method of modelling class membership is to consider the class to which an object could belong
as a property defined by one of its superclasses,using integer symbols to representthe subclasses.We may
do this by defining a predicate accepting with type declaration ctype(+c, #int) where c correspondsto the
corresponding type of the superclass. A set of integers is defined such that each integer n, representsci a
possible subclassof c, and the call ctype succeedsif the object reference passedinto the first argument is a
member of the correspondingsubclass. Although this reducesthe size of the bottom clause, it has important
drawbacks. Firstly, it cannot representthe class hierarchy in any meaningful way, and the learner is unable to
descendthe hierarchy. Instead,a set of possible subclassesmust be nominated,which may be potentially large.
Secondly, it cannot take advantageof the fact that the membership test has taken place to apply a predicate
(method) to the subclass.Subclassingfacts in CORLOGof the form sc :: c for a subclasssc and its superclass
c may be representedby an intensional rule c(X) 4- sc(X) in the PROGOLdata. Membership checks of the
form c(o) may then be resolved according to theserules. Generality orderings may or may not take advantage
of this and other mapped background knowledge. An implication-based ordering would take advantageof
rules such as c'(X) F c(X) arising from subclassstatementsc :: c' in CORLoG, producing an ordering sensitive
to class, whereasa subsumption-basedordering such as A-subsumptionwould not. In the case of parametric
types, subclassingintroducesa new level of complexity, since the parametersmay or may not be subclassable,
dictated by the parametric class's permissible class information in the domain. These are necessarilyreflected
by a typically largecollection of mode and type declarations,which may be implementedvia a systemof Prolog
rules. Recall that a parametric class' operation may or may not rely on its bound elements. In this case, the
parametric class only (e.g. list) may be considered a superclassof the parameterisedclass with its bound
representinglist(integer)).
elements(e.g. list-integer
Traversing the class hierarchy. So far we have a convenientand natural setting for testing classmembership,
but this framework neglectsthe useof the types and modessetting for domain description in ST. In other words,
it is necessaryto inform the modes-and-typeslearner about the class hierarchy so that it may processobjects
which are defined at different levels in the class hierarchy. Two basic properties need to be captured. Firstly,
predicates specify a type in their input. In CoSINUS, in order for terms in these types to unify, conditions
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between the types expressed in terms of the class hierarchy must be satisfied. In traditional ILP, including
PROGOL, these types must be equal. We therefore either ignore the class hierarchy or seek to mimic the
inheritance mechanisms of CORLOG. A number of approaches are possible. Firstly, we might include a new
type declaration for each combination of valid input and output types. Such an approach is likely to lead to a
large number of declarations, expanding PROGOL's bottom clause and possibly leading to ambiguities in the
choice of the output type. Secondly, in order to propagate the application of a superclass' method to its subclass,
we can transfer a term to one of a new type by introducing a rule upc (X, X). and associated type declarations
upc(+sc, -c) for each assertion of the form sc :: c. Applying upc/2, which we informally term upcasting,
thus introduces a new term associated with the superclass' type, allowing the application of a predicate to it as
a target object or and input. However, this practice is both contrived and over-complicates clause generation,
producing long clauses and introducing new variables. Furthermore, the situation arises where several variables
in a rule represent the same object, but each assigned to a different type. In the newer variables, type information
is lost and further refinements to the clause become more complex. Among these refinements, more features are
likely to be logically equivalent but for the upc/2 literals, which serve only to satisfy the typing requirements
for the ILP learner. All of these factors together cause a dramatic increase in the size of the hypothesis space.
For this reason, this necessary adaptation to the learner is not adopted in our study. Where it is necessary
for a predicate to take a set of classes (the set of subclasses of its `main class'), we introduce multiple type
declarations.
Finally, one of the central mechanisms of the object framework presented is the provision of refinement
via downcasting, in which a variable's class is restricted to a given class. No such mechanism can easily be
mimicked in a natural representation of the background knowledge in Prolog, since the predicates which check
class membership do not introduce any type information into the induction, or clause construction, mechanism.
In other words, the restriction inherent in including a class membership literal is not reflected in the typing
system. Where classes are checked with the c(+c')-predicates (for c' a superclass), we may choose to define
additional rules of the form c (X, X) 4- c (X) and use instead type declarations c(+c', - c), thereby introducing
a new output argument (and variable) in a literal c (X, Y), for which X is of class c' and Y of class c, the class to
which X has been restricted. However, in practice, this is both contrived and wasteful of resource bounds which
may exist on the learner. As such, progressive downcasting of the type symbol associated with a variable is
difficuly or impossible in learners adopting the modes and types bias. In other words, `refinement' is restricted

to classmembershipchecksonly.
Method calls in CORLOG have a close correspondence with Prolog goals,
Method calls and their signatures
especially where it is assumed that the arguments are moded. We represent method signatures by the type and
mode declarations in the background knowledge. In these declarations, the host object and inputs of a method
call in CORLGG appear as arguments to a mapped Prolog predicates, moded as inputs. Similarly, outputs from
the method call appear as arguments moded as outputs. Additionally, the classes associated with each argument
appear as type symbols in these mode declarations. Moding, a purely syntactic restriction in many inductive
learners, using type symbols which match or do not match, cannot take into account the class membership
facts in the database nor subclassing relationships, and therefore appear only as an approximation to the class
of an object-oriented argument. The mapping of calls which obey these signatures follow the same form.
Class membership checks may be added to the clause to ensure passed objects are members of some class
defined in the method signature, causing the failure of the method if the arguments are not of the correct type.
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For example, the CORLoG method signature integer[Iessthan(integer) = boolean] is mapped to the mode
+integer,
2[Iessthan(3)
and type declaration lessthan(+integer,
the
specific
call
-boolean),
--+ true]
being mapped to the logic programming literal lessthan(2,3,
true). Methods in the object model may be
inheritable or non-inheritable. Non-inheritable

methods may only be applied to objects of a particular class. In
a Prolog database, since there is no notion of class or type hierarchy, and non-inheritability may be implemented
by omitting declarations whether the multiple declarations approach is taken. Where re-typing is adopted, it
is necessary to split a class' methods into two new versions of class, one permitting upcasting (for inheritable
methods) and the other not. We do not adopt this practice for the purposes of our comparison, however.

7.2.2 Metaknowledge
The body of metaknowledgedefined in an object model can be taken accountof during the processof induction
in two main ways. Firstly, we can aim to reflect metaknowledge as much as possible in the declarations
and other information taken as input by PROGOLin order to allow it to guide the search. Secondly, we use
metaknowledgeto test whether a clause violates the metaknowledge.
Some clause-validity notions, such as linkage and decomposability, are independentof whether a clause
employs an object-oriented approach. Most metaknowledge in CORLOG servesprincipally to constrain the
languageof valid clausesand the searchthrough them. Additional background knowledge guaranteescertain
propertiesof the data. Partly becauseof their useof the object model, they are not typically part of ILP systems,
and additionally are not usually convenient to expressin Prolog. Most ILP systemscannot exploit ordering,
for example. More generally, logic programming has no intrinsic concept of class and does not encourage
the structuring of data according to the object decomposition. As a result, concepts such as abstract classes
and disjoint and dimensional inheritance do not appear in the traditional ILP data model. Cardinality and
functionality are representedby a number of ILP systems. In some ILP systems,this is done at the variablesharing level, meaning that they may be used at most n times with the same bindings of input variables. In
others, the number of times a predicate may appear in a clause with any argument bindings is limited, either
by a specific recall number associatedwith a predicate. Cardinality relationships may therefore be introduced
from the object model to a correponding set of argumentsin the predicatedeclarations.
An inductive bias basedon types and modes does not lend itself to incorporation of metaknowledgefrom
the object model. Translating such object knowledge to a types and modes setting is often problematic or impossible. However, it is possible to test a clauseconstructedby the traditional ILP systemfor their violation of
conditions introduced by metaknowledge.Conditions for violation of metaknowledgefor PROGOLfollow in a
straightforward mannerfrom the mapping defined betweenCORLOGfeaturesand conventional logic programming clauses. We briefly review the testsfor a valid clauseunder metaknowledgeintroducedin chapter3 in the
context of checking traditional ILP clausesfor metaknowledge-validity.Where appropriate,thesetestsassume
a syntactic rewriting of the CORLOG syntax used in definitions into a corresponding syntax for conventional
logic programming, under the mapping identified.
The first form of metaknowledgeconcerns the signature expressionsof CORLOG and the valid variable
sharingbetweenthe typed argumentsthat they introduce. Definition 3.17 introduced the conceptof a signaturerespecting clause. ILP learners based on modes and types do not unify terms of differing types. However,
PROGOLoften unifies terms of differing types if the types overlap, i. e. if the two types share individuals.
Accordingly, clausesrequire analysis to check whether the variable sharing is valid under the type scheme
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Element

Structuredterms
Listsa

CORLOG representation

flattenedobject facts
list object attribute

Facts and declarations

flattenedProlog terms
lists remain unflattened

Simple classing assertion

o: c

c(o)

Parametricclassing assertion
Classmembershiptest
Modeltype declaration
Subclassassertion
Signatures

o: c(a)
0: c
c:: c
CO[M(CA) CRI

c_a(o))
c(o)
c(+c)
c (0) E- c(0)
m(+c,,, +c., -c.. )

Methodsc

0[m(A)

R]
-,

m(o, a, r)

'Lists are the only form of structuredterm permitted in the data.
bRefersto a fact which assertsmembershipof the primary class.
'Attributes in F-Logic and CORLoc are consideredto be method calls with one host object and one output argument.This convention
is continued in the mapping presented.

Table 7.1: Mapping data from CORLoG to Prolog.

adopted.
In practice, a program analysesthe clause syntactically to determine whether it is valid under the object
metaknowledge. For each variable, it infers type information about the variable from the position it occupies
in its containing predicate. Each variable is associatedwith a set of classeswhich it adoptswhen consideredin
the context of the object representation,considering input, output and the analogueof class membership. The
validity of theseclassesis tested with respectto the criteria given in chapter 4. Redundantclass membership
testing - where the class membershipliteral contributes nothing to the meaning of the rule - is also tested.
In the same way, the presenceof a test for an abstractclass, two tests for a pair of mutually-disjoint classes,
or a set of literals which break multiplicity bounds, are also consideredmetaknowledge-breaking.A feature
ILP systemwhich doesthis is termed invalid.
generatedin a PROGOL-based

7.3

Experimental method

In the previous section, we considered a natural correspondence between the CORLOG approach to knowledge
representation and one in commonly-used Prolog with an associated modes-and-types bias. This standard
correspondence is summarised in table 7.1, and gives a point of comparison with usual data models in traditional
ILP, highlighting the differences in search between CoSiNus and traditional ILP learners. While Prolog may
be contrived as much as possible to follow object-oriented reasoning - employing the most object-oriented
data model possible under Prolog - we wish to analyse the operation of ILP on a typical representation of the
data, under modelling methods which reflect typical use.
Before considering domain-specific investigations, we establish the general experimental method adopted
in our comparative evaluation of CoSINus and an established ILP learner. The method sets out to verify the
claims made in section 7.1 by comparison with PRocoL. Its types-and-modes bias is comparable to COS INUS
and its framework CORLOG.

In this thesis, we compare the behaviour of COSINus and PROGOL. COSINUSuses a syntactic search
method employing metaknowledgefrom the object model. Pxo0OL, the conventional ILP learner, employs
a Prolog-basedrepresentationand a syntactic 0-subsumption-basedrefinement operator. Since it is syntactic,
it cannot take advantageof intensional background knowledge and may produce clauses which are invalid,
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method inheritability

mapping only

disjointness
class hierarchy

combination class
MGCS merging
abstract class

Figure 7.1: Variants of COSINus resulting from omitting and including
elements of the object model.

redundantor impossible under when mappedto CORLOG.
We are interested in the utility of various elements of the additional object
model during the search process
itself. As such, it is of interest to consider the effects of including or omitting these
aspects. For example,
the presence of class membership, possibly with respect to a class conjunction, and possibly incorporating
parameteric classes, is a key feature of the CORLOG framework. Objects are necessarily situated within a
hierarchy of classes, over which methods may propagate via inheritance. We may omit mechanisms
such as
this inheritance behaviour, multiplicity, specialisation of a term's class during refinement, the metaknowledge
describing disjoint and abstract classes and downcasting during unification, in order to understand how these
contribute to learning in the object model.

During the COSINus refinement process, the clauses which are redundant as a result of metaknowledge
declarations are not considered as valid features. These features may be disregarded,and not refined further.
We illustrate this reduction in the spaceof features searchedby considering the size of this space with and
without these forms of metaknowledge. The reduction in the size of the hypothesis space comes about in
severalways. Restrictions on argumentbindings, in particular the restrictions on and betweenbindings for the
host object, input argumentsand output arguments,linkage and decomposability limit the set of valid
clauses,as
well as type-correctness.Further restrictions are placedon co-occuring classesfrom the subclasshierarchy,and
rules on subclassingin parametric classes,and the semanticsof disjoint, abstractand dimensional inheritance.
Finally, redundancy and impossibility in the presenceof partial and total orders, cardinality, exclusivity
and
inversemethodsalso reducethe hypothesisspace.Aspects of the object model may then be divided into those
aspectswhich are representableunder the mapping. The first category are those which introduce some new
level of expressivenessin the languagenot intrinsically part of the Prolog representation,for example the class
hierarchy, including parametric classes.The secondcategory are those which guaranteesome property the
of
CORLoG clause and mapped PROGOLclauses. Inheritability, cardinality, combination classes,disjointness,
totality and submethods,as well as linkage and decomposition metaknowledge,may be used in this way.
As well as introducing language bias, several elements of the object model also introduces
search bias.
Subclassing relationships between simple classes, conjunctions and parametric
classes guides refinement differently than under traditional ILP systems which treat them only as simply-typed
monadic predicates. The
PROGOL learner is used as a baseline against which variants on the COSINUs learner
are compared. These
variants represent the COSINus learner with more aspects of the object model are introduced. Each variant
exhibits a different search behaviour, producing a different set of searched nodes and refinement lattice. The
variant comprises metaknowledge which may be used to determine the validity of clauses in the PROGOL run.
Some aspects of the object model necessarily depend on each other. For example, in order to
consider whether
a method is inheritable or not, the notion of class must first be introduced. These dependencies give rise to the
family of COSINUS variants possible for comparison. This family may be visualised as a tree
as in figure 7.1.
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7.3.1 Measurables
In performing the comparative analysis, we measure the following properties of the hypothesis space, the
refinement tree spanning it, the search method, and the resulting feature set. Additionally, the nature of the
search through this hypothesis space to obtain a set of features is of interest. Recall that CoSINUS comprises a
two-level search process, in which clauses are found during successive iterations and a theory built up from each
of these clauses. In this approach, we adopt a single propositionalisation of the data and use CN2 to construct
a theory from the features. PROGOL instead seeks to construct a single classification rule. We demonstrate that
COSINUS's approach offers a large efficiency increase over PROGOL as a result.
In the PROGOL experiments, searching for a theory involves multiple iterations of the search through the
refinement graph, at each stage considering a subset of the examples used in the previous iteration. Accordingly, we first consider important results for each iteration before considering those for the higher-level theory
search. Measurables of interest at the iteration level on the search of CORLOG features as well equivalent
Prolog clauses, are based on the multisets (i. e., allowing repeats) of candidate queries searched, and its subset, the queries selected according to the selection criteria in the parameters. We then compare the following:
the number of candidate queries searched against the number of queries found to be supported by the search
heuristic, and the proportion describing the number of selected queries over all candidate queries; the set of
candidate and selected features respectively, which are distinct under feature equivalence, and the size of these
sets; the subset of features which are metaknowledge-valid under the mapping between CORLOG and Prolog.
Furthermore, for COSiNus we consider the number of features selected for propositionalisation.
In experiments, we compare the iteration-level measurements above averaged over each iteration as well
as the total number of iterations required to construct a theory. Additionally, we are interested in comparing
equivalence and repetition of features between iterations. The number of interations which share an equivalence
class of features indicate whether new portions of the hypothesis space are being searched on subsequent
iterations, or whether it is the case that subsets of the hypothesis space are being searched instead. Measurables
of interest at the theory level are as follows: the number of covering iterations taken; the multiset union of the
candidate and selected features across each iteration, and their size; the degree of duplication of features across
successive iterations; and the amount of CPU time taken for induction. The experiments were run on a 2.4GHz
AMD Opteron-based computer. The time recorded excludes compilation time. The area under the ROC curve
applied to a test set, is used to estimate the predictive performance of the induced model.

7.3.2

Experimental

parameters

In this section we summarise the parameters used in the experimental method. In chapter 6, we considered
parameters guiding the learning process, which we will refer back to in this chapter. We therefore consider here
only experimental parameters specific to the investigations carried out here.
Firstly, the approach taken to imitating the inheritance hierarchy - the mapping approach adopted between
COSINus and PROGOL data - forms another kind of parameter. This can be summarised in the two following
introduces
knowledge
background
In
El,
to
a new class membership
which
an
approach
adopt
settings.
we
testing predicate for each class in the system. Each class in the object model is represented by a type in the
Prolog-based system, and additional declarations may be used to determine where these types are compatible.
In E2, the principal difference is that class member is instead done by considering the class to be a property of
its superclass, for example where a fact vg(X, i) f-- perfectiveverbgroup(X)

holds. This gives one predicate
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for each superclass, testing the membership of one of its subclasses as a property of the individual. In both cases
no new variable is introduced of the subclass' type.
Additionally,

we consider the parameters of the underlying propositional learner. In this thesis, we adopt
the ordered CN2 learner and its variants as the propositional learner. The star size is fixed to 20, while the
The
significance threshold and version may be set with parameters cn2threshold
and cn2version.
version may be the original CN2, a version for subgroup discovery, or CN2 using weighted relative accuracy.
We adopted the weighted relative accuracy version for this work, with all other settings being the default.
Variant forms of COSINUS-

those that omit some aspect of the object model
defined
by
are
another
set of parameters. For example, object identity (obj ectidentity)
causes the addition of extra literals to
induced and evaluated clauses which ensure that the values of distinct variables are never equal. The remaining
variants considered are as follows: multiplicity

determines whether to omit multiplicity metaknowledge during
feature construction; class specialisation enables or disables the refinement of a term's class during refinement;
abstract and disjoint classes removes the class metaknowledge during learning; method propagation allows
a method in a class' superclass to be called - disabling it means that a method may only be applied to a
term of its exact class, in effect making all methods non-inheritable; Merging in MGCS considers the situation
where the unification of two terms results in a combination class greater than the maximum permissible length
is permitted, two of the classes are replaced by their most common general (non-empty)
merging
where
subclass in order to reduce the length of the class. The COSINUS learner was adapted to disable and enable
these aspects of a variant.
For comparative purposes, the parameters chosen for PROGOL should aim to correspond to their equivalents
in COSINus as much as possible. We briefly review the main parameters in PROGOL which correspond to those
of COSINUS and consider these equivalents. Firstly, the recall setting on type declarations in PROGOL relates to
cardinality settings on COSINUS methods. In order to limit the search process, PROGOL takes a parameter for
the number of nodes expanded in the search (setting nodes) and a limit on the number of atoms in a hypothesis
(setting c). The length limit in COSINUS is on the feature-construction level rather than the rule-construction
level, and so these are not comparable. However, we compare two settings of c in order to understand how
PROGOL performs on different bounds. Finally, the number of bottom clause iterations (setting i) bounds the

variable depth of clausesexplored. Except where indicated, default settingsare used.

7.4

Analysis of natural language

The use of object orientation to model grammatical structures has has a long history in computational linguistics. Grammatical structures and categories are used in grammatical rules defining grammatical objects in terms
of their constituents, such as S <-- NP VP, meaning `a sentence is a noun phrase followed by a verb phrase'.
These rules thus define a grammatical object in terms of its constituents. In order to model language adequately,
these constituent categories can become very complex. Verb phrases are a case in point. In sentences using
verbs such as WANT or NEED, a verb phrase may contain another - the verb phrase TO ARRANGE A PARTY is
enclosed in I WANT TO ARRANGE A PARTY, With WANT the complement of TO ARRANGE A PARTY. We might
want to model this behaviour with a rule. However, these verb phrases may only be included in this way with
WANT if it is infinitive, and not every verb phrase may take a infinitive complement in this way. There are many
such properties of categories, which must be taken into account when modelling grammatical behaviour. As a
result, phrases in a grammar are often given detailed categories such as third person singular noun phrase or
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modal verb phrase. Defining separate grammatical rules for each detailed category leads to an explosion in the
number of rules necessary to capture the behaviour. To overcome this, often these categories are arranged into
hierarchies, in which transitive and intransitive verb phrases are both kinds of verb phrase, for example, and
rules are defined at the appropriate level. Typically, grammatical rules model dependencies between a whole
and its part, and hierarchies of grammatical categories are useful. However, phrases and words in a sentence
may depend on each other. Subject-verb agreement is an example of this. For example, we say THE DOG EATS
HIS FOOD, but not THE DOG EAT HIS FOOD, since the form of the verb EAT must agree with whether the noun
(dog) is singular or plural. If the grammar is context-free, a further dimension of grammatical categories become necessary, for example verb agreeing with a third person singular noun phrase, further increasing the set
of possible categories in order to model defined properties. This very fine-tuned categorisation becomes necessary because so many categories possess defined properties which other grammatical categories, including
their more general categories, do not possess. It is meaningless to talk about the tense of a noun phrase, or the
modal verb possessed by a verb phrase which is anything other than a modal verb phrase. As such, grammatical
structures in a given sentence may easily be viewed as objects belonging to classes which have complex sets of
properties (methods and attributes, in the object terminology) associated with them. Adding named properties
such as `plurality' to more general grammatical categories is termed parameterisation in the linguistic literature,
and may be seen as an analogue to defining method and attributes for particular object-oriented classes on an
inheritance hierarchy. The ability to refer to other objects in a database also permits the linkage of grammatical
in
to
the same sentence.
their
others
constituents
and
categories
The object-based view of natural language data has been studied for some years under a different name
in linguistics. Constraint-based formalisms in linguistics aim to solve these issues, by defining a simple constraint language on properties of a grammatical category, forming feature structures [58]. In afeature structure,
instead of representing each grammatical category with a symbol, attributes are associated with grammatical
categories, for example a property number denoting whether it is singular or plural. The same can be applied
to verbs, and grammar rules can be defined as only succeeding if the property number matches. Each attribute
is constrained to take on a number of possible defined values, and structures possess substructures, which may
be shared with other structures. Unification rules are defined across these structures also; two structures may
be unified, or merged, into one resulting structure if a valid assignment exists - where no two specified attribute values in a structure differ. Feature structures thus model partial information about a (linguistic) object,
in terms of value constraints which may subsume each other and form generality orders over feature structures. The unification process performs specialisation along this order. The constraint-based formalisms and
the object-oriented logic programming formalisms previously introduced closely correspond. Where a feature
Where
it
fully
objects.
attributes
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composition
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represents
specified,
structure's attributes are
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feature
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feature
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structure
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structure represents
are unspecified,
one involving a inheritance hierarchy of types, more specific types inheriting their parents' properties. AitKaci [4] adopted logic programming ideas on unification to propose unification of inheriting feature structures.
Later, typing of feature structures was proposed, including the range of possible values that an attribute may
take. The typing mechanism of feature structures associates each feature structure with a type, with each type
is
Uniin
it,
be
included
features
meaningful.
each
attribute
ensuring
may
stating
which
possessing conditions
fication is then done according to type as well as value, with the unification of two simple types being the most
general type more specific than both of them. Unification with inheritance followed with the proposal of KLONE. Within computational linguistics, inheriting feature structures have been used for (linguistic) knowledge
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representation involving inheritance as in the implementation of dependency grammars. A feature structure
therefore represents a set of constraints on a grammatical structure, or a pattern which can be matched to a set
of grammatical structures. These constraints have a corresponding representation in first-order clausal logic,
and the typing, object-identity and inheritance rules extend this correspondence to languages such as CORLOG.
The set of permissible feature structures relate closely to the signature atoms and the is-a definitions in the
database. The use of feature structures in linguistics demonstrates the applicability of object models to grammatical structures in linguistics, and motivates it as an application area. Feature structures have been used in
many of the levels of linguistics, particularly phonology, syntax and semantics. Here we hope to demonstrate
that object-orientation is a suitable representation paradigm for the induction of rules (analogous to feature
structures) describing regularities in grammatical structures.

7.4.1 Applying inductive logic programming to computational linguistics
Many approachesto linguistic analysis of text employ statistical methodsto determinegeneralpatterns. Other
approachesdescribe common patterns by constructing grammars. In contrast to both of these, the propositionalisation approachadopted in the learner requires the knowledge learnt to be in the form of classification
rules. Therefore, we consider a number of simple tasks in linguistics which are well-suited to formulation as
be
divided
into
Appropriate
tasks
the linguistic levels of syntax,
classification
may
problem.
a classification
the study of the rules that govern the way the words in a sentencecome together and morphology, the study of
word-formation from smaller units. Firstly, we review a number of computational linguistics tasks which have
already been attemptedby applying ILP systems.
Mappings between words such as from the present to the past tense of English verbs is one area that has
been explored. Analogical past tense prediction [ 102] predicts the past form of a English verb given its present
tense, using an analogical approach. In another approach [37], gender and case were used to learn mappings
between the lemmatised or stem form of nouns and their oblique or inflected form in Slovene. ILP was also
in
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closely
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French corpus of engineering texts [20]. This link is termed the N-P relationship. For example, KNIFE and CUT
are linked by a telic role, BUILD and HOUSE by an agentive role, HANDLE and CUP by a constitutive role, and
CONTAIN (in the sense of containing information) and BOOK by a formal role. A pair like CORROSION and
CHECK are not considered linked. The work uses ALEPH to learn rules which detect the presence of such roles
in a sentence. Finally, irregular French verbs were segmented and stemmed using a combination of genetic
algorithms and ILP [63].
Rules may also be induced which label the role of a word in a sentence, for example its part of speech. This
is an interesting task because of the natural ambiguity in natural-language text. Part-of-speech labelling with
ILP has been applied to datasets describing sentences in English [23], Hungarian [57], Slovenian [24,64] and
Swedish [86]. At the sentence level, the problem of PP-attachment [62] has been approached using ILP. In this
task, the selection of one of two possible parse trees for sentences of the form (VERB NP PP). For example,
the phrase PETER READS A BOOK ABOUT COMPUTERS, in which the prepositional phrase is adjectival, i. e.
the phrase `about computers' relates to the noun and, has the parse tree (VP (VERB NP(NOUN PP(PREP
NOUN)))). The phrase PETER READS A BOOK ON THE BUS, in which the propositional phrase is adverbial,
i. e. the phrase ON THE BUS relates to the verb, and has the parse tree (VP (VERB NP(NoUN) PP(PREP
NOUN))).
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The induction of grammars and parsers is another common kind of learning task used when applying ILP
to computational linguistics.

An approach to semantic interpretation using a quasi-logical form has been investigated [25]. Natural-language shift-reduce parsers were also induced from the WordNet semantic lexicon
and the treebanks [61] - text corpora annotated with its syntactic structure. Finally, the STO system [12]
induces transfer rules, describing mappings between phrases expressed in natural language and restricted logical representations of their meaning. The intermediate representation is known as quasi-logical form (QLF).

Logic-based approaches to linguistic analysis often involve the induction of context-free grammars. Context
most commonly expresses word dependency, in which a word in a sentence depends on the presence of other
words, potentially not appearing in the part of the parse tree covered by a grammar rule. Such dependency may
be modelled in the frameworks of finite-state machines and context-free grammars, after their formalisation by
Chomsky [17].
The object domain provides several data modelling facilities relevant to the study of natural language.
The class structure provides a dual purpose of enabling the definition of levels of parts of speech (word/verb,
etc). Objects facilitate the modelling of categories, or protoypes, in which more general concepts represented by words can be defined in terms of more specific concepts (FURNITURE/CHAIR),
representative specific concepts (compare BIRD/ROBIN to BIRD/PENGUIN), and elaboration of concepts by
verb/transitive-verb,

overriding (in which a ROBIN flies, but a PENGUIN does not). Container classes naturally model higher-order
semantics of natural structures such as sequencing and parse trees in the data. Meta-knowledge regarding general rules about sentence structure, e.g. the assumption that a noun is described by at most two adjectives, or the
knowledge that a monotransitive word takes only one grammatical object, may be incorporated. Word properties based on their part of speech, for example the role of head and functional words in subtrees of the parse
tree. For example, the head of a verb phrase is its verb and a noun phrase its noun. Similar relationships exist
for sentences.

7.4.2

Data and corpora

Having reviewed some of the data modelling issues with grammatical categories, we can already see that data
from linguistic corpara is both rich in structure and (necessarily) incorporates a strong notion of inheritance,
making it highly suited as an application area for inductive logic programming and in particular ILP using the
its
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a
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a
strong
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object
considered an individual comprised of its constituent clauses, phrases and words, relating to the compositional
aspect of the object model. Arbitrary structures may be captured by the flattened object data set. The large
set of grammatical categories are well-represented by a class hierarchy, leading to large, connected class structures. Furthermore, within this class structure, more specific categories typically introduce more properties as
they become meaningful, for example the plurality of a noun phrase. Furthermore, sentence are additionally
structured as a sequence of words, each of which carry their own properties and substructures. Finally, metaknowledge is useful in capturing a number of elements of the model. For example, grammar rules for English
present cardinality constraints (a clause has only one subject and one verb), numerical properties of sentences
such as clause count allow reasoning over ordered sets, and incompatible combinations of classes naturally give
rise to disjoint sections of the class hierarchy.

For a learning task to be successfuland demonstrative,we rely on a linguistic corpus which is both detailed
and correct, and whoserepresentationmay be easily adaptedinto an object database.We briefly review suitable
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corpora and data which may be used to augment them. Treebanks are text corpora in which each sentence is
annotated by a highly detailed tree structure describing its semantic properties, and are used to train parsers, but
also are applicable to a wide range of computational lingustics tasks. Many treebanks exist and have been used
in the literature, among the most common the Penn Treebank and its Wall Street Journal corpus [92], which
associate words in a corpus with their parts of speech using some syntactic scheme such as brackets.
The SUSANNE [124] corpus is a free and highly-detailed corpus based on the common Brown corpus, emphasising the logical and surface grammar of the English language and covering a wide number of different
structures in English, at the document, sentence, clause, phrase and word level. Comparative to other corpora, the scheme is wide-ranging, aiming to unambiguously represent many aspects of English grammar. Each
clause and phrase is associated with a form tag, categorising the type of clause or phrase (noun phrase, verb
phrase, etc. ) and applying sub-categories of each type to these (such as `singular noun phrase' or 'negative verb
phrase'). These are supplemented by additional modifiers specifying categories such as interrogative, imperative or subjunctive clauses, as well as marking phenomena such as subordinate clause structure. The function
tag defines the semantic role of the phrase or word in the sentence, distinguishing between categories such as
subjects (logical and surface), objects (direct, indirect, logical and surface), preopositional objects, complements and agents. Adjunct function tags define additional forms of semantic role in the phrase, for example
phrases describing places, direction, time, manner as well as more abstract concepts such as contingency, respect and aspects of particular phrase types such as participles and relative clauses. Finally, additional links
between nodes on the parse tree are provided by numbered indices, which link together distanced nodes in a
parse tree, such as those links introduced by a relative clause.

7.4.3 Data preparation and preprocessing
The SUSANNE corpus was selected for the computational linguisitics experiments in this chapter. Thirty-three
documents from SUSANNE were adopted3. The SUSANNE consists of a series of plain text files, each of which
contain a line for each word in the corpus, describing its part-of-speech, lemma, and a segment of the parse tree.
This data was preprocessed by a program called MAKETREE, which processes these elements of the data to a
form suitable for reading into ILP systems. Two formats were produced. The first consists of a set of F-Logic
(and therefore CORLOG) facts. The second consists of the Prolog equivalent under the experimental mapping
described above. The data - facts or `libraries' of intensional rules
in the resulting logic program may be
divided into a number of subsets which cover different aspects of the corpus' structure. We discuss each of
these categories in turn, briefly discussing the preprocessing undertaken by MAKETREE.
For brevity, we summarise a number of subsets of the data not used in the experiments in this thesis.
Lemmatisation considers the stem, or lemmatised form, of words in the corpus. The lemma of SAID is SAY, for
example. Features of the lemma form may then be associated with the data. Each word also carries WordNet
annotations [95], describing the exact sense of a word by linking it to an entry in the WordNet database, a
semantic lexicon of English linking words together as hypo- and hypernyms, holo- and melonyms (in nouns),
and many other high-level relationships. Indices link two arbitrary nodes in a parse tree, denoting referential
identity between them, bringing a new structure additional to that of the parse tree, namely referential structure.
An example from Sampson is the sentence JOHN EXPECTED MARY TO ADMIT IT. Here, the clause TO ADMIT
3Specifically,documentsA01, A02, All, A12, A13, A14, G01, G11, G12, G17, G18, G22, JOI, J02, J03, J04, J05, J06, J07, J08, J09,
J10, J12, J17, J22, J23, N05, N09, N10, N11, N12, N14 and N15, which contain additional information on synonymsnot exploited in this
study.
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IT is linked to MARY. Finally, sentence-leveldata associatesa unique identifier with eachsentenceand reports
the text of the sentence.
Part-of-speech annotation and wordtags. Part-of-speechdata is included for eachword in the corpus. Each
word is categorisedin a very detailed,hierarchical categorisationschemeconsistingof approximately 350 categories representedby symbols and listed in [ 124]. We adopt the Penntreebank,a simpler and more commonlyused schemefor the representationof part-of-speechannotation. We use a mapping between the SUSANNE
corpus to translateto one of approximately forty specific categories,each of which belong to one of nine general categories. This category structure is representedby a class structure, allowing part-of-speechannotation
at two levels of detail.

Parse tree. The parse tree accompanyingeach paragraphis the main form of structure in the SUSANNE
corpus,describing the grammaticaland typographicalelementsof the documents.Such a tree has grammatical
categories at its branches and words at the leaf and is representedin both knowledge basesas a flattened
structure of object identifiers, linked by parent/child relationships. The node thus becomesthe primary unit
of structure in the tree, and refers to a grammatical category adopted by one or more words. Each node is
thus identified directly or indirectly with a set of words. MAKETREE introduces a new object for each node,
describing parent and child relationships betweenthem. As nodes are ordered under their parents,each node
has a number associatingits position in the sequencenumber among its siblings. This is necessarydue to the
fact that we do not consider lists in our data. A containing node clause or phrasemay be found by meansof
the predicate containscp. The `scope' of a node - its parent and siblings - may also be found. Finally,
the notion of `treewise next' and `treewiseprevious' nodes are defined in the domain library, using the tree
structure to define successiveand previous nodesin the tree.
7.4 (treewise next, treewise previous). A node N' is treewise next (resp. previous) to a node N if
(i) N and N' share a common parent P, such that N' is linked through the next (resp. previous) child of P from

Definition

N and (ii) N' is linked to P by first (resp. last) child links.
Form tags label the nodes of a parse tree and provide information regarding the
internal properties of the words dominated by the node, and usually determine the grammatical properties of
the words, such as the category of clause or phrase they represent, rather than their role in the sentence. Four

Form and function

tags.

levels of structure are included - rootrank (paragraphs, headings, quotations and interpolations), clausetags
(sentences and their subclauses), phrasetags (noun and verb phrases, etc. ) and wordtags (parts of speech). Each
level is arranged into a hierarchy of grammatical categories which may be augmented with additional adjunct
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our classification problem.
roles, for example the subject and object of a sentence. Adjunct tags may occur many times and elaborate on
the role, stating whether the role is a place, direction, time, and so on. Like form tags, MAKETREE introduces
classes to represent the association of these form tags with a node.
The SUSANNE corpus is unusual in that it does not take into account dependency structure in the parse tree, but instead takes a phrase-structure basis to English grammar. The PRINCIPAR
Dependency and head nodes
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[85] system aimed to automatically augment the SUSANNE corpus with dependency information. The dependency domain library aims to augment the structure of SUSANNE to include such information about the head
of any arbitrary grammatical structure - i. e. node - in the knowledge base. Such dependency information is
very important in the analysis of English documents and introduces a dual view of the parse tree data. The parse
tree as translated by the SUSANNE corpus by MAKETREE consists mainly of parent, child and child-sequence
relationships. The dependency tree consists of the same nodes but defines different relationships among those
nodes. The methods dparent, dchild and dseq, implemented as intensional knowledge, implement these relationships. dparent is a simplified form of dependency, adopted both for computational efficiency and for simple
incorporation into the alternate tree structure. A node's d-parent ('dependency parent') is its parent in this tree.
Nodes also depend on a nearest head, the most grammatically significant of the set of children of a given node
in the parse tree. A node's head is then the closest such head on which it depends. The dependency tree can
be defined in terms of the parse tree according to several simple rules which define the head and d-parent of a
node.

Definition 7.5 (head, d-parent). The head and d-parent of a node are defined in terms of the parse tree as
follows: (i) each non-leaf node has exactly one head child. If a node is a head child, it is said to be a head. If
not, it is non-head. The root of the tree, representingthe sentence,is always a head and is termed the sentence
head; (ii) a non-headnode's d-parent and head is that sibling (in the parse tree) which is a head; (iii) a head
node's d-parent is its parent (in the parsetree). This may or may not be a headnode itself. A head node's head
is either its parent (where the parent is a head node) or its parent's head (where the parent is not a head node
itself); (iv) a sentencehead's d-parent is itself.
N is a d-child of N' if N' is ad -parent of N. A simple method is used to determine which child is a node's
head child in the parsetree. A seriesof headlists {Hi,..., H} are defined. Each headlist H; is associatedwith
a class C;, and a set of classesH1,ß. For each node N in the tree, the algorithm finds the first C; such that N is
of class C;. The children of N are checked for membershipof H1,t, H;,2, ... until some H1,ß matches. The first
child of class H,j is then the head child. If no H;j matches,the next headlist is checked. In the case where
no headlist matches,a global headlist Ho is usedinstead, which is assumedto match any class. Where no Hoj
matches,the first child is chosenas the headchild.

7.4.4 Relational structures in the SUSANNEcorpus
A number of structures exist in the SUSANNE corpus. We illustrate the more important structures in the data
with the aid of an example sentence from the corpus. The text of the sentence is as follows:

The race problem has tended to obscureother less emotional issueswhich may fundamentally be
even more divisive.
Figure 7.2 shows a detailed view of the relational structure of the sentencein the SUSANNEcorpus. The
structurecomprisesa node part and a word part. The node part consistsof phrases(single-borderedboxes) and
clauses(double-borderedboxes) arrangedinto a tree, in which child nodesare ordered. Each node is illustrated
with its SUSANNEtag and the word, or rangeof words, to which it relates. Before the colon in the tag is thefonn
or grammatical category and after the colon is thefunction or semanticrole. Each node may have an (ordered)
set of words associatedwith it, which appearwith their SUSANNEpart of speechtag. Words are linked to their
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Figure 7.2: Compositional structure: A detailed view of the relational structure of a sentencein the SUSANNE
corpus.
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To the left, the inheritancelattice among form tags. To the right, an exampleof inheritancebetweenfunction tags. The full
inheritancestructurecontains many more classesrepresentingeach form and function tag.

Figure 7.3: Inheritancestructure: A fragment of the inheritancehierarchy
preceding or following word. Coreference links appear in addition to the tree structure. To summarise, the data
set may then be said to possessfour main relational structures - the parse tree, the dependency tree, the list
structure among words, and and the coreference links among clauses and phrases.

SUSANNEtags are translatedby MAKETREE into databasefacts. Table 7.2 shows examplesof the translation schemeon tags shown in figure 7.2. We consider the tags used in the exampleshere, describe their
meaning, and provide the translation into Prolog and CORLoG. Grammatical categoriesappearas classesin
the CORLOGrepresentationand unary predicatesin the Prolog representation.They may be specifiedby using
subclasses,or by assigningpropertiesto the classes.
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Tag

Meaning

Prolog translation for node id o

D
Dq

determiner phrase

determinerphrase(o).
determiner-wh(o). wh(o,wh_).

wh-determiner phrase

o: determinerphrase.
o: determiner_wh.
-3

Fr

relative clause
adjective phrase

relativeclause(o).
adjectivephrase(o).

o: relativeclause.
o: adjectivephrase.

adjectivephraseas a subject complement

adjectivephrase(o).
subjectcomplement(o).

o: adjectivephrase.
o: subjectcomplement.

adjective phrase as a non-conjunctive

adjectivephrase(o).

o: adjectivephrase.

subordinate
plural noun phraseas a logical direct

nonconjunctivesubordinate(o)
nounphrase(o).

object

(o, plural).
plurality
logicaldirectobject(o).

Ns:s

singular noun phraseasa logical subject

R
S
Ti: z

adverb phrase
main clause
infinitival clauseas a catenativecomplement
modal verbgroup (c), ending in in-

nounphrase(o).
logicalsubject(o).
adverbphrase(o).
mainclause(o).
infinitivalclause(o).
catenativecomplement(o).
verbgroup_b. modal(o).

finitive `be' (b)

beverbgroup(o).

J

J: e
J-

Np:o

Vcb

ending(o,

nonconjunctivesubordinate.
.o:
o: nounphrase.
o[plurality - plural].
o: logicaldirectobject.

o:
o:
o:
o:
o:
o:
o:
be).

itense(o, iuf).
Vi
Vzf

nounphrase.
logicalsubject.
adverbphrase.
mainclause.
infinivalclause.
cantenativecomplement.
verbgroup_b_modal.

o: beverbgroup.

infinitival verb group

infinitivalverbgroup(o).

o[ending --* be].
o[itense -p inf].
o: infinitivalverbgroup.

third-person singular `be' (z), perfective (0

verbgroup_b_3s(o).
perfectiveverbgroup(o).

o: verbgroup_b3s.
o: perfectiveverbgroup.

Combined form and function tags (e.g. NS:S) are constituted from their form tag, before the colon, and function tag, after
the colon. Tags may combine with eachother. Translationsare done at the most specific level possible. In the caseof the
tag Fr, were this tag F, the more generalfact f_clause(o). would be translated,reflecting F's more general status
comparedto Fr.

Table 7.2: Examples of MAKETREE'Stranslation

As well as this compositional structure, in which one node is associated with a set of constituent nodes, the
tags form an inheritance, or subclassing, hierarchy. Figure 7.3 shows a fragment of a lattice representing this
relationship. The full structure contains many classes representing each form and function tag. 'Iwo orthogonal
structures result; the compositional structure of the parse tree, and the type lattice of the tag hierarchy.

We illustrate the use of the dependencyhierarchy by introducing a typical set of headlists and presenting
the resulting dependencyhierarchy from the sentenceshown in figure 7.2. Table 7.3 shows a simplified set of
headlists,usedfor determining whether a node in the parsetree is the headchild of its parent. The dependency
structure is shown in figure 7.4. One child of each non-leaf node in the tree's compositional structure has been
selected as its head child (shown shaded). Nodes are therefore head or non-head. An alternative structure
results in the form of the dependencytree. Each node hasone parent, and one dependant.Where the dependant
differs from the parent, it is shown with a dashedline. Dependantsoccur as a result of nonmain/main groups,
shown dotted in the tree.
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Class

Heads

(global)

verb, noun, pronoun*, preposition, adverb, adjective
verb, preposition
verb, preposition
coordinate*, verb, noun, pronoun, preposition
adjective
adverb
noun
verb

subordinate clause
relative clause
subordinate clause
adjective phrase
adverb phrase
noun phrase
verb phrase

Each category in the head list is considered first as the class of a node and then as the (part-of-speech) class of a node's
associated word unless marked with an asterisk, in which case the part-of-speech only is considered.

Table 7.3: A simplified set of headlists

d-parent
nonhead phrase
head phrase

--0
0

head of node (where different)
nonhead clause
head clause

nonmain parent main child group

Figure 7.4: Dependency structure induced by application of the headlists.
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Mapping the schemeinto an object representation
With regard to the representation in the database, figure 7.2 can be considered as a set of objects, each of which
Child
of
other
objects.
nodes of each parent node are ordered and are represented in the dataset
a
series
contain
by means of a relation linking them. Grammatical categories in the previous example are represented by classes
in the CORLoG database. For example, the object o for the phrase THE RACE PROBLEM is associated with a
formtag Ns and a function tag S. The form tag Ns corresponds to a noun phrase whose plurality is singular.
The function tag s signifies that the phrase is a (logical) subject of its clause. The conversion script constructs
the object o by asserting it as the member of nounphrase and logicalsubject. The phrase THE RACE PROBLEM
is associated with o. An object-compositional structure is therefore derived from the parse tree and associated
information in the corpus.
Inheritance relationships are defined by the coding scheme associated with the corpus [ 124]. The top part of
the figure shows a fragment of the verb phrase inheritance hierarchy, in which arrows are drawn from a subclass
to its superclass. In order to apply this to object-oriented data mining, we must consider how to map this into
the object model. From this point of view, two features are of note. Firstly, the classes subclassing from the
V
be
interpreted
in
formtag
the
their own right, or as verb phrases
may
either
as
classes
with
associated
class
associated with properties such as `beginning with modal verb'. The choice of whether a formtag is refined
in the hierarchy by either including a new subclass or by defining a property for the more general class is an
important knowledge representation issue. Objects with formtag Vz, for example, could include appropriate
for
for
constructing,
example, a fact o[plurarity -* singular].
property,
and
plurality
a
person
values
This would only be appropriate if such properties have a meaningful value for all verb phrases. In SUSANNE, this is not always known, and so here the structure implements them with classes. Secondly, formtags
may combine to produce formtags such as Vfz, representing a perfective verb with a third person singular verb.
Although this is meaningful and supported in the object model, such classes are not separately defined, but
instead we allow nodes to belong to more than one class (provided disjointness conditions are respected). The
lower part of the figure presents a similar inheritance hierarchy involving the function tags. Here we note that
an object is a superclass of three function tags describing types of object. Although function tags are generally
into
be
Additionally,
displayed,
form
tags,
they
more
general
groups.
than
abstracted
and
not
may
are
simpler
function tags for other semantic roles, as well as adjunct tags denoting roles such as place, direction, time and
manner.

7.4.5

The learning task

The learning task attempts to assign simple semantic roles to phrasesand words in a clause. Many English
sentencesinvolve a head, or main, verb. Phrasesand clauseswhich are dependenton this verb take semantic
roles describedby the function tag. Of particular interest is the relationship of a subject with its verb and words
taking other grammatical categories. In principle, the other roles defined by the SUSANNEcorpus could be
tested, but for the purposesof theseexperiments we concentrateon the subject role only. Such a model has
practical applications. The induced model provides a reliable meansof labelling words in a sentenceas possessinga given semanticrole. This kind of analysis is of great importance in the study of machine translation.
Since where we are able to automatically label nodes in a parsetree with a semantic tag in two languages,it
far simplifies the task of correlatedwords in those languages.Furthermore, in areassuch as documentanalysis,
the searchprocesscan be aided by the labelling of semantictags, enabling queries such as `find all sentences
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mentioning John Smith as the subject'. We aim to do this sort of analysis by ILP-induced classification rules,
using the function tags in the data to classify nodes. The individual is then the node being tested. We refer to
this node as the chosen node, aiming to induce classification rules which determine whether any given node
in a sentence plays the part of a subject. We next describe how test data is generated. A sample size of 300
(150 positive and 150 negative examples) was used for the experiments, each example representing a distinct
sentence from the corpus, by uniformly random selection among those sentences containing a subject node
from the entire corpus. The dataset is thereby individual-centred, adopting the chosen node as the individual
and ensuring individuals are not related. The positive examples are formed by uniformly random selection of
150 examples from this sample and labelling the node in the parse tree representing a subject nearest the root
node as the chosen node. This node is then a positive individual. Among the remaining 150 examples, a node
was unformly randomly selected from those not representing a subject as a negative example.

7.5

Experimental results

We have modelled the data from the SUSANNEcorpus according to the object data model such that it can be
reasonedabout in the CORLOGlogic and theories induced using the COSINus system. We use this linguistic
domain, and in particular the task of semantically labelling nodes in the parse tree as subject nodes, as a
showcasefor the object logic and induction processdescribed in this thesis. The comparison follows three
investigationsof interest. Firstly we wish to understandhow the learning parametersassociatedwith CoSINus
affect key aspectsof the learner'sperformance.Primarily we are interestedin the predictive performanceof the
learner,againstits searchcomplexity. We define this in terms of both the number of featuressearchedas well as
the running time. Additionally, we are interestedin the degreeto which clausesare searchedby PROGOLwhich
would be consideredinvalid under CoSiNus. Secondly, we wish to understandhow the presenceor absence
of object-orientedfeaturesin the learner affect theseaspects.Finally, we use the datasetsgeneratedduring the
processof propositionalisation under thesevarious settingsin order to determinethe result of applying REFER
to thesedatasets.
PROGOL is adopted as a benchmark learner, and is included using comparable background knowledge
under the mappings previously identified in this chapter. The version of PROGOL used is an adapted version of
CProgol 4.4 which reports its search through the hypothesis space. Specifically, it reports each clause tested and
whether the clause was accepted or rejected under the fs criterion discussed earlier in section 7.1. Additionally,
it records each refinement of a clause during search, and the clause it was refined from. In every other respect the
learner is the same as CProgol 4.4. This additional output is parsed and summarised by a tracer program which
provides statistics on the number of attempted and accepted refinements. COSINUS records corresponding
information during its search which is compared with the PROGOL search statistics.

We apply the experimental method developed in section 7.3 to the computational linguistics task. Two
levels of backgroundknowledge are adoptedfor feature construction and learning, numberedB1 and B2. B2 is
usedas the baseline.Table 7.4 summarisesthe predicatesand method usedin thesesettings.
In order to understandhow settings and variants affect performance, we adopt a base learner, deviating
from it in selectedparametersettings. Table 7.5 summarisesthe settingsadoptedfor theseexperiments,each
characterisedby a short name,for both the COSINus and PROGOLlearner. COSINus parametersinvestigated
consider the maximum number of applications of the refinement operator during rule search,the maximum
number of methodsin the relational part of a CORLOGfeature; the size of a conjunctive class;and the number
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Predicate or method
containscp(+node, -cp)
node[containscp cp]
tneat(+node, -node)
node[tnext
node]
tprev(+node, -node)
node[tprev = node]
withins cope +node, -node)
node[withinscope = node]
grammatical categories

Description
Succeedsif a node representing a clause or phrase is beneath the given
node in the parsetree.
Succeedsif the output node is treewise next to the input node.
Succeedsif the output node is treewise previous to the input node.
Succeedsif the output node is the parent or sibling of the input node.
Unary predicatesand classdeclarations representingvarious grammatical
categoriesand the hierarchical relationships betweenthem.
Succeedsif the input node is directly dependenton the output node.

dependent(+node, -node)
node[dependant node]
dchild(+node, -node)
node[dchild = node]
containsword(+node, -word
node[containsword word]
part-of-speechcategories

Succeedsif the output node is a d-child of the input node.
Succeedsif the output word appearsat or under the input node in the parse
tree.
Unary predicates and class declarations representingparts of speechfor
words and their higher-level categories.

Background knowledge is cumulative: B1 = C1, B2 = Bi UC2.
Table 7.4: Summary of background knowledge categories used in the experimental evaluation.
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2
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1
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-

-

-

COSINUS
bgl
21/5a COSINUS
31/5a COSINUS
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B2
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BZ
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4
5
5
4
4

2
2
3
2
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3
3
3
1
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1
1
1
1
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on
on
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4
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2
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off
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1
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Bt

4
4
4
4

EI
EZ
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3
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3
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-
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-

-

-

-

-

-

-

-

-

-

-

-

-

-
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Changesto parametersfrom basesettingsare show in bold.

Table7.5: Summaryof parametersettingsfor eachexperiment.
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of examples which must be covered by a feature in order for it to remain in the search. With respect to the
last point, a set of ten seed examples is chosen over which to estimate this coverage. Variants
of the learner
are obtained by enabling and disabling object identity, multiplicity, the process of type specialisation during
refinement, the presence of abstract and disjoint classes, and the handling of unification of combination classes
(whether merging is permitted in determining a unifier). The concept of disjoint classes is only useful
where
more than one class can be assigned to the same term. Accordingly, we consider its removal only by comparison
with combination classes. PROGOL is adopted as a baseline of traditional ILP, being a well-established and
proven system. After propositionalisation, REFER is applied for each experiment on the transformed data,
using the feature ranking variant. We discuss the effects of this later in section 7.5.3.
In general, the data points in the graphs summarise values gained over a ten-fold cross validation. We then
calculate the mean and standard error of the measurements resulting from each fold. Data points in each graph
shown show the mean over these ten folds, and the bars the standard error. Results are reported numerically
in tables 7.6,7.7 and 7.8. Firstly, we consider the feature search, characterising it in three
ways; the total
number of features searched, the number supported - those that are found to be of sufficient quality by the
refinement operator - and, in the case of COS INUS, the number of features selected for propositionalisation.
PROGOL takes an iterative approach, and so mean sizes per iteration are considered, as well as the total number
of iterations taken. Features supported and selected are also reported as a percentage of the total size of the
feature search. This is in spite of the fact that the total number of features searched (and checked against the
examples according to the heuristic) is many times greater. What we intend to do by considering the iterationlevel statistics is to suggest the general size of the search space explored by PROGOL. The number of duplicate
and metaknowledge-invalid features in the PROGOL search are also considered, both over the whole search and
the average within each iteration. These are given as a percentage of the total features search, either overall or
per iteration. The area under the ROC curve (AUC) over each fold is reported. Finally, the running time of the
algorithm in seconds is given. In all experiments, REFER was applied to the propositionalised data before it was
supplied to the CN2 algorithm, although later in section 7.5.3 we consider the effect of doing this in isolation.

7.5.1 Comparing parameter settings for CoSINUs
We first turn our attention to the numerical data in table 7.6 and identify the key results they demonstrate. Later
we consider the variant forms of COSINUS. In this comparison we also present results for six main variants
of the PROGOL learner, described by the form of domain definition which they use, the set of background
knowledge used, and the number of atoms permitted in its clause body.
We discuss general patterns in the data first before moving onto the effect of applying particular parameters
on the results reported. Firstly, perhaps the most striking result is that owing to the number of iterations, the
total number of features searched by PROGOL is far greater than those of COSINUS. This is partly due to the
iterative approach taken by PROGOL. The resulting search is computationally more complex, since PROGOL
uses a heuristic which considers the coverage of each feature over positive and negative examples. COSINUS
instead is required to construct one set of features for the whole example set in its single-iteration mode, but in
doing so tests each feature against each example in its seed set only once, leading to preferable complexity. The
high number of iterations taken by PROGOL suggest that each rule found on average covered few examples. in
practice, PROGOL often could not generalise an example sufficiently to form a rule. We see this effect later in
the combined ROC curve for each fold. In terms of accuracy, the base learner achieves an AUC of slightly under
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f denotesstandarderror over ten folds. Featuressupportedand selectedare also shown as a percentageof the total number
of featuressearched.Percentagesfor duplicate and invalid featuresare in terms of the number of featuressearched.

Table 7.6: Summary of results for varying parametersettings
0.9, comparedto an AUC of 0.85 for the best PROGOLlearner. We shall see later that this AUC is improved
upon further by the variant forms of COSINUs.
Observationsabout the searchmay also be made. Excepting the special caseof cov=O,COSINUS'sproportion of features supportedto features searchedis much lower than for PROGOL.This suggeststhat in general
COSINUSis more selective in its refinement than PROGOL.Following this, given the predictive power of the
theory, the number of features selectedfor propositionalisation is very small; for the base learner only 72 features were sufficient for CN2 to construct a well-performing rule. Related to the selectivity of the refinement
operator,note that PROGOLis boundedaboveby approximately 200 in its number of featuressupportedper iteration. This is a direct consequenceof the default nodessetting of 200. PROGOL'srefinementoperator is more
selective,and thereforeplacesa resulting bound on the number of nodeswhich it searchesin total. Despite this,
the number of nodessearchedper iteration is comparableto COSINUS'sbasesetting.
In general, the running time of COSINUS'sbase learner, 91s, is favourable comparedto the baselearners
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Figure 7.5: Duplicate and invalid features over all iterations

of PROGOL, which took approximately the same time (under background knowledge mapping E2) or much
longer (under E1), and CoSºNus achieved better predictive performance. Considering the duplication results,
PROGOL appears to revisit the same clause repeatedly on successive iterations. Considering a single seed example, as PROGOL does, might lead it to yield a widely differing search space on successive iterations, but a
high proportion of features are repeated per over each iteration, meaning only a small fraction of features explored were unique to their iteration. Within iterations, PROGOL's refinement operator searches a considerable
proportion of duplicate examples. It therefore exhibits undesirable redundancy. Furthermore, the proportion
of metaknowledge-invalid features is relatively high over the full feature search in the case of the Ei mapping, which shows that unless a specific hypothesis space reduction measure such as E2 is adopted in the
background knowledge, simplifying class hierarchy drastically by resituating them as properties of a object,
metaknowledge-invalid features will result. Indeed, it should be noted that the presence of metaknowledgeinvalid features is highly domain-dependent. This comparative analysis necessarily used a simple class model.
Under a more complex model it would be likely that many more metaknowledge-invalid features would result.
This metaknowledge-invalidity and duplication of features among iterations is illustrated graphically in
figure 7.5. It supports our claim that PROGOL searches a considerable proportion of metaknowledge-invalid
features, which under COSJNUS would not be considered. It suggests that COSINUS's use of metaknowledge to
constrain the search space is an effective means of bounding feature generation. Returning to the point regarding
the nature of the mapping, note that the mapping E2, in which class membership is modelled as a property of
in
El,
invalidity
integer
degree
lower
to
which each subclass
compared
an object with an
of
symbol, shows a
is represented with a unique, typed, predicate. Since each subclass membership predicate under E2 takes a
recall number of 1, only one subclass per object is introduced, and invalidity introduced by subclassing and
disjoint classes is necessarily limited. Furthermore, metaknowledge-invalidity is expected to rise considerably
for biases which permit more atoms in the body of the rule, since these atoms introduce constraints on terms,
among which much of the metaknowledge is defined.
We now consider the effect of parameter settings on the performance of COSINUS, and, to a lesser extent,
PROGOL. Firstly, we examine how the learner performs under simpler background knowledge. When B2 is
replaced with the background knowledge set B1, there is a noticeable reduction in the AUC of approximately
0.2. Under COSINuS, this drop is less severe, at approximately 0.1. COSINUS's running time and search
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complexity drop considerably as a result, and only 49.2 features are selected on average for a theory which
still possesses a high level of predictive power. Interestingly, increasing the number of refinements per feature
(experiment 20a)

does not seem to increase the size of the feature search, and
yields no greater predictive
power. A similar result follows for three literals for feature and five refinements (30a), indicating that features
involving only two literals and four refinements is sufficient to construct highly-accurate rules in this domain.
Indeed, it could be argued that the multi-levelled search, in which rules are constructed from conjunctions
of
features, performs well with only few simple features in this domain.
Also of interest is the choice of coverage bound used in propositionalisation
- the number of seed examples
which must be covered by a feature in order for it to be refined and, where it is complete, to be included in
the propositionalised dataset. The default coverage bound for the base learner of 3 was relaxed to values of
1 and 0. The latter represents an exhaustive search of the set of possible features, in which all of the features
in the search are selected - all those that can be expressed given the domain definition and the feature
size
and refinement bounds. As might be expected, relaxing this coverage bound causes many more features to
be searched and selected for propositionalisation, with a subsequent increase in the CPU time required. AUC
results lower slightly for a coverage bound of 1 and again for the exhaustive case of a coverage bound of 0.
This suggests two things. Firstly, that the use of the coverage bound as a stopping criterion is
appropriate,
since it reduces the space of features searched while still yielding a model of comparable AUC. Secondly,
that CN2 is not very susceptible to overfitting when presented with data from an exhaustive search. We now
briefly consider some effects in the PROGOL experiments. As mentioned before, the El form of background
knowledge produces much less successful theories than the E2 form. One possible reason is that
under the E2
mapping, subclasses are intrinsically encoded as being disjoint as a result of the fact that with a recall number
of 1, only one integer may appear in a class membership predicate. This disjointness is a fair assumption under
this domain since there are few relevant classes which inherit from more than one superclass. However, the
learner is unable to refine down the class hierarchy, and must effectively consider all classes to be the
at
same
level. Secondly, it reduces the size of the bottom clause dramatically. since PROGOL is bounded by the
number
of supported clauses per iteration, the reduction of the search complexity in this way enables it to search more
effective clauses within this bound. As expected, by adopting the Bi set of background knowledge, the accuracy
of the learner drops considerably. Furthermore, simpler background knowledge leads to a higher number of
iterations, since for a given seed example, PROGOL is more likely to fail to find an adequate rule
with the
simpler background knowledge. Dropping the number of body literals to 3 in PROGOL appears to lead to a
small drop or no considerable change in AUC, with other characteristics reported appearing to be similar also.

Figure 7.6 summarisesthe experiments in terms of two tradeoffs. Firstly, we consider the complexity
of
the feature search against the predictive performance of the resulting theory, depicted in figure 7.6(a). We
adopt the size of the feature spacesearchedas a estimate of the complexity, and therefore running time, of the
algorithm. Furthermore,a large number of featuressearchedis undesirablefor somelearners.In COSINus, for
example,a large numberof featuresmay introduce overfitting issuesinto the learner- the well-known curseof
dimensionality. We thereforeconsider feature spacesearchedas form of cost, relating it to the test of
coverage
of an example by a feature. Again, we consider PROGOL'sfeature spaceper iteration. Although PROGOL
necessarilysearchesmany more featuresover many iterations, it could feasibly cachethe results of the coverage
testson the examples.With respectto the number of times a clauseneedsto be resolvedagainstan example, in
the best case,the sameclausesappearin each iteration, and only the averagenumber of clausessearchedper
iteration needto be testedagainsteachexamplefor coverage.The number thus introducesa lower bound (since
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Figure 7.7: Combined ROC curve for varying parameters

clauses searched can differ over iterations) on its search complexity. Necessarily, COSINus compares every
example against every feature once in the propositionalisation (for the number of features selected) and each
searched feature against the number of seed examples during search. Since this is not all possible features, the
adoption of the number of features search provides a convenient upper bound on comparable search complexity.
Of immediate interest is the property that the points corresponding to the COSINus learner all lie on the
convex hull of the graph. Informally, this suggests that for any tradeoff between predictive performance and
feature search, COSINus represents the best learner, based on the results obtained. More formally, for linear
a
map S(x, y) = -ax + by representing the desirability (defined by positive constants a and b) of a solution in x
(the number of features searched) and y (the accuracy), the values of S for a given (x, y) representing COSINus
will be greater than one representing PROGOL. This verifies our first claim, that COSINus searches fewer
features for comparable or better predictive performance of the induced classifier.
The second graph in figure 7.6(b) depicts the number of features selected per number of features searched,
and represents to what extent suitable features are found from searched of varying complexity. Except for
the points representing various coverage settings, the points seem to exhibit an approximately constant rate of
feature selection (the gradient of the best fit line through these points), with progressively more complex feature
spaces (20a and 3! 15a) requiring larger searches.
Figure 7.7 continues the analysis of the predictive accuracy of the models obtained under various parameter
settings by considering their ROC curves. The curve shown is a combination of the ROC curves obtained
over each of the ten folds. Combination ROC curves are a suitable way of visualising the performance of a
classifier across many folds. In order to plot a combination ROC curve, we consider each of the rules in all ten
experimental folds, and for each of the rules, we determine its coverage on the positive and negative test and
1
data.
We
Laplace-corrected
if it covers p positive training examples and
12-'
training
assign each rule a
value
n negative training examples from the training data for its fold. Segments corresponding to each rule are then
plotted decreasing order of this value, according to the test set coverage of the rule. i. e., if the rule covered p'
positive test examples and n' negative test examples, a straight-line segment covering p' units on the y-axis and
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4

base
nooid
nomgcs
nomult
cc2
cc2-nd
cc2-nm
el base(PROGOL)
e2 base (PROGOL)

y

t

b

d

n

n

y

329.9 ± 17.7
360.4 ± 20.5
326.2±17.1
386.4±25.0
381.4+19.5
308.2 ± 16.6
429.4±24.0

110.8±5.4(33.6%)
122.4±6.0(34.0%)
109.3±2.5(33.5%)
123.3±7.0(31.9 0)
130.7±6.3(34.3%)
211.6 t 12.3 (68.7%)
153.6±9.1 (35.8%)

72.6±3.9(22.0%)
80.1±3.7(22.2%)
71.5±1.9(21.9%)
80.5±4.9(20.8%)
76.3±4.4(20.0%)
68.2 ± 4.4 (22.1%)
94.6±6.1(22.0%)

0.898±0.016
0.840±0.034
0.900±0.016
0.893 ± 0.019
0.905 ±0.014
0.915 ± 0.020
0.895±0.020

91.0±3.6
96.9±4.7
87.8±2.2
99.2 ± 4.3
116.4±9.4
95.3 f 8.5
136.1f 9.6

14186.6± 479.0
11068.7± 322.4

8727.8±246.2(61.5%)
6708.2 ± 179.3(60.6%)

0.625±0.014
0.850 ±0.029

140.6±5.4
90.6 f 1.8

-

f denotesstandarderror over ten folds. Featuressupportedand selectedare also shown as a percentageof the total number
of featuressearched.Percentagesfor duplicate and invalid featuresare in terms of the number of featuressupported.

Table 7.7: Summary of results for variant forms of COSINUS
n' units on the x-axis would be plotted. Finally, the curve is scaled back to form a ROC curve. The area under
each curve for the test data is shown in the key directly after the name of the experimental setting.
We consider all PRocoL experiments and all CoSilvus parameter settings explored in these experiments
on the graph as separate plots. The curves for many of the COSINUS parameters are very similar, represented
by the cluster of lines which rise steadily, round off near (0,1), and form an approximately co-linear sequence
of segments toward (1,1). The curve for bgl occupies a lower trajectory, but rejoins the other CoSINus plots
later. The initial segments represent those rules which have class distribution covering more positive examples,
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of the curve suggests that CoSINUS induces many rules which cover a large number of one class and few of
the other - there are few rules with an approximately equal number of examples covered. ROC curves for
PROGOL, on the other hand, tend to rise rapidly in a sequence of small segments, keeping close to the y-axis,
is
for
(1,1).
The
in
this
the
to
general
shape
then
reason
and
an approximately colinear way,
proceed, again
high number of specific positive rules which a typical PROGOL theory in this domain involves. The short initial
longer
large
by
the
while
of
rules,
a
number
segments represent small numbers of positive examples covered
later segments represent the failure of any rule in the PROGOL theory to fire, classifying it as negative. Two
trends exist for the PROGOL experiments, one taking the shape described, below the COSINUS experiments,
3-literal
follow
the
34-literal
the
Both
E2
shape,
with
same
the
to
the
settings
and
and corresponding
mapping.
low
AUC,
PROGOL
The
beneath
4-literal
scored
a
which
the
runs,
setting.
remaining
setting appearing slightly
line.
to
the
the
classifier
random
and
appear
closer
shape,
again assume
same

7.5.2 Comparing variant forms of CoSINUs
In order to understandthe utility of the metaknowledgedeclarations in COSINUS, we compare a series of
variants introduced earlier in this chapter. For clarity, we retain the base learner E2 of PROGOLonly, having
comparedPROGOLresults in the previous section.
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Similarly to the comparison between different parametersettings for COSINUS,table 7.7 summarisesresults for a seriesof variants of the baselearner. Omitted here are variants which disable type specialisationand
inheritance of methods to subclasses,effectively making every method non-inheritable. While theseexperiments were run, the drastic nature of theserestrictions causedno featuresto be produced. We can immediately
conclude that these are essential elements of the object model, at least for the domain discussedhere. We
compareeachremaining variant in turn.
Removing multiplicity (nomult) from the learner leads to an increase in features searched,and a corresponding increasein running time. Of these,a lower number are found to be supported. This reflects the fact
that multiplicity constraintseliminate the possibility of COSINUSconstructing an impossible feature. Many of
the methodsadopted in B2 do not introduce a multiplicity constraint. It is expected in domains that naturally
incorporatesuch methods,the effect would be more pronounced.Removing the most generalcommon subclass
method for unifying two variables sharing a common subclassyields little in the way of difference from the
baselearner.This reflects that fact that the domain description featuresa classhierarchy which is, on the whole,
treelike. There are therefore few opportunities to find a common subclassof two differing classes.Instead, in
the cast of, for example, a perfective third-person singular verb, as described in figure 7.3, the learner simply
constructsthis as a conjunction of two classes,one for the perfective class and one for the third-person singular
is
This
naturally part of the setting for class combinations. Removing the object identity
combination
verb.
bias, in which inequality relations are introduced between distinct terms, has the effect of an increasein the
featuressearched.There is little difference in the number of features supported,since it is possible that a feature in which two distinct terms refer to the same value is covered. However, there is a considerabledrop in
the resulting AUC to below that of PROGOL.This suggeststhat object identity is a useful bias adoptedby the
COSINUSlearner, in that it results in a learner with higher predictive accuracyon the domain studied.
So far we have not considered the use of class combinations in the induced features. The experiment cc2
considers the use of class conjunctions of length 2. cc2-nd is the same experiment, but in which abstract and
disjoint classes are disabled. cc2-nm disallows the merging of two classes in a class conjunction into their
most general common subclass. Firstly, looking at the results for cc2 we observe that by allowing combination
classes in the COSINUS learner we gain a small increase in AUC. Where we remove abstract and disjoint class
metaknowledge, this AUC value rises yet further. In general, the ability to constrain a variable by a combination
of classes appears to be a useful means of improving the expressiveness of the learner while still containing the
search within a useful bias. Recall that in these experiments, a feature can be built of at most four refinements.
Permitting combination classes does not necessarily expand the complexity of the search but instead tends
to concentrate refinement on class specialisation. Accordingly, the number of features searched for cc2 and
variants is not considerably larger than that of the base learner, except in the case where merging is disallowed,
since the learner is more likely to specialise class further, rather than substituting, thereby exploring deeper into
the class tree. An interesting result is that for when abstract and disjoint classes are disabled; the number of
features supported jumps to 68.7%. This suggests that class combinations useful for constructing features with
high predictive power were found with fewer features searched. A possible explanation is that removing abstract
classes and disjoint classes encourages the learner to specialise along the class hierarchy more, which may have
a lesser branching factor that with other refinement operators, and it is the class membership constraints which
prove most useful in learning. Another explanation is that the domain knowledge supplied to the learner, while
correct with respect to commonly-accepted linguistic categories, did not reflect the structure of the data, due to
corpus input errors, linguistic exceptions, etc.
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Figure 7.8: Efficiency and complexity of search for COSINUS variants

In general, however, it can be seen that the omission of elements of the domain model lead to increases in
the size of the feature set searched or reductions in the predictive power measured by the AUC, or both. On
the other hand, the use of the combination class mechanism seems, on the whole, to lead to a increase in the
predictive power of the model with no considerable increase in feature searched. The rate of feature selection
over all the experiments seemed to stay constant at approximately 21 %.
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Figure 7.9: Combined ROC curve for COSiNUS variants

We revisit the graphs used in the previous section to visualise some of these results. Figure 7.8(a) shows
in
features
favourable
terms
the
result
of
number
of
searched and the accuracy, as again, despite the
a similar
in
learners,
important
the
the
the points representing COSINUS exaspects
of
object
model
some
of
of
removal
periments again all appear on the convex hull of the experiments depicted. The point representing the removal
of object identity again shows a considerable drop in predictive performance. The results for clause combinations of length 2 dominate the highly-performing experiments, with the variant disabling abstract and disjoint
classes appearing to be optimal. The points for each experiment in figure 7.8(a) demonstrate a similar rate of
feature selection for each variant learner, since they are approximately colinear with each other and the origin.
The points corresponding to combination classes of length 2 seem to suggest that feature selection is more strict
for these experiments, or alternatively, that the learners using combination classes of length 2 require a slightly
larger search for each selected feature.
Finally, we consider the ROC curves for the variant learners. The PROGOL experiment for the base Ei
learner is repeated here for comparison. Each COSINUS learner, not including the object identity variant,
follows approximately the shape described for COSINUS curves in figure 7.9. Interestingly, the omission of
object identity from the model yields a broadly similar curve to that of the base learner using the E2 form of
the mapping. This may suggest that theories induced without the object identity bias result in a theory with
overly-specific rules and for which too many examples are covered by the default rule.

7.5.3

Assessing the effect of REFER on propositionalised

data

Having completed the comparative analysis of COSINUS and PROGOL, we now consider empirical results
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Of interest is the degree to which REFER reduces
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72.6 ± 3.9

70.5 + 3.4 (97.1%)

71.1 + 3.6 (97.91/c)

0.898 + 0.016

0.894 ± 0.014

bgl
2/15a
3U5a

49.2 + 2.1
81.0±4.8
252.4 ± 12.8

47.9 f 2.2 (97.4%)
78.0±4.4(96.3%)
225.2 ± 10.6(89.2%)

48.0± 2.1 (97.6%)
77.7+4.3 (95.9%)
212.9 ± 9.4 (84.4%)

0.799 ±0.019
0.897 ± 0.017
0.879 ± 0.018

0.803 ± 0.015
0.895 ± 0.017
0.830 + 0.019

130.3± 1.4(64.8%)
89.3±7.2(16.3%)
69.9 ± 2.7 (87.3%)
70.6 ± 1.7 (98.7%)

0.896±0.011
0.880 ± 0.018
0.840 f 0.034
0.900 ±0.016

0.890±0.014
0.918+0.014
0.851: ±:0.035
0.900 + 0.016

201.0+8.1

cov=I
cov=0
nooid
nomgcs

549.0 ± 0.0
80.1 ± 3.7
71.5 f 1.9

151.0±3.5 (75.1%)
190.8+3.7(34.8%)
72.8 ± 3.2 (90.9%)
70.5 ± 1.6 (98.6%)

nomult

80.5 ± 4.9

76.4 ± 3.8 (94.9%)

76.8 ±4.0 (95.4%)

0.893 f 0.019

0.896 f 0.018

cc2
cc2-nd
cc2-nm

76.3±4.4
68.2 ±4.4
94.6 ± 6.1

74.7+3.9(97.9%)
43.1 ± 2.0 (63.2%)
87.5 + 5.1 (92.5 %)

74.3+3.8(97.4%)
42.7 ± 2.0 (62.6%)
87.3 ±5.3 (92.3%)

0.905±0.014
0.915 f 0.020
0.895 f 0.020

0.905±0.014
0.915 f 0.020
0.899 ± 0.017

Table 7.8: Summary of results for REFER for COSINUS experiments

the feature set, and whether there is a significant change in AUC between the theories induced on the datasets
before and after reduction by REFER.
Table 7.8 summarises the results obtained during each experiment. Feature set sizes for the original transformed feature set and reduced feature sets are reported, as well as the test AUC on the theory induced before
and after application of REFER. Some of this information is reported graphically. Figure 7.10 shows the reduction in the number of features graphically. Each point on the scatter plot represents a single experiment, showing
the relation between the number of original features and the features resulting from applying REFER with and
without feature ranking. We demonstrate REFER only in the context of this propositionalisation learner. In
particular, PROGOL runs are omitted due to the fact that there is is no intermediate propositionalisation stage
in PROGOL. Previous results have suggested that the performance of REFER is naturally due to the amount of
logical redundancy present in the data. Results on general datasets as well as propositionalised ones may be
found in [5].
Considering first the data, we notice that for many of the datasets, there was relatively little reduction,
in many cases yielding a feature set size of around 95% of the original. We discussed before that in these
experiments, COSINUS demonstrates a selective approach to feature construction. Although in these cases the
reduction offered by REFER was slight, it could also point to the fact that the method adopted produces datasets
with relatively little logical redundancy. This may be due in part to the strict bias assumed by the COSINUS
learner. In other experiments, feature reduction was considerable. This occurs in two particular settings
that in which the coverage bound is set to be very low, as in experiment cov=1 and also in the exhaustive
search undertaken by experiment cov=O. Necessarily, both these settings result in relatively large numbers of
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Figure 7.10: Feature reduction by REFER on the propositionalised data.

selected features. The experiment cov=O generates all possible features constructable under the metaknowledge
supplied. In this set there are necessarily features which are logically redundant. This is particularly relevant
to the object model. For instance, consider two simple features which differ only in one class constraint which
are evaluated for three examples, pi and p2, positive examples, and ni, a negative example. Consider that f
constrains a term to be of class c while g constrains it to class c'. If the relational part is such that nl fails for all
substitutions of its variable and pi and p2 succeed, the set of examples in which f is true must necessarily be
being
false.
for
is
The feature f is then necessarily
the
those
true,
negative
with
examples
which
of
g
subset
a
redundant. REFER effectively selects points on the class hierarchy by which to constrain. This effect is seen
strongly in the result for cov=O, in which a reduction to 34.8% of the original data is seen. With feature ranking
enabled, an even more dramatic gain is seen, to 16.3%. Similar, though not as dramatic, results are reported
for cov= 1. This suggests that the choice of coverage bound of 3 has already performed much of the reduction
of logically redundant features during search. In general, REFER performs better on larger datasets, partly
because there are more features against which existing ones can be found to be logically redundant. The 3115a
(maximum of 3 literals and 5 applications of the refinement operator) shows this, with greater gains for the
feature ranking technique. A final point of interest is the result for the learner using no object identity. This
result suggests that the adoption of object identity during search reduces the number of logically-redundant
features considered.
The results also show that where the REFER algorithm is applicable, the ordering of its features using feature
ranking is beneficial, often leading to an appreciable further reduction. Finally, the test AUC before and after
the application of REFER are reported. In most cases they are very similar, or the application of REFER yields
a small increase in the AUC. This would support the suggestion that the experiments involving five refinements
increase
in
features
this case.
lead
the
the
gives
most
appreciable
of
redundant
to
removal
overfitting, since
may
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Figure 7.10 summarises the feature reduction graphically. We plot a best-fit line through the points representing the number of features selected by CoSiNUS and the number reduced, and obtain an overall score for
REFER over all experiments, given by the gradient of the best-fit line through the origin. We omit from this
fit the cov=O setting, which, as an exhaustive search, presents a fundamentally different, and incomparable,
approach to propositionalisation.
These results verify our third claim, that the REFER algorithm is a viable approach to further reducing the
feature sets generated with COSINUS. The result suggest that REFER is particularly applicable to larger feature
sets.

7.6

Conclusion

This chapterhas presenteda comparativeanalysisof the COSINUSlearner,which usesthe object model in its
searchof the hypothesis space,with an establishedILP learner - PROGOL- which does not. We adopted
a relevant task in computational linguistics as the basis for the learning problem. In doing so we presenteda
mapping framework which seeksto capture knowledgeexpressedin the object data model using the types and
modesbias typical of more conventional inductive logic programming systems. This mapping framework intendedto closely representaspectsof the object model while maintaining a natural representationfor the Prolog
data. The broad application area of natural languageprocessingwas presented,in particular the relevanceof
object-orientation in modelling grammatical structuresand a summary of how natural languageproblems have
beensolved with inductive logic programming. We reviewed the meaningof a corpus and the specific structure
of the SUSANNEcorpus, paying particular attention to how they are respresentedrelationally. The notion of
dependencybetweengrammatical elements- nodesin a parsetree - was then reviewed.
Several key claims of the COSINUS learner were empirically demonstrated,first on various parameter
settingsfor CoSINus and secondly on a seriesof possible variants of the COSINUSlearner which make use
of restricted subsetsof the object model. Firstly, we arguedthat COSINUSusesthe object metaknowledgeto
perform a more efficient searchof the hypothesisspace.The COSINUSlearner consistently producedrulesets
which were better-performing than its PROGOLcounterpart,even for variants of COSINUSwhich had aspects
of its data model disabled. Considering this predictive performance, COSINUSconstructedfeaturesetswhich
were unusually small, consisting of a few hundred featuresat most. We showed that for all settings adopted,
CoSINus representedthe best solution for any tradeoff between AUC and the number of featuressearched.
Additionally, we assessedthe degree to which features searchedby PROGOLwere metaknowledge-invalid
under the mapping adopted,and arguedthat the useof domain-specificmetaknowledgeaided the search.
The study also provided an empirical evaluationof the REFERalgorithm on datasetspropositionalisedfrom
the runs of COSINUS. REFERwas shown to be particularly effective on larger datasets,while not affecting
the AUC of the resulting theory. Additionally, the utility of the ranking processin REFERwhich first orders
featuresaccording to a coverage score, was shown to lead to a considerablefurther reduction over using the
feature ordering in the data.

Chapter 8

Conclusion
8.1

Summary of contributions

The core contribution of the thesis is the COSINUS algorithm and its underlying CORLoG logical framework.
COSINUS is both an algorithm and data mining system for inductive logic programming under the object model,
in particular a feature search for propositionalisation using an object-specific refinement operator. CORLoG is
an extension of an existing object-oriented logical framework which extends the logic programming basis of ILP
induction,
features
to
guide
and define a strong bias, leading to a smaller hypothesis space but
of
set
with a new
logic.
The object model gives rise to a much more sophisticated
the
the
of
object
expressiveness
retaining
still
form of type-safety, involving conjunctions of simple, parametric and abstract classes and constraints on coexisting classes, as well as mechanisms to abstract existing structure in terms of these classes. Relations may
take ordered arguments, extending the basis of value restriction in search from classes to constraints involving
inequalities.
framework
integer
The
as
simple
gives rise to redefinition of valid substitution
such
constants,
informing
data
the
model,
a moded, classed refinement operator which has desirable optimality
new
under
properties, implemented in a three-tiered (feature, rule, theory) search taking advantage of the natural data
encapsulation of the object model. Further aspects of the object model are exploited to arrive at search bounds
derived from the object model. While there are other algorithms which perform inductive logic programming,
and specifically those which propose object-like data mining in class hierarchies, no system known to the author
at the time of writing is as comprehensive in its coverage of the object-oriented data model or its use of this
data model in constraining induction as closely, and it is in this aspect that much of the innovation lies. Such
an approach to induction is immediately useful not only for domains with a strong notion of individual but also
where objects naturally belong in a class taxonomy or which adopt complex datatypes modelled independent
of their constituents. We suggest that for the de-facto forms of domain description in use in ILP today, such
data is inadequately modelled.
The second contribution is the REFER algorithm, which overcomes the often prohibitively high dimensionality of the feature sets produced by propositionalisation. This is of clear interest to the thesis, since the core
inductive logic programming technique of COSiNus is propositionalisation. REFER is a post-processing feature reduction stage for feature sets containing Boolean examples labelled by one of any number of possible
class labels. REFER is therefore general to the large class of learners producing such data and uses the notion
of logical coverage to efficiently determine the logical redundancy of a feature for building a classification rule.
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Similar feature reduction algorithms have been proposed. However, the innovation here lies in the partitioning
of examples into a set of disjoint subsets whose examples are mutually close in terms of Hamming distance.
Comparisons between each of these subsets lead to a greater reduction than comparing the example set as a
whole. Its usefulness to the topic of the thesis is that it supplements the redundancy-reducing mechanisms
of COSINuS, which use a metaknowledge-based definition of redundancy, and further filters logically redundant hypotheses before presentation to the learner. A number of variants are suggested, and improvements in
predictive performance, quality of induced theories and reductions in induction time are demonstrated.
The third main contribution is the application of machine learning to a learning task from the field of computational linguistics. A detailed linguistic corpus is preprocessed with a sophisticated, domain-specific preprocessor to produce a highly-structured representation of thousands of English-language sentences, including
their parse trees (the principal compositional structure), grammatical categories (the principal inheritance structure), parts of speech, etc.. A complex domain library is defined which allows querying of these sentences in
a highly object-oriented manner encompassing the modelling constructs of CORLoc and COSINus as well as
augmenting it with additional, derived structure via additional rules. Two inductive logic programming systems, one which uses the object model and one which does not, are used to solve the problem of labelling the
nodes within a sentence with its grammatical function. In particular, we study the labelling of a node as the
subject of a sentence, or otherwise. Problems of this kind have been approached many times in computational
linguistics, but typically by statistical methods, rather than the symbolic, structural approach taken by ILP.
Theories expressed in symbolic logic are of interest to linguists, since they directly describe linguistic rules for
these important lingustic features. More generally, models for labelling grammatical functions of words are
immediately useful for document analysis and retrieval applications. The work tests the claims in the main aim
of this thesis in a practical setting by establishing a mapping between the framework of the object model and
the conventional logic programming basis and inductive bias of existing ILP learners. Results from applying
the learners under various parameter settings and combinations of available background knowledge are compared, showing that object-oriented data mining is a viable approach for real-world problems in computational

linguistics, and in particular the labelling of grammatical functions.

8.2

Further work

There aremany possibleextensionsand new directions which this work could take. Someof the most interesting
and promising possible directions are discussedhere.

8.2.1 Extending the data model
Object-orientation encompassesa wide (and little agreedupon) range of possible data representationelements
future.
in
be
in
but
the
have
been
this
thesis
explored
could
which
explored
which
not
For example, we could consider metaknowledgebetweenmethodsSubmethods,inversemethods and settheoretic methods are examples of metaknowledgewhich exist betweenmethods, an aspectof many object
further
deteclargely
in
Inter-method
been
CoSINus.
has
metaknowledge
allows
models which
not
considered
tion of redundancybetweendifferent but equivalent forms of data expressionin a constructedclause.Bringing
other ingredients of ILP into the domain description extendsthe notion of including relevant metaknowledge
into the domain description to other aspectsof the ILP process. Learning problems in ILP may often be put
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down to the adoption of an inappropriate cost function, stopping criterion in partial propositionalisation, or
other parametersrelevant to the needsof the domain. This could be approachedby requiring the user to implement parts of the program, included in the domain description, or a library of common cost functions, stopping
criteria, and so on.
Generality itself may also be redefined under the object model. Combining specialisation and generalisation is a technique used in many ILP learners. Having defined a generality ordering over CORLOGclauses,it
would seemprofitable to consider search in more than just the general-to-specificdirection. Moreover, other
forms of generality exist under the object model. Object-cube approachesto generalisationconsider the class
as a set of objects, generalising,for example, an object identifier to the identifier of a classto which it belongs,
a class to its superclass,or a set of objects to the multisets of the classesto which they belong, and so on.
Alternatively, the inverseresolution approachof severalILP learnersmay be adaptedto the resolution process
bases
for
Such
F-Logic.
generality orders may prove more successfulas an alternative, or in conadditional
of
junction with, the proposedmethod. Expanding on the constraint approach presentedin the orderedmethodsof
COSINus, situating it within the generalfield of constraint logic programming while bringing it into closer cohesion with the object model, is likely to further aid learning. The constraint approachpresentedhere is limited
in that it considersonly expressionsof arity 2 and requiresdeclaration of the possible values. Theserestrictions
could feasibly be lifted, and furthermore, further pre-analysis on the values in the databaseappearing in the
learner
be
the
to determine appropriatepoints in the constraint hierarchy
allowing
performed,
could
constraints
to test during search. The handling of constraints as presentedhere necessarily makes the hypothesis space
is
families
it
larger,
that
required
of constraintsare representedas features. An exhaustivesearchis
since
much
in
impractical,
there
are
several
although
ways
which this could be overcome, which could provide posoften
sible avenuesof further investigation. Firstly, the lattice induced by the ordering could be sampled. Secondly,
only those conditions associatedwith a changeof class in the training data could be considered. Thirdly, the
lattice of possible constraintscan be precomputed,and this lattice searchednon-sequentially,taking advantage
of pruning where appropriate.

8.2.2 Extending the learning task
As well as the object model, we may also consider alternatives and extensions to the learning task. Firstly, we
consider taking the learner beyond classification rules. Binary classification rules are the traditional setting
for ILP. The algorithm is likely to be extendable to other forms of knowledge such as association rules, where
classification rules are inappropriate. Among these may be the consideration of similarity and clustering for
objects. This relies on the adaptation of the object framework to define similarity of objects. This would permit
the family of distance-based approach to machine learning, such as clustering. Alternatively, frequent substructure discovery is a potentially powerful extension to the algorithm presented. A preprocessing step identifies
common structures existing in individuals or parts of individuals, facilitated by the abstraction of structures
brought about by using parametric classes. Such frequent substructures may be asserted as new objects to be
used in matching individuals during induction. The incorporation of statistical and probabilistic approaches
to object induction would allow the handling of uncertainty, a shortcoming of many ILP systems. The recent
popularity of Bayesian networks for multi-relational data mining has proved very useful in dealing with these
shortcomings. With respect to handling other kinds of data, such as the handling of noisy or uncertain data or
data involving continuous attributes, the algorithm presented inherits shortcomings from ILP. There has been in-
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terest in recent years in performing data mining on multimedia data, which itself often contains structure which
can be abstracted using the object model, allowing specialised domain libraries for these complex datatypes.
Of particular interest is the modelling of examples which are not independent, since assuming example independence, a common assumption of the individual-centred representation, limits the type of model which can
be used. Since many domains naturally can not assume example independence, research areas such as link and
graph mining which learn from networks of examples.

8.2.3 Domain capture and refinement
It has long been an aim of the object-oriented community to make the process of object-oriented analysis more
intuitive. The metaknowledge presented exists in the form of relatively low-level logical facts. Capturing
domain knowledge is a human process, and one best done by a domain expert. Accordingly

we identify im-

provements which would aid and expedite this process of domain capture. In particular, tools for capturing
domain knowledge, particularly interactive, graphical tools, would facilitate domain modelling by a domain
expert, producing metaknowledge declarations for the inductive system. The tool would facilitate the combination of data from differing sources, either by standardised mapping languages or from schema specifications
such as OWL or RDFS. Alternatively, interactive ILP, in which the domain expert can identify poor features
and anomalies, or select between alternative hypotheses, would be an on-line approach to improving learning
and refinement of the domain model.
These suggestions concern the definition of the domain description by a domain expert. However, techniques for automatic or semi-automatic analysis of the database for refinement of the domain description may
prove beneficial to the inductive task. For example, increasing the granularity of the class structure by introducing new classes assists rule induction by introducing a finer-grained hierarchy of classes. The construction
of new methods to aid encapsulation relates to recent work in which a series of commonly-occuring sequences
of method calls can be encapsulated into a new method by similar database analysis, known by the term macrooperators [109]. Using these simplified methods is likely to reduce the hypothesis space greatly. Such an
techniques. Techniques which determine the relevancy of
methods aim to overcome the common problem of excessive or irrelevant background knowledge hindering
approach complements the granularity-increasing

the ILP system. General domain libraries typically offer a wide selection of possible methods and other object
modelling features. An on-line analysis module would determine during search which of these are statistically
relevant to the task, ensuring a further favourable tradeoff between the restrictiveness and expressiveness of a
hypothesis space in which less relevant methods are omitted.

8.2.4 Propositionalisation
A number of directions exist for extending the approach to propositionalisation presented in this thesis.
Extending propositionalisation beyond Boolean features so that the features take values of a given type
(class) or denote classes themselves, i. e. sets of possible values, has a number of immediate benefits. It takes
advantage of the ability of the propositional learner to use non-Boolean data, can be used to express more than
just existential features and reduces the dimensionality of the propositionalised dataset by obviating the need
for separate boolean features representing, for example, `the train has one car', `the train has two cars', and so
on. Better bounds for propositionalisation are likely to produce a better set of candidate features. At present,
a simple coverage bound is adopted. Investigating bounds specific to the object model, or even allowing the
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specification of bounds on a per-domain basis, is likely to benefit learning and indirectly reduce overfitting concerns. Scalability with respect to dataset size has been a common issue with ILP systems in general. Integration
with object databases provides a possible natural and useful means of overcoming scalability issues. Finally,
at present the covering approach selects either one rule only (in iterative mode) or all rules (in single mode).
The most successful theory may be one which is constructed by taking more than one rule during each iteration. Investigating successful heuristics for rule selection during each propositionalisation step (and possibly
the rejection of rules from previous steps) is likely to improve the theory construction process.

8.2.5

Future directions for REFER

The REFER feature reduction algorithm offers many possibilities for future development and analysis. We
identify a few of these. Other means of partitioning the example set in REFER exist, and while the proposed
better
feature
is
demonstrably
than
the
at
reducing
sets
prior
approaches,
are
partitioning
necessarily
methods
favourable
limits.
Chapter
in
5 presented an analysis of REFER,
time
to
computational
maintain
order
simple
characterising the properties of partitions upon which it performs well. A simple partitioning scheme maximising these properties would likely benefit feature reduction greatly. Probablistic REFER may be an interesting
future solution to noise and uncertainty in propositionalised datasets by extending logical feature coverage from
the subset relation to a probabilistic definition. Feature searches in probabilistic domains, for example as a result of using stochastic logic programming, may be be performed against a coverage threshold. We can consider
combining REFER and the object model. In this approach taken in this thesis, the processes of propositionalifeature
the
reduction on the resulting data are highly decoupled; indeed, REFER assumes
and
sation/induction
nothing more than the construction of classification rules from its features. REFER could be feasibly optimised
for the object model, by introducing feature costs, pre-grouping features according to some aspect of the data
model, or by adopting a distance measure based on the similarity of objects. Correspondences between REFER and formal concept analysis [53] may indicate appropriate strategies for linking the two together. Finally,
there may be opportunities for applying REFER during the search process instead of as a post-processing step.
Measures built in to the notions of clause validity and the object model in general reduce redundancy within
the feature over the traditional approaches to ILP, but REFER offer another criterion for the detection of logical
redundancy among sets of features. In the approach presented in this thesis, the reduction is performed as a
post-propositionalisation step. By bringing a (possibly simplified variant of) REFER into the search process,
further redundancies between sets of features become detectable not necessarily related to syntactic subsumption, although this redundancy is only detected on the basis of the examples in the training set. Accordingly,
common sets of features generated during search, such as those under a node of the refinement tree, those
corresponding to a particular constituent refinement operator, or even the set of features so far generated, can
be analysed using REFER and eliminated - or even pruned - if found redundant. Such redundancy could
possibly be incorporated into the substitution framework directly.

8.2.6

Additional

application domains

Finally, while useful conclusions were drawn from the application domain studied, it would be instructive
and interesting to take such work further. Comparison with other ILP learners and forms of inductive bias
beyond PROGOLwould further aid comparisonbetween the COSINUSlearner (utilising various combinations
of available metaknowledge)and other ILP learners,specifically in terms of their searchstrategies,utilisation
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of available bias, and other tests relating to the aims of the thesis. There is scope to apply the algorithm to other
domains. There are a wide variety of domains which naturally suit the object model. Particular application
areas which ILP have been applied to in recent years include: the world-wide web and particularly the semantic
web; bioinformatics and computational biology; social network analysis and counter-terrorism; and geospatial
data. Much of this data involves dependencies between examples, however. Many further applications exist
within the studied area of computational linguistics and information extraction. With respect to language itself,
the detection of interdependency between nodes in the parse tree may be of interest as well as labelling of other
grammatical information than functions.

8.3

Final conclusions

We have presented COSINUS, a technique for data mining in databases which adopts the object oriented data
model, and CORLOG, its underlying logical language. COSINUS is an ILP learner which uses a refinement
operator to select features for propositionalisation.

By adopting a complex notion of class and type correctness,
abstraction of structure, method metaknowledge and constraint-based search, new forms of subsumption and
substitution are defined and classification rules are induced which utilise the object model. Many domains
individual,
for
(structured)
ILP
the
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of
such
as
strong
notion
suitable
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of objects at multiple levels of granularity, complex or constituent classes with their own semantics, default
inductive
ignored
by
learners
for
induction
but
be
many
are
nevertheless
exploited
reasoning, etc. which may
or beyond their capabilities. For a given domain, the proposed algorithm allows the definition of these aspects
of the object model, improving the size/expressiveness tradeoff in the hypothesis space, removing redundant
features from the search, and giving better predictive performance than prior ILP learners under comparable
parameter settings.

Propositionalisationproduceslarge feature sets,negatively impacting the predictive performanceand running times of learners. A meansof overcoming these issuesin the general-purposealgorithm REFERby efficiently eliminating features from Boolean datasetswhich are logically redundant for classification by constructing partitions of the example set was presented,analysedand demonstrated.
We successfully demonstrated these properties of the system on a real-world document analysis task using a
detailed, heavily preprocessed corpus. By using the object-oriented data model for representation and induction,
better
is
hypotheses
predictive accuracy are
better
models
with
searched and more comprehensible
a
set of
produced compared to an existing, established ILP learner.
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