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LEARNING FLEXIBLE CONCEPTS FROM EXAMPLES:
EMPLOYING THE IDEAS OF TWO-TIERED CONCEPT REPRESENTATION

Jianping Zhang, Ph.D.
Department of Computer Science
University of Illinoi$ at Urbana-Champaign, 1990

This thesis describes an exploration of methods involved in leaming flexible concepts that is an
important and less explored area in machine learning. The two approaches described in this thesis
are based on the idea of rwo-riered (TT) concept representations. In the TT representation, the first
tier, called the Base Concept Representation (BCR), contains an explicit description of core
concept properties, and the second tier, called the /nferential Concept Interpretation (ICI), defines
allowable modificadgons of the explicit meaning and its dependence on the context of discourse.

The first approach generates a BCR of a concept by first creating a complete and consistent
(CC) description from supplied training examples, and then optimizing the description according to
a general description quality (GDQ) criterion. The CC description is obtained by applying the AQ
inductive learning methodology. The optimization process is done by a double-level best-first
search, using the SG-TRUNC description reduction process. The ICI consists of a user-specified
procedure of flexible matching and a set of inference rules. This approach has been implemented in
the POSEIDON learning system, and experimentally tested on two different real-world problems.

In the second approach, a concept is represented as a set of extended complexes and a set of
exemplars. Each extended complex is a generalized description and consists of a base complex
{equivalcnt to a disjunct), a similarity measure, a threshold, and a set of weights. Accordingly, the
task of learning a concept is to create a set of extended complexes and a set of exemplars. An
extended comi)lex is generated in two phases: base complex generation and extended complex
optimization. When generating an extended complex, two evaluation functions, quality evaluation
functon and potential quality evaluatdon function are applied. This approach has been implemented
in FCLS that is tested in various domains including anificial and real world domains.
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CHAPTER 1

INTRODUCTION

Learning is one of the most important characteristics of human intelligence. Without léaring,
an agent will repeat an error endlessly, and cannot improve its performance gradually through
experience. Such an agent cannot be deemed intelligent. As a result of its important role in human
life and intelligence, learning has been an important and active research area for the cognitive
sciences, psychology and artificial intelligence.

Artificial intelligence is now experiencing extraordinary growth, and applications of its ideas
and methods are appearing in many fields. As more and more complex tasks are set for Al
systems, more and more knowledge must be represented in them. The scope of knowledge in any
system must be widened to avoid a common problem with current systems, so called brintleness
(Holland, 1986). Introducing all the required knowledge into any new system is a very complex,
tedious and error-prone process, requiring special expertise. The way to simplify the process of
introducing knowledge into a system is to build a learning system to acquire the knowledge
automatically.

The goal of machine leaming is to develop computational models of learning and construct
learning machines. The research in machine learning goes back to the 1950°s. During the 30 years,
numerous learning approaches have been proposed, explored and implemented (Michalski,
Carbonell and Mitchell, 1983, 1986; Kodratoff and Michalski, 1990). According to (Carbonell,
Mitchell and Michalski, 1983; Michalski, 1986), these learning approaches are classified into five
different leaming strategies:



* rote leamning
» Learning from instructon
» learning by deducton
* learning by analogy
* learning by induction
learning from examples
learning from observations or discovery

Among these learning strategies, learning from examples is most widely studied. This thesis
addresses the problems of learning flexible concepts from examples, and describes methods and
implemented learning systerns for automatic acquisition of descriptions of flexible concepts from
examples.

1.1 Background

The problem investigated in this thesis falls into the category of the learning concepts from
examples paradigm. The task of leaming concepts from examples has broad applicability, because
in many domains, experts can easily come up with a set of examples, while they are unable to
articulate the rules they use in making decisions, and in some areas there are no experts.

In the learning from examples paradigm, a set of training examples annotated with concept
membership information is used as the basis for automatically inducing a general description for
each concept. The concept descripdon learned is both correct for the given examples and a good
predictor for the classification of unobserved examples of the concept. The object to be learned in
this paradigm is an intentional description of a concept. A concept is a set of objects (called
events). The objects to learn from are a set of examples and counter examples of a concept. An
example (positive example) of a concept is an object known to belong o the concept, and a counter
example (negative example) of a concept is an object that does not belong to the concept.

An example may be a physical object, a situation, a cause, a concept, or nearly anything else
that can be described in terms of a given language. Some of the learning tasks which fit this
paradigm are:

1 Learning rules for assigning physical objects to classes given examples of physical objects
from each of a finite number of classes.
2 Leaming condition-action rules. Given examples of when an action should and should not



be applied, a generalized expression for the mudﬁdon may be learned
3 Leamning rules for fault or disease diagnosis from examples of the faults or diseases.

For example, given some poisonous mushrooms (positive examples) and some non-poisonous
mushrooms (negative examples), the goal is to constuct a description of the “poisonousness” of
mushrooms that will allow the correct determination of ﬁbe edibiliry of other mushrooms.

The training examples are usually described ir& one of the two types of representation
languages: ataibute-based or predicate-based. In an aui'ibute-based representation, an example is
represented as an n-tuple of atribute values, where n is the number of attributes. All n attributes
define the event space, and each example is a point in the space. Each concept is a subspace of the
event space. A domain is associated with each anributje used to describe examples. The domain
indicates the values the attribute may assume. The v;hlues in a domain may be unordered (or
nominal), ordered (or linear), or hierarchically structured (Michalski, 1983). A predicate-based
representation allows examples represented as structural descriptions. In structural descriptions,
each example may consists of several objects, and a set of relationships among these objects. A
predicate-based representation is more powerful than an attribute-based representation, but the
limited expressiveness of an atribute-based representation allows relatively efficient learning
algorithms to be designed. The attribute-based representation can be used in many real world
applications.

Accordingly, a concept is also described in terms of either of the two representation
languages. The attributes or predicates used to describe a concept may be different from those used
to describe examples. These new attributes (or predicates) are created by a method called
constructive induction (Michalski, 1983; Rendell, 1988). In this thesis, an attribute-based
representation is selected to describe both examples and concepts.

Concept descripdons produced in ecarly developed inductive learnings, such as AQ
(Michalski and Larson, 1978) and ID3 (Quinlan, 1983), are complete and consistent with respect
to the examples. A description is complete if it covers all examples of the concept (positive
examples), while a descripton is consistent if it does not cover any counter examples of the
concept (negative examples). In order to achieve completeness and consistency in the presence of
noise or when concepts are imprecise, one may generate overly complex and detailed descriptions.
Such descriptions, however, may not perform well in future cases and suffer the disadvantage of
excessive complexity. This is the well known phenomenon of overfitting. Many newly developed
approaches, such as PLS1 (Rendell, 1983), C4 (Quinlan, 1987), CN2 (Clark and Niblett, 1989)
and AQ16 (Zhang and Michalski, 1989), allow the descriptions produced to be incomplete and/or
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inconsistent.

Most inductive learning systems generate concept descripdons by detecting and describing
similarities among positive examples and dissimilarities between positive examples and negativs
examples. Inductvely constructing concept descriptions from training examples involves th:
wansformation of training examples using a set of refinement operators (Michalski, 1983). A.
refinement operator is either a specialization or a generalizaton operator. When applied to an
hypothesis or a training example, a generalization/specialization operator transforms it into a more
general/special hypothesis.

Each hypothesis describes a subset of all events, while all hypotheses representable in a
given representation language form a hypothesis space. Learning can be viewed as a search
through the hypothesis space to find the descripton of the target concept (Mitchell, 1978).
Generalization/specialization operators are search operators. Search heuristics are some preference
criteria (also called biases). One of the most important criterion is the accuracy of hypotheses.
Hypothesis accuracy depends on the completeness and consistency of these hypothesis with regard
o learning examples. Simplicity and comprehensibility are two other preference criteria.

An inductively generated description should not only classify training examples, but also
unseen events, so it should be more general than training examples. Unfortunately induction is a
necessarily error prone process. It is falsity preserving rather than truth preserving. That is, a
concept description inductively generated from examples cannot be guaranteed to be correct; it may
be only an approximation of the concept.

Two types of concept descriptions may be generated in the paradigm of learning from
examples:

Characreristic description:  specifies all common properties of a concept,
Discriminans description:  only specifies those properties of a concept that distinguish the
concept from the other concepts.

A characteristic description is the most specific and most certain description possible, but it has
low predictive power. A discriminant description is the most general and is less certain, but has
more predictive power.

What was described above is the inductive learning approach, Another learning approach in
the leaming from examples paradigm is exemplar-based learning. This approach is also related to
the research reported in this thesis. The task of this approach is the same as those of inductive



learning: given a set of training examples labelled with concept membership informaton, to yield a
description for each concept. The major difference between these two approaches is that
descriptions produced by the two approaches are represented in different ways. The descripdons
generated by an inductive approach are general and abstract, while the descriptions in exemplar -
based approach are represented as a set of exemplars that are either given as training examples or
constructed by an exemplar-based learning system. Exemplar-based learning involves
remembering and indexing specific training events. Classification involves interpreting a new event
by recalling a similar exemplar for guidance. In contrast, inductive learning generalizes specific
training events to form an general descripdon. Classification involves deducing that a new event is
subsumed by the general descripdon. In inductive learning, generalization is performed during
learning, while generalization in exemplar-based learning is deferred to classification.

The simplest exemplar-based learning algorithm is called the proximity model (Smith and
Medin, 1981), which stores all training examples as exemplars. The best examples model (Smith
and Medin, 1981) does-not store all given training examples. Instcad, only selected, typical
examples are stored. The classification of unseen eveats is determined by computing the similarity
of an unseen event with all stored exemplars. An unseen event is classified as being a member of
the concept which contains its most similar stored exemplar. Several exemplar-based learning
systems, ¢.g, PROTOS (Bareiss, et al, 1990) and IBL (Aha and Kibler, 1989), have been
implemented. ‘

1.2 Motivations

Many current methods of learning concepts from examples assume that COncepts are precise
and context-independent entities, representable by a single symbolic description. A recognition of
such concepts is therefore very simple: if an event satisfies a concept description, then it belongs 1o
the concept, otherwise it does not. In this way, events that are similar to the concept description,
but which do not satisfy all conditions of the concept description, will not be recognized as being a
member of the concept. Another common assumption is that concept examples are equally
representative, that is, there is no distinction between typical and less typical examples. All events
of a concept would satisfy the concept description equally well.

When one looks at human concepts, however, one can see that most of them inherently lack
precisely defined boundaries and have a central tendency, and their meaning is often context-
dependent. Examples of human concepts are usually not all equivalent. They may be characterized
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by a degree of rypicality in representing a concept The examples represented the central tendency
of the concept are more typical than the others. For example, a robin is usually viewed as a more
typical bird than a penguin or an ostrich. Moreover, in different contexts, the concept “bird" may
apply to a live, flying bird, a sculpture, a chick hatching out of the egg, or even an airplane. Thus,
human concepts are flexible, as they can modify or change their meaning in different situations or
contexts.

The imprecision of flexible concepts often has logical, rather than only probabilistic
character. This means that the classification of a non-typical example of a flexible concept normally
involves reasoning, rather than the calculation of probabilities. In other words, to decide the
concept membership of an example that is non-common, borderline, or irregular in any sense, one
may reason deductively from one's background knowledge, draw an analogy or perform
induction, instead of relying on a statstical analysis.

Finally, the complete concept meaning perceived by a person depends on the amount of
knowledge this person possesses about it. The difference lies in the number of facts they know
about, and in the depth of their understanding of the concept and its properties. Such background
knowledge-dependency in understanding a concept indicates that human concepts are personalized,
living and growing constructs, rather than fixed and stable entities that mean exactly the same thing
to all those using them. As the meaning of concepts may change from individual to individual and
evolve in dme, such concepts cannot be defined precisely as objective impersonal entities with a
context-independent meaning. Thus, in general, human concepts are very different entities than
well-defined and context-independent structures that we use to represent concepts in today’s
computer systems. '

In the real world, very few measurements and decisions are known with 100% confidence.
Often, it is not possible to collect all relevant information before a decision must be made. The
information gathered is likely to contain errors and inconsistencies. The resources available are
often limited, forcing one to stop when a “good enough™ solution is found even it is not optimal.
The rules used to make a decision may only work well for the most frequently encountered
problems, but exceptional circumstances may require special consideration. For example, in
disease diagnosis it is usual to check for a common disease associated with certain symptoms
before doing expensive tests for rare diseases with similar symptoms.

It is clear that in order to handle such flexibility of concepts, machine learning systems need
to employ richer concept representations than are currently used. Developing methods for
acquiring flexible concepts and reasoning with them emerges as an important goal for machine



learning research. Specifically, to represent and learn flexible concepts, the following three
problems must be solved:

« Imprecise and irregular boundaries. Crisp concepts are defined by a set of necessary
and sufficient conditions, or a disjuncton of such conditions. The boundaries of such concep:s
are precise and rectangular. In contrast to crisp concepts, no such necessary and sufficient
conditions exist for flexible concepts and the shape of flexible concepts is not rectangular
Furthermore, the boundaries of flexible concepts is imprecise. That is, the classification of the
events that are around boundaries are not clear.

s Varying degree of typicality. Examples of flexible concepts have varying degree of
typicality. Typical examples share more common properties than do less typical examples.
Typical examples represent central tendencies of the concepts. Psychological results (Smith
and Medin, 1981) showed that typical examples can be easily and quickly recognized, but less
typical examples cannot.

* Context.dependency. As we described above, the meaning of a concept depends on the
context in which it is used, also depends on the amount of knowledge & person possesses
about it. The central tendency or the basic idea of a concept does not change with the context.
Exceptional cases often occur in some special contexts.

Traditonal logic-based representations fail to handle any one of the problems described
above. However, there have been many attempts at solving it. One of the most prominent is the
work on fuzzy sets by Zadeh and his collaborators and many followers (e.g., Zadeh, 1976;
Mumdani and Gaines, 1981). In cognitive science literature, the inadequacy of representing human
concepts by context-independent, logic-style definitions (the classical view), has been widely
recognized (e.g., McCloskey and Glucksberg, 1978; Barsalou and Medin, 1986; and Lakoff,
1987). The probabilistic view and the exemplar view have been proposed to solve such an
inadequacy (e.g., Smith and Medin, 1981; Medin and Smith, 1984). In machine learning, many
methods have been proposed and implemented. These methods and systems include tree pruning
algorithms (e.g., Quinian, 1987), rule truncation algorithms (e.g., Michalski, et al., 1986),
probabilistic learning algorithm PLS1 (Rendell, 1983),the two exemplar-based learning methods
Protos (Bareiss, et al. 1987), and IBL. (Aha and Kibler, 1989), and STAGGE (Schlimmer, 1987).

1.3 Thesis Overview



The general goal of the research reported in this thesis is to investigate approaches to
represent and leam flexible concepts. The approaches investigated are based on the idea of ~vo-
tered concept representations proposed by Michalski (1987). In a two-tiered conc:pt
representation, the meaning of a concept is defined by two components, the base conczpr
represenation (BCR) and the inferential concept inserprearion (ICT). The BCR defines explicitly
the properties of the concept, while the ICI describes allowed modifications and transformations f
the concept's properties in different situations and/or contexts, Chapter 2 introduces the basic idea
of a two-tiered concept representation and gives a few illustrative examples. Many of the material
in Chapter 2 is excerpted from (Michalski, 1990).

In Chapter 3, a method that learns two-dered descriptions of flexible concepts is described.
The method generates a BCR of a concept by first creating a complete and consistent (CC) concept
description from supplied training examples, and then optimizing the description according to a
general description quality (GDQ) criterion. The CC description is obtained by applying the AQ
inductive learning methodology. The optimization process is done by a double-level best-first
search, using the SG-TRUNC description reduction process. The ICI consists of a user-specified
procedure of flexible marching and a set of inference rules.

The method has been implemented in the POSEIDON learning system, and experimentally
tested on two different real-world problems: learning the concept of an acceptable union contract
and learning the distincton between republicans and democrats in the U.S. Congress. For
comparison, a few other learning methods were also applied to the same problems. These methods
included simple variants of exemplar-based learning and the decision tree learning, based on the
ASSISTANT program. The results have shown that the POSEIDON generated concept
descriptions outperformed those produced by the other methods both in terms of the performance

on new examples and in terms of simplicity. All experimental results are reported in Chapter 4.

Chapter 5 describes an alternative method that learns flexible concepts, and its
implementation: Flexible Concept Learmning System (FCLS). The representation used in the method
can be viewed as a simple form of the two-tered concept representation. This method combines
inductive learning method with exemplar-based learning method. In the method, a concept is
represented as a set of extended complexes and a set of exemplars. Each extended complex is a
generalized description and consists of a base complex, a similarity measure, a threshold and a set
of weights. Accordingly, the task of learning a concept is to create a set of extended complexes and
a set of exemplars. An extended complex is generated in two phases: base complex generation and
extended complex optimization. When generating an extended complex, two evaluation functions,



quality evaluation function and potental quality evaluation function are applied

In Chapter 6, FCLS is tested in various domains including the domains favorable for FCLS,
the domains unfavorable for FCLS, and real world domains. The results are compared with the
results from the decision tree leamning system C4.5. In Chapter 7, some related work is discussed.
Limitations and possible future work are summarized in Chapter 8.



CHAPTER 2

TWO-TIERED
CONCEPT REPRESENTATION

The idea of the two-tiered (TT) representation was originally proposed by Michalski (1987),
and was motivated by an observation that although individual human concepts may lack precise
definiton when used along in a context-independent sense, they acquire a precise meaning when
used in a combination with other concepts and in a specific context. Consider, for example, the
statement: "This tall man in the group in the comer of the room." If there is only one man visibie
taller than other people in the indicated group, the statement above precisely specifies the man of
interest. The concept “tall”, although by itself and/or without context is imprecise (as well as
concepts "group”, "corner”, or "room"), in the context conveys a precise meaning, that of the
height of the man pointed out in the group. '

Thus, the TT approach views flexible concepts as inherently and intentionally imprecise,
when they are considered alone and outside of a specific context. Consequently, it does not try to
give them a complete and precise meaning in an explicit and context-independent sense. Instead, it
attempts to describe precisely only the central tendency, and use inference rules and matching
procedures to implicitly characterize the complete concept meaning and context-dependency.

The underlying supposition of the TT approach is that the imprecision of human concepts
stems not from an undesirable vagueness of our concept definitions, but rather from the universal
need for cognitive economy. By allowing concepts to have a context-modifiable meaning, and
making them precise only to the extent to which a given situation and/or context requires them to
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be precise, the expressive power of concepts is greatly enhanced. The latter means that one can
employ fewer concepts for expressing more meanings, and this helps us to simplify our
descriptions of our immensely complex universe. The experiments reported in this thesis seem to
confirm this idea in a microworld to which it was applied.

2.1. The Basic Ideas

In order to develop a computational method for learning concepts, one needs 1o make
assumptions about the meaning of "concepts” in the method. In the research reported in this thesis,
it is assumed that concepts are named representations of classes of entities, whose borderlines are
variable and context-dependent. The entites are assumed to have central tendencies within the

_concept classes, and therefore different concept instances may be characterized by different
typicality. A concept representation can take a wide range of forms: an explicit description of
observable properties of the endties in the class, an absmract description of the function of the
entities and their relation to other concepts, a complete or partial listing of the entities, an implied -
concept characterization by the concept usage, or as a combination of the above. There can be an
enormous variation in the specific instandation of some concepts. Consider, for example, the
concepts such as "object” or "set". Because of the assumed central tendencies, context-dependence
and other previousely mentioned properties, a concept representation should allow a varying
degree match with concept instances, and use of context-dependent inference rules in performing
such matches (examples below illustrate this point in more detail). The problem then is how a
concept with such central tendencies and context-dependent meaning can be efficiently represented
and learned?

Traditonal work on concept representation has assumed that the whole meaning of a concept
resides in a single stored structure, e.g., a semantic network, a logic-based description or a
decision tree. Such a structure is expected to capture all relevant properties of the concept(s) and
define the concept borderline (e.g., Collins and Quillian, 1972; Minsky, 1975; Smith and Medin,
1981; Sowa, 1984). In domains with a significant amount of noise, the knowledge saucture may
be partially inconsistent and/or incomplete with regard to the known instances or facts about the
concept. The latter is illustrated by the work on pruning decision trees (e.g., Quinlan, 1987), and
the HILLARY system (Tba et al., 1988). The work on two-tiered representation (Michalski, 1987)
also points in this direction. ‘

m traditional approaches, recognizing a concept instance typically involves a direct matching
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of the properties of the instance with the stored concept representation. Such a matching may
include comparing feature values in an instance with those in the concept description, or wracing
links in networks of concepts, but has not been assumed to involve any complex inferendal
processes. More recently, researchers working on exemplar-based reasoning (e.g., Bareiss, et al,,
1989; Kolodner, 1988 and Hammond, 1989) have recognized the need for using advanced
inference mechanisms for classifying new instances. In these methods, however, the concept
description consists of stored individual examples. Such a representation is memory-taxing, makes
matching concepts with instances more complex, and does not allow one to easily determine the
similarities or differences between different concepts.

In contrast to the above, the two-tiered (TT) representation involves a combination of an
explicit general concept description and an inference mechanism for matching the description with
individual instances. This way, the concept representation can be simpler than one based on
storing individual examples, and can be easily compared with descriptions of other concepts. At
the same time, it allows one to perform a sophisticated reasoning when classifying new instances.

Research on the TT approach has been motivated by the observation that human knowledge
can be viewed as a combination of two components, recorded knowledge and inferendal
extension, i.e., knowledge that can be easily inferred from recorded knowledge. Extending this
property to individual concepts, Michalski (1987) has suggested that the meaning assigned to
concepts also combines such two components.

Specifically, the two-tiered concept representation consists of two parts: a Base Concept
Representarion (BCR) and an Inferential Concep:t Interpreiation (ICI). The BCR defines the
concept explicitly, by giving a description of the concept in terms of attributes observed in
examples and/or higher level concepts employed during concept formation. The BCR can be
viewed as a characterization of typical concept instances. It captures the principle, the most relevant
properties and/or the intention behind the concept.

The ICT handles imprecision, less typical cases, exceptions and context-dependencies. It
treats them either by extending the base concept representation (Concept exzension), or by
specializing it (concept contraction). This process involves the background knowledge and
relevant inference methods contained in the ICL Inference allows the recognition, extension or
modification of the concept meaning according to a context.

In the general approach, the "diswibution” of the meaning between the BCR and the ICT is
not assumed to be fixed, but is modifiable based on a criterion of description quality. One extreme
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of such a distribution is when the BCR represents explicitly all possible concept variations in
different contexts, and the IC] is just a direct matwch. Another extreme is when the BCR is empty,
and all concept meaning resides in context-dependent inference rules. The description quality
criterion reflects computational properties of the learner and requirements of the problem domain.
The former ones include the relative costs of remembering concept properties vs. deriving them
through inference. |

In an important, cognitively-oriented special case of the TT representation, the BCR is
assumed to express the general unifying idea, the typical function of the concept, and/or common
measurable properties implied by or correlated with this idea or function. Such BCR can be viewed
as representing the "first approximation of the concept.” The ICL, in this case, defines the matching
procedures and inference rules for handling less typical instances and context-dependency. This

_type of distribution of the concept meaning between the two tiers facilitates an efficient concept
recognition, and is related to the idea of censored production rules (Michalski and Winston, 1986).

When an unknown entity is to be recognized, it is first matched against the BCR. Then,
depending on the outcome, the entity may be related to the concept's inferential extensions or
contractions. A simple inferential matching can involve just a probabilistic inference based on some
similarity measure, e.g., the method of flexible matching (Michalski et al., 1986). An advanced
matching may involve any kind of inference - deductive, analogical or inductive.

An advantage of distributing the concept meaning between the BCR and the ICI is that it
permits a learner to flexibly modify or extend the concept meaning by varying matching procedures
and inference rules and/or by changing the context.of discourse. The concept meaning can thus be
changed without having to alter the base concept representation. By evaluating the type and the
amount of inference involved in matching a concept with an instance, one may produce a
qualitative or quantitative estimation of the strength of such a match. The ability to produce a
measure of the strength of match indicates one principle difference between this approach and the
approach associated with a membership function, which needs to be defined to the leaner by a
person. The influence of the context is hidden in the definition of this membership function. In the
proposed TT approach, a concept is associated with interpretation procedures and context-
dependent inference rules, which implicitly define the membership of an instance in a concept.
These rules and procedures can be used to compute the membership function in different contexts.

Another advantage of representing a concept as two parts is its flexibility of storing and using
a concept description. The BCR represents the central tendency of a concept, and tends to be
satisfied much more frequently than applying the ICL. This makes it possible to allow a trade off


http:context.of

among speed, precision, and memory in concept recognitdon. The BCR can be used alone for
rapid, low cost classification, but with somewhat less precision than if the ICl is applied. The ICI
does not have to stay in memory unual it is applied, therefore, the two-tiered representaton
approach can be applied to realize the idea of variable precision logic (Michalski and Winsto,
1986).

Figure 2.1 illustrates the relationship berween the BCR and the ICI in a TT concept
representagon. It shows that the ICI can, in general, extend the concept meaning beyond the BCR
in one area of the description space, and reduce the meaning in another area.

The concept meaning explicitly defined by BCR The concept meaning modified by applying IC1

Figure 2.1: An illustration of the relationship between
the Base concept Representation (BCR) and the Inferential Concept Interpretation (ICT)

Let us illustrate the idea of TT representation using the concept of “chair”. A TT description
of that concept could be:

BCR: <A piece of furniture.
Function: to seat one person.
Structure: a seat supported by four legs and a backrest attached
from the sidas. .
(Various physical properties of typical chairs are specified, such
as a characterization of their shape, the range of heights, widths,
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uysed materials, etc.).

ICI: Number of legs can vary from one to four. The material of which the
chair is made, the shape of the seat, the backrest and the legs are
irrelevant as long as the function is preserved. Backrest may be
missing. The legs may be replaced by any support.

If legs are replaced by wheels ~--> type(chair) is wheelchair

Chair without the backrest =--> typel{chair) = stool

Cha-: with the armrests --> type(chair} = armchair

Context = museum exhibit ==> chair is not used for seating persons
any more, but has all the physical characteristics of a
chair.

Context = toys --> the size can be much smaller than typical. The
chair does not serve for seating persons, Dbut

correspondingly small dolls.

This simple example illustrates several important features of the TT representation method.
The commonly occurring chairs will strictly match the BCR, and the ICI may not even be
involved. This reduces the recognition time for these common cases. For objects that do not satisfy
the BCR of any relevant concept, or satisfy the BCR of more than one concept, the ICI rules are
involved (which concepts are relevant is decided by the context of discourse). The ICI can be
changed, upgraded or extended, without any change to BCR. The concepts used in BCR and ICI
may themselves be flexible, and thus also characterized by a TT description.

The TT concept representation approach appears to have a sgong cognitive justification. A
simple introspection tells us that people regularly make generalizations of specific facts, in
addition to memorising concept examples (usually only the most "significant” ones). They use
these generalizations for distinguishing between different concepts and for classifying new
examples. When a zeneralization is insufficient for classifying some examples, they conduct
reasoning, which may involve various kinds of relevant knowledge and different types of
inference. '

The idea of the TT representation is also supported by research on the so-called
transformational model (Smith and Medin, 1981). In this model, matching object features with
concept descriptions may involve transformations of object features into those specified in the
concept description. Such a matching has an inferential character. Some recent work in cognitive



linguistics also seems to support the ideas of the TT representation approach. For example, Lakoff
(1987), in his idealized cognitive models (ICM) approach, stipulates that humans represent
concepts as a structure, which includes a fixed part and mappings that modify the fixed part. The
fixed part is a propositional structure, defined relative to some idealized model. The mappings are
metaphoric transformations of concepts meaning.

As mentioned before, in the general TT approach, the distibution of the concept meaning
between the BCR and ICI can vary, depending on the criterion of the concept description quality.
A special case of the BCR can be just concept examples, and of the ICI - procedures for a certain
kind of inferential matching. Consequently, the TT representation can be viewed conceptually as a
generalization of the representation used in case-based reasoning systems.

2.2 Examples Illustrating The Ideas

In this section, a few examples are given to illustrating the idea of the two-tiered |
representation. All examples are excerpted from (Michalski, 1990).

Example 1: Concept of sugar maple

Our prototypical image of a sugar maple is that it is a tree with three w five-lobbed leaves that
have V-shaped clefts. Some of us may also remember that the teeth on the leaves are coarser than
those of red maple, that slender twigs turn brown, and the buds are brown and sharp-pointed. As a
tree, of course, a maple has a root, trunk and branches.

Suppose that while sgolling on a nice winter day someone tells us that a particular tree is a
sugar maple. A simple introspection tells us that the fact that the tree does not have leaves would
not strike us as a contradiction of what we know about sugar maples. Yet, clearly, the presence of
leaves of a particular type is deeply embedded in our typical image of a maple tree. The two-tiered
approach explains this phenomenon simply: the inferential concept interpretation associated with
the general concept of deciduous trees evokes a rule “in winter deciduous trees. lose leaves.” Since
a maple is deciduous tree, the rule would apply to the maple tree. The result of this inference
would override the stored standard information about maple trees, and the inconsistency would be
resolved. Martching an instance with the concept requires in this case deductive reasoning from the
knowledge associated with a more general concept
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Example 2: The concept of an abstract tree structure

Suppose that a student is reading his first book on computer data stuctures and encounters a
drawing of a graph structure, which the author calls a tree. Calling such a structure a tree will
likely not evoke any objection in the student, because one can see in this szucture some abstracted
and modified features (e.g., upside down direction) of a biological tree. In this case, matching the
graph suucture with the concept of a tree involves a generalization operagon on the base

representagon.
Examples 3: Concept of a triangle

Let us consider the concept of a triangle. Formally, a triangle can be described as a
geometrical figure consisting of three non-colinear points connected by straight lines. Using the
notation of annotated predicate calculus (APC), which is equivalent to predicate calculus, but
. pertnits one to write logical expressions in a more compact form (Michalski, 1983), one can write:

Triangle(T, P1, P2, P3) <=  Consists(T, P1 & p2 & p3) & Type(P1 & P2 & P3) = point &
Connected_by(P1, P2 & P1, P3 & p2, p3) = straight_line &
RelationAmong(P1, P2, P3) = non-colinear

In the above farmula, the symbol "&" is used in two related meanings; one - to denote an ordinary
(external) conjunction connecting predicates, and second - to denote an internal conjuncton, i.c.,
conjunction of terms, treated as a compound argument of a predicate. For example, the predicate
"Consists(T, P1 & P2 &p3)" states that the triangle T consists of points P1 and P2 and P3.

_Suppose that someone tells us that the tall towers in his hometown form a big triangle.
Obviously, the meaning of the triangle in this statement differs from that in the formal geometrical
description. To match the two, one needs to make the following assumptions and transformations:

1. In the context of describing a configuration of physical objects such as towers, the individual
objects play the role of nodes. Thus, the statement implies that there are three towers in the
town. The matching operation involves drawing an analogy between the abstract nodes and the
towers, which can be characterized as consisting of one step of generalization (GEN):

Point ———- GEN -—-> Object

and one step of specialization (SPEC):



Object——SPEC --~> Tower

2. In the context of towers, the presence of a "straight line” is imaginary, i.e., there is no physical
connection, but one could imagine a straight line between the objects (towers). The condition
"Connected_BY" is satisfied in such an abstract sense. This is an operation of generalizatica.
Thus, matching the statement about a triangular arrangement of towers with the formal
definition of a triangle involves here both, a generalization and specialization.

The examples above show that relating a concept instance o a concept description is not just
a straightforward comparison of attribute values in an instance with those in the concept
description, as done in various mechanized decision processes. They show that such a process
may involve different forms of inference.

2.3. Learning Two-tiered Concept Descriptions

Accordingly, learning a two-tiered concept description consists two parts:

1. acquiring the base concept representation, and
2. acquiring the inferential concept interpretation

The base concept representation includes a set of assertions that describes the principles of the
concept. The inferential concept interpretation may include a set of inference rules, matching
procedures, the importance of properties and a set of exceptons. The BCR is usually learned from
typical examples, while the ICI is learned from the less typical examples and exceptions.
Furthermore, the matching procedures are responsible for the less typical examples whereas the
inference rules are responsible for the exceptions. The BCR and the matching procedure can be
inductively learned from typical and less typical examples. But because the number of exceptions
is limited, it is difficult to learn using an inductive learning method. Following a few possible
methods that can be applied to leamn ICI rules are simply descussed.

First, the ICI rules can be inherited from some higher level concepts. Suppose that the
system is given an instance of a broken chair. More precisely, the description of the instance
martches neither the BCR nor the ICI of the chair, because one of the four legs is missing. Suppose
that the ICI of the leg concept will deduce from this description that the shorter leg is broken. The
chair concept is a specialization of the higher level concept fumiture. Suppose that the ICI for
- furniture has the following rules: if an object misses one leg then it is broken and if some pant of an
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object that otherwise is an instance of fumniture is broken, then the object sdll is an instance of
furniture. Through these two rules, one can infer that a chair which misses one leg is a broken
chair. These two rules may now be inherited by the ICI of the chair concept.

Second, an analytic leamning system, such as described in (Mitchell et al,, 1986; DeJong and
Mooney, 1986), can be applied to obtain an explanation. In these systems, a typical event is
explained by deductively inferring it from the underlying background theory. The result is an
operational rule for the concept. This rule is then generalized, e.g. using techniques described in
(Mitchell et al., 1986). In our approach, only nontypical events will be subject to explanation. The
purpose of the explanation here is to justify the special character of the event explained, rather that
to operationalize the proof of its membership in the concept.

Finally, an explanation of an event may be obtained from an expert, as is the case in
knowledge acquisition for expert systems. The POSEIDON system described in next chapter uses
this method in its initial version.



CHAPTER 3

THE POSEIDON
LEARNING SYSTEM

Early ideas, experiments and the first method for learning two-tiered concept descriptions
were presented in (Michalski et al, 1986 and Michalski, 1988; see also Michalski, 1990). The
method proposed there employed a simple form of description simplification method, called
TRUNC method, which used only specialization as a description reduction operator. An intriguing
result of that research was that a substantial reduction of the description’s complexity was achieved
without affecting its performance on new examples. The effect was obtained through a removal of
these parts of a description that were responsible for covering only a small fraction of examples
(the so called light complexes, or small disjuncts), and through an application of a flexible
" marching procedure for concept recognition.

This chapter describes the learning system POSEIDON! (Bergadano et. al, to appear) that
learns two-tiered descriptions of flexible concepts. POSEIDON is an extension and continuation of
the early ideas in (Michalski et al., 1986). One important advance is the development of a heuristic
double-level search procedure, called SG-TRUNC, which explores the space of two-tered
descriptions in order to determine a globally optimized description. The search employs both
generalization and specialization operators, and is guided by a new criterion, the general
description quality measure (GDQ). This measure takes into consideration the description
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accuracy, its cognitive comprehensibility and the computational cost of both ters of a description
(BCR and IC]). By introducing such a general description evaluation measure (Bergadano et al.,
1988), the meaning of concept leamning can be defined in a new way. Namely, concept learning
can be viewed as a process of improving initial descriptions according to a given description
quality criterion. The initial description can be in the form of positive and negative examples, a
Complete and Consistent (CC) concept description, a teacher-supplied tentative description, or
other.

Other advances include the use of 2 more powerful accuracy measurement in GDQ, which is
able to take into consideration the typicality of training instances (when it is known), and the
introduction of a rule base for implementing the ICL the following sections describe the overview
of the POSEIDON system, next chapter shows the experimental results of POSEIDON on two real
world domains.

3.1. Concept Representation

Concepts in POSEIDON are represented in a two-tiered concept representation. In this two-
tiered concept representation, a concept is represented by two parts, the BCR which is equivalent
10 a disjunctive normal form and the ICI which consists of a predefined flexible matching function
and a set of deductive rules. This section describes this representation.

3.1.1 Base Concept Representation

In POSEIDON, the atribute-based variable-valued logic system VL) (Michalski, 1983) is used as
a representational formalism. The BCR of a concept is a disjunctive normal form expression in
VL. Such an expression corresponds to a cover, which is a set of complexes. A complex is a
conjunction of selectors and can be viewed as a rule (Michalski, 1990). A selector is a relational
expression (a condition):

[L#R]

where the attribute L is called the referee. R, called the referent, is a set of values from the domain
of L.Symbol # denotes one of the relational symbols =, <, >, §, 2, #. A selector is
satisfied by an event if the value of atribute L in this event is in relation # to R.
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For example, the expression [shape = circle v square] & [length > 2] is 2 complex containing
two selectors. The first selector is satisfied by an event, if the attribute "shape” in this event takes
value "circle” or "square".

3.1.2 Inferential Concept Interpretation: Flexible Matching Function

A flexible matching function F is used as a part of the ICI and it is predefined. The function
measures the degree of fit between an event and a concept description. The specific F used in the
implementation maps events from the set E, and concept descriptions from the set D, into the
degree of fit from the interval [0..1]:

F: Ex D --> [0.1]

The value of F of an event @ and a cover, Cov, is defined as the probabilistic sum of F for
its complexes. If Cov consists of two complexes, cpx; and cpx3, we have:

F(e,Cov) = F(e,cpx;) + F(e,cpx2) - F(e,cpx)) * F(e,cpx2)

A weakness of the probabilistic sum is that it is biased toward covers that consist of many
complexes. Specifically, if a cover Cov includes many complexes, F(e,Cov) may be close to 1,
even if each F(e,cpx) is relatively small. To avoid this effect, if the value of F(e,cpxj) is below a
given threshold, then it is assumed to be 0. In POSEIDON, this problem does not occur because
covers are typically reduced to only a few complexes.

The degree of match, F(e,cpx), between an event e and a complex cpx is defined as the
average of the degrees of fit for its constituent selectors, weighted by the proportion of positive
examples covered by the complex:

n
E :F(e,sd;) #cpxpos
F(ecpx )= n * (#cpxpos + #cpxneg)
i=1

where n is the number of the selectors in ¢px, and #cpxpos and #cpxneg are the number of positive
examples and the number of negative examples covered by ¢px , respectively.

The degree of match between an event € and a selector sel is weighted by the coverage of
positive and negative examples by the selector. Such a degree of match depends on the type of the



attribute in the selector. An artribute can be one of two types: nominal and linear (Michalski,1983).
In a nominal selector, the referent is a single value or an internal disjunction of values, e.g., [color
= red v blue v green]. The degree of match is 1 if such a selector is satsfied by an event, and 0
otherwise. In a linear or structured linear selector, the referent is a range of values, or an internal
diSjuncﬁon of ranges, e.g., [weight = 1..3 v 6..9]. A satsfied selector returns the value of match
1. However, if the selector is not satsfied, the degree of match is the ratio of the distance between
the value of the attribute in the event and the nearest value in the referent, and the size of the
domain of the attribute. For example, suppose the domain of the attribute height has 10 values: 1 to
10, and the event is (weight = 2, height = 4, ....), and the selector is [height = 7..9]. The degree
of match is T2 = 0.3.

The system is not forced to make a decision when the difference between the values of
flexible matching function for two concepts is very small. If the difference is smaller than a preset
threshold, the result will be "no match”.

3.1.3. Inferential Concept Interpretation: Deductive Rules

In addition to the flexible matching function, the ICI includes a set of deductive rules,
allowing the system to recognize exceptions and context-dependent cases. For example, flexible
matching could allow us to recognize an old sequoia as a tree, although it does not match the
typical size requirements. Deductive reasoning is required to recognize a tree without leaves (in the
winter time), or to include in the concept of tree its special instance (e.g. a fallen tree). In fact,
flexible matching is most useful to cover instances that are close to the typical cases, while
deductive matching is appropriate to deal with concept transformations necessary to include
exceptions or context-dependencies.

The deductive inference rules in the ICI are expressed as Horn clauses. The inference
process is implemented using the LOGLISP system (Robinson and Sibert, 1982). Numerical
quantifiers and internal connectives are also allowed. They are represented in the annotated
predicate calculus (Michalski 1983).

3.14. Types of Matching

There can be three different types of match between an event and a two-tiered description:
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1. Strict matching: the event matches the BCR exactly, and the event is called as S-covered.

2. Flexible matching: the event is not S-covered, but maiches the BCR through a flexible
matching function. The event is called as F-covered.

3. Deductive marching: the event is not F-covered, but it matches the concept through
deductve reasoning based on the ICI rules. The event is referred to as D-covered.

The sets of all S-covered, F-covered, and D-covered events are called Scov, Fcov, and Dcov,
respectively. '

Now a precise meaning to the term exceprion used throughout this chapter can be given.
Events are called exceptions, if they are D-covered. Events that are S-covered are said to be

representarive examples, and events that are F-covered are said to be nearly-representative
examples.

Two-tiered concept descriptions are usually simpler, easier to understand and more efficient
to use than concept descriptions represented in a conventional logic type representation. In the
experiments described in next chapter, they also performed better on testing sets. One major
advance of the presented method over the previous method using TT representation (e.g.,
Michalski et al, 1986) is that the ICI includes not only a flexible matching procedure, but also
inference rules. Thus, the method is oriented toward handling not only representative or nearly
representative examples, but also exceptions.

3.2. An Overview of POSEIDON

In POSEIDON, a two-tiered concept description is produced in two phases. First, a complete
and consistent (CC) description is created from supplied training examples by applying the AQ
inductive learning methodology, and then the CC descripdon is optimized according to a general
description quality (GDQ) criterion. The optimization process is done by a double-level best-first
search, using the SG-TRUNC description reduction process. ICI rules are provided by human '
experts. This section describes the overview of the algorithm used in POSEIDON and discusses
the operators used in the SG-TRUNC description reduction process, the detailed description of the
algorithm is deferred to section 3.4.
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3.2.1. Basic Algorithm

Based on the ideas presented above, we have implemented a system for learning TT
descriptions, called POSEIDON. Figure 3.1 specifies the input, output, and the function of the
system. The BCR is determined in two phases. The first phase generates a general consistent and
complete (CC) concept description, and the second phase optimizes the description according to 2
criterion of concept quality.

The CC description is determined using the AQ1S inductive learning program (Michalski et
al. 86). The initial BCR consists of the CC description together with the flexible matching
procedure described in section 3.1.2.

Given:
Concept examples obtained from a source
Relevant background knowledge
Complete and consistent (CC) description of the concept

Phase 2

Given:
CC description of the concept
A general description quality (GDQ) measure
Typicality of examples (if available)

A two-tiered description that maximizes the GDQ

Figure 3.1 . Specification of the POSEIDON system

The second phase improves the initial description by conducting a "double level” best first
search. This search is implemented in the SG-TRUNC procedure (SG symbolizes that the method
uses both specialization and generalization operators). The first level search is guided by the
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General Description Quality measure (GDQ), which ranks descriptions for consideration (see sec.
3.4). The second level search is guided by heuristics that specify the search operators to be applied
to0 a given descripdon. The search operators simplify the BCR of a description by removing some
of its components, or by modifying the arguments or referents of some of the selectors. A general
structure of the system is presented in Figure 3.2.

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

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

; t&CompleteDescrip

Ge

rate Consi

Phase 1

Phase 2

Figure 3.2. Learning in the POSEIDON system

The search process is defined by:

Search space: A tree structure, in which nodes are two-tiered concept descriptions
(BCR +ICD) ,

Operators: . - Selector removal, Complex removal, Referent modification.

Goal: To determine a description that maximizes the general description quality
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criterion (GDQ.

The goal of the search procedure is not necessarily to find an optimal solution, as this would
require a combinatorial search. Rather, the system tries to maximally improve the given concent
description by expanding only a limited number of nodes in the search tee, which are suggested
by certain heuristics to be discussed in secton 3.4.1.

The BCR is learned from examples and represented as a set of rules (a- VL] cover, as
described in section 3.1.1). The ICI consists of two parts: a flexible matching function and a rule
base. The rule base is used for explaining exceptional examples, and is acquired through an
interaction with an expert

3.2.2. Operators Used in Optimizing Base Concept Representation

A description can be modified in three basic ways: by complex (rule) removal, selector
(condition) removal or referent (subset of the attribute range) modification. Rule removal is a
specialization operator, because it leads to "uncovering"” of some examples. It is the reverse of the
"adding an alternative” generalization rule (Michalski, 1983). Conditon removal is a generalization
operator, as it is an instance of the "dropping condition" generalization rule. A referent
modification can either generalize or specialize a description. Consequently, two operators are
defined: referent extension, which generalizes a descripdon, and referenr contraction, which
specializes a description. For illustration, consider the selector

[size=1.5v7]
A referent maodification that produces a generalization
[size = 1..7]
represents a referent extension operator. If in the above selector the relation is changed to <
‘ [sizec>1.5v7]
then the same referent modification, i.e., change to [size < 1..7], represents a referent contraction
operator. A referent modification that produces a specialization
' [size = 1..5]
represents also a referent contraction operator. Figure 3.3 lists search operators and specifies their
effect on the description.

The removal of conditions may merge complexes. The negative exceptions (the exceptions
from negative examples) break one complex into several. In Figure 3.4(a), the exception ¢ breaks
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one complex into four. If the exception is allowed to be covered by some of the four complexes,
some conditons can be removed from one of the four complexes so that the four complexes mergs
into one larger complex (see Figure 3.4(b)).

modification

Search operator Type of knowledge
Selector removal (SR) Generalization
Complex removal (CR) Specialization
Referent extension (RE) Generalization
Referent contraction (RC)  Specialization
Figure 3.3: Search Operators
A
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(a): Before selector removal (b) After selector removal

Figure 3.4: How the selector removal merges complexes

Two types of complexes can be removed. The first type of complexes is the complexes that
cover a small number of positive examples and is called light complexes (small disjuncts). The
examples covered by light complexes are often far from the other positive examples, thus these

“complexes often describe rare, exceptional cases. If the leaming examples from which complexes
are derived are noisy, a light complex may also be an indicative of errors in the data. Figure 3.5(a)
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illustrates this situaton. CPX1 and CPX2 are two complexes and cover 14 and 2 examples,
respectively. CPX1 is a representatve complex of the concept. The two examples covered by
CPX2 are considered as exceptions or noise. The second type of complexes that can be removed is
the complexes that cover a large number of examples, but uniquely cover a small number of
examples. This type of complexes carries a lot of redundant information and is called as redundant
complexes. The examples uniquely covered by a redundant complex can be viewed as less typical
examples. They are not exceptions, because they are still close to other positive examples. In
Figure 3.5(b), both CPX1 and CPX2 could be redundant complexes. el, €2 and €3 are less typical

examples.

4 /'y
y y
+ | CPX1 + + CPX2
e ++* e3
+ & ++t +
- . - - - +e1 A, - -
B v Ko '¢) CPX1 .' -
o LIRS
(a) Complex with low t-weight (b) Complexes with low u-weights

Figure 3.5: types of complexes that can be removed

The loss of coverage resulting from removing redundant complexes may be restored by
flexible matching. After a redundant complex is removed, only those examples uniquely covered
by it are no longer covered. Since these uncovered examples are close to many typical examples
which are still covered by some other complexes. That is, these uncovered examples are close to
some remaining complexes, so they can be easily matched with these complexes by flexible
matching. Suppose CPX1 in Figure 3.5(b) is removed, ¢l is no longer covered strictly, but it can
be matched with CPX2 by flexible matching. The loss of coverage that results from removing a
light complex cannot be easily restored by flexible matching. In this case, the examples that are no
longer covered are not close to any remaining complexes. In Figure 3.5(a), after CPX2 is
removed, the two examples covered by it are not close to CPX1, so they cannot be matched with



CPX1 by flexible matching. In order to restore the loss of coverage resulting from removing such
complexes, some ICI rules are needed.

- Thus, each search operator produces either a specialization or generalizaton of a description.
A generalized (specialized) description covers potentially a larger (smaller) number of training
examples (positive or negative). By measuring the changes in the coverage caused by applying an
operator one can choose the operator at a given search step.

3.23 Learning The Inferential Concept Interpretation.

As indicated above, by applying a search operator (SR, CR, RE or RC) to the current BCR,
one can make it either more general or more specific. If the modified BCR is more specific, some
positive examples previously covered may cease to be S-covered. These examples may, however,
be covered by existing ICI rules (so they become D-covered) or flexible matching (so they become
F-covered), or may be made D-covered by adding new rules to the ICL On the other hand, if the
modified BCR is more general than the original one, some negative examples, previously
uncovered, may now be S-covered. As before, they may already be excluded by existing ICI
rules, or can be excluded by adding new rules. Consequently, there are two types of rules in the
ICI: those that cover positve examples left uncovered by the BCR ("positive exceptions”), and
rules that eliminate negative examples covered by the BCR ("negative exceptions”). A problem
then is how to acquire these rules. )

The rules can be supplied by an expert, inherited from higher level concepts, or learned from
other knowledge. If the rules are supplied by an expert, their form may not be operationally
effective. In such a case, they can be made effective through some form of analytic learning (e.g.,
Mitchell et al., 1986; Prieditis and Mostow, 1987). If the rules supplied by an expert are too
specific or not totally correct, they may be improved by induction (e.g., Dietterich and Flann 1988,
Mooney and Qurston, 1989). Thus, learning the ICI can be accomplished by different strategies,
like learning the BCR. |

In the implemented method, the system identifies exceptions (i.e., examples not covered by
the current BCR and ICI), and asks an expert for an explanation (see sec. 3.4.2). The expert is
supposed to justify the special character of such events, and express this justification in the form of
rules. The search procedure shown in Figure 3.2 guides the process by determining the examples
that need explanation. It is a hard task to distinguish exceptions from noise. In our method, any



exceptions that cannot be explained by an expert are treated as noise and are ignored.

3.3. Quality of Concept Descriptions

The learning methodology utilizes a general description quality measure (GDQ) that guides
the search for an improved two-tiered description. GDQ plays an important role in the proposed
two-teired concept description learning approach. This section first discusses some general issues
about the GDQ measure, then define the GDQ measure implemented in POSEIDON.

3.3.1 Factors Influencing The Description Quality

The leamning methodology utilizes a general description quality measure (GDQ) that guides
the search for an improved two-tiered description. The GDQ measure is influenced by three basic
characteristics: the accuracy, the comprehensibility, and the cost. This subsection discusses these
three components, and describes a method for combining them into a single measure.

The accuracy represents the descripton's ability to produce correct classifications. A
common method for improving accuracy is to require that the description be complete and
consistent with respect to the training events (Michalski, 1983). When a description is incomplete
and/or inconsistent, the number of positive examples it does not cover and the number of negative
examples it covers provides important information for evaluating its quality. Those numbers can be
used to measure the degree of completeness and consistency of a given description. To achieve
completeness and consistency when input examples are noisy, overly complex and detailed
descriptions may be generated. Such descriptions tend to be 100 dependent on the training set, and,
consequently, may perform poorly in classifying future examples. This phenomenon is well
known in statistics as overfitting (Watanabe, 1969; Sturt, 1981).

The comprehensibility of the acquired knowledge depends on subjective and domain-
dependent criteria. Because an Al system is often supposed to supply advice to humans,
knowledge used by such a system should be understandable by human experts. A "black box"
classifier will not be helpful in this respect. Therefore, knowledge acquired by a leaming system
should be related to terms, relations and concepts used by experts, and should not be syntactically
too complex. This is called the comprehensibility principle Michalski, 1983). There is no well
established measure of description comprehensibility. Therefore we approximate it by a
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representational simplicity of the description. The simplicity (an inverse of complexity) is evaluated
by counting the number of operators involved, and taking into consideration an estimated cognitive
complexity of the operators. Such an approximation of the comprehensibility of a two-tered
representation takes into account the operators occurring in both the BCR and the ICI, and weighs
the relative contribution of each part to the comprehensibility of the whole description.

The third criterion, the description cost, captures the properties of a description related to its
storage and use (computational complexity). Other things being equal, descriptions which are
easier to store and/or easier to use for recognizing new examples are preferred. When evaluaring
the cost of a description, two characteristics are of primary importance. The first is the cost of
measuring the values of variables occurring in the descripton. In some application domains, e.g.,
in medicine, this may be a very important consideration. The second characteristic is the
computational cost of evaluating the description. Again, some real-time applications, e.g. speech
or image recognition, impose constraints on the evaluation time of a description. The cost
(approximated by computational simplicity) and the comprehensibility (approximated by
representational simplicity) are usually related to each other, but, in general, these are two different
criteria.

The criteria discussed above are applied to two-tiered descriptions. The accuracy of the
acquired knowledge does not only depend on the explicit information, but also on the implicit
reasoning abilides. The ICT also affects cost, because it allows the performance system to use a
simpler BCR, and reason about special details only in exceptional cases. Finally, the
comprehensibility of a two-tiered representation must be carefully evaluated, since one of its
implied goals is to state a clear and simple concept description in the BCR, and to account for
special cases through a reasoning process. In fact, both the BCR and the ICI are parts of the
concept description and they are used together in concept recognition. They influence each other. It
is not necessarily true that if a BCR performs well with one ICI, then it also performs well with a
different ICL

For example, the experiments described in chapter 4 show that a BCR performed poorly with
an empty ICI (i.e., when matching is strict), but it performed well with a flexible matching
function. Therefore, learning a two-tiered concept description must take into consideration both the
BCR and the ICL In our method, this is done by evaluating a TT description (BCR+ICI) using the
GDQ. Specifically, candidate concept descriptions are compared on the basis of how well they
perform with flexible matching and with deductive ICI rules.

These criteria need to be combined into a single evaluation procedure that can be used to
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compare different concept descriptions. A possible solution is to have an algebraic formula that,
given the numeric evaluations of individual criteria, produces a number that represents thei
combined value. Examples of such approaéhes are multiplication, weighted sum,
maximum/minimum, t-norm/t-conorm (e.g., Weber, 1983). Although these approaches are often
appropriate, they have centain disadvantages. First, they usually combine a set of heterogeneous
evaluations into a single number, and the meaning of this final number is hard to understand for a
human expert. Second, they may force the system to evaluate all the criteria, even if it is sufficient
to compare descriptions on the basis of one or two most important ones. The latter situation occurs
when one description is much better than the other according to the most important criteria.

To overcome these problems, we use a combination of the lexicographic evaluation
Junctional (LEF) and a weighted evaluation functional (WEF) for defining a measure involving all
three above mentioned criteria.

3.3.2 Combining Individual Factors into a Single Preference Criterion

This subsection describes a LEF/WEF method ‘for combining the simple description
evaluation criteria into one general measure. We describe the lexicographic evaluation functional
(LEF) first (Michalsld, 83). The general description quality (GDQ) measure under LEF is defined
as: : ’

GDQ(description) = <(Accuracy,t1), (Comprehensibility,t2), (Cost,t3)>
where 11, 12, and 3 are tolerances.

In this evaluation scheme, the criteria are ordered according to their importance, and a
tolerance threshold is associated with each criterion. If the difference of the evaluation of two
expressions under a given criterion is less than the corresponding tolerance, the two descriptions
are considered equivalent with respect to that criterion. The most important measure in the LEF is
evaluated first, and the subsequent measure is evaluated only if the application of the previous one
results in more than one candidate description.

The LEF evaluation scheme is not affected by the probiems of algebraic evaluation functions,
mentioned above. The importance of a criterion depends on the order in which it is evaluated in the
LEF evaluation scheme and on the tolerance. It may be somewhat difficult to determine this
threshold. If the tlerance is too small, chances of using the other criteria decrease. If the tolerance
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is too large, the importance of the criterion might be underestimated. Furthermore, in the case of
large tolerance, many descriptions might be equivalent under the LEF. To minimize this problem,
the LEF measure is extended in the following way: LEF is first applied with relatively large
tolerances, so that all the relevant criteria are taken into account. If the comparison results in a tie
(i.e., there is more than one candidate description), a weighed evaluadon functional (WEF) is used
to combine the measures. The descripton with the highest WEF is selected. The weights for WEF
are determined by the user.

3.3.3 The Role of The Typicality of The Examples

The accuracy is the major criterion for determining a concept description quality. Accuracy
depends on the completeness and consistency of the description, as well as on the typicality of the
events covered by the two parts of the description. In evaluaﬁng the accuracy of a two-tiered
concept description, one has to take into account the fact that degree of confidence in the resuits of
inference decreases from deduction to induction (Michalski, 1987). These requirements are met by
introducing the notion of typicality (Rosch and Mervis, 1975). Completeness and consistency are
made dependent on the typicality of the covered examples and on the way these examples are
covered. We assume that an expert can provide typicality of examples at the time they are presented
to the system responsible for building the inidal descripdon. The experts are usually quite good at
determining the typicality of events in their area of expertise. In the case when the typicality is not
provided, the system makes the standard assumption that it is equal for all examples.

Descriptions that cover many typical positive events are most preferred. Completeness is
therefore proportional to the typicality of the events covered. Moreover, if negative events are
covered, the consistency of the description is smaller if the typicality of the negative events covered
is high.

Completeness and consistency of a TT description brings up addidonal requirements: a good
description should cover the typical examples explicitly, and the non-typical ones implicitly. It is
also preferred that the typical events are covered by the BCR, and non-typical, or exceptional
events are covered by the ICI. In fact, the BCR is inductively learned from the events provided by
user, and it is more reliable when the training events are typical. The ICI, on the contrary, is
deductively obtained from the background knowledge, or from a human expert, and relies more on
general and domain knowledge. Generally, the ICI is more reliable when dealing with the special
or rare cases, since experts normally avoid explaining a large number of typical events. For these
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reasons, a typical positive explicitly-covered event should contribute to completeness more than if
it was implicitly-covered. And vice-versa, non-typical positive implicitly-covered events contribute
to completeness less than if they were explicitly-covered. These assumptions are reflected by
weights ws, wf, wd, used in the definidons of completeness and consistency (section 3.3.4).

Furthermore, since ICI rules are obtained from background knowledge or from a humar
expert, they are more reliable than the flexible matching funcdon. Consequently, a positve D-
covered event should contribute to completeness more than if it was Fcovered. We may also
observe that flexible matching is not very useful for low typicality exceptions. A similar argument
holds for consistency.

3.3.4 General Description Quality Measure
This section defines the GDQ measure implemented in POSEIDON. First, we define the

concepts of the description completeness, COMPT, and consistency, CONST, which take into
consideration the typicality of examples. Such typicality-dependent completeness is defined as:

ngfmpica.l.ity (eh) + thfﬂwpicality e + deﬂypicality (e

COMPT -¢*¢§Qy eteRawv eeDaw
3 Typicality (e)
e ePCS

The typicality-dependent consistency is dzﬁned.as .

Zw,.'lypiality (@) + ng'miw.ity(e‘) + deﬂypicality (™)
CONSI‘:I-“SQ' e eFaw eeDaw

3 Typicality(e)
e eNEG

where POS is the set of positive events covered by a two-tiered concept description and NEG is
the set of negative events covered by a two-tiered concept description. Typicality(e) is a numeric
degree of typicality of the event e specified by an expert. Furthermore, weights assigned to
different types of coverage depend on certain thresholds to reflect the appropriateness of types of
coverage for different kinds of typicaliry:
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wg: if Typicality(e) 212 then 1, else w,
wf: if t2 2 Typicality(e) 2 tj then 1, else w,
wq: if t] 2 Typicality(e) then 1, else w,

where ©1 and t arethresholds,and1 2 t2 2 t1 20, 12 w > 0-
The accuracy of a descripton is defined in terms of COMPT and CONST:
Accuracy(description) = w1 *COMP T(description) +w2 * CONST(description)

where w; + w2 = 1. The weights w] and w2 reflect the expert's judgement about the relative

importance of completeness and consistency for the given problem. The default value of both is
0.5. A measure of comprehensibility of a concept description is difficult to define. We will

approximate it by measuring the representational complexity, defined as:

vi* Y Qop) +wv2s T Qop)
ope BCR@p) ope Cidp)

where BCR (dsp) is the set of all operator occurrences in the BCR and ICI (dsp) is the set of all
operator occurrences in the ICIL. C (op), the complexity of an operator, is a real function that maps
each operator symbol into a real number. The complexities of the operators are ordered as follows:

C(interval) < C(internal disjunction) < C(=) < C(<>) < C(&) < C(v) < C(implication).
When the operator is a predicate, C increases with the number of the arguments of the predicate. -

Parameters v1 and v2 are weights suchthatvi+v2 = 1.

The BCR is supposed to describe the general and easy-to-define meaning of the concept,
while the ICI is mainly used to handle rare or exceptional events. As a consequence, the BCR
should be easier to comprehend than the ICI, and thus v should therefore be larger than v2.

The cost of a description depends on two parts:

Measuring-Cost (MC --  the cost of measuring variables used in the concept description.
Evaluation-Cost (EC) -- the computational cost of evaluating the concept description.
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where vars(e) is the set of all occurrences of variables used to evaluate a concept description to
classify the event e, mc(v) is the cost of measuring the values of the variable v, and ec(e) is the
computational cost of evaluating the concept description to classify the event e. The latter depends
on computing time and/ or on the number of operators involved in the evaluation.

We now define the cost of a descripdon:
Cost(description) = u1 *MC(description) + u2 *EC(description)
where u] and u are weights defining the relative importance of measure cost and evaluation cost

With the exception of the weights, which can be determined experimentally, we have defined
all three components of the GDQ. More details about the quality measure can be found in
(Bergadano et al., 1988).

3.4. Learning by Maximizing The Concept Description Quality

As mentioned before, learning two-tiered concept descriptions is performed in two phases. In the
first stage, a complete and consistent concept description is obtained from an inductive learning
system. In our approach, we have relied on the AQ1S learning program (Michalski et al., 1986).
This paper concentrates therefore on the second phase, i.c., on the improvement of the
description obtained in the first phase with respect to its GDQ.

3.4.1 Search Heuristics

Applying the GDQ measure directly would be computationally expensive, because it would
require the system to perform flexible matching for every newly generated description against the
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whole set of training examples. To improve the efficiency, we have introduced a double level
search. In the first level, a descripton to be modified in the second level (a node to be expanded)
is determined using the GDQ. In the second level, an operator (SR, CR, RE or RC) to be applied
to the description is selected using the Potential Accuracy Improvement heuristic (PAI). The value
of PAI is defined as a function of the change in the coverage of positve and negative examples in
the modified descripdon. Specifically, we have:

#P #N
PAL = 4T5 " ¥TN

where #P (#N) is the change in the number of positive (negative) examples covered by the newly
generated description, and #TP (#TN) is the total number of positive (negative) examples. For
generalizing operators, SR and RE, #P and #N are non-negative, and for specializing operators
CR and RC, #P and #N are non-positive.

The advaniagc of PAI is that it can be computed much more efficiently than the GDQ. For
every selector in the description, a list of examples covered by it is maintained using bit vectors.
The sets of examples covered by complexes and covers can be obtained from this list by the
intersection and union operations. Matching time can be improved further by maintaining also bit
vectors for the examples covered by complexes (the time for the matching operation is traded off
against the memory for storing the bit vectors). Note that computing the GDQ requires flexible
matching, and thus cannot be done by an intersection and union of bit vectors.

The above formula does not take into consideradon the reduction in the complexity of the
description due to the application of different operators. Specifically, removing a complex (a rule)
reduces complexity more than removing a selector (a condition). To account for this, POSEIDON
associates a higher weight with the operator CR (complex removal) than with the operator SR
(selector removal), i.e., it prefers w.apply CR than SR accordingly to some predefined weights.

One may observe that removing a selector may enable the system to remove additional
complexes afterwards. As such an operator generalizes a description, additional examples may be
covered by the reduced complex, and some other complexes may become redundant. A special
case of this effect is when the reduced complex becomes equal to some other complex in the
description, and thus one of them can be removed. If the SR operation produces a complex similar
to some other complex, the two can be merged into a single one by adding alternatives in the
internal disjunctons of their selectors. For example, the complexes [shape = circle]&[size = 2] and
[shape = square]&[size = 2] can be replaced by [shape = circle v square]&[size = 2.
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If such an explanation is given, add the rules that make up the explanation to the ICL.
5. Update the GDQ value of the new node, by taking into account the added ICT rules.
6. If the stopping criterion is satisfied, then STOP, otherwise proceed to step 1.

We shall now discuss the motivation behind the algorithm and some implementation details,
and explain the search strategy. In step 1, the nodes are chosen on the best first basis, that is, the
node with the highest GDQ is expanded first. This is not always an optimal choice, since
apparently "bad” nodes can lead to better descriptons after a number of removals. Whether the
search will behave in this manner will depend on the adequacy of the GDQ as the measure of
concept quality.

In step 2, a search operator is chosen heuristically and applied to the description. The
heuristics used are discussed in the previous section. Only one operator is applied at any given
time.

In step 3, the system computes the GDQ of the new node. It should be noted that, in the
GDQ measure, the typical examples covered directly by the BCR can weigh more than those
covered through flexible matching. The examples covered by ICI rules should weigh more than the
ones covered thi'ough flexible matching but less than the ones covered by the BCR.

In step 4, the "explainer” module is used in order to improve the description even further.
The BCR description is extended or contracted by adding ICI rules. First, complex removal might
uncover some positive examples, that were previously covered. In this case, new rules could be
added to the ICI, that would allow the system to reason about such "special” positive examples,
and explain why they should still be classified as instances of the concept under consideration.

On the other hand, selector removal might cause some negative examples to be covered. In
this case, new ICI rules may have to be added to contract the BCR. Another issue concerning step
4 is whether an explanation should be required at all, since, in some cases, the chosen removal
operator is not an appropriate one, and will lead to a very poor description. In this case it is not
even worth to ask for an explanaton, and search can continue in other directions.

The strategy is as follows. Suppose that » is the node (description) being expanded and m is
the node obtained after applying an operator (e.g., the selector removal). The effort to obtain an
explanation is made only if the GDQ of m is significantly better than that of a. In this case, the
explainer is given the GDQ evaluations of both descriptions and asked for an explanation. The



It is worth noting that in the case of operators CR (complex removal) and SR (selector
removal), the PAI heuristic can be significandy simplified by using an approximaton:

#P #N

PAI' = 5T #TN

where #P (#N) is the number of positdve (negatve) examples covered by the component
(complex or selector) to be removed. Such a heuristic is very efficient because it needs to b
computed only once for-every selector and every complex in the initial descripron. This
computation can be done before the search starts, and does not need to be repeated for every node
in the search.

The operator that leads to the largest PAT is chosen, and applied to the description under
consideration. The descriptions generated on the basis of PAI are then subjected to an evaluation

by GDQ.

3.4.2 Search Algorithm

The search procedure is described by the following algorithm:
1. Idendfy in the search tree the best description D (one with the highest GDQ). Initially, D is
the complete and consistent description obtained in stage 1.

2. Apply to D the operator (from among CRj, SRij, REjj, RCjj) that potentially improves
the GDQ of D the most, according to the Potential Accuracy Improvement (PAI) measure.

CR;j. Remove the i-th complex from D.

SRjj: Remove the j-th selector from the i-th complexin D .

REjj: Extend the referent of the j-th selector in the i-th complex in D.
RG;j: Contract the referent of the j-th selector in the i-th complex in D.

3. Compute the GDQ of the node obtained in step 2. If this GDQ is smaller than the GDQ of
D, then proceed to step 1. As mentioned above, when computing the

accuracy of a description, flexible matching is always used.
4. Ask for an explanation of
(a) the positive examples that cease to be covered (positive exceptions)
(b) the negative examples that become covered (negative exceptions)
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values of GDQ give the explainer the sense of importance of the request for the search procedure.

In step S, the GDQ of the obtained TT description is updated after the new ICI rules have
been added. Since ICI rules are taken into consideration in the GDQ, new ICI rules will change the
GDQ value for a concept. In step 6, the system decides whether to stop or continue the search. The
stopping criterion is satsfied when the search space that has been explored is large (more than k1
nodes have been expanded), or when no qualitative improvement has been obtained for a long time
(more than k2 nodes have been expanded since the last GDQ improvement). Values of k1 and k2
are parameters of the search. When the system stops, the best node in the search space is
produced. The description corresponding to it becomes the chosen TT concept descripdon.

One more characteristic of the system should be mentoned. At any one time only one
operator is applied to the selected (best-quality) node. Therefore, the new node can be selected if
its quality is better than the quality of the father node. This is different from standard search
procedures, where all the applicable operators are used for the selected node (node expansion).
This choice was introduced because the creation of a new node involves the computation of its
quality, which, in some cases, can be time-consuming. To avoid generating low quality nodes,
the best applicable operator is selected on a heuristic basis, and only this one is applied. Other
operators are used only if the results obtained on this search branch turn out to be unsatsfactory.

3.4.3 An Abstract Example

An abstract example of the search process is given in Figure 3.6. The nodes contain BCR,
ICI, and a graphical representation of the covered examples.

The wee is kept in the memory throughout the search. The rectangular areas denote
complexes (or rules) in the BCR. The modification of the concept borders due to the ICI
interpretation is marked by curved continuous lines. To simplify the terminology, a complex is
called a rule, and a selector is called a condition (briefly, a cond).

In the example, the accuracy is computed according to the formula discussed in Section
3.3.4, assuming the same typicality for all instances. The initial descripton is represented by node
1, and contains two rules (complexes). The rules cover two corresponding rectangular areas in the
graphical representation, containing five positive examples out of eight, and one negative example
out of five. The ICI extends this coverage by recognizing one more positive example. By
eliminating condition (selector) s5 in the second complex node 3 is obtained. The accuracy of the
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description is now improved since all positive examples are covered.
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Figure 3.6. An illusmration of the search process.

Finally, by removing the first complex node § is generated. It does not cover negative
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examples any more, and is simpler. This node is then accepted as the improved description
resulting from the search. The other nodes lead to inferior concept descriptions with respect 12
GDQ, and are discarded. The quality has been computed with w; = w, = 0.5. For clarity, the
cost is omitted, and the simpliciry of the ICI is not taken into account. The simplicity of the BCR is
evaluated by the number of rules and condidons.
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CHAPTER 4

EXPERIMENTAL RESULTS
OF POSEIDON

POSEIDON was experimentally applied to two different problem domains: labor
management conwmracts and congressional voting records. Specifically, it was used to acquire
discriminant descriptions for acceptable/unacceptable labor management contracts, and voting
behavior of republican/democrat congresspersons in the U.S. House of Representatives. Below is
a brief description of the data used in the experiments.

4.1 Experimental Data

Labor management contracts

The data about labor-management contracts was taken from Collective Bargaining, a review
of current collective bargaining issues published by the Government of Canada through its
Department of Labor. The data given in Collective Bargaining describes labor-management
contracts which have been currently negotiated between organizations and those union locals that
count at least 500 members.

The raw data is divided into economic sectors. Each contract is described by a number of
attributes. Since the attributes vary between economic sectors, all data used in the experiments
were selected from one sector: personal and business services. This sector includes unions
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representing hospital staff, teachers, university professors, social workers and certain classes of
administrative personnel of various organizations. The data use multivalued atmibutes, and
therefore VL is an obvious choice as a description language.

The data describe contracts finalized in the second half of 1987 and the first haif of 1988.
Each contract is described by sixteen attributes, belonging to two main categories. One category
concerns issues related to salaries, e.g., pay increases in each year of contract, the cost of living
allowance, a stand-by pay, etc., and the second category concemns issues related to fringe benefits,
e.g., different kinds of pension contributions, holidays, vacation, dental insurance, etc. Positive
examples represent contracts that have been accepted by both parties. Negative examples represent
contract proposals deemed unacceptable by one of the parties. The training set consisted of 18
positive and 9 negative examples of contracts; the testing set consisted of 19 positive and 11
negative examples. Here is a typical acceptable labor-management contract:

Duration of the contract = 2 years

Wage increase in the first year = 1.5%

Wage increase in the second year = 3.5%
Cost-of-living-allowance = unknown

Hours of work/per week = 38

Pension offer = none

Stand-by pay = $0.12/hr

Shift differential = second shift is paid 25% more than first shift
Educational allowance is offered

Holidays /per year = 11 days

Vacation offer is better than average in the industry

Long term disability insurance is offered by the employer
50% dental insurance cost is covered by the employer
Bereavement leave is available

Employer-sponsored health plan is not mentioned

which is represented in VL as :

[‘Duf = 2] [wagel = 1.5] [Wage2 = 3.5] [cola = unknown] [Work-hours = 38] [Pension =
none] [Stby-pay = 12] [Shift-diff = 25] [Educ-allw = wrue] [Holidays = 11} [Vacation =
better][Ingtrm-disabil = true] [Dntl-ins = half] [Bereavement = true] (Empl-hplan = unknown]

US. Congress voting record
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The second application was concerned with the U.S. Congress voting records. The same
data set as used by Lebowitz (1987) in the experiments on conceptual clustering were used here.
The data represent the 1981 voting record for 100 selected representatives. The data set was split
randomly into a training and testing set, with votng records of democrats entered as posidve
examples, and voting records of republicans entered as the negative ones. The goal was to obtain
discriminant descriptions characterizing democrat and republican congressmen. Here is an instance
of U.S. Congress voting record of a democratic congressman:

Draft registradon = no

Ban of aid to Nicaragua = no

Cut expenditure on MX missiles = yes

Federal subsidy to nuclear power stations = yes
Subsidy to national parks in Alaska = yes

Fair housing bill = yes

Limit on PAC contributions = yes

Limit on food stamp program = no

Federal help to educaton =no

State = north east

Population = large

Occupation = unknown

Cut in Social Security spending = no

Federal help to Chrysler Corp. = vote not registered

4.2 Description of Experiments and Illustration of Results

The above data were used in a series of experiments on testing the proposed method, the
previous method implemented in AQ1S, an exemplar-based method and the method based on
pruned decision trees. The experiments included the following steps:

1. Leaming a CC descripdon from the training examples by applying the AQ1S program.

2. Determining the "top rule” description on the basis of the CC description, using the TRUNC
method (Michalski et al., 1986). Such a description consists of a single rule selected from the
CC descripdon generated by the AQ1S program. It is the rule that covers the maximum number



of positive examples among all other rules in the CC description. The top rule descripuon is
easy to determine, because the AQ1S generates rules together with measures indicating the
number of examples covered totally and uniquely by each rule in the description (the so called
t-weight and u-weight; see below). In the method, one top rule description was generated for
the poéitivc examples of the concept, and one for the negative examples, i.e., from a CC
description of the negative examples. An instance was classified to the concept if it best
matched the top rule description of positive examples, and was rejected if it matched the top
rule description of the negative examples. If both descriptions were matched with roughly the
same degree of match, than the instance was classified as "no match.” Using such a description
with flexible matching represents a simple but important version of the TT method (Michalski,
1990).

3. Optimizing the CC description using the POSEIDON SG-TRUNC procedure.

4. Testing all the above déscﬁptions (CC, Top rule and Optimized TT rules) on the testng
examples. ‘

5. For comparison, the descriptions obtained by other methods, specifically, a simpie exemplar-
based learning approach and the decision tree learning algorithm ASSISTANT, were tested.

To illustrate the difference between the CC descriptions generated by AQ1S, the top rule and
the optimized descriptions created by POSEIDON, below is a sample of these descriptions in the
labor management domain. The input data consisted of 18 positive and 9 negative examples of
acceptable labor contracts. Figure 4.1 shows the complete and consistent description produced by
AQ15. In the figure, t represents the t-weight, which is the total number of examples covered by a
rule, and u represents the u-weight, which is the number of examples uniquely covered by the
rule. '

The top rule (Figure 4.2) is obtained by selecting the rule with the largest t-weight from the
CC description of each concept.

By applying the SG-TRUNC method to the CC description, the following optimized TT
description was obtained (Figure 4.3).
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http:becau.se

(contract-duration >1]&[wage_incr_yr2 >3.0%)&(#holidays >10]:

=1l u=10

or _
(wage_incr_yrl > 4.5%]: (t=d u=4)
or
(wage_incr_yrl > 4.0%] & [wage_incr_yr2 > 4.0%]: (t=l,u=1l)
or
(wage_incr_yrl > 4.5%] & ([#holidays > 9]: (t=lu=1)
or
(wage_incr_yrl > 2.0%] & (vacation = above_average): (t=l,u=1l)

:1:> Acceptable coatract
[wage_incr_yrl = 2.0% .. 4.0%] & [#holidays < 10] &
[vacation = below_average v average]: (tm3 u=3)
or
(wage_incr_yrl S 4.5%] & (wage_incr_yr2 € 4.0%] &
(holidays = 10] & [vacation = below_average v averagel: (tm2, u=2)
or
(duration = 1] & (wage_incr_yrl < 4.0%] & [#holidays < 10]&
(vacation = below_average v average]: (t=]l u=l)
[wage_incr_yrl € 4.0%] & [wage_incr_yr2 S 3.0%] &
[vacation = below_average v average]: * (t=l,u=l)
or
{duration = 1] & [wage_incr_yrl £ 4.0%]&
[vacation = below_average v average]: (t=]lu=l)
or
[wage_incr_yrl = 2.0%] & (wage_incr_yr2Z € 3.0%]: (t=l,u=])

::> Unacceptable coatract

Figure 4.1: The CC descriptions generated by AQ1S5

The BCR of the optimized descriptions are significantly simpler than the CC descriptions
generated by AQI15. They seem to represent the most important characteristics of the labor
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management contracts: a contract is acceptable when it offers a significant wage increase (the first
two complexes in Figure 4.3), or it offers many holiday days, or the vacation is above average.

BCR:

{contract-duration >1)&(wage_incr_yr2 >3.0%]6(#holidays >10]: (=llu=ll)
1> Acceptable coantract

{(wage_incr_yrl = 2.0% .. 4.0%]) & (#holidays < 10] &

(vacation = below_average v average]: (tm3u=nl)

11> Unacceptable coatract

ICI: Flexible matching

Figure 4.2: The top rules generated by TRUNC method

The training events that were not correctly classified by the BCR, as it was modified step by
step during the search, were analyzed by a domain expert, who provided deductive rules allowing
the system to classify almost all the training events (one of them could not be explained by the
expert). Let us consider the ICI rule:

(wage_incr_yri<3.1%]&(wage_incr_yri<wage_incr_yrl] ::>

Cnacceptable coatract

The rule addresses the case of a contract with a low wage increase in the first year, and an even

lower increase in the second year. In those circumstances, the holiday and vacation offered do not
mater and the contract is unacceptable by the union.
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descriptions include many specific rules, leaving little space for the "no match” cases (3%), in
which flexible matching could help. Secondly, the descriptions consisted of only disjoint rules, as

the program was run using the "disjoint cover” parameter. In such a situation, the "muldple mawch”
cases do not occur, and flexible matching cannot help.

Simple E lar-based Descriati

Labor-mgmt problem (Labor): 27 rules and 432 condidons
Congress problem (Congress): 51 rules and 969 conditons

Correct Incorrect No_Match

Labor Congress Labor Congress Labor Congress
Strict Match

Training Set 100% 100% 0% 0% 0% 0%
Testing Set 0% 4% 0% 0% 100% 96%

1-Nearest Neighbor

Training Set 100% 100% 0% 0% 0% 0%
Testing Set 77% 86% 23% 14% 0% 0%

3-Nearest Neighbors
* Training Set 100% 100% 0% 0% 0% 0%
Testing Set 83% 84% 17% 16% 0% 0%

5-Nearest Neighbor
Training Set 100% 100% 0% 0% 0% 0%
Testing Set 80% 84% 20% 16% 0% 0%

Table 4.1: Results of Experiment 1.
The above results are similar to those obtained in the previous experiment, which used an

exemplar-based approach (Table 4.1). The main difference is that the AQ descriptions are much
simpler in terrns of the number of rules and the number of conditions involved (11 vs. 27 rules in
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the labor management problem, and 10 vs. 51 rules in the congress voting problem). The simpler
descriptions allow the system to be more efficient in the recognition mode.

The third experiment (Table 4.3) tested me'top rule descriptions determined from the above (CC
descriptons, as described above. As shown on Table 4.3, the performance of this rule on testing
examples using flexible matching was comparable to that of the CC and factual descripdors
generated in the previous experiments. A significant difference between this description and th+
previous two was in the complexity of the description (2 vs.11 vs. 27 rules in the labor
management problem, and 2 vs. 10 vs. 51 rules in the congress voting problem). Each concept is
described by one rule. Two concepts are involved in both domains, so each domain is described
by two rules. It is quite interesting that so simple rules perform at the same level, or even better in
some cases, than much more complex descriptions generated in previous experiments.

The fourth experiment (Table 4.4) tested the optimized descriptions generated by the method
described in chapter 3 and implemented in POSEIDON (ie., based the SG-TRUNC method). The
descriptions were tested using flexible matching alone (Flexible March) and in the combination
with deductive matching (Deducrive March). For comparison, the performance of these
descriptions using strict matching (Stricr March) was also evaluated (though this would be an
impractical combination). As expected, these descriptions used with strict matching give relatively
poor performance.

The optimized descripdons (BCR) combined with deductive matching (ICI) gave the best
performance (90-92% correct). When used with only flexible matching, the performance is slightly
lower, but stll better than descripdons used in the previous experiments. This high performance
seems to be primarily an effect of applying the description quality measure that uses all three types
of marching (strict, flexible and deductive) during the learning process. This is one of new features
of the system, not present in the earlier work (e.g., Bergadano and Giordana, 1989), where
deductive matching is introduced only after the learning phase is completed.

The optimized descriptions are simpler than CC descriptions, although they include the ICI
rules. They are more complex than the top rule descriptions, which are the simplest. For the Labor
data problem, descriptions applied with deductive matching produced significantly higher
performance than when used with only flexible matching (90 vs. 83%). For the Congress data
problem, the performance was the same for the two matching methods. This is because no
deductive rules were acquired in the problem.
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BCR:

(wage_incr_yrl > 4.5%) v
(wage_incr_yzr2 > 3.0%] v

{#holidays > 9] v

{vacation period = above_average] ::>

Acceptable contract

(wage_incr yrl S 4.0%] & [#holidays < 10)v

(wage_incr_yr2 S 4.0%] & ([vacation = below_average v average] v
[#holidays < 10] v

(duration = 1] & [wage_incr_yrl < 4.0%]v

(wage_incr_yr2 S 3.0%] ::>

Unacceptable contract
Icr:

flexible matching and deductive matching using rules:

(wage_incr_yrl25.5%)&(vacation = below_average] ::>
Acceptable contract
(wage_incr_yrlS3%)s[wage_incr_yr2<wage_incr_yrl] ::>
Unacceptable coatract
(wage_incr_yrls3%)&(wage_incr_yr2<3%]é
{hours_work 2 40]é&(pension = empl_contr] ::>

Unacceptable coantract

Figure 4.3: Optimized TT descriptions obtained by POSEIDON
using the SG-TRUNC procedure
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4.3 Results of Experiments

Four experiments have been performed. In each experiment, the number of events correctly
and incorrectly covered by both descriptions was determined, as well as the number of events that
were not covered by either concept. This was done both on the training set and on a testing set of
examples (not previously seen by the system). The results of the three experiments are summarized
in Tables 4.1 to 4.4. Correct (incorrect) states the percentage of the number of testing events that
were correctly (incorrectly) classified. The No_Match counts examples that matched no rules. In
each experiment, the same training and testing sets were used.

The first experiment (Table 4.1) used an exemplar-based concept description, i.e., a
disjunction of the training events, also called a facrual description.

This description is obviously complete and consistent with regard to the training set. The first
part of Experiment 1 applied this description to the testing examples using the Strict Mazch method
(i.e., a new example must match exactly some training example to be classified). In this case, as
expected, the description had almost no predictive power. It produced a No_Match answer for all
testing examples of the labor contract data (100% No-Match), and for 96% testing examples of the
congress voting data (2 examples were the same in training and testing sets).

Next parts of Experiment 1 tested simple forms of an exemplar-based learning method. The
1-Nearest Neighbor row in the table lists results from applying the factual description with the
matching method similar to the one described in (Kibler and Aha, 1987). A given testing example
is matched against all training examples and the example that gives the best fit is found. The class
of this "best fit" raining example is assigned to the testing example. Our measure of fit differed
- slightly from the one described in (Kibler and Aha, 1987), as the latter uses the maximum
function for evaluating a disjunction, while our flexible matching uses the probabilistic sum
(section 3.2). We also tested other nearest neighbor methods (3-N and 5-N), in which instead of
one, several best fit raining examples are used to determine the class of the testing example
(applying the majority rule).

The second experiment (Table 4.2) used concept descriptions generated by AQ15 without
truncation. Such descriptions are consistent and complete (CC) with regard to the training
examples, i.e., they classify all training examples 100% correct when using the strict matching
method. The flexible matching method did not change this result. For the testing set, the number of
correct classifications was relatively high (80-86%), the same for the strict and flexible matching
methods. Flexible matching made no difference, probably due to two factors. Firstly, the CC



Complete gnd Consistent Description (No truncation)

Labor-mgmt problem (Labor): 11 rules and 28 conditions
Congress problem (Congress): 10 rules and 32 conditions

Correct Incorrect No_Match

Labor Congress Labor Congress Labor Congress
Strict Match

Training Set 100% 100% 0% 0% 0% 0%

Testing Set 80% 86% 17%% 14% 3% 0%
Flexible Match

Training Set 100% 100% 0% 0% 0% 0%

Testing Set 80% 86% 17% 14% 3% 0%

Table 4.2: Results of Experiment 2.

The Top Rule Description (the TRUNC method)

Labor-mgmt problem (Labor): 2 rules and 6 condidons
Congress problem (Congress): 2 rules and 6 conditons

Correct Incorrect No_Match

Labor Congress Labor Congress  Labor Congress
Strict Match

Training Set 52% 62% 0% 0% 48% 38%

Testing Set 63% 69% 7% 7% 30% 24%
Flexible Match v

Training Set 81% 75% 19% 25% 0% 0%

Testng Set - 83% 85% 17% 15% 0% 0%

Table 4.3: Results of Experiment 3.



Qptimized Description (the SG-TRUNC method)

Labor-mgmt problem (Labor): 9 rules and 12 condidons
Congress problem (Congress): 10 rules and 21 conditions
Correct Incorrect No_Match

Labor Congress Labor Congress Labor Congress
Strict Maitch

Training Set 63% 84% 0% 0% 3% 16%

Testing Set 43% 73% 3% 4% 54% 23%
Flexible Maitch

Training Set 85% 100% 0% 0% 15 0%

Testing Set 83% 92% 13%2 8% 4% 0%
Deductive Match

Training Set 9%6% 96% 0% 4% 4% 0%

Testing Set 9% 9% 10% 8% 0% 0%

Table 4.4: Results of Experiment 4.

One may argue that deductive matching may be preferred over flexible matching. Examples
that are correctly recognized through ICI deductive rules are ipso facto also explained in terms of
domain knowledge. This cannot be said about examples correctly recognized on the basis of
flexible matching, as this is due to a knowledge-independent distance measure. This feature may
be particularly important from the viewpoint of the description comprehensibility. To reflect this,
the quality measure assigns a higher score to a description with deductive matching than with
flexibie matching.

Table 4.5 summarizes the results of an experiment comparing the performance of
descriptions generated by simple exemplar-based methods, the TT descriptions generated by
POSEIDON, and pruned decision trees generated by ASSISTANT (a descendant of the Quinlan’s
ID3 program; Cestnik et al., 1987). ASSISTANT was applied with the same learning and training
data, which were used in the experiments reported in Tables 4.1, 4.2, 4.3, and 4.4. The decision
trees obtained by ASSISTANT were optimized using a tree-pruning mechanism (Cestnik et al.,
1987).
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The performance of concept descriptions is measured by the percentage of training events
recognized correctly by a descripdon. The factual description (a disjunction of training examples)
was applied with the flexible matching function. The complexity of a rule-based description was
measured by stating the number of rules (#Rules) and the number of conditons (#Conds). The
complexity of a decision tree was measured by the number of leaves (#Leaves) and the number of
nodes (#Nodes). The number of rules in a rule-based description can be taken as comparable with
the number of leaves in a decision tree, because for each leaf of the tree one can generate one rule
(by tracing the nodes from the root to the leaf). The best performance was achieved by the
optimized TT description, while the simplest was the "top rule" descripdon.

As shown in Table 4.5, in this experiment, the optimized TT description both performed
better and was simpler than the best exemplar-based description and the pruned decision tee. The
“top rule" descripton was much simpler than any other description, but performed worse than the
optimized description and the decision tree. Depending on the desired trade-off, the "top rule” or
the optimized description can be taken as the BCR of the concept being defined.

The above experiments show that the learning method implemented in POSEIDON produces
descripdons that are both simple and well performing on the testing data. The complete meaning of
the concept defined by such a description depends on the BCR, the optimized description
generated through learning, and the ICI (which consists of the flexible matching procedure,
defined a-priori, and a set of deductive rules, formulated by the expert). The expert defines the
rules on the basis of misclassified examples, which are determined by the system during the
learning process.

If the input data include the typicality of the examples, the method will generate the BCR
which will tend to cover typical examples, and the ICI which will tend to cover less typical
examples. When the typicality information is unavailable, as in our experiments, the system will
propose a classification of examples to different classes of typicality. The examples covered by the
BCR can be considered as typical, those covered by flexible matching as nearly-typical, and those
covered by the deductive rules as non-typical. '

Another aspect of the proposed method is its potential ability to handle noise. Noisy
examples are usually covered by the "light” rules (i.e., complexes that cover few examples). By
removing these rules and unimportant conditons the effect of noise is minimized (Zhang and
Michalski, 1989). Future research should investigate this aspect of the method 1o a greater detail.
There is also need to determine the impact of the typicality of the examples on the quality of
generated concept descriptons.
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Simple exemplar-based method
Performance

(% Correct /| % Incorrect)

1-nearest neighbor
3-nearest neighbor
S-nearest neighbor

Complexity
(#Rules / #Conds)

77% /23%
83%/17%
80% / 20%

27/432

Labor Contract = Congress Voting

86% / 14%
84% / 16%
84% / 16%

51/969

s _ &

Pruned decision tree
(ASSISTANT + PRUNING)

Performance
{%Correct /| % Incorrect)

Complexity
(#Leaves/ #Nodes)

86% / 14%

29/53

86% / 14%

19/28

s

(AQ1S without rule truncation)

Performance
{%correct / % incorrect)

Complexity
{#Rules / #Conds)

80% / 17%

11/29

86% / 14%

10/32

T le TT descrinti
(AQLS with rule truncation )

Performance
(% Correct / % Incorrect)

Complexity
(#Rules / #Conds)

83%/17%

2/6

85% / 15%

2/6

(POSEIDON)

Performance
(% Correct / % Incorrect)

Complexity
(#Rules / #Conds)

90% / 10%

9/12

92% /8%

10/21

Table 4.5. Summary of the results of testing descriptions generated by different methods
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Chapter 5

THE FLEXIBLE CONCEPT
LEARNING SYSTEM: FCLS

This chapter describes an alternative concept representation formalism which is based on the
idea of the two-tiered concept representation, and its associated concept learning algorithm. The
learning approach reported in this chapter has been implemented in the Flexible Concept Leamning
System: (FCLS) in Common Lisp on a Sun 3 workstation. FCLS has been run on various
domains from artificial to natural, and the description of the experimental results is deferred to the
next chapter. '

5.1 Problems

In chapter 1, it was stated that the main goal of the research reported in this thesis is to
develop approaches to represent and leamn flexible concepts. The motivations of the research were
also discussed in chapter 1. This section discusses some specific problems in representing and
learning flexible concepts. The rest of the chapter describes an approach that is proposed to soive
these problems.

As mentioned in chapter 1, flexible concepts usually have imprecise and irregular
boundaries, their examples have differing degrees of typicality, and they often include some
exceptional cases. In traditional logic type representations, each disjunct can only describe a
concept with a rectangular boundary. Therefore, a concept with irregular boundaries has to be
represented by a set of disjuncts, among which many are small (Holte et. al, 1989). A small
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disjunct covers only few examples. Figure 5.1(a) is a concept with an irregular boundary. Figure
5.1(b) shows how the concept shown in Figure 5.1(a) is approximately represented by 4
disjuncts. Three of the four disjuncts in figure 5.1(b) are small.

Figure 5.1: the methods for representing a concept with irregular boundary

One of the difficulties with an inductive learning system is to learn highly disjunctive
concepts (Rendell, 1988). What makes a concept highly disjunctive is an inappropriate
representation formalism or an insufficient representation vocabulary. By representation
formalisms, I refer to the formalisms such as disjunctive normal forms, decision trees, exemplar
models, and percepurons. By representation vocabulary, I refer to the terms or concepts used in a
specific representation formalism. For example, a large number of disjuncts are needed to
approximate a concept that is linearly separabie. Ideally, every concept could be represented by one
disjunct if the representadon (both formalism and vocabulafy) is adequate enough, because there
must be a unifying principle behind every concept. The term “disjunct” is used here in a broader
sense than in a DNF. For example, a linear threshold unit could be viewed as a disjunct, and a
disjunct of a DNF with a similarity measure is called a disjunct. Accordingly, two approaches:
enriching the representation vocabulary (Constructive induction) and selecting an appropriate
representation.formalism (using hybrid representation formalism), were proposed to overcome the
difficulty of learning highly disjunctive concepts (Rendell, 1988; Utgoff, 1988).

Generally speaking, consguctve induction is applied to merge distant disjuncts, while hybrid
representation formalism is applied to merge proximate disjuncts. Distant disjuncts are not
syntactically similar to each other. Therefore they cannot merge unless some new terms which can
reflect the semantic similarity of the distant disjuncts are constructed. All proximate disjuncts are
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syntactically similar, and form a cluster (peak) which can be packed into one disjunct by some
hybrid representations. Different clusters may merge through constructive induction. The main
concern of this chapter is the hybrid representation that merges proximate disjuncts.

The problem of small disjuncts was first recognized by Michalski et al. (1986). According to
the experimental results reported in (Michalski et al., 1986), when some small disjuncts were
removed from a complete and consistent concept description, the performance of the descripton
was slightly improved. Later, Holte et al. (1989) experimentally proved that small disjuncts are
much more error prone than large ones. To solve the problem of small disjuncts, several
approaches have been proposed. The simplest approach is to remove all small disjuncts from a
description, ¢.g., decision tree pruning (Quinlan, 1987). In some domains (especially noisy
domains), this approach improved accuracy of concept descriptions. The shortcomings of the
approach are obvious. First, the description generated in this approach loses the coverage of the
examples covered by removed small disjuncts. When a concept is highly disjunctive, this approach
seriously degrades the performance of the generated descriptions. Second, in a dynamic
environment, concepts drift from time to time, so a small disjunct may gradually become large. By
removing small disjuncts, a learning system loses the capability to adapt such a dynamic
environment.

Michalski et al. (1986) removed all small disjuncts, then applied a flexible matching function
to the remaining large disjuncts to recover some of the loss of coverage. In this way, only the loss
of coverage from the small disjuncts that are close to some large disjuncts might be recovered. To
recover the coverage lost from the small disjuncts that are far from all large disjuncts, the
POSEIDON system described in chapter 3 of the thesis applied a more sophisticated matching
procedure in which deduction is allowed to match an example with concept descriptions. The
problem with this approach is the difficulty in acquiring the rules for deductive inference.

Holte et al. (1989) suggested different biases should be used for large and small disjuncts,
with a maximum generality bias for large disjuncts and a selective specificity bias for small
disjuncts. The hybrid representation described in next section provides an alternative approach to
handle the problem of small disjuncts. Small disjuncts may occur in two cases. First, when a
concept has irregular and imprecise boundaries, small disjuncts are generated to describe the
boundary examples. Second, flexible concepts often include some exceptions, small disjuncts are
generated o describe these exceptions. In the approach presented in this chapter, small disjuncts
that cover boundary examples may merge under the hybrid representation introduced in next
section, while the small disjuncts that cover exceptions are replaced by exemplars.



As discussed before, each flexible concept often has a central tendency that is described all
relevant properties of the concept. Some of the relevant properties are more important than the
others. An instance of the concept may only possess some of the relevant properties instead of all
the relevant properties. An event with more relevant properties is more typical than one with fewer
relevant properties. An event with more important properties is more typical than one with less
important properties. In other words, all events that possess all the relevant properties form the
center of the concept. The events close to the center are more typical than the events further from
the center. The boundary of the concept with such a central tendency is often imprecise. The
probability of an event’s belonging to the concept decreases with its distance from the center. The
classification of boundary events of the concept is highly uncertain.

The description of such a concepts should be graded so that the events near the center have
higher values of match with the descripdon than the events near the boundary. The problems are:

1. How to represent and leam the central tendency.
2. How to represent and decide the boundary.
3. How to represent and learn the importance of a relevant property.

The rest of the chapter address these problems.

5.2. Concept Representation

This section introduces the hybrid concept representation used in FCLS. FCLS represents a
concept as a disjunction of extended complexes and a set of exemplars. An extended complex
consists of a base complex, a set of weights, a threshold, and a similarity measure. In additon,
cach extended complex has a certainty value. A base complex is equivalent to a disjunct
represented in VL1 (Michalski, 1983) as a conjunction of conditions called selectors and represents
a central tendency of a concept. The weights are the degree of necessity (importance) of
conditions, while the threshold defines the boundary of an extended complex. The similarity
measure determines the degree of fit between an event and a base complex. The similarity between
an event and an exemplar is also decided by the similarity measure. The exemplars are a set of
selected examples. An extended complex describes a cluster (peak) of a concept whose central
tendency is described by the base complex of the extended complex. The exemplars represent
exceptions.

In this representation, each extended complex is two-tiered, its base complex is the first der,
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its weights, threshold and the similarity measure consttute the second tier. Therefore, this hybrid
representation can be viewed as a simple form of the two-tiered concept representation. It is simple
because it does not include any inference rules. Following subsections describe each of the
components of the representaton in detail.

5.2.1 Base Complex

A base complex is represented in the same way as a complex in POSEIDON. To be
complete, I repeat the'part of the definiton of a base complex. A base complex is represented as a
complex by the attribute based Logic System VL (Michalski, 1983). A complex in VL is a
conjunction of selectors. A selector is of the form:

[L#R]

where the attribute L is called the referee and R is called the referens, which is a set of values from
the domain of L. The symbol # denotes one of the relational symbols =, <, >, 5, 2, #. Complexes

and selectors correspond to disjuncts and conjuncts of a disjunctive normal form, respectively. In
the current implementation of FCLS, only nominal and linear attributes are allowed.

5.2.2 Syntactic Similarity Measure

The syntactic similarity measure (SSM) measures the degree of fit between an event and a
base complex. The specific SSM used in our current implementation maps an event from the set E
and a base complex from the set C to a real value between 0 and 1, which is the degree of fit of the
event to the complex.

SSM:Ex C --> [0..1]

The SSM of an event ¢ and a base complex cpx is defined by a normalized distance measure
DIS as follows:

where MAXDIS (cpx) is the maximum distance between events in the set E and the complex cpx.
DIS(e, cpx) is defined as a weighted sum of the distances between the event ¢ and all selectors of
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the complex cpx:
DIS(e, cpx) = & W; * SELDIS(e, sel;)

where W; is the weight which reflects the necessity of the selector sel; in the complex. Weights e
calculated during learning. Weight learning methods will be described in section 5.4.4. SELDIS e,

sel;) is the distance between the event e and the selector sel;. Suppose that the selector sel is (x =
3jps VeeVs ajm]" SELDIS(e, sel) is then defined as

0

1 if x is nominal and e si covered by sel
SELDIS(e, sel) = lindis(ak, sel) if x is nomianl and ¢ is not covered by sel
——-—&—I—ax—l-—— if x is linear
where Max = max;,) 5 {dis(aj, sel)},

lindis(ak, sel) = min;.jl‘_._ Jm (i-kb

- Itis assumed that the domain of the selector x is the ordered list (a1, a2,...,an), and ak is the
value of x of the event e. For example, if the domain of x is [0 .. 10], the value of x for the event ¢
is 4 and the selector sel is [x = 7 .. 9, then SELDIS(e, scl) ='——5 = 3/1.

§.2.3 Exemplars

In section 5.1, we discussed the problem of small disjuncts. In the representation proposed
in this secton, the small disjuncts that cover exceptions are replaced by exemplars. In this
subsecton, I shall discuss some of the advantages of replacing small disjuncts with exemplars,
and show some empirical results.

A disjunct that covers a small area in event space often includes many more conditions
(conjuncts) than a disjunct that covers a large area. It is more time consuming and error prone in
learning such small disjuncts than large ones in an inductive leamning system that performs general-
to-specfic search. In such an inductive learning system, the search starts from the most general
disjunct, and gradually adds more conditions to specialize the most general disjunct until a disjunct
that satisfies some criteria is found. It is possible to select a wrong condition to add to the current
disjunct in each step of the specialization process. A disjunct including more conditions needs
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more steps to generate, so it is more error prone and time consuming. Many inductive learning
systems, such as ID3, PL1 and CN2, FCLS, perform a general-to-specific search.

In contrast, an exemplar-based approach may work better for a small disjunct than a large
one. As mentioned above a small disjunct includes many conditions, that is, many atributes are
relevant and few are irrelevant. An exemplar-based approach is sensitive to the number of relevant
atributes. Usually, the fewer irrelevant attributes, the better the approach works.

Two experiments have been conducted to confirm the above arguments. The domain consists
of 8 nominal attributes, each of which has four values. Two concepts, positve and negative, are
involved in the experiments. In the first experiment, both positive and negative concepts are
described by one disjunct. The number of artributes involved in the two disjuncts is varied, the
more attributes are involved, the smaller the disjuncts become. In the second experiment, only the
number of attributes involved in the positive concept is varied, the negative concept is simply the
complement of the positive concept. Two learning systems, an inductive learning system and an
exemplar-based learning system, were applied to learn these two concepts. The learned concepts
were tested on the test sets. The results are shown in Figure 5.2. The inductive learning system
used in the experiments is similar to CN2 and was implemented as a part in FCLS, and the
exemplar-based learning system used is similar to the Growth algorithm (Kibler and Aha, 1987).
The ratio of the number of training examples of the positive class and the number of the total
examples of the positive class is kept constant. Figure 5.2(a) presents the results of the first
experiment. Figure 5.2(b) shows the results of the second experiment. In both experiments, FCLS
was given a value 1 for MAXSTAR which is a parameter that limits the maximum search space.
When MAXSTAR is equal to 1, the search is equivalent to hill climbing.

In both Figure 5.2(a) and Figure 5.2(b), the accuracy of the descriptions generated from the
exemplar-based learning method sharply increases when the number of relevant atwributes
increases. The results are consistent with the arguments that the fewer the number of irrelevant
attributes, the better the exemplar-based approach works. A small disjunct often has more relevant
artributes, so the exemplar-based approach may work better for small disjuncts than large one. In
Figure 5.2(b), the accuracy of induced descriptions degrades very fast. This contrasts with Figure
5.2(a), where the accuracy of induced descriptions only slightly degrades. This difference can be
explained as follows. In the first experiment, the number of attributes for both concepts increases
simultaneously. When more atributes are involved in these two concepts, only a small part of the
whole event space is covered by the two concepts. Therefore, an overgeneralized disjunct does not
cause too much error.
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Figure 5.2. Variation of accuracy with the number of relevant atributes

Another advantage of replacing small disjuncts by exemplars involves a dynamic
environment in which the meaning of a concept may drift from time to time, possibly resulting in a
small disjunct gradually becoming larger. A small disjunct is generalized from a small set of
examples. When a description is generalized from examples, some information is lost, especially
when the description is generalized from a small set of examples. If exemplars are stored, instead
of small disjuncts, as descriptions, the information lost may be less. If more examples come later,
these exemplars together with new examples can be generalized to a large disjunct.

" An exemplar is a special case of a base complex and is represented in the same way as a base
complex. An exemplar is one of the most specific base complexes, and has a selector with only
one value for each attribute. In the hybrid representation reported in this section, an exemplar is
also viewed as an extended complex whose threshold is 1. Each selector of an exemplar has a
. weight, the method to compute the weight will be described in section 5.4.4. The similarity
measure discussed in the previous section (section 5.2.2) is also applied to measure the degree of
fit between an event and an exemplar.

5.2.4 Weights



Each selector of a complex is associated with a weight which reflects the degree of necessity
of the selector under the complex. Its value ranges from 0 10 es. When the weight of a selector of a
complex is equal to 0, the selector is totally irrelevant, and plays no role in the complex. This
occurs very seldom, because irrelevant attributes are often dropped during learning. When the
weight of a selector of a complex is equal to =, the selector is a necessary condition of the complex
and has to be satisfied. Except 0 and =, any other value of a selector weight reflects the relatve
importance of the selector in comparison with the other selector in the same complex. For example,
if the weight of all selectors of a complex are equal, all the selectors are equally important
regardless the value of the weights of these selectors. The importance of selectors that are in
different complexes is not comparable. Weights are computed during learning. Two weight
leamning methods will be described in section 5.4.4.

§.2.5 Threshold

In addition to weights, each extended complex is associated with a threshold that is a real
number between 0 and 1. The threshold of an extended complex defines the boundary of the
complex and is used to determine the classification of events based on the degree of fit between
events and the complex. An event is covered by an extended complex if its degree of fit to the
complex is not smaller than the threshold. '

A threshold of an extended complex partially determines the distribution of the meaning of

. the extended complex berween its base complex and the similarity measure. When the threshold of
an extended complex is equal to 1, the extended complex is equivalent to its base complex. The
extended complex with the threshold 0 covers the whole event space. The smaller a threshold of an
extended complex, the more important role the similarity measure plays in the extended complex.
The weight reflects necessity of a condition, whereas the threshold can be viewed as the definition
of the sufficiency of a group of conditions. The threshold of an extended complex is adjusted so
that the optimum performance of the complex regarding training examples is achieved during .
learning.

At first look, it scems the boundary of an extended complex defined by a threshold is
precise. In fact, it is not precise for two reasons. First, an extended complex is graded, and all
events have a degree of fit to the complex. So the classification of the events whose degree of fit is
close to the threshold is thought highly uncertain and imprecise. Second, the boundary defined by
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a threshold is further softened by applying the flexible classification method which will be
introduced in next section ( section 5.3).

§.2.6 Certainty

Each extended complex has a certainty value which is defined as the inverse of the generality
of the complex. The certainty of an extended complex is used in classifying the unseen events that
match more than one concept descriptions, such events are called multiple match events. The
certainty of an extended complex cpx C(cpx) is defined as the ratio of the logarithm of the number
of positive examples covered by cpx minus the number of negative examples covered by cpx and
the logarithm of the total event space covered by cpx.

1 + logy (PClepx) - NC(cpx))
1 +logz SC(cpx)

C(cpx) =

where PC(cpx) and NC(cpx) are the number of the positive examples covered and the number of
the negative examples covered by cpx, respectively. SC(cpx) is the event space covered by cpx.
The more space cpx covers, the greater the inductive gain (Rendell, 1986), and the less the
ceruainty.

One of the reasons r.hatsmandisjuncmmarorproneismatmeymtoogeneml.Tocom
this, Holte et al. (1989) proposed that a selective specificity should be used for small disjuncts. It
is hoped that the use of certainty can lessen the problem of small disjuncts, because a
overgeneralized complex has smaller certainty so that the less generalized complex is preferred if
an event matches two complexes. An exemplar has the highest certainty 1. |

§.2.7 Examples

To illustrate the idea of the hybrid representation described in the previous subsections, let us
consider a simple imaginary concept “R-ball” (Michalski, 1990). The meaning of the concept R-
ball is defined as three disjuncts:

(SHAPE = round) & (BOUNCES = yes) or
(SHAPE = round) & (SIZE = medium v large) or
(BOUNCES = yes) & (SIZE = medium v large)
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By using the hybrid representation introduced above, these three disjuncts merge into one extended
complex:

[SHAPE = round]: 1
[BOUNCES =yes]: 1
(SIZE = medium v large]: 1

Threshold = =§= =067

The number following a selector is the weight of the selector. The base complex:
[SHAPE = round] & [BOUNCES = yes] & [SIZE = medium v large]

represents the central tendency of the concept R-ball, all of the three selectors are equally
important. The meaning defined by the extended complex is that an object that satisfies any two or
more of the three selectors is a R-ball, otherwise it is not a R-ball. Furthermore, it tells that balls
that satisfy all of the three selectors are typical R-balls, while those which only satisfy two of the
three selectors are less typical R-balls.

Now suppose the meaning of the concept R-ball changes a little, and all R-balls xﬁust be
round. The new meaning of the concept R-ball is defined by two disjuncts:

(SHAPE = round) & (BOUNCES = yes) or
(SHAPE = round) & (SIZE = medium v large)

These two disjuncts are combined into one extended complex:

{SHAPE = round]: e
[BOUNCES = yes]: 1
[SIZE = medium v large]: 1
Threshold = 5 = 0.5

In this extended complex, the selector [SHAPE = round] is necessary, and must be satisfied by all
R-balls. The other two selectors are not necessary, and one of them must be satisfied by a R-ball.

Suppose that the attribute S/ZE is linear and the order of its values is small, medium and
large. The extended complex representing R-ball becomes:

[SHAPE = round]: o°
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[BOUNCES = yes]: |
(SIZE = large]: |
Threshold = = 0.25

Under this extended complex, the R-ball whose size is large is more typical than the R-ball whos:
size is medium. For example, let us consider the two R-balls Rbl (round yes large) and Rb?
(round yes medium). The degree of fit of Rb! and Rb2 1o the extended complex is 1 and 3/4,
respectively, so Rbl is more typical than Rb2.

§.2.8. Discussions

In the sections 5.2.2 t0 5.2.6, a hybrid concept representation based on the idea of the two-
tiered concept representation was proposed to represent flexible concept. In the previous sections,
it is simply discussed that how this hybrid representation handles the problems that flexible
concepts may cause, such as imprecise and irregular boundaries, highly disjunctive concepts,
small disjuncts, and events with different typicality. This subsection further discusses how these
problems are tackled in the proposed representation.

Before further discussion, let us first see how a flexible concept is represented in the hybrid
representation. In Figure 5.3, the area inside the irregular shape is the area covered by a flexible
concept which is represented by an extended complex (the oval in the figure) and 7 exemplars (+°s
in the figure). The rectangle inside the oval is the base complex that captures the central tendency
of the concept.

In section 5.2.7, I showed some simple examples of the representation. In this section, some
more complicated examples are given.

Let‘us first consider the simplest case: all attributes are nominal and all weights of selectors
of a complex are equal to 1. In this case, the extended complex describes a concept that has the
form “at least k of n conditions are satisfied”. Such an extended complex consists of n selectors,
weights of all selectors are equal to 1 and its threshold is k/n. This kind of extended complexes is
similar to criteria tables which are useful as a knowledge representation for expert systems,
especially in medical domains (Spackman, 1988). Such an extended complex merges n!/(k! * (n -
k)!) disjuncts.



extended complex

base complex

concept boundary

Figure 5.3: how a flexible concept is represented by the hybrid representation

The following examples was used to test the proposed representation and its associated
learning algorithm, the results from this example will be reported in section 6.2.1. In this example,
the target concept is defined by 7 conditions, of which 5 or more should be satisfied. This concept
is described by the following extended complex:

[x;=0v1]:
[x2=0v 1]:
[x3=0v1]:
[x4 =0v 1]:
[xs=0v1]:
[x¢=0v 1]
[x7=0v 1]:
Threshold =

L (L T T I

This target concept has to be represented by 21 disjuncts in a disjunctive normal form, so this
extended complex merges 21 disjuncts.

Now a slightly more complicated case is given: all arributes are nominal and the weight of a
selector may have one of two values: +ee and 1. In this case, an extended complex includes two
kinds of selectors: necessary selectors and unnecessary selectors, and all unnecessary selectors are
equally important. The weights of necessary selectors are +eo, whereas the weights of unnecessary
selectors are equal to 1. Thus, the concept described by an extended complex has the form “the m
conditons Xi,....xm must be satisfied, and at least k of n - m condidons Xm4i,.... Xq has to be
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satisfied”. xj,...,Xm are necessary conditions and Xm+1,..., Xo are unnecessary conditions.

A more complicated case is that all anributes are nominal and weighrs of selectors can be any
real value between 0 and +<e. In this case, an extended complex can represent more complicated

concepts. For cxample, the following two disjuncts:

dele

x2=1]1&[x3=1]

merge into the following extended complex:
[x1=1}:2
x2=1]:1
(x3=1]:1
Threshold = 3

The most complicated case is that all artributes are linear and weights of selectors can be any
value between 0 and +oe. Let us consider a domain which has eight linear attributes xq (1 Sn S 8)
and each atribute has four values 0, 1, 2 and 3. The target concept is described by the following
extended complex:

[(x1=0v1]):2
(x2=0v1]:2
[(x3=0v1)1
(x4=0v1]:1
[xs=0vi]:1
[xg=0v1]:1
Threshold = 3

This domain was one of the domains used in the experiments reported in next chapter. The
atributes are linear, so the concept is very complicated if it is represented as a disjunctive normal
form.

Another interesting point of the hybrid representation is that conjunctive constructive
inducdon can be applied to merge disjuncts. In a logic type representadon, oaly disjunctive
constructive induction can be applied to merge disjuncts. I show this by an exampie. Assume that a
concent C consists of two disiunets:



x1=1]&[x2=1]&[x3=1]or
[x1=1] & [x4 = 1] & [x5 =1]

These two disjuncts cannot be combined into one extended complex unless the other four
disjuncts:

[x1=11&[x2=1] & [x4 =1]
[x] =1] & [x2 =1] & [x5 =1]
x1=1]&[x3=1] & [x4=1]
[x1=1] & [x3=1] & [x5 =1]

are also included in the concept C. But after applying the following conjunctive constructive
induction rules,

[x6=1] <-- [x2 =1] & [x3 = 1]
[x7=1]<--[x4=1] & [x5=1]

two new attributes x6 and x7 are constructed and the two disjuncts merge into the following
extended complex.

[x1=1]: +ee
x6=1]:1
x7=1]:1
Threshold:%

The hybrid representation is flexible and can be dynamically adjusted during learning by
adjusting the distribution of extended complexes between their base complexes and the similarity
measure, and the distribution of a concept meaning between general descriptions and exemplars
according to the concepts to be learned. The distribution of an extended complex is adjusted by
changing its threshold, and the adjusting of the distribution between general descriptions and
exemplars is controlled by two user defined parameters which will be described in next section.
By changing the weights of the selectors, one can change the shape of an extended complex. By
changing the threshold, one can change the size of an extended complex.

At one extreme of the distribution, an extended complex is equivalent to a disjunct in DNF.
In this case, the threshold of the extended complex is 1. At the other extreme, an extended can be
viewed as an best exemplar model (or prototype). At this extreme, the base complex of the
extended compiex is diminished to a single event which is a center of a cluster. Between these two
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extremes, an extended compiex is similar to a description in probabilistic view. During learning,
the optimum distribution is decided based on characteristics of the concepts to be learned.

5.3 Concebt Recognition

During the classification of new events, each of the new events is matched with concep:
descriptions which are represented as a set of extended compiexcs and a set of exemplars to see
which concept descriptions cover the event. During learning, to evaluate intermediate hypotheses,
each of the training examples is matched with all intermediate hypotheses. This section describes
two classification (matching) methods: strict and flexible. Both methods match an event with
concept descriptions, and the result of a match between an event and a concept description is based
on the result of the match berween the event and the extended complexes and the exemplars of the
description. In both methods, an event is covered by a concept description if the event is covered
by one of the extended compiexes of the description or one of the exemplars of the description.

Because exemplars in the representation are treated in the same way as extended complexes,
these two classification methods can be applied to match an event with both extended complexes
and exemplars. In the rest of the section, we shall not distinguish exemplars from complexes, and
only describe how these two classification methods are applied to match an event with an extended
complex,

§.3.1 The Strict Classification Method

The strict classification method is very straightforward. In this method, an event is covered
by an extend complex if the degree of fit of the event to the base complex of the extended complex
is not smaller than the threshoid of the extended complex. The degree of fit between an event ¢ and
a base complex cpx is the result of the syntactic similarity measure SSM(e, cpx). The exampies
covered by applying this method are called strictly covered examples.

The coverage of an extended complex computed by applying the strict classification method
is independent of other extended complexes, so the strict method may create many no match events
that are covered by no concept descriptions, and multiple match events that are covered by more
than one concept description. No match events cannot be classified, while multiple match events
cannot be uniquely classified. The flexible classification method is proposed to classify these no
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match and multipie mach events.

§.3.2 The Flexible Classification Method

A multiple match event is covered by two or more concept descriptions, that is, its degree of
fit to two or more complexes is larger than or equal to the thresholds of these complexes. The
event is covered by several complexes, but it may be covered in different degree of fit by these
complexes. In the flexible classification method, a multiple match event is classified based on the
result of the degree of fit between the multiple match event and the base complexes of extended
complexes weighted by the certainties of extended complexes. The degree of fit of a no maich
event to all complexes is smaller than their thresholds, but some are close to thresholds, the others
are far from thresholds. In the flexible classification method, a no maich event is classified based
on the difference between the degree of fit of no match events and the thresholds of extended
complexes.

Let us first define Flexible Degree of Fit (FDF) between an event and an extended
complexes. The FDF of a muitiple match event ¢ to an extended complex cpx is the normalized
degree of fit between e and the base complex of cpx weighted by the certainty of cpx.

FDF(e, cpx) = s;s%ffx) x) - th(cpx) th(cpx) = 1
& px) = Certainty(cpx) * 1:‘:&( o) P otherwise

Where Certainty(cpx) is the dcrtainty of cpx, th(cpx) is the threshold of cpx. Because ¢ is strictly
covered by cpx, SSM (e,cpx) 2 th(cpx). Thus, the FDF of a multiple match event to an extended
complex that strictly covers the no match event is between 0 and Certainty(cpx). The FDF of a
multiple match event to an extended complex increases with the increases of the certainty of the
complex and the normalized degree of fit between the event and the complex.

The FDF of a no match event ¢ to an extended complex cpx is the normalized difference
between the degree of fit of the event and the threshold (boundary) of the extended complex.

SSM(e,cpx) - th(cpx)

FDF(e, cpx) = th(cpx)

Because ¢ is not strictly covered by cpx, SSM(e, cpx) < th(cpx) and the FDF of a no match event
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to an extended complex is between 0 (exclusive) and -1.

In the flexible classification method, an event is covered by an extended cormplex if the
Flexible Degree of Fit (FDF) of the event to the extended complex is the largest among all extended
complexes. Such events are called flexibly covered by the complex. The flexible method does not
change the classifications of the events that are uniquely classified by the strict method. The
coverage of an extended complex decided by flexible classification method is dependent on other
extended complexes. After some new extended complexes are generated, the coverage of the
existing extended complexes may change.

In Figure 5.4, the two circles represent two different extended complexes ¢px1 and ¢px2,
respectively. Each extended complex describes a different class. e represents an event. In the
figure, the events el to e6 are strictly covered by cpx1, €7 to el1 are strictly covered by cpx2. e6
and ell are multiple match events and ¢12 and el3 are no match events. Using: the flexible
classification method, e6 and e13 are classified to cpx1, and e11 and el2 are classified to cpx2.

MOM of cpx1 old of cpx2

iVl
base complex of cpx1
base complex of cpx2

CPX1 CPX2
Figure 5.4: The illustration of how the strict and the flexible classification work

In almost all conducted eiperimems. many no match and multiple match events are correctly
classified by the flexible method, the classification accuracies have been improved. The
experimental results reported in next chapter show this improvement.

The strict method is applied to decide the coverage of an extended complex during learning,
because the flexible coverage of a complex dynamically changes with the changes of other
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extended complexes. The flexible coverage of an extended complex may decrease, after some new
extended complexes are generalized. So a currently ‘good’ complex may become worse after some
new complexes are generated.

The strict coverage of an exemplar is the exemplar itself, so the strict method is not

meaningful for exemplars. No generalization is performed by the strict method. In contrast, the
flexible method performs some generalization during classificadon.

5.3.3 Categories of Examples

For each extended complex, all training examples can be divided into five categories based

on the result of the match between the examples and the complex. The examples in different
categories play different roles d}.tring learning.

1.

Strictly covered examples of a base complex: all examples in this categories are strictly
covered by the base complex of an extended complex and sarisfy all conditions of the base
complex.

. Strictly covered examples of an extended complex: the examples in this category do not

match all conditions of the base complex of the extended complex, but their degree of fit 1o
the base complex is larger than or equal t0 the threshold of the extended complex.

. Flexibly covered examples of an extended complex: the examples in this Category are not

strictly covered by the extended complex, but are covered by the flexible classification
method.

. Nearly covered examples of an extended complex: The examples in this category are not

strictly covered by the extended complex, but their degree of fit to the base complex of the
extended complex is close to the threshold. The closeness is defined by the potential
threshold PTH which will be discussed in Section 5.5. This category may intersect with
the category of the flexibly covered examples. '

. Uncovered examples of an extended complex: The examples in this category are neither

strictly covered nor nearly covered by the extended complex. This category may intersect
with the category of the flexibly covered examples.
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In Figure 5.5, €) and e are stricily covered examples of the base complex, e3 to eg are
strictly covered examples of the extended complex, and ¢7 and eg are nearly covered examples of
the extended complex.

»
~ o
o S SRRROL

Figure 5.5: Categories of examples

5.4. The Learning Algorithm

The learning strategy used in FCLS is inductive learning (learning from examples). The task
of learning a concept description in FCLS is, given a set of positive and negative examples, to
generate a set of extended complexes and select a set of exemplars such that most of the positive
examples and few negative examples are covered by the description. This section describes the
learning algorithm of FCLS, the extended complex generation algorithm, the exemplar selection
algorithm, and the weight learning algarithms, respectively.

5.4.1 The Learning Algorithm of FCLS
Figure 5.6 shows the leamning algorithm of FCLS. The purpose of this algorithm is, given a

set of concepts with their examples, to generate a disjunction of extended complexes and a set of
exemplars for each given concept to flexibly cover most of the examples of the concept and few of
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the examples of other concepts. This algorithm works in an iterative fashion. In each iteration, the
concept description that has the largest error omission is generalized by either generating one
extended complex or selecting a set of exemplars. The error omission of a concept description is
the percentage of the number of the examples of the concept that are not flexibly covered by the
descriptions. An extended complex or a set of exemplars is generated to minimize the error
omission.

FCLS provides users with two parameters: MAX-ERR-RATE and MIN-COVERAGE.
These two parameters are used as thresholds. MAX-ERR-RATE is the maximum error rate that an
extended complex may have. The error rate of an extended complex is the ratio of the number of
negative examples strictly covered and the number of all examples strictly covered by the extended
complex, and the ratio reflects the inconsistency of the complex. M/IN-COVERAGE is the
minimum fraction of all positive examples that an extended complex must cover. A MIN-
COVERAGE of 0 and a MAX-ERR-RATE of 0 will cause the algorithm to produce consistent and
complete descriptions. An extended complex is acceptable if

(1) 5‘%5' 2 MIN-COVERAGE, and

n
@7+

S MAX-ERR-RATE.

where p (n) is the number of positive (negative) examples stictly covered by the extended
complex, and pos is the total number of positive examples.

These two parameters control the distribution of the descripdon between generalized
extended complexes and exemplars. MIN-COVERAGE directly controls the distribution. Larger
MIN-COVERAGE favours exemplars, while smaller M/IN-COVERAGE favours extended
complexes. When MIN-COVERAGE = 0, no exemplar is selected. When MIN-COVERAGE = 1,
a concept description only includes exemplars unless there exists a single extended complex that
covers all positive examples. MAX-ERR-RATE indirectly affects the distribution through MIN-
COVERAGE. The larger MAX-ERR-RATE, the more negative examples can be covered by an
extended complex so that it is e3sier to generate an extended complex that covers a large number of
positive examples. MAX-ERR-RATE is also used to control the error rate produced by all
concepts descriptions. |

Each iteration of the algorithm first tries to generate an acceptable extended complex for the
concept that has the largest error omission. If it fails to generate such an acceptable extended
complex, it selects a set of exemplars. After an extended complex or a set of exemplars is
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generated, all examples that are strictly covered by the newly generated extended complex or the
newly selected exemplars are removed, and the new extended complex is added as a disjunct intn
the description of the selected concept, or the new exemplars are added as exceptions into the
description. Then the current descriptions of all concepts are reevaluated together by applying the
flexible classification method to decide the error rate of these current concept descriptions. If the
error rate of the current descripdons is not larger than the parameter MAX-ERR-RATE, the
algorithm terminates, otherwise it repeats. The error rate of a set of descriptions is the fraction of
all training examples that are not correctly classified by the flexible classificadon method. The
percentage of negative examples strictly covered by an acceptable extended complex is smaller than
MAX-ERR-RATE, so a set of descriptions of all concepts whose error rate is smaller than MAX-
ERR-RATE can be always generated and the worst case is that all examples are strictly covered by
some extended complex. Because the flexible classification method increases the coverage of
extended complexes, the final descriptions generated by applying the flexible classification method
may consists of less extended complexes and less exemplars. The non-typical or uncertain
éxamples are often flexibly covered. Because of the application of the flexible classification
method, boundaries of extended complexes defined by threshold are soft.

Let DES be empry
Repeat
Select the concept CNPT that has the largest error omission.
Generalize CNPT by
Either 1. Generate an acceptable extended complex CPX
or 2. Generate a set of exemplars EXEM
Add CPX or EXEM into DES
Until error-rate(DES) S MAX-ERR-RATE
Return DES
‘ Figure 5.6. The Learning Algorithm in FCLS

5.4.2 The Complex Generation Algorithm (CGA)
The complex generation algorithm generates the ‘best’ acceptable extended complex for a

given concept from a set of positive and negative examples, if there exists some acceptable
extended complex, otherwise it returns null. The process of generating the ‘best’ acceptable
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extended complex is divided into two phases. The first phase generates a set of base complexes
that satisfy the consistency requirement which is specified by the parameter MAX-ERR-RATE.
The algorithm of the first phase is called the Base Complex Generaton Algorithm (BCGA). The
base complexes generated in the first phase serve as the initial extended complexes whose
threshold is 1, and are optimized in the second phase to cover more positive examples throuzh
adjusting the distribution of the extended complexes between their base complexes and the
similarity measure. The Extended Complex Optimization Algorithm (ECOA) serves as the
algorithm in the optimization phase. ”

The searches in both algorithms are general-to-specific. In each step of the search, a base complex
is specialized by either adding a new selector or removing an internal disjunctive element in one of
its selectors. Because of the different purposes of the two algorithms, the specializations play
different roles in these two algorithms. The goal of the specialization of a base complex in the first
phase is to exclude more negative examples from the base complex so that the inconsistency of the
base complex is reduced, while the goal of the specialization of a base complex in the second phase
is to reduce the degree of fit of nearly covered negative examples so that the threshold of the
extended complex can be decreased to include more positive examples. In section 5.2, it is
mentioned that an extended complex can be generalized by decreasing its threshold. Decreasing the
threshold of an extended complex can be viewed as relaxing the conditions that must be satisfied.

Both BCGA and ECOA algorithms resemble the szar algorithm of AQ (Michalski, 1983) in
that both perform a general-to-specific beam search. The differences between these two algorithms
and the sigr algorithm are substantial. A major difference is that these two algorithms do not
depend on any specific examples, both positive and negative examples. The reason for not using
seeds is that the examples of a flexible concept can be divided into three types: typical, less typical
and exceptions. If seeds were used, some example which should be allowed as a less typical
example or an exception which should not be strictly covered by a base complex, might possibly
selected as a seed, and thus would necessarily be strictly covered by the base complex created as a
generalization of it. If a seed is not used, however, the space of search for a complex is larger than
the space using a seed, thus these two algorithms may not be as optimum as the szar algorithm. In
practice this does not seem to be important. For the same reason, these two algorithms do not
select any specific negative examples to specialize complexes in a partial star, instead they use
some statistical information to select atribute values to specialize complexes.

The second difference is that these two algorithms use two different criteria to evaluate the
quality and the potential quality of a complex. The quality value is used to determine the final
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extended complex generated by the complex generation algorithm and the potential quality value is
used to determine whether complexes can be improved. Two different evaluation functions are
used because a currently ‘good’ (high quality) complex may not have a potental for improvement.
These criteria will be discussed in section 3.5. The algorithms also differ from the szar algorithm in
the termination conditions used. In the star élgorithm, the set of complexes in a star are specialized
until all negative examples have been uncovered. In these two algorithms, large numbers of
negative examples may be skipped over in a single cycle, and some negative examples may remain
covered.

5.4.2.1 Phase 1: The Base Complexes Generation Algorithm

The purpose of this algorithm is to find a set of alternative base complexes which satisfy the
consistency requirement given by the parameter MAX-ERR-RATE. Figure 5.7 gives the base
complex generation algorithm. The algorithm starts with the most general base complex which
strictly covers all positive and negative events. In order to find the base complexes that satisfy the
consistency requirement, the suictly covered negative examples must be excluded from the most
general base complex.

The technique used in the algorithm is a beam search. During each cycle, the consistency of
cach base complex in STAR is tested. If the consistency is high enough, the base complex is added
to the set of CONSISTENT-CPXES and removed from STAR. Otherwise, the base complex is
specialized by removing a value from one of selectors of the complex. This specialization is
repeated for each of the selectors of the complex. The value of a selector is chosen to maximize the
number of negative examples and minimize the number of positive examples excluded from the
base complex after the value is removed. The selection criterion will be elaborated in section S.5.
This yields several new base complexes, each of which covers fewer negative examples. The new
star is the union of these newly specialized base complexes. A certain maximum number
(MAXSTAR) of these base complexes are selected for further processing. This set of base
complexes is selected based on their potential quality as evaluated by the Base Complex Potential
Quality Evaluation Function BCPQEF which will be described in section 5.5. The Algorithm
terminates with a set of base complexes whose inconsistency (error rate) is smaller than MAX-
ERR-RATE when STAR is empty. Figure 5.8(a) shows the most general base complex that the
algorithm starts with and Figure 5.8(b) shows the set of consistent base complexes that the
algorithm ends with. The set of consistent (or near consistent) base complexes generated in this
algorithm will be optimized by the extended complex optimization algorithm in the second phase.
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Let STAR be the set containing the most general complex that covers all events.
Let CONSISTENT-CPXES be empty.

Repeat |
Let NEWSTAR be empty
For each complex CPX in STAR
For each auribute
select a value to remove from CPX so that a more specific complex NEWCPX is
generated. _
if error-rate(NEWCPX) S MAX-ERR-RATE ,
then add NEWCPX into CONSISTENT-CPXES
else add NEWCPX into NEWSTAR

Let STAR be MAXSTAR complexes with the largest potential quality in NEWSTAR.
untl STAR is empty
Return CONSISTENT-CPXES

Figure 5.7: Phase 1: The Base Complex Generation Algomhm

(@ (b)
Figure 5.8: An illustration of the function of the phase 1
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5.4.2.2 Phase 2: The Extended Complex Optimization Algorithm

The extended complex optimization algorithm starts with a set of initial extended complexcs
which are the base complexes generated in the first phase by setting their threshold and weights t)
1. The goal of the algorithm is to optimize this initial set of extended complexes to cover more
positive examples by adjusting their thresholds. )

In a logic type representation, the coverage of a disjunct (complex) can be increased only by
generalizing the disjunct itself. But the base complexes generated by the base complex generation
algorithm are the most general base complexes that satisfy the consistency requirement, so they
cannot be further generalized without degrading their consistency. Fortunately, the hybrid
representation proposed in section 5.2 allows an alternative method to generalize an extended
complex. The alternative method generalizes an extended complex by decreasing its threshold. In
order to decrease the threshold of an extended complex without causing the increase of
inconsistency, the nearly covered negatdve examples have to be moved further to the boundary
(threshold) of the extended complex. In other words, the degree of fit of nearly covered negative
examples must be reduced so that the threshold of the extended complex can be decreased without
covering new negative examples. The way to reduce the degree of it of nearly covered negative
examples is to select some values of selectors to remove from the base complex. The values
selected should occur on many nearly covered negative examples and few nearly covered positive
examples. Thus, the process of optimization of an extended complex is the process of further
specialization of its base complex and adjustment of its threshold.

The optimization of an extended complex can be viewed as finding the optimum distribution
of the extended complex between its base complex and the similarity measure. The generality of
the base complex together with the threshold decides this distribution. The more general the base
complex, the greater the fraction of the examples covered by the corresponding extended complex
are strictly covered by the base complex. The smaller the threshold, the smaller fraction of the
examples covered by the corresponding extended complex are strictly covered by the base
complex. If the threshold of an extended complex is 1, all examples strictly covered by the
extended complex are strictly covered by its base complex, the extended complex is equivalent to
its base complex. On the other hand, the base complex may be specialized to an exemplar, almost
all examples covered by the extended complex are not strictly covered by the base complex. During
the process of optimization, the base complexes of the initial extended complexes are gradually



specialized, at the same time their thresholds are gradually decreased. So the process shifts the
concept meaning from the base complex to the similarity measure until the optimum distribution is
achieved.

The extended complex optimizaton algorithm is similar to the base complex generation
algorithm in the sense that it performs a general-to-specific search during the process of
optimization. However, the goals of the two algorithm are different. The goal of the base complex
generation algorithm is to generate a set of nearly consistent base complexes, whereas the goal of
the extended complex optimization algorithm is to find the ‘best’ extended complex. Because of the
different goals, there are several differences between the two algorithms. The major difference
involves the negative examples that the two algorithms try to exclude. The base complex
generalization algorithm reduces the number of negative examples strictly covered by the base
complex, whereas the extended complex optimizadon algorithm reduces the number of nearly
covered negative cxa:hples of the extended complex. This difference is reflected in the potential
quality evaluation functions and the attribute value selection criteria used in the two algorithms.
The potental quality of a base complex is computed based only on the examples strictly covered by
the base complex, while the potential quality of an extended complex is computed based on the
examples strictly covered by the extended complex as well as the examples nearly covered by the
extended complex. In the base complex generalization algorithm, the attribute value is selected to
specialize a base complex so that as many as strictly covered negative examples are excluded from
the base complex as possible, while in the extended complex optimization algorithm, the atribute
value is selected to specialize the base complex of an extended complex so that the degree of fit of
nearly covered negative examples are reduced as much as possible.

Figure 5.9 shows the extended complex optimization algorithm. The input of the algorithm is
a set of initial extended complexes that are equivalent to the base complexes generated by the base
complex generation algorithm. The algorithm first optimize each of the initial extended complexes
by computing its new weights and new threshold. In section 5.4.4, two different weight learning
algorithms will be introduced. The threshold of an extended complex is determined so that the
‘best’ quality of the complex is achieved. The STAR is initalized as the MAXSTAR complexes
with the highest potential quality. These MAXSTAR complexes are selected from all inital
extended complexes. The potential quality of an extended complex is evaluated by the Extended
Complex Potential Quality Evaluation Function ECPQEF which is different from BCPQEF used to
evaluate the potential quality of a base complex and will be defined in section 5.5. Then the ‘best’
acceptable extended complex is selected from the set of optimized initial extended complexes as the
initial ‘best’ complex. This ‘best’ extended complex is subject to replacement by a better extended
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complex during the process of optimization. After the algorithm terminates, the ‘best’ acceptable
extended complex is the extended complex generated by the complex generaton algorithm. The
‘best’ extended complex is the complex with the highest quality which is evaluated by the Quality
Evaluaton Funcdon (QEF) which will be defined in section §.5. If no acceptable extended
complex can be generated, BEST-CPX is empty when the algorithm terminates.

Like the base complex generation algorithm, the algorithm repeats the beam search undl the
stop condition is satisfied. In each cycle of the loop, a set of new extended complexes is generated.
Each newly generated extended complex is evaluated by two function: QEF and ECPQEF. The
acceptable complex with the highest value of QEF replaces BEST-CPX, if its value of QEF is
larger than or equal to BEST-CPX’s. The complexes which have no value to be improved or
cannot be improved are removed from NEWSTAR. Two kinds of complexes, the most specific
complexes and the complexes with 0 potential improvement, cannot be improved. The most
specific complexes are events in event space, they cannot be further specialized. The complexes
with very low quality (comparing with BEST-CPX) have no value to be improved. Issues about
the potential improvement will be discussed in section 5.5. The MAXSTAR new extended
complexes are selected for further improvement. MAX-TRIES is an integer parameter which
controls the execution of the loop. If BEST-CPX has not been improved in MAX-TRIES steps,
the algorithm stops. :

The algorithm uses maximum specificity criterion rather than maximum generality criterion in
generating an extended complex. The algorithm prefers a more specific complex over a more
general one when these two complexes have equal quality. In other words, when two complexes
have the same quality, the algorithm selects the one that has higher certainty. The advantages of
using maximum generality criterion is that the descriptions generated have larger predictive power
and are simpler. The major disadvantage of the most general descriptions is that they are less
certain. On the other hand, the descriptions generated under maximum specificity criterion are
often too specific to predict unseen events. In this algorithm, the most specific descriptions are
generated to maximize the certainty of descriptions, and the predictive power lost is recovered by
applying the flexible classification method. The events strictly covered by these descriptions are
more certain than the events flexibly covered.

Figure 5.10(a) shows the initial extended complexes that the algorithm starts with and Figure
5.10(b) shows the extended complex that the algorithm ends with. In Figure 5.10(b), the circle is
the extended complex, and the square inside the circle is its base complex. It can be seen that the
base complex in Figure 5.10(b) is more specific than the two base complexes in Figure 5.10(a),
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but the extended complex is more general than both of the two inidal extended complexes that are
equivalent to the base complexes.

For each complex CPX in CONSISTENT-CPXES (generated in Phase 1)
Compute the weights and threshold for CPX
Let STAR be MAXSTAR complexes with the highest potendal quality in CONSISTENT-CPXES
If there exist some acceptable complexes in CONSISTENT-CPXES
then let BEST-CPX be the acceptable complex with the highest quality
else let BEST-CPX be empty
Let NO-IMPROVEMENT be 0

Repeat
Let NEWSTAR be empty

For each complex CPX in STAR
For each atribute
select a value to remove from CPX to generate a new complex NEWCPX
compute the weights and threshold for NEWCPX
if NEWCPX is acceptable and has equal or higher quality than BEST-CPX
then replace BEST-CPX by NEWCPX
set NO-IMPROVEMENT 10 0
else add 1 to NO-IMPROVEMENT
add NEWCPX into NEWSTAR

Remove all complexes that cannot be improved from NEWSTAR
Let STAR be MAXSTAR complexes with the largest potential quality in NEWSTAR.

until NO-IMPROVEMENT > MAX-TRIES or STAR is empty
Return BEST-CPX

Figure 5.9: Phase 2: The Extended Complex optimization algorithm

@ - ®
Figure 5.10.: An illustradion of the function the phase 2
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5.4.3 Exemplar Selection Algorithm .

When the complex generation algorithm fails w0 generate an acceptable extended complex fo-
a selected concept, all remaining uncovered examples of the concept are widely dispersed in the
event space. It is dangerous to generalize these dispersed examples. To not lose the coverage of
these examples, an exemplar based learning algorithm is applied to them. The algorithm of
selecting exemplars is similar to the best model algorithm (Kibler and Aha, 1987). All examples of
the selected concept that are not correctly classified by the current concept description are the
candidates for exemplars. All exemplars are selected from these candidates. It first selects a
candidate as an exemplar, then it reclassifies all remaining candidates and removes all correctly
classified candidates., The algorithm repeats the process of selecting a candidate and removing all
correctly classified candidates until no more candidate exists. The flexible classification method is
used to classify candidates. After some other concepts are generalized, previously correctly
classified examples of the selected concept may no longer be correctly classified. For this reason,
the exemplar selection algorithm may be executed several times for one concept, with new
exemplars selected for each execution.

It is straightforward to combine the inductive leaming approach with the exemplar-based
approach in the hybrid representation. Because of the similarity measure, an extended complex can
be viewed as an abstract exemplar, and an exemplar can be treated as an extended complex.

5.4.4 Weight Learning

In the hybrid representation described in section 5.2, each selector of an extended complex is
associated with a weight which is the degree of necessity of the selector in the extended complex.
A weight is a real value ranging from 0 to +ee. A 0 weight means the selector is irrelevant, and a
+ee weight means the selector is necessary. The larger a weight of a selector, the more necessary
the selector. The weights of an extended complex are decided during learning. Each time an
extended complex is generated, its weights are computed. In this section, two alternative methods
for weight learning are discussed. One is based on counting the number of positive examples and
negative examples that do not satisfy a selector. The other is based on the degree of fit of positive
and negative examples that do not satisfy a selector. Both methods have been implemented in
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FCLS.

5.4.4.1 Weight learning by counting unmatched examples

This method is similar to the method to compute Logic Necessity (LN) in STAGGER
(Schlimmer, 1987). In computing the weight of a selector, the method counts the number of
positive and negative éxamples that do not match the selector. This weight learning method is
called count-based weight learning method. In the count-based method, the weight of the selector
SEL w(SEL) is computed as follows: :

p(unmatched | NEG)
W(SEL) = p(unmatched | POS)

where p(unmatched | NEG) and p(unmatched | POS) are the fraction of positive and negative
examples which do not match with SEL. w(SEL) ranges from 0 to +es. When the selector SEL is
satisfied by all positive examples, p(unmatched | POS) = 0 so that w(SEL) = +ee and the selector
SEL is necessary. When the selector SEL is satisfied by all negative examples, p(unmatched |
NEG) = 0 50 that w(SEL) = 0 and the selector is totally unnecessary. This case occurs seldom,
because such a selector is usually removed in the process of complex generation. The fewer
negative examples satisfy the selector SEL, the larger p(unmatched | NEG) and w(SEL). The more
positive examples satisfy the selector SEL, the smaller p(unmatched | POS), therefore the larger
w(SEL). :

The count-based weight learning method is simple and easy to be implemented. But it has a
problem. The weight of a selector of an extended complex is the degree of necessity of the selector
in the extended complex, the same selector occurring in two different complexes may have
different degree of necessity in these two complexes. For example, suppose that the concept ‘good
job’ is defined by two disjuncts: high-pay & interesting, and high-pay & good-location. If one
cares more location than interesting, then high-pay in the disjunct high-pay & good-location should
be less important than it is in the disjunct high-pay & interesting. The weights of a selector is
always same regardless of complexes when it is computed by the count-based weight learning
method.

Events of a concept may form several clusters. Events in different clusters have different
reasons for being events of the concept, therefore the principles behind different clusters of a
concept are different. In the hybrid representation described in this chapter, ideally each of the



clusters is represented by one extended complex. The weights of an extended complex should be
computed based on only the examples of the cluster that the extended complex describes. Next
subsection proposes an alternative weight learning method to tackle the problem.

5.4.4.2 Weight learning using degree of fit of unmatched examples

In the previous section, it is argued that the weights of an extended complex should be
computed solely based on the examples from the cluster that the extended complex describes.
Unfortunately it is not known in advance which examples form the cluster. In the following a
method called degree-of-fit-based (df-based) weight learning is proposed. It is hoped that the
method can partially solve the problem of the count-based weight leaming method.

In df-based weight learning method, the weight of a selector SEL of an extended complex
'CPX w(SEL, CPX) is computed based the degree of fit of all examples (both positive and
negative) that do not satisfy SEL to the complex CPX. The examples with larger degree of fit
contribute more to w(SEL, CPX) than the examples with smaller degree of fit, because the
examples with larger degree of fit have larger chance to be covered by the extended complex CPX,
that is they have larger chance to belong to the cluster described by the complex. Also, because
examples with larger degree of fit are more typical, more typical examples should contribute more
than less typical exampies. The examples with 0 degree of fit contribute nothing to w(SEL, CPX),
because they are far from CPX and have little chance to belong to the cluster described by CPX. In
df-based weight learning method, w(SEL, CPX) is computed as follows:

N(SEL, CP
W(SEL, CPX) = B(Ser Gox)

¥ SSM(ne, CPX)
nee ~SELENEG
3 SSM(ne, CPX)
nes NEG

3 SSM(pe, CPX)
pee - SEL&POS
T55M(pe, CPX)
pee POS

N(SEL, CPX) =

P(SEL, CPX) =

The basic idea of the method is the same as in the count-basea method, the difference is that
the number of unmatched (all) positive (negative) examples is replaced by the summation of degree
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of fit of these unmatched (all) positive (negative) examples. In general, the following arguments
are still true. The fewer the negative examples that satsfy the selector SEL, the larger w(SEL,
CPX) and the more necessary the selector. The more positive examples satisfy the selector SE.,
the larger w(SEL, CPX) and the more necessary the selector. In addition, the larger the degree f
fit of the positive examples that do not satisfy the selector, the smaller the w(SEL, CPX), and the
larger the degree of fit of the negative examples that do not satisfy the selector, the larger the
w(SEL, CPX). The arguments could be explained as follows. Positive examples with small degree
of fit may not belong to the cluster that the extended complex describes, they should be counted
less for the weights of the complex. The positive examples with large degree of fit are very typical
examples, the selector that is not satisfied by many typical examples is less important. The
negatve examples with large degree of fit are near miss examples, the selector that distinguishes
near miss examples from positive examples is more important.

The df-based weight learning method is expected to improve the performance over the count-
based method. However, this improvement in performance is brought at the price of greater
complexity and slower speed.

5.5 Concept Evaluation and Attribute Value Selection

The evaluation function (or preference criterion) that evaluates concept descriptions plays an
important role in all learning systems, especially inductive learning systems. Without the
evaluatgon functions, these learning systems would lack the means for deciding which of the many
alternadve candidate descriptions should be chosen. This section discusses the evaluation functions
used in FCLS.

In most concept learning systems, the problem of learning can be viewed as a problem of
search for the 'best’ solutions (concept descriptions). Because of the complexity of brute force
search, all leaming systems search the description space heuristically. Therefore, an evaluation
function is needed to decide one or more intermediate hypotheses for further improvement. Such
intermediate hypotheses should have potential for improvement. And also an evaluation function is
needed to determine the best description that is the final solution of the search, when the search
algorithm terminates. Therefore, two evaluation functions are necded, one to determine which
intermediate hypotheses have potential for improvement, the other to determine which description
is currently best. Most current inductive learning systems use one cvaluation function for both
purposes. It means that a good description always has great potential for improvement.
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Unfortunately this is not always true. In both section 5.5.2 and section 5.53, some examples will
be given to show that 2 good description may not have potential for improvement.

In FCLS, two different evaluation functions are used for the two purposes mentioned above.
One is used to evaluate the quality of a description, another evaluates the potental quality of a
description. The description with the highest quality is the best description, while the descripdon
with the highest potential quality has the greatest potential for improvement. As we presented in
section 5.2, a description is expressed as a disjunction of extended complexes. In the the leamning
algorithm, each extended complex is generated independent of the others, so the problem of
evaluating a description becomes the problem of evaluating the complexes of the description.
Thus, the evaluation functions introduced in this section evaluate complexes. The evaluation
function that evaluates the quality of a description is called Quality Evaluation Function (QEF). The
potential quality evaluation function consists of two subfunctions. The first evaluates the potental
quality of a base complex and is called Base Complex Potential Quality Evaluation Function
(BCPQEF), and the second evaluates the potential quality of an extended complex and is called
Extended Complex Potential Quality Evaluation Function (ECPQEF). BCPQEF is used in the base
complex generation algorithm, while ECPQEF is used in the extended complex optimization
algorithm. In the following subsections, these three evaluation functions QEF, BCPQEF and
ECPQEF are defined. In the final subsection, the heuristics used to select the atribute values for
specialization are discussed. '

5.5.1 The Quality Evaluation Function: QEF

The problem of evaluating description is not new to empirical learning systems, and a
number of measures have been developed in the past. Some of them concentrate solely on the
aspects of completeness and consistency (¢.g. Mitchell, 1978). Other measures include additional
criteria, such as the simplicity and cost of using the leamned descriptions (Michalski, 1973).
Broader aspects of the problem of deciding what should be included in evaluation functions for
judging competing inductive hypotheses are discussed in (Mitchell, 1980; Michalski, 1983;
Utgoff, 1986).

As in most inductive learning systems, the main concern of the quality of an extended
complex is its completeness and consistency with regard to the training examples. The relationship
between completeness and consistency is not very obvious and varies from one domain to another.
But in general, one can gain completeness of an extended complex at the expense of consistency,
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or one can gain consistency by sacrificing completeness. They are two competing criteria. For this

reason, QEF is defined as the product of these two pans: normalized completeness and normalized
consistency.

QEF(cpx) = NCOM(cpx) * NCON(cpx)

! if MIN-COVERAGE =1 and 5%;: 1
NCOM(cpx) = 0 if MIN-COVERAGE =1 and p{—s <1
2 . MIN-COVERAGE

OS .
max { 1- MIN-COVERAGE 0} otherwise

1 if MAX-ERR-RATE = 0 and == = 0
- NCON(cpx) = 0 if MAX-ERR-RATE = 0 and 53— > 0
MAX-ERR-RATE - —=

+ n .
Max " 3fAX-ERR-RATE ' 0) otherwise

Where pos represents the total number of positive examples. p and n are the number of positive
and negative examples strictly covered by the extended complex cpx, respectively.

The first part of QEF, NCOM, represents the completeness of the complex. The more
positive examples covered, the larger NOCOM. When the completeness of an extended complex is
not larger than the pérameter MIN-COVERAGE, the extended complex is not acceptable, its
NCOM is equal to 0, so is QEF. NCOM also indirectly measures the simplicity of a description,
because the more positive examples an extended complex covers, the less extended complexes are
required to describe a concept.

The second part of QEF, NCON, represents the consistency of an extended complex. The
less negative examples covered, the larger NCON. When the inconsistency of an extended
complex is not smaller than the parameter MAX-ERR-RATE, the complex is not acceptable, its
NCON is equal to 0, so is QEF. The quality of an acceptable extended complex is larger than 0.

In FCLS, concept descriptions are graded, and the result of a match between an example and
an extended complex is a value between 0 and 1, called the degree of the fit between the example
and the base complex of the extended complex. The higher the degree of fit, the more typical (or
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certain) the example. Many real world concepts have central tendencies (centers), the probability
that an example belongs to a concept decreases with the increase in the distance between the
example and the center of the concept. The centers are represented by base complexes. The degree
of fit between an example and a base complex is decided by the distance between the example and
the base complex, therefore the examples with less degree of fit are more possible w be negative
examples than the examples with larger degree of fit. Furthermore, the boundary examples have
more chance to include noisy information, and learning algorithms are more sensitive to noise
included in boundary examples. The noise included in boundary examples may change the the
concept that the examples belong, while the noise occurring in typical examples may only the
typicality of the examples.

When inconsistency is allowed for an extended complex, the complex may cover some
negative examples. From the above discussion, it can be derived that most of the covered negative
examples of an extended complex should stay around the boundary, few are in the center of the
concept. Therefore, an inconsistent extended complex that covers negative examples with lower
degree of fit is preferred over an inconsistent extended complex that covers negative examples with
higher degree of fit. In other words, given two complexes with the same number of positive and
negative examples covered, the one that covers the negative examples with lower degrees of fit is
better than the one that covers the negative examples with higher degrees of fit. In order to reflect
this preference, the inconsistency is replaced by Weighted Inconsistency (W) in

pP+n
NCON(cpx). In the Weighted Inconsistency of an extended complex, the negative examples
covered are weighted according to their degree of fit to the complex, the larger degree of fit, the
larger weight of the negative examples. The Weighted Inconsistency of an extended complex CPX

is computed as follows:
WNC(CPX
WICFX) =WPFC(CPX) + WNC(CPX)

WPC(CPX)= __ TW(p;, CPX)
pi €CPX & POS

WNC(CPX) = 3IW(n;, CPX)
n; eCPX & POS

W -0 MG RO,

In WI(CPX), WPC(CPX) and WNC(CPX) are the Weighted Positive Coverage of CPX and-
Weighted Negative Coverage of CPX, respectively. p; (nj) are all positive (negative) examples that
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strictly covered by CPX. W(e, CPX) is the weight of the covered example e.

‘—J——%—L—MSM e{,c ;( 1;}?; CPX) is the normalized degree of fit of the example e. Because ¢ is

strictly covered by CPX, SSM(i’_ﬁiz%;g(CPx) is larger than or equal to 0. ¢ is a constant

between 0 and 1, in the current implementaton of FCLS, ¢ is set to 0.2. The weight of ¢ W(e,
CPX) ranges from ¢ to 1. W(e, CPX) increases with the increase of SSM(e, CPX). When SSM(e,
CPX) = 1, W(e, CPX) = 1. When SSM(e, CPX) = th(CPX), W(e, CPX) = c. The Weighted
Inconsistency WI(CPX) increases with an increases in the number of negative examples covered
and an increase in the degree of fit of the negative examples covered.

5.5.2 Base Complex Potential Quality Evaluation Function: BCPQEF

Before describing the details of BCPQEF, let us first discuss the potential quality of both
base complexes and extended complexes. The potential quality of complexes is used to decide
whether a complex is worth being improved or not, whether a complex can be improved or not and
how much a complex can be improved. Based on the potential quality of complexes, both the base
complex generalization algorithm and the extended complex optmization algorithm determine
which complexes should be selected for further improvement. The potential quality of a complex
consists of two parts: current quality and potential improvement. Current quality is similar to the
quality which concerns about the completeness and consistency of a complex, while the concem of
potential improvement is how much improvement can be achieved on the base of current quality of
the complex. The current quality of a complex measures the worthiness of the improvement of the
complex. The potential improvement measures how much the complex can be improved. The
complex with low current quality is not worth being improved even it has high potental
improvement, while the complex with low potendal improvement has little reason for further
improvement.

In evaluating the potendal quality of a base complex, only the examples strictly covered by
the base complex are considered. The current quality of a base complex is computed based on the
number of positive and negative examples strictly covered by the base complex. The potential
improvement of a base complex is computed based on the distribution of the positive examples and
negative examples inside the base complex. Some distributions make a base complex much easier
to be improved than the others. For examples, Figure 5.11, shows two complexes CPX1 and
CPX2, which cover the same number of positive and negative examples, they have the same



current quality. But CPX1 is much easier to be improved than CPX2, because the positive

examples covered by CPX2 are scattered, while the positive examples covered by CPX1 are very
concentrated.

xl A x1 A
+ + + + + + - -
+ + + + + + + +
- - - - - = 4+ +
CPX1 x2 CPX2 x2
»- .
(@) (b)

Figure. 5.11: Dlustration of the difference
between the quality and potential improvement of base complexes

The base complex potential quality evaluation function of the complex cpx is defined as a
product of two parts:

BCPQEF(cpx) = P—%; * PLAC(cpx)

where p and pos are the number of positive examples strictly covered by cpx and the number of all -
positive examples, respectively. p'%i is the completeness of cpx. PLAC, Probabilistic Looking-

Ahead Criterion, concerns two aspects: consistency and the distribution of positive examples and
negative examples inside the base complex cpx. The rest of the subsection defines PLAC(cpx).

Consider the base complex cpx represented as:
[Ay=v1 V.. VVIm]l & ... & [Ap=vn1 V ... V vinm]

which includes selectors for all attributes, both relevant and irrelevant. The selector of an irrelevant
atribute includes all values of the attribute. For each arribute A; (1 S1i S n), its relevance R(AD is
computed as follow:

985



R(Ap= T p(Ai=vilpos) * p(poslA; = vik)

k‘lu.lm

where pos represents the set of all positive examples strictly covered by cpx. The larger the
conditional probability p(poslA; = vi), the fewer the negative examples that share the value vi. If
the probability is equal to 1, all examples with A; = vix are positive examples. If the probability is
0, all examples with A; = vix are negative examples, so the removal of the pair A; = v from cpx
only reduces the number of negative examples covered. This probability is also used to select
attribute values for specialization. p(poslA; = vi) is weighted by the conditional probability p(A; =
viklpos). The larger p(A; = vix/pos), the greater the proportion of positive examples sharing the
value vi.

The R(A)) value of a cpx ranges from the consistency of cpx (the ratio of the number of
posidve examples covered by the base complex and the number of examples covered by the base
complex) to 1. We can see that R(A}) of a base complex is dependent on the consistency of the
base complex which is the smallest value of R(Aj). When all p(posiA; = vg) & = 1, ..., im) are
equal to the consistency of the complex, all positive and negative examples are equally distributed
over all values of the atribute A; and R(A;) has the smallest value: the consistency of the base
complex. When all p(posiA; = viy) (k = 1, ..., i) are equal to either 1 or 0, both positive and
negadve examples are highly concentrated and R(A) = 1. For an atribute whose R value is 1, one
can obtain a consistent complex by removing all of its values whose probability p(posiA; = viy) is
equal to 0 without losing any coverage of positive examples.

Generally speaking, when all positive and negative examples are scattered on all values of an
atribute Aj, R(Ap has a small value, and when all positive and negative examples are concentrated
on some of the values of an attribute A;, R(Ap has a large value. So R(Aj) reflects the relevance of
the attribute A; in the complex cpx. The larger value of R(A;), the more relevant the attribute.

“When all R(A;j) (1 £1i S n) of a base complex are equal to the consistency of the base
complex, the positive examples covered by the base complex are very dispersed and the complex is
very difficult to improve. When some of R(A;) have larger value, the complex is easier to improve.
When one R(A)) is equal to 1, the complex can be improved to be consistent without losing any
positive coverage. The difference between the consistency of a base complex and its R(A;) reflects
the potential improvement of the base complex. The larger the difference, the more potendal
improvement. R(A;) of a complex is also dependent on the consistency of the complex. R(A;) of a
complex with higher consistency is more likely to have a larger value than an R(A)) of a complex
with lower consistency. R(A}) of a consistent base complex is always equal to 1. A consistent base



complex has no potential improvement, because it cannot be improved.

The Probabilistic Looking Ahead Criterion (PLAC) is defined using the relevance of
artributes R(AD. In the base complex generation algorithm, a base complex is specialized in order
to achieve greater consistency, and reduce its completeness as little as possible. A base comp. ex
with highly concentrated covered positive examples are highly and high consistency has hith
potential quality, that is a base complex with some very large R(Aj) has high potennal quality.
Following, three definitons of PLAC(cpx) are introduced.

First, PLAC(cpx) can be defined as the average of R(A) on all attributes.

PLAC(cpx) = Z 3

The base complex with 2 higher average value has a higher potential quality. The problem with this
definition is that it is too sensitive to irrelevant attributes. If many of the atwributes are irrelevant,
the average will be very low even some auributes are highly relevant. For instance, if one of R(Aj)
is equal to 1, and the others have very low R(Aj), the average is very low. The base complex,
however, has very a large potential improvement, because it can be improved to a consistent
complex without loss of any completeness.

Second, one can take the probabilistic sum of all R(A;). The probabxhsuc sum of R(A}) and
R(A32) is defined as follows:

PLAC(cpx) = R(A) + R(A2)- R(A]) *R(A2)

The advantage of the probabilistic sum is that if one of R; is equal to 1, the resuit of the
probabilistic sum is equal to 1 t00. This method stll suffers when there exist many irrelevant
attributes. When a large number of attributes are present in a complex, the result of the above
formula is always close to 1. One way to overcome the problem is to set a threshold for
probabilistic sum. If the value of R(A)) is less than the threshold, it is set to 0.

The simplest method is that only the largest R; is taken into account. This method is called
one step looking-ahead. It is the method that is currently implemented in FCLS.

PLAC(cpx) = Max(R))

It is mentioned at the beginning of the section that the potential quality consists of two parts:
current quality and potential improvement. These two parts are not explicitly expressed in the



above formula. The value of PLAC(cpx) ranges between the consistency of the base complex:

FE_'E and 1, so the potential quality of a base complex cpx can be decomposed as follows:

o 5 s ¥ PLACKpn) - =2

The first part of the decomposed formula, 1-3%; * 3{—; is the current quality and the second part
can be thought as the potential improvement.

5.5.3 Extended Complex Potential Quality Evaluation Function: ECPAEF

The extended complex potental quality evaluation function ECPQEF evaluates the potential
quality of an extended complex and is used in the extended complex optimization aigoﬁthm. The
goal of this algorithm is to increase the coverage of positive examples of extended complexes
through decreasing the threshold of the extended complexes. The uncovered positive examples that
most probably become covered are the nearly covered positive examples. The more nearly covered
positive examples an extended complex has, the higher the potential improvement of the extended
complex. If all nearly covered examples of an extended complex are negative, the extended
complex is surrounded by negative examples and has no potential improvement. The potential
improvement of an extended complex is computed based on the nearly covered examples which
will be defined more precisely later. The current quality of an extended complex is computed based
on the examples strictly covered by the extended complex.

In Figure 12, inside circles are thresholds of the two extended complexes, and the outside
circles are the potential thresholds of the two extended complexes. The potental threshold of an
extended complex is used to decide nearly covered examples. All examples between threshold and
potential threshold are nearly covered examples. Potental threshold will be defined later. + and -
are positive and negative examples, respectively. In this figure, CPX1 has higher current quality
than CPX2, but has little potential improvement, since it is surrounded by negative examples. In
contrast, CPX2 has lower current quality, but has larger potendal improvement.

Before presenting the evaluation function, I first precisely define nearly covered examples.
To do this, the potential threshold of an extended complex cpx PTH(cpx) is introduced first. The
potential threshold is defined by:

PTH(cpx) = TH(cpx) - n * ADS(cpx)
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where TH(cpx) is the threshold of cpx, and n is a positive integer. The larger the value of n, the
greater number of nearly covered examples. If n is too large, all examples become nearly covered
examples. If n is too small, only few examples are nearly covered. The experimental results show
that 2 is a reasonable number for n. ADS(cpx) is the Average Decrease of the degree of fit between
examples and the base complex of cpx on all possible specializations of the complex. Eaca
specialization of a complex decreases the degree of fit of some examples. Suppose the value i or
atribute A is removed from the base complex of an extended complex, the degree of fit between all
examples with the value i of atribute A and the base complex decreases. The amount of decrease is
the ratio of the weight of the selector whose corresponding attribute is A and the possible largest
distance MAXDIS(cpx) which was introduced in section 2 of this chapter. This amount of
decrease is only an approximation because the weights of all selectors change after the
specialization is done. ADS(cpx) is computed as follows:

ADS(px) = £ yaxpiter *
Where wi (1 SiSm)is the weight of the selector i in cpx, m is the number of selectors in cpx.

Nearly covered examples of an extended complex cpx are all examples whose degrees of fit
to the base complex of cpx are smaller than TH(cpx) and larger than or equal to PTH(cpx).

threshold threshold
patential patential
threshold threshold
CPX1 CPX2

Figure 5.12: lllustradon of the difference between
the current quality and potentdal improvement of complexes in phase 2




The potential improvement of an extended complex is evaluated from nearly coversd
examples of the complex. The more positive nearly covered examples, the higher potential
improvement. Each of the nearly covered examples is associated with a value that ranges from (.5
to 1. This value is used in evaluating the potential improvement Examples closer to threshold gt
larger value than examples further from threshold, because the nearly covered examples closer 10
threshold have more chance to become covered examples than the examples farther from threshold.
The value of all covered examples can be considered as 1. Thus, most of the nearly covered
examples get a smaller value than covered examples. This is reasonable, because nearly covered
examples only have a chance to become covered, but they are not covered yet. The extended
complex potential quality evaluadon function ECPQEF of the complex cpx is defined as:

PClepx) o ____ PC(cpx)
pos  PC(cpx) + NC(cpx)

PC(cpx) =p + z VNC(ncpu cpx)
ncp; € nearly-covered& PO
NC(cpx)=n+ 3 VNC(ncn;, cpx)

ncn; enearly-covered & NEG

PC(cpx) and NC(cpx) are the positive coverage and negative coverage of cpx. The positive
coverage is the sum of two parts: the number positive examples covered and the sum of the values
of all nearly covered positive examples. The negative coverage is the sum of the two
corresponding parts. This evaluation function is similar to the quality evaluation function, the
difference is that the number of positive and negative examples in the quality evaluation function is
replaced by the positive and negative coverage. VNC(ncp;, cpx) and VNC(ncn;, cpx) are the value
of the nearly covered positive example ncp; and the nearly covered negative example ncn;,
respectively. pos is the total number of positive examples. p and n are the number of positive and
negative examples covered by the complex, respectively.

The value of a nearly covered example e of the extended complex cpx VNC(e, cpx) is
computed as follows:

« TH(cpx) - SSM(e, cpx)
VNC(e, cpx) = 1 - 0.5 *=q(cpxy - PTH(cpx)

100



SSM(e, cpx) is the degree of fit of the example ¢ to the complex cpx. because ¢ is a nearly covered
example, PTH S SSM(e, cpx) < TH. '

5.5.4 The Criterion for Selecting Specialization Operations

In both the base complex generatdon algorithm and the extended complex optimization
algorithm, a general-to-specific beam search is performed. In each step of the specializaton
process, some systems, ¢.g. CN2 (Clark and Niblett, 1989), generate and evaluate all possible
specializations of a complex. This approach increases the complexity of the learning algorithm
dramatically when the domains of some arttributes are very large. FCLS does not generate all
possible specializations, instead it selects one value for each attribute as the specialization
operations of a complex.

Because the purposes of the specializations in the base complex generation algorithm and the
extended complex optimization algorithm are different, the criteria for selecting the specialization
operations are different. We first introduce the criterion used in the base complex generation
algorithm. The specialization of a base complex in this algorithm twies to reduce the number of
negative examples strictly covered by the base complex as much as possible and the number of
positive examples strictly covered by the base complex as few as possible. Therefore, the value of
an artribute that appears the most frequently in the negative examples strictly covered by the base
complex and the least frequently in the positive examples strictly covered by the base complex is
selected as one specialization operation of the base complex. Specifically, the value vy of the
auribute A; with the smallest conditional probability p(poslA; = vix) is selected. Where pos is the
set of all positive examples strictly covered by the base complex.

In the extended complex optimization algorithm, the criterion is more complex. The purpose
of specialization of an extended complex is to remove nearly covered negative examples as much
as possible and just covered positive examples as few as possible. Just covered positive examples
of a extended complex are the examples that are covered by the complex and near the threshold. As
nearly covered examples, each of the just covered examples is also associated with a value ranged
from 0.5 to 1. It is computed in a similar way as nearly covered examples.

SSM(e, cpx) - TH(cpx)

VICe, cpx) = 1 - 0.5 *“yrenyy - PTH(cpx)

The reason that a value is assigned to each just covered example is stated below. When a base
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complex is specialized by removing a value of an atribute, the degree of fit of all examples that
have this value is reduced. If such examples are just covered, it is very possible that their degree of
fit drops below the threshold so that they are excluded from the extended complex. The just
covered examples whose degree of fit is closer to the threshold are more likely to be excluded from
the extended complex during the specialization.

The best value of an attribute for specialization is the value that appears in many nearly
covered negative examples and few just covered posidve examples. Specifically, for each atribute
A, the value v; is selected which has the smallest result of the formula

—SPi
Spi + snj’
Where spj is the sum of the value of all nearly covered and just covered positive examples which

have the value vj, sn; is the sum of the value of all nearly covered and just covered negative
examples which have the value i.

5.6 Unknown Attribute Values

In real-world applications it is not unusual to encounter examples, some of whose attribute
values are not known. Unknown values influence the learning system introduced above in the
following three ways:

1. The evaluation of quality and potential quality of a complex may require computing the
degree of fit of an event which has some unknown atribute values.

2. Unknown values may be involved in computing weights of selectors.

3. The description may be used to classify an unseen event that has unknown values.

FCLS’s hybrid representation allows it to handle unknown values in a very simple way. This
method is different from some other methods (e.g., Quinlan, 1989). In FCLS the result of a match
between an attribute value of an event and a selector is either 1 (matched) or 0 (unmatched) for a
nominal attribute, a value between 0 and 1 for a linear attribute. The result of the match between an
unknown attribute value and a selector is n/m, where n is the number of values involved in the
selector, and m is the total number of values in the domain of the attribute.
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Chapter 6

EXPERIMENTS WITH FCLS

To evaluate the approach proposed in chapter 5 and compare it with other inductive leaming
approaches, a number of experiments were conducted on various domains with the Flexible
Concept Learning System (FCLS) and the decision tree learning system C4.5. This chapter first
outlines the experimental methods and the domains used in the experiments, then reports the details
of the experimental results.

6.1 Experimental Design

The experiments described in this chapter were designed along with three dimensions. First,
the experiments were performed on various domains, some of which are favorable for the
approach, the others are not. Second, different learning algorithms were applied to learn concept
descriptions from examples in the experiments. Finally, the performance was evaluated on the
classification accuracy on unseen events and the complexity of generated concept descriptions.
This section discusses these three dimensions.

6.1.1 Experimental Domains
To tharoughly test FCLS, eight domains were selected for the experiments. The domains can

be divided into three categories: domains favorable to FCLS, domains unfavorable to FCLS, and
real world domains. The domains in the first two categories, favorable and unfavorable domains,



are ardficial. FCLS is expected to achieve better performance on both classification accuracy and
description complexity than other inductive learning methods on favorable domains. Favorable
domains were designed to test the effectiveness of the approach and if the approach improved
performance. This category includes three domains. The domains and their experimental results are
described in section 6.2.

When the FCLS approach was designed, it is hoped that the approach has the ability to
automatcally adjust its representation to adapt different problems so that it can be applied to a wide
range of learning problems. Unfavorable domains serve as a demonstration of the applicability of
FCLS. Three domains were chosen as unfavorable domains, Two of them involve small DNF
formulas, and the other is 11-multplexor. The domains and their experimental results are
discussed in section 6.3.

All domains in the first two categories are artificial. The ultimate goal of this research,
however, is to develop a learning approach that can be applied to solve some real worid problems.
Two simple and widely used real world problems, Congress voting records and Lymphatic cancer,
were selected to test FCLS. Section 6.4. gives the descriptions of the problems and the
experimental result on them.

6.1.2 Learning Methods

The core of the learning approach introduced in Chapter 5 consists of two algorithms: the
base complex generaton algorithm, and the extended complex optimization algorithm. The
extended complex optimization algorithm optimizes an extended complex by adjusting its threshold
and learning its weights. To deeply understand the performance of the approach, these algorithms
should be evaluated independently, and compared with each other. Four methods, the base-cpx,
the no-weight, the c-weight, and the d-weight, were implemented in FCLS, and involved in all
experiments. The base-cpx method was realized as the base complex generation algorithm. When
the base complex generation algorithm terminates, the 'best’ base complex is selected. The base-
cpx method generates a disjunction.of base complexes as a concept description that is equivalent to
the descriptions generated by AQ1S (Michalski, et al., 1986). The differences between the base
complex generation algorithms and AQ algorithm were discussed in section 5.4. The base-cpx
method provides the performance baseline for other methods.

The no-weight method is realized as the base complex generation algorithm plus threshold
adjusting. That is, an extended complex is optimized by threshold adjusting only, no weight
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leamning is involved. Thus, a concept description generated by the no-weight method is represented
as a set of extended complexes whose selectors are equally weighted.

The c-weight and d-weight methods were realized by the two algorithms: the base complex
generation algorithm and the extended complex optimization algorithm. That is, these two methods
generate an extended complex with both threshold adjusting and weight learning. Thus, each
selector of an extended complex generated by these two methods has a weight that can be any value
between 0 and =». The difference between these two methods is in the weight learning algorithms
used. The c-weight method uses the count-based weight learning method, while the d-weight
method uses the degree-fit-based weight learning algorithm.

In the experiments conducted, FCLS was run with all these four methods on all domains.
These four methods are compared based on the experimental results to see how each method
performed. To compare FCLS with other inductive learning methods, the decision tree leaming
system C4.5 (Quinlan, 1987) was run on the same domains.

In the domain of congressional voting records, FCLS was also run with different setting of
the parameter MIN-COVERAGE which controls the distribution of the representation between
generalized extended complexes and exemplars.

6.1.3 Performance Evaluation

The performance of FCLS was evaluated on two aspects: classification accuracy and
description complexity. Classification accuracy was measured as the percentage of correct
classifications made by the concept description generated by FCLS on a set of test events. The test
set was either the entire space of events or a set of randomly selected events which are different
from the training set. Two classification methods, the strict method and the flexible method, were
used to classify test events, so the accuracy of a description was reported for both methods.
Accuracy of the strict method was called S-accuracy, and accuracy of the flexible method was

called F-accuracy.

Description complexity was measured by three pants: the number of extended complexes, the
number selectors, and the number of exemplars involved in a description. When the parameter
MIN-COVERAGE was set to 0, no exemplar was generated and the complexity was only
measured by the number of extended complexes and the number selectors. The complexity of
decision trees is measured by the number of leaves in a tree.

108



6.1.4 Experimental Method

In all experiments, FCLS was run on randomly generated training sets of various sizes. The
sizes of training sets varied according to the particular learning problem; in all artificial domains,
for example, training sets were of 100, 200, 300, and 400 examples. For each training set size,
FCLS was run on four different randomly generated maisiing sets. The final descriptions produced
from these four runs were tested for accuracy on a set of test events, and were measured for
complexity respectively. The results reported in the following sections are the average of the four
runs. The parameter MAXSTAR that determines the width of the beam search in learning was set
to 3 for all experiments. The decision tree algorithm C4.5 (Quinlan, 1987) was run on the same
training sets as FCLS with and without pruning, and the decision wrees produced were tested on the
same set of test sets. C4.5 was run with default values of all parameters.

The experimental results are presented in the following sections as tables. Each table reports
the result from one domain. Each table contains six columns: size, method, S-accuracy, F-
accuracy, #cpx/lvs, and #sel. size is the size of a training set. In the tables, the experimental results
are shown for six merhods: C4.5 without pruning, C4.5 with pruning, FCLS with four methods:
the base-cpx, the no-weight, the c-weight and the d-weight. S-accuracy and F-accuracy are the
percentage of the number of correctly classified test events using the strict and the flexible
classification methods, respectively. All events can be uniquely classified by a decision tree, so
flexible classification method is not meaningful for C4.5. #cpx and #sel are the number of
extended complexes and selectors involved in the concept descriptions of all concepts in a domain
produced by FCLS. #lvs is the number of leaves of a decision tree produced by C4.5.

6.2 Experiments on The Domains Favorable for FCLS

The experiments described in this section were performed on three specially designed
domains, called designed problem I to III. These domains were specially designed to test the novel
fearures in FCLS, e.g., threshold adjusting and weight learning methods. It is expected that the
learmning approach described in Chapter 5 improves the performance over other inductive learning
approaches on these domains. The following subsections describe the details of each domain, and
report the experimental results.
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In the experiments performed on these three domains, four training sets sizes 100, 200, 300,
and 400 were used. During testing, the set of 1000 events was used as the test set. Both W/N-
COVERAGE and MAX-ERR-RATE were set to 1, so no exemplar was generated and the
descriptions generated by FCLS were complete and consistent. '

6.2.1 Designed Domain I

This domain contains two classes, positive and negative, and 10 nominal attributes each of
which has four values: 0, 1, 2, and 3. More than 1 million events were distributed between the two
classes: positive and negative. The rule for distinguishing positive class from negative class has the
general form of “at least k of n conditions are satisfied.” Specifically, the rule is “if any 5 or mor=
of the first 7 attributes of an event are equal to 0 or 1, then the event belongs to positive class,
otherwise it belongs negative class”. This rule is compactly represented by one extended complex:

[x1=0v1]:1
[x2=0v1]:1
[x3=0v1]:1
[x4=0v1]:1
[xs=0v1]:1
[x¢=0v1]:1
[x7=0v1]):1
Threshold = 5/7 = 0.71

where the number following a selector is the weight of the selector. In a traditional logic type
representation, 21 disjuncts are needed to describe the rule. In addition, the rule can be viewed as
graded, the events with more 0 or 1 values for all first 7 attributes are more typical than the events
with fewer O or 1 values of the first 7 attributes. For example, e1 and e are two events of positive
class, and described by two vectors:

€1:(0000000232)
€2:(0000023310)

e1 is a typical event of positive class, while e3 is a less typical event, because e} satisfies all
conditions of the positive class, while e2 only satisfies 5 of the 7 conditions. The flexible degree of
fit between el and the extended complex is 1, and the flexible degree of fit between e2 and the
extended complex is 0. The flexible degree of fit reflects typicality of an event.
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The advantage of the hybrid representation over conventonal logic type representations on
this type of problems is obvious. The experiments on this domain were designed to demonstrate
the effectiveness of the learning algorithm that leams concept descriptions represented in the hybrid
representation.

Table 7.1 shows the experimental results of this domain. A significant improvement was
achieved on both classification accuracy and description complexity by the no-weight, the c-
weight, and the d-weight methods over the base-cpx method and C4.5 at all training set sizes.
Descriptions generated by the no-weight, the c-weight, and the d-weight methods are represented
as extended complexes which are appropriate for this domain than base complexes that are used by
the base-cpx method. The complexity of the descriptions generated by the base-cpx method
increases with the increase in the size of training sets. In contrast, the complexity of the
descriptions generated by the other three methods decreases with the increase of the size of training
sets. The performance improvement obtained by the the no-weight, the c-weight, and the d-weight
methods shows the effectiveness of the learning algorithm described in Chapter § in generating
concept descriptions that have the form of “at least k of n conditions are satisfied.”

The results, summarized in Table 7.1, show that the no-weight method achieved the highest
classification accuracy and the lowest average complexity among all methods. This result is
reasonable, because all conditions of the target concept description are equally important, that is, all
selectors of the extended complex describing the target concept are equally weighted. In the no-
weight method, the weights of all selectors were set to 1 without any change during learning. In
the c-weight and the d-weight methods, weights were adjusted based on the training examples
during learning. Although all weights leamed were close to each other by the c-weight and the d-
weight methods, they were not exactly equal so that the final description did not exactly describe
the target concept. In real world domains, concepts are often imprecise, and weights of conditions
of a concept are seldom exactly equally important, so this should not be a problem for learning

imprecise concepts in the real world.

Size Method S-accuracy | F-accuracy | #cpx/#lvs #sel
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100 |C4.5
no pruning 67.3£1.0 34.0£3.0
pruning 69.3£3.2 7.0£6.0
FCLS
base-cpx 67.914.3 73.0£4.0 6.0£1.0 33.0£9.0
no-weight 87.5¢4.7 88.3£5.9 2.3£0.7 17.8£7.2
c-weight 80.8+4.1 83.5+3.8 5.3£1.3 39.5£10.5
d-weight 83.1+5.4 85.9+4.9 2.5£0.5 21.8£3.2
200 |C4.5
no pruning 69.6+4.1 54.316.7
pruning 72.1£2.7 16.0£9.0
FCLS
base-cpx 76.0+2.3 76.4%£2.7 11.32£1.3 51.0£12.0
no-weight 89.4+5.4 92.0+£3.9 |. 3.3%l1.3 27.3%9.3
c-weight 89.6£3.1 92.3£3.8 3.0£1.0 26.3%9.3
d-weight 84.5£7.8 86.3+4.5 5.5£2.5 46.8+17.8
300 |C4.5 '
no pruning 72.4%2.1 112.0£9.0
pruning 73.4£2.6 15.3+6.7
FCLS ‘
base-cpx 79.9+1.7 80.5£1.9 19.5£2.5 97.5£11.5
no-weight 99.2+2.5 99.2+2.6 2.8%2.2 18.3£12.7
c-weight 197.4£1.9 98.2+1.8 3.5%1.5 25.5%11.5
d-weight 98.9+1.1 99.2+0.9 2.5+0.5 16.5%3.5
400 |C4.5
no pruning 74.0%£3.2 157.8%£9.8
pruning 72.9+2.8 17.5t13.5
FCLS ,
base-cpx 83.7t1.4 84.2+0.5 27.0£3.0 141.5£8.5
no-weight 100.020.0 100.0£0.0 2.0£0.0 14.0£0.0
c-weight 100.0+0.0 100.0+0.0 2.0£0.0 14.0£0.0
d-weight 99.9+0.2 | 100.040.0 | 2.0+0.0 14.320.7

Table 7.1: Results from designed problem I




In all experiments, accuracy of the flexible classification method was not lower than the
accuracy obtained by the swrict classificadon method. It means that the flexible classificaton msthod
correcdy classified many of the multiple-march and no-match events.

The base-cpx method achieved higher accuracy than C4.5 at all sizes but the lowest size. In
the training set of 100 examples, the accuracy of the strict classificadon method is lower thar the

accuracy of C4.5 with pruning. The accuracy of C4.5 shows little improvement with the increase
in the size of the training set.

The no-weight method produced the exact target concept descriptions for both the positive
and negative classes at three of four training sets of 300 examples, and all four training sets of 400
examples. The base complexes of the extended complexes of the two descriptions produced by the
two methods with weight learning are the same as the target concepts, but their weights and
thresholds are slightly different from the target concepts. Following is one of the descriptions
produced by FCLS with the d-weight method.

Positive class: Negative class:
[x1=0v1]:342 [x1=2v3]:3.00
[x2=0v1]:3.55 [x2=2v3}:320
[x3=0v1]:3.18 [x3=2v3]:2.83
[x4d=0v 1]:3.08 : [x4=2v3]:2.68
[x§=0v1}:3.27 [x§=2v3]:3.02
[x6=0v1):298 [(x6=2v3]:294
[x7=0v1]:3.48 [x7=2v3):2.68
Threshold = 0.69 Threshold = 0.41

6.2.2 Designed Domain II

Two classes, positive and negative, and eight linear atmibutes are involved in this domain.
The domains of the eight linear atmributes are same and include four values 0, 1, 2 and 3. The
positive class is described by six conditions, two of which are as twice important as the other four
conditions. Specifically, the positive class is expressed by one extended complex:
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[x1=0v1}]:2
[x2=0v1]:2
[x3=0v1]:1
[x4=0v1]:1
[xs=0v1]:1
[x6=0v 1] 1
Threshold = 5/8 = 0.625

The classes are more complicated than the first designed domain in three ways. First, all
attributes are linear in this domain. Second, the weights of all selectors are not all equal. Third,
negadve class are described by more than one extended complex. Therefore, it is much more
difficult to leamn the class descriptions in this domain than in the designed domain I. This domain
was designed to show the effectiveness of weight leaming methods, and the ability to handle linear
artributes.

Table 7.2 shows the results of the experiments in this domain. Many of the results shown in
Table 7.2 are similar to the results in Table 7.1. First, the accuracy of the descriptions generated by
the no-weight, c-weight, and d-weight methods was an improvement over the descriptions
generated by the base-cpx method, but not as large on difference as in Table 7.1. Second, the
descriptions generated by the no-weight, c-weight, and d-weight methods are simpler than the
descriptions generated by the base-cpx method, but not as much as in Table 7.1. Finally, when the
flexible classification method was used to classify no match and multiple match events, the
accuracy shows an improvement over the strict classificadon method, the improvement in this
domain is larger than in the first domain.

The important difference between the results in Table 7.2 and the results in Table 7.1 is that
the improvement in accuracy was achieved by the two methods with weight learning methods: the
c-weight and d-weight. The improvement increases with the increase in the size of the training sets.
The descriptons generated by the c-weight and d-weight methods are also simpler than the
descriptions generated by the no-weight method. These improvements were expected and
demonstrated that the weight learning methods worked properly. The results of both accuracy and
complexity are close for the two different weight learning methods: the count-based and the degree-
of-fit-based.
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Size

Method

S-accuracy | F-accuracy | #cpx/#lvs #sel
100 |C4.5
0o pruning - 75.024.6 40.0£3.0
pruning 73.8£2.5 10.8£3.8
FCLS
base-cpx 70.7+£2.1 75.6%2.3 | 7.8%1.2 43.0£7.0
" no-weight 77.5£2.8 81.4+4.3 4.8+0.8 33.024.0
c-weight 80.2+2.8 83.81£3.0 4.5t1.5 33.5¢11.5
d-weight 78.2+3.2 83.9+4.5 4.5+1.5 35.0%12.0
200 (C4.5
no pruning 79.33£4.0 74.5£15.5
pruning 81.0%£5.4 13.0£3.0
FCLS
base-cpx 77.4+1.8 81.6£2.4 6.3£1.7 44.0£8.0
no-weight 80.9£1.9 85.5t1.4 7.8£0.8 51.8%8.2
c-weight 84.0+2.3 87.7£2.9 6.3t1.7 | 44.0£8.0
d-weight 83.8+2.3 §7.9+2.4 6.0£1.0 44.3+9.7
300 |C4.5
no pruning 81.6+1.4 98.8+15.2
pruning 82.9+3.0 18.3£5.3
FCLS '
base-cpx 78.1%£2.1 81.9%1.3 14.8%1.2 84.0+6.0
no-weight 82.8t£1.0 86.3x1.1 10.8+1.2 68.3+9.7
c-weight 87.1£1.3 90.9%1.8 7.3£0.7 49.8%8.2
d-weight 87.3+0.6 90.9+1.7 7.8+1.2 52.5t4.5
400 |C4.5
no pruning 82.3£2.2 123.3£13.0
pruning 84.7140.3 21.5%£6.5
FCLS
base-cpx 80.4%1.1 83.5£3.0 19.0+2.0 104.516.5
no-weight 82.2£2.0 86.2£1.8 13.0£2.0 83.5%13.5
c-weight 89.2+2.5 92.9+0.8 9.0£1.0 63.0£10.0
d-weight 87.5+2.2 92.4%1.8 8.8+0.8 60.3+£3.7
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S-accuracy of descriptions generated by the base-cpx method is lower than the accuracy of
decision trees, and their F-accuracy is about the same as the accuracy of decision trees. As
discussed in section 6.2.1, it is almost impossible to learn the exact weights of the target concept,
thus the generated description is only an approximation of the target concept description. It is
believed that the examples misclassified from inexact weights are usually the examples near the
boundary of the concept. In the real world, the classificatdon of these examples are often uncertain.
Following is the one of the description generated by FCLS for the positive class.

[x1=0v1]:2.76
(x2=0v1]:2.82
[x3=0v1]:1.56
[xd=0v1]:1.51
[x5=0v1]:1.28
[x6=0v1]:1.44
x7=0v1v3]:111
Threshold = 0.68

The base complex of the extended complex is similar to the target concept, it includes an extra
selector [x7 = 0 v 1 v 3] which has the least weight. The weights of the first two selectors are
about twice that of the other four selectors.

6.2.3 Designed Domain III

Designed domain III contains 15 nominal binary atwributes, and two classes: positve and
negative. The events of the positive class are described by two extended complexes, each of which
consists of 6 selectors, two of which are as twice important as the other four. The positive class is
described by the disjunction of the following two extended complexes:

Complex 1: Complex 2:
[x1=0]):2 [x7=0):2
[xa=0]:2 [xg =0]: 2
[x3=0]:1 [xg=0]:1
[x¢=0]: 1 [x10=0]: 1
[xs=0]: 1 [x11=0]: 1
[xg=0]:1 [x12=0]: 1

Threshold = 5/8 = 0.625 Threshold - 5/8 = 0.625
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Size Method S-accuracy | F-accuracy | #cpx/#lvs #sel
100 |C4.5
no pruning 72.9£3.7 14.81£2.8
pruning 75.8%1.6 8.3+1.7
FCLS
base-cpx 734429 | 77.3#34 | 113+13 | 46.0£5.0
no-weight 76.9£2.5 79.3£3.1 6.5%0.5 52.327.3
c-weight 80.4+3.3 82.8%3.2 5.8%+1.2 49.5%7.5
d-weight 79.4+3.2 82.2+3.2 5.3+0.7 45.32£7.7
200 |C4.5
no pruning 78.9%3.5 25.3x5.3
pruning 79.242.8 12.323.7
FCLS
base-cpx 77.620.6 79.310.6 18.0+2.0 80.5+12.5
no-weight 80.0£1.0 82.6£2.9 12.0£1.0 93.3£17.7
c-weight 86.6£3.1 89.3+4.2 11.5£3.5 95.3%31.7
d-weight 84.4+6.2 88.2+4.5 9.5+2.5 85.0£21.0
300 |C4.5
no pruning 81.7%1.5 35.31£5.3
pruning 81.6x1.0 19.0£4.0
FCLS
base-cpx 80.0£0.9 81.8£1.8 22.5%1.5 103.0£16.0
no-weight 82.1£1.6 85.412.9 16.0+2.0 126.3£15.7
c-weight 88.8+0.9 90.8+0.8 12.3£6.7 105.8+61.2
d-weight 86.6+2.4 89.1+1.8 14.3+6.3 127.0+£57.0
400 |C4.5
no pruning 83.4+£2.5 42.8%2.8
pruning 82.9£1.4 21.5£4.5
FCLS .
base-cpx 81.420.4 83.2£2.3 26.3%£2.7 123.5£13.5
no-weight 84.0+1.2 87.5%1.3 21.5%4.5 170.8+37.8
c-weight 88.6x2.4 91.8£1.2 21.026.0 185.5£51.5
d-weight 88.5+2.4 91.4%2.5 19.5+8.5 174.3£70.3

Table 7.3: Results from the designed domain IMI
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This domain was designed to test if FCLS works well when a target concept is described by
more than one extended complexes, and also to evaluate the two weight learning methods: the
count-based and the degree-of-fit-based. Table 7.3 gives the experimental results from this
domain.

As shown, the accuracy (both S-accuracy and F-accuracy) are improved with the no-weight,
c-weight, and d-weight methods over the base-cpx method. As expected, the accuracy of the
descripdons generated by the two methods with weight learning was also improved over the no-
weight method. The number of complexes involved in descriptions is reduced in the order of the
base-cpx method, the no-weight method, and the methods with weight learning, but the number of
selectors in descriptions slightly increases with the same order. Because the optimization phase
adds more selectors to an extended complex, the extended complexes produced by-the no-weight,
c-weight and d-weight methods involve more selectors than the base complexes generated by the
base-cpx method.

Both the accuracy and complexity with the two different weight learning methods, count-
based and degree-of-fit-based, are similar. The degree-of-fit-based method was designed to
improve the performance when target concepts include two or more extended complexes. The
experimental results from this domain showed that the d-weight learning method does not work as
it is expected, and suggest that other weight learning methods should be developed.

At the training size 300 and 400, the descriptions generated on some of the training sets do
include the complexes that are similar to the two extended complexes of the target concept. For two
reasons, the accuracy of the descriptions generated is difficult to improve when it is over 90%.
First, the weights of the two extended complexes in the target concept are defined precisely, but the
weight learning methods can only generate weights that are close to these precisely defined
weights. Second, the descripton of the negative class is highly disjunctive, and is very difficult to
learn, but in classification of test events, both the positive and negative descriptions were applied.
As discussed in section 6.2.2, the misclassified examples are usually near the boundaries of the
concepts, and are less typical, and their classification is fuzzy for a real world problem.

6.2.4 Summary of The Experiments on Favorable Domains

This section described the experiments on three specially designed domains on which the
hybrid representation and its associated learning algorithm described in Chapter § are expected to



perform better than some other inductive learning methods, e.g., decision tree learning method,
and the methods using a pure logic-based representation. The experimental results from all of the
three domains are consistent with the expectation, and show the improvement on both accuracy and
complexity over the decision tree learning algorithm C4.5 and the base-cpx method, a method
using a pure logic-based representation. As expected, the weight learning methods improved the
accuracy over the method without weight learning on the domain II and the domain III, but the two
weight learning methods, count-based and degree-of-fit-based, show no difference. The flexible
classification method achieved higher accuracy than the stict classification method on all
experiments.

6.3 The Domains Unfavorabie to FCLS

This section describes the experiments from three domains: 11-multiplexor, 3-term 3DNF
and 4-term 3DNF for which FCLS was not specially designed. The hybrid representation has no
advantage over logic type representations in representing the concepts involved in these domains.
Adversely, the hybrid representation increases difficulty to learn these concepts because of the less
representatonal bias enforced by the representatdon. When FCLS was designed, it was hoped that
it could be applied to a wide range of problems. That is, it should adjust its representation to adapt
to the given problem. The adjusting of its representation in FCLS is to find the optimum
distribution between the base complex and the similarity measure of an extend complex. In these
domains, the optimum distribution is that each extended complex should be equivalent to its base
complex, that is, its threshold should be equal to 1. The experiments on these domains are
designed to test the applicabiliry of FCLS.

Four training sets sizes 100, 200, 300 and 400 were used in the experiments on these
domains. During testing, the entire event space was used as the test set in the problem 11-
multiplexor, and 1000 testing events were used for the problems of 3-term 3DNF and 4-term
3DNF.

6.3.1 11-Multiplexor
The "Multiplexor" problems were first used by Wilson (1987a, b) to test his system Boole

which learns concepts expressed as classification rules. Later, this family of tasks was used by
Quinlan (1988) to compare genetic classifiers with decision-tree classifiers.
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The “Multiplexor” is a family of tasks in which an object consists of n "address" bits and 27
"data" bits. An object belongs to the positive concept if the particular data bit indicated by the «ddress
bits is "on". A member of this family of tasks is named by the total number of bits (numoer of
"address"” + number of "data") involved. For the task Fg the address bits are xg and x; and t 2 data
bits x4 through xs. If xq and x; are both off, for instance, the address is 0 and the object is a m mber
of the positive class iff the Oth data bit (x3) is on. The rule for the posidve concept is:

(xo=0][x;=0] [xa=1] v
[xo=0] [x; = 1] [x3=1] v

[xo=1][x;=0] [(x4=1] v
[xg=1][x; =1] [xg = 1]

The rule for negaave concept is:

[Xo’-‘O] [x1=0] [XZ=0]V
[xg=0][x1=1] [x3=0] v
[xo=1][x; =0] [x4=0] v
[xg=1][x; = 1] [xs = 0]

F11 has 3 "address” bits and 8 "data” bits. The size of the instance space is 2048. Each t.arget'
concept description of two concepts consists of 8 disjuncts (32 conjuncts).

The results of the experiments on 11-multiplexor are summarized in Table 7.4. The base-cpx
method performed much better than the two methods with weight learning at the sizes of 100, and
200, but the methods with weight learning performed better than the base<cpx method at size of
300, and 400. The above behavior is explained below. As indicated above, the hybrid
representation is more powerful than conventional logic based representations, therefore, enforces
less representational bias. For small training sets, because the set of training examples is not large
enough, many disjuncts that should not merge are incorrectly merged into extended complexes that
have higher quality than the unmerged disjuncts. Large training sets prevent extended complexes
from incorrectly merging disjuncts. The reason for that the methods with weight learning
performed better on large training sets will be discussed later.

Except for the size of 100, similar accuracy has been achieved by the base-cpx method and
the no-weight method. At the sizes of 300, and 400, the descriptions generated by the two methods
are almost same and very similar to the target concept descriptions. In other words, the extended
complexes generated by the no-weight method are equivalent to their base complexes, and their
threshold is 1. The no-weight method works well in adjusting representation for a given problem.
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Size

Method S-accuracy | F-accuracy | #cpx/#lvs #sel
100 |C4.5
no pruning 66.8£9.8 17.5£3.5
pruning 65.3£9.7 12.024.0
FCLS ‘
base-cpx 74.71£4.4 76.7£6.2 14.5£0.5 64.5£3.5
no-weight 69.(=2.4 71.6£1.5 16.0.£4.0 101.0£30.0
c-weight 68.911.8 70.8%3.0 13.5£2.5 90.0%18.0
d-weight 68.2+1.3 70.4%1.3 13.0£3.0 96.3+21.3
200 |C4.5
no pruning 76.3210.1 35.0£6.0
pruning 76.4£3.3 26.016.0
FCLS
base-cpx 92.0+5.9 92.314.5 16.3£1.3 68.0%7.0
no-weight 89.316.1 93.5%5.9 18.5£1.5 93.5£22.5
c-weight 82.7£2.4 84.6£3.6 21.316.3 131.8439.8
d-weight 82.614.3 85.5+4.4 18.8+3.8 125.5£30.5
300 |C4:5
no pruning 90.916.0 37.5£8.5
pruning 87.1£6.7 29.5¢11.5
|FCLS
base-cpx 93.8%£2.0 93.4%1.7 16.3t1.3 67.3%6.3
no-weight 93.414.1 93.0+3.5 16.3£1.3 68.317.3
c-weight 94.9+4.3 95.9+3.9 22.3£2.3 124.5£22.5
__d-weight 92.114.6 92.5£5.0 20.814.8 129.0£37.0
400 |C4.5
no pruning 93.8%5.5 51.3%16.7
pruning 91.0£5.9 27.5£10.5
FCLS :
base-cpx 94.9+3.5 93.614.8 16.5£1.5 | 69.5£9.5
no-weight 94.9%3.5 93.5+4.9 16.5%1.5 69.5£9.5
c-weight 97.5£2.5 97.7£3.2 20.8+5.2 105.0£36.0
d-weight 96.5%1.7 96.7+£2.7 22.024.0 125.0424.0

Table 7.4: Results from 11-multiplexor
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About half of the 8 disjuncts involved in the target concept were correctly generated by FCLS
with the c-weight and d-weight methods at the size 400. The other disjuncts were generated as
extended complexes whose threshold is smaller than 1. It is surprising that 100% accuracy (for
both the strict and flexible classification methods) was produced for one training set, while even
more than half of the 8 disjuncts of the targets were represented by extended complexes with the
threshold smaller than 1. One interesting point is that some extended complexes with a threshold
less than | are equivalent to some of the 8 disjuncts. For example, the following extended complex
was generated by FCLS.

[x1 =1):0.95
(x2=1]:1.02
[x3=1]:1.0§
[x6=0]: 0.86
(x11=1]:1.31
threshold = 0.83

The strict coverage of this extended complex is the same as the disjunct (base complex):
[x1=1][x2 =1] [x3 = 1] [x11 =1]

In the extended complex, the weight of the selector [x11 = 1] is 0.86 which is the least among the
5 selectors. The summation of the five weights is equal to 5.19, and the threshold is 0.83 =
0.86/5.19. This means that if only the selector [x6 = 0] is not satisfied by an event, the degree of
fit of the event to the complex is 0.83, so it is sdll strictly covered by the complex, but if any of the
other four selectors is not satisfied by an event, the degree of fit of the event to the complex is less
than the threshold, so the event is not strictly covered by the complex. The selector [x11 = 1] is
- redundant when the strict classification method is applied. This example shows another advantage
of the hybrid representation, that is it can remove redundant conditions from a disjunct by
assigning a small weight to the condition. This advantage is important in learning aigorithms in
which backtracking is not allowed. This advantage is also one possible explanation for the fact that
the accuracy of the descriptions generated by the methods with weight learning is better than the
accuracy of the descriptions generated with the base-cpx method at the size 400.

Unlike the three domains described in section 6.2, the descriptions generated by the methods
with weight leamning are more complicated than the ones generated by the base-cpx and the no-
weight methods. There are three possible reasons for this. First, this domain leaves no room for
the hybrid representation to merge any disjuncts. Second, extended complexes usually include
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more selectors. Third, the extended complexes generated at the beginning of learning cover more
examples than a disjunct of the target concept, these extended complexes broke the event space into
smal] pieces so that more extended complexes have to be generated to cover the remain uncovered
examples.

The results in the table show that the accuracy of the descriptions produced by FCLS with all
methods are higher than the accuracy of the decision trees produced by C4.5. At the sizes of 120,
and 200, the accuracy of the descriptions produced by FCLS is much better than the accuracy of

the decision trees produced by C4.5, at the sizes of 300, and 400, the accuracy of the descriptions
generated by FCLS is slightly berter.

6.3.2 3-term 3DNF Boolean Function

A l-term kDNF boolean function (Pagallo and Haussler, 1988) consists of | disjunctive terms
of at most k conjuncts each. This section describes the experiments on a 3-term 3DNF boolean
function, and next section describes the experiments on a 4-tern 3DNF boolean function. The 3-
term 3DNF boolean function involved in the experiments consists of three disjuncts, each of which
has exactly 3 conjuncts. No attribute is shared by two disjuncts, and the total number of attributes -
in this domain is 12.

Table 7.5 shows the experimental results. As shown in the table, the accuracy of descriptions
generated by the two methods with weight learning is worse than the other two methods the base-
cpx and the no-weight method, especially at small training sizes. As in the domain of 11-
muldplexor, this decreased accuracy is due 1o the week representational bias enforced by the hybrid
representation. In spite of the problem, the accuracy of the methods with weight learning is sdll
comparable with the accuracy of C4.5, and at size 400, the target concept descripdon was
generated on some training sets by the methods with weight learning. The results suggest that
stronger bias should be applied during learning especially when the training set is small.

Another important result is that the accuracy of descriptions generated by the base-cpx
method is much higher than the accuracy of the decision trees obtained from C4.5. This may be
pardally artributed to the Probabilistic Looking Ahead Criterion used in the base complex
generation algorithm. In the base-cpx method, only the base complex generation algorithm is
applied to generate a complex. In this algorithm, each complex is evaluated by the base complex
potential quality evaluation function in which the probabilistic looking ahead criterion is used. The
potential quality of a complex involves the current quality of the complex as well as the potental
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improvement of the complex. The probabilistic looking ahead criterion computes the potendal
improvement of a complex based on the relevance of the attributes involved in the complex. The
more relevant the atributes, the more potental improvement. In this way, the relevance of an
arribute is not evaluated independently, instead it is evaluated together with other attributes. When
a concept has a few distant disjuncts, it is not reliable to evaluate the relevance of attributes
independendy, they must be evaluated jointly. A one-step looking-ahead criterion has been
implemented in FCLS. That is, the relevance of attributes is evaluated based on only two joint
atributes. When each disjunct consists of only a few conjuncts, e.g., 3 in this domain, this one
step looking ahead criterion may work well. Another possible reason for the higher accuracy
achieved by the base-cpx method is that a decision tree leamning algorithm performs the hill
climbing search, while the base complex generation algorithm performs the beam search with the
width 3.

At size 100, the target concept was generated on three of the four training sets by the base-
cpx method, the descripton generated from the other training set is very close to the target concept,
and at the sizes 200, 300, and 400, the target concept was always produced by the base-cpx
method. From the table, one can see that the accuracy is not 100%. This is because in a rule
learning algorithm, the descriptions for both positive and negative concepts are learned and used to
classify unseen events. In this domain, the descripdon of negative concept is highly disjunctve and
includes 27 disjuncts, so it is very difficult to learn the description for the negative concept. This is
why it is so difficult to achieve 100% accuracy. If only the description of the positive concept were
used for classification, the accuracy would be 100%.

Another important and interesting result is that the accuracy obtained through the no-weight
method is close to the accuracy of the base-cpx method, the F-accuracy of the no-weight method is
even slightly better than the base-cpx at the sizes 200, 300, and 400. As the base-cpx method, the
no-weight method generated the exactly same description of the target concept at sizes 200, 300,
and 400 as well. This interesting result suggests that weight learning methods should not be
applied to learn well and precisely defined concepts. This result also shows that the algorithm
works fine in adjusting thresholds of complexes to adapt to the learning problems given.

Fiha.lly, the flexible classification method has significantly improved the accuracy over the
strict classification method, and the averaged improvement is larger than 5%. Many no match and
multiple match events were created by the generated incorrect description of the negative concept.
These no match and multiple match events cannot be classified by the strict method, while many of
them are correctly classified by the flexible method.
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Size Method S-accuracy | F-accuracy | #cpx/#lvs #sel
100 |C4.5
NO pruning 82.942.4 12.5£1.5
pruning 82.7£2.8 9.3£1.7
FCLS
~ base-cpx 85.5£1.9 91.314.1 9.310.7 31.3£3.7
no-weight 83.0+£5.5 89.1%£6.9 8.0+0.0 45.31£4.7
c-weight 80.7£7.5 82.946.0 6.8+0.8 50.8+12.8
d-weight 79.7+5.4 82.2%5.5 6.5+0.5 47.849.2
200 |C4.5
no pruning 88.1+3.4 21.5%4.5
pruning §5.842.4 13.8£1.8
FCLS
base-cpx 92.2+1.0 97.1£2.1 11.5%0.5 40.0£3.0
no-weight 88.4%1.2 98.5+2.6 10.8+0.8 65.8%5.2
c-weight 88.6+0.6 91.9+3.7 0.3+1.7 63.8+£15.8
d-weight 88.3£1.7 90.0+3.2 8.5%1.5 57.3£7.3
300 |C4.5
no pruning 94.0+2.9 25.324.7
pruning 89.6£5.0 16.314.7
FCLS
base-cpx 94.1+0.5 97.5%1.3 12.84+0.8 44.3£2.7
no-weight | 90.0%2.2 98.912.3 12.8+0.8 74.54£9.5
c-weight 90.7£1.9 95.31.6 9.5%1.5 60.8+£22.2
d-weight 90.7£1.8 94.0+3.2 10.3£1.7 72.5+£23.5
400 |C4.5
no pruning 95.7£1.6 30.0%4.0
pruning 94.611.8 24.5+0.5
FCLS
base-cpx 94.8£1.0 98.3£1.9 12.840.8 43.5£3.5
no-weight 92.4+1.6 99.1+0.7 13.2+0.7 64.3£11.7
c-weight 91.3£2.1 95.8+3.4 11.0£1.0 77.0£17.0
d-weight 93.3£1.3 95.9+3.2 11.3£1.7 71.5£9.5

Table 7.5: Results from the 3-term 3DNF boolean function
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6.3.3 4-term 3DNF Boolean Function

The target concept of the experiments described in this section is a 4-term 3DNF boolean
functdon that consists of four disjuncts, each with three conjuncts. No attribute is shared by
different disjuncts, the total number of artributes is 16.

Table 7.6 gives the results of these experiments. The results are consistent with the results
from the 3-term 3DNF reported in the section 6.3.2. The accuracy of the descriptions generated by
the base-cpx and the no-weight methods is much better than the other methods. The accuracy of the
- descriptions generated by the methods with weight leamning is slightly better C4.5. The accuracy is
much greater with the flexible classification method than the strict classification method. The
description of the target concept was generated on many training sets with the base-cpx and no-
weight methods. The explanatons for these results could be found in the section 6.3.2.

6.3.4 Summary of The Experiments on Unfavorable Domains

The hybrid representadon used in FCLS has no advantage over conventional logic based
representations on all three of the domains described in this section. Instead it increases the
difficulty in learning the descriptions for the concepts in these domains because of the weaker bias
enforced by the hybrid representation. All experimental results in this section show this difficulty,
especially for the small number of raining examples. It seems the main source of the difficulty is
weight learning, because the resuits obtained from the no-weight method is similar to the base-cpx
method and are much better than the methods with weight learning. The no-weight method works
well in adjusting the representation for a given problem, but the weight learning methods does not.
It suggests that the methods with weight leaming should be to learn flexible or imprecise concepts.

The base-cpx method works very well on all of the three domains, this may be partially
. attributed to the quality evaluaton function used in the base complex generation algorithm. The
flexible classification method significantly improved the accuracy in the domains of 3-term 3DNF
and 4-term 3DNF. '

It seems that the approach described in Chapter 5 is less sensitive to the number of disjuncts
involved in a target concept description than the inductive learning systems that use conventional
logic type representations. The performance of FCLS does not degrade with an increase in the
number of disjuncts of a.concept description.
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Size

Method

S-accuracy | F-accuracy | #cpx/#lvs #sel
100 |C4.5
- nO pruning 72.619.6 15.8£2.8
pruning 76.3£5.7 9.8£3.8
FCLS
base-cpx 8§1.4+2.4 92.5+4.5 11.3£1.7 41.5%6.5
no-weight 76.8+6.8 83.6+15.2 9.0£2.0 64.8+15.2
c-weight 75.0%4.5 77.416.4 9.5+2.5 74.3+24.7
d-weight 71.2+2.0 74.5+0.9 6.3+0.7 58.0+10.0
200 |C4.5
no pruning 77.8£2.7 24.51+2.5
pruning 78.2%1.1 16.3£5.3
FCLS
base-cpx 85.4£0.9 96.3¢1.1 16.8+2.2 71.8£14.2
no-weight 84.7£1.6 95.6£6.0 17.0£6.0 82.0+44.0
c-weight 80.2+2.6 83.8+3.0 9.0%£1.0 76.3£7.3
d-weight 78.4+0.6 82.0+1.1 9.3+1.3 82.3+7.7
300 |C4.5
no pruning 83.7+2.1 31.824.8
pruning 83.3£3.4 21.5%2.5
FCLS
base-cpx 87.5£2.3 98.6£3.6 20.5+0.5 94.5£9.5
no-weight 84.6+0.4 98.414.1 13.320.7 90.8+4.8
c-weight 85.210.3 90.6£4.0 11.3£1.3 89.0£7.0
d-weight 83.5+4.7 89.9+5.8 11.320.7 86.8+16.2
400 | C4.5
no pruning 87.5£5.0 39.0£3.0
pruning 86.4+2.8 24.0£2.0
FCLS
base-cpx 89.5¢1.5 100.0+0.0 22.3%1.3 104.3£9.3
no-weight 85.8+4.0 98.4+4.4 16.3£0.7 103.8£16.2
c-weight 85.5+0.8 91.5+2.0 13.5£1.5 115.0£23.0
d-weight 84.5£2.8 90.5+2.1 | 13.0+1.0 109.3£26.7

Table 7.6: Results from the 4-term 3DNF boolean Function
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6.4 Real World Domains

This section reports the experimental results from two real world domains: congressional
voting records and lymphatic cancer. These two domains are selected to test the applicability of
FCLS to real world problems. In addition to the experiments using different methods, the
experiments were done with varying values of the parameter MIN-COVERAGE in the domain of
congressional voting records so that the performance could be compared between the descriptions
with different distributions between generalized extended complexes and exemplars.

6.4.1 Congressional Voting Records

The data used in this secton is different from the congressional voting data used in chapter 4,
and includes more examples. This domain includes votes for each of the U.S. House of
Representatives Congressmen on the 16 key votes in the 1984, Each key votes is a binary artribute,
the two values of each attribute is vored for and voted agains:. The goal of the learning task is to
generate rules to distinguish Republican Representatives from Democratic Representatives. The
total number of examples is 435 of which 232 have all the antribute values and 203 have at least one
missing anribute value. Four training sets for each of four training sizes (50, 100, 150, and 200)
were formed by randomly drawing examples from 300 examples, the other 135 examples were
used as testing set. The results reported in Table 7.7 represent averages of tests run on all four
training sets.

Accuracy with all methods including C4.5 is similar. One method may be slightly better than
some other methods at one training size, but worse at some other training size. The reason for
such results is that the examples in one concept are very concentrated so that it is easy to generate
one or two disjuncts to describe the target concept from training examples. For example, at the size
50, C4.5 generated a decision tree with only 3 nodes on all four runs. A decision tree with 3 nodes
is equivalent to two disjuncts, one for republican and one for democratic, and each consists of only
one condition. The averaged accuracy of such simple descriptions is close to 90%.

The number of complexes generated as descriptions is close for all methods, but the number
of selectors involved in descriptions generated by the no-weight, the c-weight, and the d-weight
methods is larger than the number of selectors generated by the base-cpx method. As stated in
chapter 5, the base complex of an extended complex caprures the basic principles, and includes ail
relevant conditions, while the descriptions generated by C4.5 are discriminant descriptions, and
only include the conditions that are enough to discriminate two classes.
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Size Method S-accuracy | F-accuracy | #cpx/lvs #sel
50 |C4.5
no pruning 87.4£7.9 2.020.0
pruning 88.716.7 2.0£0.0
FCLS
base-cpx 86.9£7.3 91.9%6.2 2.5¢1.5 5.31£3.7
no-weight 90.4+4.9 90.6+4.7 2.0£0.0 6.314.3
c-weight 90.115.2 88.716.6 2.0+0.0 5.8+£3.8
d-weight 86.6£5.9 88.6+2.4 2.0+0.0 7.8+0.8
100 |C4.5
no pruning 90.5+3.3 3.8+0.8
pruning 92.6%£5.4 2.8%£1.2
FCLS
base-cpx 88.9+2.8 94.1%2.5 3.8+1.8 12.0£9.0
no-weight 90.2+2.4 93.0£3.1 2.0+0.0 13.55.5
c-weight 91.2#5.1 89.2+6.5 4.0+£2.0 22.0+15.0
d-weight 90.7+5.0 91.9+7.3 3.0%2.0 18.54£7.5
150 |C4.5 |
no pruning 89.817.0 5.0£3.0
pruning 93.346.1 2.310.7
FCLS
base-cpx 90.6%4.0 92.8+7.1 5.0£3.0 16.3£11.7
no-weight 92.3%1.8 91.0£2.5 3.3£1.3 20.8%7.8
c-weight 91.0%1.9 91.0£1.6 4.8%1.8 27.8+£12.2
d-weight 92.3£1.8 91.0+2.5 4.5+0.5 28.8+6.8
200 [C4.5
no pruning 92.6x£1.7 6.0£2.0
pruning 94.6£1.5 3.8£1.8
FCLS
base-cpx 90.4+4.7 92.0+3.7 4.3%0.7 12.3%£5.7
no-weight 92.0£1.9 92.7+£2.6 4.813.2 27.5£13.5
c-weight 93.1%£3.7 93.9£3.0 5.3%£1.3 31.5£5.5
dweight | 93440 | 94.1%27 | S.5:1.5 | 36.0%15.0

Table 7.7: Results from the congressional voting records
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An experiment was conducted to evaluate the performance of the concept descriptions with
different distributions between generalized extended complexes and exemplars. In this exper ment,
the parameter MIN-COVERAGE was set to different values 0.0, 0.05, 0.1 and 1. This paraneter
controls the distribution of descriptions between extended complexes and exemplars. When .'/IN-
COVERAGE = 0, descriptions are totally represented by extended complexes. When A'IN-
COVERAGE = 1, a description is represented by either one extended complex or a se of
exemplars.

Table 7.8 gives the result of this experiment. The exemplar-based method worked very well
in this domain, and the descriptions represented as a set of exemplars have about the same accuracy
as the pure generalized descripdons. Furthermore, only a small number of exemplars was selected
for each description. When some small extended complexes of the generalized descriptions were
replaced by exemplars, the accuracy always improved. The reason for this improvement is that
these small extended complexes were overgeneralized and committed more errors than large
complexes. In such mixed descriptions, each concept is described by one extended complex and a
few exemplars. The extended complex covers most of the positive examples, and the exemplars
can be considered as exceptions.

Size | MIN.COVERAGE]F-accuracy #cpx #sel #exem
100 0.0 89.216.5 4.0£2.0 22.0£15.0 0.0£0.0
0.05 91.8+5.4 2.3+0.7 17.846.8 0.5+0.5
0.1 92.1t4.9 2.0+0.0 14.8+4.8 1.0£0.0
1 90.0+5.7 0.020.0 0.0+0.0 9.0+3.0
150 0.0 91.0£1.6 4.8+1.8 27.8%12.2 0.010.0
0.05 93.84£3.7 2.0£0.0 18.3£2.7 3.5+0.5
0.1 94.5+1.8 2.0%0.0 20.3£6.3 4.844.2
1 90.844.1 0.0£0.0 0.0£+0.0 10.0£3.0
200 0.0 93.9+3.0 5.3%1.3 31.5£5.5 0.0£0.0
0.05 94.4+2.8 2.5+0.5 25.0£10.0 6.3%2.7
0.1 93.117.8 2.0£0.0 17.3£4.3 8.0£5.0
1 93.5+4.8 _0.0+0.0 0.0+0.0 13.8+4.2

Table 7.8: Results of the congressional voting records with different values of MIN-COVERAGE
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6.4.2 Lymphatic Cancer

The lymphatic cancer data is characterized by 18 atributes and 4 diagnostic classes. Data of
148 patients were available. The set of attributes was complete, i.e., was sufficient for having all
learning examples consistent. This means that examples of any two classes were always different.
25, 50, 75, and 100 examples were randomly selected for learning respectively, the remaining 48
examples were used as testing set. All experiments were performed four dmes. The results
describing the average of the four runs are presented in Table 7.9.

Both the “c-weight” and “no-weight” descriptions gave the better accuracy and are simpler
than the “base-cpx” descriptions except the size of 25. All methods of FCLS have achieved much
better accuracy (F-accuracy) than C4.5 especially on the sizes of 75 and 100. From the table one
can see that the flexible classificaton method significantly improved accuracy in all experiments
over the strict classification method. The flexible classification method classifies non-typical events
that are strictly covered by either more than one concept descriptions or no concept description.
One reason for this behavior is that the descriptions generated are the most specific, and leave
much event space uncovered. Another possible reason seems to be that the domain includes many
non-typical examples that cannot be classified by the strict method and are correctly classified by
the flexible method. |

Another striking result is that the concept descriptions generated by the c-weight method for
all raining sets are described by one extended complex. These descriptions strictly cover most of
the posizivc examples but not all, the remaining positive examples being flexibly covered by these
descriptions. It seems that these descriptions capture the basic principles of these concepts. Such
one extended complex descriptions leave no room to apply an exemplar-based approach.

6.4.3 Domains Used to Test POSEIDON

POSEIDON was experimentally applied to two different problem domains: labor
management contracts and congressional voting data. The congressional voting data is different
from the data used in secton 6.4.1. To empirically compare POSEIDON and FCLS, FCLS was
run on these two domains with the exactly same training and testing data. Table 7.10 shows the
results. In the table, the terminology used in POSEIDON is used here. ACC is the classificaton
accuracy on testing data, in FCLS the flexible classification method was used to classify testing
examples. #rules (#conds) is the number of rules (conditions) involved in the descriptons
generated. Rules and conditions are equivalent to complexes and selectors, respectively.
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Size Method S-accuracy | F-accuracy | #cpx/#lvs #sel
25 |C4.5 : .
no pruning 66.511.2 15.8+11.8
pruning 69.7+14.4 6.0+2.0
FCLS
base-cpx 66.119.4 77.1£12.2 6.0£0.0 16.3£1.3
no-weight 63.7£5.3 71.5%5.7 4.0+£0.0 18.5%2.5
c-weight 63.4%£12.7 73.8+3.9 4.0+0.0 15.0£1.0
50 |C4.5
no pruning 78.324.4 23.8%£12.8
pruning 72.5£5.5 7.582.5
FCLS
base-cpx 71.2+0.6 79.4%5.4 7.3£1.7 26.0£7.0
no-weight 75.1£2.6 83.0£3.0 4.0+£0.0 24.8+2.8
c-weight 75.9£10.0 | 81.0+9.3 4.040.0 26.845.2
75 |C4.5
no pruning 76.0£8.6 34.3%£11.7
pruning 76.5+4.9 5.5£1.5
FCLS
base-cpx 77.4£3.4 83.5%6.5 9.5£1.5 42.8+11.8
no-weight 79.3£13.7 83.8+£7.9 5.0+0.0 34.0-7.0
c-weight 79.5£6.8 83.5%1.1 4.0+0.0 26.3£3.3
100 |C4.5
no pruning 76.4£6.0 50.0%8.0
pruning 76.5%7.1 10.8£11.2
FCLS
base-cpx 80.4%6.9 84.1£5.9 10.5%1.5 53.0£9.0
no-weight | 78.2£14.2 86.0£7.9 6.0£1.0 46.3£7.3
c-weight | 78.0£7.1 | 8574120 | 4.030.0 | 293337

Table 7.9: Results of the Lymphatic cancer
POSEIDON achieved higher accuracy in the domain of labor management contracts, while

FCLS improved in accuracy over POSEIDON in the domain of congressional voting records. The
higher accuracy achieved by POSEIDON in the domain of labor management contracts may be
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partally due to the ICI rules generated in POSEIDON. One of the reasons for the higher accuracy
obtained by FCLS is the representation and the learning method used in FCLS. In both
POSEIDON and FCLS, a descripgon is generated in two phase: description generation phase and
description optimization phase. The major difference berween these two systems is the algorichms
used in the optimizaton phase. In POSEIDON, a description is optimized by removing some of its
components (selectors or complexes), while in FCLS a complex is optimized by adding ciore
selectors. That is why the descriptions generated by FCLS include more seiectors, even taey
include fewer complexes. In the domain of congressional voting records, most of the fourteen
attributes are relevant to disanguish republicans from democrats, but only some of the conditons
involved in these relevant attributes need to be satisfied in order to distinguish a republican
congressman from a democratic congressman. In the description generated by FCLS, an extended
complex includes all of these relevant conditions, while in the description generated by

POSEIDON, only some of the conditions are included. It seems that FCLS is more appropriate fcr
this domain.

Labor Contract Congress Voting
ACC #rules #conds ACC #rules | #conds
POSEIDON 0% 9 12 92% _10 21
FCLS | ‘
base-cpx 83% 7 19 89% 5 29
no-weight 8% | 2 13 96% 2 26
c-weight 86% 2 13 93% 3 20

Table 7.10: Results from two domains used in POSEIDON

6.4.4 Summary of Real World Domains

This section described the experiments on two real world domains: congressional voung
records and Lymphatic cancer. In the domain of congressional voting records, there is little
difference in accuracy between all methods, but the description generated with the no-weight, the
c-weight, and the d-weight methods are more concise than the base-cpx method. An experiment
was conducted on the congressional voting records with the different settings of the parameter
MIN-COVERAGE. In this experiment, the descriptions that consists of both extended complexes
and exemplars obtained higher accuracy than the descriptions represented as only exemplars or
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extended complexes. Both accuracy and conciseness have been improved with the no-weight and
c-weight methods on the domain of Lymphatic cancer.

6.5 Summary of Experimental Results

The results of all experiments from three types of domains are summarized in the following
paragraphs. In general, the results support the approach presented in chapter 5.

In the domains favorable to FCLS, all results are consistent with what were expected. The
methods with weight learning improved the accuracy and complexity on the method with only
threshold adjusting that always resulted in a large improvement in both accuracy and conciseness
over the base-cpx method. The flexible classificaton method showed an improvement in accuracy.
These experimental results empirically proved the claim that the hybrid representation and its
associated algorithm described in chapter 5 work berter.than many current existng inductive
learning methods on concepts with irregular and imprecise boundaries. The results showed no
difference between the two weight learning methods. '

The results from the domains unfavorable to FCLS showed that the base-cpx and the no-
weight methods achieved the best accuracy among all methods. The base-cpx method performed
much berter than C4.5 because of the use of the two evaluation functons. The performance of the
method with only threshold adjusting (the no-weight method) is close to the base-cpx method, and
the descriptions generated by the no-weight method are very similar to the descriptions generated
by the base-cpx method. This behavior shows that the no-weight method works well in adjustng
the distribution of descriptions between the base .complex and the similarity measure. The two
methods with weight learning degraded the performance, especially on the small number of
training examples. It seems that it is not appropriate to apply weight learning methods to learn well
defined concepts.

The result from the two real world domains demonstrated the applicability of FCLS on real
world problems. In Lymphatic cancer domain, the no-weight and c-weight methods did improve
both accuracy and conciseness over the base-cpx method and C4.5. In the domain of congressional
voting records, all methods performed almost equally well in accuracy, the no-weight, c-weight,
and d-weight methods generated simpler descriptions.

~ One result that is consistent in almost all domains is that the flexible classification method
always improved the accuracy. In some domains, this improvement was significant.

131



CHAPTER 7

RELATED WORK

The research described in this thesis is related to previous work from three areas: flexible
concept learning, simplification of concept descriptions, and the emerging problem of learning
with hybrid representations. The work in learning flexible concepts is related to this work, because
it shares the same goal as the research reported in this thesis: to explore methods to represent and
learn flexible concepts. The work in simplifying concept descriptions is related, because the
concept descriptions generated by the methods proposed in this thesis are often simpler than
traditonal methods. Finally, because the representations used in this thesis are hybrid the work of
learning with hybrid representation is related. This chapter discusses the work in these three related
areas,

7.1 Learning Flexible Concepts

The problem of learning flexible concepts is not new, and has been the subject of much
research. This work includes fuzzy set approaches, probabilistic approaches, and exemplar-based
approaches. These approaches are discussed in Michalski (1990) which is rephrased below.

Some of the most prominent work in the learning flexible concepts is the work on fuzzy sets
by Zadeh and his collaborators and many followers (e.g., Zadeh, 1976; Mumdani and Gaines,
1981). This approach has concentrated primarily with representing the imprecision of concept
boundaries, and has proposed to associate with an imprecise concept a set membership function
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that defines the degree to which an instance represents the concept. This is usually a condnuous
numeric functon, which expresses a subjective view of the concept variability. One way to
interpret the set membership function is as a representation of the typicality of instances. It has
been shown that such a function is useful for computationally representing the influence of
linguistic modifiers, such as ‘very’, ‘more’-or ‘less’, and ‘slightly’ on the meaning of concepts.
The fuzzy set approach has been widely studied and has found a number of applications, in
particular, in the control of complex systems.

This approach does not address, however, a number of issues relevant to representing
flexible concepts. The membership function must be defined by a person and for every context; the
approach does not offer methods for automatically deriving such a functon. The membership
funcdon is usually defined as one argument function; it is difficult to characterize in this way
concepts whose boundaries depend on many arguments. The fuzzy set approach does not seem to
provide adequate mechanisms for capturing concept extensions, representing multiple but
interrelated meaning of a concept, reasoning about the contextodependcnce, or employing
background knowledge for interpreting a concept. A set membership function is not sufficient for
handling such problems.

In cognitive science literature, the inadequacy of representing human concepts by context-
independent, logic-style definitions (the classical view), has been widely recognized (McCloskey
and Glucksberg, 1978; Barsalou and Medin, 1986; and Lakoff, 1987). There have been other
views advanced, such as the probabilistic view and the exemplar view (e.g., Smith and Medin,
1981).

The probabilistic view represents concepts by prototypes and uses the so-called family
resemblance principle (e.g., Rosch and Mervis, 1975), while the exemplar view claims that
concepts are represented by means of examples (e.g., Smith and Medin, 1981; Bareiss, Porter and
Craig, 1990). Both views can be criticized on various grounds. The probabilistic view, which
formally is based on the idea of linear separability, disregards the existence of correlations between
the atributes, the context-dependency, and other information that has been shown relevant to
human concept understanding (e.g., Estes, 1986; Flannagan, Fried and Holyoak, 1986).

The exemplar view promotes the idea of using similarity-based and context-sensitive
matching, which has received support in the cognitive science literature. It ignores, however, the
importance of general concept descriptions, that clearly play an important role in human concept
formation. Such general descriptions are useful, for example, for comparing different concepts,
for recognizing them from partial information, for identifying exceptons, handling context-
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dependency, recording concept changes or for efficiently storing invariant informatdon about
concepts. The above operations are difficult to perform, if concepts are represented only by
examples. In some work using the exemplar view, general aspects of concepts are captured under
the idea of “category smructure,” which is a network of domain knowledge that specifies the
relevance of exemplars to the concept they define (Bareiss, Porter and Craig, 1990). Some recent
work has advocated a knowledge-based view, which emphasizes the need to define concepts
through their role in theories in which they exist as interrelated components (Carey, 1985;
Hofstadter, 1985; Schank, Collins and Hunter, 1986; Medin, 1989).

The two-tiered (TT) representation constitutes a significant departure from the existing
approaches, although it has a relatonship to most of them. The TT approach assumes that concepts
have a certain central tendency, and proposes to describe this tendency explicitly, as the “first
approximaton” of the concept. On the other hand, it assumes that concepts’ variability and
context-dependency are best represented implicitly, by appropriate matching methods and context-
and background knowledge-dependent rules of inference.

Thus, in the sense that it recognizes that concepts have a central tendefxcy, and that there are
typical and less typical concept examples, the TT approach is similar to the probabilistic view and
the fuzzy set representation. It has also a relationship to the exemplar view, as it postulates the use
of sophisticated matching procedures and inference rules in classifying new instances, and
recognizes the usefulness of storing individual examples. The TT approach is also closely related
to the knowledge-based view, as it stresses the role of background knowledge (and inference) in
matching concept with instances, especially, non-typical or borderline instances.

7.2. Simplifying Concept Descriptidus

The leamning methods presented in this thesis relates to several efforts on simplifying concept
descriptions, in particular, to the methods learning pruned decision trees (e.g. Quinlan, 1987;
Cestnik et al, 1987; Fisher and Schlimmer, 1988). In decision tree learning methods, a concept
description is a single tree sgucture that is supposed to account for all concept examples. Such
decisions trees often suffer from excessive complexity, are not human understandable, and
perform poorly in noisy domains. In a noisy or imprecise domain, classification is not exact. So at
the lower levels of an exact tree, a decision tree construction algorithm tries to split a small subset
of training examples randomly by choosing atmributes that have no classification power. Decision
tree pruning is the mechanism that aspires to prevent the construction of subtees if they are
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unreliable. Tree pruning replaces one or more subtrees that only cover few examples with leaves.
Tree pruning involves finding a rade-off between the complexity of the decision tree and estimates
of the classification error of the tree on training examples. While, a pruned decision tree is often
much simpler than its unpruned version, it loses the coverage of Taining examples.

The HILLARY system developed by (Tba et al. 1988) uses a measure to determine the trade-
off between the simplicity and accuracy of a description. This trade-off measure is somewhat
similar to the GDQ measure used in POSEIDON system that was described in section 3.4. The
GDQ measure, however, considers more factors. In addition to taking into account the typicality of
the examples covered by the description, it considers the type of matching between an example and
a description. Moreover, the simplicity measured by the GDQ depends not only on the number of
disjuncts in the description as in (Iba et al. 1988), but also on the different syntactic features of the
terms in the description.

The major difference between the work presented in this thesis and related research in
simplifying descriptions is that TT methods can yield a simpler description without losing
coverage. TT methods can compensate for the lack of coverage of one ter (BCR) by an application
of the second tier (ICT), either by using flexible matching or deductve inference rules. In contrast,
the simplified descriptons generated by other methods do not cover some of the training examples,
they always produce some error on the raining examples, and are only approximadons of the
target concepts if the uncovered training examples are not noise.

7.3 Hybrid Representations

No single representation is the best choice for all concept learning tasks. Different problems
need different representations, or combinations of several representations. The best representation
for a given problem depends on the characteristcs of the concept 10 be leamed and the data to learn
from. It is often not known that which kind of representation is the most suitable for a given
learning problem before learning starts. Thus, it would increase the autonomy and effectiveness of
an inductive leamning system if it were able to make its own choices regarding selection of
representation. One way to do so is to use a hybrid representation and an associated learning
algorithm that is able to adjust the hybrid representation to adapt the given learning problem. Two-
tiered concept representation is a hybrid representadon, because each concept is represented by two
parts, and these two parts may use different representations. For example, in POSEIDON, this
first part is a disjunctive normal form, and the second part includes a similarity matching function,
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and a set of production rules.

Schlimmer (Schlimmer, 1987) has constructed a hybrid representadon and associated
learning algorithm embodied in his STAGGER program. STAGGER is designed to incrementally
learn a concise and comprehensible description of a concept given a series of potendally noisy
examples. The program maintains 2 pair of weights for each boolean term in his concept
descripdon. One corresponds to logical sufficiency, the other to logical necessity. By adjusting the
weights and by adding or removing boolean terms, the program searches for a consistent concept
description. Leamning in STAGGER is accomplished by using three cooperative components. One
of the learning components modifies the weight of boolean terms by counting examples (both
positive and negative) that match or do not match each boolean term. The second component adds
new boolean connectives to the concept description to repair overly general or overly specific
hypotheses. The third component turns an aggregation of real-values into a few discrete ones.

The representation used in STAGGER can be viewed as a simple form of two-tiered
representation. Boolean terms (both primitive and constructed) serve as the first tier, and the
weights and the function used to compute Odds (degree of fit of an example) are the second tier.

Utgoff (Utgoff, 1988) described a hybrid representation called Perceptron Trees, and a
perceptron wee learning algorithm called the Percepuon Tree Error Correction Procedure. A
perceptron tree is a mixing of decision trees and linear threshold units. A perceptron tree is defined
as either a linear threshold unit, or an attribute test with, for each value the atribute can take on , a
branch to a perceptron tree. The perceptron tree error correction procedure incrementally updates
the perceptron tree undl it is consistent and complete. The inidal perceptron tree consists of a single
~ empty node. All leaves of the final tree are linear threshold units and all internal nodes are decision
nodes.
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CHAPTER 8

CONCLUSIONS

In this final chapter, I first summarize the research reported in this thesis, then discuss the
contributions of this research, and finally limitations and future research are stated.

8.1 Summary

Flexible concepts play important roles in the real world life. This thesis is a study of
mechanisms that automatically acquire flexible concepts from a set of given examples. The first
chapter discussed the background and motivations of the research. The problem investigated in this
thesis is learning flexible concepts from examples that is relatively less explored and emerges as an
important direction in the field of machine learning.

Any concepts learned must be described in some representaton language. Thus, an important
issue is how to represent flexible concepts. In chapter 2, the idea of the two-tiered concept
representation which is proposed to represent flexible concepts was introduced. In the TT
representation, the concept meaning is defined by two components: the base concept representation
(BCR), and the inferential concept interpretaton (ICI). The BCR is an explicit description of basic
concept properties, while the ICI characterizes allowed modifications of the concept meaning and
its possible variations in different contexts. Thus, the ICI defines concept boundaries implicitly, by
the results of matching procedures and inference processes. The approaches described in the rest
of the thesis are based the idea of the two-tiered concept representation.
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In the third chapter, a flexible concept learning approach and its implementation,
POSEIDON system, was described. In contrast to existing leaming methods in which concepts are
represented as single knowledge structures, POSEIDON assumes a two-tiered concept
representation. The BCR is a disjunctive normal form represented in the attribute-based variable-
valued logic system VL1 (Michalski, 1983). The ICI includes a flexible matching function, and a
set of deductive rules. In POSEIDON, the BCR is obtained in a two-phase process. First, a
complete and consistent description is learned from a conventional learning program (AQ135).
Next, this description is optimized according to a general description quality measure (GDQ). This
is done by a double-level search process that uses both generalization or specialization operators.
The GDQ takes into account not only the properties of the BCR, but it also involves the ICI (e.g.,
complexity and accuracy of the total descripdon).

The ICI has two components, one, which specifies a flexible matching function, and the
second, which specifies a rule base for handling exceptions and context-dcpendcncy. The rules can
be of two types. The rules of the first type extend the meaning of the concept, and rules of the
second type contract the meaning defined by BCR. The first type of rules are employed when an
instance does not satisfy the BCR, nor is covered by the flexible matching function. The rules of
the second type are used when an instance is covered by a BCR of more than one concept, or
when there is a need for confirming the concept membership. In both cases the rules are used
deductively. An advantage of the rules over other methods of matching is that they provide an
explanation why a given instance is or is not a member of the concept.

The experimental results reported in Chapter 4 have supported the hypothesis that TT concept
descriptions can be simpler, more accurate and easier to understand than "single-ter" descriptions.
For example, the obtained TT descriptions for the acceptable labor managements contracts gave the
performance of over 90% correct and used only about 9 rules. In contrast, the best performance of
a simple exemplar based method gavé the 80% correct predictions on new examples and used 27
rules, and a pruned decision tree gave the performance of 86% and was equivalent to 29 rules. The
method also outperformed’ the previous method based on the TRUNC procedure in terms of the
performance (80%), but at the cost of a more complex concept description.

Chapter 5 described an alternative approach to learning flexible concepts. This approach has
been implemented in the Flexible Concept Learning System (FCLS). The concept representation
used in this approach is a simple form of the two-tiered concept representation, in this simple
form, the ICI does not consists of inference rules. The ICI in FCLS includes a syntactic similarity
measure that decides the degree of fit between an event and a disjunct (complex) of a concept
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description. In addidon to the similarity measure, each complex has a set of weights, and a
threshold. Each weigh expresses the necessity of an individual selector of the complex, while
threshold defines the boundary of the complex, and reflects the joint sufficiency of the selectors of
the complexes. The weights are used in the similarity measure to determine the degree of fit. A
complex plus its weights and threshold is called an extended complex. In addition to a set of
extended complexes, a concept description may also include a set of exemplars which represent
exceptons or rare cases. Two classification methods, the strict method and flexible method, were
introduced to decide concept membership of an event based on the descriptions generated.

An extended complex is generated in two phases: base complex generation and extended
complex optimization. The phase of base complex generation produces a set of base complexes
that satisfy the consistency requirement and are the most general. A base complex is a complex
without weights and threshold. The phase of extended complex optimization optimizes the base
complexes generated in the phase of base complex generation to cover more positve examples by

" decreasing the thresholds of these complexes. In the optimization phase, the weights of a complex
are computed, and the threshold is adjusted. Two weight learning methods, the count-based and
degree-of-fit-based methods, were proposed to compute weights. In generating a complex, A pair
of evaluation functions, Quality Evaluation Function (QEF) and Potential Quality Evaluation
Function (PQEF), were applied to evaluate complexes. QEF decides the ‘best’ complex, while
PQEF decides the complexes that are the most promising for improvement.

FCLS was tested on three different types of problems: the problems favorable for FCLS, the
problems unfavorable for FCLS, and real world problems. In each experiment, FCLS was run
with four different methods. One is the method without threshold adjusting and weight learning,
the second is the method with threshold adjusting, but without weight learning, and the third and
forth are the methods with both threshold adjusting and weight learning. To compare the method
with other inductive learning method, the decision tree learning system C4.5 was also run on the
same domains with and without pruning. The experimental results were reported in Chapter 6. As
expected, the method with threshold adjusting and weight learning significantly improved both the
accuracy and complexity of concept descriptions over the method without threshold adjusting and
weight learning and C4.5 on the favorable problems. On the unfavorable problems, the method
without threshold adjusting and weight learning and the method with threshold adjusting and
without weight learning outperformed the method with weight learning and C4.5, and the results
of the method with weight learning were comparable with C4.5. The results from the real world
domains were less consistent, but generally speaking, the method described in Chapter § slightly
improved both accuracy and complexity of descriptions over C4.5 and the method with threshold
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adjusting and weight learning. The experimental results showed support for the proposed flexible
concept learning method, and suggest some improvements which will be discussed in section 8.3.

Finally, in Chapter 7, [ surveyed related work that addresses the tasks of learning flex:ble
concepts from examples, simplifying concept descriptons , and hybrid representations.

8.2. Contributions

It has been stated that the primary goal of this research is to explore approaches to
representing and learning flexible concepts. Accordingly, the major contribution of this work is
that two representation formalisms were proposed to represent flexible concepts based on the idea
of the two-tiered concept representation, and that their associated learning algorithms were
designed to automatically acquire descriptions of flexible concepts. These two approaches were
respectively implemented in: POSEIDON and FCLS, and were empirically evaluated on various
domains. More specific contributions of these two systems are summarized below.

8.2.1 POSEIDON

The work in POSEIDON represents a number of advances, compared to previous work on
learning TT concept representations (Michalski et al, 1986). That earlier approach produced some
preliminary results in which a flexible matching function was applied during the testing phase. The
same research investigated the effect of runcating concept descriptions. In the system presented
here, though, the flexible matching function is augmented by a set of rules defining how to extend
or modify a concept description at the “knowledge level” (Dietterich 1986). In the TRUNC
approach (Michalski et al., 1986) truncations of the description involved only rule removal
operator. This is in contrast with the SG-TRUNC method in POSEIDON, which is based on the
search for two-tiered descriptions using three operators, complex removal, selector removal, and
referent modification. |

Another important advance is the development of a heuristic double-level search procedure,
called SG-TRUNC, which explores the space of two-tiered descriptions in order to determine a
globally optimized description. The search employs both generalization and specialization
operators, and is guided by a new criterion, the general description quality measure (GDQ). This
measure takes into consideration the description accuracy, its cognitive comprehensibility and the
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computational cost of both ters of a description (BCR and ICI). By introducing such a general
description evaluation measure, the meaning of concept learning can be defined in a new way.
Namely, concept learning can be viewed as a process of improving initial descriptions according to
a given description quality criterion. The initial description can be in the form of positive and
negative examples, a CC concept descripton, a teacher-supplied tentative description, or others.

Other advances include the use of a more powerful accuracy measurement in GDQ, which is
able to take into consideradon the typicality of maining instances (when it is known), and the
inroducdon of a rule base for implcmcntihg the ICI. The thesis presents also a body of
experimental results on the performance of the proposed method, and its comparison to several
other methods, such as various variants of exemplar-based learning, decision tree learning, and the
earlier method based on the simple TRUNC procedure.

8.2.2 FCLS

FCLS uses a novel hybrid representation to describe a concept. First, the hybrid
representation combines a symbolic representation with a numerical one. The symbolic
representation is a disjunctive normal form, and the numerical representation includes a set of
weights and thresholds. Second, an exemplar model is incorporated into the hybrid representation.
This hybrid representation can be viewed as a combination of exemplar-based and logic based
representations from two aspects. First, both generalized descriptons and exemplars are used
together to describe a concept. Second, because of the use of the similarity measure, each base
complex can be viewed as a generalized exemplar and treated in the same way as an exemplar.
Under such a hybrid representation, proximate disjuncts may merge, concepts with irregular and
imprecise boundaries can be represented more compactly, concept descriptons are graded and
represent different degrees of typicality of examples, and exceptions are represented as exemplars.

Another accomplishment is the development of a technique for generating concept
descriptions that are represented in the hybrid representation. This technique generates a concept
descripton by adjusting the distributions between the symbolic and numeric representations, and
between the generalized descriptions and exemplar-based descriptions to achieve the ‘best’
performance for a given problem. This algorithm consists of two phases. The first a symbolic
description is generated, and the second phase optimizes the symbolic description by adjusting the
disaibution between the symbolic description (base complex) and the numeric one (weights and
threshold). In the learning algorithm, the most specific description is generated for each concept to
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Other important future work involves constructive induction (Michalski 1983). In general,
constructive induction produces descriptions that are easier to understand, and caprure the salient
features of the concept. It would be useful to apply constructve induction to generate a BCR that
captures the ideal principles of a concept. The effects of this type of induction are even more
relevant for TT approaches. Constructive induction folds several disjuncts into a single one.
Moreover, the use of constructive rules will usually merge relevant conjunctive descripdons of the
concept, regardless of how many examples they cover. This feature of constructive induction may
prevent removal of small relevant complexes, or replace them with exemplars.

Another open issue is the ability of the system to self-reorganize. This issue is also related to
the problem of batch incremental learning. The distribution of knowledge between the BCR and
the ICI may need to be adjusted when a set of new examples becomne available. So the incremental
learning in a TT approach involves not only creating new BCR or ICI, but also adjusting the
distribution between the BCR and ICI. This incremental learning feature is especially important
when concept meaning drifts. Some exceptions-handling ICI rules are used very often to classify
new examples, they could be compiled into explicit BCR assertions. Some exemplars may be
replaced by generalized disjuncts, after more examples are seen. This interesting research problem
merits further investigation.

In POSEIDON, the typicality of examples can be used in optimizing a complete and
consistent concept description generated by AQ15. As mentioned earlier, the information of
typicality could be very helpful in learning a TT concept description. The typicality of examples
can be used to reduce the search space and find the optimum distribution of concept meaning
between the BCR and ICI. In the futurc: FCLS will be extended to incorporate the algorithm to
take advantage of the typicality of examples in learning TT concept descriptions. In this algorithm,
typical examples will be used to leam the base complexes, less typical examples will be used later
to relax the conditions included in the base complexes, that is to opdmize the base complexes.

As we know the ICI define a concept implicitly. It is, therefore, very difficult for a user to
understand a classification of an event when the ICl participates in the classificaton. It would be
vcry useful if an explanation can be generated for such a classification. This explanation can serve
as a qualitative result of a classification. The feature of generating explanation of a classification
will be included in next version of FCLS.
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