
Preface

Classi�er systems are an intriguing approach to a broad range of machine
learning problems, based on automated generation and evaluation of condi-
tion/action rules. In reinforcement learning tasks they simultaneously address
the two major problems of learning a policy and generalising over it (and re-
lated objects, such as value functions). Despite over 20 years of research,
however, classi�er systems have met with mixed success, for reasons which
were often unclear. Finally, in 1995 Stewart Wilson claimed a long-awaited
breakthrough with his XCS system, which di�ers from earlier classi�er sys-
tems in a number of respects, the most signi�cant of which is the way in
which it calculates the value of rules for use by the rule generation system.
Speci�cally, XCS (like most classi�er systems) employs a genetic algorithm
for rule generation, and the way in which it calculates rule �tness di�ers from
earlier systems. Wilson described XCS as an accuracy-based classi�er system
and earlier systems as strength-based. The two di�er in that in strength-based
systems the �tness of a rule is proportional to the return (reward/payo�) it
receives, whereas in XCS it is a function of the accuracy with which return
is predicted. The di�erence is thus one of credit assignment, that is, of how
a rule's contribution to the system's performance is estimated. XCS is a Q-
learning system; in fact, it is a proper generalisation of tabular Q-learning,
in which rules aggregate states and actions. In XCS, as in other Q-learners,
Q-values are used to weight action selection. In rule generation, a rule's weight
is an inverse function of the error of its Q-value; thus XCS �nds rules which
minimise errors in the Q-function, and is able to accurately approximate it.
Wilson argued XCS's superiority over earlier systems, and demonstrated im-
proved performance on two tasks. However, the theoretical basis of XCS's
results { and indeed those of earlier systems { needed development. Conse-
quently, this thesis has been devoted to the development of theory to explain
how and why classi�er systems behave as they do. In particular, a theory un-
derlying the di�erence between strength and accuracy-based �tness has been
sought. In order to compare XCS with more traditional classi�er systems,
SB{XCS, XCS's strength-based twin, is introduced. SB{XCS is designed to
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