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Abstract

Learning Classifier Systems (LCSs) are one kind of machine learning system that uses genetic
algorithms to learn rules. LCSs receive environmental information through detectors and call
external actions that depend on some simplified condition-action rules to react to the
environment. Any reactions from the environment cause LCSs to change their internal rules
and thus achieving their learning capabilities. The way of learning in LCSs is reinforcement
learning in which massively parallel, message-passing, intensifying their strength of
interconnections. In addition, the bucket brigade algorithm is designed to solve the difficult
credit assignment problem for LCSs. The characteristics of LCSs are stated as follows. First,
LCSs are a new approach to machine learning which combining the advantages of expert
systems and genetic algorithms. Second, LCSs use feedbacks as a tool for machine learning in
order to obtain better system performance. Third, LCSs use random method to derive the
conditions in their rules, which is very similar to the real world situation. Fourth, The rules in
LCSs are one-to-multiple mapping which can greatly improve the system efficiency. Finally,
LCSs can modify or add rules during their execution to obtain better learning performance.
Nevertheless, LCSs have the following drawbacks. First, all classifiers in LCSs are
fixed format that cannot handle any variable length messages. Second, LCSs are difficult to
perform reinforcement learning in some uncertain environments. This is because the design
complexities between bucket-brigade algorithm, bidding system, and credit apportionment
problem. Third, LCSs cannot handle fuzzy relation. A fuzzy relation is a fuzzy mapping
between one or more independent variables to a dependent variable. However, using fuzzy
logic in LCSs can tackle all of these drawbacks. We therefore propose an approach to
implement a fuzzy learning classifier system model for solving the problem. In a fuzzy LCS
each value is a symbol representing a fuzzy subset of the set of the values the real-valued
variable can take. Fuzzy rules can be discovered and learned through the proposed fuzzy
LCS. A fuzzy rule represents a mapping from an input to an output, which are all real-valued
variables. Therefore, the proposed fuzzy LCS is the extension of crisp LCSs and it can
handle various linguistic or real-valued variables in which the crisp LCSs cannot.
The proposed fuzzy LCS is not only a new model for LCSs that incorporating
reinforcement learning, but also a tool used for breaking cryptographic system and for
inventory control.

Keywords: Learning classifier system, Reinforcement learning, Bucket brigade algorithm,
Fuzzy logic, Genetic algorithms
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: Rote learning and direct implementation of new knowledge
: Learning from instruction

: Learning by analogy

: Learning from examples

: Learning from observation and discovery
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