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Abstract

This paper introduces a new methodology for multistrategy
leaming, calied Learnable Evolution Model (or LEM),
which combines symbolic learning and evolutonary
computation. The method employs a form of Lamarckian
evolution , in which a symbolic learning process is used to
determine “reasons” why certain individuals in a
population are superior to others in performing designated
tasks. These reasons, expressed in the form of symbolic
descriptions, are vsed, in combination with the standard
evolutionary operators, for creating a new generation of
individuals in an evolutionary compufation process. The
method has been compared to two standard genetic
algorithms in solving a range of function optimization
problems. In the experiments, the proposed method has
outperformed two standard genetic algorithms by a wide
margin, frequently achieving a speed-up of two or three
orders of magnitude.

Introduction

Recent years have witnessed a significant progress in the
development of monosirategy symbolic learning methods,
and in scaling them up to cope with large datasets (e.g.,
Clark and Niblett, 1989; Coben, 1995; Diettesich, 1997,
T. Mitchell, 1997: Michalski, 1998). There has also been
a significant progress in the area of evolutionary
computation (e.g., Baeck, Fogel and Michalewicz, 1997,
Koza, 1994). Becanse these two methodologies have
complementary strengths and limitations, a question
arises if their integration could not lead to a new powerful
leaming methodology. This question motivates research
whose first results are presented in this paper.

All standard methods of evolutionary computation draw
inspiration from principles of Darwinian evolution: the
basic operators they employ are mutation, crossover
(recombination), and selechion of the fittest. These
operators are simple and attractive because they can be
applied without knowing a model of the problem domain
(e.g., Holland, 1975; Michalewicz, 1996, M. Mitchell,
1996). Consequently, such ¢volutionary methods are very
general, and bave been applied to a wide range of

i

problems (e.g., complex oplimization problems,
evolutionary prograuuming, pattern recognition,

engineering design, and evolvable hardware). The
Darwinian-type evolution is, however, semi-blind: the
mutation is a random madification of the current solution;
the crossover is a semirandom recombination of two
solutions; and the survival of the fittest is a form of
parallel] hill climbing. In this type of evolution,
individuals cannot pass the lessons leamed from their
experience to the next generation. Consequently,
computational processes based on Darwinian evolution
are not very efficient. Low efficiency has been the major
obstacle in the application of evolationary computation to
very complex problems.

The novel idea presented in tius paper is (o introduce
symbolic learning to evolutionary computation in order to
improve the way new generations of individuals are
created. The proposed general leaming methodology,
called Learnoble Evolution Model (buefly, LEM), is a
form of Lamarckian' learning. LEM combines two
processes —symbolic  learning,  concerned  with
determining and exploiting differences between sets of
individuals (e.g., current solutions, the alternative
descriptions characterizing training examples, etc.), and
the evolutionary learning, concerned with an evolutionary
improvement of the solutons, based on the results of
symbolic lecarning.

In the presented method, the symbolic learning step
employs the AQI15 leaming program for generating
hypotheses characlerizing “best” individuals (solations).
The evolutionary learmng step uses generated
hypotheses, in combination with standard genetic
operators, for creating a mew generation of solutions.
The process stops when the obtained soluuon is

! After Chevalier de Lamarck, the title of jean Baptiste Pierre
Antoine de Monet, French naturalist (1744-1829), who is the
author of the theory that adaptive responses to eavironment
cause structural changes capable of being inherited.






