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Abstract

Learning rules have been studied in a purely gen-
eric, problem-independent context in an attempt to
get universal learning rules. In this paper, we present
a method that is capable of automatically producing
neural net learning rules depending on the network
architecture and the problem to be solved. Genetic
programming (GP) techniques have been used to this
end, as these techniques show signs of robustness in
search processes, as well as being widely applicable.

1 Introduction

Some authors use the idea of adapting some parameters
of a neural network, by means of a genetic Algorithm
[Miller et al., 1991; Kitano, 1990]

In this paper, we consider the possibility of automat-
ically generating the best learning rule depending on the
problem to be solved and the architecture used, taking a
set of randomly generated rules and making them evolve
as per the principle of natural selection. Genetic pro-
gramming techniques are used to do this [Koza, 1992).
This idea is not new, although it has not been much ex-
ploited. The most important experiment was conducted
by David Chalmers [Chalmers, 1990]

His experiments are successful, finding learning rules
for linearly separable functions using a single-layer neural
net. In this paper, we present the results of work that
goes beyond Chalmers approach, as it places no con-
straints on the learning rule and also operates with non-
linear functions.

2 Results Analysis And Conclusions

The problem which we have addressed is to search learn-
ing rules for a neural net that is to learn a series of logical
functions. The functions are as follows: AND, AND,
OR, OR, ID1, ID2, ID1, TD2, XOR, XOR. As we can
see, not all of them are linearly separable, which means
that the net to be used should have more than one layer.
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The experiments seem easily to solve one of the prob-
lems that has taken up so much work in the field of neural
nets, the search for learning rules for multi-layer nets.

The explanation is obvious. The solutions found per-
fectly fit the 200 sets of initial weights that consti-
tuted the training set.

The experiments show that genetic programming is not
a good method for generating generic rules, as it leads to
overfitness. However, the method is absolutely efficient
in the case of a constrained environment. Hardware im-
plementations of a neural net are one example of such
an environment, where methods that require exhaustive
information interchange, such as backpropagation, can-
not be implemented because of the amount of cabling
required.

Another case where non-generic rule generation may
be important is when there is no known learning rule,
either because of the net architecture or other parameter
restrictions. In these cases, and for given experiments,
genetic programming would be capable of providing the
required learning rule.

Finally, an important applicability of genetic program-
ming methods is to improve existing solutions by evolving
already operational solutions.
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