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Rule Generation by Search Space Division Learning Method
using Genetic Algorithms
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ABSTRACT

The production-rule generation from training examples is a hard problem that has large search space and many local
optimal solutions. Many learning methods are proposed for production-rule generation and genetic algorithms is an
alternative learning method. However, traditional genetic algorithms has been known to have an obstacle in converging
at the global solution area and show poor efficiency of production-rules generated.

In this paper, we propose a production-rule generating method which uses genetic algorithm learning. By analyzing
optimal sub-solutions captured by genetic algorithm learning, our method takes advantage of its schema structure and
thus generates relatively small rule set.
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STEP | : / Initialize Population /
1.1 Initialize Population P(#&)
1.2 Fitness P(#)
STEP 2 : / Global Search Procedure /
21 t =t + 1




2.2 Select A from P(¢—1)
2.3 Crossover P({)
24 Mutate P(#)
25 Fitness P(#)
2.6 If Stoping criterion met, then stop

/2 point crossover /

/uniform mutation /

Else If global search stoping criterion met,
Then go to step 3
Else go to step 2.
STEP 3 : / Local Search Procedure /
3.1 Get the schema S;
3.2 Make subpopulation SP{#) from S;
33 ¢t=1¢t+1
34 For each subpopulation SP{#)
341 Select SP{(#) from SPf{t—1)
34.2 Crossover SP{® / uniform crossover /
343 Mutate SPLDH / 7}8 EE mutation /
344 Fitness SP{?)
35 Fitness P(# from each subpopulation SP(®
36 If stoping criterion met, then stop
Else If local search stoping criterion met
Then go to step 2
Flse go to step 3.3
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e q% A%E (%)
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