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Inductive Learning using Theory-Refinement Knowledge-Based
Artificial Neural Network

Shim Donghee*

ABSTRACT

Since KBANN (knowledge—based artificial neural network) combing the inductiive learning algorithm
and the analytical learning algorithm was proposed, several methods such as TopGen, TR-KBANN,
THRE-KBANN which modify KBANN have been proposed. But these methods can be applied when
there is a domain theory. The algorithm representing the problem into KBANN based on only the instances
without domain theory is proposed in this paper. Domain theory represented into KBANN can be refined
by THRE-KBANN. The performance of this algorithm is more efficent than the C4.5 in the experiment

for some problem domains of inductive learning.
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