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Abstract: Based on the evolutionary progranming, a method to automatically design neural networks (NN s)
ensanbles isproposed D ifferent individual NN s in the ensamble can learn to subdivide the task and thereby lve it
more efficiently and elegantly. The architecture of eachNN in the ensanble and the size of the ensamble need not to
be predefined Smulation results show that the proposed method is valid
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