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Abstract The neurogenesis is that new neurons are generated in the human brain. It is known that the neuroge-
nesis improves memory and thinking ability by combining new neurons with biological neural network. We consider
that the neurogenesis can be applied to an artificial neural network. In this study, we adapt the neurogenesis
to a Multi-Layer Perceptron (MLP). We propose the introduction method as periodic and chaotic of MLP with
neurogenesis. We compare the performance of the MLP with neurogenesis to the conventional MLP for approxi-
mation of function and pattern recognition. We show the MLP with neurogenesis has better performance than the
conventional MLP by computer simulations.
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