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Abstract; A new type of MISO ( Multiple-Input, Single-Ouiput) multivariate generalized polynomials
neural network is constructed based on muliivariate function approximation theory. According to least
square theorem, a pseudoinverse-based weights-direct-determination method is further presented to deter-
mine the neural-weights just in one step. Moreover, on the basis of this weighis-direct-determination, a
hidden-layer evolution algorithm is proposed based on exponential-growth and binary-delete-search strate-
gy. Theoretical analysis demonstrates that, since the weights-direct-determination method and the hidden-
layer evolution algorithm could obtain the optimal weights directly without lengthy iterative BP-training,
the constructed neural network could remedy the weakness of conventional BP neural networks, such as
the existence of local-minima, choosing of learning-rate as well as the determination of the hidden-layer
neurons. Computer simulation resulis substantiate the advantages of weighis-direct-determination method
and hidden-layer evolution algorithm for the constructed neural network, in the sense of training speed
and high approximation precision.
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Fig. 3 Approximation and denoise results of MISO multivariate generalized polynomials neural network to instance II
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Fig. 4 Flow chart of the proposed evolution

algorithm forMISO multivariate generalized

polynomials neural network
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