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Abstract

A method of applying a recurrent backpropagation network to identifying or modelling a
dynamic system is proposed. After the recurrent backpropagation network having both the
characteristicsof interpolative network and associative network is applied to XOR problem,
a new model of recurrent backpropagation network is proposed and compared with the
original recurrent backpropagation network by applying them to XOR problem. Based on
the observation thata function can be approximated with polynomials to arbitrary
accuracy, the new model is developed so that it may generate higher-order terms in the
internal states Moreover, it is shown that the new network is succesfully applied to

recognizing noisy patterns of numbers.
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