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ABSTRACT

In this paper, we introduce the identification model of dynamic system using the neural networks. We
propose two identification models. The output of the parallel identification model is a linear combination of its
past values as well as those of the input. The series—parallel model is a linear combination of the past values
in the input and output of the plant. To generate stable adaptive laws, we prove that the series—parallel model
is found to be preferable,
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