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Abstract

This paper presents a novel control approach for stochastic processes with nonstationary statistics and time-varying
dynamics by using neural network control and dynamic Bayesian network modeling. We design a MLP-IIR neural
network as a controller and propose online learning algorithm for compensating real-time system error due to such
natures. We statistically represent relationship of input and output of a stochastic system by using a DBN model,
which is technically used in constructing of a predictive control system. We evaluate our control method through
computer simulation and demonstrate its superiority by comparing with the traditional control.

Key Words : Neural network control, Dynamic Bayesian networks, Stochastic process, Nonstationary statistics,
Time-varying dynamics
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