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Abstract - This paper presents a stable learning algorithm
for diagonal recurrent neural network{DRNN). DRNN is
applied to a problem of controlling nonlinear dynamical
systems. A architecture of DRNN is a modified model of the
Recurrent Neural Network(RNN) with one hidden layer ,and
the hidden layer is comprised of self-recurtent neurons.
DRNN has considerably fewer weights than RNN. Since
there is no interlinks amongs in the hidden layer. DRNN is
dynamic mapping and is better suited for dynamical systems
than  static forward neuwral network. To guarantee
convergence and for faster learning, an adaptive learnig rate
is developed by using Lyapunov function. The ability and
effectiveness of identifying and controlling a nonlinear
dynamic system using the proposed algorithm is
demonstrated by computer simulation |
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