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Proof of the Approximation Ability of Recurrent Neural Networks
to Nonlinear Continuous- Time System with Input
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Abdtract:  Sarting from the universa gpproximation theorem of multilayered feed forward neurd networks,this pgper proves
that thefinite time trgectory of ronlinear continuoustime sysemwith input can be gpproximated by the gate vector of the output units
o adassd recurrent neurd networks.
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