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Adaptive node pertubation learning for liner perceptron
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Abstract— In conventional node perturbation
learning, the noise disturbs the system from reach-
ing zero error. We proposed a new learning method
with time diminished perturbation to achieve zero er-
ror asymptotically. This method gives a smaller error
than conventional method independently of parame-

ters.

Keywords— on-line learning, reinforcement learn-
ing, residual error, stochastic gradient method
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