= 92 2 A2 Es] =FA 2000, Vol. 10, No. 3 (2000)270~279

g g 4733279 On-chip 3y €28 F
On-chip Learning Algorithm in Stochastic Pulse Neural Network
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ABSTRACT

This paper describes the on-chip learning algorithm of neural networks using the stochastic pulse arithmetic.

Stochastic pulse arithmetic is the computation using the numbers represented by the probability of 1's and 0's
occurrences in a random pulse stream. This stochastic arithmetic has the merits when applied to neural
networks ; reduction of the area of the implemented hardware and getting a global solution escaping from
local minima by virtue of the stochastic characteristics. And in this study, the on-chip learning algorithm is
derived from the backpropagation algorithm for effective hardware implementation. We simulate the nonlinear
separation problem of the spme character patterns to verify the proposed learning algorithm. We also had good

results after applying this algorithm to recognize printed and handwritten numbers.
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