19944 187 HEYIL8ERGE #3148 Bl %1%

FA394-31B-1-13
pRAM 3129& 913 43} 84 Jaels

(A Backpropagation Learning Algorithm for pRAM
Networks)

TCE =Bk
(Jae Hee Won and Soo Tk Chae)

A7 Aelg Sl F AR A S 715E e Hd B2e) 7ee] Faslch pRAM
& ApEstAel el gl

1 26 TRog s AOR g vl Sl A s Fad M3t
?S}l:]- -l;_i’\"é-% ‘:1_;1}\% 2 E_% Bth‘% 0]% }_021 pRAIVI §]i\:ﬂ-.9_ 0]‘6}- _Q_z] OﬂX‘]J—]— TS.]’ Q-},LE]*U“E" ‘TOT
£3m. o8 A4 HZe FHY 4 AT FUH pRAM TEE AUSHE XOR #A9} 54 214

Aol gt mo) Ay AE A Ao}
Abstract

Hardware implementation of the on—chip learning artificial neural networks is important
for real-time processing. A pRAM model is based on probabilistic firing of a biclogical
neuron and can be implemented in the VLSI circuit with learning capability. We derive a
backpropagation learning algorithm for the pRAM networks and present its circuit
implementation with stochastic computation. The simulation results confirm the good
convergence of the learning algorithm for the pRAM networks.
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