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Abstract From the view point of VLSI implementation, a new learning algorithm suited for
network with quantized connection weights is desired. This paper presents a new leaming
algorithm for the DBM(deterministic Boltzmann machine) network with quantized connection weight.
The performance of proposed algorithm is tested with the 2-input XOR problem and the 3-input
parity problem through computer simulations. The simulation results show that our algorithm is
efficient for quantized connection neural networks,
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