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Computational circuits using neural optimization concept
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Abstract

A neural network structure able to perform the operations of analogue and binary addition is proposed.
The network employs Hopfield” model of a neuron with the connection elements specified on the basis of
an analysis of the energy function. Simulation using NMOS neurons has shown convergence predominantly

to the correct global minima
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Table 1. Simulation results for a four-bits adder: input [0, 15.5].

4y A 4= B
@2 | 0 0.1 02 0.3 0.4 05 056 0.7 08 0.9
0 0 0 0 0 0 0.5 1 1 1 1
1 1 1 1 1 1 1 1 1 2 2
2 2 2 2 2 2 2.5 3 3 3 3
3 3 3 3 3 3 3 3 3 4 4
4 4 4 4 4 4 4.5 5 5 5 5
5 5 5 5 5 6 6 6 6 6 6
6 6 6 6 6 6 6.5 7 7 7 7
7 7 7 7 7 7 7 8 8 8 8
8 8 8 8 8 8 85 9 9 9 9
9 9 9 9 9 9 9 9 10 10 10
10 10 10 10 10 10 10.5 11 11 11 11
11 11 11 11 12 12 12 12 12 12 12
12 12 12 12 12 12 12.5 13 13 13 13
13 13 13 13 14 14 14 14 14 14 14
14 14 14 14 14 14 14.5 15 15 15 15
15 15 15 15 15 15
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