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ABSTRACT
A neural network structure which is able to perform the operations of analog addition and linear equation is
proposed. The network employs Hopfkeld's model of a neuron with the connection elements specified on the basis of
an analysis of the energy function. The analog addition network and linear equation network are designed by using
Hopfield’s A/D converter and linear programming respectively. Simulation using Pspice has shown convergence
predominently to the correct global minima.

Key Words : Analog additon, Linear equation, Hopfield, Neural Networks, Energy function, Convergence,
Global minima.
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Fig. 1. Input node of i__th neuron.
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Fig. 2. Electrical model of Hopfield Neural Networks
with feedback.
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Fig. 3a. Block diagram of addition neural network.
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Table 1. Simulation results for a four-bits adder: inpu
[0, 155].

5%
EE
A% 0 |01]02|03]04]|05]06]{07|08]09
0 ojofofofofos[r[T]1][T
1 I[1]1]1]1 T[1i1[2})2
2 2121227212573 ]3]3]3
3 313333333744
4 41444445 5]5[5]5
5 5|/5|5[5]6[6]6][6[6][6
6 66668 6577717
7 71777778888
3 81888 8[8]9[9]9[9
9 EAERERERAEREAER R EAED
10 10 [ 10 [ 10 [ 10 [ 10 f105] 11 [ 11| 11 | IT
11 mjifnfezjefzeli2]iz]iz
12 112 12]712] 12125 3] 1B]13]13
13 BlBTBlWlalalala]14]14
14 |14l 1414145 151571515
15 L1515 15] 15

4.2, MYLUYY sz

HYHRAL g A7)
Az Aeeelr.

i3l chest Be W

do

261
121
57

(26)

A%, AdZE D vk 2@,

Az AAFZ7Ne ¥4y bE BT 2o

7
b= [ - 1] (28)
9

29 68 Ppice AlBHolH A34EE RoiFn om, o
Susel 4 23kl W17 0.001vEITholw, Aol el wk 2
Ae A &4 AHHQ sk A AAFE we] FT ok
Agdle 79 Fage] AFSTH Aol Al nieh 1Y

B4 A 0=10, v,=-3, vy;=5)E FHEL ¢ F Ytk

a7 6. g A AEgold A
Fig. 6. Simulation Result of case study.
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