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( Hopfiedl Net Algorithm
Step 1. Assign Connection Weichts

Y= Doatx, ik

0, i=j, 0<i, j<N-1
In this Formula ¢, is the connection weight
from node : to node j and x} which can be

+1 or —1 is element i of the exemplar for
class s,

Btep 2. Initialize with Unknown Input Pattern
#0)=x, 0<i<N—I
In this Formula g(t) is the output of node
{ at time ¢ and x; which can be +1 or -1
is element [ of the input pattern,

Step 3. Iterate Until Convergence

st = fi| St ], 0<i<v

The function f, is the hard limiting nonli-
nearity from Fig. 1. The process is repeated
until node outputs remain unchanged with
further iterations, The node outputs then
represent the exemplar pattern that best
matches the unknown input,

Btep 4. Repeat by Going to Step 2 ._J
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