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Wnawm Back-propagation Algorithm il dﬁ
Algorithm Backpropagation;
Start with randomly chosen weights;
while MSE is unsatisfactory
and computational bounds are not exceeded, do
for each input pattern z,, 1 < p < P,
Compute hidden node inputs (net( )),
Compute hidden node outputs (a:
Gompute inputs to the output nodes (net( )
Conipui:e the network outputs (op);
Modify outer layer weights:

Aw) = n(dpk — 0pk) S’ (netp))zy)
Modlfy weights between input & hidden nodes:

Bl = (s = o) retyufZ?) S ety

end-for Note: if S is a logistic function, then
end-while. S’(x) = SX)(1 - S(x))
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N. Tadayon (Tadayon, 2005) u”uLaum'lu’JﬁlEJLiaq Neural Network Approach for
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