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Abstract - In this paper, we propose a new architecture of
Genetic  Algorithms(GAs)-based  Backpropagation(BP).  The
conventional BP does not guarantee that the BP generated
through learning has the optimal network architecture. But the
proposed GA-based BP enable the architecture to be a
structurally more optimized network, and to be much more
flexible and preferable neural network than the conventional BP.
The experimental results in BP neural network optimization show
that this algorithm can effectively avoid BP network converging
to local optimum. It is found by comparison that the improved
genetic algorithm can almost avoid the trap of local optimum and
effectively improve the convergent speed.
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@4 1: Initial setuo
@A 2: GA execution
procedure GA (population)
begin
for individual i€P do i=Local-search(i);
repeat;
for i=1 to #crossovers do
select two parents ia, ib € P randomly;
ic = Crossover(is, ib);
ia = Crossover(ia, ib);
add individual ic, ia to p;
endfor;
for j = 1 to #mutations do
select an individual i€P randomly;
im=Mutate(i);
add individual im to P;
endfor;
end;
D AAZESG XA F HA
* BP Neural Network
: BP adaptation
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