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Abstract

The major operations of Evolutionary Computation include crossover, mutation, competition and selection. Although
selection does not create new individuals like crossover or mutation, a poor selection mechanism may lead to
problems such as taking a long time to reach an optimal solution or even not finding it at all.

In view of this, this paper proposes a hybrid Evolutionary Programming [EP] algorithm that exhibits a strong
capability to move toward the global optimum even when stuck at a local minimum using a synergistic combination
of the following three basic ideas. First, a “local selection” technique is used in conjunction with the normal
tournament selection to help escape from a local minimum. Second, the mutation step has been improved with respect
to the Fast Evolutionary Programming technique previously developed in our research group. Finally, the crossover
and mutation operations of the Genetic Algorithm have been added as a parallel independent branch of the search
operation of an EP to enhance search diversity.
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Child : Mutation 2.1
k1) =Lkl + 7 vxi(k) + a- sxi(F)
vai(k) = (xf*= (k) — (k) - | N0, 1) |
ik +1) = 7+ acc’(k) - Vxi(k) + a- sxi(k)
, if cost of x(k + 1) < cost of x(%
acc'tk+1) = {0 otherw15ef ( : “

Grandchild : Mutation 2.2
if cost of x(k+1)<cost of x(%k) then
x(k+2) = xilk+1]1+ 7 - Vai(k+ 1)+ a - sci(k+1)
sc(k+2) = - acc(k+1) - vxi(k+D+a- sci(k+1)
else
xi(k+2) = x[ k] — 7+ Vxi(k) — a- sxi(k)
vaik+1) = (x5 (k) — xi(R)) - | N0, 1) |
sci(k+2) = 7+ acc(k) - Vxi(k) + - sxi(F)

2 if cost of x(k + 2) < cost of x(k)

1 else if cost of x{k+2)<cost of x(k+1)
0 otherwise

acc(k+2)=

% 3 3-Ad ol gaEEF
Fig. 3. Detailed 3-generation mutation algorithm
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Problem 1. Sphere function
[i(xy, %2, %3) = Zw,-xvﬁ
subject to : -6.0< x,<6.0 w,=[1001 1], /=123

Problem 2. Rosenbrock function
foxy, x5) = 100(9621 - xz)z +Q —x2)2
subject to : -6.0< x;<6.0, =12

Problem 3. Coville function
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1
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Problem 5. Bohachevsky function

%ﬁ— cos (20 « TIxy) - cos (20T x,) +2

-10< x;< 10, 7=10

fs(xlyxz):
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Problem 6. Griewangk function
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Table. 1. Population Size

SEP | FEP |BPEP HEP

Parents | 50 50 50 50
Crossover Children 50
. Mutationl Children 50
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