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Child : Mutation 2.1
xXj(k +1) = X [k]+n - Vx' (k) + o - sx' (k)
Vi (k+1) = (x5 (k) ~ x}, (k) - [N (O,1)]
sx (k+1)=7-ace (k)- V', (k +1)+a-sx’ (k)

I, if cost of x(k +1)<cost of x(k)
0, otherwise

acc' (k +1) = {
Grandchild : Mutation 2.2
if cost of x(k+1) < cost of x(k) then
x;(k+2) = x[k+1]+n Vx| (k +1) +a-sx’ (k+1)
Vx;(k+2) = (X} (k +1) - x|, (k + 1)) -|[N(0,])
s¥j(k+2)=n-acc'(k+1)- Vx(k +2) + - sxl(k +1)

else
xj(k+2)=x) (k] < n- V) (k) - a5 ()
V' (k +2) = (x5 (k) = x', (k + 1)) - [N(O,D)]
sx(k+2)=n-acc’ (k) - Vx(k +2) +o - sx, (k)

2 if costof x(k + 2) < cost of x(k)
acc' (k+2)=41 elseif cost of x(k +2) < cost of x(k+1)
0 otherwise

A2 3. Detailed 3—generation mutation
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2.5 Simulation Results
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Problem 5. Bohachevsky function

- (22
Js(xy,xp) = gﬂ_—:—)—c“z)—cos(ZO-ﬂxl)-cos(ZOHx2)+2
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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

Children | 200 | 200 | 200
Children § 50

Mutation2
Grandchild | 50
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