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Probabilistic Model-building Genetic Algorithms
Using Histogram Models in Continuous Domain

SHIGEYOSHI TSUTSUI,* MARTIN PELIKAN{f
and DAVID E. GOLDBERGH

Recently, there has been a growing interest in developing evolutionary algorithms based
on probabilistic modeling. In this scheme, the offspring population is generated according to
the estimated probability density model of the parents instead of using recombination and
mutation operators. In this paper, we propose an evolutionary algorithm using a marginal
histogram to model the parent population in a continuous domain. We propose two types of
marginal histogram models: the fixed-width histogram (FWH) and the fixed-height histogram
(FHH). The results showed that both models worked fairly well on test functions with no or
weak interactions among variables. Especially, FHH could find the global optimum with very
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high accuracy effectively and showed good scale-up with the problem size.
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1. Setthegeneration counter (t =0).

2. Generatetheinitial population P(0) randomly.

3. Evaluatefunctional value of the vectors (individuals) in P(t).
4

Select a set of promising vectors S(t) from P(t) according to
the functional values.

5. Construct amarginal histogram model M(t) according to the
vector valuesin S(t).

6. Generateanew set of vectors O(t)according to the marginal
histogram model M(t).

7. Evaluatethenew vectorsin O(t).

8. Createanew population P(t+1) by replacing some vectors
from P(t) with O(t).

9. Updatethe generation counter (t = t+1).
10. If thetermination conditions have not been satisfied, go to
step 4.

11. Obtain solutionsin P(t).

01 0O000Doooooooooooooo
Fig.1 General description of the algorithm.
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min, X max;

02 00000000000 FWHO
Fig.2 Marginal fixed-width histogram (FWH).
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Fig.3 Fitness function with multimodality.
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Fig.4 An example of sampling error.

1 //'S: sampling individual number, n: number of variables, H: number of bins
2 /I pli][h]: probability density of bin h of variable xj

3 /I'[j][h]: left edge position of bin h of variable x|

4 /I Rand(): generate random number from [0, 1.0]

5 V[S][n]; // array of sampled vactors

6 xh[S]={0, 1, 2, ..., S-1}; // array for random permutation of bin position
7 for(int j=0; j<n ; j++) {

8 Shuffle(xh); // get a permutation xh[] by shuffling for each parameter
9 double ptr = Rand();

10 double sum = 0.0;

11 intk=0;

12 for(int h=0; h<H ; h++) {

13 double expected = p[j][h]*S;

14 for(sum += expected ; sum>ptr ; ptr++)

15 Vixh[k++]]{i] = I[i){h] + (GI(h+1]-I]thD)*Rand();

16 }

17 }

05 FWHOOOO E-SUSOOOOOO
Fig.5 Pseudo C code of the E-SUS for FWH.
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Fig.6 An example of the FHH.
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01 0O0OO0OO
Table 1 Test functions.
oo oooo gopoooo ooo
Fruopeaks =n X5—» " fi [0,12]", n = 20 o 120
FRrastrigin = n X 10 + Z:’;l(mﬂ — 10 cos(27z;)) [=5, =5]", n = 20 100
Fgriewank =1+ Zi: 1005 — Hizl(cos(wi/\ﬂ)) [=5,-5]", n =10 100
Fschfewel = D iy i(wl —2:%)? = (@ - 1)?] [-2,2]", n=5 0o 40

oooooo

N+N*KOOODOO
NOODOOOoOo

O7 0Oo0OOoOoOoOooO
Fig.7 Evolutionary model.
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Table 2 Convergence property of the FWH and the FHH with resolution of 0.1
(#C: the number of cases that the algorithm found the best solution).
oooooo gooooo
FWH/RW 100 200 300 400 600 800
ooooo n | #C MNE #C MNE #C MNE #C MNE #C MNE #C MNE
Frworeaks | 20 0 - 1 4,938.0 7| 7,852.4 16 9,854.1 20 | 14,620.9 20 18,808.0
Frastrigin | 20 0 - 1 7,851.0 6| 9,204.0 12 13,154.2 20 | 19,396.6 20 2,4762.7
FGriewank | 10 0 - 1| 6,527.0 4| 9,515.7| 14| 11,908.6 | 16 | 17,884.3 | 20| 23,198.2
Fschwefiel 5 13 1,188.9 16 1,927.4 19 | 3,175.5 20 3,900.2 20 5,282.0 20 6,828.4
oooooo ooooo
FWH/E-SUS 100 200 300 400 600 800
ooooo n | #C MNE #C MNE #C MNE #C MNE #C MNE #C MNE
Frwopreaks | 20 1 2,562.0 14 | 4,926.5 20 | 7,178.3 19 9,609.8 20 14,016.6 20 18,537.9
Frastrigin | 20 1 3,478.0 13| 6,770.6 20 | 9,720.2 20 12,616.4 20 18,518.5 20 24,113.5
FGriewank | 10 2 2,779.0 7| 5,783.3 15 | 9,220.9 19 12,439.8 19 17,517.2 19 22,502.3
Fschwefiel 5 16 1,342.6 19 1,962.3 19 | 3,302.9 20 4,012.7 20 5,924.8 20 7,597.9
oooooo ooooo
FHH/RW 100 200 300 400 600 800
ooooo n | #C MNE #C MNE #C MNE #C MNE #C MNE #C MNE
Fruwopeaks | 20 | 20| 17,9524 | 20| 9,443.2| 20 8,321.8 | 20| 10,305.9 | 20| 14,950.5 | 20 19,442.9
FRrastrigin | 20 20 | 50,099.8 20 | 46,139.8 20 | 21,933.1 20 | 17,566.2 20 | 22,847.3 20 28,990.9
FGriewank | 10 17| 5,445.1 19 | 6,561.2 18 | 9,521.2 16 14,076.5 20 | 17,233.4 19 22,909.5
Fschwefiel 5 20 | 2,758.9 20 | 4,644.6 20 | 3,821.2 20 5,969.8 20 6,257.1 20 7,101.6
ogoooo ooooog
FHH/E-SUS 100 200 300 400 600 800
ooooog n | #C MNE #C MNE #C MNE #C MNE #C MNE #C MNE
Frworeaks | 20 20 | 9,800.4 20 | 5,405.8 20 7,679.9 20 9,982.4 20 14,380.3 20 19,180.1
FRastrigin | 20 | 20 | 16,515.7 | 20 | 8,004.2 | 20 | 10,177.6 | 20 | 12,690.1 | 20 | 18,177.4 | 20 24,879.6
FGriewank | 10 18 | 3,187.4 18 5,680.6 20 | 8,199.6 20 10,962.5 20 15,782.6 20 20,614.3
Fschwegiel 5 20 | 3,526.7 | 20 | 2,994.3 20 | 3,483.3 20 5,020.2 20 6,234.8 20 8,829.2
oogoooo oooog
BLX-a 100 200 300 400 600 800
ooooo n | #C MNE #C MNE #C MNE #C MNE #C MNE #C MNE
FryorPeaks | 20 0 - - 0 - 0 - 0 - 0 -
FRrastrigin | 20 0 - 28,521.0 4 | 47,959.8 11 62,776.0 17 | 94,994.9 20 | 124,825.9
FGriewank | 10 20 | 3,316.3 20 | 6,347.7 20 | 9,037.2 20 11,947.3 20 17,483.0 20 23,209.9
Fschwefiel 5 20 | 3,305.3 20 | 3,861.3 20 5,397.8 20 7,141.0 20 10,158.8 20 12,688.0
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5
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Fig.9 Typical changes of bin positions in parameter
with FHH/RW on function Fgricwank-
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Fig.10 Convergence property of the FHH.
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