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Abstract In this paper, an adaptive estimation of student’s z-distribution algorithm (EDA-t) is
proposed to deal with the large-scale global optimization problems. The proposed algorithm can not
only obtain optimal solution with high precision, but also run faster than EDA and their variants. In
order to reduce the number of the parameters in student’s t=distribution, we adapt its closed-form in
latent space to replace it, and use the expectation maximization algorithm to estimate its parameters.
To escape from local optimum, a new strategy adaptively tune the degree of freedom in the #
distribution is also proposed. As we introduce the technology of latent variable, the computational
cost in EDA-t significantly decreases while the quality of solution can be guaranteed. The
experimental results show that the performance of EDA-¢ is super than or equal to the state-of-the-art

evolutionary algorithms for solving the large scale optimization problems.
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@ (14)~(18), EM , 64 Windows 7 , CPU Intel®
w o3 Core™ i3 3. 60 GHz. 4GB,
® (19 U3 Matlab R2015a.
@ §8 1 Table 1 Benchmark Functions
@® end while 1
2.5 Fun Description Range
D. N, Fy Sphere [—100,100]
M. 2 ® Z F, Shifted sphere [—100.,100]
ONM); @ X Fy Schwelel’s problem 2. 21 [—100,100]
OND); ©@~© ’ F, Shifted F; [—100,100]
OND; F; Schwefel [—10,10]
ON; @ EM w - Fy Shifted Fs [—10,107
EM ks 0 F; Rosenbrock [—100,100]
(kNDM); ’ ’ Fy Shifted Rosenbrock [—100,100]
O(ENDM). RN M _ . . o
Fy Shifted rotated high conditioned elliptic [—100,100]
D, ’ Fio Schwefel 2. 6 with global optimum on bounds [ —100,100]
O(D?).
Fn Rastrigin [—5,5]
Fi» Shifted rotated Rastrigin [—5.,5]
3 Fy3  Shifted expanded Griewank plus Ronsenbrock [—3.,1]
EDA-t 1000 s 4
, 13 , SaNSDEM™, DECC-GM1, EDA-MCC!
I, —F, sFy—Fy RP-EDAM",
(<2) s Fyp—Fy . EDA-: . N =200,
. 1 , M=3. w=0. 8, 3.4
[137. EDA-¢ ,
3.1 Wilcoxon Friedman
R 1000 . Wilcoxon
FEs=2 5X10°, 0. 05, 2 W wgm wp
25 . EDA-¢
Table 2 Mean Error, Standard Deviation and Comparison Results Based on Wilcoxon’s Rank Sum Test
2 R Wilcoxon
Mean Error+ Std Dev
Fun
SaNSDE DECC-G EDA-MCC RP-EDA EDA~
F, 6.97E+00+3. 12E—01— 2.17E—1549.24E—16— 2.17E—25+8.24E—26— 2.59E—42+3.89E—43— 4.60E—84%1.12E—84
F, 1.60E+02+7.21E+01— 1.55E—08+8.35E—09— 1.55E—08+3.19E—09— 1.23E—05+7.38E—07— 8.21E—18%1.15E—18
F, 4.99E+01+1.04E+00— 1.01E—01£7.84E—02+ 3.68E+00+7.23E—0l~ 2.72E+01+5.83E+00— 3.26E+00+8.47E—01
F, 1.17E+02+7. 23E+01— 8.65E+014+5.61E+0l~ 1.24E+02+5.15E+01— 3.82E+01%1.19E+00~ 6.45E+01+1.28E+01
F. 1.O9E+01+8. 12E+00— 1.19E—0349.32E—04— 1.91E—1247.35E—13— 5.42E—01£3.15E—02— 5.12E—18%+9.23E—19
F, 3.16E+01+9.78E+00— 8.48E—0445. 12E—04— 6. 14E—09+1.01E—09— 1.28E+10+2. 11E+07— 2.89E—22%7.16E—23
F; 3.31E+04+8.56E+03— 9.87E+02£4.25E+02~ 4.36E+03+9.81E+02~ 1.05E+03+8.33E+02~~ 1.00E+0345.47E+02
Fq 3.96E+06+1.03E+06— 6.78E+03+1.34E+02— 2.47E+03+6.21E+02~ 1.08E+03+7.67E+02~ 1.03E+03%7.64E+02
F, 7.79E+08+1. 11E+07— 2.37E+09+8.79E+08— 7.19E+07+9.19E+06— 8.83E+08+5.48E+07— 2.38E+07%9.42E+08
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Continued (Table 2)
Mean Error4=Std Dev
Fun
SaNSDE DECC-G EDA-MCC RP-EDA EDA~
F, 1.99E+05+8.42E+04— 2.38E+05+9.87E+04— 1.09E+05+5.32E+04~ 9.15E+04%3.98E+03~ 9.84E-+04+1.12E+04
F, 8.69E+02+4,23E+02— 3.55E+034+8.08E+02— 7.13E+03+2.01E+03— 7.17E+02+6.05E+01— 2,18E+02%x8.01E+01
F, 8.84E+03+4,10E+03— 1.47E+04+8.71E+03— 9.68E+03+1.18E+03— 8.78E+02%6.82E+01+ 2.81E+02+8.36E+01
F 6.27E+02+3.57E+02~ 4.65E+02+1.67E+02~ 8.71E+02+1.21E+02— 1.16E+02£3.01E+00~ 3.71E+02+4.13E+01
— ]+~ 12/0/1 9/1/3 9/0/4 7/1/5
3.2 F,,F,,F;,F;
2. 3. 2 3 ,EDA-z Fq F, yEDA-t s

Fig. 2 Convergence curve of five algorithms on functions F,,F,,F;,F; ,Fs and F,

2

F,,F,,Fs,F;,Fs

Fy
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Fig. 3 CPU time per run of five algorithms
3

Table 3 Average Ranking Achieved by Friedman Test

3 Friedman
Algorithm Rank
SaNSDE 4.69
DECC-G 3.50
EDA-MCC 3.58
RP-EDA 3.08
EDA-¢ 1. 38

2 s EDA-¢ F.‘gaF7 Fl:s
SaNSDE DECC-G. SaNSDE

, . DECC-G

. b

, EDA-¢
2 .
EDA-+ F,.F,.F,,F;,Fy,F, Fy,
EDA-MCC RP-EDA. F,.F,,F;,

Feg.Fyy  Fu . EDA-MCC
. RP-EDA ,
. . EDA-¢
2 Wilcoxon
yEDA-¢ Fig. 4 Fitness value of five algorithms on different dimensions

3 EDA-t 4
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Friedman , EDA-¢ 300 ,EDA-¢ SaNSDE.
, DECC-CLV SaNSDE ,
3 , EDA-¢ EDA ; SaNSDE
(EDA-MCC RP-EDA) ) , . ) ,
, EDA-¢ SaNSDE ,
300 ,EDA-¢
DECC-G. s
EDA-¢
N 3.4
s
s N
3.3 , )
s D= s FEs=1000XD.
[50,100,300,500,700,1 000 ] s 4 s , EDA-¢
s s . s
Fi . F;s F, 1000
4 ) , , s N=200.
Table 4 Experimental Results of Different N on F,
4 F, N
N
F;
30 50 80 100 150 200 300 500 800 1000 2000
30-D  2.15E—26 3.44E—26 1.65E—22 1.41E—17 1.01E—10 3.74E—07 1.21E—03 7.79E—01 3. 08E+01 1.03E+02 1.20E+03
50-D  8.62E—26 9.74E—26 1.94E—25 3.35E—22 5.31E—14 1.03E—09 2.98E—05 9.94E—02 1. 14E+01 5.00E401 1.18E+03
80-D  3.59E—25 2.26E—25 3.61E—25 6.83E—25 1.02E—17 1.31E—12 3.54E—07 7.76E—03 2. 56E+00 1.83E+01 9.26E+02
100-D  6.31E—25 3.61E—25 5.52E—25 8.95E—25 1. 13E—19 3.70E—14 2.53E—08 1.80E—03 1. 11E+00 9.82E+00 7.64E+02
300-D  6.56E+03 6.08E—24 3.82E—24 5.47E—24 1.24E—23 2.26E—23 1.08E—15 3.65E—08 1.41E—03 5.23E—02 8. 30E+01
500-D  1.12E405 3.00E—23 9.90E—24 1.43E—23 2,.78E—23 3,64E—23 3.32E—20 3.39E—11 1.47E—05 1.42E—03 1.59E+01
800-D 5. 16E+05 2.66E+03 2.35E—23 3.58E—23 6.37E—23 7.36E—23 4,99E—22 1.38E—14 7.41E—08 2.03E—05 1.98E+00
1000-D 9. 20E+05 3.54E+04 3.68E—22 5.99E—22 9.51E—22 1.05E—23 7.62E—22 2. 17E—16 4. 15E—09 1.71E—06 6. 50E—01
M,wsv , s v ,
M=[1,3.5,7]; w=[0. 8,0. 6,0. 4]; ,
v=[5,20,100,200]. , , M=3,
F; I, Fy w=0. 8 v=20.
o~17 , M=3 3.5
. M , t-
, M=3 , , , EDA-¢
w=0.8 L,EDA- EDA-¢
, EDA-¢ 3.4
w=0.4 =06 , ,v=20. 5
v 5 20, 5 s EDA-¢ EDA-¢
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Fig. 5 Mesh grid of different parameters on functions F;

5 F;

Table 5 Experimental Results of Fixed EDA-¢ and

Adaptive EDA-t

5 EDA-t EDA-t
Mean Error+ Std Dev
Fun
Fixed EDA~t (v=20) Adaptive EDA~
F 6.24E—30+1.12E—30— 4.60E—84%1.12E—84

F, 2.01E—12+8.15E—13— 8.
F3 9. 11E+0041. 73E+00— 3.
F, 9.31E+0142.27E+01— 6.
Fs 6.24E—1641.01E—16— 5.
Fs 6. 14E—1841.24dE—18— 2.

F7 3.54E4+03+7.26E+02~ 1.

21E—18%1.15E—18
26E+00+8.47E—01
45E+01%1. 28E+01
12E—18+9.23E—19
89E—22+7.16E—23

00E+03+5. 47E+02

Fig. 6 Mesh grid of different parameters on functions F;

6

F;

Mean Error4 Std Dev

Fun

Fixed EDA~ (v=20)

Adaptive EDA-¢

Fy 2.93E403+6. 36E+02~

Mo
— ©

=

L31E+0742. 75E+06—
L13E+0546. 7T4E+ 04~

.29E+0341. 10E+03—

Fu, 8.43E+03+1.02E+03—

1

2

2

.03E+03%7. 64E+02
.38E+0719. 42E+08
.84E+04%1. 12E+04
.18E+02+8. 01E+01

.81E+02+8.36E+01

Fi3 8.51E+0249.32E+01— 3.71E+0214. 13E+01
— [+~ 10/0/3
3.6 PCA
ED-: PCA
, , PCA  EDA-¢
PCA  EDA-:

6. 7
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, 500

Table 7 CPU Time of EDA-t Based on PCA and PPCA

7 S
F, PCA PPCA
30-D 3.01 1.94
50-D 6.67 4. 04
80-D 12.13 6. 87
100-D 13. 84 12.08
300-D 896.03 75.58
500-D 4533.47 89. 35
800-D 95. 37
1000-D 106. 58
4
-
EDA-:z. t-
b
b
13
’ ’
b
Fig. 7 Mesh grid of different parameters on functions F;
7 Fy
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