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Abstract:

In order to enhance the performance of surrogate-assisted evolutionary algorithms for solving

high-dimensional expensive optimization problems, this paper proposed a dual model-driven differential

evolution

with multi-preference strategy adaption (SOEA-SS). SOEA-SS relied on three multi-

preference evolutionary strategies supported by global and local surrogates. At each iteration, SOEA-SS

adaptively

adjusted the evolutionary strategies in a sequential manner to strike the global exploration and

local exploitation equilibrium, according to the online feedback concerning the update of optimal solution.

In order to promote the optimal information sharing among the population, an elites-driven differential per-
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turbation strategy was developed to enrich the prior knowledge of the optimal regions. Experimental

results show that SOEA-SS has significant superiority over four advanced algorithms on at least 17 out of

26 high-dimensional benchmark problems.

Key words: surrogate model; expensive optimization; differential evolution; strategy adaption; elite

perturbation
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— F10 Shifted Step 30 [—20,20F Unimodal 0
CEC20l4partB by Shifted Ackley 30 [—32,32) Multimodal 0
F12 Shifted Griewank 30 [—600,600] Multimodal 0
F13 Shifted Rotated Rosenbrock’s 30 [—20,20} Multimodal with narrow valley 0
Fl4 Shifted Rotated Rastrigin 30 [—20,20}F Multimodal 0
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Tab. 2 Operation results of SOEA-SS, SA-COSO, SHPSO, SAMSO, and CA-LLSO

30 5.63e+4-01(1.80e+01

)
)
)
)4 2.87e+01(3.57¢-01)+4
)
)

SA-COSO SHPSO SAMSO CA-LLSO SOEA-SS
: P Mean (Standard) Mean(Standard) Mean(Standard) Mean(Standard) Mean(Standard)
30 4.63e+00(2.58e+00)+ 3.77e-01(2.07e-01)+ 5.24e-03(4.17e-03)+ 3.44e+00(2.36e+00)+ 1.67e-06(2.48e-06)
F1 50 4.98e+01(1.60e+01)+ 6.46e-+00(2.20e+00)+ 5.41e-01(3.13e-01)+ 5.70e+01(2.42¢+01)+ 6.08e-02(1.41e-01)
100 9.32e+02(2.37e+02)+ 1.19e+02(2.54e+01)+ 7.58e+01(1.73e+01)+ 1.00e+03(1.62e+02)+ 7.25e+00(3.53e+00)

2.86e+01(5.88e-01)+

(
(
3.45e+01(4.18e+00)

(

2.68e+01(1.38¢+00)

F2 50 2.50e+02(5.40e+01)+ 5.22e+01(2.90e+00)+ 5.01e-+01(7.58e-01)+ 9.54e+01(1.15e +01)+  4.77e+01(1.40e+00)
100 2.43e+03(7.99e+02)+ 2.06e+02(5.15e+01)+ 2.86e+02(2.75e+01)+ 4.58e+02(4.68e+01)+ 1.23e+02(2.14e+01)
30 5.04e+00(9.26e-01)+ 1.88e+00(5.74e-01)+ 4.08e-01(4.12e-01)— 3.22e+00(6.20e-01)+ 8.25¢-01(8.33¢-01)
F3 50 9.57e+00(1.22e+00)+ 2.51e+00(3.12e-01)+ 1.67¢+00(4.12¢-01)~ 6.41e+00(5.62¢-01)+ 2.23e+400(7.16e-01)
100 1.59e+01(7.45¢-01)1 5.46e+00(7.25¢-01) 6.06e+00(3.33e-01)+ 1.06e-+01(4.28¢-01)- 5.41e+00(6.14e-01)
30 1.47e+00(2.29¢-01)+ 9.10e-01(8.61e-02)+ 4.69e-01(1.35e-01)+ 1.36e+00(2.20e-01)+ 6.10e-03(6.44e-03)
F4 50 5.56e+00(1.04e+00)+ 9.29¢-01(8.34¢-02)+ 6.38e-01(9.85e-02)+ 8.25e+00(1.81e+00)+ 3.92e-02(2.25¢-02)
100 6.91e+01(1.49e+01)+ 1.13e+00(3.18e-02)+ 1.07e+00(1.72e-02)+ 7.88e+01(1.06e+01)+ 6.02¢-01(6.11e-02)
30 —7.25e+01(2.42e+01)+ —8.75e+01(2.23e+01)+  —2.36e+02(2.55e+01)— —1.93¢+02(4.05¢+01)—  —1.63e+02(6.80e+0)
F5 50 2.15e+02(3.22e+01)+ 1.31e+02(2.74e+01)~ —1.53e+02(3.60e+01)—  1.97e+02(6.00e+01)+ 7.06e+01(1.34e+02)
100 1.34e+03(1.14e+02)+ 7.81e+02(4.33e+01)— 7.89¢+02(5.43e+01)—  1.08e+03(6.92e+01)+  1.05e+03(1.36e+02)
30 9.65e+02(2.67e+01)+ 9.42e+02(9.46e+00)+ 9.23e+02(2.49e+00)-+ 1.02e+03(2.78e+01)+ 8.50e+02(7.38e+00)
F6 50 1.08e+03(3.68e+01)+ 9.99e+02(1.87e+01)+ 9.76e+02(2.68e+01)+  1.12e+03(3.00e+01)+  9.00e+02(4.50e+01)
100 1.41e+03(3.80e+01)~ 1.44e+03(3.74e+01~ 1.28¢+03(2.60e+01)— 1.24e+03(1.67e+01)— 1.43e+03(3.75¢+01)
+/~/— 17/1/0 15/2/1 12/1/5 16/0/2 N/A
Ranking 5.44 3.44 2.17 4.78 1.83

2P FLE— RS, F2 oy HA s
FAVRPE R Z RS, F3 A FR 2 (H 28

MR, F4, F5FIF6 ¥ 2 AE . 2R
), HOF5MIF6 B AT AR XS AR fif == (e 454 .
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F 200, XFRZEOK R A0, SOEA-SS
(AR PR RS o 2 O T At A Foxs) LA

X A 2 S R £ F 6, H b A 2 I
ANV 2 AE XS, e O A T b A v i Rk
RGN, AR E T — A TR
H 54 Ry e L EAT ARARLE I B 7K -9 1Y) Jeg 3 e
e, AL B IE R R AIF R PR R4 T Bk
A%, T SOEA-SS BB SR il ik 11 3 4> Jmy B e
TR T I8 R I SRR 424, i3 SOEA-
SS XA R A 358 Hu 80 1) 305 7 BE ) o S B T, RS 9
ARIK Bl 1 25 53 B 2 SR s A A5 A B ZE I S 7 rp
AR RS T 2 RE . TR TR RE S A X e
B XU Wilcoxon Bk FIAG B, 25 F R0 . ML
SA-COSO il SHPSO, fr#t SOEA-SS /7 15
AN ) E S A SAMSO A CA-
LLSO, fi#& SOEA-SS /7 124K ] A 1

# 54, H SOEA-SS #7454 T i ££ Friedman 2
HEZ(E 1. 83, W] T 7 50 008 20 138 TR I

AR
2.3 SOEA-SSKfi# CEC 2014 part BHJSLIG &5 R

Sy itk IAE SOEA-SS BvE R SR, #
FH SOEA-SS % CEC 2014 part B 1 iy 8 /4> 25 i
T3 ] AR AT R Ak SR A L 0] AR 42 ) Ry 30 4,
SPMER A FT~F14, 2T E—5Xf b SHPSO
FISAMSO ) R arPERe, iF—L %% SOEA-SS 5
SHPSO I SAMSO 7E1Z M4 itk pE 2,
GitaE R IR 3. M4 LMY Friedman £ 56 45 5%
Al UL, SOEA-SS 1543 fie i (1. 38) , HAE 8 A4~
] B o By 5 A A @ B B T SHPSO #l
SAMSO, HiH SOEA-SS A%t - i) FIUAAR 1 42 2%
JEME, HABRNEENE.

%3 SHPSO, SAMSO 5 SOEA-SS 7£ CEC 2014 part B _I- Al i 45 5
Tab.3 Testresults of SHPSO, SAMSO and SOEA-SS in CEC 2014 part B

SHPSO SAMSO SOEA—SS
Fun P Mean (Standard) Mean (Standard) Mean (Standard)
F7 30 1.87e+02 (3.67e-01) + 1.86e-05 (1.07e-05) + 6.97e-12 (4.36e-12)
F8 30 2.79e+03 (3.07e+01) + 1.21e+00 (1.15e+00) + 2.68e-04 (5.41e-04)
F9 30 2.51e+03 (5.05e+01) + 1.40e+01 (9.95e+00) + 1.16e-01 (1.24e-01)
F10 30 1.25e+02 (1.91e-+00) + 1.43e-+00 (1.50e+00)— 1.23e+01 (1.45e+01)
F11 30 7.57e+00 (7.44e02) + 4.81e-01 (3.84e01) = 7.61e-01 (8.65¢-01)
F12 30 1.03e+00 (4.78e-05) + 4.63¢-01 (1.12e-01) + 5.23e-03 (8.25e-03)
F13 30 1.08e+-03 (4.11e+01) + 2.59e+02 (8.63e+01) + 5.83e+01 (6.37e+01)
Fl14 30 1.55e+02 (6.49e¢+01) + 5.98e+01 (1.51e+01) =~ 8.14e+01 (3.69e+01)
+/~/— 8/0/0 5/2/1 N/A
Ranking 3.00 1.63 1.38
3 & B BIFA G, HR P AT g2 B TR 2 IR
0O E

Bt v 4 B SRR AR IR BB T T — ol OURR A K
Bl 22w i S W 1 35 N 22 43T AR 5 SOEA-SS,
ZEE VY 50 28 18 R HE 2 RO [ AR 1
fesems, WaE R mE TRIE SRR, TRk
B2 BRI T (5 B BRe Jy, b T —F
BRI Bl 19 22 43 P Sh SR m , SEBL T S v
TES AL X RO R . L as R R, X T
304k . 50 4EF 100 2 1) 1 4 52 2% F v ) 4k 1) A
4t SOEA-SS Bk Afl 4 4 Fh e b iy [R] 2R BV A L
W S5 R O Ak 0 O T B B A Y T g
.

JUEMIE, HEEERasRnl i, SOEA-SS 7E3K
fift 3 4 ELAT R E 244 S G 0 Tn) R 40 R A
F10, F11 I F14 1], JHR AR BR 5 H A [F] 2 #155

FORUF 2 R R I, BUERE P A
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