HEILTR S KR DOI1:10.7544/issn1000-1239.2019.20190198
Journal of Computer Research and Development 56(8): 1746-1757, 2019

LERLEDFENENHRABXEREE

THEA AR F ¢ 9AWH KET 2 O KEL
DORBE AT S N R B AR E (PEBEE AR RS AR 230027)
FORBRKFEHS LTI KE 300072)

(yrunl@ mail.ustc.edu.cn)

Negatively Correlated Search with Asymmetry for Real-Parameter Optimization

Problems

Yu Runlong', Zhao Hongke?, Wang Zhong', Ye Yuyang', Zhang Peining', Liu Qi', and Chen Enhong'

1(Anhui Province Key Laboratory of Big Data Analysis and Application (University of Science and Technology of China) ,
Hefei 230027)

2(College of Management and Economics~ Tianjin University» Tianjin 300072)

Abstract As many real-world applications are closely related to complex real-parameter optimization
problems, some metaheuristic assumptions are employed to help design search strategies and have
been shown to be powerful tools. The balance between exploration (diversification) of new areas of
the search space and exploitation (intensification) of good solutions accomplished by this kind of
algorithms is one of the key factors for their high performance with respect to other metaheuristics. In
particular, negatively correlated search (NCS) improves the search performance of parallel hill
climbing by introducing negative correlation of search trends between search processes, which
contributes greatly to the diversity maintenance of solutions. NCS models the search behaviors of
individual search processes as probability distributions. On this basis, we further divide the search
behaviors of a couple of search processes into global search behavior and local search behavior
according to the size of the coverage of each search process. Then we present a new metaheuristic,
namely negatively correlated search with asymmetry (NSA), which assumes that the search process
with global search behavior should be away from the search process with local search behavior. Due to
the asymmetry of the negative correlation between search processes, the efficiency of NSA has been
greatly improved compared with NCS, The experimental results show that NSA is competitive to well-
established search methods in the sense that NSA achieves the best overall performance on 20

multimodal real-parameter optimization problems.
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Fig. 1 Visualization of benchmark complex real-

parameter optimization functions
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PR PR R BGR 22, 3R 2 g T AR XS AR B A G
8 R 5 U G FRAE B v D 3 R R IS AT I TR 1Y H
AL FRATAE UM Wilcoxon Bk FGE T4 56125 K K
A AR X FR 1A OC 48 R 56 e R Ak Z R 2
Rt PR 2210 5 2 5 BoA e it i 3 4, Wilcoxon
BEANGE 1T #6536 L 0.05 & 2 /K SE 1% 1. i i Wilcoxon

AR TR R I 17
ERFRTOMCH R BRIk

BRAMGET R . AN 1 feJim — AT B/ S 76 i 1 4R
o AR BR AU S R AR SE T b L T Ik
R 01 s A R R A R AE 20 Ak o 0 3 o A8 L

A 2 1 0 3 R KK
Xt B A 5 AR

f 5 BEPE O B AR Is 17 B[R] A9 FE e, AR X B B0 O

Table 1 The Averaged Results of Search Algorithms on Benchmark Functions
1 BREZEEMNREH LN FEFYRHRE
Function PHC SA TS SS GL-25 SaDE CMA-ES CLPSO NCS NSA

F6 2.61E+01 3.90E4+02 7.00E+03 2.17E+05 2.13E+01 4.76E+01 0.00E+00 4.80E+00 2.33E+01 2.02E+01
+2.35E+01 £4.09E+01 £1.01E4+04 £6.41E+04 £1.02E+01 £3.35E+01 £0.00E+00 +3.55E+00 =1.06E+01 £2.46E+00

F7 9.86E—04 2.21E+00 1.64E—02 1.40E+00 2.78E—02 1.95E—02 1.84E—03 4.63E—01 1.67E—02 1.62E—02
+2.76E—03 +1.84E+00 £1.59E—02 £7.31E—02 £3.76E—02 +£1.37E02 £4.59E—03 £7.31E—02 £2.19E—02 £1.25E—02

F8 2.00E+01 2.10E+01 2.01E+01 2.09E4+01 2.10E+01 2.09E+01 2.03E+01 2.10E+01 2.00E+01 2.00E+01
+1.29E—02 +7.13E—02 +3.60E—02 £3.60E—02 £5.12E—02 £4.76E—02 £5.62E—02 £5.60E—02 =1.11E—02 £8.60E—03

Fo 1.07TE+02 2.41E+02 4.83E+02 2.57E+02 2.63E+01 1.99E—01 4.12E+02 0.00E4+00 9.01E+01 8.66E+01
+2.13E+01 £8.62E+01 £9.60E+01 +3.85E+01 +5.64E+00 +4.06E—01 +1.38E+02 +0.00E4+00 +1.49E+01 £1.32E+01

Flo 9.64E+01 2.17E+02 7.92E+02 3.48E+02 1.35E+02 5.08E+01 4.97E+01 1.06E+02 1.01E+02 8.52E+01
+1.84E+01 £8.69E+01 £1.43E+02 +9.51E+01 +6.67E+02 +1.32E+01 £1.12E4+01 +1.31E+01 +2.15E+01 £1.51E+01

Fl1 1.57E+01 2.70E+01 1.89E+01 2.58E+01 3.15E+01 1.68E+01 6.23E+00 2.63E+01 1.37E+01 1.35E+01
+1.89E+00 #2.18E+00 £4.44E+00 +4.55E+00 £=8.45E+00 £2.82E+00 £1.47E+00 =1.65E+00 £1.25E+00 =1.27E+00

Fl12 7.53E+03 6.06E+03 2.28E+03 1.18E+04 6.83E+03 3.11E+03 1.28E+04 1.96E+04 2.04E+03 1.57E+03
+6.72E+03 +5.30E+03 £3.39E+03 +7.82E+03 £4.34E+03 £2.15E+03 +1.53E+04 =4.44E+03 +£1.68E+03 +1.85E+03

Fl3 4.32E+00 1.33E+01 1.19E+01 2.80E+01 7.88E+00 3.72E+00 3.35E+00 2.14E4+00 4.81E+00 4.26E+00
. +9.03E—01 +1.04E+01 £3.36E+00 +4.44E+00 +5.79F+00 £5.89E—01 +8.52E—01 £2.09E—01 +7.98E—01 +7.63E—01
Fl4 1.34E+01 1.47E+01 1.42E+01 1.35E+01 1.29E+01 1.26E+01 1.47E+01 1.27E+01 1.26E+01 1.25E+01
+2.11E—01 £1.07E—01 £3.11E—01 +3.92E—01 £3.72E—01 £2.71E—01 +1.95E—01 £2.64E—01 +£2.94E—01 +2.55E—01

Fl5 3.79E+02 5.72E+02 8.42E+02 4.33E+02 3.00E+02 3.60E+02 5.13E+02 6.33E+01 3.15E+02 3.24E+02
7 +5.35E+01 £1.18E+02 £3.19E+02 +4.75E+01 +7.62E—02 +6.51E+01 +2.69E+02 *+4.87E4+01 +5.26E+01 £5.89E+01
Fl6 1.42E+02 3.77E+02 5.96E+02 4.21E+02 1.44E+02 8.16E+01 3.39E+02 1.76E+02 1.24E+02 1.17E+02
+4.36E+01 £1.93E+02 £3.35E+02 +1.89E+00 +7.76E+01 £6.90E4+01 +2.99E+02 +3.25E+01 +1.41E+01 £2.13E+01

F17 1.90E+02 6.46E+02 8.75E+02 3.28E+02 1.58E+02 7.31E+01 4.15E+02 2.36E+02 1.64E+02 1.44E+02
+3.94E+01 £3.12E+02 £3.34E+02 =1.29E+02 £=7.17E+01 £2.79E+01 +3.07TE+02 £4.37E+01 £2.34E+01 =2.17E+01

Fls 9.10E+02 8.23E+02 9.29E+02 8.32E+02 9.06E+02 8.75E+02 9.04E+02 9.10E+02 9.09E+02 8.16E+02
+1.98E+00 +1.60E+01 £1.60E+02 +4.00E+01 £=1.49E+00 £6.32E+01 +1.86E—01 £2.15E+01 +£9.66E—01 +1.80E+02

F19 9.09E+02 8.23E+02 9.54E+02 8.45E+02 9.07E+02 9.07E+02 9.25E+02 9.14E+02 9.09E+02 8.82E+02
+1.74E+00 £1.40E4+01 £1.92E+02 +7.77E+01 £1.71E+01 £4,08E+01 +1.07E+02 £1.79E+00 +1.61E+00 +8.48E+01

F20 9.09E+02 8.29E+02 1.01E+03 8.24E+02 9.07E+02 8.83E+02 9.04E+02 9.14E+02 9.10E+02 8.43E+02
+1.92E+00 +3.46E+01 +1.95E+02 *+8.86E—01 +1.54E+00 +5.84E+01 £2.32E—01 £ 1.19E+00 £ 1.59E+00 +£1.29E+02

F21 5.00E4+02 8.47E+02 9.08E+02 8.22E+02 5.00E+02 5.00E+02 5.12E+02 5.00E+02 5.00E+02 4.97E+02
+0.00E+00 £1.03E+02 £3.43E+02 +2.60E+02 +4.83E—03 £2.09E—03 +6.00E+01 +2.38E—13 £0.00E+00 £9.54E+00

F29 9.41E+02 7.45E+02 1.34E+03 5.74E+02 9.28E+02 9.33E+02 8.24E+02 9.70E+02 9.17E+02 9.11E-+02
+2.11E+01 £2.25E+02 £1.60E+02 £1.27E+02 +1.07E+01 +2.00E+01 £1.59E+01 £1.04E+01 +1.24E+01 £1.74E+01

Fo3 5.43E+02 8.36E+02 1.31E+03 9.62E+02 5.34E4+02 5.34E+02 5.35E+02 5.34E+02 5.73E+02 5.64E+02
+1.57E—12 £1.13E+02 £1.10E+02 +3.27E+02 £4.21E—04 £2.26E—03 +1.88E+00 *1.57E—04 +=2.41E+01 =£1.98+01

Fo4 2.00E+02 3.69E+02 1.57E+03 2.35E+02 2.00E+02 2.00E+02 2.00E+02 2.00E+02 2.00E+02 2.00E+02
+3.59E+02 +2.79E+02 £1.04E+02 +8.36E+01 £2.96E—09 £0.00E+00 +6.39E—13 +2.67E—12 £0.00E+00 +0.00E+00

F25 1.35E+03 1.43E+03 2.00E+03 1.32E+03 2.17E+02 2.13E+02 2.07E+02 2.00E4+02 2.41E+02 2.18E+02
7 +3.59E+02 +6.85E+01 £7.30E+01 +3.66E+01 £1.59E+01 £1.15E+00 +6.30E+00 £1.96E4+00 +4.65E-+01 +2.94E+01

W-D-LL 16-2-2 17-2-1 18-2-0 17-0-3 15-2-3 13-1-6 11-1-8 13-1-6 17-3-0 —

Note: The averaged results are listed in the form of “mean £ standard deviation”. The last row provides the results of the Wilcoxon test,

where “W-D-L” indicates NSA is superior to, not significantly different from or inferior to the corresponding compared algorithms.
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Table 2

The Running Time of NSA and NCS

£2 FENRABXERSHBXERHIEITHE

Benchmark Function F6 F7 F8 F9 F10 F11 F12 F13 F14 F15
NCS 51.32 54.02 58.93 54.70 54.97 94.65 67.97 55.91 61.97 336.33
NSA 6.14 9.04 6.85 7.03 8.42 43.47 19.72 9.30 10.30 274.27

Benchmark Function F16 F17 F18 F19 F20 F21 F22 F23 F24 F25
NCS 308.70 310.48 309.70 314.23 312.78 328.23 349.17 330.79 280.14 278.86
NSA 243.25 244.27 248.43 246.98 263.23 293.21 290.72 261.77 222.46 228.40

HWRF NG T T S RITR WA e T8 7
V2 Bl s S O G R IL R K WA T iz
AT [E] L B A, Fo AT R T B % i B Wilcoxon Fk Al
Gt R gt T RBILE BT K RS R 0L,
Bl Top-K (K =1,2,++,10), 0K 3 7R, S 5 vk
R 3 A P BB R B I L IR o B R T R 4 T H A
BIEMIT L O AR /N K (A 5] 20 (R o It
PRI B B0 . AT DLW 2R Bl X AR A SOG4 R A
K =6 B 68135 T 20, [R5 iR X0 AR 6 A 6 38 2Rk
HEAN AR T HA T 42, B R AT 58 UE T JE X B £ A
AN R AT Fe A i B AR P R

GL25
— SaDE
—— CMA-ES
CLPSO

: . . : . , > NC§

1 2 3 4 5 6 1 8 9 10

Fig. 3 The Top-K,K=1,2,++,10,curves of the

algorithms
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Tk — 2 UE AR X AR A S 9 oo R A A
B 78 2 AT LA A 22 N 3 R R b T 5 I
FEXFFR SR AR Z, JF L IR T O A7 1€ Ll B8k A A A
KA R FRATBOEFRER RN 4, e R 2 il
SN RBHE ZOE AR E DK R B F18 By
SERANP 4 Py, w] LWL B I 47 € 1 5 ik 4R R i
23 (8] A BE I AR 22 ik 1) 22 AR PR A SR AR A0 7 vh A g
5 YEAR 4y Mo DR A5 s AR AR R AN A 0 57 19 PR filp ==
6] B BE 1 o A RO PR T A B9 2 R L L BRI 1 X
LTSk 9 M AN BE AR 4 3t Al 300 4 294 5 I X B 172

FH SCAR R A IR Ak 25 18] 4 ) I A %3t 4 1 s Jo
i 5 B PR T RUA A B X BR G0AH SE I8 K
B BAER R 5 M Z [ T S e i1

(b) NCS

s R —
4 :
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S o
| X .
20
1 o o
<

X

(c) NSA

Fig. 4 The search trajectories of three algorithms with

population size N=4 on the 2D version of F18
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Fig. 5 Fine-gained Master-Slaves parallel framework

Pl 5 4R A9 3 - AR R IR AT HESR

TE 30 4EFEME I 3 o6 B F7 B A5 R &l 6 Fi
K7 Bz i i WL IR 6 Rl AR 21 X T f /Al 56 i
T PR AT R 35 14 3R B0 0 A A% S A A9 1 L 7
PP 2 A A R[] I 3 b e A R Rk Y
PEREZ B A A AR BE A 52 i He A AR X AR G AH e 42
ESCIR R SRS NIRRT 8 iR [P SEL e
TE R AL AR A 1 B0 48 2R P BE ) R B P A Y
X 2 18 5 22 T00 R B 3 5 2 ol T SRR SG I R T
Toft R LRSI A A 14 B0 25 o s B DAL B0 5C )™ 2 B 4 B
PG L A R B rP 7 S A R BRSS9 3
B AR AR A G YO0 R A BRI A R TE 2R
FBRAT A T AR ARG R T B
G 0F BT ORR I B0 MR I A7 B 358 B A e e ok WL

SR 7 AT LAAS B A AR A 1 A S BOR A B9 B0
AR X B 7R DG A8 2R AT L o Aok A OF AT AR
LA B s AT ], I ELRN A BURBGEOR , 2 47 I Ta)
ML AR 45 T BE A AR MR O Bk R AU R
WD (AL R AT A AR SR R K 42 AT I 18] Bl 25 7 R
MU Y™ B T 2 ) 52 T 1 oy 1 AR AL R
S ECRE AR S A T AU L R AR T AT R B
TSR B IF AT A A5 R AR X RR SR DG Y oo e K 5K
BB B 10 23 TUAY WY AH SR VT 58 72 R IR A7
PSRBT I S BT

5.0

40+

3.0

201

Function Error

0 20 40 60 80 100
Population Size

Fig. 6 The function errors of parallelized NSA and NCS
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Fig. 7 The running time of parallelized NSA and NCS
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