EHSRE

Control and Decision

EH T2 RN SN A B AT B 22 ST RORL R b
WA, A, EBt, §EE

%IFFJZIK:‘C
7N, PVERR, TR, S5, JE T 22 KU SV D) ) A AR TR A Bl S ) TIOREAE SRR . ) 5 03k, 2020, 35(1): 131-138.

TELEIREE View online: https:/doi.org/10.13195/j kzyjc.2018.0504

BT BRI A HAB S EE

Articles you may be interested in

TR A 7 R JE [ T FE A DR T ) i SR

An indexes fast prediction based decomposition method for scheduling problem in microelectronic production process

P 53R 2020, 35(1): 139-146  htps://doi.org/10.13195/j.kzyje.2018.0422
BT HAE AT IR A g B 2 I TR

Multifactorial operation optimization for continuous annealing process based on data analytics

PS5 2019, 34(12): 2713-2720  hitps://doi.org/10.13195/j kzyjc.2018.1581
AR 5K 55 (L SR s M i NSGA-1TI-DEF L

Using population expansion and sparsity strategy to improve NSGA—-II-DE algorithm
Pl 5HIK. 2019, 34(1): 55-62  hitps://doi.org/10.13195/j kzyjc.2017.0973

ZYE) SO B UAE DN K 38 R 50

Multiple minor generalized eigenvectors extraction information and its adaptive algorithm

5. 2019, 34(1): 105-112  https://doi.org/10.13195/j.kzyjc.2017.1028
it 22 TR 5 T AT ) R Ay SR e i 9 S HE

Research and application of fast immune algorithm for solution space directional optimization

i 5. 2017, 32(7): 1241-1246  hitps://doi.org/10.13195/; kzyjc.2016.0666
FEF I S T R M BEA LA R T RO AL R

Random drift particle swarm optimization with frequent coverage strategy

el S5 HIE. 2017, 32(12): 2127-2136  hitps://doi.org/10.13195/j kzyjc.2016.1402
2o AR TEAE T SEME U A A3 e ) J R 1 1o

Improved differential evolution algorithm for solving reliability redundancy allocation problem

Pl 5HIK. 2015, 30(5): 917922 htps:/doi.org/10.13195/j.kzyjc.2014.0647
— bR R 20 T D B DI P ) PR 5 T 1

Image enhancement method based on improved bacteria foraging optimization algorithm

PR 5 U5 2015(3): 461-466  https:/doi.org/10.13195/) kzyjc.2013.1794


http://kzyjc.alljournals.cn
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.0504
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.0422
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2018.1581
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2017.0973
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2017.1028
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2016.0666
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2016.1402
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2014.0647
http://kzyjc.alljournals.cn/ch/reader/view_abstract.aspx?doi=10.13195/j.kzyjc.2013.1794

W 35% 51 = % 5 & K Vol.35 No.l
20204E 1 H Control and Decision Jan. 2020

XE%HS: 1001-0920(2020)01-0131-08 DOI: 10.13195/j.kzyjc.2018.0504

ETZ MmN WRIERBEHIHL 2 F MRS E

BoOARL IEAPT 8 B3, gt
(1. KRJIERHECRS: MUK LR SPe, KJE 030024: 2. iR ZF5Fe Bl Rl S5 5%, 5FEE 250300;

3. KIERHE RS WHEANUR A S EAR SR, KR 030024 4. bk RN S Ed TR %R, KR 030051)
7 . AREBIAYH B B0E B AT Oz B TR R AR v 0 R R A ) R AR, K O (AR
B A S IR P T 1) AT O 5 0TIk B B 10 LS BE RAE PP SRR AF AR e, SR — P T2 i
o s ) AR TR A B A S 2 STAMORL R S35, P T Mg v 2 10 A A5 P S/ O PR O B 2 50 1 ) v it
RERIE AR, DLAE 2 2 STRORLRE 503 (SLPSO) AE W AL 25, $ th —Fh 5 T- A ADURE 9 22 50 a5 #LL (SMIC), A
T3 T A P T R B AT 2 B U SR IR AR e . TE 07 BUSR IR TP Z VR S A T A R R AT LA, X 50
2k ~ 100 2 149 K= 1 B8 BRI X, B0 T i B2t SV AR AT R AR 3 AR T S RO $0G SE A 1) AR e, U LR AE
YEDLAL IR LA R 2 5.

KA w2 R 1) QB RA B A R I AHABLRE s AR
HE S TP273 SHERFRESRS: A

Similarity-based multipoint infill criterion for surrogate-assisted social
learning particle swarm optimization

TIAN Jie*2, SUN Chao-li*t, TAN Ying3, ZENG Jian-chao*

(1. College of Mechanical Engineering, Taiyuan University of Science and Technology, Taiyuan 030024, China;
2. School of Data and Computer Science, Shandong Women’s University, Jinan 250300, China; 3. Department of
Computer Science and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China; 4. School
of Computer Science and Control Engineering, North University of China, Taiyuan 030051, China)

Abstract: The research on surrogate-assisted evolutionary algorithms has attracted increasing attention for time or
resource consuming optimization problems over the past decades. However, most existing surrogate-assisted
evolutionary algorithms still require thousands of expensive function evaluations to obtain acceptable solutions and are
only applied to low-dimensional problems. Therefore, a surrogate-assisted optimization, called SMIC-SLPSO
(Similarity-based multipoint infill criterion for surrogate-assisted social learning particle swarm optimization), is
proposed for high dimensional problems with less computation. In the proposed algorithm, using Gaussian process as
the surrogate model and considering SLPSO algorithm as an optimizer, a similarity-based multipoint infill criterion
(SMIC) is proposed for searching the solutions to re-evaluation by using the original expensive problems. Simulation of
experiments comparing the proposed algorithm with a few state-of-the-art surrogate-assisted evolutionary algorithms on
benchmark functions from 50 to 100 dimension is carried out. The results proposed algorithm is able to achieve better or
competitive solutions with a limited budget of exact evaluations, especially on higher dimensional problems.
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1 begin

2 fori=1: M do

3 if p*** = 0 then

4 x; € SPq;

5 else
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7 end

8 end for
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11 end
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53 N4 SPL ISPy, I P = SPy [ SPy. ¥ piex = 0
MAF AR 73 BB G SPy, TR pmex > 0 AR Al
IR BV & SPy. Al MANL T 545 SPy I,
RE A A A BT A DX 30 R e B R LR AR 45 SPy
DA G AR B B A R AT SE B TE B 5 1 A
AL K O I, A5 il AN BT A2 XK © 2 9T
{ELHR 45 A ABLE 19 DK /0N W DUAH W 1) 5 O 5 R JE 1 A
[, L5 15 SPo 70 Jall 6 BT I 35 2 AR #3410 A 4
B BN HEAT S
3 SMIC-SLPSOH ik
Hik2 SMIC-SLPSO5iiZ.
Input: M FPHER /N, B KSEBR TR B max B, 4
HD;
Output: 4 i L1E Gbest.
1 begin
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else
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BB FORE P REAT (41
10 EHHE P
11 FI SMIC Jii 5 HE U 32 B AMBEE AR Py
BEAT PRI HAS R Fya, Evatime =
Evatime + n;
12 FHEAEPE DB« DB U{ Pava ' Fova'};
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14 end while
15 endif
16 end
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