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RIAE AL 0] R 32 A7 78 TR0 o, s <
B ET AR AL R A oh s s i B
DA B JFH T JRORASE Tl A5 3R 500 1) TR )2 4 R ) 4% L
S — ORI, M PSR AL B 4RO T 100 B 1% 1)
R PR R KB A AR ) 8L (large scale optimization
problems, LSOP ) . MU (It A [m] B A4 %~ 2 ik =X
(1) FroR .
min f(x)
s.t. x € £, (1)
A :0={xeR[I<x<u| RARWATIE,LH u 53 5]
PR AT ERY R A BB x o 0 MERY TR 0] &
S(x) 2 BAR sR ., BE A e 3R A2 ik 2 B 1, 48
RS (] A 23 7 A B R A %, S BOAR M AR A 1) L Y
T, DA RR A < 4k o ICHE Tl f
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IS A AL S A LG R SR LR R A e A . &
Y1 B[] 3 4k ( cooperative coevolutionary, CC) *' J&
BET O OT R AESE BT AR 1 O vE U 4R
2N TR e JELG ) AU Sy — A R SRS SR T JT A
S X1 10 A T S o B 12 7 v A S ) Y 4 R B
Ji o B an 3E 4 B AR A AL ( competitive swarm optimi-
zer,CSO) D S SR T BEE AL (social learn-
ing particle swarm optimization, SL-PSO) 77 3" DL &
FT 0 2 2 M BEIR AL (level-based learning swarm
optimizer, LLSO) 77" SE #6236 F AR 43 i 14 ik

2R R AL (R4 B A ok EOF 0 FE I 20 1T
W AR B SEIE, FR 2z B SR MBS AL IR R, T
R A B 1 TE BRAT e 0 Al 22 17 I 5 I AR PR IR
B, G EATIEANE TR & stu e, o 1
TH AR ROV, i 5 5] A QBT LA B 5t
A2 H bR BB M . De Faleo 4511 0 B 5 7
HRAF] CC RYMEZL rhr $ T — 7ol A S ASE 20 ol 1 Y
5 [R] #4b B3 (surrogate-assisted CC,SACC) , T3k
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fiff KRR AL 0] 8, Fu 8558 T — b Bl HLARAE
TE B4 B i A ASE 78 4 B i Ak B (surrogate-assis-
ted evolutionary algorithm with random feature selec-
tion, SAEA-RFS) , 1257 15 R I A7 T 1l Y Bl BIL 4 A i
PERORRAG A T A AR B 7 [0 R, 4R 5 5 0] it 7
72 1) ik o BCRR 25 090 2% 1) Bl B TR 2 AT 2 A A AR SR A
Sun FHR I TR BT AL AR R B Y R R B Bt
iﬂ:ﬂﬁ%:%(surrogate ensemble assisted large-scale ex-
pensive evolutionary algorithm with a random grouping
technique , SEA-LEEA-RG) JEFR R AN EZ AL
3 L BARE A [ 258 7 figp oy~ R /NAS — B 1 [
R, AR5 TE T IR N7 4 J) R TR D Ry S AR A 1 4R
JCASE R il Bl 1] RN AK

SR, BT SK i B 5t LA AIG Ak [) 3L % B 25 AT
FAELL R AN R — 2 000 % AT 43 2 45 A S A5 A
L T AR 1 73 2 5 SR AE VA 15 B 5 A A 1 00 T
ST —AREHL T 2 T5 S8 s 5 R JO [ A B AL
S LI TR O AR B R 43 B ] 1 TR R KUK . Sy
I, AR SCHE CCRE L A SR Al B4R By H T S
AL %8 5 4 B A9 1 1k B ¥ (inertial grouping and o-
verlapping feature selection assisted optimization algo-
rithm , 1G-OFSA) , Hoopr U1 7 L H Rl i i & 2
Bk 17 LA I B T o A R AT T A 4G
— A7 AR RE AT BB TE Ar B AL ; & R AR
PR GE Ao A6 R R 2 ) 3 e A A R R
RN ) 1 TR R b R AT AL, — 5 T RE 8 1Y I AH G
AR BRI B F — 7 S AR, S — T E S
A S 5O T R R A, e —E R BT
B 1k i 35 1E B0 1 48 2R O
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1.1 SEEHEELRE

Potter 55 '* fic L 42 1 A 1 A P ) 38 1K ( coopera-
tive coevolutionary, CC) 3R W&, AT K 1 4~ n ZE R I
NI T n A 1 HER IR AT R A . R O3 R T
AT BT CCHE SRR SR il R HLA AR Ak ) A2 i)
Tk RECAT AT N 2 28 o ik T #2500 2H 19 J7 15 M BE
TS HN T

BE T 25 03 2 W O7 VE AR U0 TT B0 A DR LA i)
RO R SR AL o 3 M A T IR B AL T X 2
HAE 4= T ok LAk i B b AR 5 A 28, Van Den
Bergh 25 Y T B R R TBEDE AL ( cooperative par-
ticle swarm optimizer, CPSO) J7 1 | F P 36 25 & Bl #l
G3 I K A HASAH 28 1) F 21 5 18R B AT 40 il 45
1o B 2478 i 2 (R 75 58 B OC ZR I BEAIL 23 il 14 o3

YREE 2 RS, Chen 25V HH T B A A8 48
H 2 3 W) B IE) i 4k ( CC with variable interaction
learning, CCVIL) 77 1, CCVIL 7E 04T 20 i 11T , 5 B %%
FIWT R AR 22 B3 B FR , 25070 4 (differen-
tial grouping,DG) U7 B2 —Fp CCVIL A 43 4K, DG
B EA HEELERRW R FFE—FH, HE
DG I B 6 I A2 15t 22 18] (%) 6] 45 52 |, e LA Ry 1
— IR K B, Omidvar 2508 48 T — Fb ol g
M 22 43 5 A ( improved variant of the differential
grouping, DG2) Bk, DG2 ¥ i 45 B A3 1% 3¢ H R [A]
AT AR A BLEN R — T4, RE CCVIL fig
% S I R B o3 A (R ARG I A 2 T Y 58 L
ZLHAE KA B AR R BGE A, B L, CCVIL FEANTE
T E R B TR AR AL 1]

BT B H W 7 B W R e A A R b )
A b AT 4 i B A, Yang 4R A Bl BL 43 41
(random grouping, RG ) 3 W& F1 £ g ¥ 1F P [A] 3 4k
(multi-level cooperative co-evolution, MLCC) K g &R
JEHET B A T7 1 AR IK BE SRS 4 B R
AR 53 7 B — > O3 ) R S0 R s R A L%
1.2 EH#EUEE

Storn %[ZO] F 1997 4 H T%ﬁj}f’ﬂﬁ( differen-
tial evolution, DE) F. ik 2 H e — M T A2 R
e kN8 R 5. DE @ i 4K R ST AR RE WD 4h
b B 5 A SURIBE R IX 4 B4R | DA 55 AR 1Y
PR RE R SE R, HETOESE A B T8 £ DE
AP BT E X OHAE TR T AN ) 28 e R
A 3C % FH “ DE/rand-to-best/1” {F 48 5 5 0% | 1% A%
SRR (2) B
Vi= X +F- (X, -X)+F- (X -X), (2)
AV BTES AUIS 5 i S HARAS K X X R
SR X XXy ¢ (U BEoh L
4 FAS AR [ (A1, HL 3 26 AR 8 5 24 /i 1y H AR A
XA F —DKT 0 MmN X, N4
7P R e IO R /N AR
1.3 BERESER

b B4 (Kriging ) B8 2 75 45 1) 455 780 350 0 1 119
() IR 30 B8 A5 380 32 0000 8 1) AS W o 2, T L, e L 4 A
TR AR B R DU B o AR5k . eIl 2 oe
AR R R S RA T YRR A SO T B R
BEAY A% 58 B RO 2 DSk TT 3R I 25— A 37 B0 e B 4
R B 2 A i Y AR AR R B85 ) A Y 2 AR
IF P U YN 2550 A5 T A6 9% A I ) o RGO T 2% i
TR F7, Zhan 55170 2 M 0 v B 4 A B E AL

£ (incremental Kriging assisted evolution algorithm
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IKAEA) ,IKAEA 3% & 27 ] SR 51 A B g B 4
TR ST ek AR A R B B R 1Y I i) A A%
JER 0(n®) B 0(n®) |, JF H IKAEA 1 30 45 5
bR 10 5 L e A5 RN i) T 45 SR A — Bk
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CC HESETN SR A I RS G 1k 1) L5 125 1) 2 i K
Ty 7 A B T LAY i R AR S VR B T
[Fi) 55 1 SR W 1 G SR PR 4R E 22— TSRO D SR B R
A3 i Y B 5 R R AL A 18]I, A R A4 H AR ek 2R
VA UBOR S 125 22 [ 1 8 5 O 28 0 B0 1 IR 4 R A
P TR R EOR . By AR B A A o 1 P R B AL
T3 AR 1) R 23 fife ok R v 5 S A K Y AR R AL
WA, Al AN SE SR i B 5t RO A 1), ]
I, A2 R 5 OC AR 2 (15 56 T B AL 20 20 SR W B0k
AITERER R T K. L, D 1 2 v SR i 5 Bt R ML AL
G A TR R0 BE RN AR A SCHR T — B B 20
I SRR EE R B s, Bk 1 i T A
SOOTERIE R, Bk 1t 3 A A S — A
FI WAL B B (Step 1~ Step 3) , F B Af I #7 T #
S5 A RAE SR R W R AR AS I DA B B AR vk B0 2
SE RN UG BAE 5 5 K 53 D9 o0 i I 5 B BE (Step 4 ~
Step 6) , 3 B R F B o A 2 1 B AR R MBLAL AL
[1) 750 53 fifk IS AVG 24 1 o % - ) 80, 78 7 ) | )1 2k
ARBRAEAY | [ i SR B 28 B0 W 2 75 507 704 5 56
=43 Sk it 09 B AS B B (Step 7 ~ Step 8) , 1% B BX 1E
B ISR AL 45 R 2 J5 o B — A 5 [l 0 40 B2
%Eéf%(expected improvement, EI) =N R NS
I 5 B 1 gk O o G R AT L S2  H B R B0
TERE 1 W sp, RN kDT,

BiE1 IG-OFSA Bk,

B R AERE D A BT AR B T T TR Y
AN K BIIEREA AN VIS VI ZREE IR R KN N, Tl
RERR/IN N, SR H FR RN B max_FES AEAR
PRI b R AR A URE nlrer WTEREL L

i - A A Xbest SR ff 138 N £( Xbest)

Step 1 TEME=S [A] N JHHL T 8 7 75 14 R A SR W
RAE NIS DRVIGFEAS | TF 55 43> HEAS (19385 17 (B JF A7
ALY Arc;

Step 2 7E Are e #EIE N HE A AT N, BIREAR
PRI ZREE S,

Step 3 TE Arc W HEIE N B AE HE 2 T N, )+
AN W HR PR 5

Step 4 R HIH 2 7 AF 8 5 1 RN T 40 ) 704y

i K A 1) R

Step 5 4 4l 1Y B[R] JE] I 15 14 R B T Y R
BUAG W 2 Step 2, 0, 5% % Step 6;

Step 6 KK TE A F B A I G/ g AR
AR AL

Step 7 MCURAEF ] B0 L i A7 AR BRASE 78 %l B 1
2ot e sk — A F M sp, (k=1,2,--+,K)
LB R

Step 8 HFFTA x.\ A LT SCI & ev, I
THEE v I35 W 1H

Step 9 B ev A Are MNZi4E S p

Step 10 FH APt ;

Step 11 4 503k A 2 4k &k, Wi =
Step 5,7 W, %% & Step 12;

Step 12 % tfh 4> Jay e A % Xbest J i N {H
f(Xbest) ,SHILEEER
2.2 1RESE

TESR A B 5t R AL AR Ak 5] B, 32 5% 95 PR o), R
A A R T BE B 43 20 B R S B0 R AR (1] 83 1Y)
O3 o AT GG A R P ) 3 Ak SR W FE B — 6 I [ v
AE T AT GG HTER S AT — IR I i 484 | 3xX 2 i1 B sk
GHMBEYL 4 R AT BN T R H s 2 8T
—NBENL A T R EA BT DA SCHR HR SR FH AR R 4K
I RAE N o3 AR DAIE A B — A B AL 73 20 0 28 By FF
KRV, B TR 2 A5 R A R RIS [n] &5 e 43
A5G A 3 47 58 R % B 78 o3 b T R R
TP B AL 53 20 5 25 PR R e ) FH K g
2.3 EEFMEEE

TR SRAT R — A AN AT S fiff 5] R BB A oAy 1
ASEASAHAE B 4E - [0) R A7 R i, IR o T
A SRR, BRI, AR SR T — i i & AR SR R 4
AR W AL A AR I BR B S s 4 1) R
PR A RN T B AR 4, H)P 5 14
BN, N —A T4 L B D — R
AR L — A 5% X N B A H S AR
Fon, BZE AR S AR B i T 2T A>F 4, #
XTSI — W, I NF 5 2 1+
HIF UG, WGP 2 B — A~ F ) 8, B3 E O T & AR
TEFF H R e 20 v 4E [R]85 i i T A 1S 1Y 1 1)
M, ESRE RO E  ES  E, —J
T 8 0 A 56 A2 St 4 0] 43 B[R] — - n) b A E 32 )
— 5 T S w2 5 AN 6] R AR 7R —
EFEE F Bk R E R i R m, B 1 b E
B PR IR T R R AR 43 21 4o AR Y — A~ T B4 -
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S5 1 p i As s R 3, X T EEA RS
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Figure 1 Overlapping feature selection grouping technique
2.4 HEERESH

1G-OFSA Bk 3z 47 A 2 R T A BHLAS 2
AR I R R TR SO0 2 AN ER Gy B T IR S
BN K INGRBAR R BRI N R ELES N N,
YRI5 B BRI R B2 2 B2 O (KN, |, #E
R A S 2 B 0 (KN, ), — I BT
N>>N, Pk, 1G-OFSA IR E AN 0 (KN?)
1M I12% RBF AR R 315 2 B O (KN,?) L, I

YAt 45 v LA BRI R B 2% o O (KN ) It
5 RBF A% Bl (9 535 1% 4t v L 43 150 780 i B 1Y) &
SR B AL B 22 4 L, 1G-OFSA 75 #2 & A0 AL 550 R
AR ) Bsp, - T80T S BB R AR

3 XBREERSH

3.1 SHEIZE

ACTE CEC2013 A 3 ok B 4R b 47 17 52
5, VR UEA SCR MR, AT A SO E R
20, A BT AW K/NBEEE N sub_size=| D/20 |, {BEL
THH IR ANBUE R [ 1, sub_size | , W] WAL REAS 19 A%
YR 00 6 KNI B R 4+ sub _size . 7 R
B v B AR A O - ] 0 A AR Y R 22 4y
B AR R A 4R F 8 0.8,38 X
RER - B8 0.95, M 1) R /NI O 100, R
9 H bR R BN B 11D, 3%t 2 S0 1 4 11 4%
o B — LA R — A HE e R S B AT 25
W, IEFEE A Bonferroni 2 1E [ & 25 4 7K 4 0. 05
) Wilcoxon IS 56 T K 50 A W) 55 94 45 21 1 25
REEREREES.

S BT FH AL B 2% k) AMD Ryzen 7 4800U CPU@
1.8 GHz, Nf#M 16 GB,

3.2 SEERESH

AT XA SR T P 2 A KRS HEAT T
IR, — AR ET AT, S AR R
1, ABCFAMIAE T YesE F [n] 8 4 B T /N 3
WK &[] J0 1% 4 8 gl 8 v, A o 4 1) () 1 ST
AR HH AR Y AE A R ME T TR K B R T ) A A B
Wik 2 B2k BT A F [ B3 AR JHASE 7R (3 [ £
MK, I CEC2013 19 5 2R Hrp 4 3k it — R
RRBCINA S o So s B Sfrs) RAEAT IR 3BT,
T 53 BB E O 10,20 .30 40, HES2HG XS HE 45 R A0 5% 1
FiR ., #h median F1 MAD 43 3|} #h 738 7 25 W
MEE R R g R a4 5t w22, th& 1 AT LA
Y T IRE S 20 BF SERAS B 45 B AT, BT AR
OB TR E K 20,

J T U ) VA R W SRR A M R A 5 40 2 T R A
KT VA A A R R e I FT R g ) A SC
BB — N R BT kYo s R T iR
BN 5.10.15.20, AR £, f, o Jis K Sfys BB SEEGXT
W RME 1 fim, NR I ATLER, M TIRER
10 B, S 9R AR AT 1 45 S e A, TR I, A SO M R 8
[ E K10,

3.3 EBMSARARNERH
J T HAE 1G-OFSA Fik h i s R A
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Table 1 Comparison of results with different 7" values and different I values
g‘g Eﬁzg‘ T=10 T=20 T=30 T=40 I=5 =10 =15 =20
median 1.769E+09 1.818E+09 2.747E+09 3.881E+09 1.853E+09 1.818E+09 2.012E+09 1.845E+09
d MAD 3.989E+06 1.002E+08 8.995E+07 8.753E+07 1.027E+07 1.002E+08 6.027E+07 3.451E+07
median 1.972E+11 1.486E+11 2.003E+11 2.570E+11 1.512E+11 1.486E+11 1.497E+11 1.523E+11
2 MAD 1.963E+10 6.568E+09 2.061E+09 5.690E+09 1.089E+10 6.568E+09 2.732E+09 1.082E+10
median 9. 132E+08  7.964E+08 1.040E+09 1.106E+09 8.697E+08 7.964E+08 8. 109E+08 8.011E+08
5 MAD 1.819E+07 6.493E+07 1.694E+07 7.223E+06 7.696E+07 6.493E+07 3.003E+07 1.505E+08
) median 1.658E+10 2.254E+10 4.602E+10 4.256E+10 2.610E+10 2.254E+10 2.564E+10 3.194E+10
fis MAD 7.693E+08 2.318E+09 1.479E+09 8.304E+09 3.249E+09 2.318E+09 5.306E+07 1.079E+10
. median 4.317E+07  3.999E+07 5.039E+07 7.385E+07 4.292E+07 3.999E+07 4.199E+07 4.538E+07
his MAD 9.084E+06 4.215E+06 6.166E+06 7.690E+05 7.952E+04 4.215E+06 5.753E+04 1.459E+06
RPE R 1G-OFSA 553 A5 Ik 7 2 H0 R B bR )5 7 A= %3 IGA 5 I1G-OFSA M4 Rxftt
*/I\’EW%:& OFSA, OFSA G %}”Ljﬂ 1G-OFSA pprg}l Table 3 Comparison of results obtained
PR BT Ny | AR L, BV LE 45— 56 Db ) i e _by IGA and IG-OFS5A
H T8 BT — VA OFSA fHL i 2t 8 4 IRENESE ﬁmf‘éﬁ IGA 1G-OFSA
5 1G-OFSA [0 5 Al [ﬁ] [ﬁ”‘i Tf CEC2013 () 5 /|\ /i median 3. 440E+09 1. 818E+09
© ’ MAD 1.557E+08 1. 002E+08
ORI AT SR 34T, OFSA 1 IG-OFSA 95355 . median 3.376E+11  1.486E+11
ZERXFI AR 2 Fron, AR 2 WP AT LA | 1G-OFSA £ MAD 3.045E+10  6.568E+09
16 3 AR FE IR 1 4675 1L OFSA 517 1 25 55 36 W1t ; median  8.20SE+08  7.964E+08
P53 2H BORAE S D KRR 5y 510 Ak [ B3I fE 8 % % ' MAD 4.552E+06 6. 493E+07
T 7 S T 43 R £ median 4. 274E10° 2. 254E+10
£ OFSA 5 IG-OFSA B9 % B3t MAD 2.271E+09 2.318E+09
median 6.904E+07 3.999E+07
Table 2 Comparison of results obtained fis
MAD 8. 422E+05 4. 215E+06

by OFSA and IG-OFSA

34 bR 4 TN 48 b5 OFSA 1G-OFSA

median 1.710E+09  1.818E+09

d MAD 8. 374E+07 1. 002E+08
median 1.373E+11  1.486E+11

£ MAD 1.477E+09 6. 568E+09
, median 8.860E+08  7.964E+08
5 MAD 1. 147E+07  6.493E+07
median 2.413E+10 2.254E+10

Fis MAD 5.373E+08  2.318E+09
median 4.243E+07 3.999E+07

Fis MAD 1.533E+06  4.215E+06

3.4 EEBHMEEEANENM

T YA 1G-OFSA 8 B FRAIF 2k 55 45 R 19 A &L
PE K 1G-OFSA (1 5 S FFiF 2k PR E AR B bR J5 7= 1 —
ANAEFHE P IGA, 1G-OFSA WY 27 BUF 5 T 4L
IGA 241, B IGA iy P4 BEA S, B —
ASF LA ST B — AT [0, TGA [ HoAh i B4 5
IG-OFSA [ B A R, 33 AN B335 1) S92 56 45 SR X L
mE 3 s, MR 3 Al LI, 1G-0FSA 7£ 5 MR
FREL L 1IGA 345 T B AL 2 R R B S A
55RO A B R 80 5 A

3.5 2 ARNTEHMBESN

R T A3 BT AR SO HRE Y 2 b R o 4R T A gk
AE By BT MR AR, AR AT E CEC2013 19 5 M0 & 3L
% IGA H1 OFSA 15 2 i 25 5 5 30 47 0 K i B 5t
KRB AL 7] UG A % 3k SACC-RBFN'' SACC-
GP'"?) [SACC-QPA'™ SACC-SVR'"' [SAEA-RFS'"
1l SEA-LEEA-RG'" K45 (9 45 SR b 47 T X b, S0 56
XA R R 4 Frox, W3R 4 ATLLAE , IGA AN
OFSA 78 4 MU F R B LA HL T X LA 3R T
TTGF AR 45 5 10T B — ) R R S X 4 T Bk 1
REARSE A R . TR IR AT L& B, OFSA 1 4 MG
FREL L REARAT L IGA F AP R 25 5L, R W H S FR1E
B B A B T A M BE Y TR R T
3.6 IG-OFSA 5HME X MERERTEE

R T Y6 UE AR SC AT B AR 1 R AR TR L S
AP RSR i B Bt AL Ak 1) 0 g AR R MR Bk (L4
SACC-RBFN, SACC-GP, SACC-QPA ., SACC-SVR,
SAEA-RFS #1 SEA-LEEA-RG) 7F CEC2013 il iz, pRi %k
AT T SRR A R L, BT R A 1k S R
&K H AR BB B 11 - D, i B3k 7E CEC2013
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W ek B E AR B Ak S R a3k 5 o, ffH Wil- M5 R A LLE Y IG-0OFSA 7E 10 4~ CEC2013
coxon PRI 56 43 # A A5 25 SR B WA, Br g 33k iR B L RS A0 45 SR 8 0 T b X Fe Bk . Bk
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Table 4 Comparison of results obtained by the two variation algorithms and other algorithms

{'J ﬁt ﬁﬁf SAEA-RFS  SACC-SVR  SACC-QPA SACC-RBFN  SACC-GP SEA-LEEA-RG IGA OFSA
PREL FEAR
. median 7.104E+09  1.346E+09 3.281E+09 2.090E+09 9.522E+08 5.058E+09 3.440E+09 1.710E+09
d MAD 5.528E+08 9.454E+07 2.911E+08 1.151E+08 4.166E+07 4.134E+08 1.557E+08 8.374E+07
median 1.198E+12  6.766E+12 7.975E+12  5.398E+12 4.842E+12 1.157E+12 3.376E+11 1.373E+11
2 MAD  2.944E+11 2.294E+12 2.513E+12 1.114E+12 9.576E+11 2.769E+11 3.045E+10 1.477E+09
median 1. 606E+09 2. 015E+09 2. 144E+09 1.992E+09 1.980E+09 1.750E+09 8.205E+08 8.860E+08
5 MAD  2.320E+08 2.225E+08 2.807E+08 2.699E+08 2.367E+08 2.524E+08 4.552E+06 1.147E+07
median 1.089E+11 8.076E+11 2.935E+13 7.608E+11 1.091E+12 8.266E+10 4.274E+10 2.413E+10
fis MAD 1.351E+10 4.345E+11 1.649E+13 3.780E+11 3.278E+11 1.371E+10 2.271E+09 5.373E+08
median 3.140E+08  3.475E+09 1.184E+10 4.133E+09 4.014E+09 1.849E+08 6.904E+07 4.243E+07
fis MAD 8.164E+07 1.475E+09 4.414E+09 1.915E+09 1.570E+09 4.299E+07 8.422E+05 1.533E+06
%5 IG-OFSA 5EHMEEMERIILL
Table 5 Comparison of results obtained by IG-OFSA and other algorithms
MK K%L FEHMFEPR SAEA-RFS  SACC-SVR  SACC-QPA  SACC-RBFN  SACC-GP SEA-LEEA-RG  IG-OFSA
median 7.104E+09  1.346E+09  3.281E+09 2.090E+09 9.522E+08 5.058E+09 1.818E+09
4 MAD 5.528E+08  9.454E+07 2.911E+08 1.151E+08 4.166E+07 4.134E+08 1.002E+08
, median 1.999E+04 7.721E+03 1.141E+04 9.562E+03 9.125E+03 1.713E+04 3.733E+04
£ MAD 4.784E+02  9.165E+01 1.764E+02 1.472E+02 1.520E+02 3.944E+02 1.241E+03
median 2.092E+01 2.058E+01 2.053E+01 2.059E+01 2.057E+01 2.078E+01 2.162E+01
f MAD 1.190E-02 9.905E-03 1.100E-02 1.259E-02 1.508E-02 1.793E-02 5.378E-03
median 1.198E+12  6.766E+12 7.975E+12  5.398E+12 4.842E+12 1.157E+12 1.486E+11
£ MAD 2.944E+11  2.294E+12  2.513E+12 1. 114E+12  9.576E+11 2.769E+11 6. 568E+09
median 2.394E+07 2.717E+07 2.787E+07 2.435E+07 2.676E+07 2.616E+07 1.126E+07
s MAD 2.347E+06 2.944E+06 1.854E+06 2.353E+06 3.491E+06 3.296E+06 8.415E+05
median 1.061E+06  1.066E+06 1.069E+06 1.067E+06 1.067E+06 1.060E+06 1.066E+06
fe MAD 1.797E+03  1.698E+03  1.654E+03 1.333E+03 2.474E+03 2.370E+03 8.537E+02
, median 6.932E+09 2.722E+10 2.945E+11 3.021E+10 3.417E+10 7.225E+09 9.780E+08
F MAD 2.143E+09 5.870E+09 1.478E+11 8.954E+09 1.741E+10 1.986E+09 2.290E+08
median 1.964E+16 2.784E+17 4.484E+17 2.933E+17 3.052E+17 3.880E+16 1.070E+15
£ MAD 6.476E+15 8.500E+16  1.649E+17 1.226E+17 1.068E+17 1.326E+15 2.790E+14
median 1.606E+09 2.015E+09 2.144E+09 1.992E+09 1.980E+09 1.750E+09 7.964E+08
5 MAD 2.320E+08 2.225E+08 2.807E+08 2.699E+08 2.367E+08 2.524E+08  6.493E+07
median 9.455E+07  9.597E+07  9.623E+07 9.607E+07 9.598E+07 9.421E+07 9.526E+07
S MAD 4.278E+05 2.478E+05 3.581E+05 3.167E+05 1.621E+05 2.808E+05 1.589E+05
median 8.861E+11 3.275E+12 2.320E+13  4.281E+12 4.113E+12  8.429E+11 4.319E+10
Fu MAD 3.005E+11 1.425E+12 1.038E+13 1.973E+12 1.689E+12 2.444E+11 1.949E+10
median 4.891E+11  8.172E+09  5.944E+10 2.625E+10 2.842E+10 1.011E+12 1.335E+08
/i MAD 2.842E+10 7.661E+08  2.422E+09 2.222E+09 2.132E+09 1.361E+10 9.620E+06
, median 1.089E+11 8.076E+11 2.935E+13 7.608E+11 1.091E+12 8.266E+10 2.254E+10
fis MAD 1.351E+10  4.345E+11 1.649E+13 3.780E+11 3.278E+11 1.371E+10 2.318E+09
median 1.121E+12  3.786E+12 2.517E+13  4.937E+12 4.832E+12 1.128E+12 2.489E+11
Fi MAD 1.185E+11 5.884E+11 1.035E+13 1.178E+12 1.042E+12 1.704E+11 4.154E+10
median 3. 140E+08 3.475E+09 1.184E+10 4.133E+09 4.014E+09 1.849E+08 3.999E+07
fis MAD 8. 164E+07  1.475E+09  4.414E+09 1.915E+09 1.570E+09 4.299E+07 4.215E+06
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An Inertial Grouping and Overlapping Feature Selection Assisted Algorithm

for Expensive Large-scale Optimization Problems

DENG Chuanyi', SUN Chaoli’, LIU Xiaotong”, ZHANG Xiaohong®, LI Chunpeng®

(1. School of Applied Science, Taiyuan University of Science and Technology, Taiyuan 030024, China; 2. School of Computer Science
and Technology, Taiyuan University of Science and Technology, Taiyuan 030024, China; 3. School of Economics and Management,
Taiyuan University of Science and Technology, Taiyuan 030024, China; 4. Shanxi Jicheng Technology Co., Ltd., Taiyuan 030000,
China)

Abstract. Challenges in expensive large-scale optimization problems, such as high coupling between variables,
easy falling into local optimal solution, and computationally expensive objective function, resulted in the difficulty
to achieve the global optimal solution. An inertial grouping and overlapping feature selection technique for coopera-
tive coevolutionary (IG-OFSA) algorithms was proposed to solve expensive large-scale optimization problems. In
the proposed algorithm, firstly, a large-scale optimization problem was decomposed into several low-dimensional o-
verlapping sub-problems by using overlapping feature selection technology, and each sub-problem was optimized in-
dependently with the assistance of a surrogate model. Then, promising solutions found for each sub-problem would
be merged into a context vector for expensive objective evaluation. In addition, an inertial grouping technology was
used to control the frequency of regrouping during the optimization to extend the cycle of exploitation of the grouping
scheme, and correspondingly improved the performance of optimization. The performance of IG-OFSA was tested on
15 CEC2013 benchmark problems and compared with three state-of-the-art algorithms. The experimental results
showed that the performance of IG-OFSA was competitive to solve the expensive large-scale optimization problem,
especially, good for solving problems with partially separable, overlapping or completely non-separable decision
variables.

Keywords: large-scale optimization; expensive problems; overlapping feature selection; inertial grouping; surro-

gate models; cooperative coevolutionary



