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Abstract  Expensive multi-objective optimization problem is a class of complex optimization
problems that involve multiple objectives that are conflicted with each other and computationally
expensive, which requires algorithms to find a set of non-dominated solutions as many and diversity
as possible with limited computational resources. Although evolutionary computation algorithms
are regarded as effective tools for solving multi-objective optimization problems, they still face the
diversity and convergence challenges when solving expensive multi-objective optimization problems,
i. e. , difficulty to find a set of solutions that are of good diversity and converged to Pareto front.
To address the diversity and convergence challenges, this paper proposes a novel multi-objective
data generation-based expensive multi-objective evolutionary algorithm. The contributions and
innovations of this paper can be mainly summarized in the following three aspects. First, this paper
puts forward and proves the non-dominated solution generation theorem, and then proposes a
multi-objective data generation method based on the theorem, so as to obtain more non-dominated
solutions more efficiently for improving the solution diversity. Second, this paper proposes a

multiple population for multiple surrogates framework that co-evolves multiple populations to
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efficiently optimize multiple surrogates that are built for multiple real expensive objectives respec-
tively. Third, based on the above proposed method and framework, this paper proposes the
expensive multi-objective evolutionary algorithm based on multi-objective data generation for
efficiently solving the expensive multi-objective optimization problem. To validate the algorithm
performance, extensive experimental analyses are conducted on 16 problems from two well-known
test sets in the related field with five existing state-of-the-art algorithms as competitors in this paper.
The experimental results show that the algorithm proposed in this paper is able to achieve better

metric values than all the compared algorithms on most of the problems, with good effectiveness

and efficiency.
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16. X P ittrZ HbpiksE: //if 2

17, JETHREESFH PEH M ATRRE; /3
18. IF (g==gmax) THEN

19. M P gt 3R SCIE A 5

20. AR ST b BE AL B o A HEAT L SLTPAR 5
21. FEs=FEs+u;

22. o VAl AR IR A

23. T A R B SR MU R

24. g=1;
25. ELSE

26. g=g+1;
27.  END IF
28. END WHILE
29. i A
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WE ] 4 24 BE 1 OClogN) W55 5 47 & A MR A=
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HEH. BT PREQMTE.PHIMMBEHEHASK
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6] 52 2% B W] i A6 OCMIND.

AR 3 A AL A% B B HO T 3 AT HE.
BT HE T S 63 MR 5 3 4T B ) &2 4% B2
O(MN logN) . Bl #2 3 it 8] & 24 i OCMNlogN).
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10 2025 17 7. i F55 10 2055 14 f7 F22 M ASFp
BE B AR A 8 T A AN FPORE 2 2R NS AN AR TR G5
10 #4514 pyIHaE &2 28 By OCMN,.D) . D R a4
A 4E . AR (9, MN, ~ N, [H It . 1% I 8] & 24
Ealidh OCND). 55 15 8 17 {7 £ & A fE 1.4
P2 MRl FE 3 X = ANk B B AT, XL A R AT
55 15F] 17 1719 B () &2 24 5 o OCN* M+ N* D+
MN+MNlogN) . &1k 5 8 OCN*M~+ N*D). it 5
10 N5 17 15 T 75 PG R IR B T(T=(N,-NI)/
w) FEE A 10 258 17 17 R A &2 2 B OCTN?
M-+TN*D), BRI 1 W B &2 2% 5 OCTN? M+
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4.1 KWIFE

AR SCOR B STk E F P4~ 44 2 B A5 e)
M o M AR SCHE 1 EMOEA-MDG 835 1) 7
fig. Hoh A SRk 8 DTLZ MK 4N (7 A4~
RAEI(DTLZL 8 DTLZ7) fik [ WEG ji st 40
9 AP ) (WEGL 2] WFEG9), 38 16 A~ i
") L. 422 BRBAT 1) SCHk [ 27-28 1, I 3k ] 451 14 AH G 15
BANR AESLK R, A ) B AR RN 3,
B M= 3, [a] AL R 10 4k, Bl D=10. 44> [a] #
() e R LS AL B N, Ry 230, A3 4§ 110 ¥k (11 X
D) TEW) b6 A Z T 9 PP AG O, BD NT =110, B I, 5
AR R B 2 AR PRk B 230 —110=
120 AR AN PR 2E 4T FLSZPRAY . Bk a0 b A R B9 3
SEPPA IR B AT B T % S Ak oK i B 5 2 B ARk
[*) R ) v O L TR O T G b 2 R A I I
ASCRAT 5 A8 SCHk HE AT H Ak R T
FbAg. 3% 5 AN g4 & SMS-EGO™  MOEA/D-
EGO"™ | CSEA™ | K-RVEAP™ f1 AB-MOEA™ . H
1, MOEA/D-EGO,CSEA il K-RVEA ¥ % # 1F
B AL 45 38 T 42 [ B T IEEE Transactions on
Evolutionary Computation). &f 4~ 34 1 # 1l 57 38 17
30 WL ARG A AT BN M &5 R AT L. A SE 5 L B
AR R R LR 2 15 A 100, B N=100. A i, #2
PO AR SCHE H A Bk 1 T R E AR Oy 34, T
LR I 2B u="5 DRI T L IPEAL L [R] B



5 3 R BT 2 HAREE A2 R B 5 2 H b A Sk 903

BT B SEPEAG Z 18] 5 8] B gmax=20 FAAYAR
FUASER 8 Bly r) A0 A ak R A DR AR S 0 45 SR Y T S
ARGV T A B SR AT 2 AR e ¥ &
PlatEMO™ it 47,
4.2 FMNEELR

AR SCR WA H T 8 22 B ARG AE DAl 98 A5 X
R AE RE UEAT PRAL AN AL, 230002 IGD (Inverted
Generalized Distance)™ Fl HV (Hypervolume),
fhR IGD B3R A XU

E rynei?disz‘(x,y)

reS* T

IGD(S,S") = (10)

S
Horp, S 2 50645 3 10 & 5SS IR AL Y 1 4R
S*JRAE LA RAEHT I B AR RIS 5 N
MG, (S| RFERESR S AT M ITERME,
dist(xs ) Fonfif o S y A8 FARES W] R .

IGD i NBLAE AR £ S © 2000k 25 th 9 iR 2 1Y
SR BE B 0 R i AR S P RY i JC A AR G I BGRE i

% 1 EMOEA-MDG 5 &5

FRARSRAE SO M4ES S S Hh Al AR 22 18] i IR E
BSMRR . SEBARK W IGD {H. ik S i fg Kl
SHEEIE ST A AR MRS S S T B Y i
Z R B EE B A S AR K, SR KM IGD {H.
I, IGD $8 5 AT AR 47 M 25 & S e i 5501 15 21 1 i
AE IS S A 22 REPE L H O IGD i 8/ 8. 48 B
HYV fii i 1 2% 505 5515 20 #% 76 H bR 2 6] vp [
B I A AR A O HV R 53R 2 iy ip 2
FEH U 00 W SR AN 3 [ A AE S g b A SR
RAH P IE 4T 30 G W 30 A~ IGD F1 HV {i
) Y E ANy 25 3047 L. [A] B AR SR 2 35 7 /K
WE A 0. 05 B Wilcoxon Bk FlRS: 3 X 5 125 1) 45
HEAT R FE A 56 MR 4l Wilcoxon Bk FIAS 56, 455+ 7
SRR =7 o A T R AR SCHR R LU X L
B EAREG LR EZE R EEZNER.
4.3 SHIBEENIRERTLL

%1 f152 2 ) EMOEA-MDG 5 A X} H & ik
TE 16/~ [m] 1 b py 25 L. Fovb, i %) 48 A B8 2R

%K DILZ 5 WFG H3L 16 1~ BARE K IGD iR SREEER

)3 7] A EMOEA-MDG SMS-EGO MOEA/D-EGO CSEA K-RVEA AB-MOEA
DTLZ1 1. 1869E+02 1. 1347E+02 8. 6400E+01 6. 4687E+01 8.9025E+01 8. 7450E+01
- (2. 41E+01) (2. 01E+01)= (1. 80E+01) — (1. 57E4+01) — (1. 71E+01) — (2.15E+01) —
DTLZ2 1.2983E—01 3. 0720E—01 3. 3245E—01 2. 2758E—01 1. 4795E—01 1. 6526E—01
B (2.20E—02) (3.54E—02)+ (3.20E—02)+ (2.88E—02)+ (3.17E—02) + (3.27E—02)+
DTLZ3 3. 0240E-+02 2.5775E+02 2. 0020E+02 1. 8057E+02 2. 5657E402 2. 6932E+02
’ (6. 22E+01) (7. 14E+01) — (2. 45E+01) — (6. 09E+01) — (5. 64E+01) — (5. 66E+01)—
DTLZ4 5. 7063E—01 7.3493E—01 6. 2988E—01 4. 9233E—01 3.9165E—01 4. 1225E—01
’ (1. 36E—0D) (1. 28E—01)+ (5.99E—02) = (1. 75E—01) — (1. 31E—01) — (1. 03E—01) —
DTLZ5 2.7070E—02 1. 9911E—01 2.5429E—01 1. 3712E—01 1. 0613E—01 1. 1767E—01
0 (6. 43E—03) (4. 15E—02) + (2. 82E—02)+ (3.57E—02) + (3. 04E—02)+ (3. 49E—02)+
DTLZ6 5. 4236 E+00 5. 6097E+00 2.0928E+00 5. 2196 E-+00 3. 4161E+00 3. 7222E400
- (3.02E—01) (4. 28E—01) + (6.98E—01)— (6. 79E—01)= (4.33E—01) — (5.57E—01) —
DTLZ7 2. 7389E—01 2. 8672E+00 2. 4545E—01 1. 9225E+00 1. 6903E—01 5.0307E—01
’ (1. 46E—01) (1. 11E+00) + (8. 03E—02)= (7.79E—01) + (5.27E—02)— (2. T4E—01) +
WEFG1 2. 0744E400 2. 2727E+00 2. 2033E+00 1. 7860E+00 1. 8347E+00 1. 8289E+00
(1. 07TE—0D) (9. 41E—02) + (8. 73E—02)+ (1. 02E—01) — (1. 23E—01) — (1. 04E—01) —
WEFG2 4. 5053E—01 6. 1088E—01 6. 9935E—01 5.6725E—01 4. 4770E—01 4. 9895E—01
(5.30E—02) (5. 71E—02)+ (4. 76E—02) + (7.59E—02)+ (6. 84E—02)= (6. 61E—02)+
WEG3 3.0270E—01 5.9617E—01 6.2612E—01 5.1650E—01 4. 7863E—01 4. 3471E—01
(3.97E—02) (6. 02E—02) + (3. 42E—02) + (6. 72E—02)+ (6. 42E—02) + (5. 71E—02)+
WFG4 4. 6864E—01 5. 4665E—01 5.9271E—01 4. 6519E—01 4. 8584E—01 4. 7278E—01
(6. 41E—02) (1. 92E—02) + (3.89E—02) + (4. 44E—02)= (3.88E—02) + (2.26E—02)=
WFGS 4. 6733E—01 5.9776E—01 5.9081E—01 5.6420E—01 4.5011E—01 4. 8749E—01
7 (9. 31E—02) (3.83E—02) + (5.35E—02) + (3.92E—02)+ (5.16E—02)= (4. 80E—02)=
WEFG6 5. 8548E—01 7.8972E—01 8. 1488E—01 7.2202E—01 7.4342E—01 7.5936E—01
7 (7.83E—02) (2.59E—02)+ (3.73E—02)+ (4.12E—02) + (5.55E—02)+ (3.97E—02) +
WEFG7 5.4816E—01 6. 9362E—01 6. 7580E—01 5.9390E—01 6. 2683E—01 5.9891E—01
B (2.85E—02) (3.29E—02)+ (2. 70E—02)+ (4. 80E—02) + (4. 75E—02) + (2. 68E—02)+
WEGS 5.8998E—01 7.6671E—01 8. 6678E—01 7.4591E—01 7.5626E—01 7.0455E—01
(4. 03E—02) (2. 7TTE—02) + (3.89E—02)+ (5.51E—02) + (4. 42E—02)+ (4. 84E—02)+
WEGY 6.7954E—01 8. 6535E—01 8. 1503E—01 6. 9810E—01 7.1307E—01 6.9742E—01
(8.17E—02) (4.15E—02)+ (6. 42E—02)+ (8. 42E—02)= (8. 48E—02) = (7.19E—02) =
+/=/— NA 14/1/1 11/2/3 9/3/4 7/3/6 8/3/5
T R e/ % 43.75 0 6. 25 25 25 0




904 iHom

¥ i 2023 4

% 2 EMOEA-MDG 5Z ARG HEE KM DTLZ 5 WFG fit 16 ML EER HY BRI ESREEER

) 528, [a] H EMOEA-MDG SMS-EGO MOEA/D-EGO CSEA K-RVEA AB-MOEA
DTLZ1 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00
B (0. 00E+00) (0. 00E+00) = (0. 00E+00) = (0. 00E+00) = (0. 00E+00) = (0. 00E+00) =
DTLZ? 4. 5430E—01 1. 6228E—01 1. 4729E—01 2.8276E—01 3.9914E—01 3.5424E—01
B (2.74E—02) (5. 69E—02)+ (4. 75E—02) + (5. 76E—02) + (5. 24E—02)+ (6. 28E—02) +
DTLZ3 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00
B (0. 00E+00) (0. 00E+00) = (0. 00E+00) = (0. 00E+00) = (0. 00E+00) = (0. 00E+00) =
DTLZ4 8. 0225E—02 1. 8603E—02 1. 0369E—02 1. 5646E—01 1. 2421E—01 8. 2269E—02
- (8. 056E—02) (2.62E—02)+ (1.57E—02)+ (7.71E—02) — (1. 19E—01) = (8. 00E—02)=
DTLZ5 1. 8323E—01 4. TT49E—02 1. 7211E—02 7.2227E—02 1. 0271E—01 8. 9282E—02
50 (5.45E—03) (2.24E—02)+ (1.37E—02)+ (3. 19E—02) + (2.86E—02)+ (3. 44E—02)+
DTLZ6 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00 0. 0000E+00
B (0. 00E+00) (0. 00E+00) = (0. 00E+00) = (0. 00E+00) = (0. 00E+00) = (0. 00E+00) =
DTLZ7 1. 8386E—01 4. 1168E—04 2.0102E—01 3. 4549E—02 2. 4251E—01 2.0733E—01
’ (1. 51E—02) (9. 12E—04) + (2.29E—02)— (4. 34E—02)+ (8.22E—03)— (2.29E—02) —
WFG1 1. 7741E—02 1. 0833E—03 6. 4020E—03 1.3334E—01 1. 3104E—01 1. 1684E—01
(2.32E—02) (4.51E—03)+ (1. 31E—02)+ (4.99E—02) — (3.86E—02)— (5.16E—02) —
WEFG2 7.7970E—01 6. 7076E—01 6. 3657E—01 6. 9402E—01 7.3368E—01 7.0399E—01
(2.39E—02) (2.94E—02)+ (1. 56E—02)+ (3.95E—02)+ (3. 73E—02)+ (3.16E—02)+
WEFG3 2. 7407E—01 1. 7128E—01 1.5157E—01 1. 9002E—01 2.1124E—01 2.1607E—01
i (2. 17E—02) (2.32E—02)+ (1. 55E—02) + (2.23E—02)+ (2. 49E—02) + (2.61E—02) +
WEG4 3. 6260E—01 3.1792E—01 3.2761E—01 3.8361E—01 3.5320E—01 3.6555E—01
i (2.31E—02) (7.28E—03)+ (1. 27E—02) + (1.93E—02) — (2. 00E—02)= (1. 37TE—02) =
WFG5 3.6714E—01 2.9080E—01 3.5446E—01 3. 2857E—01 3.8175E—01 3.5043E—01
7 (5.29E—02) (2.23E—02)+ (1. 99E—02) = (2.33E—02)+ (2.51E—02)= (2.83E—02)=
WEGE 3. 0422E—01 2.0799E—01 2. 4076E—01 2.5546E—01 2.4172E—01 2.2779E—01
B (4.59E—02) (1. 09E—02) + (1. 87E—02) + (3.23E—02)+ (2. 65E—02)+ (1. 24E—02) +
WEG7 3.2362E—01 2.5256E—01 2. 7814E—01 3.2437E—01 2. 8506E—01 3. 1024E—01
(1. 44E—02) (8.92E—03)+ (1. 18E—02) + (2.69E—02)= (2. 45E—02) + (1. 73E—02) +
WEGS 3.0517E—01 2.3345E—01 1. 9874E—01 2.5168E—01 2.5998E—01 2.6188E—01
7 (1. 92E—02) (1. 39E—02) + (1. 32E—02)+ (2. 41E—02)+ (1. 80E—02) + (1. 72E—02) +
WEGY 2. 5949E—01 1. 9628E—01 0. 0000E+00 0. 0000E+00 2. 4688E—01 2.5844E—01
7 (3.58E—02) (1. 93E—02) + (0. 00E+00) + (0. 00E+00) + (3. 94E—02) = (2. 94E—02) =
+/=/— NA 13/3/0 11/4/1 9/4/3 7/7/2 7/7/2
LA R i/ % 62.5 18.75 18.75 43.75 31.25 18.75

Xof 1o B R A 1 A AR 45 SR AE T R SR T B . 3R D
R 2 1 296 % 3R W1, A SC 4R 1 i EMOEA-MDG
FERR B E LT I e ANk & 1 al g,
EMOEA-MDG 43 57 43. 75 % F1 62. 5% () 6] &
AT B IGD {H A HV AE i & T H e X A
B R, RS IGD BU4E 45 5 1) Wilcoxon Fk Fl A
¥ EMOEA-MDG 43 B 76 14.11.9.7 F1 8 /> [a] B
R ESRTF SMSEGO . MOEA/D-EGO,CSEA K-
RVEA #l AB-MOEA. ### HV %4fa 45 £ 1) Wilcoxon
BEAKS 16, EMOEA-MDG 4 9 48 13.11.9.7 1 7
ATA BB F SMS-EGO. MOEA/D-EGO,
CSEA.K-RVEA #l AB-MOEA. FiR45RFEW T
EMOEA-MDG {8 i 2 /R P fig. b A, 52 56 %046
FW M b F DTLZ o] 8, EMOEA-MDG 7£ 3K fif
WEG [] () 5 Bt s B 8. 78 WEG 1 9 /4> [n] #5
H1, EMOEA-MDG H7E 3 AR @ - R BT s ft iy
IGD {8, B [A] 8 WFG1.,WFG4 F1 WFG5. 4K 1fii » AR

& Wilcoxon B fi 4 % . EMOEA-MDG 1 WFG4 I
WEGS 1 IGD 8558 5 5 R 45 3 (R 43 51 2 CSEA
1 WFG4 45 58 K-RVEA 78 WFG5 (145 %) 31 ¢
B2 5. 7] L, EMOEA-MDG 7£ ff e WEG il iz
AR ) RN B AR SR OB i HLL DTLZ M4 5
WEG a4 1 22 59 FEZEAE T DTLZ Wi 48 1 n]
AR ] 43 T WEG I3 A2 A 0] A8 5 AN R 43 03X 23
SO WEG 38 42 0] &1 116 Ak SR gk 50 Jom ) X
I SR 25 R S e R B R HT UYL 7E DTLZ
) R B AR A ) 25 L A SR i B A2 2 1 WEG il
T ) N 4TS 9K THI I A 5 R Pk A T A SCHR Y
EMOEA-MDG R 7E 85 52 2% () WEFG 32048 119 7]
PR O R R AT 1 PERE 15 3 L BLA Sk A Y
. ZE BT AR SCHR 1 EMOEA-MDG B A 1R
1 M e
4.4 HEWEBSITHENST

N EER BT RCR AT H S AR T



5 4

R BT 2 HAREE A2 R B 5 2 H b A Sk

905

AN TR 43 S AE SR i 16 AN [RBL 1 30 YR N7 384T
(- S RE R 45 A 3 s, i 3 AT, EMOEA-
MDG Fif 35 #E if B &t SMS-EGO,MOEA/D-EGO
FICSEA #F ¥ 45, 5 K-RVEA fil AB-MOEA [ it %
FEIT A F0 /N 22 5. R b AT WL, AR SCHE HE ) EMOEA-
MDG 38 17 3R fift 30376 it A 7S A 5k o HE 2
=T H, % &% EMOEA-MDG H # K-RVEA A

AB-MOEA # 8 4 i 5 fL 45 5 . EMOEA-MDG #
I K-RVEA F1 AB-MOEA FIrds (8 S MERT AT D437
AN AT SMS-EGO Fil CSEA 25 58 i1/ i 23 it 7]
AR AT AE AL 1 B AR SCHR T EMOEA-MDG
TE SR AN [7) 1 T S50 B iy 55 104 KB B 22 301 K, HLA A
UF AR E k. BRI L 25 1 iR L AR SO Hh ) EMOEA-
MDG BA 8 4 H AR E 1) (8] K ff RS 17808

[
P W

VWA & 3
RS ARSI

~

300
_EMOEA-MDG
250 ZQMS EGO = il
o R IMOEA/D-EGO
NACSEA
200~ | EEIK-RVEA
@ _AB-MOEA
=150+ N
W N
100 N N N
50 | ’_ﬁﬁa_‘
i L | Eﬁin ﬁ%ﬂ I
I
/\<) b

&l 3

4.5 HIEERBNIERST

YOk R RSO AR R VR AT S B 3 A AR S
Wit T A MDG 5752 12 EMOEA-w/ o
MDG, Jf4% H 5 J5 & i EMOEA-MDG #E 17 [t #4.
EMOEA-MDG 5 MDG ) IGD 1 HV #5583 3 fif
R 36 3 EESL R R4 EMOEA-MDG #1 EMOEA-

AN TR B 23 B AE SR % 16 A ) Al

a9 p D
Q&\ &\» Qﬁ é‘{b @QU qﬁk Qk @Q $QK @Q ~ Qﬁu
I ] 2
S ) 30 YR ST IS AT 1T B FE I 25 2

w/o-MDG. R #& Wilcoxon B fl#: 1% , EMOEA-MDG
G3AAE 6 AN 7 [l I LT EMOEA-w/o-
MDG iy IGD #1 HV 45 4%, 353 51 4E 75 4 7 Fi 6 A~
i@ |5 EMOEA-w/o-MDG %5 1 Jg & 3 ¥ 22 5.
B LAl I MDG fgfE 6 2] 7 A (o) 1 5 25 42
o AL T P B o [ B A G B A [ ) AT R A

w/o-MDG RBE1E 25 A 2 5 i 1 [n] 8 BUAS B Af 14 45 ZmtEfe. K0k, MDG H A B 47 19 38 1% f A 3L
H,EMOEA-MDG if 275 S ik B F EMOEA- ¥4 B T8 o0 5 5t 2 B AR AT 8 AR .
% 3 EMOEA-MDG 5 EMOEA-w/o-MDG 7 16 4 illi% 8 35 F 45 R bk 4%
33t ] 16D i 30 it ) HV 3R IR5*
EMOEA-MDG EMOEA-w/o-MDG EMOEA-MDG EMOEA-w/o-MDG
DTLZ1 1. 1869E+02(2. 41E+01) 1.1376E+02(2.38E+01) = DTLZ1 0. 0000E+00(0. 00E+00) 0. 0000E+00(0. 00E+00) =
DTLZ2 1.2983E—01(2. 20E—02) 1.8761E—01(2. 22E—02)+ DTLZ2 4.5430E—01(2. 74E—02) 3.9681E—01(3. 28E—02) +
DTLZ3 3. 0240E+02(6. 22E+01) 2.9623E+02(6. 86E+01)= DTLZ3 0. 0000E+00(0. 00E+00) 0. 0000E+00(0. 00E+00) =
DTLZ4 5.7063E—01(1. 36E—01) 5.5769E—01(1. 10E—01) = DTLZ4 8.0225E—02(8. 0SE—02) 4. 9566E—02(6. 42E—02) +
DTLZ5 2.7070E—02(6. 43E—03) 1.8363E—01(9. 01E—02)+ DTLZ5 1. 8323E—01(5.45E—03) 8. 3976E—02(5. 86E—02)+
DTLZ6 5.4236E+00(3. 02E—01) 3.8502E+00(4. SOE—01) — DTLZ6 0. 0000E+00(0. 00E+00) 0. 0000E+00(0. 00E+00) =
DTLZ7 2.7389E—01(1. 46E—01) 1.9961E—01(7. 48E—02) — DTLZ7 1. 8386E—01(1. 51E—02) 2.0451E—01(2.40E—02) —
WFG1 2. 0744E+00(1. 07E—01) 1.9146E+00(1.34E—01)— WFG1 1. 7741E—02(2. 32E—02) 9.5812E—02(4. 78E—02) —
WFG2 4.5053E—01(5.30E—02) 4.5703E—01(6. 32E—02)= WFG2 7.7970E—01(2. 39E—02) 7.8154E—01(3.35E—02)=
WFG3 3.0270E—01(3.97E—02) 3. 7807E—01(5. 09E—02) + WFG3 2.7407E—01(2. 17E—02) 2.5799E—01(2. 30E—02) +
WFG4 4. 6864E—01(6. 41E—02) 4.8154E—01(2. 73E—02) = WFG4 3.6260E—01(2. 31E—02) 3.6091E—01(1. 73E—02)=
WFGH 4.6733E—01(9. 31E—02) 4.2533E—01(8.59E—02)= WFG5 3. 6714E—01(5. 29E—02) 4.0550E—01(4.59E—02) —
WFG6 5.8548E—01(7.83E—02) 7.1789E—01(6.41E—02)+ WFG6 3.0422E—01(4.59E—02) 2.4979E—01(3. 16E—02) +
WFG7 5.4816E—01(2. 85E—02) 6. 1172E—01(3. 12E—02) + WFG7 3.2362E—01(1. 44E—02) 3.1252E—01(1. 79E—02)+
WFGS8 5.8998E—01(4. 03E—02) 6. 4328E—01(4. 09E—02) + WFGS8 3.0517E—01(1. 92E—02) 2.7798E—01(1. 72E—02) +
WFG9 6.7954E—01(8. 17E—02) 6.8163E—01(6.63E—02)= WFG9 2.5949E—01(3. 58E—02) 2.6352E—01(3.36E—02)=
+/=/— NA 6/7/3 +/=/— NA 7/6/3
A /% 56. 25 43.75 LGRS /% 50 50
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Background

Expensive multi-objective optimization problem are those
complex optimization problems with multiple objectives that
are not only conflicted with each other and but also computa-
tionally expensive, which exist in various fields, such as
and. Therefore, the research into how to solve such kind of
problems has become an increasingly hot and significant
research topic worldwide. The key issue in developing an
efficient expensive multi-objective optimization algorithm lies
in how to efficiently and simultaneously handle the diversity
and convergence challenges, i. e. , how to efficiently obtain
non-dominated solutions with good diversity and high quality
under limited computational resource.

To address the diversity and convergence challenges,
this paper proposes a novel multi-objective data generation-
based expensive multi-objective evolutionary algorithm. There
are three contributions and innovations of this paper when
compared with existing work. First, this paper puts forward
and proves the non-dominated solution generation theorem,
and then proposes a multi-objective data generation method
based on the theorem. so as to obtain more non-dominated
solutions more efficiently for improving the solution diversity.
Second, this paper proposes a multiple population multiple

surrogates framework that co-evolves multiple populations to

tional forum]. IEEE Computational Intelligence Magazine,

2017, 12(4): 73-67

ZHAN Zhi-Hui, Ph. D., professor. His main research
interests include artificial intelligence, evolutionary computa-

tion, and swarm intelligence.

efficiently optimize multiple surrogates that are built for
Third, based

on the above proposed method and framework, this paper

multiple real expensive objectives respectively.

proposes an expensive multi-objective evolutionary algorithm
based on multi-objective data generation for efficiently solving
the expensive multi-objective optimization problem. Exten-
sive experimental results have shown the great superiority of
the proposed algorithm and methods over compared state-of-
the-art algorithms.
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