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Decomposition and cluster based expensive many-objective evolutionary
algorithm

XU San-shui, LI Jun-hua', LI Ling, LI Ming

(Key Laboratory of Jiangxi Province for Image Processing and Pattern Recognition, Nanchang Hangkong University,
Nanchang 330063, China)

Abstract: When using evolutionary algorithms to solve expensive many-objective optimization problems, the many-
objective leads to difficulties in balancing convergence and diversity and makes convergence difficult when computational
resources are limited due to high consumption costs. Therefore, this paper proposes a decomposition and cluster
based expensive many-objective evolutionary algorithm (DC-EMEA), which uses the Kriging model to approximate the
objective function and reduces the number of evaluations of real expensive functions. When the optimizer searches for
the optimal solution set of the model, the objective space is decomposed with the help of the reference vector, which is
conducive to the balance of convergence and diversity. At the same time, two rounds of selection are adopted to ensure
that the offspring population size is the same as that of the parents, providing more options for the selection of individuals
for real evaluation by the infill criterion and improving the search efficiency. Meanwhile, an adaptive infill criterion is
proposed to firstly divide the population into k subpopulations using the K-means algorithm. Then, by dividing the
neighborhood, the subpopulations are adaptively divided into different types, and individuals are selected according to the
types of subpopulations to improve the utilization of computational resources. In the selection of individuals, the focus is
on the maintenance of convergence pressure to improve the convergence speed. Finally, the selected individuals are used
to update the model and the archive. The experiments show that the DC-EMEA can balance convergence and diversity
well and has a strong convergence ability.
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WE k£ 5 R AT B 50 PR 0k 5 1 SV HEAT X L,
F T 90 PR R PR e B3 A 280k 28 2 41 S5k DC-
EMEA 5 CSEA!"', MOEA/D-EGO"!, K-RVEA!'?I,
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KTA 231 P & EDN-ARMOEA!! #f 47 %} b, H
CSEA i FH 5 2 807 15w 28 WX 28 1 g 73 SR AR BB 2
MOEA/EGO. K-RVEA Fl KTA 2 i Fij 75 BL 4> #5574 /¢
i [5] I % %Y EDN-ARMOEA {5 FH Dropout 1 £ f 2%
PERENE B, A SC A B3 7E PlatEMORY - &
HIZAT.

31 LWRE

SIS F DTLZ MR A 22 1 Sy el ik 1) 7, 7y
SR SLIEAE HPRECA 3L 4. 6. 8F110, TR AR B 4
BN 10 451 Bl PR RE. A e AR R BS (inverted
generational distance, IGD) f5 #5123 FL A BV R 1 .

1) Fh#EER A i T DC-EMEA #1K-RVEA () fh £
FUBLL T2 2% v S AU, 111 255 10 & R Al B P s
BT AR R, A T ARUE A P, Bl SR PR R 15
BAHFE, 2B BEE 891,84, 112, 128 F1 110.

2) 2% 15 S A A STASE BRSO S5 R VTP IR A
NLIESRAT. 551 ST AN 75 B A sk B bR R
S, BRI YRR B N 10 000; 57 2 41 S 56 75 24
LS H bR RO B T FE K B I R AR, DR fe KR
Wik Hve E 4 300.

3) A& XOFNAR S 057 5 B R B AU — gk i) 22 X
A 22 AR 5 AR AR, 2 X AR e T
B B 20,8 XMW E N 1L, B R MR EAND,
Hor Dy A7 S i 4L

4) HoAth 2 Hiss B A SO e KA A AR S winax
R 70 4 U3 B ) SR B K 1) 1 B 575 K-RVEA, 4y
200 5, oAt B2 2 40 B S HR SO [

32 SRoH
1) 28 1 20 S5 4 A SO 6 BE B2 ke 35 50 (two

A

round environment selection, TRES), fE & i 25 1 %6 3F
BEE ), AN F AT 28 2 S M Bk B BRVE A N R
M % B 572 (single round environment selection,
SRES). 4 TRES 5 SRES #£ 47 %f Lt, F 46 UE 5 %6 31
SRR FEIA R, B3 M RIETE34EDTLZ 5 L3RS
AR SRR 4. 32 1 P8 B2 4E DTLZ ik 1) & 3R
3 IGDE G vt 45 R, S i 1 45 3R 2oy Bk, Hor
‘7, ‘=7 M ‘=" 4 5IER7R SRES 5 TRES AH B B 4
B AL

(a) SRES & fifte

A
(b) TRES & fiitte

3 SRESHITRES7E3#DTLZ 5 FyIE L FefRes

%1 SRESFAITRES#E DTLZ Wit [a]3_E3R SR IGD ES &R (191E)

problem M SRES TRES problem M SRES TRES
3 1.8330e+0 = 1.794 4e+0 3 5.8902e-2 — 3.908 1e-2
4 9.2297e-1 = 8.289 7e-1 4 4.469 le-1 — 2.070 2e-1

DTLZ 1 6 3.2563e-1 — 2.450 2e-1 DTLZ5 6 2.0135e-1 = 1.9227e-1
8 1.394 2e-1 + 1.447 4e-1 8 6.817 7e-1 — 1.664 9e-1
10 1.679 3e-1 — 1.620 1e-1 10 5.664 6e-1 — 1.922 1e-1
3 6.0404e-2 = 6.018 9¢-2 3 5.9699e-2 — 4.126 6e-2
4 1.4363e-1 = 1.407 4e-1 4 1.4550e-1 = 1.2837e-1

DTLZ2 6 2.8105e-1 = 2.7369e-1 DTLZ6 6 1.495 6e-1 = 1.878 2e-1
8 4.1263e-1 — 3.730 8e-1 8 1.750 4e-1 = 1.881 5e-1
10 5.7870e-1 — 4.680 1e-1 10 2.578 le-1 — 1.816 8e-1
3 6.520 le+0 = 5.608 6e+0 3 1.1408e-1 = 1.098 3e-1
4 3.2530e+0 = 3.1329e+0 4 2.9553e-1 + 3.405 3e-1

DTLZ3 6 1.144 0e+0 = 1.1627e+0 DTLZ7 6 6.8430e-1 = 6.658 1e-1
8 4.856 5e-1 — 4.114 8e-1 8 1.154 6e+0 + 1.457 2e+0
10 6.236 6e-1 — 4.825 3e-1 10 2.2284e+0 + 2.7917e+0
3 6.063 6e-2 = 6.062 7e-2
4 1.6519%¢-1 = 1.443 5e-1

DTLZ 4 6 2.8143e-1 = 2.710 1e-1
8 3.7239-1 = 3.629 9e-1
10 4.9162e-1 — 4.755 3e-1

+/—/= 4/13/18 +/—/= 4/13/18




446 #= % 5

xR ¥39%

M3 0] LUF H, TRES fig 15 51 5 2 1) 9k 3 fic fi#
FLSC Sk W o8, X e S IR IO AE T AR I IR R
Rk,

MR 1 H IGD {E X L 1% Lk &, TRES 76 K £ 41
AR S b1 RESE AR, A AE 8 HARAIDTLZ 154, 8 Al
10 HF5 M DTLZ 7 MK SE 45 1 1% BE % T~ SRES.

2) 55 2 41 5256 % DC-EMEA 5 K-RVEA . CESA.
EDN-ARMOEA. KTA 2 Al MOEA/D-EGO 47 %} £,
#2861 HEAE DLTZ A ) @I IGD{H 1 4 vt 45
RIS AR A RBAR, o = A = gy
TR HARSFE 3RS 1 25 B 5 DC-EMEA AH LU B
B ZEFIAHALL.

#2 6NEIEAEDTLZ MR B L3R SHYIGD ES T 45R (191E)

problem M K-RVEA CSEA EDN-ARMOEA KTA2 MOEA/D-EGO  DC-EMEA
3 8.7152e+1 —  6.0304e+1 — 9.750 0e+1 — 4.9652e+1 — 8.5120e+1 — 3.24e+01
4 7.0885e+l —  3.8425e+1 — 7.344 8e+1 — 3.541 7e+1 — 5.907 6e+1 — 2.28e+01
DTLZ1 6 2.9104e+1 — 1.771 le+1 — 3.5727e+1 — 1.783 7e+1 — 3.2557e+1 — 1.37e+01
8 1.0662e+1 —  5.595le+0 = 1.0837e+1 — 5.090 2e+0 = 1.200 le+1 — 5.25e+00
10 4.7184e-1 — 3.2200e-1 + 4.3362e-1 = 2.9839¢-1 + 4.2682e-1 — 3.72e-01
3 1.8633e-1 — 2.1244e-1 — 3.0844e-1 — 6.0814e-2 + 3.2257e-1 — 6.94e-02
4 2.8835¢e-1 — 2.898 0e-1 — 3.739 5e-1 — 1.393 8e-1 + 3.742 le-1 — 1.86e-01
DTLZ2 6 3.0884e-1 + 4.2629e-1 — 4.2605e-1 — 3.280 6e-1 + 4.7248e-1 — 4.08e-01
8 5.008 3e-1 — 5.7433e-1 — 4.450 4e-1 + 4.643 6e-1 = 5.3507e-1 — 4.65e-01
10 5.4388e-1 — 6.676 5e-1 — 4.546 0e-1 + 4.571 4e-1 + 5.2328e-1 — 4.99¢-01
3 2495242 —  1.5616e+2 — 3.143 le+2 — 1.342 6e+2 — 1.8538e+2 — 9.27e+01
4 1.7973e+2 —  1.2373e+2 — 2.5272e+2 — 1.001 5e+2 = 1.626 8e+2 — 8.31e+01
DTLZ3 6 1.0333e+2 —  4.925le+l = 1.2834e+2 — 5.803 le+l = 9.296 4e+1 — 4.87e+01
8 33665e+1 —  1.9743e+] = 3.9202e+1 — 1.6303e+1 = 3.429 0e+1 — 1.79e+01
10 1.3832e+0 —  1.0263e+0 + 1.3397e+0 = 1.089 0e+0 + 1.338 5e+0 = 1.25e+00
3 4.1940e-1 — 4,978 5e-1 — 3.1957e-1 + 3.4202e-1 = 6.128 5¢-1 — 3.50e-01
4 5.049 3e-1 — 4.6901e-1 = 3.8218e-1 + 4571 le-1 = 6.743 4e-1 — 4.40e-01
DTLZ 4 6 5.265le-1 + 4.898 7e-1 + 4.8391e-1 + 6.0050e-1 = 6.869 8e-1 — 5.97e-01
8 5.6117e-1 + 5.806 le-1 = 5.0716e-1 + 6.3307e-1 — 6.458 3e-1 — 5.98e-01
10 5.9487e-1 + 6.328 6e-1 = 5.131 6e-1 + 6.2342¢-1 = 6.457 Te-1 = 6.39¢-01
3 1.098 %¢-1 — 1.049 8e-1 — 1.6453¢-1 — 1.1945¢-2 — 2.5588e-1 — 9.77e-03
4 1.045 6e-1 — 1.2322e-1 — 1.6433e-1 — 5.028 1e-2 — 2.3588e-1 — 9.97¢-03
DTLZ5 6 5.254 6e-2 — 8.443 6e-2 — 1.203 0e-1 — 9.3682e-2 — 1.520 6e-1 — 1.65e-02
8 2.4338e-2 — 3.6105¢e-2 — 5.6597e-2 — 6.4225¢-2 — 7.6412e-2 — 2.17e-02
10 9.9524e-3 = 1.127 7e-2 — 1.5173e-2 — 2.046 5¢-2 — 2.1256e-2 — 9.48¢-03
3 3.1547e+0 —  4.6146e+0 — 5.2749e+0 — 1.806 1e+0 = 2.126 6e+0 — 1.64e+00
4 23156e+0 —  4.6589e+0 — 5.008 4e+0 — 1.8452e+0 — 1.704 7e+0 — 1.35e+00
DTLZ6 6 1.4233e+0 —  3.2263e+0 — 3.430 6e+0 — 1.3199e+0 — 1.1320e+0 — 8.40e-01
8 4.8434e-1 = 1.399 9¢+0 — 1.8539e+0 — 8.8609e-1 — 4.859 6e-1 = 4.21e-01
10 4.0728e-2 + 1.7890e-1 = 2.6826e-1 — 1.0662e-1 = 1.5409¢-1 — 1.07e-01
3 1.246 4e-1 + 1.465 5e+0 — 1.164 7e+0 — 2.5919%-1 = 2.509 le-1 — 1.41e-01
4 2.9040e-1 —  2.6266e+0 — 1.226 0e+0 — 4.2698e-1 — 4.9217e-1 — 2.31e-01
DTLZ7 6 5.7502e-1 — 4.5023e+0 — 1.559 4e+0 — 6.8954e-1 — 8.6653e-1 — 5.09e-01
8 1.0264e+0 —  5.101 8e+0 — 1.9303e+0 — 1.061 3e+0 — 1.1002e+0 — 8.65¢-01
10 1.0988e+0 +  2.1416e+0 — 1.3813e+0 — 1.248 1e+0 = 1.227 0e+0 = 1.22e+00
+/—/= 712612 3/25/7 7/26/2 6/16/13 0/31/4

Xf 2% 2 W8 s 13E 4T 23 A, A BE T MOEA/D-EGO,
DC-EMEA 7 K 43 Iak S 451 1 B 5 58 4 553 A A
i) HE fig, X & [N MOEA/D-EGO X F f% K 1 28 4%
TEHE U, [5) B =5 FEAC S50 R 22 B 1 R 0 AN AR, T
THE IR BR (1 00, M DL BT 1 3R DC-
EMEA 7£ 10 H #5 () DTLZ 1 #1 DTLZ 3 b 14 fig 2 T
CSEA F1KTA 2, 3% & K A 7E CSEA H, fff A HE Y
il TH MR 2 25 i 2 8] S C % &R, 2 SR N 4
g S5 5 R, T KTA 2 76 35 70 1 JU) A 00 S30PE 75 SR

B, 16 FR S SO A o ) AN AR, R 8 4 R A I WS
%. DC-EMEA 7 DTLZ 6 S AR PE RE R 4T, X AE 10 H b
%L T 2T K-RVEA; DTLZ 2 f1 DTLZ 4 () 3 52 PF [fij
DAY, R S AR R R 2 A B R T, B T
£ DC-EMEA [ 38 78 | o, 76 16 4% 2 RV R 4 1)
fifg IF, A B 2% R T 0T e S 1 4 4, 3 B DC-EMEA
B A AEIX A 1) R A A G 1 45 R AE S A
e R I, DTLZ 5 1B 4k 17, DC-EMEA HU15 % {45
3 DTLZ 7 4 Pareto S {6 X 38 AN 22 58 (1) [ @, FH 5
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WEEAE A [F) 7 X 3 AR FF P EE 2 A0 (1 5 ), DC-
EMEA f¢ 1% JUA3 550 0 i 25 2. IX 28 S 3G 36 IE | DC-
EMEA I8 %Pk,

K4 N6ANHEPEAEDILZ1. DTLZ3 AIDTLZ6
WK A R Wi S 2. W7 LB, DC-EMEA £

DTLZ 1 #1DTLZ 3 - IS S50 B Al e 24 45 SR 3R 15 1
i Ve, /£ DTLZ 6 i3 5 KTA 2 A1 MOEA/D-
EGO AHAL R 14 fie, (5 bE FHAth 3 AN 5925 380 R B 43X 7E
—EFRRE R R I S A 7 v )RR e A Ak B I
SKH .

1 7 3
160 4003 \\X 6
o ol ey |
S 80 2 200 \ O\ SN 2
40 100 \\H}: :

0 - - 0 - - 0 - -

0 100 200 300 0 100 200 300 0 100 200 300
RARV € pv&:id iRV
——K-RVEA —— CSEA ——K-RVEA —— CSEA ——K-RVEA —— CSEA

——EDN-ARMOEA —=— KTA2
——MOEA/D-EGO -+ DC-EMEA

(a) DTLZ 1 Yxsihzk

——EDN-ARMOEA —=— KTA2
——MOEA/D-EGO -+ DC-EMEA

(b) DTLZ3 W&l ih

——EDN-ARMOEA —=— KTA2
——MOEA/D-EGO -+ DC-EMEA

(c) DTLZ6 Yz

4 6 NEEE3IYDTLZ 1. DELZ 3#1DTLZ 631 j2] 85 | BN48 &2 £ IGD {E AT BT Sl 25

586N EEAE DTLZ 2 Wik o) j 1 B 75 f 1
IGD {8 i /) 3 S e i 45 7] DA H, DC-EMEA 3F 52
Jic fiF £ TP BN K B PF TH B80T, T LAl B VR Y A A

5 1.0 1.0 | /i .
(d) KTA2 &Rt

(b) CSEA I fifsE

\
GO0

1.5

2.02.0 I

(¢) MOEA/D-EGO & fil4E

A S IE f# 25 PR TH] 5328 1 1 I, MR 55 1) 43 A 1 T
k&, DC-EMEA ] £ F£ 141 % T KTA 2, ¥t B DC-
EMEA 7 38 5 S S5 1) 7] B e 08 2 e g () 2 AR

| © |°EDN-ARMOEA

© MOEA/D-EGO

1.0 1.0 f

/ vE
(f) DC-EMEA it & itk

5 6ANEIRAEIYEDTLZ 2 MR B L ERIS  4£ IGD ERTAYIE S ECAZER

4 4 ®

ARCHEH T — P T2 il ARSI & e 4 2
H An 40 5% (DC-EMEA). {5 F 19 %6 P4 58 106 % SR g
X R (1 B AR A AT 4 2R, RE AR L b P e S5k
M2 FEVE, $2 48 2 A% R, 48 F 1 3 5 4 7 v U
PR LSRR BN A, SR T T IRSCE FE. i S
SAN SRR AR b, BIE T DC-EMEA [ 2. J5

22 TAE K1 5018 F DC-EMEA fif i 512 B A= 355 Hh 11 &)
SrR4EZ H AR )L
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