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Handling Constrained Multi-objective Optimization Problems Based on
Relationship Between Pareto Fronts

Abstract

Abstract: To address the challenges of balancing the constraint satisfaction and objective function
optimization, and dealing with the complex feasible regions in constrained multi-objective optimization
problems(CMOPSs), a classification-based search approach is proposed based on different Pareto front
relationships. A dual-population dual-phase framework is proposed in which an auxiliary population Pa
and a main population Pm are evolved and the evolution process is divided into a learning phase and a
search phase. During the learning phase, Pa explores unconstrained Pareto front (UPF) and Pm explores
constrained Pareto front(CPF), through which the relationship between UPF and CPF is determined. After
completing the learning phase, the different classified relationships guide the subsequent search
strategies. In the search phase, the algorithm adaptively adjusts the search strategy of Pa to provide
effective assistance for Pm according to the different classification relationships between UPF and CPF.
Based on this framework, Pareto front relationships for different CMOPs are classified to achieve the
more effective searching for CPF. Experimental results show that the proposed algorithm has a better
performance compared with the seven state-of-the-art constrained multi-objective evolutionary
algorithms (CMOEAs). Through learning and utilizing the relationship between UPF and CPF, the more
appropriate search strategies can be selected to handle CMOPs with different characteristics and a more
advantageous final solution set can be got.
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constrained multi-objective optimization, relationship between Pareto fronts, two-population, learning
phase, search phase
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Based on this framework, Pareto front relationships for different CMOPs are classified to achieve the

more effective searching for CPF. Experimental results show that the proposed algorithm has a better

performance compared with the seven state-of-the-art constrained multi-objective evolutionary

algorithms (CMOEAs). Through learning and utilizing the relationship between UPF and CPF, the more

appropriate search strategies can be selected to handle CMOPs with different characteristics and a more

advantageous final solution set can be got.
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3.1 EHiE
3.1.1 P A R

M DTLZ™. DAS"™. LIR™ R ik T
BANEAAFFE AL R Z stk . HFs
MM REAEHDWE: T DTLZ M4,
C1-DTLZ1. DCI-DTLZI. DC2-DTLZ1 1 DC3-

step 6:
step 7:

[17]
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DTLZ1 %, M=3, D=7, MH4& R & D=12; %F
DAS FILIR ik 4, LIR-CMOP13. LIR-CMOP14

A1 DAS-CMOP7. DAS-CMOP8. DAS-CMOP9
i, M=3, D=15, A8 M=2.
3.1.2 BEETNSHIRE

Eoayat. ZXHER=1, WH R
F=0.5; w2 X ZXHp, =09, 5)

ey, =20 2L R: TRMEEp, =1/,
S ATTERy,, =20, SEERFIEF N 100, FEMALIEAT
N30, DTLZ 45 o B oP A X8 60 000,
DAS F1LIR P 4 o FOF A 2Ky 100 000, HoA:
ZH R B AR S5
3.1.3 PEEETEHT

IGD+HIHV JyH FHITFAN Fa bR, /N E IGD+
B AT R HV A & % E JE SR A S A E4F 1Y
Jhi .

IGD+ [ ST 7 USSR Z PR PERE . 2%
EWrE R

12

IGD" (ZA)= [ >min, ., d(a,.2)
=1

d(a,z)= /fl(max{a,{—zk,O})2
X ZATE US7% fEa: ANRE.

TR, &5 BT RIEH R AR R L HARAL

Vol. 36 No. 4
Apr. 2024

HV R4 R % H AR EIE IR TS 10 E SCRC AR
.5 CPF Mz ik, $ Eal e SUA
HV(4)=VOL(U[z,,z]]x -+ x[z,,.2"])
Xf: VOL 8 DIRSINEE : zf NTIUE XS5 5

3.2 SEREER

3.2.1 LIRJRE LR

H T LIR-CMOPs 1] & 2% 2] ), LIR-CMOPs
(1) CPF DL ATAT IR+ 70 2 FF, BWRE A & MA
(") UPF 5 CPF X R W Z HAstiAbin . LIR-
CMOP1-4 [} AT AT 3+ 73 %% /v s LIR-CMOP5-6 ]
CPF 5 UPF #H[d, 73 7l Jy i BAD U1 A . LIR-
CMOP7-8 ¥ UPF i T AN 47X 38, CPF {7 T2
15t b5 LIR-CMOP9-10 [¥] CPF #& UPF [ —3# 775
LIR-CMOP11-12 ] CPF fii T £ W 4 #; LIR-
CMOP13-14 i) CPF 5 UPF A .

% LIR-CMOPs %173 A

FhZE1: LIR-CMOP5-6, 13, 14.

Fi2E10: LIR-CMOP9-10.

F2E101: LIR-CMOP11-12.

FhZIV: LIR-CMOP1-4, 7-8.

£ LIR-CMOPs | IGD+H1HV (K45 145 43 5
MR 12 7w, HERATE, Frid RBPF LT
Foh 5.

#£1 AEFIELELIR-CMOPI-14 FHIGD+45 %
Table 1 IGD+ results of different algorithms on LIR-CMOP1-14
I i BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
LIRCMOPS 1.230 00 1.200 00 0.250 00 0.006 88 1.200 00 1.010 00 0.123 00 0.142 00
(0.004 24)-  (0.196 00)-  (0.053 40)-  (0.001 44)+ (0.02230)-  (0.398 00)-  (0.290 00)=  (0.297 00)
1.3500 1.2200 0.368 0 0.050 3 1.300 0 1.060 0 0.0759 0.260 0
LIRCMOP6
(0.000 184)— (0.341 000)= (0.271 000)— (0.245 000)+ (0.185 000)-  (0.454 000)-  (0.106 000)= (0.450 000)
1.3200 0.047 1 0.043 9 0.0779 1.3200 1.100 0 0.063 4 0.043 4
LIRCMOP13
(0.00201)-  (0.001 36)-  (0.00127)= (0.00449)-  (0.009 00)-  (0.481 00)-  (0.00293)-  (0.001 07)
12700 0.048 6 0.044 2 0.062 6 1.2900 1.030 0 0.050 9 0.045 4
LIRCMOP14
(0.002 110)-  (0.000 738)-  (0.000 829)+ (0.002 400)- (0.078 000)— (0.494 000)—  (0.001 860)— (0.001 520)
0.909 0.317 0.491 0.221 0.362 0.509 0.195 0.158
LIRCMOP9
(0.1340)-  (0.0865)-  (0.1420)-  (0.084 1)~  (0.143 0)- (0.179 0)- (0.088 7= (0.028 4)
0.9330 0.3010 0.409 0 0.1970 0.3320 0.7450 0.1150 0.058 3
LIRCMOP10
(0.0723)-  (0.0422)-  (0.1980)—  (0.0979)-  (0.0788)—  (0.159 0) - (0.058 9)-  (0.081 0)
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i 2t BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
0.677 0.175 0.280 0.230 0.413 0.713 0.150 0.112
LIRCMOPI11
(0.214 0)- (0.038 7)— (0.148 0)- (0.144 0)- (0.119 0)- (0.164 0)- (0.1390)-  (0.0187)
0.556 0.235 0.315 0.151 0.223 0.371 0.160 0.144
LIRCMOP12
(0.207 0)- (0.151 0= (0.1150)-  (0.0712)=  (0.056 2)- (0.077 2)- (0.043 8= (0.0299)
0.188 0 0.2590 0.268 0 0.024 2 0.266 0.186 0.1120 0.049 3
LIRCMOP1
(0.011 3)- (0.049 5)- (0.032 3)- (0.033 6)+ (0.012 5)- (0.016 0)- (0.0453)-  (0.0305)
0.110 0 0.140 0 0.180 0 0.0109 0.1850 0.1140 0.024 1 0.024 6
LIRCMOP2
(0.01220)-  (0.056 00)-  (0.022 70)-  (0.007 31)+ (0.01940)-  (0.009 56)-  (0.033 10)+ (0.012 90)
0.1870 0.259 0 0.2520 0.071 1 0.282 0 0.1850 0.064 7 0.034 3
LIRCMOP3
(0.023 9)- (0.062 7)- (0.046 2)- (0.061 7= (0.010 5)- (0.015 2)- (0.0474)-  (0.021 1)
0.1300 0.203 0 0.1970 0.040 4 0.202 0 0.1230 0.0729 0.029 6
LIRCMOP4
(0.020 4)- (0.085 5)- (0.021 1)- (0.037 2)= (0.015 9)- (0.013 8)- (0.056 0— (0.021 4)
0.479 0 0.3380 0.108 0 0.108 0 1.3100 02510 0.021 7 0.015 4
LIRCMOP7
(0.6750)-  (0.5440)-  (0.0203)-  (0.0313)-  (0.6520)-  (0.0912)-  (0.0317)-  (0.0239)
1.240 0 0.712 0 0.1800 0.1570 1.540 0 0.3910 0.011 6 0.0333
LIRCMOPS
(0.690 0)— (0.662 0)— (0.044 3)- (0.051 7)- (0.454 0)- (0.273 0)- (0.018 4+  (0.0723)
+—-/= 0/14/0 0/13/1 1/12/1 4/7/3 0/14/0 0/14/0 2/8/4

T 47 =7 0= RIEORHMEREIL T ST RS T AR .

2 AFAHIELELIR-CMOPL-14 L HV 45
Table 2 HV results of different algorithms on LIR-CMOP1-14

i 3t BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
0 0.006 14 0.145 00 0.290 00 0 0.029 00 025200  0.24500
LIRCMOP5
(0)- 0.0336)-  (0.0221)-  (0.001 3)+ (0)- 0.0545-  (0.0745)=  (0.0789)
0 0.009 96 0.092 50 0.190 00 0.001 90 0.024 00 0.16900  0.13800
LIRCMOP6
(0)- 0.0260)-  (0.0267)—  (0.0359)+  (0.0104)-  (0.0375-  (0.0345)=  (0.0743)
LReMmopps  *000 115 0546000 0556000 0510000 0003310 0072100 0535000 0556000
(0.000 137)-  (0.001 880)— (0.001 290)= (0.006 180)— (0.012 500)- (0.138 000)= (0.002 910)— (0.001 050)
LRemopis “00037 0.546 00 0.556 00 0.530 00 0.003 68 0.089 60 054900  0.55500
(0.000 334)-  (0.000 833)— (0.000 965)+ (0.003 720)- (0.018 600)- (0.153 000)- (0.002 010)— (0.001 240)
0.137 0.349 0.279 0.437 0331 0.242 0.442 0.449
LIRCMOP9
0.0578)-  (0.0565)-  (0.0643)-  (0.0483)~  (0.0747)-  (0.0833)-  (0.0654)=  (0.0263)
0.064 7 0.504 0 04130 0.579 0 0.472 0 0.151 0 0.639 0 0.672 0
LIRCMOPI10
00179~  (0.0346)-  (0.1550-  (0.0719~  (0.0750)-  (0.0488)-  (0.0382)-  (0.0557)
0.270 0.606 0.490 0512 0.376 0.191 0.577 0.607
LIRCMOP11
0.1020-  (02500)-  (0.1080)-  (0.1100)-  (0.0796)-  (0.0722)-  (0.1090)-  (0.016 8)
0362 0.506 0.440 0.525 0475 0.370 0.521 0.530
LIRCMOP12
00977~ (0054 )= (0.0508)-  (0.0502)=  (0.0436)-  (0.0527)-  (0.0309)=  (0.019 3)
0.136 0.114 0.108 0.225 0.107 0.137 0.176 0.206
LIRCMOPI
0.00518)-  (0.021 10)-  (0.01290)—  (0.020 50)+  (0.008 56)-  (0.008 17)—  (0.024 90)-  (0.016 50)
0.262 0.260 0221 0.355 0217 0.262 0338 0.341
LIRCMOP2
0.009 11~ (0.03030)-  (0.01700)-  (0.007 64)+ (0.016 10)-  (0.008 36)—  (0.033 10)-  (0.013 20)
0.126 0 0.096 5 0.102 0 0.173 0 0.090 5 0.124 0.176 0.188
LIRCMOP3

(0.01030)-  (0.027 60)-  (0.01680)- (0.02720)=  (0.006 14)-  (0.008 65)—  (0.024 10)-  (0.008 00)
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(53

i) & BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
0.224 0.191 0.188 0.288 0.185 0.230 0.265 0.294
LIRCMOP4
(0.012 50)-  (0.03820)- (0.01360)- (0.276 00)= (0.108 00)-  (0.009 14)-  (0.039 00)-  (0.016 40)
0.1870 0.208 0 0.2450 0.246 0 0.052 8 0.196 0 0.2870 0.289 00
LIRCMOP7
(0.10500)-  (0.08570)-  (0.00876)- (0.01320)-  (0.098 80)-  (0.023 00)—  (0.01480)-  (0.011 50)
0.066 2 0.1350 0.2300 02350 0.021 50 0.174 0.291 0.284
LIRCMOPS
(0.10300)-  (0.099 10)-  (0.01040)-  (0.01630)—  (0.066 00)-  (0.039 10)—  (0.008 90)+  (0.024 00)
+/—/= 0/14/0 0/13/1 1/12/1 4/7/3 0/14/0 0/14/0 1/9/4

T “47 =7 =T RIEORHMEREIL T 5T RS T AR .

SFFAR N, Fra o e, PPS R EL
A, AR SCHTHE RBPF BV T PPS. J5i A £
T, BT MBHELLHI PPS 51k, o4k T e ik, #E
FHKERA AT RYER 2R Bk, LI
I o T RBPF 5 HE 42 F1 LIR-CMOPS5-6 (1) 5 %
Y, Al B R R I R R R 40 48 R UPF, 2 I B
AR Bk, W RES ORI A, 36 Ak
WRAE S N . (HTR RBPF Sk e AL FE RN R T
L, BRI A S IR RE .

PRI A 3, RBPF 3815 1 S 4G
JRRZEF, LIR-CMOP9-10 3% KA A 1] 1T X
s, JE I AT PR RE 4R RN 24 BRI i B AR S T VR IR
AR T CPF.,

X TR 5 8, RBPF BE0% 1R 17 1 i 5 4
R B S, Al B Rl 5 A 20 4% & CPF,
NN

X TRV A @, RBPF. PPS Al URCMO 4>
AT 3. 2 MRS R . PPS T 2 HTHE 3
WG, AEVSIR I AL FE LIR-CMOP1-2 3% 26 1] 4735
3% /NP 1) B, URCMO B8 5 RBPF AL, {H
For 070 8 2 W BUAd FH Y 5686 5 RBPF 58 A
[F]. RBPF{Ufsf HAHBOFIHENE BT 2028, Ak,
WHIEIE D . I H RBPF 7E48 R BT 2
LI RAL BRI AR 1 . AT URCMO BUE 5 11
b, TELIRBUNERMINE [, RBPFRINELT.

gi L TIR, A SCHTHE RBPF 592 g W5 1R 4 3t
FIH UPF 5 CPF % & £ 1 BA AN [FRr R 29K

Z bR b i, HRIE TSR A
3.2.2 7£EDAS 5 DTLZ MR L4531

BT R FUBEAS AT AT X B, DAS 4R
(1) CPF tH 2 B8, I H — % a] 1 1) m A7 iz 25
UPF. [k, WF2ARZ H s B fE Rk DAS-
CMOPs I 1] fig 238 31— S R 3. W SUAAME. AT AT
YRR EFN 2 FE 1 R HE . 38 3~4 73 J) 7R T 7E DAS-
CMOPs L[] IGD+FIHV Fiit45 5, FIKIESE T A
TR LRI . T RBPF 559% 68 5 AR 4%
AN [ i) R R A RN, B AGR SRR R
CPF. B, 7E— @M bl 7S X, mr
ITHERAE DL K Z AR RN, 75 DAS MR i
fih 7 NZ R 2 H AR AL R R DL T+ R 55 1
PERE. [FIFEHE, 3R 5~6 20 A R T 76 DTLZ MR
FHIGD+MHY Giit 45 R . ERSI Uk |
RBPF BVEIA 8 564 T LA K Retig i B 2L %
FANTH 285 UPF 5 CPF X R WA K £ H Ar AL 1]
B RE
3.2.3 Friedman Test

188 FH KEEL #A10f e A7 SR AE A IIAER 1Y
IGD+5 HV 45 3347 Friedman # ARG, W13k 7 A
7~, RBPF HVELEIGD+LL K HV 45 3 E¥3R1G T
REEHEFAE, B s Bk 0 p-E /N T R
KF0.05, L, A X0 HGEE S RBPF AH LA BY
WES. W RBPF Hyk K H ik AfG BE
e
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#3  REHIEE DAS-CMOPI-9 L IGD+4%
Table 3 IGD+ results of different algorithms on DAS-CMOP1-9
i) 5t BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
DASCMOPI 0.729 00 0.166 00 0.728 00 0.059 70 0.782 00 0.608 00 0.017 80 0.002 23
(0.024 800)—  (0.003 170)-  (0.053 900)-  (0.104 000)— (0.041 500)- (0.143 000)— (0.085 500) = (0.000 102)
0.151 00 0.056 30 0.151 00 0.004 03 0.671 00 0.130 00 0.006 44 0.003 86
DASCMOP2
(0.007 590)—  (0.018 800)-  (0.009 150)-  (0.000 180)— (0.231 000)- (0.040 500)- (0.014 300) = (0.000 180)
0.187 00 0.122 00 0.197 00 0.129 00 0.685 00 0.190 00 0.139 00 0.005 54
DASCMOP3
(0.014 100)-  (0.031 000)-  (0.015300)- (0.082 0000)- (0.161 000)- (0.024 000)- (0.073 500)- (0.000 142)
0.063 20 0.007 59 0.044 10 0.243 00 0.018 10 0.112 00 0.007 27
DASCMOP4 NaN (NaN)
(0.113 00)-  (0.001 50)-  (0.08640)=  (0.145 00)— (0.007 27)-  (0.143 00)- (0.035 80)
0.075 80 0.005 72 0.071 00 0.167 00 0.018 70 0.037 60 0.001 83
DASCMOP5 NaN (NaN)
(0.155 000)—  (0.000 833)- (0.160 000) =  (0.253 000)— (0.004 000)— (0.099 900)- (0.000 081)
0.1450 0.015 4 0.216 0 0.2470 0.075 2 0.3610 0.039 7
DASCMOP6 NaN (NaN)
(0.179 00)-  (0.008 06)=  (0.221 00)— (0.303 00)— (0.13900)-  (0.17500)- (0.092 20)
0.025 8 0.027 2 0.0230 0.1870 0.099 2 0.030 8 0.023 4
DASCMOP7 NaN (NaN)
(0.001 710)=  (0.001 010)-  (0.000 633) = (0.164 000)— (0.017 6000)— (0.011 000)- (0.001 010)
0.0194 0.022 4 0.018 4 0.1650 0.0590 0.0229 0.018 8
DASCMOP38 NaN (NaN)
(0.002 570) = (0.002 570)—  (0.000 588)+  (0.208 000)— (0.015 800)— (0.004 160)- (0.000 753)
0.2510 0.186 0 0.2320 0.166 0 0.458 0 0.2110 0.023 6 0.0212
DASCMOP9
(0.027 10)-  (0.031 90)-  (0.003 00)— (0.128 00)-  (0.094 30)- (0.026 10—  (0.001 02)- (0.001 12)
+/—-/= 0/8/1 0/8/1 1/5/3 0/9/0 0/4/0 0/9/0 0/7/2
e 47«7 4= BRIFRORIAB AL T . BT T A .
4 RFHIEEDAS-CMOP1-9 LITHV 454
Table 4 HV results of different algorithms on DAS-CMOP1-9
i1 BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
DASCMOP1 0.007 04 0.167 00 0.007 89 0.195 00 0.002 44 0.03 25 0.207 00 0.212 00
(0.004 950)- (0.002 790)— (0.012 100)— (0.028 900)— (0.004 550)— (0.040 000)— (0.025 100) = (0.000 588)
0.2490 0.306 0 0.254 0 03550 0.0617 0.266 0 03530 03550
DASCMOP2
(0.004 700)- (0.008 150)— (0.003 580)— (0.000 113) = (0.079 200)- (0.014 400)- (0.012 000) = (0.000 145)
0.2120 0.243 0 0.209 0 0.243 0 0.0367 0.2120 0.2380 03120
DASCMOP3
(0.003 860)- (0.015200)- (0.000 217)- (0.046 100)- (0.052 600)- (0.011 900)- (0.041 600)- (0.000 298)
0.177 0.195 0.190 0.126 0.180 0.157 0.203
DASCMOP4 NaN (NaN)
(0.044 00)-  (0.005 15)—-  (0.024 10)-  (0.057 50)— (0.008 06)-  (0.056 10)-  (0.007 35)
0.306 0.348 0.311 0.263 0.338 0.329 0.352
DASCMOPS NaN (NaN)
(0.092 700)- (0.000 706)- (0.092 800) = (0.129 000)— (0.002 920)- (0.058 000)— (0.000 100)
0.236 0.307 0.200 0.202 0.275 0.128 0.292
DASCMOP6 NaN (NaN)
(0.09420)- (0.00221)= (0.11500)—- (0.124 00)— (0.064 80)—  (0.086 70)—  (0.051 60)
0.287 0.287 0.289 0.212 0.252 0.284 0.289
DASCMOP7 NaN (NaN)
(0.000 187)— (0.000 765)— (0.000 198)+ (0.073 700)— (0.008 890)— (0.005 740)— (0.000 417)
0.206 0.203 0.208 0.142 0.182 0.204 0.207
DASCMOPS8 NaN (NaN)
(0.001 900)- (0.001 620)— (0.000 261)+ (0.073 000)— (0.007 310)- (0.002 570)— (0.000 332)
0.1250 0.143 0 0.1310 0.1520 0.063 9 0.1250 0.203 0 0.204
DASCMOP9
(0.007 510)- (0.010 200)- (0.009 750)— (0.039 100)- (0.024 200)- (0.008 000)— (0.000 482)— (0.000 526)
+/—/= 0/9/0 0/8/1 2/6/1 0/8/1 0/4/0 0/9/0 0/7/2

TE: “47 7 9= BRIFORHAEIEIN T . ST METASCHE,
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£S5 REHIEEDTLZ MR SE I IGD+45 R
Table 5 IGD+ results of different algorithms on DTLZ benchmark suit
Ir] it BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
0.014 6 0.016 3 0.0147 0.0190 0.2490 0.0180 0.014 2
C1_DTLZI NaN (NaN)
(0.000 221)-  (0.000 128)- (0.000 275)- (0.000 838)— (0.088 100)- (0.001 410)-  (0.000 172)
¢l DTLZ3 1.1200 0.1280 0.2300 29700 04920 52100 2.900 0 0.024 2
- (2.750 0)- 04610~  (1.4600)=  (3.9100)- (1.470 0)- (3.460 0)- (3.730 0)- (0.001 4)
© DILZ 0.0192 0.023 5 0.0195 0.024 8 0.036 4 0.037 4 0.0222 0.018 5
- (0.000 610) = (0.000 438)- (0.000 907)— (0.000 716)~ (0.007 100)- (0.002 860)— (0.002 090)~  (0.000 654)
3 DTLZ4 0.059 3 0.0610 03210 0.0972 0.106 0 0.086 7 0.069 4 0.056 1
- (0.002 16)-  (0.002 38)-  (0.041 70—  (0.034 60)-  (0.007 05)-  (0.003 83)-  (0.003 33)-  (0.002 29)
DC1 DILZL 0.008 67 0.010 60 0.010 60 0.029 50 0.018 90 0.455 00 0.009 86 0.008 44
- (0.000 599) = (0.000 126)- (0.003 260)— (0.045 600)— (0.004 020)- (0.306 000)— (0.000 668)—~  (0.000 417)
DC1 DTLZ3 0.014 4 0.016 1 0.076 1 04690 1.600 0 1.8200 0.0279 0.014 4
- (0.001 160) = (0.000 708)- (0.089 700)= (0.726 000)—~ (2.300 000)- (0.668 000)- (0.028 900)-~  (0.001 210)
0.1310 0.016 4 0.0151 0.0315 0.2550 0.0289 0.024 5
DC2 DTLZ1 NaN (NaN)
(0.075 900)—  (0.000 175)+ (0.000 520)+ (0.038 200)— (0.069 600)- (0.028 400)-  (0.037 900)
0.565 0.374 0.455 0.375 0.989 0.579 0.152
DC2 _DTLZ3 NaN (NaN)
(0.003 07)-  (0.258 00)=  (0.218 00)-  (0.264 00)— (0)= (0.016 10)-  (0.206 00)
DC3 DTLZI 0.083 90 0.006 51 0.025 80 0.561 00 2.070 00 1.450 00 0.018 00 0.010 60
- (0.082 600)- (0.000 165)+ (0.006 820)- (0.956 000)— (2.960 000)- (0.777 000)- (0.067 200)-  (0.030 000)
DC3 DTLZ3 1.200 00 0.009 81 0.299 00 1.940 00 7.880 00 3.580 00 0.722 00 0.573 00
- (0.491 000)-  (0.000 503)+ (0.424 000)+ (1.770 000)— (3.980 000)- (0.724 000)- (0.496 000)-  (0.320 000)
+-/= 0/7/3 3/6/1 2/6/2 0/10/0 0/7/0 0/9/1 0/10/0
e 7 7 A= RIEROR MM SEEIL T BT ST A

3.3 BEBRAIERBAE

¥ RBPF 5} 5 N fA7E LIR. DAS #1 DTLZ
MRS _EEAT EE R . RBPFI 1E 58 B ST BUR A
FREFEIGER, MR B P IR F EARML
W RBPR2TETE M M BUEAF R E 4R,
TEH R B PR L) B RA S RBPF3 ANHEAT 2 2
BB ), PRI AGAL JE PR PR R F 20 R
iti; RBPF4 73 4 A W7 26 14 7,18 0.2; RBPFS 7340
FAW 2 AT BN 0.4

8 NI i RBPF 5% 5 HARARAE B I [
AL A IR

i % 8 Wl &1 (DRBPF & # L T RBPF1 5
RBPF2. J5l [RI7E T 1% 2 AR 9% A MR 4 2 2] 45
196 T 3 48 R R DA R LA A [R) R s 19 1
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HH I ATUE A, RBPF AR IR U7 Hud% B4R, &b
PR MR R Z B R, [F e T
AR ST 53 2805 V5 I HE R I DL B 48 R A B AR 4 17
Ry SR A 2R SRS 1A 1 . @RBPF W40 T
RBPF3, iEM 7 HEIELELTT UG, X FEE P, 75
W BO AW B A 29, A %) UPF 5 CPF ¢ & %%
ST 3 . GRBPF 78 3 MR EE E IS4
5 RBPF4 Al RBPF5 + 43 AL 7 1) K 7N B Wi T AX
ST A TIL 0] @ ) — 28 73 28 . SESR Hh AT BAK
L, J& TR ) AR B KT 041,
i J& T Fh 2 I o) ) r B BE AR RN T 0219 A
I, rAE 0.2~0.4 T LA I BURME AN 5], X — 5
RS BE F AR T ENE. 45 ERTR, R4
oy LV S AT r RO TEE 0.3 &I, FEEA
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£6 AFEFIEEDTLZ MRS B HV 453
Table 6 HV results of different algorithms on DTLZ benchmark suit

i et BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
0.836 0.837 0.833 0.818 0.245 0.828 0.839
Cl_DTLZ1 NaN (NaN)
(0.004 63)-  (0.001 19)-  (0.00524)-  (0.003 52)— (0.193 00)-  (0.00599)-  (0.003 22)
¢l DTLZ3 0.437 00 0.503 00 0.528 00 0.325 00 0.346 00 0.001 16 0.251 00 0.558 00
- (021200)-  (0.12300)- (0.11100)= (0.25200)-  (0.21200)-  (0.00638)—  (0.25500)~  (0.002 43)
0.516 0.507 0.516 0.499 0.468 0.461 0.509 0.517
C2 DTLZ2
- (0.001 46)=  (0.001 78)-  (0.001 30)-  (0.002 80)-  (0.012 50)-  (0.008 77)—  (0.003 83)—  (0.001 60)
0.788 0.785 0.546 0.756 0.755 0.766 0.781 0.780
C3 DTLZ4
- (0.001 27)-  (0.001 56)—  (0.07580)-  (0.02930)-  (0.004 96)—  (0.002 89)-  (0.001 96)-  (0.001 37)
0.6310 0.6270 0.6190 0.562 0 0.5770 0.090 7 0.628 0 0.632 0
DC1 DTLZ1
- (0.002 02)-  (0.001 11)-  (0.01990)- (0.073 70)-  (0.02510)-  (0.078 20)-  (0.002 20)-  (0.001 44)
0471 0.463 0.433 0.264 0.159 0 0.446 0.472
DC1 DTLZ3
- (0.00210)=  (0.00225)- (0.056 80)=  (0.156 00)—  (0.183 00)— (0)- (0.05130)-  (0.002 21)
0.549 0.838 0.839 0.784 0.239 0.807 0.818
DC2 DTLZ1 NaN (NaN)
(0.200 000)— (0.000 355)+ (0.001 120)+ (0.093 800)— (0.149 000)- (0.070 3000)- (0.092 000)
0.013 30 0.201 00 0.122 00 0.201 00 0 0.009 18 0.406 00
DC2 DTLZ3 NaN (NaN)
(0.000 733) = (0.259 000) = (0.221 000)— (0.251 000)— (0)= (0.001 740)—  (0.209 000)
DC3 DTLZI 0.323 00 0.523 00 0.409 00 0.123 00 0.027 50 0.006 03 0.515 00 0.521 00
- (0215 00)-  (0.003 15)+  (0.03500)- (0.169 00)-  (0.084 40)-  (0.02020)-  (0.097 30)-  (0.079 10)
0 0.361 0 02260 0.020 8 0 0 0.048 5 0.048 4
DC3 DTLZ3
- 0)- (0.001 67)+ (0.167 00)+  (0.065 10) = 0)- (0)- (0.114 00)=  (0.126 00)
+/—/= 0/7/3 3/6/1 2/6/2 0/9/1 0/7/0 0/9/1 0/9/1
VE: 47 7“2 GOl RoR HAMEER T 5T RS T AR
7 AEFIER Friedman R RIS D645 B %8 RBPF FIHASARTE A3 MIREE L ) bk
Table 7 Friedman test results of different algorithms Table 8 Results of RBPF and its variants on all suites
. IGD+ HV ARk IGD+(+/-/= HV(+/-/=
sk P P ) )
HE7 A1 RBPF1 5/17/11 4/19/10
BiCo 5.3330 0 5.560 6 0 RBPF2 2/17/14 3/17/13
C-TAEA 39091 0.000072 3.6970 0.000 036 RBPF3 2/22/9 1/23/9
CMOEA-MS 44848 0.000001 4.4242 0.000 002 RBPF4 0/1/32 0/1/32
PPS 42424 0.000006 4.1212 0.000019 RBPF5 0/2/31 0/1/32
ToP 72121 0 7.242 4 0 W 47 “7 =7 pRIFORHAMEER T, ST ST
TiGE-2 58182 0 5.9242 0 AL
URCMO 34848 0.001 089 3.4848 0.001299 £9 3SR S HAR AL B 55
RBPF 1.5152 1.545 5 Table 9 Parameters in three real-world CMOPs
ol ok L s ] T LK
3.4 LFRARE B AR RS g R i A T
0 . . Bulk Carrier Design''” 3 6 9
itk — i W1 FTHE RBPF B0 TERE, 7234 ¢
N N Process Flow Sheeting™” 2 3
o [ o AR AL G ER R AT T SR N ]
SEBRAIRZ B ARAL I 8L AT T SE8G, Wk 9~10 Process Synthesis®! 5 5

Fos, #E—DUEM] T pr R SR A R .
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Table 10 HV results of different algorithms on three real-world CMOPs
i1 23t BiCo C-TAEA CMOEA-MS PPS ToP TiGE-2 URCMO RBPF
Bulk Carrier ~ 2.5879¢-1 2.5172e-1 2.4285¢-1  2.1847e-1 2.4058e-1 2.3525¢e-1  2.9038e-1  3.0239%e-1
Design (1.91e-2) - (1.53e-2)- (6.15¢-2)— (5.19e-2) - (4.68e-2)— (5.27e-2)—- (3.15e-2)= (4.37e-2)
Process Flow  1.5709e+11  2.8933e+3  3.4969e+12  1.0634et7 1.9473e+9 4.1662¢+4  8.3815e+9  4.2693e+10
Sheeting (6.74e+11)+ (1.07e+4) - (1.91e+13)= (2.18e+7) - (7.15¢+9) — (2.04e+5) - (2.61e+10) - (1.70e+11)
Process 2.4152e-1 2.4114e-1 2.3160e-1 2.4121e-1 2.4120e-1 1.8858e-1  2.4151e-1 2.4154e-1
Synthesis (1.07e-5) - (1.8le-4)- (1.18e=5)—- (5.36e-5)- (7.65¢-5)— (1.87e-2)—- (1.38e-5)- (1.13e-5)
+—/= 1/2/0 0/3/0 0/2/1 0/3/0 0/3/0 0/3/0 0/2/1
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