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Graph Neural Network-Guided Evolutionary Algorithm
for Solving Constrained Multi-Objective
Optimization Problems

ZHANG Yigin', HAN Zongchen”, SUN Jing', ZHAO Chunliang’

(1. College of Data Science, Qingdao University of Science and Technology, Qingdao 266061, China; 2. College of
Information Science and Technology. Qingdao University of Science and Technology. Qingdao 266061, China)

Abstract Constrained multi-objective optimization problems are typically challenging due to the complexi-
ty of constraints, irregularity of the feasible region, and sparsity of feasible solutions. These factors make
it difficult to precisely characterize the constraint relationships and to find Pareto non-dominated solutions
that are both well-converged and evenly distributed. To address these challenges, this paper proposes a
graph neural network-guided constrained multi-objective evolutionary algorithm. The algorithm includes a
learning module and an adaptive weight vector strategy. The learning module leverages a graph neural net-
work trained to rapidly evaluate solution sets, while the adaptive weight vector strategy enhances popula-
tion diversity through a discrimination criterion and an update mechanism. Experimental results show that

the proposed algorithm significantly outperforms five state-of-the-art algorithms on various benchmark test
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problems and performs exceptionally well on complex constrained multi-objective optimization problems.
Key words graph neural networks; constrained multi-objective optimization problems; constraint-based

multi-objective evolutionary algorithms; weight vector update
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Fig. 1 A schematic diagram of a Graph Neural Network model Fig. 2 A schematic diagram of the sampling and
aggregating information from all neighboring nodes aggregation process in the GraphSAGE model
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Fig. 3 Model Structure (a) Graph classification model; (b) Node classification model
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Fig. 4 Distribution of optimal values of IGD and HV indicators for testing problems
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45 14, IDBEA KRG A IGD 455% . T HV 4845, MOEA /Dlearning 3815 T 10 MR HV 455, C-
TAEA #il RVEA £&3k15 3 1>, ANSGA-II #4753 2 4>, IDBEA Al MOEA/D-D %3845 1 4.
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AT R 3 A BRI BIE T HE MOEA/Dlearning TERE , Al A3 512 74 4 000 1 Rl 48 152 34w A 7K
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Table 1 Mean and standard deviation of IGD indicators for three practical problems

Problem M D ANSGA-IIT IDBEA MOEA/D-D RVEA C-TAEA MOEA/Dlearning
Car side impact ; 5.096 4E+0 2.024 2E+1 1.238 3E+1 3.674 1IE+1 3.046 2E+0 2.129 6E+0
design problem (7.54E+0)= (1.47E+1) — (2.43E+0) — (8. 12E+0) — (2.05E+0) — (1. 14E—3)
Water resource . 2.531 9E+6  2.549 2E+6  3.343 OE+6  2.508 2E+6  2.537 TE+6 2. 467 5E+6
management problem 0 ’ (3.56E+4)=(1.04E+5)= (2.55E+5) — (1.20E+5) — (4.25E+4)= (1. 76E+5)
Bulk carriers . 5.397 9E+3 1. 003 4E+5 4,630 7TE+3 4.598 2E+3 4,767 5E+3 8.203 3E+9
design problem ’ 6 (8. 44E+2) + (4.73E+5) + (1.67E+2) + (1.46E+3) + (4. 69E+2) + (9. 49E+8)

+/—/= 1/0/2 1/1/1 1/2/0 1/2/0 1/1/1

M1 ATLUE s MOEA/Dlearning & 3 > SEBR L@ RS T 2 AN IGD 4558, RVEA (UG T 1
A VHA 4 DRIEB RIS IGD 855, X% MOEA /Dlearning 763X 3 ~SEFRIAE_E B H:RE L T HiAlb
5 AR, LR IIE T MOEA/Dlearning 784 242 H A% a) b 44 2500 38 PR 90 T A S B 1o P
HRE Iz N I SE S T o M LT A 5 AN SERERETE , MOEA /Dlearning 783K fif SZ i A SRS 7R T 5 =5 )
LY I IRY Wi} 5Ty
3.5 iRk

ASCFT ) MOEA /Dlearning G WA 24, Jy 1 Bk A 2H AR 004 R0 AR RSB 353t 1 DA
PR (1) K T RSk ah & 1 IR AR B 12 ) AR I BE ) AT 5 | S AP &R
R T WAIE S T BB A S B ARG A2 T BB MOEA /Dlearning 7281 1, (2) AB{K 1. A SCHE T
ST R TR A ) £ 0] S R TR SR DL — e RN R 25 BA ) i L DAS | AR 1 . T
BE A R R AT A 2R 4 5 BEE Y MOEA/Dlearning 7E 72844 11,

i ZH E S L AaR . 3% 2 RISk 3 A BIEAR T AR R 148 4K 11 5 MOEA/Dlearning 553 767K
[} F 1) IGD $8 bR A1 HV 8RB 25 F%t L L br SREE R e LA

% 2 MOEA/Dlearning & BEZ5{k i) IGD 15FRHI B E iR 2=
Table 2 Mean and standard deviation of IGD indicators for MOEA/Dlearning and its variants

Problem M D Variant 1 Variant 11 MOEA/Dlearning
3 7 2.247 0E—2 (3.29E—4) + 6.335 9E+0 (4. 19E+0) — 4. 713 9E—2 (1. 40E—2)
5 9 1.150 6E—1 (1. 88E—2) — 9.128 1IE—1 (7. 12E—2) — 7.662 4E—2 (2. 56E—3)
C1_DTLZ1 8 12 2.031 4dE—1 (4. 31E—2) — 2.591 8E+2 (1. 82E+2) — 1.118 5E—1 (1. 14E—4)
10 14 1.632 4E—1 (3.51E—3) + 1. 299 9E+0 (6. 49E—2) — 2.065 1E—1 (5. 66E—2)

15 19 3.776 6E—1 (1. 13E—1) — 3.628 SE—1 (1. 43E—1) — 1.892 8E—1 (2. 94E—3)
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(8)% 2 MOEA/Dlearning % k8 IGD fEiRE B IR A ZE
Table 2 Mean and standard deviation of IGD indicators for MOEA/Dlearning and its variants

Problem M D Variant I Variant 11 MOEA/Dlearning

3 12 3.311 1IE+0 (4. 10E4+0) — 2.323 TE+1 (1. 46E—1) — 5.446 4E—2 (4. 86E—17)
) 14 2.120 8E—1 (1.55E—4) + 2.344 1E+1 (1. 76E—1) — 2.344 1E+1 (1. 76E—1)

C1_DTLZ3 8 17 1.186 4E+1 (3.51E—2) — 2.352 3E+1 (2. 42E—1) — 3.869 4E—1 (1. 80E—4)
10 19 1. 444 7TE+1 (3. 29E—2) — 2.364 9E+1 (1. 74E—1) — 6.361 7TE—1 (2.83E—1)
15 24 1. 455 8E+1 (6. 38E—2)= 2.366 TE+1 (2. 80E—1) — 1. 201 5E4+0 (1.59E—1)
3 12 1.227 2E—1 (3. 09E—2) — 1. 118 8E+0 (3. 30E—2) — 5.233 3E—2 (6. 09E—17)
5 14 2.220 3E—1 (8. 94E—4) + 1. 309 4E40 (0. 00E+0)= 3.737 3E—1 (5. 50E—2)

C2_DTLZ2 8 17 3.057 6E—1 (5.48E—6) + 4,155 4E—1 (2. 38E—2) — 8.583 9E—1 (5. 73E—2) —
10 19 4.547 7TE—1 (3. 19E—5) + 2.554 1IE+1 (2. 91E+0) — 8.239 4E—1 (2. 75E—2) —
15 24 1. 291 3E+0 (8. 64E—3)= 1. 432 9E+0 (0. 00E+0) — 1.101 5E4+0 (1. 30E—1) +
3 12 NaN (NaN) 3.300 0E—1 (2.43E—1) + 1. 418 OE+0 (2. 79E—1)
5 14 NaN (NaN) NaN (NaN) 5.894 1E—1 (9. 94E—2)

C3_DTLZ4 8 17 NaN (NaN) NaN (NaN) 9.198 2E—1 (8.13E—2)
10 19 NaN (NaN) NaN (NaN) 9.706 3E—1 (6. 08E—2)
15 24 NaN (NaN) NaN (NaN) 1.188 6E+0 (4. 32E—2)

+/=/= 6/7/2 1/14/1

#%& 3 MOEA/Dlearning & HE{KH) HV f5#RHI B E MR ZE
Table 3 Mean and standard deviation of HV indicators for MOEA/Dlearning and its variants

Problem M D Variant 1 Variant 11 MOEA/Dlearning
3 7 8.030 1IE—1 (1. 00E—2) + 5.125 7TE—2 (1. 47E—1) — 7.496 3E—1 (5. 46E—2)
5 9 8.832 3E—1 (3. 03E—2) + 2.166 OE—1 (1. 36E—1) — 7.937 9E—1 (7. 40E—2)
C1_DTLZ1 8 12 5.402 5E—1 (7. 81E—2) — 9.264 7TE—3 (5.07E—2) + 8.398 1IE—1 (1. 58E—2)
10 14 4.616 1IE—1 (6. 71IE—2) — 1. 266 6E—2 (2. 69E—2) — 8.777 1IE—1 (5.51E—2)
15 19 2.604 7TE—1 (1. 05E—1) — 2.001 1IE—2 (3.43E—2) — 7.450 2E—1 (4.15E—2)
3 12 5.044 6E—1 (2. 20E—1D) = 3.237 0OE—2 (4. 66E—2) — 5.595 9E—1 (2. 03E—5)
5 14 8.090 1IE—1 (1. 80E—1) + 8.036 1IE—3 (1. 28E—3) + 7.742 AE—1 (4. 57E—4)
C1_DTLZ3 8 17 8.840 2E—1 (8. 16E—4) + 0. 000 0OE+0 (0. 00E+0)= 0. 000 0E+0 (0. 00E+0)
10 19 7.670 8E—1 (3. 53E—1D) + 0. 000 0E+0 (0. 00E+0) — 1.276 1IE—1 (1. 90E—1)
15 24 9.303 5 E—2 (2.88E—2) + 2.239 6E—5 (7. 63E—5) — 1.587 9E—1 (1. 45E—1)
3 12 4.910 1IE—1 (2. 38E—6) + 0. 000 OE+0 (0. 00E+0) — 4.181 2E—1 (3. 33E—2)
5 14 4,215 9E—1 (5. 43E—2) — 1.304 1IE—1 (1. 68E—1) — 5.952 4E—1 (8. 76E—4)
C2_DTLZ2 8 17 1.232 TE—1 (6. 58E—2) — 3.907 1IE—3 (1. 53E—2) — 5.923 0OE—1 (5. 69E—4)
10 19 6.644 9E—1 (5. 17E—4) + 3.333 7TE—3 (1. 83E—2) — 8.662 6E—2 (4. 93E—2)
15 24 2.377 2E—1 (1. 25E—1) + 2.050 1IE=3 (1. 12E—2) — 8. 118 SE—2 (6. 04E—3)
3 12 NaN (NaN) 1.126 5E—1 (8. 26E—2) — 6.735 4E—1 (1. 01E—1)
5 14 NaN (NaN) NaN (NaN) 7.956 2E—1 (5. 76E—2)
C3_DTLZ4 8 17 NaN (NaN) NaN (NaN) 5.465 4E—1 (1. 29E—1)
10 19 NaN (NaN) NaN (NaN) 4,397 6E—1 (1. 68E—1)
15 24 NaN (NaN) NaN (NaN) 2.863 5E—1 (1. 94E—1)
+/—/= 9/4/2 2/13/1

W% 2 F13 3 Pl DIA ) MOEA /Dlearning 78 Fr A MR A 8P A5 1) 1IGD 5 HV 845 B9 e (8 50
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