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1. Introduction

2. Method: PMSA

Preference-Modulated Structural Attention for Multi-
Objective Combinatorial Optimization

1 Nanjing University of Science and Technology, 2 Institute of Automation, Chinese Academy of Sciences.
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3. Main Result
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> We devise PMSA that explicitly injects edge a-
tributes 1nto attention scores as a prior to captur

¢ preference-specific topologies.

» We design a node-guided dynamic edge featu-

re aggregation strategy where node features acti
vely refine edge representations during encodin

g enhancing the perception of sub-problem stru
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» Extensive evaluations on Bi-TSP and Bi-CVRP

benc-hmarks confirm that our approach outpert
()
orms state-ofthe-art baselines efficiency. N
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BI1-TSP20 BI1-TSP50 Bi1-TSP100
METHOD HV (1) Gap(}) TIME () HV (1) GAaprp(]) TIME (4) HV (1) GAP (]) TIME ({)
WS-LKH 0.6270 0.00% 10M 0.6415 0.00% 1.8H 0.7090 -0.10% 6H
MOEA/D 0.6241 0.46% 1.7H 0.6316 1.54% 1.8H 0.6899 2.60% 2.2H
NSGA-II 0.6258 0.19% 6.0H 0.6120 4.60% 6.1H 0.6692 5.52% 6.9H
MOGLS 0.6279 -0.14% l1.6H 0.6330 1.33% 3.7H 0.6854 3.23% 11H
PPLS/D-C 0.6256 0.22% 26M 0.6282 2.07% 2.8H 0.6844 3.37% I11H
DRL-MOA UD.6257 0.21% 68 0.6360 0.86% 0S8 0.6970 1.60% 168
MDRL 0.6271 -0.02% 58 0.6364 0.80% 88 0.6969 1.61% 148
EMNH 0.6271 -0.02% 58 0.6364 0.80% 88 0.6969 1.61% 158
PMOCO 0.6259 0.18% 68 0.6351 1.00% 1228 0.6957 1.78% 268
CNH 0.6270 0.00% 1458 0.6387 0.44% 178 0.7019 0.90% 298
WE-CA 0.6270 0.00% 7S 0.6392 0.36% 10S 0.7034 0.69% 218
PMSA 0.6272 -0.03% 8S 0.6412 0.05% 198 0.7070 0.18% 388
MDRL-AUG 0.6271 -0.02% 34s 0.6408 0.11% 1.7M 0.7022 0.86% 14M
EMNH-AuG 0.6271 -0.02% 34s 0.6408 0.11% 1.7M 0.7023 0.85% 14M
PMOCO-AuGg 0.6270 0.00% 1.0M 0.6395 0.31% 3.2M 0.7016 0.95% 15M
CNH-AUG 0.6271 -0.02% 1.5M 0.6410 0.08% 4. 1M 0.7054 0.41% 16M
WE-CA-AUuG 0.6271 -0.02% 1.OM 0.6413 0.03% 3.3 0.7066 0.24% 16M
PMSA-AuUG 0.6270 0.00% 1.2M 0.6415 0.00% 5.8M 0.7083 0.00% 22M
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