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Current learning-based methods are unable to handle multigraph represen- Key idea: Autoregressively select edges, so both the next Table: Multigraph bi-objective TSP and CVRP with 100 nodes.
tations, which arise when multiple competing edges exist between node pairs (e.g., node and which parallel edge to use are decided jointly. p N MGMOTSP MGMOCVRP
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et al., 2017). Yet no learning-based solver existed for this setting. . LLX | GREATNB |i MBM 091 3.72% (44s) | 0.93 2.41% (44s) | 0.81 9.38% (54s) | 0.87 5.00% (54s)
. . . . e Decoder: Edge_based Multi-Pointer (MP) decoder: [ L )l' MBM (aug) 091 3.28% (59m)|0.93 210% (59m)| 0.82 8.30% (6.9m)|0.87 4.32% (6.9m)
Main contributions: scores each outgoing edge Dttt - T GMS-EB 0.93 1.81% (9.1m)|0.94 1.33% (9.2m)|0.85 4.08% (10m)|0.89 2.81% (9.9m)
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o Two GNN-based models covering the speed—quality trade-off. Hyp.ernetwork. MI_‘P generates  preference R Ve = = = v GMS-DH (aug) 093 161% (6.6m) 093 1.92% (6.6m) 0.85 3.89% (8.2m)|0.88 3.05% (8.1m)
conditioned decoder weights fgc(A) = MLP()N), : ( ) _ _ _ . _ .
Existing Existin J _ : _ TN Edge-based Hyper- Metric: bodyized Hypervolume (HV), averaged over 200 test instances. Runtime is total time for all 200 instances.
& cncoder Is pre erence_agnOStIC' | MP Decoder |1 network MBM: Neural baseline based on the MatNet architecture. Utilizes linear-scalarization pre-pruning before the encoder.
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Complexity: Representation size increases from O(N) to Figure 3: GMS-EB architecture. (2) total distance. Edge pruning is non-trivial.

O(MN?), yielding increased space and time complexity.
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Figure 1a. Euclidean. Figure 1b. Simple graph. Figure 1c. Multigraph. MOEA/D 0.60 32.79% (34h) | 0.60 35.73% (36h)
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Problem Formulation Key idea: Non-autoregressive (NAR) pruning, GMSEB (aue) |0.90 0.00% (75m) 0.93 0.00% (7.9m)
autoregressive (AR) node-based routing. p < GMS-DH (aug) 1 0.87 2.69% (1.6m)| 0.92 0.78% (1.7m)
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