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Dataset

We provide the open-source
datasets: including 24 train
datasets and 65 test datasets

Table 11: Overview of our benchmark datasets for the seven COPs. The “MODEL” column indicates

Benchmark

We provide a detailed analysis of existing methods of
ML4CO from: a) algorithm design, b) decoding strategy,
and c) post-processing optimization

Experiments

We conduct the following experiments:
1. Without any post-processing, we use the simplest greedy decoding
strategy to directly compare the performance and efficiency of
different algorithmic designs
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e AL ORI RO vorvED PRoRLaS N = Q{ p> & x o ™ e Y] MIS  RB-SMALL Gurobi (5)  20.090  0.538s AE-Gen-SL Greedy + RLSA 20070  0.093%  0.471s
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e el e v 7 v v G - : 107s AE-Gen-SL Greedy + Two-Opt 1.468 — 0.075s
oﬁ:tee:mg Pr)oblem o . . , = ATSP HCP-100 LKH (1K) (6) 0.000 0.211s AE-Gen-SL Greedy + Two-Opt 1.380 - 0.109s
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l d Generator Task Generation = Various distribution Portfolic Tasks MCI HK-SMALL Gurobi (5) 6.792 1.838s GP-OS-SL Beam-16 + RLSA 6.792 0.000%  0.039s
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eva ua-l.o r's / GTG gener'a-l.o r's / / _ \ Definition ~ Constraint Checking - Asecsasensannnes Wik Vafance Portialic . . . ~ MCl1 WS-SMALL Gurobi (5) 7.164 1.589s GP-OS-SL Beam-16 + RLSA 7.164 0.000%  0.040s
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. ] ! Rhtbids Optiization M0PO) MVC  HK-SMALL Gurobi (5) 142,506 0.382s AE-Gen-SL Greedy + RLSA 142.506  0.000%  0.353s
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Can't make it to the conference in person. Please feel free to reach out to me via github or email: heatingma@sjtu.edu.cn



