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Contributions

® three per-instance heuristics

® only state as input
® curriculum learning
® prove convergence to h*

® comparison between state-of-the-art

® neural network heuristics
® model-based heuristics
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Residual Network (He et al., 2016)
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Benchmarks (Ferber, Helmert, and Hoffmann, 2020)
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Domain AP pE pAVI
blocks 18.0 0.0 0.0

depots 60.3 327 54.7
grid 100.0 100.0 51.0
npuzzle 28.0 0.0 1.0

pipes-nt 57.8 68.4 502
rovers 48.2 2138 45.0
scanalyzer 33.3 70.7 673
storage 89.0 575 69.5
transport  100.0 100.0 87.5
visitall 55.3 0.0 0.0
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Domain LGD hSE PAVI  pSL pHGN
blocks 18.0 0.0 0.0 804 100.0
depots 60.3 327 547 90.3 0.0
grid 100.0 100.0 510 93.0 0.0
npuzzle 28.0 0.0 1.0 0.0 0.3
pipes-nt 57.8 68.4 50.2 92.2 7.6
rovers 48.2 2138 450 26.0 14.0
scanalyzer 33.3 70.7 67.3 82.7 11.0
storage 89.0 575 69.5 245 0.0
transport  100.0 100.0 875 99.2 947
visitall 55.3 0.0 0.0 0.0 100.0
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blocks 18.0 0.0 0.0 804 100.0 98.8 100.0
depots 60.3 327 547 90.3 0.0 98.0 100.0
grid 100.0 100.0 51.0 93.0 0.0 96.0 100.0
npuzzle 28.0 0.0 1.0 00 03 97.5 100.0
pipes-nt 57.8 68.4 502 92.2 7.6 82.4 99.4
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blocks 00 00 00 00 500 o616 96.8
depots 83 43 129 354 0.0 36.0 82.6
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Conclusion

® three new per-instance heuristics

® large scale comparison to previous work
® trained heuristics highly complementary
® in general, model-based heuristics win
® all our heuristics superior in Storage

Paper
Supplement
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