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blocks ~ 18.0 0.0 0.0  80.4 100.0 98.8 100.0
depots 603 32.7 547 90.30.0  98.0 100.0
grid 100.0 100.0 51,0 93.0 00  96.0 100.0
npuzzle 280 0.0 10 00 03  97.5 100.0
GoalDistance Estimat pipesnt 57.8 684 502 92276 824 99.4
oal-Distance Estimator rovers  48.2 21.8 45.0 26.0 140 84.2 100.0
scanalyzer 33. 3 70.7 67.3 82.7 11.0 98.3 100.0
' all Yé@ storage  89.0 57.5 695 24.500  48.0 38.5
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C mnpl(“t(‘/\ blocks 00 00 0.0 00 50.0 61.6 96.8
ate depots 83 4.3 129 35.40.0 36.0 82.6
State sl Y & grid 87.8 95.0 705 60.2 0.0  53.2 100.0
ﬂ @ ) Bellman Update npuzzle 0.0 0.0 0.0 0.0 0.0 33.2 86.5
! : pipesnt 234 101 80 48.700 27.4 69.3
e \ rovers 28 08 65 15 03 13.9 100.0
(s0, 1+ min V(soa])) scanalyzer 3.3 0.0 60.7 60.0 0.0  98.0 100.0
storage  27.2 13.2 15.8 0.0 0.0 13.8 11.5
transport 0.0 0.0 2.4 0.0 0.0 0.0 92.8
Neural Network Heuristic Functions for Classical Planning: visitall ~ 28.0 0.0 0.0 0.0 100.0 74.0 100.0
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