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Workflow: Ferber et al. [2020]



Sampling States

Progression Random Walks
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Sampling States
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Labeling States
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Labeling States
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hF: Hoffmann and Nebel [2001]
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hF: Hoffmann and Nebel [2001]



Neural Network Heuristic
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Ferber et al. [2022b]
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Sampling States

Progression Random Walks
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Heuristic Coverages
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Planner Coverages

spider transport

snake gricola

settlers airport

Sievers et al. [2019a]

19



Planner Coverages

spider transport 104

snake gricola

solution probability

Il Il
0 500 1,000 1,500
runtime in seconds

settlers airport

Sievers et al. [2019a]

19



Planner Coverages

spider transport 104

—= |

snake gricola

solution probability

Il Il
0 500 1,000 1,500
runtime in seconds

settlers airport

Sievers et al. [2019a]

19



Planner Coverages
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Sievers et al. [2019a]; Ma et al. [2020]
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Sievers et al. [2019a]; Ma et al. [2020]



Learning Online Portfolios

PDG adjacency interpret
ASG 5@ matrix
measure shrink

21
PDG: Pochter et al. [2011] ASG: Sievers et al. [2019b] Framework: Sievers et al. [2019a]; Ma et al. [2020]
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Portfolio Coverages
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State Space Topologies
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Progress States
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Description Logic Formulas
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|at-ball(?ball, left)] =0 Vv
|at-vader(?room)n{left}| > 0 A |carry(?ball)| =0 Vv
|at-vader(?room)n{right}| > 0 A |carry(?ball)| > 0
= is-progress-state
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Description Logic: Baader et al. [2003] Formula: Ferber et al. [2022a]



Identifying Progress States
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Expansions GBFS+hFF
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+Progress States 215
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Generalized Bench Transition System
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Generalized Bench Transition System

Room 1 Room 2 _

M: current room tidy &
M: untidy crate in current room M: all rooms tidy
other room untidy
G: only tidied crates in current room G: True

G: in untidy room

A: change room A: False

A: crate moved
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Conclusion
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Expansions with Progress States
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