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Background Domain-Independent Graphs Grounded vs Lifted Graphs
e Classical planning: for Planning Tasks Grounded graphs: SLG, FLG
o find a sequence of actions from an initial state to a STRIPS Learning Graph (SLG) + more Informative for domain-independent learning

goal state in a huge implicitly defined transition system (P, A, 50.G) - large and slow to construct and evaluate
ybky 90

e State of the art: D
o at the core, heuristic search (A*, GBFS etc.)

- requires grounded representation of planning tasks

\ (bs3) Lifted graphs: LLG
@ . D + small and quick to evaluate

D in-ind dent heuristics:
¢ Lomain-n epeh ent hedrs '?s © + can be used with planners which do not ground
o solve a relaxation of the planning task FDR Learning Graph (FLG) - less informative for domain-independent learning
Contributions ® (V, A, s, s, Search Guidance Performance
1. first graph representation of lifted planning tasks for (01) (v2) (v3) Training setting: given a planning domain 6

learning domain-independent heuristics
2. theoretical expressivity results for learning

e domain-dependent (DD): train on small tasks from o
e domain-independent (DI): train on tasks not from o

domain-independent heuristics Testing setting:
3. large scale training of domain-independent heuristics on Lifted Learning Graph (LLG) e cager GBFS, GPUs w/ batch evaluation, 600s timeout
|IPC dataset, consisting of 30000 states i
9 o (P.0, A s0.G) o 3 rrledssage ptassmg layers, mean aggregator
expan e : co;.
Theoretical Expressivity Results o e O o A
GNNs = .. T ;g‘ ’ ?'Ocks blind A" HGN SLG FLG LLG SLG FLG LLG
™\ | = } ¢ i ikl ocks - - -
add max ground args @ @ @ @ / xas% /,x" x Ef;)pupzezﬁe '?elrryk(9(09)0) - ;?) - 32 32 gg 22 2§ g
+ can learn h#°“/h™#* on grounded graphs [Thm. 4.1] -— | 10 £ dom.-dep. LLG | 10" domdep, LG~ ©Po® orgherciyy 1. 18 5 9 6/ 18 s 3 9
. . . . = ’ 1071 ) > % SHARER 1‘1—puzzle (50) - 36 - 10 10 - 6 3 -
m Pf. encode VI into GNNs + universal approximation state and goal 'R | RS vt e o 0512 L 4) D
L0t oo o VISIESOME - isitall (90) .6 25 46750 44 16 41 -
theorem edicates B gt *f visisome 90) 3 26 33 72 39 6573 65 15
- cannot learn h294/h™ax on lifted graphs [Thm. 4.3] R T
* (b) predicates on hand- clear hionld'
- cannot learn h* and h"[Thm. 4.4] () & Effect of GNN hyperparameters
- cannot learn an approximation of h* and h" [Thm. 4.5] Schemapfedica‘esc C) e mean > max aggregator for DI training
m Pf: counterexample tasks regencas (1) (N () () G @ o contrary to literature of GNNs for CO
e note: these are worst case scenarios; it is possible to T 6 \‘0 e more layers ~ worse performance
learn h™ or h on subclasses of planning problems \ , o GNN oversmoothing
. ‘ domain-dep. domain-ind.
' | ' | ' Bt SR @ O SIOwer evaluathn aggr. L SLG FLG LLG SLG FLG LLG
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mealt 19 0.44 0.37 0.85 0.37 0.32 0.21
e e ey . 16 031 0.18 0.75 0.36 0.32 0.12
o e . 4 0.46 0.50 0.89 0.33 0.29 0.30
= 8 0.41 0.43 0.88 0.36 0.30 0.52
max-— 12 036 0.43 0.80 0.12 0.24 0.39
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