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Generalized Policies for Classical Planning

Classical planning:

P> Given: action model + initial state + goal

» Task: find a (concrete) policy p : S — 24 that
maps each state s to a set of actions 7p(s)

(:action pickup :parameters (?7x)
:precondition (and

(clear ?x) (ontable ?7x) (handempty))

:effect (and (not (ontable ?x))

(not (clear ?x)) (not (handempty))
(holding ?x)))

(:action putdown ...)
(:action stack ...)
(:action unstack ...)
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Generalized Policies for Classical Planning

Classical planning:
P> Given: action model + initial state + goal

» Task: find a (concrete) policy p : S — 24 that
maps each state s to a set of actions 7p(s)

Problem 1 Problem 2

Generalized planning:
» Given: action model + class of problems Q = By | =
S EaCh problem. |n|t|a| state + goal initial state goal initial state goal
P> Task: find a general policy that maps each problem . . Problem

P € Q to a concrete policy m(P) = mp

Example (Blocks World)

General policy:
o Unstack all misplaced blocks initial state goal initial state goal
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® Stack them in the correct order
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Expressing and Learning Generalized Policies

Rule-based general policies (Bonet and Geffner 2018):

P Express a policy as a set of rules of the form
C+— Ey | ... | E over a feature space ®

P Features: Boolean and numerical features,
e.g., # clear blocks

P> Learnable from a set of small problems
(Bonet et al. 2019; Frances et al. 2021)

Example

General policy for clearing a one block x:

rn:{-H,n>0}— {H,nl}
ry {H} — {—-H}

where

H £ true if holding a block

n = number of blocks on top of x
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Generalized Policies for FOND Planning

» FOND: action a may have multiple outcomes a1, as, .. .
not under the agent’s control

» Fairness: for an infinitely occurring action a, all
outcomes ay, as, . .. occur infinitely often

» Strong-cyclic: all max. fair trajectories reach goal
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Generalized Policies for FOND Planning

» FOND: action a may have multiple outcomes a1, as, .. .
not under the agent’s control

» Fairness: for an infinitely occurring action a, all
outcomes ay, as, . .. occur infinitely often

‘Q walk %
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@® How do we express general policies for FOND domains? ‘i

» Strong-cyclic: all max. fair trajectories reach goal
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@

® How can we learn FOND general policies?

Till Hofmann, Hector Geffner Learning Generalized Policies for FOND Planning Domains 3/7



From Classical to FOND General Policies

FOND dead-ends relaxation dead-ends
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From Classical to FOND General Policies

All-outcome relaxation: agent can choose
action outcome — classical planning

as,i

FOND dead-ends relaxation dead-ends
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From Classical to FOND General Policies

All-outcome relaxation: agent can choose
action outcome — classical planning

Observation

A general policy for the all-outcome relaxation
is also a general policy for the original FOND
problem if it avoids FOND dead-ends

FOND dead-ends relaxation dead-ends
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From Classical to FOND General Policies
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ag 2 _‘B \\
. (]’[ \(l()
n—2 n—l___ n—3___ n=>0
—\B ag,2 B

‘(]12 aq 2

n_ n—l >n:2
—|B -B

FOND dead-ends relaxation dead-ends

‘—b Policy 1 ‘
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From Classical to FOND General Policies

All-outcome relaxation: agent can choose

n=1*. action outcome — classical planning
a2,2 -B -
ar 6,1 Observation

[n= 2 o 1 - 3 A general policy for the all-outcome relaxation
' T a' [16'2 is also a general policy for the original FOND

\ (11 2 problem if it avoids FOND dead-ends

n — (n =) p— Learning;:
t -B -B > Select features that describe the FOND
dead-ends

FOND dead-ends relaxation dead-ends > Learn a general policy for the relaxation
that avoids dead-ends
Policy 1 = Combinatorial optimization problem
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Example: Learned Policy for Acrobatics

Selected features:
@ Distance d = dist(position, next-fwd, positiong)
between the current position and the goal position
@® Boolean feature U = |up| which is true if the agent is
currently on the beam
© Boolean feature B = |broken-leg| which is true if the
agent’'s leg is broken

Learned policy rules:

n: {U,d>0-B} {dl}
ry: {_\B, _‘U} — {U} ‘ {dT} climb

s

_T-“?;:-'

)

Learned state constraint:
bl . {B, ﬁU}
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Evaluation

s ¢ v

0 &= 2 g L

5 5 £ 5 3 ¢ 3 E g %

s £ £ Z T - B2 T 2 g 3

5 & 5 © © g & 8§ 8 x 2L
Q S S S 4 % % % £ 8
acrobatics 18 18 3 3 9 0.12 23 3 1 4 6
beam-walk 9 9 2 3 9 0.05 22 2 0 4 5
blocks3ops 95 95 4 4 20 344 194 3 0 5 11
blocks-clear 95 9% 2 3 20 15 34 2 0 4 6
blocks-on 19 190 2 3 20 156 704 3 0 6 11
doors 19 19 5 7 33 1:18 625 4 1 10 19
islands 300 300 4 32 83 1h 1182 4 1 7 13
first-resp 99 15M 2 5 36 3340 332 5 2 7 20
miner 69 13! 2 9 184 297h 1073 8 4 6 28
spiky-tire 170 36" 3 6 23 1h 479 8 5 8 36
tireworld 980 7€ 1 3 100 0.11 21 5 4 4 12
triangle-tire 10 1' 1 6 231 029 27 3 1 4 9
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Evaluation

proven to generalize

to all instances
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LEARNING GENERALIZED POLICIES FOR
FULLY OBSERVABLE NON-DETERMINISTIC PLANNING DOMAINS
Till Hofmann and Hector Geffner
RWTH Aachen University

Extracting a General FOND Policy

Come visit our poster!
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https://ml.rwth-aachen.de/~till.hofmann/papers/ijcai24-genfond.pdf
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