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Abstract

Learning symbolic action policies is a recent approach to
solving classical planning problems. While policies are in
principle human readable, understanding how exactly they
solve a domain, or, more importantly, why they fail on a
given instance, is challenging, as the logic expressions are
often complex. We introduce a framework that allows us to
analyze policies learned over description-logic features. Each
policy rule classifies a state transition as good, bad, or unsolv-
able, based on features of the current state and of the transi-
tion. We encode the policy rules in answer-set programming
(ASP), extending an established ASP formalism for classical
planning. Using faceted reasoning we analyze how individual
policy rules affect the space of possible plans and find issues
in the policy when it fails to solve an instance. Our analysis is
feasible on instances that can be solved optimally by strong
classical planners.

Introduction

In classical planning, the objective is to find an action se-
quence that transforms an initial state into a goal state. A
recent approach in generalized planning is to learn symbolic
action policies that generalize across the instances of a do-
main and use them to guide the search process (Frances,
Bonet, and Geffner 2021; Musayev et al. 2025; Bonet and
Geffner 2025). Such policies consist of collections of rules
that classify transitions using description-logic (DL) fea-
tures (Baader et al. 2003). These features are built from con-
cepts and roles, where concepts represent sets of objects and
roles represent relations between them. Although the under-
lying planning problems are deterministic, a learned policy
is generally non-deterministic, since it can admit several ac-
tions in a state and thus multiple plans for an instance. A
policy is therefore not a single solution but a generator of
plans. Although these symbolic rules are in principle human
readable, this does not necessarily make them easy to un-
derstand. Even individual features can be surprisingly com-
plex. Figure 1 shows a Boolean DL feature for the Spanner
domain from a policy learned by Musayev et al. (2025). Al-
though the expression is symbolic and follows the simple
grammar of DL features, the property it captures is difficult
to read. In practice, features tend to be even more complex,
consisting of many sub-expressions. When a policy fails, be-
haves unexpectedly, or prunes necessary transitions, it can

b_empty (
c-some (
rprimitive(at,0,1),
c_some (
rprimitive(link,0,1),
c_some (
r_inverse (r_primitive(at,0,1)),

cprimitive (usable,0)))))

Figure 1: Example of a Boolean DL feature in the Spanner
domain. The feature is true if there is no object that has a
usable spanner one step away from its current location.

therefore be challenging to determine which rule is respon-
sible and what exactly the issue is. Without tool support, this
requires manual inspection of rules, feature definitions, and
affected transitions. While existing research has focused on
how to learn and use such policies, we study the problem of
analyzing, debugging, and explaining policies.

Our framework extends the P1anPilot tool (Gnad et al.
2025), which uses faceted reasoning to interactively and iter-
atively navigate the solution space of a planning task. Here,
a facet is an action that occurs in some plans but not in all
plans, and the number of facets can be used to quantify the
flexibility in the solution space. We extend the pipeline with
an encoding of the policy rules in answer-set programming
(ASP), building on an established ASP formalism for clas-
sical planning, and restrict the solver to only choose actions
justified by a fired rule. A rule fires if its conditions hold in
state s and its effects apply over the transition to a successor
state s’. By selectively enabling and disabling rule sets, we
can analyze how different rules affect the plan space. We do
so by treating individual rules as facets, which allows us to
interactively enforce and prohibit specific rules and analyze
the resulting changes in the solution space. This allows us to
identify problematic rules that prune solutions.

We evaluate how policy rules restrict the solution space
across instances from common IPC benchmarks (Taitler
et al. 2024). Empirically, this is feasible on instances that a
state-of-the-art planner can solve optimally. Using two case
studies in the Spanner and Rovers domains, we show that the
framework can identify overly restrictive rules. In the first
case, a rule is identified that, while intended to prune transi-



tions to unsolvable states, in fact prunes valid solutions. In
the second case, a rule is identified that incorrectly prunes
actions necessary to solve the planning task. This process
is automated and does not require human input, offering, to
the best of our knowledge, the first approach for such a sys-
tematic analysis of action policies learned in planning. The
identified rules provide concrete feedback for improving the
learned policies: misclassified rules can be relabeled, and bi-
ases in the training data can be addressed by retraining.

Background

We review classical planning, answer-set programming,
faceted reasoning, and policies learned over description-
logic features.

Classical Planning

A classical planning problem is a pair IT = (D, I) that con-
sists of a planning domain D and a planning instance I. The
domain D = (T, P, A) consists of a set of types 7', a set
of predicates P, and a set of action schemas A. Each pred-
icate p € P has a fixed arity |p|, and each of its parame-
ters X = (x1,...,Z|p|) is associated with a type 7(x;). An
atom is a predicate for which each parameter is associated
with a variable symbol or object. Each action schema a € A
has a set of preconditions pre(a) and a set of effects eff{a),
both of which are sets of atoms that are instantiated with
variables only. The effects are partitioned into add effects
add(a) and delete effects del(a). A planning instance is a
tuple I = (O, sp, G), where O is a set of objects with associ-
ated types. An atom is ground if it is instantiated with objects
only and a state s is a set of ground atoms. sg is the initial
state, and G is the goal condition, a set of ground atoms. A
ground action is obtained by instantiating all parameters of
the schema with objects o € O of matching types. A ground
action a is applicable in state s if its preconditions are sat-
isfied in s, i.e., pre(a) C s. Applying an applicable action
yields the successor state s’ = (s \ del(a)) Uadd(a). A plan
is a sequence of ground actions © = (aq, . .., a,) whose re-
peated application transforms s into a state s’ that satisfies
G, i.e., G C s’. We assume that actions have uniform costs,
so an optimal plan is a plan with minimal length. A plan-
ning problem is solvable if there exists at least one plan. By
Plans(I1y) we denote the set of all plans of II of length at
most H.

Planning problems are commonly specified in the Plan-
ning Domain Definition Language (PDDL) (McDermott
et al. 1998) and can be represented in ground form using
SAS+ (Backstrom and Nebel 1995).

Answer-Set Programming
In Answer-Set Programming (ASP), a rule is of the form

h < by,...,b,,n0tcy,...,notcy,

where h is the head of the rule and the remaining literals
form the body. The rule derives A if all atoms by,...,b,
hold and none of the atoms cy, ..., ¢, hold. A rule with-
out a body is called a fact, which makes the head always
true. A rule without a head is a constraint, meaning that the

body must not be satisfied. A collection of rules is called
an answer-set program (Brewka, Eiter, and Truszczynski
2011). Its solutions, called answer sets, are sets of ground
atoms that satisfy the program under stable model semantics
(Gelfond and Lifschitz 1988). An answer-set program may
have zero, one, or multiple answer sets. Beyond these nor-
mal rules, we make use of the following ASP constructs. A
choice rule
{h} —by,...,b,

allows h to be chosen as true or false if the body is satisfied.
The head can also contain a conditional literal h : d, where
h is eligible to be chosen if d holds. Bounds can be added to
restrict how many eligible head atoms may be chosen:

H{h:d}u<+by,...,b,

where [ is the lower bound and w is the upper bound, with
0 <! < u. The #minimize statement selects answer sets
that minimize a given objective, and the aggregate #count
counts the number of elements satisfying a condition.

Faceted Reasoning

The notion of facets has been employed in ASP to navi-
gate answer sets (Alrabbaa, Rudolph, and Schweizer 2018;
Fichte, Gaggl, and Rusovac 2022). A facet is an atom that
occurs in some answer sets of the program but not in all of
them, and this property makes it possible to refine the so-
Iution space. Enforcing a facet keeps only the answer sets
in which the corresponding atom holds, while prohibiting it
keeps only the answer sets in which it is false. In classical
planning, this notion has been adapted by treating action oc-
currences as facets, allowing users to efficiently restrict and
analyze the set of possible plans (Speck et al. 2025; Gnad
et al. 2025). The advantage of facet reasoning is that decid-
ing whether an atom is a facet lies in NP and is therefore
computationally much easier than counting the number of
polynomially bounded plans (#P), deciding whether a given
number of such plans exists (PP), or enumerating all such
plans (EnumP) (Speck et al. 2025). The significance of a
facet is measured by the reduction in remaining facets when
the facet is enforced or prohibited.

Description Logic

Description logics (DL) are a family of formal languages
used to represent knowledge about a domain by defining
concepts and roles (Baader et al. 2003). Given a planning
domain D, atomic concepts correspond to unary predicate
symbols and types, and atomic roles correspond to binary
predicate symbols. In this work, we interpret these over a
universe A defined over the objects O of a planning in-
stance. To express more complex relations, concepts C, D
and roles R, S can be constructed from atomic ones. We use
the following constructors from the DLPIan library (Drexler,
Frances, and Seipp 2022): universal concept T, bottom con-
cept L, intersection C M D, negation —C, value restriction
VR.C, existential quantification IR.C, equality R = S, in-
verse R ™1, transitive closure R 1, and restriction Rle.

DL features are expressions built from these constructors
and are evaluated over planning states. The complexity of a



feature is determined by the number of constructors in its ex-
pression. We consider Boolean features defined by concept
or role emptiness or by the truth value of a nullary predi-
cate, and numerical features defined by the cardinality of a
concept C or arole R.

Symbolic Action Policies

Action policies can be learned from sets of Boolean and
numerical DL features, which allows generalization across
instances of a planning domain. For example, Frances,
Bonet, and Geffner (2021) learn general policies by solving
a Weighted Max-SAT problem. Bonet and Geffner (2025)
build on hitting-set algorithms to learn general policies. Sim-
ilarly, Musayev et al. (2025) learn transition classifiers over
DL features using decision trees, distinguishing between
good, bad, and unsolvable transitions. In their work, a good
transition decreases the goal distance, a bad transition does
not decrease the goal distance, and an unsolvable transition
leads to an unsolvable state.

Both general policies and transition classifiers consist of
rules that distinguish preferred transitions from undesired
transitions and can therefore be used to guide the search.
Such a rule consists of a set of feature conditions C' and a
set of feature effects F, both based on description logic. The
conditions are evaluated in the current state s, and the effects
are evaluated over the transition from s to a successor state
s'. A rule fires for a transition if all conditions in C hold in
s and all effects in E hold over the transition from s to s’.

Although the underlying planning problems are determin-
istic, the learned policies are generally non-deterministic:
a state may admit several transitions that are classified as
good, so a policy can allow multiple plans for an instance.
A policy is therefore not a single solution but a genera-
tor of plans. In particular, such a policy is not a policy
in the sense of fully observable non-deterministic (FOND)
planning, where actions are selected to cope with non-
determinism in the environment; here, the non-determinism
lies in the permissiveness of the policy itself.

We consider policy rules with Boolean feature condi-
tions that evaluate to true or false in state s. For feature ef-
fects, both Boolean and numerical features are considered. A
Boolean effect is positive if the feature changes from false to
true over the transition, and negative if it changes from true
to false. Numerical effects describe how the feature value
changes over the transition. The possible comparisons are
strict increase, strict decrease, increase or equal, decrease or
equal, and no change.

Encoding Policies in ASP

To evaluate symbolic action policies over a planning prob-
lem IT = (D, I), we first translate II into ASP. Then we
extend the ASP encoding with DL features and policy rules.

Planning as ASP

We use the translator plasp (Dimopoulos et al. 2019),
which takes a PDDL or SAS+ planning problem with a plan-
ning horizon H as input and produces an answer-set pro-
gram. We use a bounded plan encoding, in which a plan may

have at most H steps. To represent plans shorter than H,
the encoding introduces no-op actions to ensure that each
time step is assigned exactly one action. The placement of
the no—op actions is regulated: they cannot occur at the fi-
nal time step, and if there are one or multiple no-ops, they
must appear consecutively right before the final step. In this
program, planning states are represented by holds atoms
indexed by time steps T' € {0, 1, ..., H}.

Under these adaptations, a ground action a of a planning
problem II is a facet at time step 7" if it occurs at time step 7'
in some plan in Plans(I1g ) with horizon H, but not at time
step 7" in all plans in Plans(Ily). A no—op action is a valid
action and is therefore counted as a facet.

Encoding Symbolic Policies in ASP

Our encoder takes a set of rules per transition class
(good/bad/unsolvable) as input, where each rule is defined
over Boolean and numerical DL features. To extract the
syntactic structure of each rule, we use the DLPlan library
(Drexler, Frances, and Seipp 2022), which parses each rule
into a constructor tree. The root of this tree identifies the rule
and its class label, while its children represent the conditions
and effects of the rule. Each condition or effect specifies how
its associated feature is evaluated, for example whether a nu-
merical feature decreases, and points to the feature it evalu-
ates. The feature is then recursively decomposed into its DL
constructors, ending in leaves that represent primitive con-
cepts and roles defined over the domain predicates. Figure
2 shows an example of this representation for a rule clas-
sified as bad in the Sokoban transition classifier learned by
Musayev et al. (2025).

After parsing, the constructor tree is translated into ASP
facts, where each node specifies the node type, its index, and
the indices of its child nodes. The semantics of the DL con-
structors are defined by a domain-independent set of ASP
rules included by the encoder (see Example 1), with both
static and dynamic variants to account for time-dependent
and time-invariant domain predicates.

Example 1 The constructor for the intersection C 1 D is
encoded in ASP as follows:

concept (Idx, X, T)
and_concept (C, D, Idx),
concept (C, X, T),
concept (D, X, T)

The rule derives that object X belongs to the inter-
section concept (“and”) with index Idx at time step
T if X belongs to both C and D in T, given that
and_concept (C, D, Idx) exists in the constructor tree.

To evaluate the features and rules over planning states, we
connect them with the ASP planning encoding via bridge
rules. We define a universe A consisting of the objects O
of the planning instance I and the constants of the planning
domain D. Each dynamic predicate is then grounded over
A, and a bridge rule links every grounded predicate to the
corresponding holds atom generated by plasp. Finally,
static and goal predicates are added as ASP facts.



rule(r21).

bad_rule(r21).

[ [ N |

condition(r21,c18). ‘ effect(r21,e10). ‘ effect(r21,e19). ‘ effect(r21,e20). ‘

decrease_numerical_effect(n0,e19). ‘

numerical_feature(6,n0).

count_numerical_concept(3,6). ‘

equal_concept(2,1,3).

primitive_role(at,2). ‘ ’ primitive_role(at_g,1). ‘

Figure 2: The constructor tree of a rule classified as bad in
the Sokoban domain with one effect branch expanded. The
dotted edges indicate omitted conditions and effects.

With this encoding, a planning task can be solved under
rule guidance, where an action can occur at a time step T'
only if there exists a policy rule that fires along the transition.
We integrate the policy such that the user can selectively
enable or disable individual rules or entire transition classes.
A rule R is enabled by adding the ASP fact enabled (R),
and is disabled by default otherwise.

A rule fires at time step 7' if it is enabled, its conditions
hold at time step 7', and its effects hold over the transition to
time step 7' + 1. See Example 2 for how a feature effect is
evaluated. Furthermore, a rule must fire at every state from
which an action is executed, and every executed action must
be preceded by a fired rule. The exception is a no—op ac-
tion: a rule is not required to fire at time step 7" if a no—op
action occurs at time step 7' + 1.

Example 2 The numerical decrease effect is defined in our
ASP encoding as follows:

effect_satisfied(E,T,Tl) :-
decrease_numerical_effect (N,E),
Tl = T+1,
numerical (N,V0,T), numerical (N,V1,T1),
vo > V1.

The effect E holds over the transition from time step T
to T + 1 if the value V' of the numerical feature N strictly
decreases over the transition.

Framework

Our framework extends the P1anPilot tool (Gnad et al.
2025), which allows users to navigate the plan space of a
planning task by treating action occurrences as facets. It
takes a PDDL or SAS+ planning problem, together with a
planning horizon H, and uses the tool plasp (Dimopoulos
et al. 2019) to translate the problem into ASP. The ASP plan-
ning problem is then passed to fasb (Fichte, Gaggl, and

Rusovac 2022), which uses c1ingo! as its solver. In the in-
teractive mode, the user can enumerate and count facets and
plans, query the significance of a facet, and iteratively re-
strict the plan space by enforcing or prohibiting facets. Each
query, including counting facets after a facet has been en-
forced or prohibited, is answered by a separate solver run on
the updated program; the plan space is not enumerated once
and then reused. The cost of an interactive step therefore
corresponds to a single facet computation, in the range of
the runtimes reported in our experiments. The tool also sup-
ports a script mode, where the user provides a file of query
commands to be executed.

We extend PlanPilot with two analysis modes. In the
first mode, the ASP program generated by plasp, together
with the encoded policies, is solved directly by clingo
without faceted reasoning. This mode is used for batch ex-
periments, where many planning tasks and rule configura-
tions are evaluated automatically. In the second mode, the
problem is passed to PlanPilot, either through scripted
queries or through the interactive interface. This mode sup-
ports a more detailed incremental inspection of how rule
choices affect the remaining plan space.

In both modes, the rule configuration can be con-
trolled at different levels. First, complete transition classes
(good/bad/unsolvable) can be enabled or disabled. Second,
a transition class can be minimized, where c1ingo selects
a minimum subset of the rules of that class that still ad-
mits a solution. Third, in the interactive setting, individual
rules can be treated as facets by making them optional, e.g.,
{enabled(R)} :- rule_bad(R). When a rule is en-
abled in some plans but not in all plans, the user can enforce
or prohibit this rule using its identifier. This allows us to an-
alyze how individual rules affect the plan space. Note that
enabling a rule only permits it to fire and thereby justify
transitions; it does not enforce its use. To find exactly the
plans allowed by a policy, we enforce that good rules fire for
every transition and that bad/unsolvable rules are prohibited
from firing.

Configuration Our framework supports arbitrary policies
defined over DL features. We showcase possible analyses
on the transition classifiers learned by Musayev et al. (2025)
with default parameters. These rules are grouped into the
three transition classes: good, bad, and unsolvable. Table 1
shows the number of rules per class and domain of the IPC
learning track (Taitler et al. 2024). Based on these classes,
we evaluate five ASP configurations:

» ASP: base encoding generated by plasp.
» ASP;: ASP with all good rules enabled.
* ASP,;: ASP, with all bad rules enabled.

e AS Pg 5 ASP, with a minimized subset of bad rules en-
abled.

» ASP,.: ASP,; with all unsolvable rules enabled.

ASPg ; uses clingo in optimization mode, finding the
minimum number of bad rules that need to be allowed such
that the instance is solvable.

"https://github.com/potassco/clingo



Domain Good rules Badrules Unsolvable rules Total
blocksworld 12 8 0 20
childsnack 16 17 7 40
ferry 7 13 0 20
floortile 7 10 3 20
miconic 5 5 0 10
rovers 11 9 0 20
satellite 22 28 0 50
sokoban 3 6 1 10
spanner 23 15 12 50
transport 5 5 0 10

Table 1: Number of rules per domain, divided into good, bad,
and unsolvable transition classes.

Case Study

We present two case studies that illustrate how our frame-
work can be used to diagnose specific failures of policies.
In both case studies, we analyze the transition classifiers
learned by Musayev et al. (2025) with default parameters,
i.e., the same classifiers as in our experiments. The first, in
the Spanner domain, examines why unsolvable rules prune
valid plans. The second, in the Rovers domain, identifies a
rule that incorrectly prunes actions necessary to solve the
task.

In the case studies, we make rules of one class, either bad
or unsolvable, optional in interactive mode. This yields two
types of facets: action facets and rule facets. The total num-
ber of facets therefore counts both types. To make it explicit
that we count only action facets, we refer to their number as
the action facet count.

Spanner

In the Spanner domain, a worker Bob walks from a shed
sh to a gate gt along a corridor of ¢ connected locations
l1,...,l¢. On the way, Bob can pick up spanners s1, ..., Sp,
placed at specific locations and use them to tighten the
nuts nq, ..., ng at the gate. There are three actions: w(z, y)
walks Bob from location  to y; pu(s) picks up a spanner s
at the current location; and tn(s, n) uses spanner s to tighten
nut n. As Bob can only move forward and each spanner can
only be used once, Bob must pick up enough spanners be-
fore reaching the gate to tighten all nuts, else the goal cannot
be achieved.

The transition classifier for Spanner contains 12 unsolv-
able rules that are intended to prevent the planner from
choosing actions that lead to a dead-end state. We study how
these rules affect the plan space by comparing the number of
action facets under two configurations: ASP and ASP, ;.
If the unsolvable rules work as intended, no plan contains
a transition that they classify as unsolvable, so every plan
in ASP should also be a plan under ASP, ; and the num-
ber of action facets should not decrease. To analyze this
in more detail, we use the interactive mode of the frame-
work and treat unsolvable rules as facets. For each instance,
we first count the number of action facets under ASP and
ASP,; configurations. If there is a reduced facet count,
we iteratively prohibit one unsolvable rule at a time under

Instance ) fasp ZfASPg’b Prohibited rule  Rule impact

easy p05 22 12 r126 100 %
easy pl10 108 80 rl43 ~ 14 %
easy pl12 110 102 r126 100 %
easy p15 228 216 r126 100 %
easy pl6 308 278 r145 ~27 %
easy pl8 310 292 - -
easy p20 498 426 rl43 ~11%
easy p21 508 430 rl43 ~ 18 %
easy p22 634 534 rl43 10 %
easy p23 660 628 rl26 100 %
easy p24 662 542 rl43 ~23 %

Table 2: Action facet count > f for instances of the Spanner
domain under the base encoding ASP and the ASP,; con-
figuration. The reported percentage is the share of the total
action facet reduction caused by the prohibited rule.

w(sh,11) — w(I1,12) — w(12,13) — pu(sl) — pu(s2) — w(13,14) — w(l4, gt) — tn(s1,nl)
w(sh,11) — w(I1,12) — w(I2,13) — pu(sl) — pu(s2) — w(13,14) — w(l4, gt) — tn(s2,n1)
w(sh,11) — w(I1,12) — w(12,13) — pu(s2) — pu(sl) — w(13,14) — w(l4, gt) — tn(s1,nl)
w(sh,11) — w(I1,12) — w(I2,13) — pu(s2) — pu(sl) — w(13,14) — w(l4, gt) — tn(s2,n1)

.................................... prunedplans ............ .. .. ... .. .

w(sh,11) — w(l1,12) — w(12,13) — pu(sl) — w(I3,14) — w(l4, gt) — tn(s1,nl)
w(sh,11) — w(l1,12) — w(12,13) — pu(s2) — w(I3,14) — w(l4, gt) — tn(s2,nl)

Figure 3: All plans after solving instance easy p05 with hori-
zon H = 10 under the ASP configuration. The plans under
the dotted lines are pruned when solving the same instance
under the AS P, ; configuration.

the ASP, ., configuration and count the remaining action
facets. The analysis is run with a time limit of 30 minutes
per instance, and instances exceeding this limit are excluded.
The results are presented in Table 2.

For all instances except easy p18, only a single unsolvable
rule reduces the action facet count, while prohibiting any of
the remaining rules leaves the count unchanged. Of the 12
unsolvable rules, only three restrict the plan space individ-
ually. Among these three, r126 alone accounts for 100 %
of the facet reduction in four instances. In the easy p05 in-
stance, all 10 facets pruned by r126 are w(z, y) actions. Fig-
ure 3 shows the six plans under the AS P configuration, two
of which are pruned under AS P, ;, leaving four plans. Pro-
hibiting r126 under the ASF;; , configuration prunes the
same two plans, confirming that r126 is responsible for the
reduction. In the two pruned plans, Bob picks up only one
of the two usable spanners before walking away. As a re-
sult, the other spanner remains at an unreachable location.
In contrast, in the remaining plans, Bob collects both span-
ners before moving on, although only one is needed to reach
the goal. The same pattern appears in easy pI2. Four span-
ners are distributed equally across two locations, and the re-
maining plans after prohibiting r126 are those where both
spanners nearest to the gate are picked up. Looking closer at
r126, it consists of two numerical effects, n87 and n94:

* n87 counts the number of objects that Bob left behind
along the corridor, which are unreachable to Bob.

* n94 counts the number of objects that have only loose
objects ahead of themselves.



In the examples in Figure 3, when Bob moves forward
leaving a spanner behind, the value of n87 increases. At the
same time, if that spanner previously had only loose nuts
ahead of itself, Bob now breaks this property, since Bob is
not loose, which decreases the value of n94.

Overall, we conjecture that the training data used for
learning the transition classifiers may contain a bias toward
instances in which the critical distinction is whether Bob col-
lects all spanners at the last spanner location before reach-
ing the loose nut(s). In such instances, unsolvable transitions
correspond to Bob moving toward the gate without picking
up a required spanner. Consequently, r126 may overfit to this
pattern and prune transitions that are in fact part of plans, be-
cause there are sufficiently many spanners.’

Rovers

In the Rovers domain, a set of rovers moves between
waypoints to collect three types of data: soil samples,
rock samples, and camera images. The goal is to com-
municate the required data to a stationary lander. There
are nine actions: navigate to move between waypoints,
sample_soil and sample_rock to collect samples,
drop to empty a sample store, calibrate to calibrate
a camera, take_image to capture an image, and three
communicate actions to transmit the respective data.

The transition classifier for Rovers contains 20 rules in to-
tal: 11 good rules and 9 bad rules. We first analyze the effect
of enabling only the good rules by counting action facets un-
der the ASP and ASP, configurations. The planning hori-
zon is set to the optimal plan length for each instance, since
larger horizons may allow redundant actions, and we use a
time limit of 30 minutes per instance. If no plan is found
under the ASP, configuration, resulting in a facet count of
zero, the good rules alone are incomplete and exclude transi-
tions necessary to find plans. To investigate these cases fur-
ther, we use the interactive mode of the framework and treat
bad rules as facets. We enable all good rules and then iter-
atively prohibit one bad rule at a time. For each prohibited
rule, we count the remaining action facets. This allows us to
identify which bad rule is necessary for finding plans.

The results are presented in Table 3. Under AS Py, no ac-
tion facets remain, i.e., all plans are pruned, so the good rules
alone are incomplete. The subsequent facet analysis identi-
fies the bad rule r74 as the cause: prohibiting r74 removes
all remaining plans, i.e., r74 is required along every plan
and accounts for the full facet reduction in all instances. Ad-
ditional bad rules also have an effect in easy p04 and easy
p08. To understand why 174 is necessary, we manually in-
spect the plans of easy p01, easy p05, and easy p09 and find
that every occurrence of the actions drop, sample_rock,
sample_soil, calibrate, and take_image is clas-
sified as bad. This implies that r74 does not properly dis-
tinguish necessary transitions from bad ones, causing 174 to
classify several necessary actions as bad. Relabeling the rule
as good fixes the issue in all tested instances.

2QOut of curiosity we checked a few training instances and could
confirm this pattern, indicating a weakness in the training data.

Instance  Hope Y fasp > fasp, Prohibited rule Rule impact
easy p01 9 84 0 74 100 %

easy p02 16 396 0 174 100 %
easy p04 16 186 0 171 100 %
easy p04 16 186 0 174 100 %
easy p05 6 14 0 174 100 %
easy p08 19 346 0 69 ~8 %
easy p08 19 346 0 174 100 %
easy p08 19 346 0 176 100 %
easy p09 6 48 0 174 100 %

Table 3: Action facet count Y f for Rover instances under
the base encoding ASP with the optimal planning horizon
H ;. The rule impact reflects how much of the action facet
count under AS P is reduced when a bad rule is prohibited.

Experiments

We evaluate the performance of the different ASP encodings
and analyze how learned policies affect the plan space.

Experimental Setup

We evaluate our approach on the IPC 2023 benchmarks
(Taitler et al. 2024), consisting of 10 domains with 90 in-
stances each, grouped into easy, medium, and hard cate-
gories. All experiments are conducted using the Lab toolkit
(Seipp et al. 2017) on a compute cluster with Intel Xeon
Gold CPUs, with a time limit of 30 minutes and a mem-
ory limit of 4 GiB per instance. As a baseline, we use A*
with the LM-Cut heuristic (Helmert and Domshlak 2009) in
FastDownward (Helmert 2006). Instances not solved by
the baseline are excluded from the evaluation.

The baseline also provides the optimal plan lengths used
to derive the ASP planning horizons. Specifically, the opti-
mal plan length is multiplied by 1.5 and rounded down to
the nearest integer. This allows us to analyze how much rule
guidance restricts the plan space beyond optimal plans. We
measure this restriction by the number of facets. In these ex-
periments, every facet is an action facet, and the facet count
therefore corresponds to the number of action facets.

Performance

We first evaluate if the generated ASP instances can be
solved by clingo. The objective is to find one plan un-
der the bounded encoding with the selected rule configu-
ration. Columns “solved”, in Table 4, show the number of
solved instances for each ASP configuration and the LM-Cut
baseline. The base encoding AS P solves nearly as many in-
stances as the baseline, showing that the ASP encoding itself
remains feasible. Enabling rules reduces coverage across all
configurations, which can be attributed to both an overhead
during solving and pruning of plans.

We show the runtime behavior of the ASP configurations
in comparison to the baseline in Figure 4a. The most notable
deviation is observed for ASP,, where the runtime grows
faster and stagnates earlier than the other configurations, in-
dicating that the good rules impose strong constraints. The
remaining configurations mainly follow the same trend as
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(b) Runtime for computing facet counts.

Figure 4: Runtime comparison between LM-Cut and the ASP configurations.
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(a) Runtime for solving one instance with c1ingo.
Solved Facet computation
Domain  LM-Cut ASP ASP, ASP,, ASP,,. ASP ASP, ASP,, ASP,,.,
blocksworld 11 11 5 11 11 11 5 11 11
childsnack 9 9 9 9 9 3 8 3 3
ferry 20 20 12 20 20 13 12 10 10
floortile 10 10 6 10 10 0 2 0 0
miconic 37 36 0 35 36 22 0 24 24
rovers 18 18 0 17 17 9 0 9 9
satellite 23 23 13 22 22 13 10 12 12
sokoban 30 29 0 28 29 17 0 17 17
spanner 30 30 6 30 30 30 6 30 30
transport 10 10 3 10 10 4 3 4 4
Total 198 196 54 192 194 122 46 120 120

Table 4: Number of solved instances and successful facet
computations per domain. The LM-Cut column reports the
baseline coverage. The “solved” columns report coverage
for each ASP configuration and the “facet computation”
columns report the number of instances for which facet
counts are successfully computed.

the baseline, with overhead introduced by the transition clas-
sifiers. An exception is ASPg’E, where the minimization of
the bad rules requires additional iterations to identify the
minimal subset, resulting in increased runtime.

Facet Analysis

We analyze the runtime of facet counting under the ASP
configurations and the number of facets to quantify how
strongly the rules restrict the plan space. Table 4 shows that
computing the number of facets is more demanding than
finding a single plan. While it is possible to find plans for
196 instances under the base encoding AS P, facet counts
can only be computed for 122 of them. A similar pattern ap-
pears for ASP;;, and ASP, ; ., where facet counts can be
computed for 120 of 192 solved instances. For AS P, facet
counts are successfully computed for 46 of the 54 solved in-
stances; on the remaining instances, the computation does
not terminate within the time limit. Although all configu-
rations except ASP use rule guidance, the number of in-
stances with successful facet computations remains close to

Domain (nr. of instances) > fasp > fasp,

Avg  Min Max Avg  Min Max
blocksworld (5) 1243.20 158 2718 188.80 0 564
childsnack (3) 3588.00 3524 3716 1108.67 1088 1142
ferry (10) 7296.00 664 19614  306.00 32 866
satellite (10) 3074.20 448 7342 551.60 58 1200
spanner (6) 211.67 0 1214 59.00 0 354
transport (3) 792.00 44 1178 5.33 0 8

Table 5: Facet count ) f for the base encoding ASP and
the corresponding reduction by enabling good rules (AS P).
Results are reported with average, minimum, and maximum

facet counts per domain, computed over instances solved by
both ASP and ASP,.

that of ASP.

Table 5 reports the average, minimum, and maximum
number of facets per domain, computed over instances
where a solution was found under both the ASP and ASP,
configurations. Figure 5 visualizes the distribution of facet
counts per domain. Across all domains, enabling good rules
consistently reduces the number of facets compared to the
base encoding ASP. This can be explained by the choice of
horizon which is set to 1.5 times the optimal plan length. As
a result, the plan space of the ASP configuration may con-
tain redundant actions that are selected only to fill out the
horizon, and are therefore excluded by the good rules.

The runtime for computing the number of facets under
the ASP and ASP,; ., configurations is shown in Fig-
ure 4b, together with the LM-Cut baseline. Note that all
domains that do not have unsolvable rules are still in-
cluded in the ASP;; ., configuration. For both ASP and
ASPy ., the runtime increases faster than for the base-
line. This is expected, since facet counting requires reason-
ing about the entire plan space rather than finding one opti-
mal solution. ASP, ., introduces additional overhead com-
pared to ASP, because the solver must also evaluate the
encoded rules. Nevertheless, both configurations compute
facet counts for a comparable number of instances within
the time limit.



== ASP |
I ASP, | |

B T T

10% El

number of facets

100 £

100 ¢ E

Figure 5: Distribution of facet counts per domain for ASP
and ASP, in commonly solved instances. The y-axis is in
log scale, with zero facet counts plotted at the lower limit.

Related Work

As Al systems become more widely deployed throughout
our society, many stakeholders are in need of systems that
can explain their decisions to the user (Langer et al. 2021).
Al Planning is no exception, and the area of Explainable
Al Planning (XAIP) has recently seen increased attention
(Sreedharan et al. 2019; Krarup et al. 2021; Sreedharan,
Chakraborti, and Kambhampati 2021; Eifler et al. 2022).
Most work in XAIP explains individual solutions of a plan-
ning system, e.g., by justifying the actions of a plan, con-
trasting a plan with counterfactual alternatives, or explain-
ing why a task is unsolvable. In contrast, we explain a
policy: we analyze how a symbolic action policy, defined
over description-logic features, restricts the space of pos-
sible plans. Our explanations are comparative: we quantify
which plans remain possible under a policy or a subset of its
rules.

Sreedharan, Muise, and Kambhampati (2023) generalize
action justification and causal links from sequential plans to
policies, transferring concepts such as non-redundancy from
plans to (FOND) policies. Their analysis asks whether a pol-
icy admits redundant behavior, whereas we identify rules
that wrongly prune valid plans; both lines of work, however,
explain policies rather than single plans.

Prior work on learning policies over description-logic fea-
tures has provided detailed analyses for specific domains,
such as Blocksworld or Gripper, but relied on manual inter-
pretation of the features and policy rules (Bonet, Frances,
and Geffner 2019; Bonet and Geffner 2021; Bonet, Drexler,
and Geftner 2024). These investigations were not conducted
on automatically learned policies, but rather the policies
were handcrafted and then proven to be correct. The features
used in these policies are significantly simpler, which allows
defining compact policies that usually cannot be learned au-
tomatically.

Another body of work targets the verification of neural
network policies (Vinzent, Steinmetz, and Hoffmann 2022;
Vinzent, Hermanns, and Hoffmann 2026). Their analysis is

qualitative: does a learned policy lead to unsafe behavior?
This is a question that is naturally supported by our frame-
work by asking if an unsafe state, i.e., a state in which certain
atoms hold, is reachable under the policy, which is a special
case of our analyses. Yet, we are, of course, limited to sym-
bolic policies. Action policy testing is closely related to the
verification, being more efficient than a full verification pro-
cess (Steinmetz et al. 2022; Eisenhut et al. 2024).

Eifler et al. (2024) analyze soft-goal conflicts given a
learned neural network policy. Soft goals can be encoded
in our framework as well, allowing a similar check that de-
termines the minimal unsolvable goal subsets using repeated
facet reasoning.

Finally, our framework is not limited to policies learned
over description-logic features but applies to rule-based con-
trol knowledge more generally, whenever rules can be ex-
pressed over features that are evaluable in ASP. For instance,
TLPlan-style search-control rules with a priority ordering
(Bacchus and Kabanza 2000) could be modeled by encoding
the ordering explicitly, whereas subsymbolic control knowl-
edge requires the verification and testing approaches dis-
cussed above.

Conclusions and Future Work

We introduce a framework to analyze symbolic action poli-
cies learned over description-logic features. The framework
encodes policy rules in ASP and connects them with the
PlanPilot tool. This allows for systematic and interac-
tive exploration of plan spaces using faceted reasoning under
policy guidance. In particular, users can enforce and prohibit
rule sets or individual rules and observe how these choices
affect the plan space. The case studies demonstrate that the
framework can identify concrete reasons for policy failures.
In Spanner, an unsolvable rule prunes transitions that occur
in valid plans. In Rovers, a bad rule classifies some neces-
sary actions as bad, which prevents plans from being found
when only good rules are enabled. We remark that most of
the analysis is automated. Once problematic rules are iden-
tified, a manual inspection can provide further details about
the underlying issue, such as a bias in the training data.

Beyond explaining failures, the diagnoses can directly be
used to improve the learned policies: in Rovers, relabeling
the identified rule as good fixes the issue in all tested in-
stances, and in Spanner, the identified rule indicates a bias
in the training data, which can be addressed by retraining.

Future work includes a more scalable policy encoding and
amore detailed analysis of rule definitions. In particular, fea-
tures could be treated as facets, allowing users to analyze
which feature conditions or effects are responsible for a rule
firing. Performance can be improved by adding additional
planning information, such as mutexes or operator-counting
constraints, to the plasp encoding.
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