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Abstract

Testing is a natural quality assurance technique for learned
action policies 7. In classical planning, the testing process at-
tempts to find states, called bugs, on which the plan generated
by 7 is sub-optimal. A major challenge in this context is the
design of test oracles, sufficient criteria for identifying bugs.
Here, we introduce a new type of such oracles, that we call
policy comparison oracles (PCOs). These are based on com-
paring 7 with a set of policies 7’ produced during the training
process for . Trivially, on a given state s, if any 7’ is better
than 7, then s is a bug in 7. But the potential of policy com-
parison reaches far beyond that. For example, 7’ may produce
a better sub-plan on s even if it does not reach the goal at all.
We introduce a combination method that allows to arbitrar-
ily alternate between policies at testing time, thus leveraging
their combined potential. We run experiments using ASNets
policies. PCOs turn out to be competitive with state-of-the-
art test oracles on their own, and their integration with other
oracles is superior in our evaluation.

Source code and benchmarks —
github.com/fai-saarland/bughive/tree/icaps26-pcos

Introduction

Learned action policies 7 are gaining ever more traction
in Al planning (e.g., Groshev et al. 2018; Garg, Bajpai,
and Mausam 2019; Toyer et al. 2020; Stahlberg, Bonet,
and Geffner 2022; Wang and Thiébaux 2024; Rossetti et al.
2024). Once trained, they can be valuable tools for decision
making under real-time constraints, scaling beyond tradi-
tional planning systems. Yet, they are often unreliable, mak-
ing the development of efficient quality assurance methods
a necessity. To that end, prior work (Steinmetz et al. 2022;
Eisenhut et al. 2023, 2024) introduced policy testing as a
means for finding “bugs” in action policies. A state s is
called a bug in m, if 7 performs sub-optimally on s, either
by not reaching the goal even though s is solvable, or reach-
ing it with unnecessarily high cost. Testing is organized as a
two-step process: first, random walks are used to generate a
pool of test states; then sufficient criteria, so-called test or-
acles, are run on the test pool to identify bugs (avoiding the
need for optimal planning whose scalability is limited).
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In this work, we introduce a new class of test oracles that
we baptize policy comparison oracles (PCOs). Our basic ob-
servations are that 1. a simple method to assess the quality
of policy 7 is to compare it with another policy 7’; 2. as
training processes usually iterate through many intermedi-
ate policies 7/, we get an entire set of alternative policies for
free. Trivially, if a 7 is better on a state s than 7, then s is
a bug in 7. But policy comparison has far greater potential.
For example, 7’ may be worse than 7 on s itself, but produce
a better sub-plan for an intermediate state ¢ in 7’s run. Even
if 7’ does not reach the goal from s, it may contain a better
plan from s to such a ¢. In both cases, a suitably combined
policy run beats both 7 and 7.

Specifically, we introduce a combination method that al-
lows to arbitrarily alternate between policies, by viewing
them all as sources of upper bounds on h* in a search
space explored at policy testing time. To realize this, we
build on Eisenhut et al.’s (2023) bound-maintenance oracles
(BMOs), which are based on comparing multiple states in
the same policy. We contribute methods that compare mul-
tiple policies on the same states and directly integrate them
into existing BMOs to enable synergies.

While calling learned policies is polynomial time in the
size of the model, policy representations can be large. Thus,
the time required for running policies is still a bottleneck
in policy testing. In particular, there is a practical trade-off
between the number of states we can test and the number of
policies we can run on each state. To decide which policies
should be tried on which states, we consider how to inform
policy selection by keeping track of policy behavior.

We run experiments on benchmarks of the IPC 2023
learning track, using ASNets policies (Toyer et al. 2020)
from (Eisenhut et al. 2025). We first compare coverage and
plan quality of a single policy against the best-of over a
set of policies. We observe significant complementarity and
thus improved overall performance when using the polices
as a trivial portfolio (running each policy in turn). This high-
lights the potential of PCOs; it also provides first positive re-
sults for policy portfolio design, exploring which in depth re-
mains a topic for future work (the different challenge being
to satisfy real-time constraints). In our main experiment, we
compare PCOs with state-of-the-art test oracles (of Eisenhut
et al. 2023). We observe that PCOs are competitive and their
integration with other oracles is superior in our evaluation.



Background

We first provide background on finite-domain representation
(FDR) planning, action policies and policy testing.

An FDR task P is a tuple (V, A, I,G). V is a finite set
of variables v, each with finite domain dom(v). We call
partial variable assignments over V' partial states and full
assignments states. S is the set of all states, ] € S is an
initial state, (5 is a partial state called goal, and a state s is a
goal state if G C s. A is a finite set of actions a of the form
(pre(a), eff(a), c(a)), with precondition pre(a) and effect
eff (a), both partial states, and cost c(a) € R . An action a is
applicable in a state s if pre(a) C s and A(s) is the set of all
actions applicable in s. Applying a € A(s) in s results in a
state s[a] obtained by copying s and assigning all variables
v affected by eff(a) to eff(a)[v]. An action sequence @ =
(ay,...,an) is applicable in a state sq if there exist states
S1y.-.,8, With a; € A(s;—1) and s; = s;_1[a;]. Applying
d in s results in so[d]] = s,. If @ is applicable in s and s[d]
is a goal state, @ is an s-plan with cost ¢(@) = Y .-, c(a;).
The cost-to-goal function 2* maps each state s to the cost
of a cheapest s-plan, or to co if none exists.

Deterministic action policies 7: S — AU{ L} map states
s to actions a € A(s), or L if A(s) = (. We run 7 on
s by iteratively applying 7 until we reach the goal, 7 se-
lects L, or we run into a loop. Formally, the run o™ (s) of
on s = sg is the longest sequence (sg, ag,...,an—1,5n)
of actions a; and pairwise different states s; such that
a; = m(s;) € A(8;), sit1 = sifa;], and G € s; for all
i < n.If 0™(s) ends in a goal state,  solves s with cost
c™(s) = c¢({ag,-..,an—_1)). Otherwise, c™(s) is co. While
our methods are generic, we focus on learned action poli-
cies, specifically ASNets (Toyer et al. 2018, 2020), which
are domain-generalized. Since the training process iterates
through many intermediate policies, we learn a set of poli-
cies rather than a single one. As an alternative to simply se-
lecting the result of the final training step, Eisenhut et al.
(2025) propose more sophisticated ranking techniques based
on policy testing on validation tasks.

In Steinmetz et al.’s (2022) testing framework, a state s is
a bug in policy 7 if ¢™(s) > h*(s). We call s a qualitative
bug if 7 does not solve s even though h*(s) < oco. Other-
wise, if 7 solves s but there exists a cheaper plan, we call s
a quantitative bug. Testing encompasses two (possibly in-
terleaved) steps: building a pool P C S of test states, and
invoking test oracles on them, sufficient criteria for iden-
tifying bugs. In this work, we only consider test oracles.
The best available oracles so far combine several methods.
A central paradigm (proposed in Eisenhut et al. 2023) is to
share information across oracle calls, instead of treating each
as a separate problem. This can be realized by maintaining
bounds u[s] > h*(s) across the states s encountered during
testing. Clearly, if we find a bound u[s] < ¢™(s), s is a bug
in 7. To propagate bounds, Eisenhut et al.’s (2023) bound-
maintenance oracles (BMOs) leverage metamorphic testing
techniques, i.e., bounds are propagated by comparing states
via dominance functions (Torralba 2017). In addition to pol-
icy runs as obvious source of bounds, any method can be in-
tegrated, e.g., local search techniques (“lookahead search”).

Policy Comparison Oracles

Our new policy comparison oracles (PCOs) aim at identi-
fying bugs in a policy by comparing it to alternative ones.
Throughout this section, we fix a policy under test 7 and a
portfolio IT = {m,...,m,} of secondary policies. While
our PCOs are generic, we focus on the case where all poli-
cies are based on the same architecture and stem from the
same training process. This facilitates ranking the policies
based on training or validation data. In our setting, we
choose 20 portfolio policies based on such a ranking.

The simplest possible PCO only attempts to find bugs in
7 by running individual portfolio policies 7; € II. Clearly, if
any T, is better than 7 on a state s, then 7 cannot be optimal
on s. Formally, if ¢™ (s) < ¢™(s), then also h*(s) < ¢"(s)
so that s is a bug in 7. To check this criterion efficiently, we
determine ¢™(s) first and stop computing the run of a 7; if
we can rule out that 7; is better on s, i.e., if the cost of the
generated partial run of 7; reaches ¢™ (). Moreover, there is
obviously no need to run further portfolio policies once we
have identified s as a bug in 7.

Dynamic Policy Selection

To keep runtime at bay, we require a method to limit the
number of policy runs per state. The most obvious way to
achieve this would be to reduce the size of our portfolio
II, completely ignoring policies. This however is problem-
atic for various reasons. First, pre-computed policy rankings
based on validation data can only serve as guides for actual
quality. Second, even assembling the individually best poli-
cies does not guarantee best collective performance, e.g., it
can be expedient to include policies despite poor average
performance if they work well in distinct regions of the state
space. For this reason, we choose a generous portfolio size
and consider how to dynamically select portfolio policies.

Algorithm 1: PCO with dynamic policy selection

1 B+ {(m,0) | m; € U}, N+ {(7;,0) | m; € I}

2 R+ {(7(-7,7]-) | T € H},

3 Procedure PCOp(s,II,m)

Q « 1L

for j =1,...,min(m, |TI|) do
m; <— some 7y, € Q with R[m;]=max. cqR[7'];

5
6
7 Q<+ Q\{m};
8
9

/1 still untried policies

N[?TZ] — N[?TZ] +1; R(ﬂ'i) — B[ﬂ'l]/N[Tl'z],

if ¢™i(s) < ¢™(s) then

10 B[’ﬂ'l] (—B[WJ—F].,R[’]TZ] <—B[7TZ]/N[7T1],
11 flagBug(s, 7); return;

To inform policy selection, we track the success of each
m; in finding bugs in 7. Algorithm 1 shows pseudo-code for
this oracle PCOp. We try up to m portfolio policies m; per
test state s, checking ¢™(s) < ¢”(s). Obviously, ¢ (s) only
needs to be computed once. In each iteration, we select 7;
with maximal bugs ratio R[r;] = B[m;]/N[m;], where B[m;]
is the number of bugs in 7 found by 7; and N|[m;] is the total
number of 7;’s runs. B, N, and R are maintained across
oracle invocations. We ensure that each 7; is tried at most



once per state (using variable (). To increase the chance that
each portfolio policy 7; is tried at least for one test state, we
initialize R[m;] with 1, the highest possible value for R.

Combining and Abstracting from Policies

‘We now explore ways to combine policies rather than merely
comparing the cost of separate runs. As a first approach, we
compare 7 and portfolio policies 7; on intermediate states s;
in the run o™ (s) = (sg, a0, $1,--+,0n—1,S,) from s = sq.
If ¢™(s;) < c"(s;), then the plan combining 7 from s to
s;j and m; from s; to the goal is cheaper than ¢”(s). Yet, to
show that s is a bug in m, it is not necessary to explicitly
construct such combined runs; it suffices to know that s; is
a bug in 7 and that s; is in 7’s run. Specifically, if s; is a
bug in 7, then h*(s;) < ¢™(s;), which implies h*(s;_1) <
h*(s;) + claj—1) < c™(sj) + c(aj—1) = c"(s;j—1), so that
5;_1 is also a bug in 7 and, by iteration, so is s.

Algorithm 2: Extended PCO

1 Procedure PCOg(s,II, m, p)
b L1;(80,a0,--y8n—1,0n-1,8n) 0™ (8);
forj =n,...,0do
if b then flagBug(s;, 7);
if =b A random(p) then
| PCOp(s;,II,m); b « isFlaggedBug(s;, 7);

A U R W

Algorithm 2 shows pseudo-code for this oracle PCOg. We
iterate through the states s; in 0™ (s) backwards and invoke
PCOp to check for cheaper paths from s;. In addition, we
always check whether s; has been flagged as a bug in 7 and,
if so, flag all previous states in o™ (s) as bugs in 7. As a
means to control runtime, we add a parameter p, denoting
the probability of the PCOp call being executed. A benefit
of iterating through o™ (s) backwards are potentially shorter
auxiliary policy runs, particularly if 7 reached the goal.

Abstracting from Policies by Maintaining Bounds

To unlock more collective potential, we propose a method
that integrates data from multiple policies via abstraction
from individual runs. Following Eisenhut et al. (2023), we
maintain bounds u[t] > h*(t) for all generated states ¢. In
particular, whenever running a policy, we attempt to obtain
upper bounds for all intermediate states ¢ and check whether
we can lower u[t]. If ¢ (t) is already known, we also check
uft] < ¢™(t) to see if we can flag ¢ as a bug in 7.

In addition, we may propagate such bounds to ancestors:
Given a state ¢, an action a € A(t) with successor ' = t[a],
and a bound u[t'] > h*(t'), we have u[t'] + c(a) > h*(1).
We can use this to propagate along reversed policy runs. For
example, if 7 solves a state s but 7; finds a better sub-path
from s to an intermediate state s; in 7’s run, propagating
u[s;] backwards along 7;’s run can confirm s as a bug in 7.

To add bound propagation to PCOg, we store the prede-
cessors s; and generating actions a for the states s visited
in any policy runs. Each u[t] update then triggers a back-
wards traversal of t’s ancestor states, updating their bounds
if possible. We omit pseudo code here since the procedure is

Coverage
1 2 510 1 2 5 10

Blocksworld 60|51 55 56 56|189.2 189.1 186.8 186.2
Childsnack 60|42 48 52 53| 54.9 54.8 54.0 52.5

Domain 4P Average plan cost

Ferry 63|63 63 63 63|130.4 130.0 130.0 130.0
Floortile 60|22 24 33 33| 55.6 55.3 55.0 55.0
Miconic 70170 70 70 70|119.8 118.6 116.0 115.7
Rovers 39112 17 17 19| 28.0 28.0 27.2 27.2
Satellite 60|58 60 60 60| 58.6 56.6 54.4 54.2
Sokoban 431 7 8 8 8| 121 121 121 121
Spanner 84|81 82 82 82|159.8 159.8 159.8 159.2

Transport 5542 43 44 45| 36.2 36.0 35.3 35.1

Table 1: Coverage and average plan cost (over commonly
solved tasks) for 1, 2, 5, and 10 policies. # P: Domain size.

straightforward and very similar to Eisenhut et al.’s (2023)
“updateAncestors” optimization.

Taking this one step further, we can also directly integrate
our method into Eisenhut et al.’s (2023) BMOs, gaining ac-
cess to their bound propagation techniques and optimiza-
tions. We can simply share upper bounds between a PCO
and a BMO, making sure that whenever either oracle updates
a bound, this new bound is immediately available to the
other one. From the perspective of the BMO, a PCO primar-
ily serves as an external initial source for cost bounds. How-
ever, PCOs can also contribute improved backwards bound
propagation, as the registered predecessor states are not only
based on 7 alone, but on a portfolio of policies. Our imple-
mentation of combined oracles calls the BMO first. Only if
the BMO cannot identify a state as a bug, the PCO is called.
Our rationale for this is that BMO calls are often faster, since
they do not require additional policy runs.

Experiments

We run experiments for two main objectives: first, to as-
sess the degree of complementarity between the policies in
a planning setting, to gauge the general potential of policy
combinations, and second, to evaluate the performance of
our new oracles in comparison to previous approaches.

To conduct our experiments, we extend Steinmetz et al.’s
(2022) policy testing framework building on Fast Down-
ward (Helmert 2006). Policies and PDDL benchmarks are
taken from (Eisenhut et al. 2025). Specifically, we employ
FiSer’s (2025) cpddl implementation of ASNets, to which we
add support for serving multiple policies at the same time.
We use a set of policies trained by Eisenhut et al. (2025),
including 240 (intermediate) policies. As policy under test
m, we fix the policy selected by their “test score” criterion.
In addition, we choose a ranked list of 20 portfolio policies,
based on the validation data they used for policy selection.
In more detail, this builds on initial state coverage on a sep-
arate validation set, using percentage of solved pool states
and testing results as tie-breakers. The PDDL benchmarks
are part of the test set of the IPC 2023 learning track, omit-
ting tasks where pre-processing steps (such as grounding as
used by ASNets or pre-computations for test oracles) run



% of states in Ty flagged as (qualitative) bugs

% of states in T's flagged as (quantitative) bugs

Domain #P | |Tu| Aras/

EHC

BMOr BMOg PCOp PCOg

ITs| Aras/
CO EHC BMOr BMOg PCOp PCOg CO

Blocksworld 60 | 675 27.3 5.3 48.1  34.2
Childsnack 60 | 2493 2.7 1.2 2.7 2.8

Ferry 63 0 - - - —
Floortile 60 | 2569 0.0 2.1 2.6 7.1
Miconic 70 0 - - - —
Rovers 39 | 1956  98.6 49.7 994 38.3
Satellite 60 65 64.6 10.8 96.9 100.0
Sokoban 431 3076  60.1 10.5 73.2 5.1
Spanner 84 | 611 0.0 3.6 3.6 4.4
Transport 55| 282 64.9 91.5 98.6 85.5

75.0 | 3983  32.2 0.3 334 653 685 774
32| 731 424 4.0 424 259 257 428
— | 4674 6.8 0.3 70 156 16.2 17.6
9.6 | 494 31.6 4.7 316 182 233 324
— | 5809 15.2 46.8 51.9 573 61.2 63.2
99.2 | 1169  37.5 31.3 375 253 293 377
100.0 | 3700  32.1 18.1 470 350 36.1 509
732 | 600 285 28.2 28.5 4.8 5.3 28.5
4.9 | 4895 79.3 55.4 79.4 774 786 798
99.3 | 3393  30.1 16.7 36.9 42.0 471 56.3

Table 2: Percentage of pool states flagged as bugs, distinguishing qualitative (left) and quantitative ones (right). T's (1y/) is the
domain-wide set of test states (not) solved by , only including states tested by all oracles. # P is the number of tasks.

out of memory. All experiments were run on a cluster of In-
tel E5-2660 processors running at 2.20 GHz with a memory
limit of 8 GiB and a time limit of two hours per task.

Evaluation of Policy Complementarity

To assess the complementarity of the policies at hand, we
first compare initial state coverage and plan quality for a sin-
gle policy to policy portfolios of different sizes. Specifically,
the portfolio of size m includes 7 and the best ranked m — 1
auxiliary policies. We run each policy in turn, stopping in
case we reach the (portfolio wide) two hour time limit. We
then choose the best plan achieved by any policy.

Table 1 shows the results for coverage and average plan
cost. We observe highly complementary behavior in some
domains. For coverage, this is particularly pronounced in
Childsnack and Floortile, where the portfolios of ten policies
solve eleven more instances than 7 alone. At the same time,
average plan cost (for tasks solved by all configurations) de-
creases marginally. In general, our results indicate potential
in combining multiple policies in more sophisticated ways,
also encouraging the application in test oracles.

Evaluation of Policy Comparison Oracles

We compare six different oracles. As baseline, this includes
the Aras/EHC, BMOp and BMOg oracles from previous
work (Steinmetz et al. 2022; Eisenhut et al. 2023). The
first oracle uses the Aras plan improvement tool (Nakhost
and Miiller 2010), given a plan is found initially, and En-
forced Hill Climbing (EHC) with AFF (Hoffmann and Nebel
2001) otherwise. The last two oracles employ metamorphic
approaches: BMOp only uses metamorphic comparisons.
BMOg additionally uses lookahead search (up to depth 100)
and employs the Aras/EHC oracle as a further source of up-
per bounds. This oracle showed best performance in previ-
ous work (Eisenhut et al. 2023).

Our new policy comparison oracles, PCOp and PCOpg,
both run m = 5 policies per pool state. PCOp keeps track
of previous bug finding performance to inform policy selec-
tion from the portfolio. PCOg additionally starts portfolio
runs along the main policy’s path (one run with p = 30%

probability per path state) and uses the described bound
maintenance extension. The composite oracle (CO) com-
bines metamorphic and policy comparison approaches using
BMOg and PCOg (and hence also Aras/EHC): If the former
does not flag the pool state as a bug, the latter is invoked on
the same pool state. The oracles are integrated in that they
share upper bounds on h* to enable synergies, i.e., BMOg
can leverage bounds derived in PCOg calls and vice versa.

We call each oracle on a maximum of 100 pool states
per task, using pre-computed pools from (Eisenhut et al.
2025). Table 2 shows the results, distinguishing qualitative
and quantitative bug finding performance. T's and 7y, are the
pool states (across all tasks) that are solved or, respectively,
not solved by the policy under test 7. In both cases, we only
include states processed by all compared oracles. The left
side of Table 2 shows the percentage of (unsolved) states in
Ty flagged as (qualitative) bugs; the right side the percent-
age of (solved) states in T's flagged as (quantitative) bugs.

We observe that PCOp is competitive on its own, beat-
ing BMOg in several domains, both for detecting qualitative
and quantitative bugs. In addition, the more advanced PCOg
configuration improves on PCOp in most domains. The com-
posite oracle CO strictly dominates its components in al-
most all domains. This, in particular, highlights the syner-
gies and complementary behavior between its components,
and yields the most powerful oracle in our evaluation.

Conclusion

The proliferation of learned action policies 7 necessitates
the development of effective testing techniques, particularly
test oracles capable of efficiently detecting bugs. Here, we
contribute a novel class of test oracles based on compar-
ing and combining 7 with auxiliary policies. In our evalua-
tion using ASNets policies in classical planning, these show
competitive performance on their own and their integration
with existing methods advances the state-of-the-art. Moti-
vated by our observation that these policies exhibit a sig-
nificant degree of complementarity in our experiments, we
believe that the idea of combining policies has inherent po-
tential not just in policy testing, but in planning more widely.
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