Toward a General Framework for Evaluating Per-Domain Generalization Using
LLMs, Theorem Provers, and Statistical Model Checking

Nicola J. Miiller'??, Naya Rudolph'?, Ayal Taitler*, Timo P. Gros'>*
!German Research Center for Artificial Intelligence (DFKI), Saarbriicken, Germany
2Saarland University, Saarland Informatics Campus, Saarbriicken, Germany
3Center for European Research in Trusted Artificial Intelligence (CERTAIN)

“Ben-Gurion University of the Negev
{Nicola.Mueller, Naya.Rudolph, Timo_Phillip.Gros } @dfki.de, ataitler@bgu.ac.il

Abstract

Generalized planning aims to synthesize generalized plans
that can solve any instance of a fixed domain. Evaluating
these methods is difficult because planning domains usually
describe an infinite family of instances. Recent work pro-
posed evaluating generalized planning methods on randomly
generated instances of increasing size until statistical guar-
antees on the performance can be provided. However, this
approach does not support generating instances from spe-
cific distributions, meaning it can only evaluate the average
generalization across the domain, potentially hiding failures
on rare but critical instances. In this work, we propose an
efficient and flexible approach to targeted instance genera-
tion, which is based on the idea that we can modify exist-
ing instance generators using large language models (LLMs).
Concretely, we specify instance distributions using first-order
logic constraints and prompt an LLM to modify an existing
instance generator such that it only returns instances fulfilling
the given constraints. We then use a theorem prover to verify
that the instances returned by the resulting generator fulfill
the given constraints. Any incorrectly generated instances are
used in an iterative feedback loop with the LLM. We then
plug the instance generators into an evaluation framework
that specifies a generic agent interface and is compatible with
off-the-shelf statistical model checking tools. The result is
a first step toward a general evaluation framework for per-
domain generalization, which can evaluate any generalized
planning approach according to any property on any distribu-
tion of instances from a given domain.

1 Introduction

Generalized planning is a well-established setting in the
classical planning community. Given a fixed domain and a
set of training instances, the goal is to synthesize a gener-
alized plan that can solve any instance from the domain.
There is a wide variety of generalized planning methods,
ranging from feature-based abstractions for computing gen-
eral policies (Bonet, Frances, and Geffner 2019), to neu-
ral approaches that learn policies with graph neural net-
works (Stahlberg, Bonet, and Geffner 2022a,b, 2025), and
approaches that synthesize Python programs using large lan-
guage models (Silver et al. 2024; Stein et al. 2026).
Evaluating the generalization capabilities of these meth-
ods is uniquely difficult because planning domains usually
describe an infinite family of possible problem instances.

Although some generalized planning approaches can pro-
vide strong formal guarantees on their generalization capa-
bilities (Abdulaziz, Pommerening, and Corréa 2022), such
guarantees are not available in general, especially for ap-
proaches based on machine learning. Hence, we require
methods that automatically evaluate generalized planning
methods on representative test instances according to rele-
vant properties. A first step toward this goal is Gros et al.’s
scaling behavior evaluation for per-domain generalizing
policies in the classical planning setting (2025b). For a given
instance size, scaling behavior evaluation runs a policy on
uniformly generated instances until its estimate of the pol-
icy’s performance is within a predefined confidence inter-
val. This process repeats for increasing instance sizes until
the evaluation is stopped. While scaling behavior evaluation
shows the average performance across the full distribution of
instances induced by the given generator, it does not evalu-
ate the performance on specific instance distributions. For
example, a policy trained on the Transport domain might
perform well on average, but it could fail on instances with
specific road patterns, such as particularly long roads. Find-
ing or showing the absence of such rare but critical failures
is essential to understanding the generalization capabilities
of generalized planning methods. This is particularly true
for machine-learning-based approaches, which often lack in-
terpretability. We aim to solve this issue by introducing a
method that allows us to restrict instance distributions and
efficiently generate corresponding instances.

Automating instance generation and selection is an estab-
lished topic in the planning community. For example, Tor-
ralba, Seipp, and Sievers treat the problem of selecting a set
of suitably difficult instances as an optimization problem,
where state-of-the-art planners are used to assess the diffi-
culty of instances (2021). Further, Nufez-Molina, Mesejo,
and Ferndndez-Olivares formulate the problem of generat-
ing diverse and difficult instances as a Markov Decision Pro-
cess and use deep reinforcement learning to train policies
that generate initial states and goals (2024; 2025). Lastly,
Grundke, Helmert, and Roger use answer set programming
to generate instances from formal specifications of planning
domains (2025).

We observe that instance generators are already available
for most of the popular classical planning domains, typically
in the form of simple C or Python code, and thus it should be



possible to modify them to generate only certain instances.
In this work, we propose a pipeline that automatically mod-
ifies given generators using a feedback loop between a large
language model (LLM) and a theorem prover. Concretely,
we specify an instance distribution using constraints in first-
order logic (FOL) and then prompt an LLM to adapt the
existing instance generator so that it only returns instances
fulfilling the given constraints. For example, we specify the
distribution of Blocksworld instances where, in the initial
state, all blocks are on the table and, in the goal, all blocks
are in a single tower, as follows:
(and (forall (?b - object) (on-tabler ?b))

(exists (?bg - object)
(and (clearg ?bg)

(forall (?bgp - object)

(implies (clearc ?bgp)
(= ?bgp ?bg)))))) .

We then test the resulting instance generator by generat-
ing a large number of instances across multiple sizes and
translating them such that we can use the Z3 theorem
prover (De Moura and Bjgrner 2008) to check for any con-
straint violations. Additionally, we test for runtime errors
and obvious mistakes in the generated instances, such as un-
reachable goals or incorrect instance sizes. The results of
these tests are then returned to the LLM as part of a debug
prompt, closing the feedback loop. After a predefined num-
ber of iterations, we return the generator that generated the
largest number of correct instances. During evaluation, we
apply these tests to every generated instance and return only
those that pass all of them, which guarantees their correct-
ness.

In our evaluation framework, we wrap the LLM-generated
instance generators in Gymnasium (Towers et al. 2024) envi-
ronments and specify a generic agent interface for environ-
ment interactions. This way, we can treat any generalized
planning approach as a simple reactive agent and evaluate it
using off-the-shelf statistical model checking tools, such as
PyDSMC (Gros et al. 2025a). The result is a first step toward
a general evaluation framework for per-domain generaliza-
tion, which can evaluate any generalized planning approach
according to any property on any distribution of instances
from a given domain.

In our preliminary experiments, we demonstrate that our
pipeline can efficiently generate constrained generators and
that our evaluation framework can use these generators to
evaluate various generalized planning approaches.

2 A Pipeline for Modifying Generators

In this section, we introduce our pipeline for modifying in-
stance generators using LLMs and theorem provers. We first
specify which types of bugs we expect from LLM-generated
instance generators and how we test for them. Then, we
show how we can check constraints on PDDL instances
using theorem provers. Lastly, we introduce our prompt-
ing strategy for attaining and iteratively improving modified
generators.

2.1 Testing Generators

Our test suite assumes that every given instance generator is
implemented in Python and follows a simple API: The gen-
erator consists of a single class with a predefined name, and
a method generateInstanceForSize, which inputs
an instance size and an optional random seed, and returns
either a string, corresponding to an instance file, or None.
Consider Table 1, which shows an overview of the bugs that
we check for, how we test them, and what error messages
we provide. We group the bugs into four categories: code
bugs, which correspond to the generator throwing runtime
errors or running too inefficiently, instance file bugs, which
correspond to a returned instance file being fundamentally
incorrect, quality bugs, which correspond to a returned in-
stance being trivial or impossible to solve, and constraint
bugs, which correspond to a returned instance violating the
user-defined constraints.

Given an instance generator, our testing pipeline attempts
to generate M instances for each instance size n from
a given range. For each generation attempt, we run the
tests shown in Table 1 in order from top to bottom, skip-
ping any remaining tests if a code or instance file bug oc-
curs. If a test fails, we record the bug type, the inputs to
the generateInstanceForSize method, the output
(if one was generated), and the error message. Generated
instance files that pass all tests are stored for later use.

2.2 Checking Constraints

We use constraints in first-order logic (FOL) to specify the
distribution of instances that an LLM-generated instance
generator should return. To test whether any constraint vi-
olations, i.e., constraint bugs, occur, we translate each gen-
erated PDDL instance and the FOL constraints into a finite
7.3 model, using Microsoft’s SMT solver Z3 (De Moura and
Bjgrner 2008).

We encode each PDDL object type as a custom Enum
sort and each predicate as an uninterpreted Boolean func-
tion. To distinguish facts about the initial state or the goal of
the instance, we create for each predicate two versions Py
and Pg, respectively. Then, for every predicate, we enumer-
ate all ground tuples matching its signature and add axioms
that assign truth values according to the facts specified in the
instance. We then add the user constraint to the model and
let Z3 decide satisfiability. If the model is unsatisfiable, the
generated instance violates the constraint.

A complication arises because PDDL treats initial states
and goals differently. Initial states are given as lists of facts
under a closed-world assumption, i.e., facts not listed are
false. Goals, however, are formulas that describe what must
hold in any goal state. Consequently, facts not mentioned in
the goal are not false but unconstrained. This open-world in-
terpretation can be problematic when we specify constraints
over the goals. For example, the constraint “At least one
package must be inside a truck in the goal state” is satis-
fied under the open-world assumption even if the goal does
not specify any package that should be inside a truck. To
avoid this ambiguity, we introduce a third predicate ver-
sion Pgg, where G'S stands for “goal specified”. For a fact



Category Bug

Test

Error Message

Class loading bug

Code bugs Instance Generation bug

Timeout bug

Try loading the generator class.

Check whether instance generation ter-
minates without a runtime error.

Check whether instance generation ex-
ceeds a time limit.

Python error message

Python error message

“Generation exceeded time-
out of N seconds”

Parsing bug
Instance file bugs

Instance size bug

Check whether the instance file can be
parsed.

Check whether the number of objects in
the instance matches the requested size.

Error message of PDDL
parser

“Expected N objects, but got
M instead”

Goal tautology bug

Quality b Goal fulfilled bug
uality bugs

Goal contradiction bug

Unsolvability bug

Check whether the goal is always true.

Check whether the initial state already
satisfies the goal.

Check whether the goal is contradictory.

Check whether the initial state’s AfF
value is infinite.'

“The goal is a tautology”

“The initial state already ful-
fills the goal”

“The goal is a contradiction”

“The initial state has the
heuristic value A™ (s) = c0.”

Constraint bugs Constraint bug

Check whether the facts in the initial state
and goal fulfill the constraints using Z3.

Unsatisfiability core provided
by Z3 2

Table 1: Overview of bug categories, bug types, tests, and corresponding error messages for LLM-generated instance generators.
! An instance with a finite A" value may still be unsolvable. It is in general not possible to efficiently determine solvability for
all instances of a domain. > Here, an unsatisfiability core is the not necessarily minimal subset of state predicates and constraint

axioms that are used in the unsatisfiability proof.

P(zy,...,x,), the predicate Pgs(x1,...,x,) is true iff
that fact, or its negation, explicitly occurs in the goal. This
way we can specify constraints that distinguish between
facts that are required by the goal, forbidden by the goal,
or left unspecified.

Our pipeline inputs constraints in a PDDL-like syntax
supporting standard FOL operators, including conjunction,
disjunction, negation, implication, XOR, universal and ex-
istential quantification, and equality. Variables are prefixed
with “?” and may be typed. We disallow free variables, since
our use case only requires satisfiability checks over the fi-
nite object universe of a generated instance. Although Z3
is more expressive than strictly necessary, our constraints
range over a finite universe with finitely many non-recursive
predicates and no function symbols beyond uninterpreted
Boolean functions. Thus, all checks are decidable and ter-
minate. The checker is exposed through a simple interface:
given a parsed PDDL instance and a constraint string, it re-
turns whether the constraint is satisfiable.

When a constraint bug occurs, we store Z3’s unsatisfiabil-
ity core as an error message to provide feedback to the LLM.
This core is a subset of the axioms used in the unsatisfiabil-
ity proof and gives the LLM concrete feedback about which
facts cannot be satisfied together.

2.3 Prompting

In our initial prompt, we provide the LLM with the domain
file, the original generator (which can be implemented in any

programming language), an example instance file generated
using the original generator, and the FOL constraints that
instances must fulfill. Given these inputs, the initial prompt
asks the LLM to generate a single, self-contained Python
script that modifies the existing generator as little as possible
while fulfilling the API defined in Section 2.1. Further, we
specify the bugs shown in Table 1 and state that none of
them should occur. Additionally, we ask that the generator
returns diverse instances, i.e., it covers the full distribution
of instances that fulfill the given constraints. The prompt is
then given to the LLM, and the resulting instance generator
is passed to the test suite defined in Section 2.1.

If any bugs are found during testing, we begin the de-
bugging process. To do so, we create a concise debugging
prompt that states the number of test cases, how many of
them showed bugs, how many correct instances were gener-
ated, and how often the generator returned None. Further,
we provide a concise set of failed test cases, where instead
of listing every single case, we select the smallest subset
that covers all unique bug types that occurred during test-
ing. Additionally, we provide positive feedback in the form
of a randomly sampled set of successful test cases. Lastly,
we instruct the LLM to fix the bugs in its generator while
keeping the code simple. The debug prompt is then given to
the LLM, and the updated instance generator is again passed
to the testing pipeline. This debugging process repeats up to
M times and stops early if a generator passes all test cases.
Finally, the generator with the fewest bugs is returned.



3 Toward a General Evaluation Framework

This section describes our evaluation framework for per-
domain generalization in classical planning. We build upon
Gros et al.’s scaling behavior evaluation, which uses statisti-
cal model checking to evaluate a given policy’s coverage or
plan length on automatically generated instances of increas-
ing size (2025b). Specifically, for a given instance size n,
the scaling behavior evaluation runs a policy on uniformly
generated instances until the estimate of the mean coverage

C,, or the mean plan length ﬁn for size n is within a confi-
dence interval of width 2 - € with a probability of 1 — «. This
process repeats for increasing instance sizes n until either a
maximum size is reached or the mean coverage falls below
a threshold.

We retain the central ideas of scaling behavior evaluation
but generalize them along three axes:

(i) We move from only evaluating instances from the distri-
bution induced by the generator to allowing the specifi-
cation of arbitrary distributions.

(il)) We move from evaluating coverage and plan length to
supporting the evaluation of arbitrary trajectory-based
properties.

(iii) We move from evaluating GNN-based policies to sup-
porting the evaluation of arbitrary generalized planning
methods using a generic agent interface.

We note that, while (i) is achieved through our LLM-
generated instance generators introduced in Section 2, (ii)
and (iii) are theoretically supported by scaling behavior eval-
uation but have never been practically realized.

To support the evaluation of arbitrary trajectory-based
properties (ii), we make our framework compatible with
the PyDSMC tool (Gros et al. 2025a), which was devel-
oped for statistical model checking of neural agents im-
plementing the Gymnasium interface. Given an agent, an
environment, a list of properties, and statistical parame-
ters, PyDSMC automatically generates trajectories and com-
putes confidence bounds using the correct statistical meth-
ods. We note that PyDSMC does not actually require agents
to be neural, but only requires that agents and environ-
ments implement the Gymnasium interface. Accordingly,
we wrap our instance generators inside Gymnasium envi-
ronments. A Gymnasium environment must implement a
reset method, which resets the environment to an initial
state, and a st ep method, which executes state transitions.
For a given instance size, the reset method of our environ-
ments generates a new instance file and then parses it using
the Mimir library (Stahlberg and contributors 2026), which
serves as the planning backend. The method then returns the
initial state, applicable actions, and additionally, the domain
and instance file. For a given action, the st ep method com-
putes the state transition using Mimir and returns the succes-
sor state, applicable actions, the cost of the executed action,
and flags indicating whether the episode was terminated due
to reaching a goal or a dead end, or whether the episode was
truncated due to exceeding a step limit.

We note that the PDDLGym library (Silver and Chitnis
2020) offers a similar interface. However, PDDLGym dif-

fers from our approach in several key aspects: Our environ-
ments are built around instance generators, whereas PDDL-
Gym is designed to use a fixed set of instance files. PDDL-
Gym implements its own planning backend for parsing, in-
ference, and state transitions, whereas our environments are
designed to use any off-the-shelf planning backend, such
as Mimir. PDDLGym also follows the outdated OpenAl
Gym API (Brockman et al. 2016), whereas we use the latest
Farama Foundation Gymnasium API (Towers et al. 2024).
Finally, PDDLGym makes an explicit distinction between
agent actions and PDDL operators and does not support ac-
tion costs, whereas our environments use ground actions di-
rectly and support action costs.

To support the evaluation of arbitrary generalized plan-
ning methods (iii), we introduce a generic agent inter-
face. The agent interface requires the specification of
an initialize method and an act method. The
initialize method initializes the underlying general-
ized planning method. For example, for a GNN policy,
initialize would load the network parameters from a
given checkpoint file, whereas for an LLM-generated gen-
eralized plan, initialize would execute the general-
ized plan on a given instance and store the resulting plan.
The act method queries the agent for an action. For ex-
ample, for a GNN policy, act would pass the current state
to the GNN and return the predicted action, whereas for an
LLM-generated generalized plan, act would return the cor-
responding action from the plan that was computed in the
callto initialize, orreturn None if no plan was found,
which terminates the current episode.

4 Preliminary Experiments

In our preliminary experiments, we show that our pipeline
for modifying instance generators can efficiently com-
pute generators that return instances fulfilling given FOL
constraints. We consider the three domains Transport,
Blocksworld, and Satellite from the learning track of the In-
ternational Planning Competition (IPC) 2023 (Taitler et al.
2024). Our pipeline for modifying instance generators uses
OpenATI’s GPT-5.4 nano model with reasoning disabled. The
pipeline runs for 10 iterations or until no more bugs are
found. In each iteration, we test the LLM’s generator by
generating 50 instances for every instance size between 10
and 60, totaling 2500 test instances. For every generation at-
tempt, the generator may take at most 60 seconds before we
consider the attempt a timeout bug.

Further, we demonstrate that our generators can be used in
our evaluation framework to compare different generalized
planning approaches. We consider two generalized planning
approaches: The approach by Miiller et al. learns robust and
efficient per-domain generalizing policies by training graph
neural networks to imitate optimal planners (2026). We refer
to this approach as “GNN”. The approach by Stein et al. uses
LLMs to compute generalized plans in the form of Python
programs (2026). We refer to this approach as “GenPlan”.
In our experiments, we give the Python programs a runtime
limit of 45 seconds per instance. As a baseline, we consider
the satisficing planner LAMA-first (Richter and Westphal
2010) with time and memory limits of 60 seconds and 8GB,



respectively. We evaluate each approach on instances rang-
ing from sizes 10 to 100, where we increase the size in steps
of 2. For each size, we use PyDSMC to sample 150 trajecto-
ries with a step limit of 120 and compute confidence bounds
for both mean coverage and plan length. The evaluation ter-
minates early if the mean coverage drops below 30% for two
consecutive instance sizes.

4.1 Transport

A Transport instance consists of trucks, packages, locations,
and size objects used to represent the capacity of trucks. The
IPC generator constructs initial states by assigning trucks
and packages to random locations that are all connected via
randomly drawn roads. The goals only specify the final loca-
tions of packages, which must be different from their initial
locations but are otherwise sampled randomly. We consider
the distribution of Transport instances where only a single
package must be delivered, and the goal location is at most
two roads away from the initial location. There must also
be a truck at the initial location of this package. Hence, any
further trucks, packages, and locations are irrelevant to any
optimal plan. Formally, we define the constraint as:
(exists (?1lg - location ?pg - package

?1i - location ?lm - location

?vi - vehicle)

(and

atr ?pg 21i)
atr ?vi ?1i)
atg ?pg ?1g)

or
(and

not (= ?1i ?1lm))

not (= ?1m ?1qg))

(
(
(not (= ?1g ?1i))
(roadr ?1i ?1m)
(roadr ?1lm ?1qg))
(and
(not (= 21g 21i))
(roadr 21i ?1q9)))
(forall (?lgp - location

?pgp - package)

(implies
(atc ?pgp ?1gp)
(and (= ?pg ?pgp)

(= ?1g ?1lgp)))))) .

Our pipeline produced a corresponding instance genera-
tor that showed no bugs after 1 iteration, which required 12
minutes. In Figure 1, we see that, on the original generator,
all approaches scale well, with GNN achieving the highest
coverages and shortest plan lengths. On the constrained gen-
erator, all approaches achieve 100% coverage, meaning they
do not get distracted by objects that are irrelevant to the goal.

4.2 Blocksworld

A Blocksworld instance consists of several blocks that must
be moved from one configuration to another, using an arm
that can pick up one block at a time. The IPC generator as-
sembles blocks in random configurations in both the initial
state and the goal, with a bias toward stacking blocks in tow-
ers. We consider the distribution of Blocksworld instances
where, in the initial state, all blocks are on the table, and in
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Figure 1: Evaluation on Transport

the goal, all blocks are stacked in a single tower. Formally,
we define the constraint as:
(and (forall (?b - object) (on-tabler ?b))

(exists (?bg - object)
(and (clearg ?bg)

(forall (?bgp - object)

(implies (clearg ?bgp)
(= ?bgp ?bg)))))) .
Our pipeline produced a corresponding instance genera-

tor that showed no bugs after 3 iterations, which required
21 minutes. Consider Figure 2, which shows the evaluation
results for the original instance generator and for the con-
strained generator. We see that on the original generator,
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GNN and GenPlan scale significantly better than LAMA-
first. On the constrained generator, this difference becomes
even larger, as GNN and GenPlan always find optimal plans,
whereas LAMA’s plan lengths quickly reach the step limit.

4.3 Satellite

A Satellite instance contains satellites, instruments, modes
and directions. Satellites may point in any of these directions
and have instruments on board. Each instrument supports a
certain number of modes. Instruments have to be calibrated
by pointing the satellite in the correct direction and are then
used to take images using a mode. Satellites can allocate

their power to one instrument at a time, which is needed to
calibrate and take images. The IPC generator constructs ini-
tial states by assigning each satellite an arbitrary start direc-
tion as well as at least one instrument. The remaining instru-
ments are distributed arbitrarily and receive a random cal-
ibration direction. All satellites have power available in the
initial state. Lastly, the generator randomly assigns modes to
instruments such that each instrument has at least one mode
and each mode is supported by at least one instrument. Two
instruments may support the same mode. For the goal, the
generator defines both random directions for a random num-
ber of satellites as well as a random number of images that
must be taken while pointing in specific directions, using
certain modes. We consider the distribution of Satellite in-
stances where, in the initial state, at least one satellite al-
ready has its power allocated to an instrument. Formally, we
define the constraint as:

(exists (?s - satellite ?i - instrument)

(and (on_boardr ?i ?s)
(not (power_availr ?s))
(power_onr ?i) )).

Our pipeline produced a corresponding instance generator
that showed no bugs after 3 iterations, which required 6 min-
utes. In Figure 3, we see that, on the original generator, GNN
and LAMA-first scale well, whereas GenPlan struggles on
instances larger than size 50. On the constrained generator,
we see that the resulting instances are significantly easier
to solve, as GNN and LAMA-first achieve nearly constant
100% coverage, yet GenPlan only reaches between 40% and
80% coverage. This is because GenPlan’s program can fail
if an instrument of any satellite is already powered on in
the initial state. The constrained generator yields instances
that are easier to solve because, for every direction in which
an image must be taken with a certain mode, the genera-
tor adds a satellite that must be calibrated in that direction
while also having an instrument that supports the required
mode. Hence, the LLM restricted the instance distribution
more than was necessary. This could be avoided by provid-
ing more explicit constraints or by selecting generators that
not only have few bugs but also yield diverse instances.

5 Conclusion and Future Work

We present a first step toward a general evaluation frame-
work for per-domain generalization in classical planning.
The central idea is to evaluate generalized planning meth-
ods not only on the distribution induced by an instance gen-
erator but also on specific instance distributions that expose
more strengths and weaknesses. To this end, we introduced
an efficient and flexible LLM-based pipeline for modifying
existing instance generators and validating their outputs us-
ing theorem provers. By wrapping the resulting generators
in Gymnasium environments and using a generic agent in-
terface, the framework can be combined with off-the-shelf
statistical model checking tools to evaluate arbitrary gener-
alized planning methods according to arbitrary trajectory-
based properties.

We plan to further improve our general evaluation frame-
work in the near future, especially with respect to the mod-
ification of instance generators using LLMs and theorem
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provers. At the moment, we do not explicitly test whether
the instances returned by the LLM-generated generators are
legal instances of the domain. For example, a Blocksworld
generator could pass the test suite with no bugs but return
instances with floating blocks. However, we have not yet
observed such failures, which is likely because the original
generators implicitly encode legality constraints, and thus
the LLM accounts for them. Nonetheless, we plan to ad-
dress this by additionally checking the constraints for legal
instances during testing. While this increases the manual ef-
fort for modeling constraints and the runtime for checking
them, it would also provide our approach with a formal guar-

antee that only legal instances are returned.

Once legality constraints are incorporated into our
pipeline, it would be interesting to see whether we can gen-
erate instance generators from scratch by only providing a
domain file and legality constraints. This would be similar
to the domain-independent instance generator of Grundke,
Helmert, and Roger, but it would rely on LLMs and theorem
provers instead of answer set programming, which could
be more efficient (2025). A challenge for these experiments
would be to design novel domains that were not part of the
LLM’s training data.

Further, we plan to provide the LLM with concrete feed-
back on the diversity of the instances that its generator re-
turns. During each iteration of the modification pipeline, we
could compute the diversity of all instances without any bugs
and provide a diversity score as feedback to the LLM. The fi-
nal generator could then be selected as the one that balances
the number of bugs and diversity.

Lastly, we plan to conduct more experiments, which will
include testing different LLMs in our modification pipeline,
testing more complex constraints for instance distributions
across more domains, and evaluating more generalized plan-
ning approaches according to more properties.
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