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Abstract

Reliable planning requires converting natural-language instructions into executable
symbolic specifications, yet large language models remain brittle without costly
PDDL annotations and may exploit solver success in semantically unfaithful ways.
We study how to learn faithful natural-language-to-PDDL formalization using only
solver feedback, without human-written demonstrations. We propose a solver-
grounded multi-role reinforcement learning framework where a single language
model acts as an Actor, Judge, and Editor for generation, verification, and repair.
The Actor proposes PDDL specifications, the Judge provides a solver-calibrated
quality signal, and the Editor performs bounded diagnostic-conditioned refinement.
On PlanBench, our method improves average success from 35.5% for LLM+P to
70.8%, achieves 66.3% faithful success, and reduces semantic drift to 6.4%. These
results show that organizing solver feedback into generation, verification, and
repair roles enables more scalable and faithful annotation-free symbolic planning.

1 Introduction

Structured planning is a central capability for intelligent agents that must transform high-level instructions
into executable action models under constraints. It is critical for robotics, workflow automation, logistics,
and interactive decision-making, where success depends not only on producing plausible language
but also on satisfying explicit state-transition semantics. Large language models (LLMs) have shown
impressive general-purpose reasoning and instruction-following abilities (Brown et al., 2020; OpenAI,
2024; Touvron et al., 2023; Lin et al., 2026), yet reliable planning remains difficult because valid plans
require logical consistency, long-horizon state tracking, and faithful grounding in task constraints.

Recent benchmarks have made this limitation increasingly clear. PlanBench shows that LLMs often
fail on classical planning domains, especially when predicate names are obfuscated and surface lexical
cues are removed (Valmeekam et al., 2023). This supports the broader view that LLMs often behave as
approximate retrievers rather than systematic planners over state transitions (Kambhampati et al., 2024).
Even reasoning-enhanced models and chain-of-thought prompting remain brittle under planning-specific
perturbations, suggesting that fluent intermediate reasoning is not equivalent to executable planning
(Stechly et al., 2024; Valmeekam et al., 2024). NATURAL PLAN further shows that realistic natural-
language planning becomes sharply harder as constraint complexity increases, and self-correction does
not reliably recover valid solutions (Zheng et al., 2024).

A promising response is to use LLMs not as direct planners, but as formalizers that translate natural-
language tasks into symbolic representations such as Planning Domain Definition Language (PDDL),
after which an external solver performs the actual planning. LLM+P demonstrates the value of this neuro-
symbolic decomposition by delegating search to a classical planner (Liu et al., 2023), and subsequent
work explores PDDL goal translation, generalized planning programs, and environment-aided PDDL
construction (Xie et al., 2023; Silver et al., 2023; Mahdavi et al., 2024). However, these approaches still face
a fundamental supervision bottleneck: high-quality natural-language-to-PDDL formalization typically
requires curated demonstrations, fixed domain assumptions, or supervised initialization. Instruction-
tuning methods such as PDDL-Instruct improve symbolic planning performance, but their reliance on
annotated examples limits scalability to new domains and language distributions (Verma et al., 2025).

The deeper challenge is that solver feedback alone is not automatically a faithful learning signal. A PDDL
solver can verify whether a generated specification is syntactically valid and executable, but solver success
is defined with respect to the generated formal specification rather than the original natural-language
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Figure 1: One Brain Three Roles framework. A single LLM plays Actor, Judge, and Editor roles with shared
parameters, grounded by deterministic PDDL solver feedback.

intent. Thus, optimizing only for solver success can reward underspecified or semantically shifted
formalizations that are easy to solve but no longer faithful to the task. This creates a high-level conflict
between annotation-free learning and semantic faithfulness: the former demands replacing human labels
with environment feedback, while the latter requires preventing the model from exploiting imperfections
or ambiguities in that feedback. Similar concerns arise in broader reinforcement learning settings, where
optimizing a proxy reward can induce reward gaming when the reward does not fully capture the
intended objective (Skalse et al., 2022).

This paper asks: Can an LLM learn reliable symbolic planning from solver feedback alone, without any human-
annotated PDDL demonstrations? We address this question by treating the symbolic solver as the only
grounded oracle while organizing learning around generation, verification, and repair. At a high level, the
model learns not only to produce a candidate formal specification, but also to evaluate solver-grounded
correctness and refine failed specifications using executable diagnostics, thereby converting sparse solver
outcomes into a more informative training process.

We propose Solver-Grounded Multi-Role Reinforcement Learning, a zero-annotation framework for
natural-language-to-PDDL planning. A single LLM is conditioned to play three coordinated roles: an
Actor that proposes formal specifications, a Judge that learns a solver-calibrated quality signal, and an
Editor that performs bounded repair from solver diagnostics. This design preserves the scalability of
solver-only supervision while reducing the risk that optimization collapses into purely solver-facing
shortcuts.

Our contributions are as follows:

• We identify a key obstacle in annotation-free symbolic planning: raw solver success is a necessary
but insufficient learning signal because it can diverge from semantic faithfulness to the original
natural-language task. This reframes NL-to-PDDL learning as a problem of solver-grounded
optimization under potential specification drift.

• We introduce a multi-role reinforcement learning framework in which generation, verification,
and repair are learned jointly from deterministic solver feedback, without human-annotated
PDDL demonstrations. The shared-role design enables verifier co-evolution and diagnostic-
conditioned refinement while keeping most model parameters coupled across roles.

• Across PlanBench domains, our method achieves strong in-domain planning success, including
substantial gains on obfuscated and structurally challenging settings. It also transfers zero-
shot to ProntoQA and NATURAL PLAN, indicating that solver-grounded multi-role learning
improves not only benchmark-specific PDDL synthesis but also broader planning and constraint-
satisfaction behavior.

2 Related Work

LLMs as planners. A first line asks whether scaling and prompting alone are sufficient for planning.
Chain-of-thought and search-based deliberation can improve intermediate reasoning (Wei et al., 2022;
Yao et al., 2023; Hao et al., 2023), but planning benchmarks show that fluent rationales do not guarantee
executable state-transition reasoning. PlanBench and follow-up analyses reveal large gaps between
textual plausibility and valid planning behavior, especially under predicate obfuscation, longer horizons,
and reasoning-model variants (Valmeekam et al., 2023; Kambhampati et al., 2024; Stechly et al., 2024;
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n The Blocksworld domain
involves blocks placed on a table.

The robot arm can pick up
and move one block at a time.

Actions: pickup, putdown,
stack, unstack.

Constraint: a block can
only be picked up if clear.

Initially, block A is on B,
B is on table, C is on table.

Goal: B on top of C, and
A on top of B.

Qwen2.5-7B (Shared)
Pure RL, No SFT

Actor
NL → PDDL

Reward:

• Solver execution result

• Judge semantic/format score

Judge
Evaluate semantics + format

Reward:

• Consistency with Solver result

• Good+Success→+; Good+Fail→−

Editor
Bounded-step refinement

Reward:

• Post-edit Solver success

• Edit count as penalty

(define (domain blocksworld)

(:predicates

(clear ?x) (on-table ?x)

(arm-empty) (holding ?x)

(on ?x ?y))

(:action pickup ...

...

Problem File

(define (problem p98)

(:domain blocksworld)

(:objects a b c)

(:init

(on-table b) (on a b)

(on-table c) (clear a)

(clear c) (arm-empty))

(:goal (and

(on b c) (on a b))))

PDDL Solver
Fast Downward

Deterministic Feedback

✓ Success : Goal reached + Valid syntax

✗ Failure : Structured diagnostics

Replaces human annotation

Plan

(unstack a b)
(putdown a)
(pickup b)
(stack b c)
(pickup a)
(stack a b)

Initial

a

b c

Goal
a

b

c

Editor Bounded-Step Refinement (on failure) r = 0

Reward Signal → Self-Improvement Loop (Pure RL) (r, f)

Figure 2: Solver-Grounded Multi-Role RL for NL-to-PDDL Planning. A single shared LLM backbone is conditioned
into Actor, Judge, and Editor roles. The Actor generates an initial PDDL specification. A deterministic PDDL Solver
verifies executability, producing a success label and diagnostics on failure. The Judge predicts a calibrated solver
score, and the Editor uses diagnostics to perform bounded local edits, feeding back to the solver.

Valmeekam et al., 2024). NATURAL PLAN further shows that realistic language planning degrades
sharply as constraints become more complex (Zheng et al., 2024). These works motivate execution-
grounded evaluation, whereas we use solver feedback as the training signal, optimizing planning
competence through repeated interaction with a symbolic verifier.

LLM-as-formalizer and neuro-symbolic planning. A second line shifts from direct plan generation
to inducing formal representations that planners can solve. LLM+P demonstrates this paradigm by
translating natural language into PDDL, invoking a classical planner, and verbalizing the resulting plan
(Liu et al., 2023); subsequent work studies goal translation, generalized planning programs, domain
generation, and text-to-PDDL evaluation (Xie et al., 2023; Silver et al., 2023; Oswald et al., 2024; Zuo et al.,
2025; Zhang et al., 2024). Recent studies show that LLM-as-formalizer can outperform direct planning,
but still suffers from semantic omissions, naturalness shift, and scaling failures in large formal structures
(Huang and Zhang, 2025; Jiang et al., 2026). Supervised methods such as PDDL-Instruct improve
performance with annotated instruction tuning (Verma et al., 2025), while environment-interaction
methods refine PDDL through feedback (Mahdavi et al., 2024). In contrast, we formulate NL-to-PDDL
induction as annotation-free reinforcement learning, where an Actor generates specifications, a Judge
learns solver-calibrated scoring, and an Editor performs diagnostic-conditioned repair.

Feedback-driven self-improvement and verifiable rewards. A third line explores feedback-driven LLM
self-improvement without dense human supervision. Reflexion, Self-Refine, ISR-LLM, and AdaPlanner
use critique–revise or environment-feedback loops (Shinn et al., 2023; Madaan et al., 2023; Zhou et al.,
2023; Sun et al., 2023), while LLM-as-a-judge methods reduce annotation cost but risk evaluator bias and
reward hacking without external grounding (Gu et al., 2024; Li et al., 2025). Recent RLVR and self-play
systems show that verifiable feedback can scale reasoning training (Shao et al., 2024; Guo et al., 2025;
Zhao et al., 2025; Chen et al., 2025), but they mainly target curated tasks or code/math verifiers and do
not address the gap between solver success and semantic faithfulness. Our work brings verifiable-reward
learning to symbolic planning by grounding Actor, Judge, and Editor roles in a deterministic PDDL
solver, converting sparse executability feedback into calibrated verification and repair signals.

3 Method

3.1 Task and Solver-Grounded Environment

We study natural-language-to-PDDL specification induction without human annotations. Each task
is a natural-language planning description x ∼ Pdata. The model outputs a PDDL specification y =
(ydom, yprob), consisting of a domain file and a problem file. A deterministic PDDL environment E ,
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Algorithm 1 One solver-grounded multi-role training episode

Require: Task x, solver E , maximum repair horizon Hmax
1: Sample initial specification y0 ∼ πθ(· | x, A)
2: Query solver (b0, d0) = E(y0)
3: Compute Judge score sJ(x, y0)
4: Set T ← 0, yT ← y0, bT ← b0, dT ← d0
5: for t = 0, . . . , Hmax − 1 do
6: if bT = 1 then
7: break
8: end if
9: Sample repaired specification yt+1 ∼ πθ(· | x, yt, dt, E)

10: Query solver (bt+1, dt+1) = E(yt+1)
11: Set T ← t + 1, yT ← yt+1, bT ← bt+1, dT ← dt+1
12: end for
13: Update Actor, Judge, and Editor using Eq. (5) and Eq. (6)

implemented with Fast Downward, verifies the generated specification and returns

(b, d) = E(y), b ∈ {0, 1}, (1)

where b = 1 indicates that the specification is syntactically valid and solver-executable within the
time limit, and d contains structured diagnostics such as parse errors, type mismatches, unsatisfied
preconditions, unreachable goals, and failed action traces.

The central challenge is that solver success is not identical to task-level semantic faithfulness. Because the
model controls the generated specification, optimizing only b can reward degenerate specifications that
weaken goals, remove constraints, or alter predicates to make the instance easier than the original task.
Our method keeps the solver as the only external feedback source, but separates the learning problem
into generation, calibration, and repair roles so that sparse solver outcomes become more useful for policy
optimization.

3.2 Role-Conditioned Multi-Role Policy

We use a single language model with shared backbone parameters and lightweight role-specific param-
eters. Let ρ ∈ {A, J, E} denote the role identifier for Actor, Judge, and Editor. Each role has a learned
embedding eρ, and the role-conditioned model defines

πθ(· | c, ρ) = LMθ

(
· | [eρ; c]

)
, (2)

where c is the role-specific context. The Actor context is x, the Judge context is (x, y), and the Editor
context is (x, yt, dt), where yt is the current specification and dt is the latest solver diagnostic.

The parameters are partitioned as
θ = θsh ∪ θA ∪ θJ ∪ θE. (3)

The shared backbone θsh contains approximately 95% of the parameters, while the remaining parameters
are lightweight role-specific heads. This design allows each role to specialize while keeping most
representation learning coupled across generation, verification, and repair.

3.3 Solver-Grounded Training Episode

Algorithm 1 summarizes one training episode. The Actor first samples an initial PDDL specification. The
solver verifies it and returns a binary success label with diagnostics. The Judge predicts a scalar score for
the generated specification. If the initial specification fails, the Editor performs at most Hmax repair steps,
each conditioned on the task, the current specification, and the latest diagnostic. The episode stops when
the solver succeeds or the repair budget is exhausted.

At inference time, the same procedure is used without gradient updates. The system returns the first
solver-executable specification found within the repair horizon; if no repair succeeds, it returns the final
edited specification for evaluation. Decoding and optimization details are given in Appendix B.2.

3.4 Role-Specific Learning Signals

The Actor learns global specification generation, the Judge learns solver-calibrated verification, and the
Editor learns diagnostic-conditioned repair. The Judge score is produced by a scalar head on top of the
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shared representation:
sJ(x, y) = σ

(
gθ([eJ; x; y])

)
∈ (0, 1), (4)

where gθ is the Judge logit head and σ is the sigmoid function.

For an episode with initial output y0, initial solver label b0, final output yT , final solver label bT , and
repair length T, the role-specific learning signals are

RA(x, y0) = b0 + λJ sJ(x, y0),

LJ(x, y0, b0) = BCE
(
sJ(x, y0), b0

)
+ λbandℓband

(
sJ(x, y0), b0

)
,

RE(x, y0:T) = bT − βT.

(5)

The Actor reward combines the initial solver label with Judge-based shaping. The Judge loss trains sJ to
predict solver success and penalizes over-confident false positives. The Editor reward favors successful
repairs with fewer editing steps.

Actor and Editor token policies are optimized with PPO, while the Judge is optimized as a calibrated
binary predictor. The total loss is

Ltotal = LA
PPO + λELE

PPO + λJLJ. (6)

Appendix B.2 specifies the PPO objective, banded Judge penalty, decoding policy, and hyperparameters.

3.5 Judge Calibration and Correctness Connection

The Judge is trained against solver outcomes rather than human semantic labels. Its direct target is
therefore solver-verified executability. The connection to task-level correctness depends on how often
solver success agrees with a reference correctness notion on the policy-induced distribution. Let B ∈ {0, 1}
denote solver success and C ∈ {0, 1} denote task-level correctness for a generated pair (X, Y). If the
on-policy disagreement rate satisfies Pr(B ̸= C) ≤ ε, and the learned Judge has calibration error δJ with
respect to the Bayes-optimal solver-success predictor, then

E(X,Y)
[∣∣sJ(X, Y)− C(X, Y)

∣∣] ≤ ε + δJ . (7)

Thus, the Judge provides a reliable shaping signal when solver success and task-level correctness have
limited disagreement on generated samples. Appendix C proves Eq. (7), gives the corresponding ranking
guarantee, and describes how to estimate the disagreement rate.

3.6 Why Separate Actor, Judge, and Editor Roles

The three roles address different sources of difficulty in annotation-free symbolic planning. The Actor
performs a global mapping from natural language to a complete PDDL domain–problem pair. The Judge
converts sparse solver outcomes into a calibrated score that can guide learning. The Editor uses solver
diagnostics to make bounded local repairs after failure. A single final-outcome policy can leave the initial
specification weakly constrained once local repair becomes strong, because final solver success may no
longer distinguish good initial formalizations from poor but repairable ones. Appendix D formalizes this
failure mode.

3.7 Parameter Sharing and Reward-Hacking Directions

We now analyze why the shared-backbone design is less permissive than three fully separate role models
in a local reward-hacking sense. Let JA(θ) denote the Actor objective and let C(θ) denote expected
task-level correctness. Around a reference point θ0, define the local reward-hacking gradient

ghack(θ0) = ∇θ JA(θ0)− a∇θC(θ0), a > 0. (8)

For a unit-norm perturbation ∆θ, the first-order Actor gain not explained by correctness is

∆hack(θ0; ∆θ) = ghack(θ0)
⊤∆θ.

The admissible perturbation set depends on the architecture. With three separate models, the Actor can
move in its own PA-dimensional parameter space without directly changing Judge or Editor behavior.
With a shared backbone, Judge- and Editor-neutral perturbations are restricted to the small role-private
subspace, provided the shared backbone directions are observed by Judge and Editor objectives. Ap-
pendix E states the assumptions and proof.
Theorem 3.1 (Reward hacking scaling with parameter count). Under the local isotropic-gradient model and
the shared-backbone constraint in Appendix E, the expected worst-case first-order reward-hacking gain satisfies:
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Table 1: Planning success rate (%) on PlanBench and zero-shot transfer benchmarks. BW denotes BlocksWorld and
MBW denotes Mystery BlocksWorld. Avg. is the mean over the four PlanBench domains.

Method BW MBW Logistics Gripper Avg. ProntoQA Trip Calendar

LLMCoT 24.0±4.3 0.0±0.0 3.0±1.7 23.0±4.2 12.5±1.6 66.0±4.7 8.0±2.7 34.0±4.7

LLMToT 3.0±1.7 3.0±1.7 7.0±2.6 13.0±3.4 6.5±1.2 – – –
LLM+P 87.0±3.4 37.0±4.8 18.0±3.8 0.0±0.0 35.5±1.8 4.0±2.0 16.0±3.7 12.0±3.2

Ours 98.0±1.4 71.0±4.5 58.0±4.9 56.0±5.0 70.8±2.1 90.0±3.0 48.0±5.0 40.0±4.9

1. Three fully separate models. If the Actor has PA parameters, then

E

[
sup

∆θ∈Hsep

∆hack(θ0; ∆θ)

]
≍ σ

√
PA. (9)

2. Shared-backbone architecture. If the Judge- and Editor-neutral perturbations are contained in an Actor
head of dimension h, then

E

[
sup

∆θ∈Hshr

∆hack(θ0; ∆θ)

]
≲ σ
√

h. (10)

The theorem shows that separate models allow reward-hacking gains to grow with the Actor parameter
count. By contrast, a shared backbone exposes most directions to Judge and Editor objectives, leaving
only the small Actor head as the main role-private subspace. Thus, parameter sharing does not elim-
inate reward hacking, but reduces the local degrees of freedom for improving Actor reward without
corresponding verification and repair changes.

4 Experiments

4.1 Experimental Setup

Benchmarks. We evaluate in-domain planning performance on PlanBench (Valmeekam et al., 2023),
using four PDDL-derived domains: BlocksWorld, Mystery BlocksWorld, Logistics, and Gripper. Mystery
BlocksWorld obfuscates object and predicate names, making it a diagnostic test of planning beyond
lexical memorization. We further evaluate zero-shot transfer on ProntoQA (Saparov and He, 2023) and
the Trip Planning and Calendar Scheduling subsets of NATURAL PLAN (Zheng et al., 2024). Detailed
benchmark descriptions are provided in Appendix G.

Evaluation. For PlanBench, generated domain–problem pairs are evaluated with Fast Downward under
a 60-second timeout. An instance is counted as solved only if the generated PDDL is syntactically valid
and the returned plan satisfies the goal conditions. For ProntoQA and NATURAL PLAN, we follow the
original evaluation protocol and report exact-match success.

Model. Our method is built on Qwen2.5-7B (Qwen et al., 2025) initialized from pretrained weights.
We use no human-annotated PDDL demonstrations and no supervised fine-tuning on planning data;
learning is driven only by solver-grounded multi-role reinforcement signals described in Section 3.4.

Baselines. We compare with three zero-annotation baselines: Chain-of-Thought prompting (Wei et al.,
2022), Tree-of-Thought search (Yao et al., 2023), and LLM+P (Liu et al., 2023). Unless otherwise stated,
these baselines use GPT-4o as the underlying model. Appendix G gives the full baseline configurations.

4.2 Main results

Overall planning performance and zero-shot transfer. Table 1 summarizes the main in-domain and
out-of-domain results. Our method achieves the best performance on all PlanBench domains, with an
average success rate of 70.8%, compared with 35.5% for LLM+P and much lower averages for prompting-
only baselines. The gains are largest on Mystery BlocksWorld, Logistics, and Gripper, where lexical
shortcuts are less useful and small symbolic errors can invalidate the whole plan. The same model also
transfers zero-shot to ProntoQA and NATURAL PLAN, suggesting that solver-grounded multi-role
training improves general constraint satisfaction rather than only memorizing PlanBench-specific formats.
Additional discussion is provided in Appendix H.2.
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Table 2: Controlled comparison under matched solver-call budget. All methods are allowed at most K = 6 solver
calls per test instance. Faithful denotes solver-successful and semantically faithful outputs. Drift is the conditional
fraction of solver-successful outputs that fail semantic checking.

Method Backbone BW MBW Logistics Gripper Avg. Avg. Calls Faithful Drift ↓
Qwen-CoT Qwen2.5-7B 31 1 5 25 15.5 5.8 11.6 25.2
Qwen-ToT Qwen2.5-7B 16 5 9 18 12.0 5.9 9.1 24.4
Qwen-LLM+P Qwen2.5-7B 80 32 20 7 34.8 5.2 27.1 22.1
Qwen-Self-Refine+Solver Qwen2.5-7B 85 43 36 35 49.8 4.7 37.5 24.7
GPT-4o-Self-Refine+Solver GPT-4o 91 47 42 37 54.3 4.5 43.0 20.8

Ours Qwen2.5-7B 98 71 58 56 70.8 3.2 66.3 6.4

Table 3: Semantic faithfulness evaluation on PlanBench. Left: aggregate faithfulness metrics. Right: per-domain
faithful success rate. Solv. denotes solver success. Faithful requires both solver executability and semantic consistency
with the reference task.

(a) Aggregate faithfulness

Method Solv. Faithful Drift ↓ Goal Schema-F1

LLM+P 35.5 28.3 20.4 84.7 77.6
Solver-only RL 39.8 25.6 35.7 73.5 68.2
Ours w/o Judge 44.1 29.4 33.3 76.8 70.5

Ours 70.8 66.3 6.4 96.1 91.8

(b) Per-domain faithful success
Method BW MBW Logistics Gripper Avg.

LLM+P 75 26 12 0 28.3
Solver-only RL 51 9 22 20 25.6
Ours w/o Judge 57 13 24 24 29.4

Ours 94 67 53 51 66.3

Controlled comparison under matched backbone and solver budget. To rule out the possibility that
the gains come from a stronger backbone or more solver access, Table 2 compares all methods under a
matched K = 6 solver-call budget. Our method still outperforms the strongest same-backbone baseline
by 21.0 points in average PlanBench success, while using fewer solver calls on average. It also achieves
the highest faithful success and the lowest semantic drift, indicating that trained role specialization is
more effective than prompting-based diagnostic revision alone. The controlled protocol is detailed in
Appendix H.3.

4.3 Analysis

Semantic faithfulness. Because a solver-executable PDDL specification can still deviate from the original
task semantics, Table 3 reports both solvability and faithful success. Our method achieves a small
solvability–faithfulness gap, with 70.8% solvability and 66.3% faithful success, while reducing drift to
6.4%. The per-domain faithful-success results show that the improvement persists across all PlanBench
domains, especially on Mystery BlocksWorld and the structurally brittle Logistics and Gripper domains.
The reference-checking protocol and metric definitions are given in Appendix H.4.
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(b) Remaining failure diagnostics
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80

Count

Figure 3: Repair and diagnostic analysis. Left: cumulative success rate over Editor repair steps. Step 0 denotes the
initial Actor output, and steps 1–5 denote successive repairs. Right: diagnostic heatmap over remaining unsolved
cases after each step.

Ablation and semantic drift types. Table 4 shows two diagnostic analyses. The ablation results on
Mystery BlocksWorld indicate that Actor, Judge, and Editor are all necessary: removing any role causes
a large drop, and using three separate 7B models collapses despite larger total parameter count. The
drift-type analysis shows that our method reduces direct shortcut-like failures such as goal weakening
and object/type drift; the remaining drift cases are dominated by harder action-schema errors. Detailed
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Table 4: Ablation and semantic drift analysis. Left: role ablation on Mystery BlocksWorld. Right: distribution of
semantic drift types among solver-successful but semantically unfaithful outputs.

(a) Role ablation

Configuration Success ∆

Full: Actor + Judge + Editor 71.0 –

Actor only 0.0 -71.0
Editor + Judge 31.5 -39.5
Actor + Judge 20.5 -50.5
Actor + Editor 0.0 -71.0
Separate models, 3×7B 0.0 -71.0

(b) Drift categories
Method Goal weak. Type drift Schema drift Constraint omit.

LLM+P 31.2 18.8 34.5 15.5
Solver-only RL 38.4 21.7 24.6 15.3
Ours w/o Judge 34.9 19.5 27.1 18.5

Ours 18.6 12.4 47.2 21.8
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Figure 4: Solvability–faithfulness gap analysis. Left: paired bars compare solver success and faithful success under
matched-budget settings. Right: domain-level slope chart comparing solver success and faithful success.

interpretation is deferred to Appendix H.6.

Repair dynamics and diagnostic evolution. Figure 3 shows how success accumulates across Editor repair
steps. The initial Actor output solves 46.2% of instances on average, and bounded repair increases success
to 70.8%. Most improvement occurs early: the first two repairs contribute 17.3 out of the total 24.6 point
gain, indicating that the Editor effectively corrects many localized defects rather than relying on long
iterative search. The diagnostic heatmap further shows that syntax and typing errors are removed first,
while remaining failures increasingly concentrate in harder schema and transition-model errors. This
pattern suggests a natural repair hierarchy: shallow formalization errors are rapidly resolved, whereas
residual failures require deeper corrections to action semantics and state transitions. The full repair
protocol is described in Appendix H.7.

Solvability–faithfulness gap. Figure 4 visualizes the gap between solver success and faithful success.
Our method has a 4.5-point gap, compared with 12.3 points for Qwen-Self-Refine+Solver and 11.3 points
for GPT-4o-Self-Refine+Solver. Thus, stronger prompting or stronger base models can improve solvability,
but they do not fully prevent semantic drift. More details are provided in Appendix H.8.

Judge separation of faithful and unfaithful outputs. Finally, Figure 5 and Table 5 test whether the Judge
distinguishes solver-successful but semantically unfaithful outputs from truly faithful ones. The Judge
assigns low scores to unsolved outputs, intermediate scores to solved-but-unfaithful outputs, and high
scores to faithful outputs, with an overall AUC of 0.89 among solver-successful candidates. This suggests
that the Judge captures structural quality signals beyond raw solver executability. Candidate construction
and category definitions are given in Appendix H.9.

5 Conclusion

We studied annotation-free natural-language-to-PDDL planning, where a model must learn executable
and faithful symbolic specifications from solver feedback alone. We introduced a solver-grounded multi-
role reinforcement learning framework that conditions a single language model as an Actor, Judge, and
Editor, separating global generation, calibrated verification, and diagnostic-conditioned repair. Across
PlanBench and zero-shot transfer benchmarks, the results show that structuring solver feedback into
complementary roles improves both planning success and semantic faithfulness, rather than merely
increasing solver executability. These findings suggest that verifiable environments can provide scalable
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Figure 5: Judge score distribution over post-hoc semantic categories. Left: aggregate violin plot over all PlanBench
domains. Right: domain-level grouped violin plot.

Table 5: Post-hoc Judge separation analysis. Scores are reported as mean ± standard deviation. AUC measures how
well the Judge separates faithful outputs from solved-but-unfaithful outputs among solver-successful candidates.

Domain #Cand. Unsolved Solved-Unfaithful Solved-Faithful AUC

BlocksWorld 700 0.16± 0.09 0.42± 0.13 0.80± 0.10 0.94
Mystery BW 830 0.18± 0.10 0.47± 0.14 0.77± 0.11 0.90
Logistics 800 0.20± 0.11 0.50± 0.15 0.74± 0.12 0.87
Gripper 780 0.21± 0.11 0.51± 0.15 0.73± 0.13 0.85

All 3110 0.19± 0.11 0.48± 0.15 0.76± 0.12 0.89

supervision for neuro-symbolic planning when feedback is converted into generation, verification, and
repair signals.

A natural next step is to extend this paradigm from classical PDDL domains to richer interactive environ-
ments where symbolic constraints, tool feedback, and natural-language goals co-evolve.
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A Reproducibility Details

Scope. This appendix consolidates all implementation- and experiment-related details required to
reproduce the proposed solver-grounded multi-role reinforcement learning (RL) framework for NL-to-
PDDL planning.

A.1 Task, Data, and Evaluation

Task definition. Given a natural-language planning description x, the goal is to generate a PDDL
specification y = (D,P) consisting of a domain file D and a problem file P that can be verified by a
PDDL solver (i.e., achieves the goal with valid syntax).

Metric. Primary metric is planning success rate (%), measured by the solver’s binary verification result.

A.2 Grounded Verifier (PDDL Solver)

Solver. The environment verifier E is the Fast Downward planner with a 60-second timeout. Given a
candidate specification y, the solver returns (r, f ) = E(y), where r ∈ {0, 1} indicates goal achievement,
and f contains structured diagnostics such as: syntax errors, unsatisfied preconditions, unreachable goals,
and execution traces.

A.3 Model, Roles, and Parameter Sharing

Base language model. Qwen2.5-7B is used as the pretrained backbone (initialized from pretrained
weights only; no supervised fine-tuning).

One Brain, Three Roles. A single model plays three roles via learned role conditioning: Actor (r = A),
Judge (r = J), and Editor (r = E). Role conditioning is implemented with a learnable role embedding er:

pθ(y | x, r) = LMθ(y | [er; x]) .

Parameter sharing. Parameters are partitioned as θ = θshared ∪ θA ∪ θJ ∪ θE, where |θshared| ≈ 0.95|θ|.
Role-specific parameters (about 1.67% each) are lightweight projection heads.

A.4 RL Objective, Rewards, and Decoding

MDP objective. The generation-refinement process is modeled as an MDP with objective:

J(θ) = Eτ∼πθ

[
T

∑
t=0

γtR(st, at)

]
,

where γ is the discount factor = 0.9.

Actor (generation). The Actor generates an initial PDDL specification y0 from the natural-language
input. During training, nucleus sampling with temperature Tsamp = 0.7 is used, and switches to greedy
decoding at inference.

Actor reward. The Actor reward combines solver success and the Judge’s quality score:
RA = rsolver + λJ · sJudge,

where rsolver ∈ {0, 1} and sJudge ∈ [0, 1]. λJ = 0.3.

Judge (quality prediction). The Judge predicts a quality score:
sJudge = σ( fθ(x, y0, r = J)).

Judge reward enforces consistency with the solver outcome using threshold τ:

RJ =


+1 sJudge > τ ∧ rsolver = 1,
−1 sJudge > τ ∧ rsolver = 0,
+0.5 sJudge ≤ τ ∧ rsolver = 0,
−0.5 sJudge ≤ τ ∧ rsolver = 1.

with τ = 0.5.
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Component Setting
Base model Qwen2.5-7B
Environment PlanBench
Solver Fast Downward, 60s timeout
Learning rate 3× 10−5

Batch size 32
PPO clip ϵ = 0.2
Actor decoding (train) nucleus sampling, temperature Tsamp = 0.7
Actor decoding (test) greedy
Actor reward weight λJ = 0.3
Judge threshold τ = 0.5
Editor max steps Tmax = 5
Editor step penalty β = 0.1
Role objective weight λE = 0.5
Discount factor γ = 0.9

Table 6: Hyperparameters and settings.

Editor (bounded refinement). When the solver fails (r0 = 0), the Editor iteratively refines the specifica-
tion using solver diagnostics ft:

yt+1 ∼ πE(· | x, yt, ft), t = 0, 1, . . . , T.
The maximum refinement steps is Tmax = 5.

Editor reward. The Editor trades off final success and number of edits:
RE = rsolver(yT)− β · T,

where β = 0.1 and T ≤ Tmax.

A.5 Training Protocol and Optimization

Training loop. Training is conducted in cycles. Each cycle includes: (1) Actor generates y0 and queries
the solver for (r0, f0); (2) Judge scores sJudge and receives RJ based on solver outcome; (3) if r0 = 0, Editor
refines up to Tmax steps and receives RE based on final outcome.

Joint parameter update. All roles share the backbone and are updated with an aggregate gradient:
∇θ J = ∇θ JA + λJ∇θ JJ + λE∇θ JE,

where λJ = 0.3 and λE = 0.5.

RL algorithm (PPO). Optimization uses Proximal Policy Optimization (PPO) with: learning rate
3× 10−5, batch size 32, and clipping ratio ϵ = 0.2.

A.6 Hyperparameter Summary

Shown in Table 6

A.7 Compute Resources

All experiments were conducted on a single multi-GPU compute node with 8× NVIDIA A100 GPUs.
Each GPU has 80GB memory, and the node has 64 CPU cores and 512GB system memory. The Qwen2.5-
7B backbone was trained with mixed precision. Fast Downward was executed on CPU with a fixed
60-second timeout for each generated PDDL specification.

The main solver-grounded multi-role RL run uses approximately 12,000 solver interactions across 8
training cycles. A full training run takes approximately 12–16 hours on the above hardware.

B Additional Method Details

B.1 Solver Environment and Diagnostics

The solver environment E is implemented with Fast Downward using a 60-second timeout. Given a
generated PDDL specification y = (ydom, yprob), the solver first checks whether the domain and problem
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files can be parsed and grounded. If parsing and grounding succeed, the planner searches for a plan that
reaches the stated goal. The returned label b ∈ {0, 1} is defined as b = 1 when the solver returns a valid
plan within the timeout and b = 0 otherwise.

The diagnostic field d records the most informative failure mode available from the solver pipeline.
We use diagnostics from four categories: syntax and parse errors, type and object mismatches, invalid
operator definitions such as missing preconditions or effects, and search-level failures such as unreachable
goals. The Editor receives the raw diagnostic text together with the current specification. During training,
generated specifications and solver outputs are stored as on-policy interaction data for Actor, Judge, and
Editor updates.

B.2 Optimization and Hyperparameters

Decoding. During training, the Actor and Editor use stochastic decoding to maintain exploration. We
use nucleus sampling with temperature τtemp = 0.7. During evaluation, both roles use greedy decoding
for deterministic comparison. The repair horizon is fixed to Hmax = 5. If the initial Actor output succeeds,
no Editor step is taken.

Actor and Editor PPO objectives. For role ρ ∈ {A, E}, let oρ
t denote the context given to the role policy,

aρ
t the generated token sequence, and Âρ

t the advantage computed from the corresponding role reward.
PPO minimizes

Lρ
PPO = −Et

[
min

(
qρ

t (θ)Âρ
t , clip

(
qρ

t (θ), 1− ϵppo, 1 + ϵppo

)
Âρ

t

)]
, (11)

where

qρ
t (θ) =

πθ(aρ
t | oρ

t , ρ)

πθold
(aρ

t | oρ
t , ρ)

.

The Actor advantage is computed from RA, and the Editor advantage is computed from RE. We use
ϵppo = 0.2.

Judge loss. The Judge is trained as a binary predictor of solver success. The binary cross-entropy term
is

BCE(s, b) = −b log s− (1− b) log(1− s).
The banded penalty is

ℓband(s, b) = (1− b)max(0, s− τJ)
2 +

1
2

b max(0, τJ − s)2. (12)

The first term penalizes false positives above the decision threshold, while the second term penalizes
under-confident scores on solver-successful specifications. We use τJ = 0.5.

Joint update. All trainable parameters are updated with

Ltotal = LA
PPO + λELE

PPO + λJLJ.

The shared backbone receives gradients from all three roles. The Actor head receives Actor gradients, the
Judge head receives Judge gradients, and the Editor head receives Editor gradients.

C Judge Calibration Analysis

This section proves the calibration statement used in Section 3.5. The result is distributional and on-policy:
it concerns the generated specifications encountered under the current policy.

Setup. Let X ∼ Pdata be a task and let Y ∼ πθ(· | X) be a generated specification. The solver-success
label is B = b(X, Y) ∈ {0, 1}, and the task-level correctness label is C = c(X, Y) ∈ {0, 1}. The solver and
the reference correctness checker are deterministic for a fixed pair (x, y); randomness comes from task
sampling and stochastic generation.

Define the Bayes-optimal solver-success predictor

s∗J (x, y) = Pr(B = 1 | X = x, Y = y).

The learned Judge has calibration error

δJ = sup
x,y

∣∣∣sJ(x, y)− s∗J (x, y)
∣∣∣ . (13)
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Table 7: Hyperparameters used in the solver-grounded multi-role training procedure.

Component Setting

Base model Qwen2.5-7B
Solver Fast Downward
Solver timeout 60 seconds
Actor decoding during training nucleus sampling, τtemp = 0.7
Actor decoding during evaluation greedy decoding
Editor decoding during training nucleus sampling, τtemp = 0.7
Editor decoding during evaluation greedy decoding
Maximum repair steps Hmax = 5
PPO clip coefficient ϵppo = 0.2
Learning rate 3× 10−5

Batch size 32
Judge threshold τJ = 0.5
Actor shaping weight λJ = 0.3
Editor loss weight λE = 0.5
Editor step penalty β = 0.1

Assumption C.1 (Bounded solver–correctness disagreement). For the policy-induced distribution over (X, Y),
there exists ε < 1/2 such that

Pr(B ̸= C) ≤ ε. (14)
Lemma C.1 (Bayes-optimality of the Judge target). The minimizer of the conditional cross-entropy loss for
predicting B is

s∗J (x, y) = Pr(B = 1 | X = x, Y = y).

Proof. For a fixed pair (x, y), let η = Pr(B = 1 | X = x, Y = y). The conditional cross-entropy is

ℓ(s; η) = −η log s− (1− η) log(1− s), s ∈ (0, 1).

Its derivative is −η/s + (1− η)/(1− s), which vanishes only at s = η. The second derivative is positive
on (0, 1), so s = η is the unique minimizer.

Theorem C.2 (Judge–correctness connection). Under Assumption C.1, any Judge with calibration error δJ
satisfies

E(X,Y)
[∣∣sJ(X, Y)− C(X, Y)

∣∣] ≤ ε + δJ . (15)

Moreover,
Pr

(∣∣sJ(X, Y)− C(X, Y)
∣∣ > δJ

)
≤ ε. (16)

Proof. By Lemma C.1, s∗J (X, Y) = Pr(B = 1 | X, Y). Since B is deterministic given (X, Y), we have
s∗J (X, Y) = B(X, Y) almost surely. Therefore,

|sJ(X, Y)− C(X, Y)| ≤ |sJ(X, Y)− s∗J (X, Y)|+ |B(X, Y)− C(X, Y)|.

Taking expectations yields Eq. (15). For Eq. (16), note that on the event B = C, the first term is at most δJ .
Thus the event |sJ − C| > δJ can occur only when B ̸= C, whose probability is at most ε.

Theorem C.3 (Margin ranking bound). Let Y1, Y2
i.i.d.∼ πθ(· | X). Under Assumption C.1,

Pr
(

sJ(X, Y1) ≥ sJ(X, Y2) + 2δJ

∧ C(X, Y1) < C(X, Y2)
)
≤ 2ε.

(17)

Proof. Let G be the event that B(X, Yi) = C(X, Yi) for both i = 1, 2. By a union bound, Pr(Gc) ≤ 2ε. On
G, the learned score differs from the binary correctness value by at most δJ for each candidate. Therefore,
a score margin of 2δJ cannot rank an incorrect candidate above a correct candidate. The mis-ranking
event in Eq. (17) is contained in Gc, so its probability is at most 2ε.
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C.1 Estimating the Solver–Correctness Disagreement Rate

For a fixed checkpoint θ, the disagreement rate can be estimated by sampling tasks Xi, generating
specifications Yi, recording solver labels Bi, and evaluating task-level correctness labels Ci using a
reference validator or audit protocol:

ε̂θ =
1
n

n

∑
i=1

1{Bi ̸= Ci}. (18)

For any δ ∈ (0, 1), Hoeffding’s inequality gives

εθ ≤ ε̂θ +

√
log(1/δ)

2n
(19)

with probability at least 1− δ. For a finite set of checkpoints Θckpt, a uniform bound is obtained by
replacing δ with δ/|Θckpt|.

D Why Separate Actor and Editor Roles

This section clarifies why the Actor and Editor are trained as separate roles rather than a single policy
optimized only for final solver success.

Initial correctness. For a policy that produces an initial specification Y0, define

Cinit(π) = E [c(X, Y0)] .

Here c(X, Y0) = 1 means that the initial specification is correct with respect to the task-level reference
semantics.

Actor-only alignment. If the Actor is trained with the initial solver label b(X, Y0), then under the
bounded disagreement condition Pr(b(X, Y0) ̸= c(X, Y0)) ≤ ε,

|E[b(X, Y0)]− Cinit(π)| ≤ ε.

Thus the initial solver label remains a distributional surrogate for initial correctness whenever solver
success and task-level correctness agree on most on-policy samples.

Final-only Editor objective. Consider a monolithic repair policy that both initializes and edits, and
receives only the final reward

Rmono = b(X, YT)− βT.
Suppose there exists a set of repairable initial specifications Yrep(x) such that every y0 ∈ Yrep(x) can be
repaired to solver success in the same number of steps. Then all initializers supported on Yrep(x) receive
the same final return, even if their initial correctness differs. The final-only objective therefore does not
identify the quality of Y0.
Proposition D.1 (Initial specification is unidentifiable under saturated repair). Assume that for every x, all
y0 ∈ Yrep(x) can be repaired to b = 1 in exactly T† steps. If Yrep(x) contains both correct and incorrect initial
specifications, then for any α ∈ [0, 1] there exists an initializer with Cinit = α and final return 1− βT†.

Proof. For each x, choose y+(x), y−(x) ∈ Yrep(x) such that c(x, y+(x)) = 1 and c(x, y−(x)) = 0. Define
the initializer to output y+(x) with probability α and y−(x) with probability 1− α. By the saturated
repair assumption, both choices obtain final return 1− βT†. The expected initial correctness is α.

This proposition motivates the Actor–Editor decomposition. The Actor receives an initial-stage reward,
which keeps global formalization tied to the initial specification. The Editor receives a final-stage repair
reward, which specializes it for local diagnostic-conditioned correction.

E Proof of Reward-Hacking Scaling

This section proves Theorem 3.1.
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Local hacking gain. Let JA(θ) denote the Actor objective and C(θ) denote expected task-level correct-
ness. Around a reference point θ0, define

ghack(θ0) = ∇θ JA(θ0)− a∇θC(θ0), a > 0.

For a unit-norm perturbation ∆θ, the first-order Actor gain not explained by correctness is

∆hack(θ0; ∆θ) = ghack(θ0)
⊤∆θ.

Admissible perturbation sets. For three separate models, the Actor has its own parameter vector
θA ∈ RPA . The admissible perturbation set is

Hsep =
{

∆θA ∈ RPA : ∥∆θA∥2 ≤ 1
}

. (20)

For the shared-backbone architecture, write

θ = (θsh, θA, θJ, θE),

where θsh ∈ Rp is the shared backbone and θA ∈ Rh is the Actor head. We consider perturbations that
are neutral to Judge and Editor on the shared backbone and do not modify the Judge or Editor heads:

Hshr =
{

∆θ : ∥∆θ∥2 ≤ 1, ∆θJ = 0, ∆θE = 0, ∆θsh ∈ Null(ΣJE)
}

. (21)

Here ΣJE is the Judge–Editor backbone sensitivity matrix defined below.
Assumption E.1 (Judge and Editor constrain the shared backbone). Let gJ ∈ Rp and gE ∈ Rp denote
stochastic backbone gradients from the Judge and Editor objectives. Define

ΣJE = E[gJg⊤J ] + E[gEg⊤E ]. (22)

Assume Null(ΣJE) = {0}. Therefore, any Judge- and Editor-neutral perturbation inHshr must lie in the Actor
head subspace.
Assumption E.2 (Local isotropic hacking-gradient model). There exists σ > 0 such that the restriction of
ghack(θ0) to the relevant admissible subspace is isotropic Gaussian. In the separate setting,

ghack(θ0) ∼ N (0, σ2 IPA).

In the shared setting,
ProjAghack(θ0) ∼ N (0, σ2 Ih),

where ProjA denotes projection onto the Actor head subspace.

Lemma E.1 (Gaussian supremum over a unit ball). Let g ∼ N (0, σ2 Id). Then

E

[
sup
∥u∥2≤1

g⊤u

]
= E∥g∥2 = Θ(σ

√
d). (23)

Proof. For any fixed g, Cauchy–Schwarz gives

sup
∥u∥2≤1

g⊤u = ∥g∥2,

with equality at u = g/∥g∥2 when g ̸= 0. Since g ∼ N (0, σ2 Id), ∥g∥2/σ follows a χd distribution, whose
expectation is Θ(

√
d).

Proof of Theorem 3.1. For the separate-model setting, Hsep is the unit ball in the Actor parameter space.
Therefore,

sup
∆θ∈Hsep

∆hack(θ0; ∆θ) = sup
∥∆θA∥2≤1

ghack(θ0)
⊤∆θA = ∥ghack(θ0)∥2.

By Assumption E.2 and Lemma E.1 with d = PA,

E

[
sup

∆θ∈Hsep

∆hack(θ0; ∆θ)

]
= Θ(σ

√
PA).

For the shared-backbone setting, Assumption E.1 gives ∆θsh = 0 for every ∆θ ∈ Hshr, and by construction
∆θJ = ∆θE = 0. Hence every admissible perturbation lies in the Actor head subspace:

∆θ = (0, ∆θA, 0, 0), ∥∆θA∥2 ≤ 1.
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Thus,
sup

∆θ∈Hshr

∆hack(θ0; ∆θ) = sup
∥∆θA∥2≤1

(ProjAghack(θ0))
⊤ ∆θA.

By Assumption E.2 and Lemma E.1 with d = h,

E

[
sup

∆θ∈Hshr

∆hack(θ0; ∆θ)

]
= E

[
∥ProjAghack(θ0)∥2

]
≲ σ
√

h.

This proves both claims.

Effective-rank variant. If Null(ΣJE) has dimension k > 0, the same proof gives a shared-architecture
scaling of order

Θ(σ
√

h + k),
where k is the number of Judge- and Editor-neutral backbone directions. Thus the relevant quantity is the
dimension of the role-private or role-neutral subspace, rather than the total backbone parameter count.

F Proofs for One Brain Three Roles

Throughout, X denotes a task sampled from D, Y a PDDL specification produced by the policy, and
R, C ∈ {0, 1} are respectively the solver success indicator (“solvability”) and the ground-truth plan correctness
indicator (“correctness”) of the final plan for (X, Y): R = 1 iff the PDDL solver parses Y and returns a
plan that reaches its goal under the semantics encoded by (X, Y), and C = 1 iff that final plan is correct
under the true task semantics. We write C(θ) = E[C] for the expected correctness under policy πθ .

F.1 Judge–Correctness Consistency

Deterministic oracles; randomness only from sampling. Although the planner and the validator are
deterministic maps for any fixed natural-language task x and PDDL specification y, the pair (X, Y) is
random because (i) tasks are sampled as X ∼ D and (ii) specifications are sampled as Y ∼ πθ(· | X)
(e.g., via stochastic decoding). Hence, R and C are random variables through (X, Y), even though their
dependence on (x, y) is deterministic.

Formally, there exist measurable functions r, c : X ×Y → {0, 1} such that

R = r(X, Y) ∈ {0, 1}, C = c(X, Y) ∈ {0, 1}. (24)

We define the conditional success and correctness probabilities

η(x, y) := E[R | X = x, Y = y] = Pr(R = 1 | X = x, Y = y), (25)

κ(x, y) := E[C | X = x, Y = y] = Pr(C = 1 | X = x, Y = y). (26)

Under determinism, η(x, y) = r(x, y) and κ(x, y) = c(x, y) are {0, 1}-valued. We keep the probabilistic
notation because all bounds below are taken with respect to the distribution of (X, Y) induced by (D, πθ).

Bounded solver–correctness drift (on-policy). We allow “specification drift” in which the planner
declares success for a generated specification while the resulting behavior is not correct under the
ground-truth validator; we assume such drift is rare on the distribution induced by policies of interest.
Assumption F.1 (Bounded solver–correctness drift rate.). There exists ε ∈ [0, 1/2) such that for every policy
πθ considered in the analysis,

εθ := Pr
X∼D, Y∼πθ(·|X)

(
R ̸= C

)
≤ ε. (27)

Justification and empirical results in F.2

Judge training and calibration. The Judge outputs sJ : X ×Y → (0, 1) and is trained by conditional
cross-entropy for predicting the planner outcome R:

L(s) = E
[
−R log s(X, Y)− (1− R) log

(
1− s(X, Y)

)]
, (28)

where the expectation is taken over the joint distribution of (X, Y) used to train the Judge (typically the
on-policy distribution induced by the Actor). Let s∗J (x, y) denote the Bayes pointwise minimizer of (28).
We quantify approximation/calibration by

δJ := sup
x,y

∣∣sJ(x, y)− s∗J (x, y)
∣∣. (29)
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Lemma F.1 (Bayes-optimal Judge under cross-entropy). For every (x, y), the pointwise minimizer of (28)
satisfies

s∗J (x, y) = η(x, y) = Pr(R = 1 | X = x, Y = y). (30)

Proof. Fix (x, y) and write η = η(x, y). The conditional cross-entropy for predicting R from a score s ∈
(0, 1) is ℓ(s; η) = −η log s− (1− η) log(1− s). Differentiating gives ∂ℓ

∂s (s; η) = −η/s + (1− η)/(1− s),
which vanishes only at s = η. Moreover, ∂2ℓ

∂s2 (s; η) = η/s2 + (1− η)/(1− s)2 > 0 for all s ∈ (0, 1), hence
ℓ(·; η) is strictly convex and s = η is the unique minimizer.

Bounding solvability vs. correctness (distributionally). The key deterministic fact is that, since R, C ∈
{0, 1} and both are deterministic functions of (X, Y), the pointwise gap |η(X, Y)− κ(X, Y)| is exactly the
drift indicator I{R ̸= C}.
Lemma F.2 (Distributional solvability–correctness gap). Under Assumption F.1,

E
[
|η(X, Y)− κ(X, Y)|

]
= Pr(R ̸= C) ≤ ε. (31)

Consequently, ∣∣E[R]−E[C]
∣∣ ≤ ε. (32)

Proof. Because R = r(X, Y) and C = c(X, Y) are {0, 1}-valued, almost surely |R − C| = I{R ̸= C}.
Under determinism, η(X, Y) = E[R | X, Y] = R and κ(X, Y) = E[C | X, Y] = C almost surely. Thus
|η(X, Y)− κ(X, Y)| = |R−C| = I{R ̸= C}. Taking expectations yields (31), and (32) follows from Jensen:
|E[R]−E[C]| = |E[R− C]| ≤ E[|R− C|] ≤ ε.

Theorem F.3 (Judge–correctness consistency). Let s∗J be the Bayes-optimal Judge from Lemma F.1, and let sJ be
any learned Judge with calibration error δJ defined in (29). Under Assumption F.1,

E
[
|sJ(X, Y)− κ(X, Y)|

]
≤ ε + δJ , (33)

Pr
(
|sJ(X, Y)− κ(X, Y)| > δJ

)
≤ ε. (34)

Moreover, if Y1, Y2
i.i.d.∼ πθ(· | X), then the Judge’s margin controls correctness ranking up to drift:

Pr
(

C(X, Y1) < C(X, Y2) ∧ sJ(X, Y1) ≥ sJ(X, Y2) + 2δJ

)
≤ 2ε. (35)

Proof. By Lemma F.1, s∗J (x, y) = η(x, y).

(i) Expected consistency. By triangle inequality, |sJ − κ| ≤ |sJ − s∗J |+ |s∗J − κ| = |sJ − s∗J |+ |η − κ|. Taking
expectations and using E[|sJ − s∗J |] ≤ δJ and Lemma F.2 gives (33).

(ii) High-probability consistency. On the event {R = C} we have κ = η = s∗J , hence |sJ − κ| = |sJ − s∗J | ≤
δJ .Therefore {|sJ − κ| > δJ} ⊆ {R ̸= C} and Pr(|sJ − κ| > δJ) ≤ Pr(R ̸= C) ≤ ε, proving (34).

(iii) Ranking with a margin. Let G := {R(X, Y1) = C(X, Y1)} ∩ {R(X, Y2) = C(X, Y2)}. By a union
bound and Assumption F.1, Pr(Gc) ≤ Pr(R ̸= C for (X, Y1)) + Pr(R ̸= C for (X, Y2)) ≤ 2ε. On G,
we have C(X, Yi) = R(X, Yi) = η(X, Yi) for i = 1, 2, and |sJ(X, Yi) − η(X, Yi)| ≤ δJ . Hence on G,
sJ(X, Y1) ≥ sJ(X, Y2) + 2δJ ⇒ η(X, Y1) ≥ η(X, Y2) ⇒ C(X, Y1) ≥ C(X, Y2). Thus the event in (35) can
only occur on Gc, so its probability is at most 2ε.

F.2 Justifying the Drift-Rate Parameter ε

This subsection justifies Assumption F.1 (bounded solver–correctness drift rate) and outlines how to set ε
in a deterministic planning environment.

Deterministic oracles; on-policy drift rate. The planner and the (ground-truth) validator are determin-
istic given a task x and a specification y:

R = r(x, y) ∈ {0, 1}, C = c(x, y) ∈ {0, 1}.

Randomness enters only through sampling X ∼ D and stochastic generation Y ∼ πθ(· | X). Define the
drift indicator

D := I{R ̸= C} ∈ {0, 1}. (36)
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For a fixed policy πθ , we define the induced on-policy drift rate

εθ := Pr
X∼D, Y∼πθ(·|X)

(R ̸= C) = E[D] = E
[
|R− C|

]
. (37)

Assumption F.1 postulates that for the policy class of interest, supθ εθ ≤ ε for some finite ε < 1
2 . Note that

this assumption is distributional: it bounds the frequency of drift under the policy-induced distribution,
rather than imposing a pointwise (conditional) noise model.

Empirical evidence from solvability vs. correctness Huang and Zhang (2025) report two evaluation
metrics closely aligned with our notation: Solvability (whether a planner finds a plan) and Correctness
(whether the plan is accepted under a higher-fidelity reference semantics/validator). In their experiments
across domains and models (e.g. GPT-40, Llama-8B), the observed gap between the two metrics is
typically small (typically well below 0.1 < 1/2), suggesting that solver–correctness drift is limited for
realistic LLM policies.

Formally, for any fixed πθ define the induced on-policy rates

S(θ) := Pr(R = 1), K(θ) := Pr(C = 1),

where probabilities are over (X, Y) ∼ (D, πθ). Then the observable solvability–correctness gap is always
controlled by the drift rate:

|S(θ)− K(θ)| =
∣∣E[R]−E[C]

∣∣ ≤ E
[
|R− C|

]
= εθ . (38)

Moreover, under the common evaluation convention that correctness is defined only for solver-produced
plans (so C ≤ R almost surely), the gap equals the (false-positive) drift probability:

εθ = Pr(R = 1, C = 0) = Pr(R = 1)− Pr(C = 1) = S(θ)− K(θ). (39)

Thus, the small empirical solvability–correctness gaps reported by Huang and Zhang provide direct
evidence that εθ is small in practice for realistic policies, and in particular that taking a uniform constant
ε < 1

2 is reasonable.

Estimating εθ and choosing a uniform ε. For a fixed policy πθ , we can estimate εθ by sampling
{Xi}n

i=1 ∼ D, generating Yi ∼ πθ(· | Xi), and computing Ri = r(Xi, Yi) and Ci = c(Xi, Yi), yielding the
empirical drift rate

ε̂θ :=
1
n

n

∑
i=1

I{Ri ̸= Ci}. (40)

By Hoeffding’s inequality, for any δ ∈ (0, 1), with probability at least 1− δ,

εθ ≤ ε̂θ +

√
log(1/δ)

2n
. (41)

To obtain a uniform bound over a finite set of checkpoints Θckpt, we may set

ε := sup
θ∈Θckpt

ε̂θ +

√
log(|Θckpt|/δ)

2n
, (42)

so that (by a union bound) supθ∈Θckpt
εθ ≤ ε holds with probability at least 1− δ. Our theory only requires

that ε is finite and satisfies ε < 1
2 , i.e., drift is not the majority behavior on-policy.

F.3 Why Actor–Editor: Actor-only vs. Editor-only vs. Actor–Editor

We compare three training designs for PDDL formalization: Actor-only, Editor-only (a single monolithic
Editor-like policy), and Actor–Editor. All results are stated for deterministic planner/validator semantics;
all probabilities are over (X, Y) induced by task sampling X ∼ D and stochastic generation Y ∼ π(· | X).

Setup. Let R = r(X, Y) ∈ {0, 1} be solver success and C = c(X, Y) ∈ {0, 1} be true correctness. For any
policy that produces an initial specification Y0, define

Cinit(π) := E
[
C(X, Y0)

]
∈ [0, 1]. (43)

Assumption F.2 (Bounded solver–correctness drift rate). There exists ε ∈ [0, 1/2) such that for every policy
π considered in this comparison,

Pr
X∼D, Y∼π(·|X)

(
r(X, Y) ̸= c(X, Y)

)
≤ ε. (44)
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A generic optimization-to-alignment lemma.
Lemma F.4 (Generic gap bound). Let C(θ) ∈ [0, 1] and J(θ) ∈ R satisfy∣∣J(θ)− (a C(θ) + b)

∣∣ ≤ ∆ ∀θ, (45)

for some a > 0, b ∈ R, ∆ ≥ 0. If θJ ∈ arg maxθ J(θ) and θC ∈ arg maxθ C(θ), then

C(θC)− C(θJ) ≤
2∆
a

. (46)

Proof. From (45), for any θ, J(θ) ≥ aC(θ) + b− ∆ and J(θ) ≤ aC(θ) + b + ∆. Using optimality of θJ and
θC yields aC(θJ) + b + ∆ ≥ J(θJ) ≥ J(θC) ≥ aC(θC) + b− ∆, hence a(C(θC)− C(θJ)) ≤ 2∆.

Actor-only: solver reward aligns initial correctness on-policy

Definition. Actor-only samples Y0 ∼ πA(· | X) and maximizes

JA−only(πA) := E
[
r(X, Y0)

]
. (47)

Theorem F.5 (Actor-only initial-alignment under drift rate). Under Assumption F.2, for all πA,∣∣JA−only(πA)− Cinit(πA)
∣∣ ≤ ε. (48)

Consequently any maximizer π⋆
A ∈ arg maxπA JA−only(πA) satisfies

Cinit(π
⋆
A) ≥ sup

πA

Cinit(πA)− 2ε. (49)

Proof. Since r, c ∈ {0, 1},∣∣JA−only(πA)− Cinit(πA)
∣∣ = ∣∣E[r(X, Y0)− c(X, Y0)]

∣∣ ≤ E
[
|r− c|

]
= Pr(r ̸= c) ≤ ε,

proving (48). Apply Lemma F.4 with a = 1, b = 0, ∆ = ε to obtain (49).

Editor-only: final-outcome objective cannot constrain initial correctness

Monolithic Editor-only baseline. A monolithic policy initializes Y0 ∼ q(· | X) and iteratively repairs:
Yt+1 ∼ πmono

E (· | X, Yt, Ft, t), t = 0, . . . , T− 1.
The objective depends only on the final solver outcome:

Jmono(q, πmono
E ) := E

[
r(X, YT)− βT

]
. (50)

Assumption F.3 (Editor-saturated repair). There exist sets Ygood(x) ⊆ Y and constants T† ∈N, β ≥ 0 such
that:

1. (Non-catastrophic initializations) Pr(Y0 ∈ Ygood(X)) = 1.

2. (Uniform repair success) There exists a repair policy π†
E such that for all x and all y0 ∈ Ygood(x),

Pr
π†

E

(
r(x, YT†) = 1 | X = x, Y0 = y0

)
= 1, and T = T† a.s.

Assumption F.4 (Nontrivial good-set). For every x there exist y+(x), y−(x) ∈ Ygood(x) such that
c(x, y+(x)) = 1 and c(x, y−(x)) = 0.
Theorem F.6 (Editor-only unidentifiability of initial correctness). Under Assumptions F.3 and F.4, for every
α ∈ [0, 1] there exists a monolithic policy (qα, π†

E) such that

Jmono(qα, π†
E) = 1− βT† and Cinit(qα) = α. (51)

In particular, Jmono admits globally optimal policies with arbitrarily low Cinit.

Proof. Fix α ∈ [0, 1] and define qα(· | x) by Y0 = y+(x) with probability α and Y0 = y−(x) with probability
1− α. By Assumption F.3, for any y0 ∈ Ygood(x), repair by π†

E yields r(x, YT†) = 1 a.s. and T = T† a.s.,
hence E[r(X, YT)− βT | X = x, Y0 = y0] = 1− βT† independent of y0. Taking expectation over X and
Y0 ∼ qα(· | X) gives Jmono(qα, π†

E) = 1− βT†.

Moreover, by Assumption F.4, c(X, y+(X)) = 1 and c(X, y−(X)) = 0, so
Cinit(qα) = E[c(X, Y0)] = E[α · 1 + (1− α) · 0] = α.
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Actor–Editor: restores initial alignment and improves final solvability

Actor reward with a calibrated Judge. Actor–Editor samples Y0 ∼ πA(· | X) and uses an Actor reward

RA := r(X, Y0) + λJsJ(X, Y0), λJ ≥ 0, (52)

with objective JA(πA) := E[RA]. We assume the Judge is calibrated to the solver label r(X, Y).
Assumption F.5 (Judge calibration to the solver). There exists δJ ≥ 0 such that

sup
x,y

∣∣sJ(x, y)− r(x, y)
∣∣ ≤ δJ . (53)

Lemma F.7 (Judge is correctness-consistent on-policy). Under Assumptions F.2 and F.5, for any policy π
generating (X, Y),

E
[
|sJ(X, Y)− c(X, Y)|

]
≤ δJ + ε. (54)

Moreover,
Pr

(
|sJ(X, Y)− c(X, Y)| > δJ

)
≤ ε. (55)

Proof. By triangle inequality, |sJ − c| ≤ |sJ − r|+ |r− c|. Taking expectation gives E|sJ − c| ≤ E|sJ − r|+
E|r− c| ≤ δJ + Pr(r ̸= c) ≤ δJ + ε. For the high-probability statement, on the event {r = c} we have
|sJ − c| = |sJ − r| ≤ δJ , so {|sJ − c| > δJ} ⊆ {r ̸= c} and Pr(|sJ − c| > δJ) ≤ Pr(r ̸= c) ≤ ε.

Theorem F.8 (Actor objective aligns initial correctness in Actor–Editor). Under Assumptions F.2 and F.5, for
all πA, ∣∣∣JA(πA)− (1 + λJ)Cinit(πA)

∣∣∣ ≤ (1 + λJ)ε + λJδJ . (56)

Consequently, any maximizer π⋆
A ∈ arg maxπA JA(πA) satisfies

Cinit(π
⋆
A) ≥ sup

πA

Cinit(πA) −
2
(
(1 + λJ)ε + λJδJ

)
1 + λJ

. (57)

Proof. By definition,
JA(πA) = E[r(X, Y0)] + λJ E[sJ(X, Y0)].

Subtract (1 + λJ)E[c(X, Y0)] and apply triangle inequality:∣∣∣JA − (1 + λJ)Cinit

∣∣∣ ≤ ∣∣E[r− c]
∣∣+ λJ

∣∣E[sJ − c]
∣∣ ≤ E|r− c|+ λJ E|sJ − c|.

Assumption F.2 gives E|r− c| = Pr(r ̸= c) ≤ ε, and Lemma F.7 gives E|sJ − c| ≤ δJ + ε, yielding (56).
Apply Lemma F.4 with a = 1 + λJ , b = 0, and ∆ = (1 + λJ)ε + λJδJ to obtain (57).

Editor monotonicity for final solvability. Let the Editor iteratively refine Yt for t ≤ Tmax. Define

Rfinal := I{∃t ≤ Tmax : r(X, Yt) = 1}. (58)

Lemma F.9 (Repair is weakly monotone in solver success). If the Editor action space includes a no-op (i.e., it
can keep Yt+1 = Yt), then for any fixed Actor policy πA and any Editor policy πE,

E[Rfinal] ≥ E[r(X, Y0)]. (59)

Proof. Pointwise, the event {r(X, Y0) = 1} implies {∃t ≤ Tmax : r(X, Yt) = 1}, since the Editor can keep
Yt = Y0. Thus Rfinal ≥ r(X, Y0) almost surely, and taking expectations yields (59).

Theorem F.10 (Why Actor–Editor). Assume Assumption F.2.

1. (Actor-only) Maximizing JA−only yields an initial-correctness guarantee within 2ε of the optimum
(Theorem F.5).

2. (Editor-only) In the saturated-repair regime (Assumptions F.3 and F.4), the monolithic objective admits
globally optimal policies with arbitrarily low Cinit (Theorem F.6).

3. (Actor–Editor) With a calibrated Judge (Assumption F.5), maximizing the Actor objective JA enforces
initial-correctness alignment up to O(ε + δJ) (Theorem F.8), while the Editor weakly improves final
solvability (Lemma F.9).
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F.4 Scaling of Local Reward Hacking: Separate vs. Shared Parameters

This subsection provides a proof of the scaling claim in Theorem 3.2 with the worst-case first-order
reward-hacking gain under a local linearization.

Local linearization and hacking gain. Fix a reference point θ0 and a constant a > 0. Let JA(θ) denote
the Actor objective and C(θ) the (true) plan-correctness objective. Define the reward-hacking gradient

ghack(θ0) := ∇θ JA(θ0)− a∇θC(θ0). (60)

For a perturbation ∆θ with ∥∆θ∥2 ≤ 1, the first-order (local) hacking gain is

∆hack(θ0; ∆θ) := ghack(θ0)
⊤∆θ. (61)

Given an admissible perturbation setH, the worst-case local hacking gain is

sup
∆θ∈H

∆hack(θ0; ∆θ). (62)

Architectures and admissible perturbation sets.

• Separate models. The Actor has its own parameters θA ∈ RPA . A unit-norm perturbation can
move freely in the Actor space:

Hsep :=
{

∆θA ∈ RPA : ∥∆θA∥2 ≤ 1
}

. (63)

• Shared backbone. Parameters decompose as

θ = (θsh, θA, θJ , θE),

where θsh ∈ Rp is the shared backbone, and θA ∈ Rh is the Actor head (with h≪ p). We define
admissible perturbations as those that are (Judge,Editor)-neutral on the backbone and do not modify
the Judge/Editor heads:

Hshr :=
{

∆θ : ∥∆θ∥2 ≤ 1, ∆θJ = 0, ∆θE = 0, ∆θsh ∈ Null(ΣJE)
}

, (64)

where ΣJE ∈ Rp×p is defined in Assumption F.6 below.
Assumption F.6 (Judge and Editor constrain the backbone (covariance form)). At θ0, let gJ ∈ Rp and
gE ∈ Rp denote the (random) backbone gradients associated with the Judge and Editor objectives under their
respective training distributions (e.g., per-sample or per-trajectory stochastic gradients). Define the (backbone)
second-moment / Gram matrix

ΣJE := E
[
gJ g⊤J

]
+ E

[
gEg⊤E

]
∈ Rp×p. (65)

Assume ΣJE is full rank on the backbone, equivalently

Null(ΣJE) = {0}. (66)

Assumption F.6 is a high-rank coverage condition: Judge and Editor gradients collectively “see” all
backbone directions (in second moment), so there is no nonzero backbone direction that is simultaneously
neutral to both.
Assumption F.7 (Isotropic hacking gradient). There exists σ > 0 such that the restriction of ghack(θ0) to the
relevant parameter subspace is isotropic Gaussian. Concretely:

1. In the separate setting, ghack(θ0) ∈ RPA satisfies

ghack(θ0) ∼ N (0, σ2 IPA). (67)

2. In the shared setting, the projection of ghack(θ0) onto the Actor-head subspace Rh satisfies

ProjA ghack(θ0) ∼ N (0, σ2 Ih). (68)
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A Gaussian supremum lemma

Lemma F.11 (Supremum of an isotropic Gaussian over a unit ball). Let g ∼ N (0, σ2 Id) in Rd and let
Bd := {u ∈ Rd : ∥u∥2 ≤ 1}. Then

E
[

sup
u∈Bd

g⊤u
]
= E

[
∥g∥2

]
= σ E

[
∥Z∥2

]
, Z ∼ N (0, Id). (69)

Moreover, for all d ≥ 1,
σ
√

d− 1 ≤ E
[
∥g∥2

]
≤ σ
√

d, (70)

and in particular E[∥g∥2] = Θ(σ
√

d).

Proof. For any fixed g, the Cauchy–Schwarz inequality gives sup∥u∥≤1 g⊤u = ∥g∥2, achieved by u =

g/∥g∥2 if g ̸= 0. Taking expectation yields the first equality in (69).

The upper bound in (70) follows from Jensen: E∥g∥2 ≤
√

E∥g∥2
2 =

√
E[g⊤g] = σ

√
d. The lower bound

E∥Z∥2 ≥
√

d− 1 for Z ∼ N (0, Id) is classical (equivalently for a χd random variable), and follows
for example from standard gamma-function bounds for Eχd =

√
2 Γ

( d+1
2

)
/Γ

( d
2
)
. Multiplying by σ

yields (70).

Main result

Theorem F.12 (Scaling of local reward-hacking gain: separate vs. shared). Under Assumptions F.6 and F.7:

1. Three separate models. WithHsep as in (63),

E
[

sup
∆θ∈Hsep

∆hack(θ0; ∆θ)
]

= Θ
(
σ
√

PA
)
. (71)

2. One shared backbone. WithHshr as in (64),

E
[

sup
∆θ∈Hshr

∆hack(θ0; ∆θ)
]
≤ σ
√

h, (72)

hence the expected local reward-hacking gain is O(σ
√

h) and does not scale with the backbone dimension
p.

Proof. We prove the two items.

(1) Separate models. In the separate setting, ∆θ ranges over the Actor parameter space RPA , and
by (61)–(63),

sup
∆θ∈Hsep

∆hack(θ0; ∆θ) = sup
∥∆θ∥2≤1

ghack(θ0)
⊤∆θ = ∥ghack(θ0)∥2.

By Assumption F.7 (separate case) and Lemma F.11 with d = PA,

E
[

sup
∆θ∈Hsep

∆hack(θ0; ∆θ)
]
= E∥ghack(θ0)∥2 = Θ(σ

√
PA),

proving (71).

(2) Shared backbone. By Assumption F.6, Null(ΣJE) = {0}, hence ∆θsh = 0 for all ∆θ ∈ Hshr by (64).
Moreover ∆θJ = ∆θE = 0 by definition ofHshr. Therefore any ∆θ ∈ Hshr lies entirely in the Actor-head
subspace, so we can write ∆θ = (0, ∆θA, 0, 0) with ∥∆θA∥2 ≤ 1. Thus,

sup
∆θ∈Hshr

∆hack(θ0; ∆θ) = sup
∥∆θA∥2≤1

(
ProjAghack(θ0)

)⊤∆θA =
∥∥ProjAghack(θ0)

∥∥
2.

By Assumption F.7 (shared case), ProjAghack(θ0) ∼ N (0, σ2 Ih). Applying Lemma F.11 with d = h yields

E
[

sup
∆θ∈Hshr

∆hack(θ0; ∆θ)
]
= E

∥∥ProjAghack(θ0)
∥∥

2 ≤ σ
√

h,

which is (72). The bound depends on h but not on p.
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Remark (effective-rank variant). If Null(ΣJE) has dimension k > 0 (i.e., Judge+Editor do not constrain
k backbone directions), then the same proof yields a shared-architecture bound of order σ

√
h + k, where

k is the number of unconstrained backbone directions. This makes explicit that the scaling depends on
the dimension of the (Judge,Editor)-neutral subspace, not directly on the backbone size p.

G Detailed Experimental Setup

G.1 Benchmarks

PlanBench. PlanBench (Valmeekam et al., 2023) evaluates whether language models can solve classical
planning problems described in natural language while preserving the underlying symbolic transition
structure. Each instance is derived from a PDDL planning problem and converted into a natural-
language prompt. We report results on four domains: BlocksWorld, Mystery BlocksWorld, Logistics,
and Gripper. BlocksWorld tests basic object manipulation and state-transition reasoning. Mystery
BlocksWorld preserves the same transition dynamics but systematically renames objects and predicates,
thereby removing lexical cues and testing whether the model recovers the underlying symbolic structure.
Logistics and Gripper introduce more brittle object typing, movement constraints, and action-schema
dependencies.

Zero-shot transfer benchmarks. To evaluate whether solver-grounded training improves planning
behavior beyond the PlanBench domains, we additionally test zero-shot transfer on ProntoQA (Saparov
and He, 2023) and NATURAL PLAN (Zheng et al., 2024). ProntoQA requires multi-hop logical inference
from explicitly stated facts and rules. NATURAL PLAN evaluates realistic natural-language planning
under constraints; we use the Trip Planning and Calendar Scheduling subsets. In NATURAL PLAN, all
external information needed for planning, such as flight connectivity or calendar availability, is provided
in-context, so performance reflects planning and constraint satisfaction rather than tool invocation.

G.2 Evaluation Protocol

PDDL-based evaluation. For PlanBench, each model output is parsed as a PDDL domain–problem
pair. We use Fast Downward with a 60-second timeout as the external planner. An instance is counted
as successful only when both generated files are syntactically valid, the planner returns a plan within
the timeout, and the plan satisfies the stated goal conditions. Outputs that fail parsing, grounding, type
checking, or goal achievement are counted as failures.

Non-PDDL evaluation. For ProntoQA and NATURAL PLAN, we follow the original benchmark
protocols and report exact-match success against the gold label or gold plan. We apply the same answer-
normalization rules across all methods. No benchmark-specific supervised examples are used for training
our method.

G.3 Model and Training Setting

Backbone. Our framework uses Qwen2.5-7B (Qwen et al., 2025) initialized from pretrained weights.
The model is conditioned into three roles: Actor, Judge, and Editor. The Actor generates the initial
PDDL specification, the Judge predicts a solver-calibrated quality score, and the Editor repairs failed
specifications using solver diagnostics.

Annotation-free training. No human-written PDDL demonstrations, gold domain files, gold problem
files, or supervised planning traces are used to train our method. The only external feedback used
during training is produced by the symbolic planner and its diagnostics. This ensures that the reported
performance reflects solver-grounded learning rather than supervised imitation of annotated PDDL.

Inference. At inference time, the Actor first generates an initial specification. If the specification
fails solver verification, the Editor performs bounded diagnostic-conditioned repair. Unless otherwise
specified, we use the same maximum repair horizon as in training. The system returns the first solver-
executable specification found within the repair budget; if no repair succeeds, the final edited specification
is submitted for evaluation.
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G.4 Baselines

Chain-of-Thought prompting. The CoT baseline uses chain-of-thought prompting (Wei et al., 2022)
to elicit intermediate reasoning before producing the final plan or formal specification. We use an
out-of-domain prompt and do not provide task-specific PDDL annotations.

Tree-of-Thought search. The ToT baseline follows the search-based reasoning framework of Yao et al.
(2023). The language model expands and evaluates intermediate reasoning states using breadth-first
search. The search process does not access symbolic execution feedback during thought expansion.

LLM+P. LLM+P (Liu et al., 2023) translates natural-language planning descriptions into PDDL, invokes
a classical planner, and then maps the resulting plan back to natural language when needed. In our
setup, the baseline uses fixed domain assumptions and in-context PDDL examples, but no additional
human-annotated training data.

Backbone choice. The main comparison uses GPT-4o for CoT, ToT, and LLM+P, providing strong off-
the-shelf zero-annotation baselines. To separate algorithmic gains from backbone effects and solver-call
budgets, we additionally report matched-backbone and matched-budget comparisons in Appendix H.1,
where all controlled baselines use Qwen2.5-7B and the same maximum number of solver calls as our
method.

H Additional Experimental Details and Discussion

H.1 Fair Baseline Comparison under Matched Backbone and Solver Budget

The main comparison in Table 1 follows prior planning baselines with strong prompting and neuro-
symbolic pipelines. However, to rule out confounding factors from different backbone models and
different verifier-access budgets, we conduct an additional controlled comparison. All methods in this
subsection use the same Qwen2.5-7B backbone as our method and are allowed the same maximum
number of solver calls at inference time. Since our default inference procedure consists of one initial
Actor generation followed by at most five Editor repairs, the maximum solver-call budget is

K = Hmax + 1 = 6.

For prompting baselines that do not use solver diagnostics, we allow up to K independently decoded
candidates and select the first solver-successful output if one exists. For the self-refine baseline, the model
receives the raw solver diagnostic after each failed attempt and revises its previous PDDL specification
for at most five rounds. This gives all baselines comparable access to solver verification while isolating
the effect of trained role specialization.

Controlled baselines. We evaluate four same-backbone baselines:

• Qwen-CoT uses chain-of-thought prompting with up to six sampled candidates. The solver is used
only for candidate selection, not for textual feedback.

• Qwen-ToT uses tree-of-thought search with Qwen2.5-7B as both generator and evaluator. We cap the
final solver-checked candidates at six.

• Qwen-LLM+P prompts Qwen2.5-7B to translate the natural-language task into PDDL and invokes the
planner on each candidate. We allow up to six independently sampled formalizations.

• Qwen-Self-Refine+Solver uses the same backbone and the same solver-call budget as our method, but
has no trained Actor, Judge, or Editor. It revises its previous PDDL output using the solver diagnostic
through prompting alone.

None of these baselines uses supervised PDDL annotations or task-specific training.

Table 8 shows that the advantage of our method is not caused by using a stronger backbone or by having
more access to the symbolic solver. When all methods use Qwen2.5-7B and the same maximum solver-call
budget, CoT and ToT remain weak, especially on Mystery BlocksWorld and Logistics. This indicates
that sampling more reasoning traces or searching over textual thoughts does not reliably recover valid
symbolic transition models. Qwen-LLM+P performs well on BlocksWorld but degrades sharply on
Mystery BlocksWorld, Logistics, and Gripper, suggesting that in-context PDDL formalization remains
sensitive to domain familiarity and brittle action-schema construction.
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Table 8: Planning success rate (%) under matched backbone and matched solver-call budget. All Qwen baselines
use Qwen2.5-7B and at most K = 6 solver calls per test instance. Avg. denotes the mean across the four PlanBench
domains.

Method Backbone Max Calls BW MBW Logistics Gripper Avg.

Qwen-CoT Qwen2.5-7B 6 31 1 5 25 15.5
Qwen-ToT Qwen2.5-7B 6 16 5 9 18 12.0
Qwen-LLM+P Qwen2.5-7B 6 80 32 20 7 34.8
Qwen-Self-Refine+Solver Qwen2.5-7B 6 85 43 36 35 49.8

GPT-4o-Self-Refine+Solver GPT-4o 6 91 47 42 37 54.3

Ours Qwen2.5-7B 6 98 71 58 56 70.8

The strongest same-backbone baseline is Qwen-Self-Refine+Solver, which uses the same solver diagnostics
available to our Editor at inference time. It improves over Qwen-LLM+P by revising syntactic and type-
level mistakes, reaching 49.8% average success. However, it still remains 21.0 percentage points behind
our method. This gap suggests that solver diagnostics alone are useful but insufficient: without a
trained Judge and diagnostic-conditioned Editor, prompting-based repair often fixes local errors while
leaving global predicate structure, goal preservation, or action semantics unstable. The GPT-4o self-refine
baseline provides an even stronger untrained reference, but it still underperforms our Qwen2.5-7B
method. Therefore, the improvement is better explained by the learned multi-role training procedure
rather than by backbone strength or additional solver calls.

Table 9: Budget efficiency and semantic faithfulness under the matched K = 6 solver-call setting. Avg. Calls is
the average number of solver invocations actually used before success or budget exhaustion. Faithful denotes the
fraction of all tasks that are both solver-successful and semantically faithful according to the reference checker. Drift
is the conditional fraction of solver-successful outputs that fail semantic checking.

Method Avg. Calls Solv. (%) Faithful (%) Drift (%) ↓
Qwen-CoT 5.8± 0.4 15.5± 2.5 11.6± 2.0 25.2± 3.0
Qwen-ToT 5.9± 0.4 12.0± 2.0 9.1± 1.5 24.4± 3.0
Qwen-LLM+P 5.2± 0.3 34.8± 3.5 27.1± 3.0 22.1± 2.5
Qwen-Self-Refine+Solver 4.7± 0.3 49.8± 4.0 37.5± 3.5 24.7± 3.0
GPT-4o-Self-Refine+Solver 4.5± 0.3 54.3± 4.0 43.0± 3.5 20.8± 2.5

Ours 3.2± 0.2 70.8± 4.5 66.3± 4.0 6.4± 1.0

Table 9 further shows that our method is not simply spending the solver budget more aggressively.
Although all methods are allowed up to six solver calls, our method uses only 3.2 calls on average
because many instances are solved by the initial Actor output or by early Editor repairs. In contrast,
CoT, ToT, and LLM+P frequently exhaust the budget without producing executable specifications. Self-
refine baselines use diagnostics more effectively, but their semantic drift remains high: many repaired
specifications become solver-executable without fully preserving the intended task semantics. Our
method has the smallest gap between solvability and faithful success, and its drift rate is substantially
lower than all matched-budget baselines. This supports the default design choice: the learned Judge and
Editor do not merely increase the chance of passing the solver, but also stabilize the symbolic specification
so that solver success remains aligned with task-level faithfulness.

These controlled comparisons address two possible alternative explanations. First, the gain is not due to
backbone choice, since all same-backbone Qwen2.5-7B baselines remain below our method. Second, the
gain is not due to a larger verifier budget, since every method is capped at the same K = 6 solver calls,
and our method uses fewer calls on average. The remaining performance gap is therefore attributable to
the trained multi-role decomposition: the Actor learns global PDDL construction, the Judge suppresses
solver-facing shortcuts, and the Editor learns targeted diagnostic-conditioned repair.

H.2 Discussion of Main Planning and Transfer Results

Table 1 shows that LLM+P performs strongly on BlocksWorld but drops sharply on Logistics and Gripper.
This pattern is consistent with the fact that BlocksWorld is a canonical planning domain frequently
appearing in PDDL tutorials and planning examples, whereas Logistics and Gripper require more careful
object typing, action preconditions, and movement constraints. Mystery BlocksWorld is especially
diagnostic because it preserves the same transition dynamics as BlocksWorld while removing lexical
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cues through systematic renaming. The large gain on Mystery BlocksWorld therefore suggests that our
method is not simply relying on familiar predicate names, but is learning a solver-grounded mapping
from task descriptions to symbolic structure.

For zero-shot transfer, ProntoQA evaluates multi-hop logical inference from explicit facts and rules, while
NATURAL PLAN evaluates realistic planning tasks expressed in natural language. The Trip Planning
and Calendar Scheduling subsets require satisfying multiple constraints using information provided
in-context. The improvement on these benchmarks indicates that the learned roles transfer beyond PDDL
syntax: the Actor learns to propose structured solutions, the Judge learns to score consistency, and the
Editor learns to refine outputs under constraint feedback.

H.3 Controlled Baseline Protocol

The controlled comparison in Table 2 is designed to isolate the effect of trained role specialization. All
methods are allowed at most

K = Hmax + 1 = 6
solver calls per instance, matching our default inference procedure: one Actor generation followed by at
most five Editor repairs.

For CoT, ToT, and LLM+P variants without diagnostic repair, we allow up to K independently decoded
candidate outputs and select the first solver-successful specification. For self-refine baselines, the model
receives the raw solver diagnostic after each failed attempt and revises the previous PDDL specification
for up to five rounds. This gives prompting-based repair access to the same type of solver feedback
available to our Editor at inference time, but without any role-specific training.

Average solver calls are computed as the number of solver invocations used before either the first
successful specification is found or the budget is exhausted. The faithful and drift columns are computed
using the same post-hoc reference checker described in Appendix H.4. The result that our method uses
3.2 calls on average while achieving the highest faithful success indicates that the trained Actor and
Editor reduce both search cost and semantic drift.

H.4 Semantic Faithfulness Protocol

The standard PlanBench metric evaluates whether the generated PDDL specification is solver-executable.
However, solver success alone does not guarantee that the generated specification preserves the original
natural-language task. A model may weaken goals, omit constraints, alter object types, or distort action
schemas while still producing a solvable PDDL instance. We therefore evaluate semantic faithfulness
with a post-hoc reference checker that is used only for evaluation and never for training.

For each task xi, let
yi = (ydom

i , yprob
i )

be the generated PDDL specification and let π̂i be the plan returned by Fast Downward when yi is
solvable. The solver-success indicator is

Si = 1{E(yi) = 1}. (73)

The reference checker Vref verifies three conditions:

1. Goal preservation: generated goal conditions are semantically equivalent to the reference goal after
canonicalizing object and predicate names;

2. Object and type preservation: generated objects and type assignments preserve the entity structure of
the original task;

3. Action-schema consistency: generated action schemas preserve the reference transition semantics,
measured by canonical precondition/effect matching and plan replay under the reference transition
model.

The faithful-success indicator is then

Ci = 1{Si = 1∧ Vref(xi, yi, π̂i) = 1}. (74)

We report

Solvability =
1
N

N

∑
i=1

Si, FaithfulSuccess =
1
N

N

∑
i=1

Ci, (75)
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and the conditional drift rate

Drift =
∑N

i=1 Si(1− Ci)

∑N
i=1 Si

. (76)

A lower drift rate means that fewer solver-successful outputs are achieved through semantic shortcuts.

H.5 Discussion of Faithfulness and Drift Results

The faithfulness results in Table 3 show that solver-only RL increases raw solvability but also creates
substantial specification drift. This confirms the central concern that raw solver success is an exploitable
proxy when the model controls the generated formal specification. In contrast, the full model improves
solvability and faithful success simultaneously, while maintaining a much lower drift rate.

The per-domain faithful-success results show that the advantage is not restricted to easier domains.
On Mystery BlocksWorld, where lexical cues are removed, our method retains 67% faithful success.
On Logistics and Gripper, faithful success remains lower because small mistakes in typing, movement
constraints, or precondition/effect structure can distort the intended transition system. Nevertheless, our
method remains substantially better than LLM+P and solver-only variants, suggesting that the multi-role
design improves specification quality rather than merely increasing solver executability.

H.6 Ablation and Drift-Type Discussion

The ablation results in Table 4(a) isolate the contribution of each role on Mystery BlocksWorld. The
Actor-only setting collapses because the policy must search a large symbolic specification space using
sparse solver feedback. Adding the Judge without the Editor improves success but remains limited
because the system lacks a targeted repair mechanism. Adding the Editor without the Judge also fails,
suggesting that diagnostic repair alone can still drift toward solver-facing shortcuts. The full model
succeeds because the Actor handles global formalization, the Judge supplies a calibrated quality signal,
and the Editor performs bounded local correction.

The separate-model baseline with 3×7B parameters also collapses. This result is consistent with the
analysis in Section 3.7: fully separate role models expose more role-private directions through which the
Actor can improve solver-facing reward without being constrained by Judge calibration or Editor repair
behavior. The shared-backbone design reduces these degrees of freedom and stabilizes cross-role credit
assignment.

Table 4(b) categorizes the remaining unfaithful but solver-successful outputs. LLM+P and solver-only
RL contain many direct shortcut failures, especially goal weakening and object/type drift. Our method
reduces these shortcut-like errors substantially. Among the few remaining drift cases, action-schema
drift becomes the largest category, indicating that the residual failures are mostly subtle transition-model
mistakes rather than systematic goal removal or object manipulation.

H.7 Repair and Diagnostic Protocol

For each test instance, the Actor first generates an initial PDDL specification y0, which is verified by the
solver. If verification fails, the Editor performs up to Hmax = 5 sequential repairs, each conditioned on the
task, the current specification, and the latest solver diagnostic. Let S(h)

i ∈ {0, 1} denote whether instance i
has been solved by step h, where h = 0 corresponds to the initial Actor output and h ∈ {1, . . . , 5} denotes
the number of Editor repairs. We report the cumulative success rate

CSR(h) =
1
N

N

∑
i=1

S(h)
i , h = 0, 1, . . . , 5, (77)

and the marginal repair gain
∆(h) = CSR(h)−CSR(h− 1), h ≥ 1. (78)

Diagnostics are grouped into six categories: syntax/parse error, object/type mismatch, predicate/schema
mismatch, precondition/effect mismatch, goal/constraint drift, and unreachable planning search. The diagnostic
heatmap in Figure 3 reports the dominant diagnostic type among remaining unsolved cases after each
repair step.

Averaged across domains, the initial Actor solves 46.2% of instances. Cumulative success rises to 56.5%,
63.5%, 67.5%, 69.3%, and 70.8% after one to five repairs. Thus, the Editor contributes 24.6 absolute points
beyond the initial Actor output. The first two repairs account for 17.3 points, or about 70% of the total
repair gain, which supports using a bounded repair horizon rather than an unbounded search loop.
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H.8 Solvability–Faithfulness Gap Discussion

The solvability–faithfulness gap is defined as

Gap = Solvability− FaithfulSuccess. (79)

This metric measures how tightly solver success aligns with task-level semantic correctness. A large gap
means that many solver-successful outputs are semantically unfaithful.

Figure 4 shows that our method has the smallest gap. The Qwen-Self-Refine+Solver baseline improves
raw solvability by using solver diagnostics, but its faithful success remains much lower, indicating that
prompting-based repair often fixes local syntax or type errors without preserving the deeper transition
semantics. The GPT-4o self-refine baseline has a similar issue: stronger language modeling improves
executable output generation, but does not fully suppress specification drift. The smaller gap of our
method suggests that the Actor, Judge, and Editor jointly maintain a closer connection between executable
PDDL and the original natural-language task.

H.9 Judge Candidate Construction and Interpretation

To evaluate whether the Judge distinguishes faithful outputs from solver-successful but unfaithful outputs,
we collect a candidate pool from model-generated specifications during inference. The pool includes
initial Actor outputs, intermediate Editor repairs, and final returned specifications. Each candidate y is
assigned two post-hoc labels:

S(y) ∈ {0, 1}, C(y) ∈ {0, 1},
where S(y) = 1 means the specification is solver-executable, and C(y) = 1 means the specification is both
solver-executable and semantically faithful under the reference checker.

We partition candidates into three groups:

U = {y : S(y) = 0},
D = {y : S(y) = 1, C(y) = 0},
F = {y : S(y) = 1, C(y) = 1},

(80)

corresponding to unsolved, solved-but-unfaithful, and solved-and-faithful outputs. For each candidate,
we record the Judge score sJ(x, y) ∈ [0, 1].

If the Judge only predicted raw solver acceptance, solved-but-unfaithful and faithful outputs would
receive similar scores because both pass the solver. Instead, Figure 5 and Table 5 show a clear ordering:

U < D < F .

This indicates that the Judge captures structural quality signals correlated with semantic faithfulness,
even though it is not trained with human semantic labels. The separation is strongest on BlocksWorld
and weaker on Logistics and Gripper, where subtle action-schema errors can still pass solver checks
under distorted specifications.
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