Benchmarking and Improving PDDL Formalization Ability of Large
Language Models with Planner-in-the-Loop Feedback

Anonymous ACL submission

Abstract

Planning depends on symbolic specifications
that are both executable and verifiable. How-
ever, large language models often generate
Planning Domain Definition Language (PDDL)
problem descriptions that appear syntactically
well formed yet fail under strict precondition,
effect-consistency, and reachability constraints.
Even minor specification errors can render a
task unsolvable, motivating benchmarks and
learning signals grounded in planner-based ver-
ification rather than surface plausibility.

We present NL-PDDL-Bench, a multi-domain
benchmark for natural-language-to-PDDL spec-
ification construction, with planner-verified
executability and object-count difficulty scal-
ing. We also propose a planner-in-the-loop
framework that uses validator and planner di-
agnostics to revise non-executable specifica-
tions via localized edits. Building on this
toolchain, we present a planner-grounded opti-
mization recipe combining parameter-efficient
Low-Rank Adaptation supervised fine-tuning,
offline planner-derived preference pairs for Di-
rect Preference Optimization, and inference-
time planner-in-the-loop repair, without online
planner calls during training. We further pro-
vide a unified evaluation suite for parseabil-
ity, solvability, specification similarity, and
outcome-aware plan-level consistency against
planner references. Experiments on eight rep-
resentative model families show higher planner
success and plan-level agreement, improved
robustness under difficulty scaling and cross-
domain transfer. Code and data are available
at: https://anonymous.4open.science/
r/NL-PDDL-Bench-BF76

1 Introduction

Planning is a core capability in artificial intelligence.
Given an initial state and a set of goal conditions, a
planner could synthesize an executable sequence of
actions. This requirement underlies many applica-
tions, including robot control, autonomous driving,

and logistics scheduling. Planning is intrinsically
difficult because it demands a faithful model of
action preconditions and effects, and it must satis-
fies reachability constraints over long horizons and
large action spaces (Bercher et al., 2025; Pozo and
Seipp, 2025).

Classical symbolic planners address these re-
quirements through explicit, checkable specifica-
tions. PDDL is a widely adopted formalism that
represents planning domains and problem instances
in a structured, planner-verifiable form (Aeronau-
tiques et al., 1998). When specifications are cor-
rect, state transitions and goal satisfaction can be
validated by established planners and verification
tools, yielding reproducible executability guaran-
tees (Helmert, 2006; Howey et al., 2004). How-
ever, constructing such specifications is costly and
typically requires expert knowledge, which limits
scalability and practical deployment.

Recent large language models (LLMs) offer
strong language understanding and structured gen-
eration abilities, motivating their use to reduce
modeling effort (Valmeekam et al., 2023b). In
practice, existing approaches largely follow two
paradigms. The first paradigm directly generates ac-
tion sequences from a task description. The second
paradigm produces a symbolic specification that is
subsequently solved by a symbolic planner (Huang
et al., 2025; Mahdavi et al., 2024). Although both
paradigms can produce outputs that appear plausi-
ble, reliability under planner verification remains
the key obstacle.

For direct plan generation, actions that look rea-
sonable often violate preconditions, break state con-
sistency, or miss necessary constraints, and they
fail under established planners (Valmeekam et al.,
2023a; Kokel and Katz, 2025). More broadly, cur-
rent LLMSs remain far behind strong symbolic plan-
ners in terms of correctness and reliability on clas-
sical planning tasks, especially under strict reacha-
bility and long-horizon constraints. For symbolic
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specification generation, outputs may be syntacti-
cally well formed yet still unsolvable due to subtle
modeling errors such as missing objects, incorrect
predicate usage, or incomplete initial facts (Silver
et al., 2024). These failure modes show that plan-
ning requires consistency, executability, and verifia-
bility that cannot be ensured by surface plausibility
alone.

We address this challenge by releasing NL-
PDDL-Bench and a unified planner-grounded
pipeline that supports executable specification con-
struction, optimization, and evaluation at scale.
It couples large-scale planner-verified NL-PDDL
pairs with a planner-in-the-loop feedback mecha-
nism and planner-grounded training signals, en-
abling reproducible analysis and robust perfor-
mance comparisons across domains, difficulty lev-
els, and transfer settings.

Contributions:

* We propose a planner-in-the-loop feedback
framework that turns validator and planner di-
agnostics into localized guidance for minimal
edits toward executability.

* We open-source NL-PDDL-Bench, a multi-
domain benchmark with planner-verified ex-
ecutable instances and controlled scaling by
instance size.

* We introduce a planner-grounded optimiza-
tion recipe for specification construction. It
combines LoRA-based supervised fine-tuning,
planner-derived preference signals via DPO,
and inference-time planner-in-the-loop repair
to systematically improve executability and
plan-quality alignment.

* We develop a planner-grounded evaluation
suite that measures solvability and plan-level
agreement against reference solutions. Using
this suite, we show consistent gains in plan-
ner success and plan-level agreement across
model families, with improved robustness un-
der difficulty scaling, cross-domain general-
ization, and transfer to PlanBench.

2 Definitions and Background

2.1 Planning Formulation

We focus on deterministic classical planning. A
planning domain is denoted by D = (V, A), where
V' is a finite set of predicate symbols (which in-
duce ground atomic facts), and A is a set of action
schemas with preconditions and effects. Given D,
a problem instance specifies an object set O, an

initial state sg (a set of ground atoms), and a goal
condition gy (Volkema, 1983):

P = (Dvoysoagtrue) (1)

A classical planner searches for a finite plan 7 =
(ao, - - .,ay) such that each a; is applicable in s;
and induces a valid transition

Si+1 = Y(s¢,ar) (2)

with the terminal state satisfying s,, E giue- Un-
der the PDDL convention, the domain file declares
predicates, types, and action schemas, while the
problem file instantiates O, sg, and gye.

2.2 Introduction to PDDL

PDDL is a widely used formalism for classical plan-
ning (Gerevini, 2020). A specification is separated
into a domain file and a problem file: the domain
file defines predicate symbols, object types, and
action schemas with explicit preconditions and ef-
fects, while the problem file instantiates a concrete
task by declaring objects, initial facts, and goal con-
ditions. This decomposition yields a normalized
state—action representation that can be parsed and
solved by symbolic planners, enabling reproducible
verification of executability and solution quality.

In this work, PDDL serves as the formal interface
for connecting natural-language task descriptions
with symbolic planning toolchains. A large lan-
guage model is required to produce problem speci-
fications that respect the predicate signatures and
action constraints defined by the domain. Devia-
tions such as missing object declarations, incon-
sistent predicate usage, or incomplete initial facts
can render an instance invalid or unsolvable, and
these failures are reliably exposed by planner-based
validation and solving, providing grounded signals
for diagnosis and correction.

3 Method

3.1 Overall Framework

We present a planner-in-the-loop feedback frame-
work for natural language planning that cou-
ples large language models with a standard plan-
ning toolchain to produce specifications that are
parseable, solvable, and verifiable, together with
executable plans. The key principle is to place the
planner in the generation loop. The model focuses
on extracting task entities and constraints from text
and expressing them as a symbolic specification,



while the validator and planner provide rigorous
checks of well-formedness and solvability. Their
diagnostics are treated as reproducible evidence
that supports subsequent targeted revisions. This
design separates semantic interpretation from state-
space search, enabling evidence-driven minimal
edits that improve executability under fixed sym-
bolic semantics, rather than relying on surface-form
plausibility.

To enable systematic evaluation and optimiza-
tion, we build NL-PDDL-Bench and use a unified
symbolic toolchain throughout dataset construc-
tion, verification, training, and evaluation. Each in-
stance includes an aligned natural-language descrip-
tion, its corresponding specification, and planner-
derived reference signals, which support consistent
measurement of validity, solvability, and plan-level
alignment. Figure 1 summarizes the workflow, in-
cluding benchmark construction, diagnosis-guided
refinement, and unified symbolic evaluation.

On the learning side, we combine parameter-
efficient supervised fine-tuning(SFT) with planner-
grounded preference optimization to improve ex-
ecutability and solution-quality alignment. At in-
ference time, when parsing or planning fails, the
system converts diagnostic logs into structured feed-
back and prompts the model to perform localized
repairs until verification succeeds or a fixed budget
is reached. Formal definitions, training objectives,
and evaluation metrics are specified in the subse-

1: Inference-time closed-loop executability alignment(main pipeline)

quent subsections.

3.2 NL-PDDL-Bench

NL-PDDL-Bench is designed to provide a repro-
ducible and planner-verifiable foundation for train-
ing and evaluating natural-language specification
construction. Rather than relying on offline text-
level alignment or manual rewriting, we build an
end-to-end automated pipeline that combines top-
down task design with bottom-up symbolic verifica-
tion, following the general benchmark-construction
spirit of automatically deriving LLM planning eval-
uations from PDDL resources (Stein et al., 2023).
This pipeline enforces executable alignment: only
instances that satisfy symbolic constraints and pass
planner verification are included in the executable
subset used for learning and evaluation, while failed
instances yield structured diagnostic evidence un-
der a unified toolchain. To make verification re-
producible and diagnostically useful, we rely on
planner-backed validation as a systematic check of
semantic executability and inconsistency exposure,
consistent with classical-planner-based verification
and counterexample generation practices (Goldman
et al., 2012), and we adopt a strong IPC-tested plan-
ning system as the underlying solver backbone (Cor-
réa et al., 2023).

Starting from classical IPC domains and their
problem generators, we generate multi-domain
planning instances with controlled scaling. We use
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Figure 1: Overview of the planner-in-the-loop feedback framework, including benchmark construction, planner-in-

the-loop feedback, and unified symbolic evaluation.



the number of objects as a unified difficulty surro-
gate and stratify problems into four levels (L1-L4),
covering instances from 1 to 40 objects. For each
symbolic instance, we then produce an aligned
natural-language description via rule- and template-
based, structure-preserving rewriting. The result-
ing descriptions explicitly encode initial conditions,
goal conditions, and domain-critical constraints
such as connectivity, capacities, and mutual exclu-
sions, ensuring traceability between text and sym-
bolic structure.

Table 1: Dataset distribution and planning statistics of
NL-PDDL-Bench across difficulty levels.

Plan length

Level Objects Solvable pairs (median [QT, Q3])

L1 1-10 154219 15.0[12.8,17.5]
L2 11-20 112003 39.0[21.5,91.5]
L3 21-30 93909 56.0[19.0, 144.0]
L4 3140 96918 86.5[30.2, 208.5]

To guarantee executability and support planner-
in-the-loop use cases, we apply multi-stage verifica-
tion. We first run a validator to filter specifications
that violate syntax, predicate signatures, typing, or
arity constraints. We then invoke Fast Downward
(FD) under a fixed resource budget and retain only
planner-solvable instances as the executable subset,
recording planner-derived reference signals includ-
ing plans and plan cost/length, as well as failure
logs for diagnosis. This pipeline starts from ap-
proximately 1.707M aligned NL-PDDL pairs and
yields about 460K planner-solvable high-quality in-
stances. Table 1 summarizes the resulting dataset
distribution across difficulty levels and reports basic
planning statistics.

3.3 LoRA-Based SFT and Planner-Grounded
Preference Optimization

We adopt a two-stage optimization scheme to im-
prove executability and plan-quality alignment of
generated specifications. The first stage performs
parameter-efficient SFT to learn a stable mapping
from text to problem specifications, emphasizing
object declarations, type consistency, predicate
signatures, and faithful encoding of initial and
goal facts. The second stage introduces planner-
grounded preference optimization: we construct
reusable preference signals via offline validation
and planning, pushing the model toward specifi-
cations that are solvable and quality-aligned with
reference solutions rather than merely well-formed.

For SFT, we use LoRA (Hu et al., 2022) and learn
a low-rank update on top of frozen base weights,

W =Wy + AW = Wy + aBroraArLora  (3)

and minimize the standard negative log-likelihood,

T
1
L = T ;log Po(yt | y<t, )  (4)

Following common practice under constrained com-
pute, we adopt QLoRA (Dettmers et al., 2023),
which fine-tunes LoRA adapters on a frozen 4-bit
quantized base model to reduce memory footprint
while maintaining performance.

Supervision alone does not guarantee planner
solvability. We therefore build an offline preference
dataset: for each input x, the reference specification
is treated as a positive sample 3 ; candidate nega-
tives are generated by programmatic perturbations
and filtered by a validator and a planner to obtain
1~ (unsolvable, or solvable but substantially worse
than the reference in plan quality). We then apply
Direct Preference Optimization (DPO) (Rafailov
et al., 2023) by optimizing the policy fy against a
frozen reference fjy,:

»CDPO = E[— IOg O'(BA)] s
A = (log foly* | @) — log foy™ | )

~ (1og fou (" | ) — log fou(y™| 7))

(&)

Since preference labels are produced entirely by

offline planner verification, this stage avoids plan-

ner calls during backpropagation while injecting

stable symbolic signals for executability and quality

alignment. Details of perturbations and thresholds
are provided in the appendix.

3.4 Planner-in-the-Loop Feedback and
Multi-Dimensional Evaluation

We build a verifiable neuro-symbolic loop by using
a symbolic planner as a unified interface for pars-
ing, solving, and diagnosis, and by placing it in the
generation process at inference time. Due to space
constraints, the full feedback workflow is illustrated
in Appendix C.2 (Figure 5). The model first pro-
duces a candidate problem specification; a validator
and a planner then attempt to parse and solve it,
returning structured diagnostics. When parsing or
planning fails, we convert diagnostics into localized
constraints and revision directives, and prompt the



model to apply minimal edits while preserving the
intended task semantics. The loop terminates once
the specification becomes executable or the budget
is exhausted. This design turns non-executable out-
puts into attributable symbolic defects and provides
formally grounded evidence for both evaluation and
optimization.

At test time, we create an isolated workspace
per instance and record the domain file, the refer-
ence specification, intermediate model outputs, and
planner logs. We first run a one-shot generation and
invoke validation and planning. If parsing fails, we
trigger localized repairs guided by validator errors;
if parsing succeeds but planning fails, we provide
feedback targeting structural omissions and consis-
tency conflicts and continue iterative repairs. The
final prediction is the best verified specification pro-
duced within the evaluation budget.

Let Deest = { (a4, y,)}f\il where x; is the input
description, y; is the reference specification, and ;
is the model output (optionally after planner-in-the-
loop refinement). We report four complementary
metrics that emphasize executable alignment. Syn-
tax Validity Rate (SVR) measures whether g; is
parseable:

=O0K]  (6)

Planner Success Rate (PSR) measures solvability
conditional on parseability. Define Ipyse = {7 |
Parse(9;) = OK } and Igowe = {4 | Plan(g;) =
SUCCESS 1, then

‘Iparse N Isolve‘

PSR =
‘Iparse‘

(7

Text Similarity Rate (TSR) measures atom-level
overlap with Jaccard similarity:

TSR — Z |Atoms(g;) N Atoms(y;)|
N |Atoms(g;) U Atoms(y;)|

®)

where Atoms(y) extracts the set of atomic facts
from a specification y.

For plan-level alignment, we solve both the gen-
erated and reference problems under a fixed planner
configuration and obtain (status™", 75", ¢§") and
(statust®f, 7°f ) where ¢ denotes plan cost or
length. Consistency Rate (CR) is outcome-aware:
it measures whether the planner outcomes agree

(SUCCESS vs. FAILURE); when the reference instance

is solvable, it further requires agreement in plan
quality and structure:

N
Z [statusfen = statusi®’ A \Ill},

©)

(statusref = FAILURE)

(} e Cgef} e AT A 7Tref)

We detail the operational definition of 7§ ~
ref and the choice of € in Appendix C.3.

4 Experiments

4.1 Experimental Setup

Experiments are conducted on NL-PDDL-Bench
to validate executability alignment and feedback-
driven optimization across multiple model families,
thirteen planning domains, and stratified difficulty
levels. All evaluations rely on a unified symbolic
toolchain: a validator checks well-formedness, and
a symbolic planner assesses solvability and pro-
duces reproducible plans and failure diagnostics.
Fast Downward (FD) is used throughout under a
fixed configuration, yielding deterministic behav-
ior and logs for consistent verification and attribu-
tion (Helmert, 2006). All reported numbers are
computed with the same tool versions and resource
limits to ensure comparability.

The test set is drawn from the executable sub-
set of NL-PDDL-Bench. From approximately four
hundred and sixty thousand planner-verified in-
stances, we sample evenly across the thirteen do-
mains and difficulty strata to obtain one thousand
test instances. The test set is disjoint from the data
used during model fine-tuning. For planner-in-the-
loop evaluation, the maximum number of feedback
iterations is fixed to Tiax = 5.

Evaluation targets a common failure mode in
language-based specification generation: outputs
may be syntactically well formed yet violate pre-
conditions, effect consistency, or reachability con-
straints under planner verification. We therefore re-
port executability metrics and plan-level alignment
against planner-derived references, and conduct
three analyses: (i) comparison with direct action-
sequence generation, (ii) transfer experiments on
PlanBench, and (iii) difficulty- and domain-wise
analyses for robustness under scaling and cross-
domain variation.



4.2 Comparative Results

4.2.1 Comparing Against Mainstream LLMs
for Direct Plan Generation

This paper compare mainstream large language
models that directly generate complete action
sequences, including GPT-40, Claude 3.5, and
DeepSeek-R1, against our final method. Our
method uses a low-rank-adapted Llama 3.1-8B
model with symbolic feedback to produce a plan-
ning specification, and then applies the FD planner
to synthesize an executable plan. We report plan-
ner success rate on three classic domains. For Lo-
gistics and Zenotravel, we evaluate 100 instances
per domain sampled from our benchmark; for
Blocksworld, we evaluate 600 instances from the
PlanBench Mystery variant.

Table 2: Planner success rate for direct plan generation
vs. our method.

Domain GPT-40 Claude 3.5 DeepSeek-R1 Ours
Logistics 224%  22.6% 56.8% 78.0%
Zenotravel  33.7%  57.9% 98.9% 99.0%
Blocksworld  0.0% 0.0% 43.3% 87.3%

We include plan generation as a baseline to test
a central claim: when correctness is governed by
preconditions, effect consistency, and reachability,
fluent action sequences are not reliable evidence of
executability. Direct generation must satisfy long
chains of implicit constraints, so a single local omis-
sion can invalidate downstream transitions. This
brittleness is pronounced in Blocksworld, where
validity is tightly coupled to long-horizon state
changes, whereas our approach leverages a veri-
fiable symbolic interface that delegates search to
a planner and uses planner-in-the-loop diagnostics
for localized repair. Although direct generation can
be strong in some domains (e.g., Zenotravel), it is
less stable across domains. The gap is driven less
by surface form than by missing constraint closure;
planner-in-the-loop feedback turns global plan fail-
ures into localized, formally grounded corrections.

4.2.2 Overall Results of Mainstream Models

We evaluate eight representative model families
on the NL-PDDL-Bench test set under two set-
tings: Baseline, where each open-source base
model follows the same prompt to directly gen-
erate a PDDL problem that is then solved under
the same Fast Downward configuration, and our
full pipeline that combines LoRA-based supervised

fine-tuning, planner-grounded preference optimiza-
tion, and inference-time planner-in-the-loop repair.
We test a central claim: when correctness is jointly
governed by preconditions, effect consistency, and
reachability, failures are dominated by missing con-
straint closure rather than surface formatting.

Table 3 shows that this behavior holds broadly
across model families. Averaged over all eight mod-
els, planner-in-the-loop raises planner success from
17.8% to 54.8% and plan-level agreement from
19.9% to 55.7%, while syntax validity increases
more modestly from 66.8% to 74.7%. Except for
GPT-0SS-20B, most baselines exhibit low PSR/CR,
leading to larger absolute gains once planner feed-
back is introduced: PSR and CR increase (or remain
unchanged) for every model, and TSR improves for
seven out of eight models, consistent with planner-
grounded signals correcting structural omissions
and constraint conflicts.

The per-model results illustrate the same trend
under diverse base capabilities. For instance,
Llama 3.1-8B and Qwen3-8B both exhibit large
gains in PSR/CR (e.g., for Llama 3.1-8B, PSR
increases from 9.7% to 80.7% and CR increases
from 10.9% to 81.2%; for Qwen3-8B, PSR in-
creases from 24.8% to 78.9% and CR increases
from 25.6% to 79.7%), indicating that planner diag-
nostics effectively convert global failures into local-
ized, correctable revisions. In contrast, GPT-OSS-
20B shows essentially flat PSR/CR with decreased
TSR, suggesting deeper semantic mismatches that
are less amenable to conservative local repair; we
therefore conduct a domain-wise analysis of failure
patterns. This analysis further localizes the anomaly
to specific domains, indicating that the lack of im-
provement is driven by concentrated domain-level
failures rather than uniform degradation across the
benchmark. Overall, the results support our thesis
that planner-in-the-loop feedback is most effective
when failures are diagnosable and local, and that
syntax compliance is neither necessary nor suffi-
cient for executable alignment.

4.2.3 Comparison and Transferability on
PlanBench

Table 4 contrasts NL-PDDL-Bench and PlanBench
along task focus, scale, and verification. Both
benchmarks are grounded in PDDL and rely on
planner-based checking, but they target differ-
ent bottlenecks. PlanBench evaluates planning
and state-change reasoning from natural-language
prompts, with a limited set of domains and small



Table 3: Overall results on the NL-PDDL-Bench test set. Parentheses report the absolute change of Planner-in-the-
loop over Baseline for each metric.

Model Setting SVR PSR TSR CR

Gomma3.dB Baseline 37.2% 0.8% 6.8% 10.1%
Planner-in-the-loop ~ 60.6% (123.4%) 25.5% (124.7%) 32.3% (125.5%) 29.4% (119.3%)

GLM.-4.1V-9B Baseline. 75.6% 9.9% 21.1% 11.1%
Planner-in-the-loop ~ 80.0% (14.4%) 63.3% (153.4%) 75.9% (154.8%) 64.2% (153.1%)

Llama3. 8B Baseline 76.3% 9.7% 52.9% 10.9%
' Planner-in-the-loop ~ 84.9% (18.6%) 80.7% (171.0%) 82.8% (129.9%) 81.2% (170.3%)

Owen2.5.7B Baseline 76.8% 21.7% 61.2% 23.3%
’ Planner-in-the-loop 81.8% (15.0%) 62.5% (140.8%) 78.8% (117.6%) 61.9% (138.6%)

Owen3-§B Baseline 82.1% 24.8% 61.5% 25.6%
Planner-in-the-loop 82.7% (10.6%) 78.9% (154.1%) 80.8% (119.3%) 79.7% (154.1%)

Baseline 69.9% 37.5% 39.9% 38.3%
GPT-085-208 Planner-in-the-loop  79.0% (19.1%)  37.6% (10.1%)  31.5% (J8.4%)  38.4% (10.1%)

DeenSeck.R 7B Baseline 84.6% 32.4% 34.1% 33.7%
p Planner-in-the-loop ~ 90.2% (15.6%) 58.3% (125.9%) 57.0% (122.9%) 58.1% (124.4%)

Baseline 32.2% 5.3% 13.1% 6.1%
DeepSeek-Coder-V2-16B ) erin-the-loop  38.5% (16.3%) 32.0% (126.7%) 32.8% (}19.7%) 32.8% (126.7%)

problem sizes. NL-PDDL-Bench emphasizes ver-
ifiable specification construction under a unified
symbolic toolchain, enabling systematic measure-
ment of syntactic validity, planner solvability, and
plan-level agreement against reference solutions.
This design shifts evaluation from surface plausi-
bility to executable correctness, and makes failures
reproducible and diagnosable through planner logs.

Table 4: Key differences between Ours and PlanBench.

tion, while PlanBench covers two domains with sub-
stantially smaller instances. NL-PDDL-Bench also
offers a substantially larger collection of aligned
pairs with an executable subset, which supports
supervised training and feedback-driven optimiza-
tion. Finally, NL-PDDL-Bench standardizes verifi-
cation through consistent parsing and solving pro-
cedures and retains log-level diagnostics, enabling
fine-grained attribution of errors such as signature
mismatches, missing initial facts, and constraint
conflicts. These properties make NL-PDDL-Bench

Aspect NL-PDDL-Bench PlanBench .

‘p complementary to PlanBench, and better suited for
g?;fry Spec  construction Plan generation +  studying executability alignment and robustness
and  executability / cost-oriented evalua-  ypder scaling and cross-domain transfer.

plan-level alignment  tion
Domain . .
coverage 13 Pla.nner-verlﬁed do- 2 IPC  domains: Table 5: Results on PlanBench (Baseline vs. Ours).
mains; cross-domain Blocksworld, Logis-
by design tics.
Scale 1.7M pairs (460K exe- 26.3K prompts Metric  Qwen3-8B Llama3.1-8B GLM4.1V-9B
e a0l 433% 99.8% 96.2%
size Difficulty-stratified; ~ No explicit strata; typ- SVR  99.8% (156.5%) 100.0% (10.2%) 93.2% ({3.0%)
) 1-40 objects ically 1-5 objects 0.0% 7.2% 21.7%
Verification Unified parsing/solv- Planner/validator PSR 32.2% (132.2%) 49.2% (142.0%) 69.0% (147.3%)
ing and log-level checks; less standard- 0.0% 0.0% 2.8%
diagnostics ized diagnostics TSR 1(10302‘; (7)32770 4'9quT7%;107°)
o . . 0 . (0] . 0
Z;gg’;ftg Large executable sub- Limited training- CR  44.3% (130.0%) 49.3% (142.1%) 64.3% (119.6%)

set enables training + oriented support
feedback optimization

Compared with PlanBench, NL-PDDL-Bench
provides broader coverage and stronger training sup-
port. It spans thirteen planner-verified domains and
controls difficulty through object-scale stratifica-

To assess transferability, we evaluate our models
on PlanBench using its original verification proto-
col. Table 5 shows that the full training and planner-
guided refinement pipeline substantially improves
planner success and plan-level agreement across



model families, even though the benchmark differs
in domain scope and instance characteristics. The
gains indicate that planner-grounded training sig-
nals and refinement generalize beyond the source
benchmark, improving reliability under a different
evaluation setting rather than merely overfitting to
the construction pipeline.

4.3 Analytical Experiments
4.3.1 Performance under Difficulty Scaling

To test our central claim that planning reliability
is governed by executable constraint satisfaction
rather than surface-form fluency, we conduct a
difficulty-scaling analysis. We stratify instances by
object scale and evaluate how specification genera-
tion degrades as horizons and constraint coupling
intensify, and whether planner-in-the-loop feedback
can arrest such degradation.

Syntax Validity (SVR) Planner Success (PSR)

_———

Difficulty (#objects)

Difficulty (#objects)

Semantic Similarity (TSR) Consistency (CR)

02 ‘\‘\’-.

10

40 10 40

20 30 20 30
Difficulty (#objects) Difficulty (#objects)

Figure 2: Performance under difficulty scaling.

The results support this diagnosis. As the object
scale increases from 10 to 40, the baseline planner
success drops from about 13% to about 9%, plan-
level agreement drops from about 25% to about
9%, and specification similarity drops from about
50% to about 26%, with the overall score decreas-
ing from about 42% to about 22%. In contrast,
with planner-in-the-loop feedback, performance re-
mains substantially more stable at the hardest scale:
syntax validity is about 64%, planner success and
plan-level agreement are both about 42%, and the
overall score stays near 50%, suggesting improved
robustness under scaling.

4.3.2 Cross-Domain Generalization

We further study cross-domain generalization to
assess whether gains reflect domain-specific mem-
orization or a general improvement in executable
alignment. Using the same evaluation protocol,

we compare baseline and planner-in-the-loop per-
formance by domain and interpret metric patterns
under different constraint structures. Because do-
mains vary in their dominant constraints, exe-
cutable alignment should primarily improve planner
success and plan-level agreement across domains
rather than only syntax.

Syntax Validity A(SVR) Planner Success A(PSR) Semantic Similarity A(TSR) Consistency A(CR)

ccccccccccccccccccccccccccccc

Figure 3: Cross-domain generalization results on NL-
PDDL-Bench.

The observed trends support this expectation.
In many domains, syntax validity is already rela-
tively high and changes modestly, whereas planner
success and plan-level agreement improve substan-
tially, indicating that the main benefit comes from
constraint-level alignment. For example, in Lo-
gistics, planner success increases from about 13%
to about 78%, and plan-level agreement increases
from about 20% to about 82%, consistent with re-
pairing parseable but structurally invalid specifica-
tions such as missing connectivity facts or capacity
conflicts. In contrast, in resource-intensive domains
such as Openstacks, syntax improvements do not
yield comparable gains in executability, reinforcing
that syntax compliance is not a reliable proxy for
executable alignment.

5 Conclusion

We introduce NL-PDDL-Bench, a multi-domain
benchmark for natural-language-to-PDDL specifi-
cation generation, with planner-verified executabil-
ity and object-count scaling. We present a planner-
in-the-loop framework that maps tasks to executable
PDDL and applies localized repairs from valida-
tor and planner diagnostics. We further propose
a planner-grounded optimization recipe, together
with a unified evaluation suite for parseability, solv-
ability, similarity, and outcome-aware plan consis-
tency. Across eight model families and thirteen
domains, we substantially improve planner success
and plan-level agreement with only modest syntax
changes, and transfer robustly to harder scales, new
domains, and PlanBench.



6 Limitations

Although NL-PDDL-Bench and our planner-in-the-
loop feedback framework provide a unified, planner-
verifiable pipeline for executable alignment, our
current study still has limitations along several di-
mensions:

* Broader settings. We evaluate on a fixed set
of classical PDDL domains under a standard-
ized validation and planning setup; extend-
ing to richer PDDL fragments (e.g., numeric
fluents, temporals, derived predicates), alter-
native planners, and heterogeneous resource
conditions is a natural next step.

* Richer language. Our benchmark uses
structure-preserving, rule/template-based gen-
eration to maintain traceability between text
and symbols; incorporating more diverse, nat-
urally occurring instructions would broaden
linguistic coverage.

* Computational cost and configuration gen-
erality. Our plan-level metrics and verifica-
tion loop run under a fixed planner configu-
ration and a bounded iteration budget, which
improves reproducibility but incurs additional
inference-time overhead and limits systematic
evaluation across planners and heuristics. Fu-
ture work may reduce cost via caching, early
stopping, and adaptive budgeting, and further
study stability across planner/heuristic config-
urations to strengthen scalability and deploy-
ment practicality.

We are actively exploring these directions in on-
going experiments, aiming to broaden coverage
and improve practicality without changing the core
executable-alignment protocol.
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A Appendix: Introduction to PDDL

Planning Domain Definition Language (PDDL) is
a standard formalism for representing determinis-
tic classical planning tasks. A specification is de-
composed into a domain and a problem. The do-
main defines predicate symbols, object types, and
action schemas with explicit preconditions and ef-
fects. The problem instantiates a concrete instance
by declaring objects, initial facts, and goal condi-
tions. This separation yields a normalized state—
action model that can be parsed and solved by sym-
bolic planners, enabling reproducible verification
of executability.

Figure 4 illustrates the semantics using a sim-
plified Logistics example that contains a minimal
but complete closed-world task: one truck must
deliver one package from Location A to Loca-
tion B. The example is split into three parts: the
domain file logistics.pddl (left), the problem
file task.pddl (top-right), and a schematic state-
transition trace consistent with a valid plan (bottom-
right).

Domain file (logistics.pddl). The domain
declares :requirements :strips :typing,in-
dicating that the task uses STRIPS-style add/delete
effects with typed objects. It introduces three
types—truck, package, and location—and
three predicates: (at 7x 71) encodes the location
of either a truck or a package, (in ?p 7t) encodes
that a package is loaded in a truck, and (connected
?from 7to) encodes reachability between loca-
tions. These predicates define the state vocabulary,
i.e., the set of ground atoms that can be true in any
state.

The domain further defines three action schemas.
Action drive moves a truck from from to to when
the truck is currently at from and the connectivity
relation holds; its effect deletes (at t from) and
adds (at t to). Action load requires a package
and the truck to co-locate, and updates the state by
removing the package location fact (at p 1) and
adding (in p t). Action unload is the inverse:
it requires (in p t) and the truck to be at a lo-
cation, then removes (in p t) and adds (at p
1). Together, these schemas constrain which tran-
sitions are legal and make executability checkable
via precondition satisfaction and effect application.

Problem file (task.pddl). The problem instan-
tiates a specific task under the above domain. It
declares a truck t1, a package p1, and two locations



A and B, each with the correct type. The initial state
sets t1 and p1 at A, and provides connectivity facts
(connected A B) and (connected B A). The
goal requires the package to be at B, i.e., (at p1l
B). Importantly, this problem illustrates a common
source of failure in language-to-PDDL generation:
if connectivity is omitted or mis-specified, the in-
stance can remain syntactically valid yet become
unsolvable due to broken reachability constraints.

State-transition trace and an executable plan.
Given the domain dynamics and the instantiated
facts, a planner can synthesize an executable
plan that achieves the goal. One minimal plan
is: load(pl,t1,A), then drive(t1,A,B), then
unload(pl,t1,B). Starting from the initial state,
load is applicable because both t1 and p1l are
at A; after applying its effects, the state contains
(in p1 t1) and no longer contains (at pl A).
Next, drive is applicable because t1 is at A and
(connected A B) holds; its effects move the
truck to B. Finally, unload is applicable because
plisintl and t1 is at B; after unloading, the state
satisfies the goal atom (at pl B). The schematic
diagram in Figure 4 visualizes these intermediate
states and highlights how PDDL makes the underly-
ing constraints explicit and mechanically verifiable.

Relevance to NL—PDDL generation. When a
large language model produces a problem specifi-
cation from a natural-language description, it must
preserve (i) type-correct object declarations, (ii)
predicate signatures and arities, and (iii) domain-
critical initial facts that ensure reachability and re-
source consistency (e.g., connected relations). Vi-
olations of (i)—(ii) typically yield parser/type errors,
whereas violations of (iii) often produce instances
that parse but are unsolvable. This example there-
fore captures the key distinction between surface
well-formedness and true executability that moti-
vates planner-based verification and feedback.

B Appendix: Related Work

This appendix situates our study within three
closely related threads: language-model-based
planning, symbolic interfaces with planner veri-
fication, and feedback-driven refinement. Across
these threads, a common theme is the gap between
surface plausibility and executable correctness un-
der formal planning semantics. Our work addresses
this gap by unifying benchmark construction, veri-
fication, and optimization under a single symbolic
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toolchain, while explicitly measuring plan-level
alignment in addition to syntactic well-formedness
and solvability.

B.1 Large Language Models for Planning

Large language models exhibit strong semantic pars-
ing and structured generation capabilities, which
has spurred growing interest in applying them to
planning problems. Nevertheless, classical plan-
ning imposes a stringent notion of correctness: ac-
tion applicability must satisfy preconditions, effects
must preserve state consistency, and goals must
be reachable through a valid transition sequence
(Valmeekam et al., 2023a). Empirical benchmarks
consistently show that models can generate plans
that read as coherent yet fail under symbolic execu-
tion or validation, indicating that natural-language
fluency is not a reliable proxy for constraint satis-
faction or long-horizon state-transition correctness
(Valmeekam et al., 2023a; Kokel and Katz, 2025).
In contrast, established symbolic planners remain
strong on well-specified domains, owing to mature
heuristic search, soundness guarantees under the
given semantics, and predictable performance pro-
files when resources are controlled (Corréa et al.,
2025).

Recent analyses further characterize the limits of
LLMs as planning formalizers, showing that seem-
ingly minor specification errors (e.g., in signatures,
initial facts, or reachability-relevant constraints) can
systematically break executability under strict sym-
bolic semantics (Huang and Zhang, 2025). Our
study is consistent with these observations, but goes
beyond diagnosing failure modes by providing a uni-
fied benchmark and a planner-in-the-loop optimiza-
tion pipeline that turns validator/planner outcomes
into reproducible supervision signals and localized
repairs, enabling systematic improvements in exe-
cutable alignment rather than surface plausibility.

B.2 Symbolic Interfaces and Planner
Verification

A complementary line of work adopts symbolic task
specifications as the interface between language un-
derstanding and planning, enabling parsing, veri-
fication, and diagnosis through standard planning
toolchains (Mahdavi et al., 2024). This interface
has two practical advantages. First, it separates
semantic interpretation from search, since the plan-
ner operates on a formal specification whose se-
mantics are fixed by the domain model. Second, it
makes failure modes more interpretable, because



(1) Domain: logistics.pddl

(define (domain logistics)
(:requirements :strips :typing)
(:types truck package location)
(:predicates (at x - (either truck package) 1 - location)
(in p - package t - truck)

(connected from - location to - location))

(:action drive
:parameters (t - truck from - location to - location)
:precondition (and (at t from) (connected from to))
:effect (and (not (at t from)) (at t to)))

(:action load

)

(2) Problem: task.pddl

(define (problem task)

(:domain logistics)

(:objects t1 - truck pl - package A B - location)

(:init

(at t1 A)
(at p1 A)
(connected A B)
(connected B A))

(:goal (and (at p1 B)))

(3) Schematic Diagram

1. Initial State 2. Load(p1,t1,A) 3. Drive(t1,A,B)

:parameters (p - package t - truck 1 - location)

:precondition (and (at p 1) (at t 1)) Location A Location B Location A Location B Location A Location B

:effect (and (not (at p 1)) (in p t))) [ = @ —_— [ = @ — [ = ‘@

(:action unload

:parameters (p - package t - truck 1 - location) 4. Intermediate State 5. Unload(p1,t1,B) 6. Goal State

:precondition (and (in p t) (at t 1))

:effect (and (not (in p t)) (at p 1))) Location A Location B Location A Location B Location A Location B
) [ ] ® —| o————@ —| © ‘@

55 o &

Figure 4: A simple example of the PDDL language.

validators and planners can return concrete error
messages, unsatisfied conditions, or evidence of
unreachable goals.

Benchmark efforts for text-to-structured plan-
ning languages provide an important foundation for
positioning NL—-PDDL. as a rigorous translation-
and-verification problem (Zuo et al., 2025). While
such benchmarks emphasize careful evaluation of
structured outputs, our focus is on executable align-
ment at scale: NL-PDDL-Bench provides a large
planner-verifiable executable subset with controlled
difficulty scaling, and our evaluation explicitly mea-
sures plan-level agreement under a fixed symbolic
configuration. In addition, we treat planner logs and
diagnostics as first-class artifacts that are reused
consistently for dataset construction, evaluation,
and optimization.

Related work also studies consistency checking
for LLM-generated PDDL artifacts. For example,
Smirnov et al. (2024) targets domain-level consis-
tency when generating PDDL domains with LLMs,
reducing contradictions in action/predicate defini-
tions via automated checks. Our setting is comple-
mentary: we focus on problem-level specifications
and emphasize failures that remain syntactically
well-formed yet are unsolvable due to missing reach-
ability facts or constraint closure. Accordingly, we
rely on a validator-plus-planner pipeline that ex-
poses not only static consistency issues but also
planning-time reachability and resource conflicts,
and we convert these reproducible diagnostics into
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localized repair signals.

B.3 Feedback-Driven Refinement

To address brittleness, recent studies incorporate
external feedback to iteratively refine model out-
puts. One approach leverages environment or sim-
ulator interaction to produce executability signals
and guide progressive correction (Mahdavi et al.,
2024). Another approach couples generation with
planner-based checking and replanning to recover
feasible solutions in long-horizon settings (Huang
et al., 2025; Zhang et al., 2025). These methods
share the intuition that correctness should be an-
chored in externally verifiable signals rather than
purely in model likelihood.

Despite clear progress, two limitations are recur-
rent in the literature. First, evaluations often focus
primarily on feasibility, while providing less em-
phasis on whether the generated solutions match
reference plan structure or achieve comparable so-
lution quality under a fixed planning configuration.
Second, analyses of robustness under controlled
scaling and cross-domain variation are compara-
tively limited, making it difficult to characterize
when feedback leads to general improvements ver-
sus domain-specific gains.

Our work addresses these gaps by introducing
plan-level consistency and quality-alignment mea-
surements grounded in planner-derived reference
solutions, and by evaluating behavior under explicit
difficulty stratification and multi-domain coverage.



This enables a more fine-grained view of what feed-
back corrects, and under what conditions improve-
ments persist as constraints become more tightly
coupled.

B.4 Our Position

Our study lies at the intersection of symbolic in-
terfaces and feedback-driven refinement, with a
primary focus on executable alignment and re-
producibility. We contribute NL-PDDL-Bench, a
multi-domain benchmark with planner-verified ex-
ecutability and controlled scaling by instance size,
which supports systematic analysis across domains
and difficulty levels. We further provide a uni-
fied symbolic toolchain that is used consistently
for benchmark construction, verification, training-
signal derivation, and evaluation, ensuring that cor-
rectness claims are grounded in the same planner
semantics and are directly comparable across ex-
perimental settings.

Building on this foundation, we develop an end-
to-end pipeline for specification construction that
combines parameter-efficient supervised training,
planner-grounded preference optimization based
on offline planner-derived preference pairs, and
inference-time planner-in-the-loop repair guided by
validator and planner diagnostics. The pipeline is
evaluated with complementary metrics that separate
syntactic well-formedness from planner solvabil-
ity and from outcome-aware plan-level consistency,
thereby measuring executable correctness beyond
surface plausibility.

In contrast to benchmarks that mainly frame
natural-language-to-structured planning as a trans-
lation and evaluation task (Zuo et al., 2025), our
work unifies verification and optimization under
the same symbolic infrastructure. The toolchain
that certifies executability also produces reusable
diagnostics that support both preference construc-
tion and localized repair, enabling scalable and re-
producible improvements in executable alignment
under controlled difficulty scaling, cross-domain
generalization, and transfer to external benchmarks.

C Appendix: Method Details

C.1 NL-PDDL-Bench

NL-PDDL-Bench is built from an initial pool of 23
[PC-style planning domains and their problem gen-
erators collected in AutoPlanBench, and processed
under a unified symbolic toolchain for instance gen-
eration, natural-language rewriting, and verifica-
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tion. The released executable subset contains 13
fully verified domains: Assembly, Data Network,
Elevators, Logistics, MPrime, Mystery, Openstacks,
Rovers, Snake, Spider, Traveling Purchaser Prob-
lem (TPP), Woodworking, and ZenoTravel. These
domains provide complementary constraint struc-
tures, spanning transportation and navigation tasks
(e.g., Logistics, Rovers, ZenoTravel), resource- and
capacity-intensive settings (e.g., Openstacks, TPP,
Woodworking), and domains with stronger combi-
natorial structure in objects and relations (e.g., As-
sembly, Data Network, Mystery), which supports
controlled cross-domain comparison and robust-
ness analyses.

The reduction from 23 initial domains to the fi-
nal 13 prioritizes reproducible executability and
consistent NL—-symbol alignment. Concretely, we
retain domains whose generators produce stable
multi-scale instances, whose domain/problem spec-
ifications are reliably parseable and solvable under a
fixed validation and planning configuration, whose
rule/template-based rewriting preserves traceabil-
ity between text and symbolic structure, and whose
verification pipeline yields a sufficient volume of ex-
ecutable instances for training and evaluation. The
remaining domains are excluded when they (i) rely
on PDDL features outside the fragment supported
in our standardized toolchain, (ii) produce too few
solvable instances under the fixed planner configura-
tion and resource budget, or (iii) exhibit instability
in generation-to-rewriting consistency that harms
reproducibility. For transparency, we record the full
initial domain pool and the excluded domains with
their exclusion reasons in the released benchmark
metadata.

Action costs and cost/length convention. To
keep metrics comparable across domains, we use
a uniform plan-cost convention in all experiments.
By default, we assume unit action costs and treat
plan cost as plan length; correspondingly, plan-level
agreement is computed using length-based cost and
structure under a fixed planner configuration. When
an original IPC domain encodes action costs, we
still report results with length as the cost definition
under the same standardized configuration, so that
cross-domain trends reflect executable alignment
rather than heterogeneous cost modeling choices.

C.2 Planner-in-the-Loop Feedback Workflow

Figure 5 illustrates the prompting and verification
loop used in our planner-in-the-loop workflow. The



LLM planning & feedback

You are a PDDL planning expert.

Given the domain definition and a natural-language problem description,
write the correct PDDL problem file.

Rules:

- Output ONLY one valid PDDL s-expression starting with "(define"

- No explanations or comments

- All objects must be correctly typed

System Prompt

User Input
Domain: logistics-strips
#Predicates + Actions#
Domain NL:

Problem Description (NL):
#Initial state + Goal#
Instruction:
Output ONLY one valid PDDL problem starting with (define). No explanations.

[problem.pddl]
Objects:
- Airplanes: a0

Initial State:
- All objects grounded with types and locations

Goal:
- p0 at 10-1

- casel: could not parse
- case2: unsolved (include timeout & error)

explanations. valid PDDL problem. No explanations.
------------------------------- LLM Output: PDDL Problem -------=---nnsennmmmememaan
[problem.pddl]

Objects: ...

Initial State: ...

Goal: ...

Feedback Input
Domain: logistics-strips

#Predicates + Actions#
Problem Description (NL):

#Initial state + Goal#

[case 1] [case 2]
Previous problem PDDL Previous problem PDDL :
(failed to parse): #LLM output#

Planner status:
#status + exit_code + time#

#LLM output#
Planner feedback excerpt:

#fd_excerpt# VAL feedback:
Instruction: #plan failed to execute#
Fix syntax strictly and Instruction:
output ONLY one valid Revise minimally: ensure all objects/types exist,
PDDL problem s- predicates match domain arity/types, add missing

expression. No init facts/connectivity; then output ONLY one

- solution found

[plan] [plan]
(load-truck p4 t0 10-0)
[plan end]
[plan end]
VAL Validation VAL Validation

[plan] [plan]
- Plan failed to execute - Plan valid

SUCCESS

Figure 5: Prompting and planner-in-the-loop feedback process for iterative specification repair and verification.

goal is to convert a natural-language planning re-
quest into an executable PDDL problem by iter-
atively repairing errors revealed by a symbolic
toolchain. Concretely, given a domain definition
D and a natural-language problem description x,
the model is instructed to output exactly one PDDL
problem s-expression starting with (define), with
no additional commentary. This strict output con-
tract minimizes formatting drift and makes down-
stream parsing and checking deterministic.

Step 1: One-shot specification generation. We
first provide the model with (i) the domain name,
(i1) a concise domain summary containing predi-
cates and actions (including arities and types), and
(iii) the problem description containing the initial
state and goal conditions. The model outputs a can-
didate PDDL problem instance P. We emphasize
type correctness and schema consistency by requir-
ing that all objects be declared with valid domain
types, and that each predicate instance matches the
declared arity and argument types in D.

Step 2: Symbolic checking and plan synthesis.
The generated problem P is fed into a standardized
symbolic pipeline. We run a parser/validator to
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check well-formedness (e.g., balanced parentheses,
well-typed objects, and legal predicate usage). If
parsing succeeds, we invoke FD under a fixed con-
figuration to assess solvability and, when possible,
to produce a plan 7. We then validate 7 using VAL
to ensure that the plan is executable with respect
to D and P (i.e., all preconditions hold along the
execution trace and the goal is achieved).

Step 3: Feedback construction (two failure
cases). When the pipeline fails, we construct feed-
back that is concise yet actionable and feed it back
to the model for minimal repair.

* Case 1 (Parsing/format failure). If P can-
not be parsed or fails basic well-formedness
checks, we return a compact excerpt of the
parsing error (e.g., unexpected tokens, miss-
ing parentheses, unknown symbols, or type
declaration issues). The instruction is to fix
syntax strictly and output only one valid PDDL
problem.

Case 2 (Executable failure). If P parses but
FD reports UNSOLVABLE, times out, or pro-
duces a plan that fails VAL validation, we re-
turn (a) FD status metadata (e.g., status, exit



code, runtime) and a short log excerpt (e.g.,
unsatisfied preconditions, unreachable goals),
and (b) VAL failure messages when available
(e.g., the first violated precondition). The in-
struction is to revise minimally: ensure all ref-
erenced objects/types exist, predicates match
domain arities/types, and add missing initial
facts (e.g., connectivity) required by reacha-
bility constraints.

Step 4: Iterative repair and termination. The
model revises the previous problem instance condi-
tioned on the feedback and outputs a new candidate
P+ We repeat the symbolic checking and feed-
back steps until either (i) FD returns a plan and
VAL confirms it as valid, or (ii) a maximum num-
ber of iterations Ti,ax 1S reached. In all iterations,
we preserve the same strict output contract (single
(define) expression; no explanations) to keep the
loop machine-checkable and to avoid introducing
non-PDDL artifacts.

Rationale. This workflow operationalizes exe-
cutability alignment by converting opaque gener-
ation failures into localized, verifiable repair sig-
nals. Parsing feedback targets syntactic correct-
ness, while FD/VAL feedback targets semantic
executability (preconditions, effects, reachability,
and goal satisfaction). By delegating long-horizon
search to a symbolic planner and using diagnostic
logs for targeted revisions, the loop turns global
plan failure into incremental, formally grounded
corrections.

C.3 Consistency Rate Details

This appendix specifies the operational definition
of Consistency Rate (CR), including the planner
configuration, the cost/length convention, and the
plan-structure agreement criterion. CR measures
planner-grounded consistency between a gener-
ated specification and its reference under a fixed
Fast Downward (FD) configuration. It first checks
whether the planner outcomes agree (SUCCESS Vs.
FAILURE); when both sides are solvable, it further
checks agreement in plan quality and action-level
structure.

C.3.1 Planner configuration and cost
definition

For each instance, we solve both the reference spec-
ification y; and the generated specification ¢; using
the same Fast Downward configuration as in the
main experiments. The planner outputs are denoted
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cn cn cn
as (status®, 71 cf°f) and (status{™", 75", £°").
Unless stated otherwise, ¢ denotes the plan length
under unit action cost.Thus, cost agreement reduces
to length agreement under an identical planner con-

figuration.

C.3.2 OQOutcome-aware Consistency Rate

Let Deest = {(zi, )}, be the test set, and let ;
be the model-generated specification. We define
Consistency Rate (CR) as

N
1
CR = — E 1[statusf®" = statusf" A ;] .
i=1

(10)
where U, enforces additional requirements only
when the reference instance is solvable.

True, if status§ef = FAILURE,

<I>’iv

;= (11)

if status!™ = success.

The constraint ®; requires agreement in both
plan cost and plan structure:

cn
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- —cief <e
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wen (12)
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ref
i

Thus, failed instances contribute to CR if and
only if the planner outcomes agree, while plan-level
comparisons are applied only when both specifica-
tions are solvable.

C.3.3 Plan-structure agreement 72" ~ 7"

Plans are compared at the level of grounded
actions. Let act(m) denote the sequence ob-
tained by serializing each grounded action (e.g.,
drive (truckl,locA,locB)) in execution order.

Sequence similarity. We compute a normalized
edit similarity between action-token sequences:

ED (act(r&"), act(n™f))
max (| meen|, |mref])

Simegye = 1 — (13)

where ED(-, -) is the Levenshtein edit distance.

Bag-of-actions similarity. To mitigate non-
uniqueness arising from commutative or weakly
ordered actions, we additionally compute an order-
insensitive multiset similarity. Let M () be the
multiset of grounded actions in 7. The multiset
Jaccard similarity is defined as

>, min (/\/lge“(a)7 Mref(a))
>, max(Mee(a), M™(a))

Simpag = (14)



Combined criterion (Scheme A). We define a
commutativity-robust plan-structure similarity by

Sim = max (Simegir, SiMpag) - (15)
We consider 78" = 7'f if
Sim > 7 (16)

In all experiments, we set 7 = 0.8.

C.3.4 Tolerance ¢ for cost/length agreement

We define cost (length) agreement by an absolute
tolerance e applied uniformly across domains. Plan
costs are considered consistent if
5" — | < ¢ (17)
The tolerance ¢ is defined relative to the reference
plan length as

€ = max(l, [p cﬁeq) (18)

where p = 0.05 in all experiments.

This design allows minor plan-length deviations
while still penalizing substantial departures from
the reference plan quality under the same planner
configuration.

D Appendix: Experiments Result

D.1 Training Environment

We ran our main experiments on a server equipped
with six NVIDIA A100 80GB PCIe GPUs. Table 6
summarizes the compute environment.

Table 6: Compute environment for our main experi-
ments.

Component Specification

GPU 6x NVIDIA A100 80GB PCle

CPU 2x AMD EPYC 9684X (96 cores per
socket; 384 logical CPUs in total)

Memory 1.0 TiB RAM

oS Ubuntu 24.04.1 LTS

Kernel Linux 6.8.0-88-generic

CUDA 12.8

D.2 Training Dynamics of LoRA Fine-Tuning

As shown in Figure 6, we track the training dy-
namics of LoRA-based supervised fine-tuning for
Qwen3-8B on NL-PDDL-Bench, including the
loss curve, learning-rate schedule, and gradient-
norm trajectory. The loss exhibits a clear fast-
convergence pattern: it starts at approximately
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0.18, drops rapidly within a small number of it-
erations, and falls below 0.01 at around 0.2 epochs.
It then enters a stable plateau, fluctuating mildly
within roughly 0.004-0.006. This suggests that
the model acquires the core structural mapping for
NL—PDDL early in training, while later updates
primarily refine local constraint details and improve
generation stability, yielding diminishing returns
from additional epochs.

Training Loss over Epochs
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Figure 6: Training dynamics of LoRA fine-tuning for
Qwen3-8B on NL-PDDL-Bench.

The learning-rate schedule and gradient-norm
evolution further support this interpretation. The
learning rate quickly warms up to around 1 x 1074,
stays relatively high in the early-to-mid stage to en-
courage effective exploration, and then gradually
decays to the order of 1 x 10~7 toward the end to
stabilize convergence. Correspondingly, the gra-



dient norm peaks near the beginning and rapidly
decays toward zero, with only occasional small im-
pulses and no sustained growth or strong oscilla-
tions. Overall, these trends indicate stable and well-
controlled optimization, providing a solid founda-
tion for subsequently incorporating planner feed-
back for verification and refinement. Accordingly,
our experimental focus moves beyond learning sur-
face syntax templates to evaluating whether sym-
bolic validation and feedback loops can reliably
improve executability and plan consistency.

D.3 Case Study: Qwen2.5-7B

Figure 7 presents a case study in the Rovers domain,
comparing Qwen2.5-7B under Baseline and our
full framework across four object-count difficulty
levels (10, 20, 30, and 40 objects) and four evalu-
ation metrics (SVR, PSR, TSR, and CR). Rovers
is representative of domains where correctness is
determined by the closure of interacting constraints,
including typed object declarations, consistent pred-
icate grounding, and reachability-supporting facts
that enable long-horizon state transitions. As the
instance size grows, small omissions in the speci-
fication tend to propagate into global failures, be-
cause later actions require precise causal support
and resource feasibility that cannot be recovered by
local plausibility alone.

SVR (Parseable) PSR (Solvable)
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80.00%.

10000%

20 30 20 30
Difficulty (#objects) Difficulty (#objects)

TSR (Similarity) CR (Consistency)

3,30 R0R 98.00% 98.10%

66.00%

e
s
| - 2

0 10

10 a0

20 30
Difficulty (#objects)

20 30
Difficulty (#objects)

Figure 7: Case study: Qwen2.5-7B on Rovers across
difficulty levels.

Under the Baseline setting, performance deteri-
orates sharply with scaling. While many outputs
remain syntactically parseable at smaller scales, the
gap between surface well-formedness and planner-
grounded executability widens as constraints ac-
cumulate. This pattern suggests that baseline er-
rors increasingly concentrate on semantic structure
rather than formatting, such as missing enabling
facts required for navigation and communication,
inconsistent use of predicate arguments and types,
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or incomplete initialization of resources and loca-
tions. Such defects typically do not prevent parsing,
yet they break reachability or precondition satis-
faction, leading the planner to return UNSOLVABLE
instances and reducing plan-level agreement with
the reference specification. At the largest scale, the
baseline often fails to maintain global constraint
closure, which manifests as a collapse in solvabil-
ity and consistency even when fragments of the
specification appear locally reasonable.

In contrast, our framework mitigates this scaling-
induced brittleness by coupling generation with ver-
ifiable symbolic feedback. The validator and plan-
ner expose concrete failure evidence, such as type or
signature mismatches and unsatisfied preconditions,
which we convert into targeted revision directives.
This forces the model to repair missing causal links
and reconcile constraint conflicts, rather than iterat-
ing on surface templates. As aresult, the framework
maintains substantially stronger executable align-
ment as difficulty increases, preserving solvability
and plan-level consistency under tighter constraint
coupling. The remaining degradation at the largest
scale is consistent with the increased density of
interacting constraints, where a single missed sup-
port fact can invalidate multiple downstream ac-
tion chains. Overall, the case study indicates that
the gains arise from improved semantic closure un-
der fixed domain dynamics, not merely from better
formatting, and that planner-grounded diagnostics
provide an effective mechanism for turning global
planning failures into localized, correctable specifi-
cation edits.

D.4 Cross-Domain Generalization

We further study cross-domain generalization to de-
termine whether the observed gains reflect domain-
specific memorization or a transferable improve-
ment in executable alignment. Using the same
evaluation protocol as in the main experiments, we
compare the Baseline and the planner-in-the-loop
setting on each domain and examine how improve-
ments distribute across the four complementary
metrics. Because domains differ in their dominant
constraint structures, a robust method should pri-
marily improve planner-grounded criteria, namely
planner success and outcome-aware plan-level con-
sistency, rather than only increasing surface well-
formedness.

For space reasons, the main paper presents the
domain-wise delta plot in a single-column figure
to fit the layout constraints. Here we include an en-



larged cross-column version (Figure 8) to improve
readability and enable more careful inspection of
domain-level patterns.

The results show that improvements are concen-
trated on planner-grounded correctness. Across
most domains, changes in syntax validity are com-
paratively modest, while planner success and plan-
level consistency increase substantially, indicating
that the main benefit comes from repairing seman-
tic defects that remain invisible to purely syntactic
checks. This pattern is consistent with the role of
planner-in-the-loop feedback, which targets con-
straint closure, reachability prerequisites, and re-
source consistency, and therefore reduces failures
caused by missing initial facts, incompatible predi-
cate usage, or latent precondition violations.

We also observe meaningful domain variation
that helps interpret when planner feedback is most
effective. Transportation-style domains, where fail-
ures often arise from omitted connectivity facts or
incomplete state constraints, typically exhibit large
gains in planner success and consistency once di-
agnostics are converted into localized revisions. In
contrast, in domains with tighter resource coupling
or more brittle modeling requirements, improve-
ments in syntax validity do not necessarily translate
into comparable gains in solvability, which suggests
that the remaining errors are less local and may re-
quire richer semantic modeling or stronger priors to
resolve. Overall, the domain-wise analysis supports
the conclusion that planner-in-the-loop feedback im-
proves executable alignment in a transferable man-
ner, while also revealing constraint regimes where
conservative local repair is insufficient.

D.5 Results of Mainstream Models on
NL-PDDL-Bench

Tables 7 and 8 summarize domain-wise and
difficulty-wise SVR/PSR/TSR/CR for mainstream
models under the Baseline setting and our planner-
in-the-loop framework. The results highlight a
persistent gap between surface well-formedness
and planner-grounded correctness: many baselines
achieve non-trivial SVR yet frequently yield un-
solvable instances, especially in domains with tight
structural constraints and long-range dependencies,
and the gap widens as object scale increases. Impor-
tantly, our CR is outcome-aware: it first measures
whether the planner outcomes of the generated and
reference instances match (SUCCESS Vs. FAILURE);
plan-cost and plan-structure agreement are only
evaluated when the reference instance is solvable
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(and thus both sides succeed). Therefore, it is pos-
sible to observe high CR together with low PSR
in subsets where the references are predominantly
unsolvable, because consistent FAILURE outcomes
contribute to CR while PSR only counts SUCCESS
of the generated instances. By combining multi-
stage symbolic validation (parsing, planning, and
execution verification) with evidence-driven mini-
mal repairs, planner-in-the-loop converts previously
silent semantic inconsistencies into diagnosable er-
ror types and yields broad gains in executability-
aligned metrics, with particularly large improve-
ments in PSR and in CR on solvable references, in-
dicating better satisfaction of domain-critical struc-
tures such as preconditions, reachability/connectiv-
ity facts, and resource constraints. Moreover, the
smoother degradation of planner-in-the-loop under
scaling suggests that planner-in-the-loop feedback
provides an explicit correctness signal that helps
preserve global consistency as constraints accumu-
late, improving reliability beyond what can be ob-
tained by syntax compliance or template memoriza-
tion alone.
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Figure 8: Cross-domain generalization results on NL-PDDL-Bench. This figure provides an enlarged cross-column
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view to facilitate readability and detailed comparison across planning domains.

Table 7: Domain-wise results on NL-PDDL-Bench. We report SVR/PSR/TSR/CR for each domain under Baseline

and planner-in-the-loop.
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. Baseline planner-in-the-loop

Domain
SVR PSR TSR CR SVR PSR TSR CR

DeepSeek-Coder-V2-16B
Assembly 100.0% 0.0%  23.5% 100.0% 100.0% 0.0%  37.3% 100.0%
Data Network 0.0% 0.0% 0.0% 0.0%  10.0%  0.0% 0.0% 0.0%
Elevators 2.0% 0.0% 1.9% 0.0%  12.0%  0.0% 2.3% 0.0%
Logistics 40.0%  6.0% 344% 5.6%  38.0% 38.0% 37.6% 37.6%
MPrime 100.0% 0.0%  56.7%  0.0% 100.0% 100.0% 100.0% 100.0%
Mystery 100.0% 84.0% 93.6% 84.2% 100.0% 100.0% 100.0% 100.0%
Openstacks 0.0% 0.0% 0.0% 0.0%  60.0%  0.0% 0.0% 0.0%
Rovers 1.0% 0.0% 0.4% 0.0%  14.0% 11.0% 11.8% 11.3%
Snake 41.0%  0.0% 353% 0.0% 46.0% 44.0% 43.6% 43.6%
Spider 0.0% 0.0% 0.0% 0.0% 100.0%  0.0% 0.0% 0.0%
Traveling Purchaser Problem 13.0%  0.0% 9.6% 0.0%  18.0% 11.0% 10.7%  10.7%
Woodworking 0.0% 0.0% 0.0% 0.0%  80.0%  0.0% 0.0% 0.0%
ZenoTravel 100.0% 15.0% 15.5% 152% 100.0% 100.0% 100.0% 100.0%
GPT-0SS-20B
Assembly 100.0% 0.0%  38.0% 100.0% 100.0% 0.0%  10.3% 100.0%
Data Network 88.0% 0.0% 57.5% 0.0% 69.0% 5.0% 173% 5.1%
Elevators 10.0%  2.0% 3.6% 1.6%  66.0%  2.0% 3.2% 2.2%
Logistics 90.0% 60.0% 72.7% 60.0% 89.0% 58.0% 63.2% 59.2%
MPrime 100.0% 100.0% 100.0% 100.0% 100.0%  0.0% 0.0% 0.0%
Mystery 95.0% 89.0% 88.9% 89.5% 95.0% 74.0% 722%  73.7%
Openstacks 0.0% 0.0% 0.0% 0.0% 100.0% 0.0%  39.9%  0.0%
Rovers 52.0% 18.0% 19.9% 17.6% 59.0% 22.0% 14.4% 22.0%
Snake 46.0%  5.0%  28.0%  5.1%  54.0% 8.0% 12.6%  7.7%
Spider 100.0% 0.0%  46.3%  0.0% 0.0% 0.0% 0.0% 0.0%
Traveling Purchaser Problem  97.0%  30.0% 53.0% 30.0% 86.0% 38.0% 43.6% 37.6%
Woodworking 80.0%  0.0% 50.7%  0.0%  60.0% 0.0% 25.7%  0.0%
ZenoTravel 97.0% 96.0% 48.8% 96.5% 100.0% 86.0% 44.8% 86.3%
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Table 7: Domain-wise results on NL-PDDL-Bench (continued).

. Baseline planner-in-the-loop

Domain
SVR PSR TSR CR SVR PSR TSR CR

GLM-4.1V-9B
Assembly 100.0% 0.0%  9.5% 100.0% 100.0% 0.0%  62.4% 100.0%
Data Network 92.0% 0.0% 252%  0.0% 100.0% 0.0%  949%  0.0%
Elevators 10.0% 0.0%  1.4% 0.0%  21.0%  0.0% 7.8% 0.0%
Logistics 93.0% 1.0% 24.1% 0.8% 100.0% 100.0% 99.9% 100.0%
MPrime 100.0% 0.0%  0.0% 0.0%  100.0% 100.0% 100.0% 100.0%
Mystery 100.0% 21.0% 26.3% 21.1% 100.0% 100.0% 100.0% 100.0%
Openstacks 0.0%  0.0%  0.0% 0.0% 100.0% 0.0%  50.1%  0.0%
Rovers 74.0% 8.0% 185%  82%  75.0% 57.0% 72.4% 57.2%
Snake 90.0% 0.0% 122% 10.3% 97.0% 92.0% 97.3% 92.3%
Spider 100.0% 0.0%  0.0% 0.0% 100.0% 50.0% 86.5%  50.0%
Traveling Purchaser Problem  93.0% 3.0% 154% 2.5% 94.0% 86.0% 92.1% 85.8%
Woodworking 80.0% 0.0% 59.5%  0.0% 80.0% 0.0% 54.2%  0.0%
ZenoTravel 99.0% 39.0% 45.8% 38.6% 100.0% 96.0% 100.0% 97.5%
DeepSeek-R1-7B
Assembly 100.0% 0.0% 28.4% 100.0% 100.0% 0.0%  41.7% 100.0%
Data Network 90.0% 8.0% 325%  7.8%  94.0% 38.0% 63.1% 37.6%
Elevators 18.0% 0.0%  6.3% 0.0%  24.0% 6.0% 12.1%  5.8%
Logistics 92.0% 35.0% 589% 36.4% 100.0% 92.0% 97.6% 91.4%
MPrime 100.0% 12.0% 41.8% 11.6% 100.0% 68.0% 88.9%  66.7%
Mystery 100.0% 54.0% 62.3% 53.2% 100.0% 96.0% 97.1% 95.8%
Openstacks 0.0%  0.0%  0.0% 0.0%  72.0% 0.0% 364%  0.0%
Rovers 78.0% 42.0% 479% 41.6% 96.0% 83.0% 88.7% 82.4%
Snake 84.0% 21.0% 35.4% 20.8% 93.0% 64.0% 72.8%  63.7%
Spider 100.0% 0.0% 19.6%  0.0% 100.0% 22.0% 512% 21.5%
Traveling Purchaser Problem  86.0% 19.0% 39.1% 18.7% 92.0% 61.0% 75.4% 60.3%
Woodworking 72.0% 4.0% 28.7%  39%  88.0% 32.0% 55.6% 31.8%
ZenoTravel 98.0% 79.0% 61.2% 78.4% 100.0% 97.0% 98.3% 96.8%
Llama3.1-8B
Assembly 100.0% 0.0% 57.7% 100.0% 100.0% 0.0%  93.1% 100.0%
Data Network 95.0% 0.0% 89.2%  0.0% 100.0% 100.0% 100.0% 100.0%
Elevators 14.0% 0.0%  5.4% 0.0%  18.0%  8.0% 8.5% 8.2%
Logistics 88.0% 5.0% 47.0%  5.6% 100.0% 100.0% 100.0% 99.2%
MPrime 100.0% 0.0% 100.0% 0.0% 100.0% 100.0% 100.0% 100.0%
Mystery 100.0% 0.0% 91.1%  0.0% 100.0% 100.0% 100.0% 100.0%
Openstacks 20.0% 0.0%  0.0% 0.0% 100.0% 0.0%  57.4%  0.0%
Rovers 69.0% 21.0% 54.9% 214% 100.0% 99.0% 99.5% 98.7%
Snake 97.0% 0.0% 493%  5.1%  97.0% 92.0% 97.4%  92.3%
Spider 100.0% 0.0% 59.7%  0.0% 100.0% 0.0%  91.5%  0.0%
Traveling Purchaser Problem  97.0% 20.0% 90.2% 19.8% 100.0% 100.0% 100.0% 99.0%
Woodworking 100.0% 0.0% 84.6% 20.0% 100.0% 80.0% 98.9%  80.0%
ZenoTravel 100.0% 9.0% 482%  9.1% 100.0% 98.0% 100.0% 98.5%
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Table 7: Domain-wise results on NL-PDDL-Bench (continued).

. Baseline planner-in-the-loop

Domain
SVR PSR TSR CR SVR PSR TSR CR

Qwen2.5-7B
Assembly 100.0% 0.0%  54.7% 100.0% 100.0% 0.0%  60.1% 100.0%
Data Network 100.0% 0.0%  86.8%  0.0%  93.0% 42.0% 92.0% 40.7%
Elevators 15.0%  0.0% 6.8% 0.5%  12.0%  0.0% 6.3% 2.7%
Logistics 94.0%  0.0%  764%  0.0% 100.0% 92.0% 99.9% 87.2%
MPrime 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
Mystery 100.0% 79.0% 94.8% 78.9% 100.0% 95.0% 99.5%  94.7%
Openstacks 0.0% 0.0% 0.0% 0.0%  40.0% 0.0%  33.0% 0.0%
Rovers 62.0% 4.0% 494% 50% 93.0% 67.0% 91.0% 64.8%
Snake 97.0%  0.0%  76.7% 12.8% 97.0% 69.0% 89.7% 71.8%
Spider 100.0% 0.0%  80.8%  0.0% 100.0% 0.0%  70.4% 50.0%
Traveling Purchaser Problem  100.0% 3.0%  96.6%  3.0% 99.0% 88.0% 99.2%  83.8%
Woodworking 100.0% 0.0%  83.3%  0.0% 100.0% 0.0%  75.8%  20.0%
ZenoTravel 99.0% 96.0% 63.7% 959% 100.0% 81.0% 96.5% 79.2%
Qwen3-8B
Assembly 100.0% 0.0%  61.6% 100.0% 100.0% 0.0%  75.0% 100.0%
Data Network 100.0% 0.0% 100.0% 0.0% 100.0% 100.0% 100.0% 100.0%
Elevators 11.0%  0.0% 9.6% 0.0%  16.0%  6.0% 8.2% 6.0%
Logistics 100.0% 0.0%  62.7% 0.0% 100.0% 100.0% 100.0% 100.0%
MPrime 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0% 100.0%
Mystery 100.0% 100.0% 98.4% 100.0% 89.0% 89.0% 89.5%  89.5%
Openstacks 0.0% 0.0% 0.0% 0.0%  80.0% 0.0% 46.7%  0.0%
Rovers 97.0% 20.0% 75.0% 20.1% 99.0% 97.0% 98.4% 97.5%
Snake 90.0%  0.0%  83.7%  0.0% 97.0% 97.0% 97.4% 97.4%
Spider 50.0%  0.0% 472%  0.0% 100.0% 0.0% 91.9%  0.0%
Traveling Purchaser Problem  99.0%  0.0%  86.1%  0.0%  93.0% 93.0% 93.4% 93.4%
Woodworking 100.0% 0.0%  94.3%  0.0% 100.0% 40.0% 100.0% 40.0%
ZenoTravel 100.0% 99.0% 54.9% 99.5% 100.0% 100.0% 100.0% 100.0%
Gemma3-4B
Assembly 100.0% 0.0%  10.7% 100.0% 100.0% 0.0%  37.5% 100.0%
Data Network 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
Elevators 4.0% 0.0% 0.0% 0.5%  96.0%  1.0% 1.1%  21.2%
Logistics 71.0%  2.0%  19.0%  8.0% 38.0% 34.0% 37.6% 30.4%
MPrime 100.0%  0.0% 0.0% 0.0% 100.0% 0.0% 100.0% 100.0%
Mystery 100.0% 32.0% 58.5% 42.1% 100.0% 84.0% 100.0% 63.2%
Openstacks 0.0% 0.0% 0.0% 0.0%  20.0%  0.0% 0.0% 0.0%
Rovers 0.0% 0.0% 0.0% 0.0%  11.0%  7.0% 9.7% 6.3%
Snake 56.0%  0.0% 0.0%  30.8% 44.0% 28.0% 43.6% 25.6%
Spider 0.0% 0.0% 0.0% 0.0% 100.0%  0.0% 0.0% 0.0%
Traveling Purchaser Problem  16.0%  0.0% 5.8% 6.1%  58.0%  8.0% 11.0% 16.8%
Woodworking 0.0% 0.0% 0.0% 0.0%  80.0%  0.0% 0.0%  20.0%
ZenoTravel 99.0%  0.0%  10.6% 254% 100.0% 80.0% 100.0% 72.1%
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Table 8: Difficulty-wise results on NL-PDDL-Bench. We report SVR/PSR/TSR/CR under Baseline and planner-in-
the-loop for each difficulty level (10/20/30/40).

Baseline planner-in-the-loop

SVR PSR TSR CR SVR PSR TSR CR

Difficulty Level

Gemma3-4B

Level 1 (10) 58.0% 3.0% 17.3% 22.3% 65.0% 41.0% 54.6% 40.2%
Level 2 (20) 28.0% 0.0% 3.8% 3.6% 49.0% 26.0% 26.8% 26.8%
Level 3 (30) 39.0% 0.0% 24%  8.0% 64.0% 22.0% 28.8% 28.4%
Level 4 (40) 23.0% 0.0% 3.6% 64% 64.0% 14.0% 18.9% 22.1%

GLM-4.1V-9B

Level 1 (10) 92.0% 12.0% 24.8% 163% 97.0% 73.0% 93.5% 75.7%
Level 2 (20) 74.0% 10.0% 25.6% 9.6% 80.0% 65.0% 77.0% 65.2%
Level 3 (30) 69.0% 12.0% 22.2% 12.0% 77.0% 65.0% 72.2% 65.2%
Level 4 (40) 67.0% 6.0% 11.6% 6.4% 67.0% 51.0% 61.0% 50.6%

Llama3.1-8B

Level 1 (10) 94.0% 13.0% 65.0% 17.1% 97.0% 91.0% 96.5% 93.6%
Level 2 (20) 70.0% 10.0% 52.2% 10.4% 81.0% 77.0% 78.0% 76.4%
Level 3 (30) 71.0% 7.0% 45.1% 6.8% 80.0% 78.0% 78.2% 77.6%
Level 4 (40) 70.0% 9.0% 492% 92% 81.0% 77.0% 78.6% 77.1%

Qwen2.5-7B

Level 1 (10) 98.0% 24.0% 80.2% 30.7% 97.0% 69.0% 91.5% 72.5%
Level 2 (20) 76.0% 19.0% 61.4% 18.8% 77.0% 58.0% 75.6% 55.2%
Level 3 (30) 69.0% 26.0% 52.8% 26.0% 78.0% 62.0% 76.2% 60.8%
Level 4 (40) 63.0% 18.0% 50.4% 17.7% 75.0% 60.0% 71.9% 59.0%

Qwen3-8B

Level 1 (10) 97.0% 28.0% 78.9% 31.1% 95.0% 88.0% 93.9% 91.2%
Level 2 (20) 77.0% 20.0% 59.1% 20.4% 82.0% 78.0% 77.7% 77.6%
Level 3 (30) 78.0% 30.0% 53.5% 29.6% 78.0% 77.0% 77.1% 76.8%
Level 4 (40) 77.0% 21.0% 54.4% 21.3% 76.0% 73.0% 74.4% 73.1%

DeepSeek-R1-7B

Level 1 (10) 94.0% 45.0% 48.6% 46.3% 96.0% 78.0% 81.4% 79.6%
Level 2 (20) 86.0% 34.0% 38.9% 352% 91.0% 63.0% 65.7% 62.4%
Level 3 (30) 82.0% 27.0% 314% 26.8% 89.0% 51.0% 54.1% 50.8%
Level 4 (40) 76.0% 18.0% 24.6% 18.9% 85.0% 41.0% 45.3% 40.7%

DeepSeek-Coder-V2-16B

Level 1 (10) 53.0% 8.0% 29.1% 10.8% 62.0% 53.0% 56.6% 56.6%
Level 2 (20) 27.0% 3.0% 103% 2.8% 31.0% 27.0% 26.8% 26.8%
Level 3 (30) 30.0% 4.0% 6.6% 44% 36.0% 29.0% 28.8% 28.8%
Level 4 (40) 19.0% 6.0% 63% 64% 24.0% 19.0% 18.9% 18.9%
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