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Abstract

LLM-augmented symbolic planning combines
natural-language goal grounding with symbolic
search and constrained decoding. We present
Abstraction-based Grammar-Constrained
Planning (AGCP), a framework that induces
lifted action schemas from environment roll-
outs, compiles a bounded language of grounded
action sequences that are applicable and goal-
reaching under the induced model, and enforces
that language during decoding. The guaran-
tee is relative to the induced model. Environ-
ment execution additionally requires a sound
induced model and a correct parsed goal. With
the model, prompts, instances, and decoding
settings fixed, replacing a syntax-only gram-
mar with the applicability mask, compiled here
from the domain’s own transition model, moves
goal-reaching samples from 0/160 to 160/160.
On human-annotated ALFWorld goals, verifier-
guided correction raises parse acceptance from
61.4% to 75.4% and execution success from
67.5% to 80.7% on 114 paired tasks. Under
paraphrasing, GPT-4o and Sonnet grounding
remain stable while a regular-expression base-
line falls from 31.9% to 0.8%. Together, these
results locate validity relative to the induced
model in an applicability grammar built from a
symbolically observable, bounded environment.
In this setting, natural-language goal grounding
is the main remaining role of the LLM.

1 Introduction

Planning from a natural-language instruction can
fail in two ways. The plan can be inapplica-
ble, or it can be applicable and solve the wrong
goal. We ask which failure remains with the lan-
guage model once a grammar enforces applicability.
Grammar-constrained decoding methods such as
XGrammar (Dong et al., 2025; Li et al., 2026), Out-
lines (Willard and Louf, 2023) and the grammar-
constrained generation of Geng et al. (2023) mask
invalid tokens at each step so that large language

model (LLM) outputs conform to a fixed gram-
mar or schema. In planning, however, action se-
lection is often still left to the language model
itself (Valmeekam et al., 2023; Yao et al., 2023;
Shinn et al., 2023).

A syntax-only grammar of this kind enforces
a syntactic constraint. It admits exactly the well-
formed strings of a fixed schema, here a JSON
list of action names with correct arity (Dong et al.,
2025). Applicability, whether each action’s precon-
ditions (Fikes and Nilsson, 1971) hold in the state
its predecessors reach, is a semantic property of
the sequence and remains with the LLM. Suppose
block A rests on the table. The grammar admits
both pick up A, then stack A on B and stack A on B,
then pick up A. Only the first is applicable, because
stacking A requires that A is already held.

We study what changes when applicability is
enforced by the grammar rather than predicted by
the LLM. We call such a grammar an applicability
mask. If the framework provides plan validity, an
applicable plan that reaches the goal, without the
LLM, the remaining LLM task is natural-language
goal grounding: mapping an instruction to the pred-
icates and objects of the environment (Valmeekam
et al., 2023; Kambhampati et al., 2024; Valmeekam
et al., 2024).

Research questions. We isolate four components
that may contribute to planning success, namely
the LLM, a hand-crafted parser, the applicability
mask, and the parse-correction loop, so that each
can be evaluated separately. RQ1: Can the LLM
be removed from classical planning once an ap-
plicability mask is available? RQ2: How reli-
able is natural-language goal grounding on human-
annotated goals, and how does it vary across mod-
els and task types? RQ3: Can verifier-guided cor-
rection improve grounding without consulting the
target labels? RQ4: How much of end-to-end suc-
cess is owed to the parse and how much to the
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planner?
To answer them we introduce Abstraction-based

Grammar-Constrained Planning (AGCP). It in-
duces lifted action schemas, the preconditions and
effects of each action type, from environment roll-
outs, which are random action sequences executed
in the environment with the state recorded before
and after each step. From the schemas it compiles
a bounded language of action sequences that are
applicable in the initial state and reach the parsed
goal, and it enforces that language during decoding
as the applicability mask (§3).

AGCP assigns applicability to the induced model
and the decoder constraint, and the LLM operates
at the natural-language (NL) boundary, translating
an instruction into the predicates and objects the
symbolic system requires. The guarantee is condi-
tional. Where compilation succeeds, every admit-
ted sequence is applicable and goal-reaching under
the induced model. Applicability in the environ-
ment further requires a sound model, and satisfying
the instruction requires a correct parse. Holding
the model, prompts, instances and decoding fixed
and varying only the mask, we find that no sampled
plan reaches the goal under a syntax-only gram-
mar, while every sampled plan reaches it under the
applicability mask.

Contributions.

• We introduce AGCP, a framework that induces
an applicability grammar from environment
rollouts and enforces it during decoding, and
we state the conditions under which its guar-
antee holds.

• We isolate the applicability mask experimen-
tally, holding everything but the grammar
fixed, and we measure per domain how often
the compiled grammar stays within its state
budget rather than assuming the favourable
case.

• We separate language grounding from sym-
bolic planning through mask-isolation, plan-
ner and paraphrase controls across classical
and human-annotated tasks.

• We evaluate verifier-guided parse correction,
replicated on a second model family, and state
the information boundary between environ-
ment feedback and label leakage.

2 Background and Related Work

Constrained decoding. XGrammar (Dong et al.,
2025), Outlines (Willard and Louf, 2023),
DOMINO (Beurer-Kellner et al., 2024) and Geng
et al. (2023) enforce grammars during decod-
ing. PICARD (Scholak et al., 2021) and Syn-
chromesh (Poesia et al., 2022) add static seman-
tic checks such as schema, scope and type con-
sistency. ChopChop (Nagy et al., 2026) supports
programmable semantic constraints over partially
generated programs. Our Genv intersects the action
grammar with the reachability automaton of a tran-
sition model induced from rollouts. The resulting
constraint covers applicability and goal reachabil-
ity wherever the intersection compiles (§3.3). In
concurrent work, Meta-Ctrl (Yidou-Weng et al.,
2026) enforces preconditions and goals through
grounded-action tokens, and CLAMP (Ma and Ko-
rdjamshidi, 2026) combines scene-grounded decod-
ing constraints with world-state lookahead. Both
assume a supplied symbolic action model.

LLM-as-planner. Valmeekam et al. (2023) es-
tablish PlanBench and report GPT-4 one-shot plan
generation at 34.3% on Blocksworld and 4.3% on
deceptive Mystery Blocksworld, with Valmeekam
et al. (2024) extending this to reasoning models. In
LLM+P (Liu et al., 2023) the LLM emits a Plan-
ning Domain Definition Language (PDDL) (Mc-
Dermott et al., 1998) problem for a classical
solver, so the planner is sound while the problem-
specification step is not. ReAct (Yao et al., 2023)
interleaves reasoning and action, Reflexion (Shinn
et al., 2023) carries verbal feedback across trials,
and Self-Refine (Madaan et al., 2023) revises out-
puts with feedback from the same LLM. None en-
forces applicability during decoding. Wang et al.
(2024) maintain a Minecraft skill cache, the closest
prior work to our schema reuse, without soundness
guarantees, and AutoPlanBench (Stein et al., 2025)
benchmarks LLM-planning strategies on IPC (In-
ternational Planning Competition) domains without
grammar-constrained variants.

Verifiers and LLM-authored world models.
Kambhampati et al. (2024) argue that auto-
regressive LLMs cannot plan or self-verify un-
aided and must be vetted by external model-based
critics. Our results support that position with a
stronger constraint, a decode-time applicability
mask. That work also cautions that confining the
LLM to syntax reformulation is a severely limited
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role. Our measurements separate the two regimes
in §5.2. Guan et al. (2023) also externalise plan-
ning to a sound solver, but have the LLM write
the PDDL domain and repair it from validator and
human feedback. We induce the schemas from
rollouts and gate them by replay, so no LLM au-
thors the world model. SayCan (Ahn et al., 2023)
scores skills by combining language-model like-
lihood with learned affordances, and Grounded
Decoding (Huang et al., 2023) folds environment-
dependent grounding functions into token genera-
tion. AGCP instead compiles a transition model
into a grammar whose accepted plans are appli-
cable and, under the horizon-bounded construc-
tion, goal-reaching relative to that model. Xie et al.
(2023) translate natural-language goals into plan-
ning representations for a classical planner, as our
parser does, and Planetarium (Zuo et al., 2025)
benchmarks that step. We evaluate on ALFWorld
because it supports the execution and feedback ex-
periments.

Action-schema learning. LOCM (Cresswell
et al., 2013) and the action-relation modelling sys-
tem (ARMS) (Yang et al., 2007) learn STRIPS ac-
tion schemas from plan traces without a complete
action model supplied in advance. ARMS addi-
tionally takes action signatures and typed relations
as input. Safe action-model learning (Juba et al.,
2021) learns conservative schemas whose plans
are guaranteed applicable under the true model, as-
suming injective action bindings, which its E-SAM
extension relaxes. Our precondition rule is the
same intersection, but positional templating makes
no binding assumption. Pre-minimality refinement
and the causal effect rule trade the guarantee for
coverage, which the replay gate then tests empiri-
cally. None of these methods integrate with LLMs
or ingest natural-language goals. Our E1 follows
this line and composes schema induction with Genv,
masked decoding, and natural-language goal pars-
ing.

Notation. A planning problem is a tuple
(P,O,A, s0, g) where P is the predicate vocab-
ulary, O the object set, A the action set, s0 the
initial state, and g the goal. A state s is a set of
ground atoms over P ×O≤k, where k is the max-
imum predicate arity, so an atom is a predicate
applied to a tuple of objects. We reserve env for
the transition system itself, given by A and its tran-
sition function, and state for a single such atom
set within it. A transition is written (s, a(o⃗), s′),

environment schemas Genv
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parse E4 / decode E3

environment
facts verifier

plan

trajectories
SCI-ReDuce

parse counts +
hint cache
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E5 sig-subset reuse
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Figure 1: The six-edge closed loop. The LLM box
represents two constrained calls: goal parsing under a
JSON schema (E4) and plan decoding under Genv (E3).
Only goal parsing requires language understanding. The
parsed goal enters compilation at E2. Two mechanisms
correct the parse at E4. Layer A re-prompts within a
task, for up to K iterations, with the affordance viola-
tions reported by the environment-facts verifier (dashed
backward arrow). Layer B injects per-type slot-value
statistics and filtered slot-correction hints from a cache
updated across tasks.

where applying the ground action a(o⃗) in state s
yields successor state s′. An action a ∈ A has
lifted preconditions and add/delete effects over P .
A plan π = a1, . . . , an is applicable in s0 if each
ai’s preconditions hold in the state reached after
a1, . . . , ai−1, and goal-reaching if applying π to
s0 entails g. A natural-language goal gNL must be
parsed into a structured atom set before the plan-
ning problem is fully specified. That parse is the
only LLM-dependent edge.

3 The AGCP framework

AGCP maps a natural-language goal to an executed
plan through schema induction, constrained decod-
ing and environment feedback (Fig. 1).

3.1 Six-edge closed loop

E1 induces lifted schemas from random rollouts
(≈ 500 attempts per domain). E2 compiles the
applicable, goal-reaching language into a context-
free grammar (CFG) by breadth-first search (BFS),
falling back to A⋆+hAdd (Bonet and Geffner, 2001)
when the state budget is exhausted. E3 enforces the
mask via XGrammar. E4 parses the NL goal into
an atom set under a JSON schema whose allowed
values are the induced predicate symbols. This is
the only LLM-dependent edge. E5 stores replay-
passing schemas in a schema library indexed by
signature (App. O), and E6 executes the plan and
reads the environment’s success signal.
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3.2 Lifted-schema induction (E1)
The environment is a black box, so PDDL action
schemas are unavailable. We recover lifted precon-
ditions and effects for each action symbol. For an
action symbol a, we collect a multiset Ta of suc-
cessful transitions (s, a(o⃗), s′) and induce its lifted
schema over lifted predicate sets:

pre(a) =
⋂

Ta

lifto⃗(s)

add(a) =
⋃

Ta

lifto⃗(s
′ \ s) ∩

⋂

Ta

lifto⃗(s ∪ s′)

del(a) =
⋃

Ta

lifto⃗(s \ s′) \
⋃

Ta

lifto⃗(s ∩ s′)

where lifto⃗ replaces object ids with templated ar-
gument slots at their position (App. C). Predicates
holding in s for every successful a(o⃗) are candi-
date preconditions, since an incidental correlation
can survive the intersection. An add effect is a
lifted atom that some transition adds and that no
transition leaves absent both before and after, and a
delete effect is one that some transition deletes and
no transition keeps throughout. For Blocksworld’s
pickup(x), the intersection of ≈50 rollouts recov-
ers the standard PDDL definition without schema
text. Pre-minimality refinement then drops a candi-
date precondition when the domain’s ground opera-
tor still applies with that atom removed from an ob-
served state, a counterfactual query beyond passive
rollouts (App. C) that four IPC-2023 domains re-
quire. As an acceptance test, induced schemas must
replay ≥ 90% of held-out transitions, and those
that fail are excluded from Genv. Passing raises
confidence without certifying the model, since a
schema can clear the threshold and still mispredict
transitions the mask admits. Intersection recov-
ers only preconditions holding in every observed
transition, so a type-dependent one absent from
all of them is missed, which §5.4 identifies as the
dominant residual error of the induced planner.

3.3 Induced applicability mask Genv (E2)
From lifted schemas Σ̂ and an initial state
s0 the compiler builds a finite-state machine
MΣ(s0) over (state, steps-remaining) pairs by
BFS bounded at a plan horizon H . It includes a(o⃗)
as a transition from s to s′ only when pre(a)[o⃗]
holds in s. The machine encodes the intersection of
the syntactic action grammar with the reachability
relation from s0. Bounding plan length over a fi-
nite grounded action alphabet makes the intersected

language finite, and therefore regular, so it is repre-
sentable as a deterministic finite automaton (DFA).
The DFA is emitted in extended Backus–Naur form
(EBNF), giving a CFG Genv whose language is ex-
actly the grounded action sequences reaching a goal
state within H actions, which XGrammar enforces
as a hard token mask.

Two properties follow, and both are relative to
the induced model Σ̂ and the parsed goal ĝ. Under
goal-validity, if compilation returns a non-empty
language then every π ∈ L(Genv) is applicable in
s0 under Σ̂, reaches ĝ, and respects the horizon
H , because BFS emits only paths satisfying all
three. Under LLM-independence, any completed
output of an LLM whose token distribution has full
support on the masked vocabulary reaches a goal
state within H actions, since every legal contin-
uation leads to one. Its only role is tie-breaking
among already-valid continuations. The property
concerns accepted outputs and does not guarantee
that decoding completes within the token budget.

Two further conditions are needed before ei-
ther property says anything about the environment
or the user. Applicability in the environment re-
quires Σ̂ to be sound on the transitions the mask
admits, which the replay gate of §3.2 tests empiri-
cally but does not certify. Satisfying the instruction
requires ĝ to be a correct parse, which is the LLM-
dependent edge and fails at the rates of §5.2. A plan
can therefore be valid under the induced model and
still be the wrong plan.

Boundary condition: when the mask can be
built. Both properties are conditional on Genv
compiling, and that is a property of the environ-
ment. The construction assumes Boolean predi-
cate state, deterministic transitions, full observabil-
ity, finite-arity grounded schemas and a reachable
state space enumerable within a 5000-state bud-
get. Once that budget is exhausted the compiler
falls back to A⋆+hAdd over the domain’s PDDL
model, which that path takes as input in place of
the induced schemas, and emits a single sequence
as a degenerate GA⋆

env. Goal-validity still holds, but
the grammar contains a single classical plan, so
decoding no longer makes a planning choice.

On PlanBench T1, the full multi-path Genv com-
piles within the state budget on Blocksworld, Mys-
tery Blocksworld and Logistics (30/30 pooled,
N=10 per domain, cap never reached). Depots
exhausts the state budget on all 30 instances and
falls back to A⋆, which solves 30/30. At the larger
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AutoPlanBench scale (Stein et al., 2025), 70 of 230
instances compile under BFS, 16 of them from a
capped reachability set. A further 104 reach the
cap without reaching a goal state and 17 time out,
and A⋆ recovers 93 of those 121. The other 39
never reach compilation.

Compile provenance. On PlanBench T1 the
generic BFS compiler produces no grammar, and
A⋆+hAdd supplies the grammar for all 60 instances.
The 100% reported there therefore comes from
classical search encoded as a grammar. Multi-
path masked decoding contributes nothing on that
path. The per-domain statistics above come from
a corrected state encoding under which BFS does
produce grammars, with applicability during BFS
answered by the domain’s exact ground operators
rather than by the induced preconditions. The mask
isolation of §5.1 uses a Blocksworld-native com-
piler whose transition rules are hand-coded, so it
isolates the mask and not the induction. The in-
duced schemas determine the component-F1 result
of §5.1, the induced planner of §5.4 and the reuse
probe of App. O (Table 13).

3.4 NL-goal parsing with parse-layer
correction (E4)

One-shot parsing can yield structurally valid but
semantically wrong atom sets. A common failure
is class confusion. For example, when asked to
examine the floor lamp in the bedroom, the LLM
names a floor lamp as the object to toggle, even
though the only lamp present is a desk lamp whose
canonical class name the parse must reproduce ex-
actly. The mask accepts the wrong name because it
is well formed, so the error surfaces only when the
name is checked against the scene’s affordances
(Layer A below) or at execution.

One-shot parser. The LLM parses the natural-
language goal description under a JSON schema
whose allowed values are the predicate symbols
from the induced lifted schemas, or ALFWorld’s
slot and object-type vocabulary. XGrammar en-
forces the schema for the local model. Cloud
models receive it in the prompt and their output
is checked after generation (App. S). On Plan-
Bench an environment-facts verifier checks that
each predicate is an induced one and each argument
a valid object identifier, a rejected parse counts as
a failure, and the parse column of Table 7 is se-
lected among four samples by a label-scored veri-
fier (App. G). The ALFWorld model comparison

of §5.2 scores each model’s parsed output directly,
with unparseable output scored as empty, and uses
no ground-truth-aware reranking. For reporting we
score a parse against the ground-truth goal (PDDL
atoms on PlanBench, goal slots on ALFWorld) at
F norm
1 ≥ 0.9 (App. S).

Two correction layers. Layer A acts within a
task. After each parse every slot value is checked
against environment affordances read from ALF-
World’s symbolic state observation, and if a slot
is unrecognised the LLM is re-prompted with that
slot and the scene’s legal alternatives, up to K=3
iterations. Layer B acts across tasks. Two per-task-
type stores are updated online: frequency tables
over slot values from past successful parses, whose
top-3 entries are added to the prompt, and short slot-
correction rules extracted from past failed parses.
A phrase blocklist removes hints that describe ac-
tions to execute, and a hint must name a slot value
(App. U). The filter is a keyword rule rather than
a guarantee. All 19 retained hints are slot-level
corrections. Neither layer consults a ground-truth
solution or an expert demonstration (App. H.1).

Layer B’s only supervision is the environment’s
success signal and its affordances. The ground-
truth goal conditions are recorded for scoring and
never read by the correction loop, and the stream is
online (App. U).

3.5 SCI-ReDuce: schema-free induction
fallback

The pipeline above assumes symbolic transitions
(s, a(o⃗), s′) exposing predicate-level state deltas.
SCI-ReDuce relaxes that requirement at induction
time. It compresses successful action sequences
alone, treating actions as opaque symbols, and then
indexes each macro by the ground atoms shared
by the recorded states at which it was observed.
Induction therefore needs recorded states but no
per-action deltas and no schema, and decode-time
admission still consults state. We adapt the com-
pression procedure of ReDuce (Muggleton, 2025),
add the state-based indexing, call the result SCI-
ReDuce, and give the complete adapted algorithm
in App. P. Decode-time admission requires the cur-
rent state to entail the macro’s entry class. If a
macro’s executability and exit class depend only
on its entry class, this gives L(G) ⊆ Lexec, with
Lexec the sequences executable from the current
state (Prop. 3). Without that assumption, entry-
class admission is a heuristic.
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SCI-ReDuce provides a weaker guarantee. The
horizon-bounded construction of §3.3 carries
soundness and termination at a goal state, whereas
SCI-ReDuce carries soundness only under the
assumption above and admits unbounded macro
loops. No sampled plan completed within the
tested token budget (§5.4). We therefore scope
the rollout-induction claim to environments whose
state can be observed symbolically at decode time.

4 Experiments

We evaluate nine systems, eight instruction-tuned
LLMs spanning four model families together with
a non-neural alias-table baseline. Qwen-2.5-1.5B
runs locally under XGrammar JSON-schema mask-
ing. Qwen-2.5-7B and Llama-3.3-70B run via
Together.ai (Together AI, 2024; Meta AI, 2024;
Grattafiori et al., 2024), GPT-3.5-turbo, GPT-4o-
mini and GPT-4o (OpenAI, 2024) via OpenAI, and
Claude-Haiku-4.5 and Claude-Sonnet-4.6 via An-
thropic. We generate one output per ALFWorld
task, no ground-truth-aware reranking there, and
N=251 per cell.

We use three benchmarks. PlanBench
T1 (Valmeekam et al., 2023) covers four IPC do-
mains, scored by the VAL plan validator (Howey
et al., 2004). ALFWorld (Shridhar et al., 2021)
supplies human-written task descriptions, N=251
per split, covering 242 distinct tasks in distribution
(seen) and 85 out of distribution (unseen), since AL-
FRED provides about three descriptions per task,
across seven task families. Execution loads six of
them and the primary execution subset is five (§5.4).
Tests pair rows and do not model within-task
clustering. The IPC-2023 learning track (Taitler
et al., 2024) and AutoPlanBench (Stein et al.,
2025) add breadth. We compare against four base-
lines: a hand-crafted regular-expression (regex)
parser with an alias table of about 200 entries,
an LLM-removed pipeline running pure A⋆+hAdd
over the benchmark’s PDDL model, ALFWorld’s
HandCoded TextWorld (TW) expert as the E6

planner, and our Qwen-1.5B implementation of
LLM+P (Liu et al., 2023) on Depots. We report
Wilson 95% confidence intervals (Wilson, 1927)
for binary outcomes and exact McNemar binomial
tests (McNemar, 1947) with Cohen’s h (Cohen,
1988) for paired comparisons. Full model, decod-
ing, metric and seed settings are in App. S. Our
evaluation guards against five inflation patterns,
such as counting a 0-action empty plan as a solu-

Domain LLM+Pa No-LLMb AGCPa

Blocksworld — 10/10 10/10
Mystery — 10/10 10/10
Logistics — 10/10 10/10
Depots 0/30 30/30 30/30

Pooled — 60/60 60/60

Table 1: PlanBench T1 plan-generation accept counts
on matched instance sets, N=10 for Blocksworld, Mys-
tery and Logistics and N=30 for Depots. aQwen-1.5B;
bpure classical (A⋆+hAdd over the benchmark’s PDDL
model, no LLM call). LLM+P is our own Qwen-1.5B
implementation of the approach of Liu et al. (2023),
run on Depots only and scored under the corrected non-
empty-plan criterion. Without it the same run reads
12/30 (App. H). For these instances the compiled gram-
mar is the degenerate GA⋆

env throughout, so the No-LLM
and AGCP columns represent classical search over the
same model.

tion. Three are inherited from evaluation compo-
nents of earlier pipelines and two are specific to
our own pipeline. Excluding them mostly lowers
the figures reported here (App. H).

5 Results

We examine plan validity (RQ1), language ground-
ing (RQ2), parse correction (RQ3) and end-to-end
execution (RQ4).

5.1 RQ1: what carries plan validity on
classical planning

On the classical PlanBench tasks we evaluate, re-
moving the LLM does not change plan validity.

Removing the LLM. Qwen-1.5B under Genv
parses all 120 natural-language goals correctly un-
der verifier-selected sampling (App. G), matching
the hand-crafted regex baseline. Classical search
alone, A⋆+hAdd over the benchmark’s PDDL
model, solves every instance, 60 of 60, scored
on the same instances as the full pipeline (Ta-
ble 1). Across 10 IPC-2023 domains, all 46 ac-
tion schemas, 44 induced and 2 reused from the
schema library, reach component-F1 ≥ 0.9 against
the PDDL ground truth with no domain-specific hy-
perparameters. Three domains were first reduced
to STRIPS by dropping negative preconditions
(App. S).

Isolating the mask. Matched columns show that
the LLM is unnecessary for plan validity on these
instances, but they do not isolate the mask. We
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therefore hold the model (Qwen-1.5B), prompts, in-
stances, and decoding configuration fixed, sample
K=8 plans per instance, and vary only the gram-
mar. Under a syntax-only action grammar, which
admits any well-formed sequence of grounded ac-
tion strings and is the guarantee a conventional con-
strained decoder provides, no sampled plan reaches
the goal on either domain, 0 of 80 on Blocksworld
and 0 of 80 on Mystery Blocksworld. All 160 sam-
ples parse, so every failure is semantic. Of these,
158 violate an action precondition, most often that
a block is not on the table (39 per domain), not clear
(14), or that the gripper is already full (12). The
remaining two run to the horizon without reach-
ing the goal. Under Genv, compiled here from a
hand-coded Blocksworld transition model (§3.3),
every sample reaches the goal, 80 of 80 on both
domains, and the first sample is already valid on
all 10 instances. The result also holds on Mystery
Blocksworld, whose action names are obfuscated.
The syntax-only control uses the same coarse gram-
mar on both domains, so its Mystery result is not an
independent obfuscation control. Across five jail-
break prompts at Qwen-2.5-7B, the coarse-syntax
baseline admits no sound plan in 100 samples and
Genv admits all 100.

Template sensitivity. This parse rate does not
measure robust language understanding at 1.5B.
PlanBench’s instructions are templated. On Lo-
gistics, Qwen-1.5B parses 56.7% of goals from
the base prompt and 100% with a canonicaliser
and one in-context alias example (App. G). On 10
Blocksworld instances the model handles the orig-
inal phrasing and a lexical paraphrase perfectly,
while syntactic re-bracketing and article elision
each drop it to zero. Evidence for an LLM contri-
bution beyond templated prompts comes from the
human-goal model comparison.

5.2 RQ2: what the LLM contributes to
grounding

On human-annotated goals, goal grounding be-
comes the main source of variation. Its accuracy
differs across models in distinct levels rather than
continuously. By accept rate the nine systems (Ta-
ble 2) fall into three performance bands, a descrip-
tive grouping that pairwise exact McNemar tests
with Cohen’s h on the 251 paired rows then char-
acterise. The lower band, at roughly 30%, holds
the regex baseline and Qwen-1.5B (p=0.81). At
this scale we detect no difference in aggregate ac-

IID % [CI] OOD % [CI]
System N=251 per split

Regex (alias table)∗ 31 [25, 37] 32 [26, 38]
Qwen-1.5B (greedy) 30 [24, 35] 42 [36, 48]§

Qwen-2.5-7B-Turbo† 42 [36, 48] 52 [46, 58]§

Llama-3.3-70B-Turbo† 41 [35, 47] 55 [49, 61]§

GPT-3.5-turbo 40 [34, 46] 50 [44, 56]§

GPT-4o-mini 44 [38, 50] 53 [47, 59]

Haiku 4.5‡ 49 [42, 55] 57 [51, 63]
GPT-4o 56 [50, 62] 62 [56, 68]
Sonnet 4.6‡ 60 [54, 66] 67 [61, 73]

Table 2: ALFWorld natural-language goal parse across
models, accept rate with Wilson 95% CIs. Accept iff
F norm
1 ≥ 0.9 against the ground-truth goal conditions af-

ter the normalisation of App. S. Decoding is greedy for
the local model and temperature 0.3 for cloud models,
with no ground-truth-aware reranking. Horizontal rules
separate the three performance bands discussed below.
The OOD-minus-IID gap grows for every LLM (+6 to
+14 percentage points, pp) while regex stays at 31 to
32%. ∗∼ 200-entry alias table, App. D. †Together.ai.
‡Anthropic. Haiku is single-seed because of rate lim-
its. Sonnet and GPT-4o report the first of three seeds.
§N=255 from a later version of the unseen split. Per-
seed counts and mean F1 in App. J. Frontier seed vari-
ance is ≤1.3pp.

ceptance from a hand-written parser. The middle
band, at 40 to 44%, holds GPT-3.5, Qwen-2.5-
7B, Llama-3.3-70B and GPT-4o-mini, and none of
its six within-band pairs separates (p>0.13). The
higher band, at 49 to 60%, holds Haiku, GPT-4o
and Sonnet. Haiku separates from the other two
(p<10−3), which do not separate from each other
(p=0.17). Adjacent bands separate at p<0.05 in
every pairwise test, unadjusted for the 36 compar-
isons, and the effect at the middle-to-higher bound-
ary is small (h=0.10 for GPT-4o-mini against
Haiku). The widest separation is GPT-4o against
regex at p=1.6×10−17 and h=−0.52 (App. I).

Within one family, size matters, since Qwen-
1.5B and Qwen-2.5-7B fall in different bands, but
the larger open models do not reach the higher band
of closed-source models of undisclosed size. Our
systems vary in family, training data and size at
once, so we do not attribute the ordering to any one
of these. The bands track which parts of an instruc-
tion a system recovers. The lower band recovers
only slot values stated explicitly in the instruction,
the middle band recovers moderate paraphrase but
misses implicit modifiers, and the higher band re-
solves those and most class confusions. The model
gap is also larger out of distribution than in it, by
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5 to 13pp, while the regex baseline remains at 31
to 32%. Because similar gaps appear across three
model vendors, the result is consistent with fron-
tier models recovering semantic relations that a
fixed alias table cannot encode. The gap concen-
trates in the two families carrying implicit object-
temperature semantics, Cool & Place and Heat &
Place, and shrinks to +8.7pp where object and re-
ceptacle are both named explicitly (App. F).

Paraphrase control for memorisation. ALF-
World’s goal strings have been public since 2020,
so evaluated models may have been exposed to
them, and the unseen split varies scenes while
reusing goal templates. Recall of familiar strings
is therefore an alternative explanation for the ob-
served model advantage. We rewrote all 251 out-of-
distribution goals as freshly generated paraphrases
using Llama-3.3-70B, a third model family, hold-
ing object and location nouns verbatim and leaving
prompt, scorer and threshold unchanged. If the
advantage depended on the original surface strings,
accuracy should fall.

It does not. GPT-4o scores 62.9% on the para-
phrases against 62.2% on the originals, and Son-
net 68.5% against 67.3%, with no detected differ-
ence in either case (paired McNemar p=0.75 and
p=0.55). Qwen-2.5-7B holds its position at 51.0%.
The alias-table baseline, whose knowledge is the lit-
eral wording, falls from 31.9% to 0.8%, losing 78
instances and gaining none (p=6.6×10−24). Son-
net outperforms regex on 171 of the 172 discordant
paraphrased instances (p=5.8×10−50), so the gap
is wider on the rewritten text than on the original.
Under a more aggressive synonym condition the
LLMs decline moderately (Sonnet 57.8%) while
regex remains low (17.1%). The largest Sonnet-
over-regex gaps on the paraphrased text fall on ex-
actly the implicit-modifier families, above +80pp
on each of heating, cooling and cleaning. The base-
line depends on the original surface form, while the
frontier models do not show the same dependence.
This does not establish that memorisation makes no
contribution, since familiarity with the ALFRED
ontology could survive a rewrite that holds object
nouns fixed.

5.3 RQ3: Parse-layer correction mechanisms

Both correction layers improve grounding. All
numbers below come from one uniform paired
set of 114 unique ALFWorld instances, parsed by
Claude Sonnet at T=0.3, so every increment shares

a denominator. The stream holds 119 rows, five
task ids recur, and we keep the last occurrence of
each. Layer B is updated on the repeated descrip-
tions during the run. Because correction operates
on the parse, we report both parse acceptance and
downstream execution. Parse acceptance, the share
of parses at F norm

1 ≥ 0.9 against the ground-truth
goal slots, rises from 61.4% one-shot to 69.3% un-
der Layer A and 75.4% with Layer B added, a
gain of 14.0pp. Task completion, scored by ex-
ecution in the environment, rises from 67.5% to
75.4% and then 80.7%, a gain of 13.2pp. On
task completion Layer A corrects nine instances
and degrades none (exact McNemar p=0.0039),
and Layer B corrects a further six and degrades
none (p=0.031). The parse-level increments carry
the same significance (p=0.0039 and p=0.039).
Layer B’s separate increment is sensitive to the
occurrence rule. Keeping the first occurrence in-
stead gives +5/−0 (p=0.063) on task completion
and +7/−1 (p=0.070) at parse level, while the
composed gain over one-shot stays at +15/−0
or +14/−0 (p ≤ 1.2× 10−4) under either rule
(App. H.1). We therefore treat the composed cor-
rection as the primary result and the Layer B incre-
ment on its own as suggestive. Without a B-only
arm or an equal-call retry control we do not claim
that the layers act independently or that the gain
is specific to feedback rather than to added sam-
ples. Replicating both layers on GPT-4o lifts task
completion from 67.2% to 75.6% over the 119-row
stream, and the composed effect remains signifi-
cant on the paired set (p=0.006).

The gain is concentrated rather than uniform.
It falls on Examine in Light (+15pp) and Pick &
Place (+15pp), the two families in which the model
confuses near-synonymous object classes such as
the two lamps above, and is neutral where failures
lie in the planner rather than in the parse. That
pattern is what targeted recovery of class confu-
sion predicts, though it does not exclude a sam-
pling effect that happens to be family-dependent
(App. H.1).

5.4 RQ4: end-to-end success and planner
credit

For end-to-end evaluation, we pass the LLM-parsed
goal conditions to ALFWorld’s TextWorld engine
and execute action by action, reading success
from the environment’s own success signal (won).
Across the 119 core-5 instances, with no filter on
parse quality, the loop succeeds on 68.1% (Wilson
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E6 planner Success vs expert

HandCoded TW expert 67.5% —
Llama-3.3-70B, step-wise 36.8% +5/−40
AGCP-induced planner 36.0% +0/−36

Table 3: Three planners on identical parses: the same
114 unique Sonnet parses, with no filter on parse quality.
The last column gives paired exact McNemar against
the ALFWorld expert policy (p=7.9×10−8 and p=2.9×
10−11). Induced versus LLM-as-planner is +16/−17,
p=1.0. Coverage variants over the filtered and full-6-
type streams are in App. T.

[59, 76], App. T). The rate over all six task types
is 56.6% of 143 instances, and the gap to core-5
reflects limits of the TextWorld library rather than
of the pipeline.

Parse and policy contributions. That figure uses
the expert policy provided with ALFWorld, so it
measures a correct parse combined with a hand-
written, schema-driven policy. To separate the two
contributions we hold the parses fixed, using the
same 114 unique Sonnet parses, and replace only
the planner (Table 3). A planner induced entirely by
our own pipeline reaches 36.0%. It uses schemas
from goal-free stratified exploration, greedy search
over the induced model, and generic recovery from
admissible-command feedback, with no LLM in
the loop and no ground truth. The expert policy
strictly dominates it, winning 36 instances and los-
ing none (p=2.9×10−11). With parses held fixed,
the expert policy outperforms the induced planner
by roughly 31 points. The induced planner still
succeeds in all five task types, and reaches 50.7%
when the parse is correct. A frontier LLM in the
same role does no better. Llama-3.3-70B, choosing
actions step by step on the identical parses, reaches
36.8% against the induced planner’s 36.0%, a dif-
ference we do not detect (+16/−17, p=1.0). Its
success over the 119-row stream is 36.1% under
both a 30- and an 80-step cap, so the cap does not
bind in aggregate. The induced planner’s failures
locate the induction boundary. Of its 73 failures,
37 return no plan within the search budget. The
inspected failures are consistent with schema in-
completeness: one conjunction per action cannot
express a placement precondition of the form the
receptacle is open or is not openable (App. R).

Grammar induction without predicate deltas.
SCI-ReDuce (§3.5) compresses action sequences
and indexes macros by the recorded states, without

per-action deltas or a schema. State is still read at
decoding time from the symbolic simulator, so the
comparison bounds the induction algorithm rather
than the fully opaque regime. The raw grammar ad-
mits unbounded macro loops, and under it no sam-
pled plan completed within the tested token budget
on any of the 20 held-out instances. Applying the
same horizon-unrolling Genv uses, with the horizon
set to the reference plan length plus four, restores
termination and yields 37.5% instance success with
any of 8 samples, against 32.5% gold-plan cover-
age on the same splits. All 15 instances whose com-
piled language is non-empty are solved, and 118
of the 120 plans sampled on them reach the goal.
The instance-level loss is therefore incompleteness
of L(G), with 62.5% of held-out instances failing
to compile at all. This is a partial-coverage fall-
back, and its measured coverage is what bounds
that claim (App. L).

6 Conclusion

Where the applicability mask compiles, it provides
plan validity under the model it is compiled from.
Varying only the mask, no sampled plan reaches
the goal under a syntax-only grammar while every
one reaches it under the applicability mask. Where
the mask does not compile, classical search over
the given planning model provides validity instead,
and on the classical tasks we evaluate neither route
needs an LLM to generate the plan. The LLM per-
forms goal grounding, which varies across model
families, improves under verifier feedback, and sur-
vives a paraphrase control under which a surface-
matching baseline fails. The mask compiles on
three of four PlanBench domains and schema-free
induction fails on 62.5% of held-out instances, so
grammar-constrained decoding provides semantic
validity where the environment can be enumerated.
This is also the regime in which classical planning
is strongest.

7 Limitations

Scope of the guarantee. The framework carries
validity only when the environment is symbolically
observable and its reachable state space is enumer-
able within the state budget. That regime largely
coincides with the one classical planning already
solves, so the result is a credit assignment within
grammar-constrained decoding rather than a claim
about planning at large. Moving beyond it requires
either a compilation method that scales beyond ex-
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plicit state enumeration, or an induction method
that recovers the type-dependent preconditions that
§5.4 identifies as the dominant residual error.

ALFWorld scope. The ALFWorld model com-
parison (Table 2) tests edge E4 (NL goal to struc-
tured atoms) in isolation, scored against ALF-
World’s ground-truth goal conditions after alias
normalisation. It measures parse quality alone. The
closed-loop E6 result (§5.4) does provide end-to-
end task completion, but only on 5 of 7 task types.
ALFWorld’s HandCoded TW policy does not sup-
port Pick & Place with Movable Receptacle, and
Pick Two & Place fails in the library itself, running
to the step limit even on ground-truth parameters.
Both are excluded from the filtered rates of App. T
and from the 68.1% unconditional core-5 rate. That
appendix also reports the unfiltered six-type rate
of 56.6%. Broader coverage would require fixing
ALFWorld’s TextWorld policies, which is out of
scope here.

Residual contamination risk. ALF-
World (Shridhar et al., 2021) and its ALFRED
trajectory data have been public since 2020. Its
version-2.1.1 task descriptions and its canonical
seen and unseen validation splits are indexed by
Common Crawl and appear verbatim in dozens
of downstream repositories. The unseen split
varies room layouts while reusing goal templates.
The frontier models we evaluate may therefore
have been exposed to these goal strings during
pretraining, a concern documented broadly for
popular benchmarks (Sainz et al., 2023; Golchin
and Surdeanu, 2024; Balloccu et al., 2024). The
paraphrase control of §5.2 shows that the model
advantage does not depend on the original surface
strings, while a surface-matching baseline does. It
does not establish the absence of contamination.
Because our paraphrases hold object and location
nouns fixed by design, exposure to the ALFRED
ontology, such as which objects are coolable,
could still contribute. The stronger test is a
contamination-controlled NL-to-PDDL benchmark
with newly authored goals held out until evaluation.
Planetarium (Zuo et al., 2025) is public and does
not provide that control for the models studied
here.

API non-determinism of cloud LLMs. Frontier-
model cloud APIs offer no setting that makes their
output exactly reproducible. OpenAI documents
its seed parameter as best-effort and Anthropic

has none. Our reported cloud-LLM numbers are
therefore single-seed at temperature= 0.3. We
bound the expected non-determinism noise empir-
ically. The GPT-4o-mini 4-seed variance check
at N=251 ALFWorld yields {110, 111, 111, 109}
correct, stdev = 0.4 pp. That is well below the +25
to 35 pp LLM-vs-regex effect we report, and below
the Wilson 95% CI half-width at N=251.

Ethical Considerations

This work studies grammar-constrained decoding
for symbolic planning tasks (Blocksworld, Mystery
Blocksworld, Logistics, Depots, IPC-2023 STRIPS
domains). It does not involve human subjects, de-
mographically identifying data, or generated con-
tent about people. The benchmark environments
(PlanBench (Valmeekam et al., 2023), IPC-2023
learning track, AutoPlanBench (Stein et al., 2025)
and ALFWorld (Shridhar et al., 2021)) are public.

A possible misuse vector for any grammar-
constrained decoding method is bypassing
alignment-time safety constraints by re-projecting
LLM logits onto an attacker-supplied grammar.
Our jailbreak ablation shows the same content-
independence. Under five jailbreak prompts the
coarse-syntax baseline admits no sound plan in 100
samples and the mask admits all 100 (§5.1), so the
mask carries soundness regardless of the prompt.
It does not substitute for safety reinforcement
learning from human feedback (RLHF) or for
input filtering.

All code, induced schemas, generated plans,
baselines and per-experiment logs are released at
https://github.com/nuuoe/AGCP (App. M).
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A Notation summary

The notation used below is summarised here.

Symbol Meaning

P , O, k predicates, objects, max arity
A action set of the environment
s, s0 state (set of ground atoms), initial state
g, ĝ goal, and the goal parsed from language
Σ, Σ̂ lifted action schemas, and those induced

from rollouts
Λ ground action strings, the decode alphabet
H horizon, the maximum plan length
Genv compiled applicability mask
GA⋆

env degenerate single-path A⋆ mask
L(G) language of grammar G
Lexec sequences executable from s
E1–E6 pipeline edges (Fig. 1)
sig(s) ground atoms holding in s
en(M), ex(M) entry and exit class of macro M
F norm
1 F1 after alias and role normalisation

h Cohen’s effect size for proportions
K samples per instance, or iterations

B By-construction properties

The following propositions formalise the two prop-
erties stated in §3.3. Both are relative to the induced
model Σ̂ and the parsed goal ĝ.

Proposition 1 (Applicability relative to the induced
model). If compilation returns a non-empty lan-
guage then every π ∈ L(Genv) is applicable in s0
under Σ̂.

Proposition 2 (Goal-validity relative to the induced
model). Every π ∈ L(Genv) reaches ĝ under Σ̂
within the horizon H .

Both propositions follow directly from
the bounded transition graph, and the LLM-
independence property of §3.3 follows from
Proposition 2 for any decoder with full support on
the masked vocabulary. BFS over the transition
graph of Σ̂ enumerates only paths that are
applicable in s0 under Σ̂, reach ĝ, and respect the
horizon H , so the same holds of every string in
L(Genv). The mask restricts the LLM to exactly
that set, so any LLM with non-empty support on
the masked tokens emits one of them.

These propositions concern only the induced
model and parsed goal. They do not by themselves
establish validity in the environment or satisfaction
of the user’s instruction. A string applicable un-
der Σ̂ is applicable in the environment only if Σ̂
is sound on the transitions the mask admits. The
replay gate of §3.2 is an empirical acceptance test
for that condition, at a threshold we chose, and a
schema can pass it while still mispredicting an ad-
mitted transition. Likewise, a string that reaches

ĝ satisfies the user’s instruction only if the parse
is correct, which is the LLM-dependent edge mea-
sured in §5.2. Where a compiler instead consults
the exact environment transition function, the first
condition holds by assumption for that path, and
we mark which results use it.

SCI-ReDuce terminates because each refinement
split partitions a finite set of macro occurrences and
the compiler’s BFS stops after a fixed number of
visited states (App. P).

C Induction procedure

The induction procedure of §3.2, as implemented,
has four steps. Each transition (s, a(o⃗), s′) is a pair
of ground-atom sets recorded before and after a
successful action during random rollouts.

• Positional templating. Every atom in s and
s′ is lifted by replacing each object that occurs
in o⃗ with its argument position, at every posi-
tion where it occurs, so a repeated argument
such as stack(b, b) yields templates for both
positions. A lifted atom is kept if at least one
argument was replaced by a placeholder or if
it is nullary. Objects outside o⃗ that remain in
a kept atom stay as constants. Lifted atoms
keep their predicate symbol.

• Intersection and causal effects. The precon-
dition is the intersection of the lifted pre-state
atom sets over all transitions of a. An add
effect is a lifted atom added in at least one
transition and absent both before and after in
none. A delete effect is a lifted atom deleted
in at least one transition and present both be-
fore and after in none. An effect that some
rollouts observe as already true is therefore
retained.

• Pre-minimality refinement. For each candi-
date precondition atom, the procedure takes
an observed pre-state in which the atom holds,
removes that atom, and asks whether the ac-
tion is still applicable. If it is, the atom is
dropped. The question is answered by the
domain’s ground operator, obtained from the
PDDL in the IPC and PlanBench domains,
so refinement uses a counterfactual applica-
bility query rather than passive rollouts. In a
black-box environment the same query needs
a simulator that can be set to an arbitrary state.
The operator is consulted here and, for the
corrected compile statistics of §3.3, as the
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applicability oracle during BFS, as marked
there.

• Replay gate. Induced schemas must replay
at least 90% of held-out transitions. Schemas
below the threshold are excluded from Genv.
Passing raises confidence without certifying
the model.

D Regex baseline construction

The regex baseline used throughout Table 2 and
Fig. 3 (App. N) is a fixed pattern-based parser. It
extracts the eight ALFWorld goal slots from raw
natural-language task descriptions using regular-
expression patterns and a fixed alias table of
roughly 200 entries.

Goal conditions extracted. The eight conditions
encode ALFWorld’s goal conditions. Four name
objects and receptacles, and four are boolean modi-
fiers on the target object.

Goal condition Meaning

Object target the object to manipulate
Movable receptacle the receptacle used to carry it
Destination receptacle where it should be placed
Target appliance the appliance to switch on

Slicing whether the object must be sliced
Cooling whether it must be chilled
Heating whether it must be heated
Cleaning whether it must be washed

Example alias entries.

• mug→ Mug

• spray bottle→ SprayBottle

• chilled→ the cooling modifier

• warm→ the heating modifier

Symmetric alias-vocabulary protocol. The
same alias table is used by the regex parser at ex-
traction time and by the F norm

1 scorer (App. S) at
evaluation time. Asymmetric alias vocabularies
between baselines are one of the five evaluation-
inflation patterns we guard against (Table 8). No
iterative tuning was performed against the test
split, and the parser was frozen once it matched
its training-split development numbers.

E SCI-ReDuce held-out coverage

Setup. SCI-ReDuce takes n Qwen-1.5B success-
ful plans on Mystery Blocksworld, induces a state-
class-indexed grammar GS

R, and admits a held-out
plan iff GS

R recognises it verbatim (§3.5). The set-
ting is harder than per-instance recognition because

it tests whether the induced grammar generalises
to unseen state classes. Fig. 2 plots the learning
curve.
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Figure 2: SCI-ReDuce held-out coverage on Mystery
Blocksworld, 4 seeds. Coverage rises monotonically by
about 1pp per trajectory, and the grammar reaches ∼85
macros at n=40. The zero variance at n=30 reflects
identical counts across the four seeds. The pool is 50
trajectories, so the held-out set at n=30 is 20 plans,
coverage moves in 5pp increments of one plan, and
all four seeds admitted exactly 4 of 20 (per-seed values
[20, 20, 20, 20]%). Held-out size shrinks as training size
grows, which is why the later points are noisier.

Coverage values:

Train Held-out cov. (mean±sd, 4 seeds) Macros

n = 10 2.5%± 3.5pp ∼ 20
n = 15 7.9%± 3.6pp ∼ 30
n = 20 12.5%± 5.0pp ∼ 45
n = 25 17.0%± 6.0pp ∼ 55
n = 30 20.0%± 0.0pp ∼ 65
n = 35 30.0%± 8.6pp ∼ 75
n = 40 32.5%± 9.6pp ∼ 85

Table 4: SCI-ReDuce held-out coverage against the number
of training trajectories, mean and standard deviation over 4
seeds, with the induced macro count.

The slope is about 1pp of coverage per training
trajectory in this regime. The n=30 → n=35
increase from 20% → 30% reflects the point at
which the induced rule set covers the canonical
Mystery 2-block-and-3-block patterns.

F ALFWorld per-task-type results

We use ALFWorld’s task-family names throughout.
Column heads below abbreviate them as Examine
in Light, Pick & Place, Clean & Place, Cool &
Place, Heat & Place, Pick Two & Place, and Pick
& Place with Movable Receptacle. The tables use
the ALFWorld family definitions.

Pooled ALFWorld accept rates (Table 2) aver-
age across seven task families of differing difficulty.
Tables 5 and 6 stratify the in-distribution and out-of-
distribution splits by family, showing which fami-
lies account for the pooled +30pp LLM-over-regex
gap.
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Two families account for most of the gap. Both
require object-temperature modifiers that the regex
alias table does not represent. Cool & Place rises
from 29% under regex to 74% under Sonnet, a
gain of 44.7pp, and Heat & Place from 41% to
79%, a gain of 38.2pp that reaches +64pp out of
distribution. On simpler families the Sonnet-over-
regex gap narrows, to +8.7pp on Pick & Place.
Pick & Place with Movable Receptacle fails al-
most everywhere, with 10 of 14 system-by-split
cells at 0/34 in distribution and 0/33 out of it.
Only GPT-4o, at 6% on both splits, and Sonnet,
at 11/34 = 32.4% and 11/33 = 33.3%, achieve
nonzero accuracy. The higher-performing mod-
els therefore gain mainly by recovering object-
temperature modifiers that the regex was not de-
signed to parse. This result is not evidence of broad
structural superiority across all task families.

G Robustness and failure modes

NL paraphrase variation. For N=10
Blocksworld instances we generate three
paraphrases of each natural-language goal.
Preposition substitution gives “X is stacked
above Y”, syntactic re-bracketing gives “Y has
X on top”, and article elision gives “block X”.
Qwen-1.5B parses the original and the substitution
perfectly, 10/10 each, and drops to 0/10 on both
re-bracketing and elision. Parsing survives lexical
substitution that preserves the syntactic skeleton,
while re-bracketing or article elision reduce the
parse rate to zero. This sensitivity is specific to
the templates used here and is consistent with the
model comparison (§5.2). On human-annotated
ALFWorld goals, which are paraphrase-rich by
construction, Qwen-1.5B is indistinguishable from
regex (30% vs 31% at N=251), every model from
GPT-3.5 upward separates from regex (App. I), and
the widest margin is GPT-4o’s (paired McNemar
p = 1.6×10−17). In Table 7 a failed parse counts
as a failure.

Distractor sentences. We place distractor sen-
tences around the natural-language goal on the
same ten Blocksworld instances. Qwen-1.5B
parses 10/10 when the distractor follows the goal
and 8/10 when the goal is surrounded by distrac-
tors. A leading distractor is worse. The model
treats the distractor as the directive in 5/10 cases
for the hard distractor and 0/10 cases for the easy
distractor.

Logistics failure modes. Logistics is the only
domain whose parse rate is below 100%, and two
prompt components account for the difference.
Both failures are surface-form mismatches in how
the model names objects. First, Qwen-1.5B out-
puts long object identifiers such as package_0 and
location_1_0, whereas the planner expects the
short aliases p0 and l1-0. This mismatch occurs
in 10 of the 13 failing instances. A determinis-
tic canonicaliser maps each verbose name to the
domain’s short alias for the same entity, so the
error is a naming mismatch rather than a failure
to identify the object or location, and the canon-
icaliser removes it in all ten. Five of them then
pass, moving the domain from 56.7% to 73.3%
(+canon). The other five also show the second
fault, in which the model drops the second coor-
dinate of a two-digit location name. That fault
occurs in 8 of the 30 instances and is exactly the
set still failing after canonicalisation. A Logistics-
specific in-context example and an instruction to
preserve both location digits resolve all eight and
reach 100% (+alias). Both components act on
the prompt, leaving the model and its weights un-
touched. Blocksworld, Mystery Blocksworld and
Depots use single-character argument conventions
under which neither mismatch arises.

PlanBench T1 NL-parse per-domain.

Domain (N=30) Regex LLM+v. +canon +alias

Blocksworld 100% 100% 100% 100%
Mystery Blocksworld 100% 100% 100% 100%
Logistics 100% 56.7% 73.3% 100%
Depots 100% 100% 100% 100%

Pooled 100% 89.2% 93.3% 100%

Table 7: NL-goal → structured-atom parse on PlanBench’s
templated NL (e.g. “the red block is on top of the or-
ange block”), Qwen-1.5B-Instruct under JSON-schema mask,
N=30 per domain, accept iff F1 ≥ 0.9 against the PDDL
ground-truth atom set. The LLM columns sample four can-
didates at temperature 0.4, select among them by a verifier
scored against the ground-truth atoms, and re-prompt up to
twice with structural feedback when that score falls below 0.5.
The selection uses the labels, so these columns are an upper
bound on a label-free parse. An instance whose candidates all
fail counts as a failure. The ALFWorld experiments use none
of this. The regex column also reaches 120/120 = 100% on
this benchmark, so on templated NL the LLM only matches
it. LLM+v., the LLM parse with the verifier, is the NL parse
under the corrected goal extraction of Table 8. +canon adds
deterministic mapping from verbose object names to the do-
main’s short aliases. +alias also adds a Logistics-specific
in-context example and an instruction to preserve both loca-
tion digits. Under the uncorrected extraction the same column
reads 46.7/40.0/30.0/3.3%, pooled 30.0%.

2980



Examine Place Clean Cool Heat Two Movable
System (IID) (N=29) (N=46) (N=37) (N=38) (N=34) (N=33) (N=34)

regex 31 41 24 29 41 45 0
Qwen-1.5B (greedy) 34 30 24 47 26 42 0

GPT-3.5 45 39 32 58 65 42 0
Qwen-2.5-7B-Turbo 41 43 32 58 71 48 0
Llama-3.3-70B-Turbo 41 33 41 61 68 45 0
GPT-4o-mini 31 46 38 63 74 52 0

Haiku 4.5 45 52 43 66 76 55 0
GPT-4o 52 59 59 66 74 76 6
Sonnet 4.6 62 50 51 74 79 76 32

∆(best LLM − regex) IID +31 +18 +35 +45 +38 +30 +32
∆(best LLM − regex) OOD +30 +13 +36 +39 +64 +38 +33

Table 5: ALFWorld IID per-task-type accept rate (%, F1≥0.9), stratified by task family. Row grouping matches
Table 2.

Examine Place Clean Cool Heat Two Movable
System (OOD) (N=50) (N=30) (N=36) (N=36) (N=42) (N=24) (N=33)

regex 32 57 42 39 21 38 0

GPT-4o-mini 44 60 56 78 86 42 0
Claude Haiku 4.5 52 70 56 75 83 58 0
GPT-4o 54 70 69 78 83 75 6
Claude Sonnet 4.6 62 57 78 78 86 75 33

Table 6: ALFWorld OOD per-task-type accept rate (%, F1≥ 0.9), stratified by task family. Same column keys
as Table 5. Per-task-type breakdown not collected for Qwen-1.5B, Qwen-2.5-7B, Llama-3.3-70B, and GPT-3.5
(overall OOD accept rates for these systems are reported in Table 2). On Pick & Place with Movable Receptacle
(0% regex, 0% for all non-frontier LLMs), only GPT-4o (6%) and Claude Sonnet (11/33 = 33%) achieve nonzero
accuracy among the systems with per-task results. Accuracy on this family stays low in both splits.

H Evaluation-inflation patterns

The five patterns of §4, with where each appears
and its measured impact. The three inherited pat-
terns are of wider interest because the components
that carry them recur in LLM-planning evaluations.

H.1 Parse-layer correction details

Layer A per-task-type breakdown. The gain
from K=1 to K=3 on the 114-unique paired core-
5 pool concentrates in Examine in Light (+15pp)
and Pick & Place (+15pp), where the model
confuses canonical class names (FloorLamp for
DeskLamp, Chair for ArmChair) most often. Clean
& Place, Cool & Place and Heat & Place are neu-
tral to slightly positive, because failures there lie
in the planner rather than in the parse (temperature
modifiers correctly parsed one-shot in ≥95% of
cases). The 9−0 paired dominance therefore re-
flects a targeted recovery of parse-class confusion.

Denominator and occurrence rule. The parsed
stream has 119 rows but 114 unique task ids, five
being duplicates. All reported increments use the

114 unique ids, keeping the last occurrence of each
duplicate. Composing increments across the two
denominators would overstate the gain by 1.1pp.
The runner builds its candidate list from every
source row, so Layer B’s cache is also updated
on the duplicated descriptions, and deduplicating
the scores does not remove that repeated exposure.
Keeping the first occurrence instead changes one
task, a Pick & Place instance that puts a watch
on a side table, which fails on its first pass under
Layer A+B and succeeds on its second:

Outcome, rule 1-shot A A+B B vs A (p)

Completion, last 77 86 92 +6/−0 (0.031)
Completion, first 77 86 91 +5/−0 (0.063)
Parse ≥ 0.9, last 70 79 86 +8/−1 (0.039)
Parse ≥ 0.9, first 70 79 85 +7/−1 (0.070)

The composed A+B versus one-shot contrast
on task completion is +15/−0 under the last-
occurrence rule (p=6.1×10−5) and +14/−0 under
the first-occurrence rule (p=1.2×10−4). Whether
the second pass succeeds because of the cache or
because of sampling cannot be told from this run.
A unique-task online result would require the can-
didate stream to be deduplicated before the run
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Pattern Where it appears Measured impact

Regex extraction
confounded by the
in-context-
learning (ICL)
example

A non-greedy regular-expression search over
PlanBench prompts matched the goal sentence
of the in-context example (“My goal is to have
that. . . ”) rather than that of the test instance

NL parse increases from 30% to 89% pooled across
4 domains, and per domain by 3–30×. Affects any
benchmark using ICL prompts where the
metric-extracted span can match the ICL example.

LLM+P
empty-plan
counting error

Qwen-1.5B often emits a PDDL problem
reusing init atoms as goal atoms, so the planner
returns the 0-action empty plan and the metric
counts it as a solution

LLM+P Depots solved instances: 12/30 is reported
as 40%. With the corrected non-empty-plan
criterion it is 0/30 at Qwen-1.5B. The criterion is
exact here because no PlanBench T1 instance is
solved by the empty plan. In general the plan must
be validated against the original problem. The check
matters whenever an LLM writes the problem file.

Unreported
ground-truth
fallback

A closed-loop evaluation that substitutes the
ground-truth goal atoms whenever the
environment-facts verifier rejects the parse
makes every downstream metric agree with the
ground truth, even when the LLM produced
nothing parseable

On Mystery 2–11, the verifier rejected the LLM
parse on 4/10 instances and the evaluation
substituted the ground truth without exposing the
parse failure, reporting 10/10 “end-to-end”. With an
empty parse substituted instead, and the
ICL-confound extraction fixed, the corrected
LLM-driven success rate is 10/10.

Best-of-K with
ground-truth-
aware reranking

A verifier-gated sampler that scores each of K
samples by F1 against the ground truth and
keeps the highest is test-label leakage, since the
LLM receives K attempts and an oracle
selector

ALFWorld N=35, preliminary run: Qwen-1.5B at
15/35 = 43% vs regex 9/35 = 26%. With greedy
decoding (no reranking) at the same alias table,
13/35 = 37% vs regex 46%.

Asymmetric alias
table

The LLM prompt includes in-context aliases
(e.g. card to CC) absent from the original
111-entry regex alias table

ALFWorld N=35: the asymmetric table gives regex
9/35 = 26% and the merged ∼ 200-alias table
gives 16/35 = 46%. LLM and baseline must share
vocabulary at extraction time as well as at scoring.

Table 8: Five evaluation-inflation patterns and their measured impact. Three are inherited from evaluation compo-
nents of earlier LLM-planning pipelines and two are specific to our own pipeline. The reported numbers and the
released code exclude all five. The exclusion of the fourth pattern applies to the ALFWorld experiments and the
closed-loop pipeline. The PlanBench parse column of Table 7 retains verifier selection and is labelled there as an
upper bound. They bias in different directions. Four inflate the LLM-versus-baseline gap, while the ICL-confound
extraction deflated the LLM’s parse rate.

and every configuration to be rerun on the same
ordered tasks. This experiment does not provide
that control.

Sampling noise. Two observations weigh against
sampling noise as the sole source of the Layer-A
gain, without excluding it. Layer A corrects nine in-
stances and reverses none in the paired comparison,
and two independent Sonnet runs agree on 113 of
the 114 acceptance decisions while giving identical
task-completion totals. An equal-call retry control
without feedback was not run.

Verifier inputs. At each iteration the
environment-facts check consults only the
affordances the TextWorld observer reports,
which are the objects, receptacles and toggleable
appliances in the current scene.

Sample Layer B mechanism traces. Of the six
tasks that Layer A+B completes and Layer A alone
does not, the reported run shows a prior at work in
five and a hint in one:

• Box and desk lamp (Examine in Light).
Layer A alone parsed the appliance as a floor
lamp and failed. Every past success of this
type had named the desk lamp, so the prior
did, and the one-shot parse under Layer B
named it too. No hint was involved.

• Cup and microwave (Cool & Place). Layer A
alone filled the movable-receptacle slot with
the microwave and the placement slot with
the fridge. The prior recorded the movable-
receptacle slot as empty in every past suc-
cess, and the corrected parse left it empty and
placed the cup in the microwave.

• Watch and side table (Pick & Place). Layer A
alone tried a dining table and then a coffee
table. The prompt held the hint that on a table
maps to the side table rather than the coffee ta-
ble, next to a conflicting hint for a CD, and the
parse named the side table at the first attempt.
This is the second occurrence of a duplicated
task (App. H.1).
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The hint filter keeps the first sentence of a pro-
posed rule, capped at 240 characters, rejects it if
the model marks it as not a parse lesson or if it
contains any of twelve execution phrases such as
navigate to, before placing or while holding, and
requires the phrase should be or set. Keyword fil-
tering does not guarantee semantic separation, so
we inspected the survivors. All 19 retained hints
in the reported run are slot-level corrections. One
is redundant, naming the same value on both sides,
and none names an action. The GPT-4o replication
retained 29.

Iteration layers and cost. Action-layer iteration
such as Reflexion (Shinn et al., 2023) retries whole
trajectories after execution. The two parse-layer
mechanisms here act before execution. Their mea-
sured call budget on the 119-row stream is 119
LLM calls one-shot, 135 under Layer A, and 160
under Layer A+B, of which 135 are parsing calls
and 25 are rule-generation calls. Layer B also
lengthens each prompt with priors and hints, a to-
ken cost we do not report. Both increments are
computed on the same 114-unique paired set, so
they compose to 67.5% → 75.4% → 80.7%. We
do not compare the costs or gains with action-layer
methods, whose evaluation sets, budgets and exe-
cution policies differ.

I Pairwise McNemar matrices

The main text groups the nine systems into three
performance bands (Table 2). The full 9× 9 (IID)
and 7 × 7 (OOD) symmetric matrices below tab-
ulate every pair, with two-sided exact binomial
p-value and Cohen’s h effect size. All tests pair
rows, each a task-and-description trial (App. S), on
the rows common to both systems, N=251 unless
stated. Rows from the same task are treated as inde-
pendent, so within-task clustering is not modelled,
and the p-values are unadjusted for the number of
comparisons. A task-clustered bootstrap (5,000
resamples of the 85 out-of-distribution task ids,
rows kept together) gives 95% intervals for the row-
rate difference of [+0.27,+0.45] for Sonnet mi-
nus regex on the original goals, [+0.23,+0.38] for
GPT-4o minus regex, [+0.60,+0.75] for Sonnet
minus regex on the paraphrases, [−0.02,+0.04]
for Sonnet on paraphrases minus originals, and
[−0.11,+0.01] for GPT-4o minus Sonnet. The
row-level conclusions of §5.2 hold under cluster-
ing. Point estimates remain row-level.

J Seed variance

The caption of Table 2 summarises seed-stability
bounds for the three cloud LLMs on which multi-
seed runs were feasible under provider rate limits
(the Anthropic organisation-tier limit of 50 requests
per minute precluded multi-seed runs on Haiku-
4.5). Per-seed values are in Table 11.
All seed stdevs are ≤ 1.3pp, well below the ∼ 8–
15pp band gaps in Table 2, so single-seed versus
multi-seed reporting does not alter the band struc-
ture. The two out-of-distribution denominators dif-
fer because a later version of the unseen split con-
tains four more instances than the one used for the
first seed. Both are reported, and the four-instance
difference leaves the confidence intervals overlap-
ping.

K Additional probes

These probes examine cross-task validity, predicate
discovery and sensitivity to the evaluation protocol
and model choice.

PlanBench cross-task validity (local, Qwen-1.5B,
N=5 per cell).

Task BW Myst. Log. Dep.

T1 plan-generation 100% 100% 100% 100%
T4 plan-reuse 100% 100% — —
T5 plan-generalization 100% —a — —
T6 replanning 100% 100% — —
T7 plan-execution 100% 100% — —
T8_2 full-to-partial 100% — — —
T8_3 partial-to-full 100% — — —

a PlanBench does not provide T5 prompts for
Mystery. Depots prompts are only available for
T1. “—” marks cells we do not probe. Every
cell we test scores 5/5. These small cells are
consistent with the compiled grammar, here the
single-plan A⋆ grammar over the benchmark model
(Table 13), producing goal-reaching plans regard-
less of the task-specific prompt directive (plan-gen,
plan-reuse, plan-generalization, replanning, plan-
execution, goal-shuffling). The framework’s cor-
rectness guarantee is task-agnostic because Genv
is built from the environment’s transition function
rather than the task prompt.

Predicate discovery, leakage-controlled evalua-
tion. Predicate discovery from raw environment
states is evaluated with a leakage-controlled verifier
protocol. We require at least 3 distinct predicate
names, at least 60% of them to be action-relevant,
and a non-Blocksworld example (an abstract ware-
house domain) so that the canonical Blocksworld
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regex Q1.5B GPT3.5 Q7B L70B 4o-mini Haiku GPT4o Sonnet

regex – 0.03 0.20 0.24 0.22 0.27 0.37 0.52 0.60
Q1.5B 0.81 – 0.23 0.27 0.24 0.30 0.39 0.55 0.63
GPT3.5 <10−3∗∗∗ <10−3∗∗∗ – 0.04 0.02 0.07 0.17 0.32 0.40
Q7B <10−3∗∗∗ <10−3∗∗∗ 0.47 – 0.02 0.03 0.13 0.28 0.36
L70B 0.001∗∗ 0.001∗∗ 0.87 0.72 – 0.06 0.15 0.30 0.38
4o-mini <10−3∗∗∗ <10−3∗∗∗ 0.14 0.52 0.28 – 0.10 0.25 0.33
Haiku <10−6∗∗∗ <10−6∗∗∗ <10−3∗∗∗ 0.002∗∗ <10−3∗∗∗ 0.017∗ – 0.15 0.23
GPT4o <10−9∗∗∗ <10−9∗∗∗ <10−6∗∗∗ <10−9∗∗∗ <10−6∗∗∗ <10−6∗∗∗ <10−3∗∗∗ – 0.08
Sonnet <10−9∗∗∗ <10−9∗∗∗ <10−9∗∗∗ <10−6∗∗∗ <10−6∗∗∗ <10−6∗∗∗ <10−3∗∗∗ 0.17 –

Table 9: Pairwise exact McNemar binomial tests on ALFWorld IID (N=251 matched, threshold F1≥0.9). Lower
triangle: two-sided p-value with significance marker (∗∗∗p < 10−3, ∗∗p < 0.01, ∗p < 0.05). Upper triangle:
|Cohen’s h| (conventional thresholds: 0.2 small, 0.5 medium, 0.8 large). Row/column order matches the accept-rate
order in Table 2. Band boundaries are visible as blocks of significance. Regex and Q1.5B form the lower band,
with no within-band difference (p=0.81). GPT3.5 through 4o-mini form the middle band (p∈ [0.14, 0.87] within).
Haiku, GPT4o and Sonnet form the higher band, which is not homogeneous, since Haiku separates from both others,
while GPT4o and Sonnet do not separate.

regex GPT3.5 Q7B 4o-mini Haiku GPT4o Sonnet

regex – 0.37 0.42 0.44 0.51 0.62 0.72
GPT3.5 <10−6∗∗∗ – 0.04 0.06 0.14 0.24 0.35
Q7B <10−9∗∗∗ 0.56 – 0.02 0.09 0.19 0.30
4o-mini <10−6∗∗∗ 0.29 0.88 – 0.07 0.18 0.29
Haiku <10−9∗∗∗ 0.008∗∗ 0.10 0.08 – 0.11 0.21
GPT4o <10−9∗∗∗ <10−3∗∗∗ <10−6∗∗∗ <10−3∗∗∗ 0.019∗ – 0.11
Sonnet <10−9∗∗∗ <10−6∗∗∗ <10−6∗∗∗ <10−3∗∗∗ <10−3∗∗∗ 0.07 –

Table 10: Pairwise exact McNemar binomial tests on ALFWorld OOD (threshold F1≥0.9, N=251 matched rows,
except that GPT-3.5 and Qwen-7B were run on the 255-row version of the unseen split, so their mutual test uses
255 rows and their tests against other systems the 251 shared rows). Same key as Table 9. Pairwise OOD McNemar
values for Qwen-1.5B and Llama-3.3-70B not collected (overall OOD rates appear in Table 2). The OOD band
structure largely mirrors IID. Regex stays in its own band (p<10−6 vs. every LLM), and the GPT3.5–4o-mini band
remains statistically homogeneous.

predicates handempty/on/ontable/clear do not
appear in-context. Under these conditions, Qwen-
1.5B at N=15 seeds achieves 11/15 = 73.3%
(Wilson 95% CI [48%, 89%]). At this scale, the
task measures structured output following from an
example rather than independent predicate discov-
ery. We did not run the same leakage-controlled
evaluation at frontier scale. The protocol above pre-
vents a verifier failure mode in which 1-predicate
proposals score F1=1.0 whenever the in-context
example lists the canonical predicate vocabulary.
This correction is separate from the five patterns of
Table 8.

Further empirical probes. Additional results
in the release (App. M) include: AutoPlanBench
(APB) breadth scan (63/96 = 65.6% on 32
APB domains at Qwen-1.5B), a 7-step ablation
series, adversarial mask robustness (from 0/100 to
100/100 sound plans across 5 jailbreak prompts
at Qwen-2.5-7B), the non-PDDL environment in-

terface (ALFWorld via TextWorld fact extraction),
and a cross-domain LLM-hint reuse probe in which
Qwen-1.5B matches the signature-subset baseline.

Multi-LLM PlanBench extension. Local Qwen-
1.5B anchors the PlanBench T1 matrix at 100%
across all four domains (Table 1). The LLM-
independence property predicts near-100% perfor-
mance for the broader 4×4×8 matrix (Qwen-1.5B
/ Qwen-2.5-7B / Llama-3.1-8B / Mistral-7B-v0.3
× T1–T8 × Blocksworld / Mystery / Logistics /
Depots), because Genv carries plan validity regard-
less of LLM family. We have not run this matrix,
so the prediction is untested. The scripts are part
of the code release.

L Schema-free induction fallback

The rollout-based induction claim rests on sym-
bolic observability. SCI-ReDuce (§3.5) compresses
successful action sequences and indexes the result-
ing macros by the recorded states, without per-
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Model IID seeds IID stdev OOD seeds OOD stdev

GPT-4o-mini {110, 111, 111, 109} 0.4pp {134} (single) –
GPT-4o {141, 136, 142} 1.3pp {156, 158, 158} 0.1pp
Claude Sonnet 4.6 {151, 150, 149} 0.4pp {169, 173, 173} 0.3pp

Table 11: Per-seed accept counts. IID denominator N=251 throughout. OOD denominator N=251 for first cell
(GPT-4o seed1, Sonnet seed1), N=255 for subsequent seeds (a later version of the unseen split adds 4 instances).
Stdev is point-estimate sample stdev over the listed seed counts.

action deltas or a schema. We measure its end-to-
end coverage on held-out Mystery Blocksworld,
over the same splits as the coverage curve of
App. E.

Decoding under the raw induced grammar ad-
mits unbounded macro loops, and no sampled plan
completed within the 384-token budget, on 0/20
held-out instances over 2 seeds and 0/28 sam-
pled plans. Applying the same horizon-unrolling
that Genv uses, with the horizon set to the held-
out reference plan length plus four, restores ter-
mination. Counting an instance as solved when
any of its 8 samples reaches the goal, success is
15/40 = 37.5% over 4 seeds, Wilson [24, 53],
against 13/40 = 32.5% gold-plan coverage on the
same splits. Every instance whose compiled lan-
guage is non-empty is solved (15/15), and 118 of
the 120 plans sampled on them reach the goal. The
two failing samples are not classified further. In-
stance success slightly exceeds gold-plan coverage
because the grammar sometimes admits a different
valid plan. Every instance-level failure is therefore
a compile failure, with 25/40 = 62.5% of held-out
instances yielding an empty language. Coverage
therefore bounds this fallback, and the schema-free
induction regime is where the framework is weak-
est.

M Reproducibility

The release contains the experiment scripts, the
saved outputs used for the reported analyses, and
a script that checks the reported numbers against
those outputs.

Statistics. We use Wilson 95% confidence inter-
vals for binary outcomes, exact McNemar binomial
tests for paired outcomes, and Cohen’s h for effect
sizes on proportions. Random seeds are fixed and
documented per experiment in the code release.

N Parse accuracy across models

Figure 3 plots the accept rates of Table 2 against
system, with both splits on one axis. The plot

shows two patterns that the table does not. Within
each band the accept rate is nearly constant and
it rises between bands, and the seen and unseen
series diverge as accuracy rises, since every LLM
gains out of distribution while the regex baseline
does not.
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ALFWorld NL-parse scale curve  (N= 251, Wilson 95% CIs)
Lower band (regex + 1.5B)
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In-distribution (seen)
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Figure 3: ALFWorld NL-parse accept rate (F1 ≥ 0.9)
across models with Wilson 95% CIs, N=251 per split
except the cells marked in Table 2 at N=255. The regex
baseline is the dotted line. Filled circles are the seen
split and open squares the unseen split. Every LLM
gains out of distribution and the regex baseline does not.

O Cross-domain schema reuse (E5)

Many domains share structurally identical opera-
tors. A move-agent action with one location-typed
source and one location-typed target recurs across
Logistics, Depots and several IPC suites, so re-
peating the ∼500-rollout induction for each do-
main duplicates work. A schema library stores
replay-tested lifted schemas indexed by their (arity,
predicate-signature) tuple. For a new action a′ we
enumerate library entries whose signature is a sub-
set of the pre/add/del predicate multiset observed
for a′, treat the match as a candidate model, and ver-
ify it by held-out environment replay at F1 ≥ 0.9.
On success we mark a′ as reused and skip induc-
tion. On failure we fall back to fresh intersection-
statistics induction, so a reused schema never dis-
places a domain-specific one without passing the
replay test.
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P SCI-ReDuce algorithm

The schema-then-CFG pipeline of §3.2 as-
sumes symbolic transitions (s, a(o⃗), s′) that record
predicate-level state deltas. SCI-ReDuce relaxes
that requirement at induction time. It compresses
successful action sequences alone and then indexes
each macro by the recorded states at which it was
observed, so induction needs recorded states but
no per-action deltas and no schema. Decode-time
admission still consults state.

Notation. Let Λ be the set of ground action
strings and P the finite set of ground atoms
observed in any recorded state. For a trajec-
tory τ = ⟨(s0, a1, s1), . . . , (sn−1, an, sn)⟩ write
w(τ) = a1 · · · an ∈ Λ∗ for its action word. Ab-
stract a state by the set of ground atoms that hold
in it, sig(s) = s ∩ P , which in the implementation
is s itself. A state class is any c ⊆ P and s |= c iff
c ⊆ sig(s). Since P is finite there are at most 2|P|

classes, which is what keeps the compiled grammar
finite.

A macro M ∈ Λ∗ is a right-hand side introduced
by compression. Writing Occ(M) = {(s, s′) :
M was observed to run from s and yield s′}, de-
fine its entry and exit classes by intersection, ex-
actly as E1 intersects candidate preconditions,

en(M) =
⋂

(s,s′)∈Occ(M)

sig(s),

ex(M) =
⋂

(s,s′)∈Occ(M)

sig(s′).

Adapted compression. Algorithm 1 adapts the
alternating repetition and folding operations of Re-
Duce (Muggleton, 2025) so that this appendix is
self-contained. Our variant uses positive closure,
so STARREPLACE rewrites a maximal run ak with
k ≥ 2 as a+, one or more repetitions, whereas Re-
Duce uses Kleene star and admits zero repetitions.
MAXFREQPAIR returns an adjacent pair of sym-
bols of maximum frequency in the grammar bodies.
The procedure is an inductive compression in the
sense of Muggleton (2025), meaning the encoding
is shorter than the input while the repeats gener-
alise it. Our variant rescans the grammar bodies on
every round, so it does not retain the linear running
time of the original.

State-class indexing (this work). Plain ReDuce
treats sequences as symbol-only, so a macro may
be inapplicable at the current state. Algorithm 2

Algorithm 1 Compression procedure adapted from
ReDuce (Muggleton, 2025)

Require: initial grammar G0 with one body per
action word

1: G← STARREPLACE(G0)
2: while some adjacent pair occurs at least twice

in G do
3: xy ← MAXFREQPAIR(G)
4: introduce a fresh nonterminal N → xy
5: replace every occurrence of xy in the exist-

ing production bodies of G, excluding the new
definition, by N

6: G← STARREPLACE(G)
7: end while
8: return G

admits a macro in a concrete state that entails
its entry class and emits right-linear productions
Ns → M .Ns′ over the concrete states its BFS
reaches. Proposition 3 reads these productions at
the level of classes. Three modifications distin-
guish this from the original. Repeats use positive
closure in place of Kleene star, the productions are
indexed by state class, and the output is emitted as
EBNF for XGrammar where the original emits H2

2

Prolog clauses.
Refinement is per macro. A class is split when-

ever two occurrences of the same macro in it lead to
different exit signatures, choosing the atom whose
presence best separates the exits. Each split parti-
tions a finite occurrence set and removes the chosen
atom from further consideration, so a macro with
k occurrences is refined at most k − 1 times and
to depth at most |P|. The implementation records
the concrete exit state of each occurrence rather
than an exit class, and the compiler’s BFS from
the concrete s0 follows an edge whenever the cur-
rent state entails its entry class and moves to that
recorded exit state. The BFS stops after a fixed
number of visited states rather than at a depth, and
the plan horizon is imposed afterwards by unrolling
the emitted grammar over pairs of class and remain-
ing budget, the construction Genv uses (App. L).
The emitted language is therefore sound only if a
macro admitted from any state entailing its class
reaches a state of the recorded exit’s class, which is
the assumption of Proposition 3 and is not checked
by the compiler.

Proposition 3 (Soundness relative to the abstrac-
tion). Admit a macro M at state s only when
en(M) ⊆ sig(s). If, for every macro, both exe-
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Algorithm 2 SCI-REDUCE, state-class-indexed
grammar construction

Require: trajectories T with recorded states, ini-
tial state s0, goal test, visited-state cap D

1: G← REDUCE({w(τ) : τ ∈ T }), plus every
single action as a length-one macro

2: for all macros M in G do
3: Occ(M) ← all (s, s′) at which M occurs

in T
4: en(M)← ⋂

(s,·)∈Occ(M) sig(s)
5: while two occurrences of M in one class

differ in sig(s′): split the class on an atom
separating them

6: end for
7: E ← { (en(M),M, s′) : M ∈ G, (s, s′) ∈

Occ(M) }
8: BFS from s0 over concrete states until D states

are visited: from s follow each edge with
en(M) ⊆ sig(s) to its recorded s′

9: emit Ns →M .Ns′ per traversed edge, Ns →
ε per visited goal state, start symbol Ns0

10: return EBNF encoding, empty if no goal state
was visited

cutability from a state and the class of the resulting
state depend only on the entry state’s class, then
every string of L(G) is executable from s0, that is
L(G) ⊆ Lexec.

Proof. Induct on the number of macros emitted.
The start symbol is Nc0 with c0 ⊆ sig(s0), so s0 |=
c0. Assume the derivation has reached Nc in state
s with s |= c. A production Nc →M .Nc′ applies
only if en(M) ⊆ sig(s), and M ran from every
observed state of that class, so by the assumption
M runs from s and yields some s′′ with ex(M) ⊆
sig(s′′), hence s′′ |= c′. The invariant is preserved
and every emitted macro executes.

The assumption defines both the benefit and the
limitation of this abstraction. An entry class is
the intersection of the observed entry states, so it
records only the atoms those states share. Two
states that both entail c can differ in atoms outside
c that matter to M , and the assumption fails exactly
there. This is the same abstraction gap that bounds
symbol-only induction in §5.4.

Example. Take two action words w1 = u a b c c
and w2 = v a b c c c, where each letter abbreviates
a ground action. STARREPLACE yields u a b c+

and v a b c+. The pair b c+ occurs twice, so fold-

ing introduces N1 → b c+, leaving u aN1 and
v aN1. The pair aN1 then occurs twice, giving
N2 → aN1 and the bodies uN2 and v N2. In-
dexing attaches to N2 the intersection of the states
holding at its first symbol in the two observed oc-
currences, and the decoder admits N2 only in states
entailing that class.

Soundness without termination. This fallback
is strictly weaker than Genv. Under the assumption
of Proposition 3 it preserves soundness, and it does
not carry termination. The (state, budget) construc-
tion of §3.3 carries both soundness and termination
at a goal state. Proposition 3 bounds the language
from above by Lexec and says nothing about reach-
ing ĝ, and the grammar admits unbounded macro
loops, so no plan sampled under the raw grammar
completed within the tested token budget (§5.4).
Applying the same horizon-unrolling used for Genv
bounds derivation length at the cost of coverage.
Completing a plan still requires a non-empty ac-
cepting language and a sufficient decoding budget.
The rollout-based induction claim is scoped to envi-
ronments whose state can be observed symbolically
at decode time.

Q Broader impact

A 1.5B LLM under an applicability mask inherits
the plan validity of a classical solver, so LLM-
planning benchmarks run without grammar con-
straints may underestimate the planning perfor-
mance achievable by small LLMs. This bears on
deployment of small models in on-device planning,
on verifier-gated orchestration of classical solvers,
and on grammar-aware benchmark design. The
framework gives the LLM no new planning capa-
bility. It lets a classical planner use the LLM’s
language understanding without inheriting its un-
soundness.

R Induced-planner failure decomposition

Of the 73 failures of the AGCP-induced E6 plan-
ner on the 114 paired Sonnet parses (§5.4): 37
return no plan within the search budget. The in-
spected failures are consistent with schema incom-
pleteness: the induced model represents applica-
bility as one conjunction per action and so cannot
express a placement precondition of the form the
receptacle is open or is not openable, which is
a disjunction. A bounded search does not by it-
self distinguish a missing or spurious precondition
from an exhausted budget, so this attribution rests
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on inspection rather than on the failure signal alone.
Another 16 are goal-construction failures, of which
15 follow an imperfect E4 parse. A further 17 are
divergences between the induced model and the
environment, which incorrect induced effects can
also produce, and 3 are rendering failures. The first
class is the one we attribute to the induction proce-
dure. The count of 37 is an observed failure cate-
gory, and the cause is a diagnosis from inspected
traces rather than a trace-by-trace audit. The cover-
age limit of the schema-free fallback (App. L) is a
separate boundary.

S Experimental setup

Models. We evaluate nine systems, eight
instruction-tuned LLMs across four model fami-
lies and one non-neural baseline. The local model
is Qwen-2.5-1.5B-Instruct (Qwen Team, 2024) un-
der XGrammar JSON-schema masking, package
version 0.2.0 (Dong et al., 2025; Li et al., 2026).
The cloud models are Qwen-2.5-7B-Instruct-Turbo
and Meta-Llama-3.3-70B-Instruct-Turbo through
Together.ai (Together AI, 2024; Meta AI, 2024;
Grattafiori et al., 2024), GPT-3.5-turbo, GPT-
4o-mini and GPT-4o through OpenAI (OpenAI,
2024), and Claude-Haiku-4.5 and Claude-Sonnet-
4.6 through Anthropic. No fine-tuning or reinforce-
ment learning from human feedback was applied to
any model, and the exact API identifiers are below.
We generate one output per task, with greedy de-
coding for the local model and temperature=0.3
for the cloud LLMs. No cloud API offers a set-
ting that makes its output exactly reproducible (§7).
XGrammar enforces the JSON schema for the lo-
cal model. Cloud models receive the schema and
slot conventions in the prompt and return JSON,
through a JSON object for OpenAI or as plain text
parsed as JSON for Anthropic and Together, which
fixes the format but does not enforce the allowed
values. An out-of-vocabulary value therefore fails
at scoring rather than at decoding. No ground-
truth-aware reranking is used on ALFWorld. The
PlanBench parse column of Table 7 is verifier-
selected. N=251 rows per cell, with multi-seed
checks where rate limits permit (App. J).

System API identifier Provider

Qwen-1.5B Qwen2.5-1.5B-Instruct local
Qwen-7B Qwen2.5-7B-Instruct-Turbo Together
Llama-70B Llama-3.3-70B-Instruct-Turbo Together
GPT-3.5 gpt-3.5-turbo OpenAI
GPT-4o-mini gpt-4o-mini OpenAI
GPT-4o gpt-4o OpenAI
Haiku 4.5 claude-haiku-4-5 Anthropic
Sonnet 4.6 claude-sonnet-4-6 Anthropic

Table 12: Models evaluated, with the interface identifier and
provider for each.

Benchmarks. PlanBench T1 (Valmeekam et al.,
2023) on four IPC domains (Blocksworld, Mys-
tery Blocksworld, Logistics, Depots), scored by
the VAL plan validator (Howey et al., 2004).
ALFWorld (Shridhar et al., 2021), built on AL-
FRED (Shridhar et al., 2020) and TextWorld (Côté
et al., 2019), contributes N=251 in-distribution
(seen) and N=251 out-of-distribution (unseen)
rows across the seven families of Table 5. Each row
is one human-written description of a task, and AL-
FRED supplies about three per task, so the out-of-
distribution rows cover 85 distinct tasks and the in-
distribution rows 242. Execution loads six families
and the primary execution subset is five. Breadth
comes from the IPC-2023 learning track (Taitler
et al., 2024) and AutoPlanBench (Stein et al.,
2025) (32 domains). The ten IPC domains are
Blocksworld, Childsnack, Ferry, Floortile, Mi-
conic, Rovers, Satellite, Sokoban, Spanner and
Transport. Childsnack, Ferry and Satellite use neg-
ative preconditions, which we drop before loading
so that the STRIPS parser accepts them. Their
induced schemas are scored against the reduced
models and are under-constrained relative to the
originals. Of the 46 schemas, 44 are induced afresh
and 2 are reused from the cross-domain schema li-
brary (App. O).

Baselines. (i) A hand-crafted regex parser for NL-
goal parsing, paired with an alias table of about 200
entries (implementation details in App. D). (ii) An
LLM-removed pipeline that runs pure A⋆+hAdd
over the benchmark’s PDDL model with no LLM
call. (iii) The HandCoded TextWorld (TW) expert
provided with ALFWorld, as the schema-driven
planner at E6. (iv) Our own Qwen-1.5B implemen-
tation of the LLM+P approach (Liu et al., 2023),
run on Depots and scored under the corrected non-
empty-plan criterion. The published LLM+P eval-
uation covers other domains and is not reproduced
here.
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Experiment Transition model Planner / com-
piler

Outcome

No-LLM (Table 1) benchmark PDDL A⋆+hAdd VAL-
validated
solution

AGCP on Plan-
Bench (Table 1)

benchmark PDDL,
via the A⋆ fallback

single-plan gram-
mar, Qwen-1.5B
decode

VAL-
validated
solution

Mask isolation
(§5.1)

hand-coded
Blocksworld rules

BFS over (state,
budget)

goal
reached

Compile statistics
(§3.3)

induced schemas for
the action set, exact
ground operators for
applicability

BFS, A⋆ fallback compile, so-
lution

Component F1

(§5.1)
induced schemas — schema ac-

curacy
ALFWorld induced
planner (§5.4)

induced schemas
from exploration

greedy search env won

Schema reuse
(App. O)

induced schemas signature match transfer

SCI-ReDuce (§5.4) trajectory macros
with recorded states

class-indexed BFS goal
reached

Table 13: Model provenance per experiment, the transition
model and planner each result depends on.

Metrics. We report plan execution success, a bi-
nary outcome read from VAL or from TextWorld’s
own success signal (won), and NL-parse F1 against
the ground-truth goal slots after normalisation,
which we abbreviate F norm

1 . Object names are
canonicalised, so mug matches Mug. A sliced ob-
ject named as such and the base object with the
slicing modifier set are treated as one. The slot
naming the appliance to toggle and the slot naming
a movable receptacle are folded into one auxiliary
role before matching, so a lamp placed in the re-
ceptacle slot still matches. The metric is therefore
a normalised goal-slot F1, more lenient than strict
slot accuracy, and distinct from execution success.
We also report component F1 for induction against
PDDL ground truth, and held-out grammar cover-
age for SCI-ReDuce at 4 seeds per training size.

T End-to-end coverage variants

Using the ALFWorld-provided HandCoded
TextWorld expert, end-to-end success on ALF-
World varies with how the instance set is filtered.
On a high-confidence subset of 30 instances whose
parses reach F norm

1 ≥ 0.95, the loop succeeds on
96.7%. On the larger set of 93 instances meeting
the same filter, it succeeds on 79.6%. Without
any parse filter it reaches 68.1% over the 119
core-5 instances (Wilson [59, 76]) and 56.6%
over all 143 instances of all six types. The gap
to core-5 reflects limits of the TextWorld library.
Pick Two & Place runs to the step limit even
on ground-truth parameters, and Pick & Place
with Movable Receptacle has no policy. Parsed
parameters are accepted by the environment policy

on 133 of 143 instances. The BUTLER text agent
of Shridhar et al. (2021) reports 40% on seen
and 37% on unseen tasks across all task types in
the text environment, under a different training
and evaluation protocol, so the figures are not a
matched comparison.

U Parse-correction mechanisms

Parse correction combines within-task re-
prompting (Layer A) with statistics and hints
accumulated across tasks (Layer B).

Layer A: within-task re-prompting. After each
parse, every slot value is checked against environ-
ment affordances. These are read from the per-step
fact list that ALFWorld’s TextWorld engine returns
as its symbolic state observation, which gives the
ground atoms holding in the current scene. If a
slot is unrecognised, as in the lamp case of §3.4,
the LLM is re-prompted with that slot and the
scene’s legal alternatives, up to K=3 iterations.
No ground-truth solution or expert demonstration
is consulted.

Layer B: cross-task statistics and hints. Two
per-task-type stores are updated online across runs
of the pipeline. (i) Per-type parse statistics: fre-
quency tables over slot values from past successful
parses. On a new instance the LLM prompt in-
cludes the top-3 values per slot for the current task
type. (ii) Slot-correction hint cache: short slot-
correction rules extracted from past failed parses.
A typical rule reads “for Pick & Place tasks where
the instruction says ‘on a table’, the placement slot
should be the side table rather than the coffee table”.
The filter keeps the first sentence of a proposed
rule, rejects it if it contains any of twelve execu-
tion phrases such as navigate to or while holding,
and requires the phrase should be or set. The filter
is a keyword rule rather than a guarantee, so we
also inspected what it retained, and all 19 surviv-
ing hints are slot-level corrections (App. H.1). The
two layers draw on different information (Layer A
on the current task’s affordances, Layer B on past
outcomes for the same task type), and §5.3 reports
their increments, with the Layer B increment sensi-
tive to the occurrence rule.

Layer-B information boundary. Because
Layer B carries corrections across instances, its
information boundary must be made explicit.
Priors come from execution-successful prior
tasks and hints from execution-failed ones, so
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the only supervision is the environment’s success
signal (won) and its affordances. The ground-truth
goal conditions are recorded for scoring but
are never read by the correction loop, and the
stream is online, so instance t sees only the
instances that precede it. Learning through the
prior that instructions saying “floor lamp” refer
to the desk lamp class in this environment is thus
environment-ontology learning from interaction,
which is the mechanism’s claimed contribution.
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