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Abstract

Large language models can translate natural-language goals into action sequences, but an action sequence is not a plan unless
every precondition holds and the final state satisfies the goal. This study evaluates a modulo-style planning agent that assigns
proposal generation to an LLM and delegates correctness to an external symbolic verifier. The evaluation used the PlanBench
repository artifacts for Blocksworld: every stored GPT-4 candidate in four domain-size conditions and five prompt forms
(6,000 direct plans), together with all 50 verifier-feedback trajectories containing 286 sequential candidates. Each candidate
was parsed into PDDL actions and independently checked with VAL against the corresponding domain and problem file.
Across the direct corpus, 934 of 6,000 candidates were valid (15.57%). Validity reached 27.53% in standard Blocksworld but
only 3.60% after semantic obfuscation. State-tracking prompts were strongest in both conditions, while PDDL-form prompts
did not compensate for weak state-transition reasoning. On the matched 50-instance repair set, direct execution completed 4
tasks (8%) and would have executed 46 invalid plans. A verifier gate preserved the same 8% completion while reducing
invalid execution to zero through abstention. Iterative verifier-feedback repair completed 41 tasks (82%), repaired 37 of 46
initially invalid plans (80.43%), accepted no invalid plan, and required 5.72 candidate generations on average. Completion
saturated after the ninth candidate; the paired gain was 74 percentage points with a 62-86 point bootstrap interval and exact
McNemar p = 1.46 x 10"-11. The results establish a clear division of labor: formal verification supplies sound acceptance,
while bounded feedback-driven regeneration converts safe rejection into high task completion.

Keywords: Automated Planning, Large Language Models, Planbench, External Verification, VAL, Iterative Self-Repair,
Agent Safety, Test-Time Scaling.

Large language models change the interface to planning. An
LLM accepts instructions, demonstrations, and contextual
descriptions without a task-specific parser written for every

1. Introduction
1.1 Planning Correctness and Executable Semantics

Automated planning asks an agent to transform an initial state
into a goal state through a sequence of actions whose
preconditions and effects are defined by a transition model.
In classical planning, the output is judged by execution
semantics rather than linguistic plausibility. A plan is correct
only when every action is applicable in the state reached by
its predecessors and the terminal state entails the goal.
STRIPS introduced the action-centric representation that
underlies this view [1], PDDL standardized domain and
problem descriptions [2], and subsequent planning research
formalized the relationship among search, reachability,
soundness, and plan quality [3]. Plan validation therefore
serves a distinct role from plan generation. VAL checks a
proposed sequence against the formal transition system and
produces a deterministic judgment with diagnostic
information [4], while systems such as Fast Downward
demonstrate how explicit models support complete search
and reliable plan construction [5].

1.2 LLM Planning and Agent Scaffolds

user utterance. This flexibility has supported zero-shot action
planning [6], affordance-grounded robotic control [7],
feedback-aware embodied reasoning [8], programmatic task
plans [9], policy-code generation [10], and hybrid
architectures that translate language into formal planning
problems [11]. Reasoning prompts and agent scaffolds
further expand the proposal process. Chain-of-thought
prompting exposes intermediate reasoning [12], self-
consistency samples multiple derivations [13], ReAct
interleaves reasoning with actions [14], Self-Refine uses
feedback to produce successive answers [15], Reflexion
stores task feedback in a verbal memory [16], Tree of
Thoughts searches over intermediate states [17], program-
aided language models call an interpreter [18], reasoning-via-
planning treats language inference as search [19], and
Toolformer trains models to invoke specialized tools [20].
Together, these methods show that generation, search,
execution, memory, and tool use can be composed around an
LLM. Related modular systems outside planning reinforce
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the same design pattern: evidence-grounded financial
question answering couples retrieval with source-backed
responses [21], code intelligence combines retrieval with
summarization [22], and autonomous-driving perception
pipelines fuse complementary signals before downstream
decisions [23]. These systems do not establish plan validity,
but they illustrate why specialized components can be more
dependable than a monolithic generator.

1.3 The Verification Gap

The same flexibility also creates a correctness gap. A fluent
action sequence can contain an inapplicable move, omit a
required subgoal, use a malformed symbol, or terminate in a
non-goal state. PlanBench was designed to measure these
capabilities under controlled planning semantics and showed
that strong language models remain unreliable on plan
generation and related reasoning tasks [24]. A critical
investigation of LLM planning reached the same conclusion
across direct and obfuscated settings: surface competence
does not imply reliable state tracking [25]. In safety-relevant
agents, this distinction is operational. Executing a plausible
but invalid sequence is a failure even when most steps are
locally reasonable. The system therefore needs a component
whose acceptance decision depends on the world model
rather than on verbal confidence. Comparable reliability
patterns appear in operational machine learning. Ambiguity-
aware log analysis uses selective refusal rather than forcing a
diagnosis [26], calibrated vision models explicitly represent
human uncertainty [27], and drift monitoring links early
warnings to retraining or rollback decisions [28]. Across
these settings, uncertainty or anomaly evidence is useful only
when it changes the system's action policy.

Predictive accuracy does not by itself define a safe decision
rule.  DenseNet-based cancer image classification
demonstrates the value of task-specific model evaluation
[29], while Al-based MRD assessment places prediction in a
clinically consequential workflow [30]. Self-correction alone
does not guarantee that component. Experiments on self-
critiquing plans found that an LLM verifier produces false
positives and that an external sound verifier is substantially
more reliable [31]. Iterative prompting analyses likewise
showed that a model often preserves an incorrect answer
because it cannot reliably identify the underlying error [32].
By contrast, verification-guided code  generation
demonstrates that execution evidence can improve selection
when the verifier is coupled to the semantics of the generated
artifact [33]. These findings motivate a modulo architecture:
the LLM proposes candidates, a deterministic parser creates
an executable representation, a formal verifier certifies or
rejects the candidate, and rejection feedback drives another
proposal. The verifier remains authoritative throughout the
loop.

1.4 Scope and Contributions

This study isolates the value of that architecture through three
matched policies. The direct policy executes the first LLM
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candidate. The verifier-gate policy checks the same candidate
and abstains when it is invalid. The verifier-feedback policy
repeatedly checks, diagnoses, and repairs until a valid plan is
certified or the candidate budget is exhausted. This separation
answers questions that a single accuracy number cannot
answer. A verifier gate can improve safety without improving
completion. A repair loop can improve completion while
preserving acceptance precision. Candidate budgets expose
the compute required for those gains. Error categories reveal
whether feedback addresses state-transition failures or only
formatting failures.

The empirical analysis has four contributions. First, it
independently revalidates every executable candidate in the
selected PlanBench artifacts rather than using stored success
flags. The direct analysis covers 6,000 GPT-4 plans across
standard and semantically obfuscated Blocksworld with
three- and four-object instances and five prompt forms.
Second, it provides a matched comparison of direct
execution, verifier gating, and verifier-feedback repair on all
50 available repair trajectories. Third, it quantifies safety,
abstention, repair rate, candidate cost, convergence, plan
length, edit distance, and difficulty-conditioned performance
in addition to valid-plan rate. Fourth, it packages the complete
validation pipeline, numerical tables, candidate-level records,
and vector figures so that every reported result follows from
one command over the archived benchmark.

The research questions are direct. RQ1 asks how prompt
form, instance size, and semantic obfuscation affect
externally certified direct planning. RQ2 asks what a verifier
changes when it is used only as an execution gate. RQ3 asks
how much iterative verifier feedback recovers from initially
invalid plans. RQ4 asks how quickly repair gains saturate and
how those gains vary with failure type and optimal plan
length. RQS5 asks whether the matched initial-to-final
improvement remains statistically decisive under paired
analysis.

2. Method
2.1 Experimental Design and Corpus
The study used the PlanBench repository snapshot and its
original PDDL task files, stored GPT-4 responses,
backprompting trajectories, and compiled VAL executable.
PlanBench contains a broader collection of prompt-based
planning and reasoning tasks [24]. The present experiment
selected every record for which the repository contained both
an executable GPT-4 Blocksworld candidate and the exact
PDDL instance required for independent validation. This
criterion produced 6,000 direct candidates. The repair
experiment used every trajectory in the standard four-object
Blocksworld backprompting file: 50 tasks and 286 candidate
plans across as many as 15 rounds. No task or round was
sampled from these two executable corpora. Table I
summarizes the units of analysis.

Table I

Evaluated Planbench Artifacts And Units Of Analysis
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Analysis Inputs Observations | Coverage | Unit
. 4 prompt Four Every stored
D1r.ect.p1an conditions x 5 | 6,000 domain-size | GPT-4
validation .
prompt forms groups candidate
. One-shot
Itergtlve GPT-4 +150 traces / 286 Standard Up to 15
verifier . four-block | candidates
feedback VAL candidates bset A
eedbac feedback subse per trace
PDDL Original
Formal task | domains and Standard g
1,200 problems benchmark
files problem and mystery | .
. nstances
nstances

The direct corpus crossed four domain-size conditions with
five prompt forms. Standard Blocksworld used the original
predicate and action vocabulary; Mystery Blocksworld
replaced meaningful names with opaque symbols while
preserving transition structure. Three-object conditions
contained 100 problems per prompt form, and four-object
conditions contained 500 problems per prompt form. The
prompt forms were one-shot natural language, zero-shot
natural language, natural language with explicit state
tracking, one-shot PDDL, and zero-shot PDDL. Each form
therefore contributed 600 standard and 600 mystery
candidates, and every domain-size-prompt cell was complete.
The design separates combinatorial scale from semantic
familiarity: increasing from three to four objects raises the
state-tracking burden, while the mystery transformation
removes lexical cues without changing the formal validity
criterion.

The matched repair set contains 50 standard four-object
problems. Each trajectory begins with an LLM plan, records
VAL feedback after an invalid candidate, and continues with
another LLM response until validation succeeds or the 15-
candidate limit is reached. The trajectories contain 286
candidates in total. Because these records were created for
backprompting analysis, they form a failure-enriched subset
rather than a random sample of all Blocksworld instances. All
three agent policies were evaluated on the same 50 initial
candidates. Consequently, the direct-versus-gate comparison
isolates the decision rule, and the gate-versus-repair
comparison isolates the feedback loop. Table II states the
three policies.

Table Ii Matched Agent Policies

Policy Verifier | Feedback Decision rule Candidates
Direct LLM | No No First candidate 1
executed
Verifier gate Yes No Execute iff valid 1
Verifier- Execute first valid
feedback repair Yes Yes candidate 1-15

2.2 Parsing, Verification, and Repair Control

Figure 1 shows the implemented control flow. The LLM
output first passes through a deterministic parser. For direct-
plan records, the parser removes list markers, extracts
parenthesized actions, lowercases symbols, normalizes
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whitespace, and maps color words to the object identifiers
used by the PDDL instance. For repair records, the parser
follows the repository's Blocksworld extraction rules: it
isolates the text between PLAN markers when present,
canonicalizes pick-up and put-down, identifies stack and
unstack actions, requires the correct number of full color-
object arguments, orders arguments by their textual position,
and emits one PDDL action per recognized line. Empty
extractions remain empty candidates and are scored as invalid
rather than silently removed.

Accept valid plan
for execu tion

Deterministic parser
normalizes actions

VAL verifier
checks execution + goal

Fig. 1. Modulo planning architecture. The verifier is the
sole acceptance authority, and invalid candidates return
structured diagnostics to the generator.

Every parsed candidate was written to a temporary plan file
and evaluated with VAL using the corresponding domain and
problem file. A candidate was valid only when VAL returned
a line containing exactly 'Plan valid.' The evaluator did not
infer correctness from a stored Boolean field. Invalid
candidates were classified as empty, syntax, unsatisfied
precondition, unsatisfied goal, or other validator failure.
Precondition failures indicate that at least one action was not
applicable in the state created by the previous prefix. Goal
failures indicate that all parsed actions executed but the
terminal state did not satisfy the goal. These categories
directly connect generated text to formal execution

semantics.

LM planner
proposes a plan

Structured feedback
failed action or goal

The direct policy models unverified agent execution. It
consumes one LLM call and executes the first candidate
regardless of validity. The verifier-gate policy consumes the
same LLM candidate, invokes VAL once, executes only a
certified plan, and otherwise abstains. The verifier-feedback
policy invokes VAL after each candidate, terminates
immediately on a valid result, and otherwise passes structured
failure information back to the next stored repair round. The
maximum budget was 15 candidates because that is the
complete trajectory depth present in the artifact. The
accepted-plan set for both verifier policies therefore contains
only candidates certified by the same sound decision rule.
The fixed cap is a control constraint rather than an accuracy
heuristic; analogous budget-constrained decision systems
optimize utility while enforcing resource and downside-risk
limits [34].

2.3 Outcomes, Cost, and Statistical Analysis

The primary outcome was valid completion, defined as the
fraction of instances for which the policy returned a VAL-
certified plan. Accepted-plan precision was the fraction of
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executed plans that were valid. Unsafe execution counted
instances on which a policy executed an invalid plan.
Abstention counted instances with no executed plan after the
applicable budget. Repair success was computed among
initially invalid tasks as the number that became valid by the
final available round divided by the number initially invalid.
The analysis also measured cumulative completion at each
budget, average candidates consumed under that budget, one-
step correction after each feedback category, and the repair
saturation round, defined as the first budget after which
cumulative completion never increased.

Plan structure was measured with parsed action counts.
Initial, final, and optimal lengths were summarized with
mean, median, minimum, and maximum. Sequence-level
change was measured by Levenshtein distance over action
tokens, so a substitution, insertion, or deletion contributed
one unit. For valid final plans, excess length was final length
minus the repository's optimal plan length. Optimal lengths
also defined four difficulty bins: 2-4, 5-6, 7-8, and 9 or more
actions. These bins preserve enough tasks for descriptive
comparison while distinguishing short from long-horizon
instances.

Uncertainty and hypothesis tests followed the paired design.
Wilson score intervals summarize binomial rates because the
matched sample is small and several rates are near zero or one
[35]. The initial-to-final risk difference was bootstrapped by
resampling the 50 paired task outcomes 20,000 times with
seed 2023. Exact McNemar testing used the discordant pairs:
37 tasks changed from invalid to valid and none changed
from valid to invalid [36]. The standard-versus-mystery
direct comparison used the 2 x 2 validity table, from which
the odds ratio and chi-square statistic were computed.
Statistical claims use p < 0.001 when the numerical value is
smaller than the displayed precision.

2.4 Reproducible Execution

The full experiment was executed locally with Python,
pandas, NumPy, SciPy, statsmodels, matplotlib, and the
repository's VAL binary. Validation jobs ran in 12 worker
threads, each with a separate plan file, and the complete
analysis finished in seconds on the available CPU
environment. The archive SHA-256 digest was
7d05c4a1220bced052c8e8fac7708763dd0672bf7214544845
6fedadc6eSbbaf. The run produced candidate-level CSV
files, 11 publication tables, a machine-readable JSON
summary, and seven figures in PNG and SVG formats. The
fixed seed, exact file selection, parser rules, validator
command, and output manifest are encoded in the
accompanying script.

3. Results and Discussion

3.1 Direct Plan Validity Across Prompt and Domain
Conditions

Across all 6,000 direct candidates, VAL certified 934 plans,
giving an overall valid-plan rate of 15.57%. The aggregate
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conceals a large semantic gap. Standard Blocksworld
produced 826 valid plans from 3,000 candidates (27.53%),
whereas Mystery Blocksworld produced 108 from 3,000
(3.60%). The odds of validity were 10.174 times higher in the
standard condition, and the 2 x 2 chi-square statistic was
651.9 (p < 0.001). Because the two conditions preserve
planning structure while changing names, this difference
shows that the stored GPT-4 planner relied heavily on
familiar lexical semantics. It did not maintain equivalent
transition reasoning after the vocabulary ceased to advertise
action meaning.

Table III reports every domain-size-prompt cell. The best
single cell was zero-shot natural language on standard three-
object tasks at 59%, followed by state-tracking natural
language at 55% and one-shot natural language at 49%.
Performance declined in the four-object standard condition:
the corresponding rates were 30.2%, 34.8%, and 31.4%. The
additional object therefore reduced accuracy even though
average plans grew by only about two actions. In Mystery
Blocksworld, state tracking remained strongest, reaching
21% for three objects and 8.2% for four objects. Zero-shot
natural language failed on all 600 mystery tasks.

Table Iii Direct Gpt-4 Validity By Domain, Size, And Prompt

Domain | World |Obj.| Prompt | N |vaia| Y2lid | Mean

% actions

BW-3 |Standard| 3 On;‘ih"‘ 100| 49 | 49.0 | 5.09
One-shot

BW-3 |Standard| 3 PoDL. | 100| 28 | 280 | 430
State-

BW-3 |Standard| 3 tracking |[100| 55 55.0 5.15
NL

BW-3 |Standard| 3 Zerl‘jl'LShm 100| 59 | 59.0 | 5.17
Zero-shot

BW-3 |Standard| 3 oL |100| 41 | 410 | 523

BW-4 |Standard| 4 On;ih"‘ 500| 157 | 314 | 7.86
One-shot

BW-4 |Standard| 4 PopL. | 300| 47 | 94 6.64
State-

BW-4 |Standard| 4 tracking [500| 174 | 34.8 6.11
NL

BW-4 |Standard| 4 Zerl‘\’I'LShm 500| 151 | 302 7.11
Zero-shot

BW-4 |Standard| 4 oL |500| 65 | 130 | 742
Mystery One-shot

Bw.s | Mystery | 3 L 00| 8 8.0 5.07
Mystery One-shot

Bw.s | Mystery | 3 PopL. | 100| 8 8.0 4.95
Myster State-

YSIIY | Mystery | 3 | tracking |100| 21 | 21.0 | 4.54
BW-3 NL
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Domain | World | Obj.| Prompt | N |vatia| Y2lid | Mean
%o actions

Mystery Zero-shot

BW-3 Mystery | 3 NL 100 O 0.0 0.91

Mystery Zero-shot

BW-3 Mystery | 3 PDDL 100 1 1.0 5.07

Mystery One-shot

BWA Mystery | 4 NL 500 18 3.6 7.51

Mystery One-shot

BW-4 Mystery | 4 PDDL 500 9 1.8 7.69

Myst State-

YSIY | Mystery | 4 | tracking |500| 41 | 82 6.48

BW-4 NL

Mystery Zero-shot

BW_A Mystery | 4 NL 500 0 0.0 2.42

Mystery Zero-shot

BW-4 Mystery | 4 PDDL 500 2 0.4 7.15

The prompt-level aggregation in Table IV and Fig. 2
establishes two consistent patterns. First, explicit state
tracking was the strongest prompt form in both semantic
conditions: 38.17% in standard tasks and 10.33% in mystery
tasks. It exceeded one-shot natural language by 3.83 points in
standard tasks and 6.00 points in mystery tasks. Second,
presenting the problem in PDDL did not make the LLM
behave like a symbolic planner. One-shot PDDL achieved
12.50% in standard tasks and 2.83% in mystery tasks; zero-
shot PDDL achieved 17.67% and 0.50%. The formal surface
representation supplied symbols, but it did not supply reliable
state progression.

Table Iv Prompt-Level Validity Aggregated Across Instance

Sizes
World Prompt N | Valid | Valid %
Standard | One-shotNL | 600 | 206 34.33
Standard | One-shot PDDL | 600 | 75 12.50
Standard | State-tracking NL | 600 | 229 38.17
Standard | Zero-shot NL [ 600| 210 35.00
Standard | Zero-shot PDDL | 600 | 106 17.67
Mystery One-shot NL 600 | 26 4.33
Mystery | One-shot PDDL |600 | 17 2.83
Mystery | State-tracking NL | 600 | 62 10.33
Mystery | Zero-shotNL |600| 0 0.00
Mystery | Zero-shot PDDL |600| 3 0.50
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Fig. 2. VAL-certified direct plans by prompt form and
semantic condition. Each bar aggregates three- and four-
object instances.
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The natural-language results also separate demonstration
effects from reasoning effects. In standard tasks, zero-shot
natural language slightly exceeded one-shot natural language,
35.00% versus 34.33%, so the example did not improve
aggregate validity. In mystery tasks, one-shot natural
language reached 4.33% while zero-shot natural language
remained at 0%, showing that a demonstration helped decode
the obfuscated operator vocabulary. State tracking still more
than doubled the one-shot mystery rate. The strongest prompt
therefore combined semantic decoding with explicit
intermediate-state bookkeeping rather than relying on a single
example alone. Language choice is also an interface variable
in computing education: bilingual data-structures instruction
has been evaluated for its effects on learning and engagement
[37]. Here, the corresponding question is whether a model can
ground opaque symbols into executable actions.

Failure diagnostics explain why direct plans were unreliable.
Table V and Fig. 3 classify all invalid candidates relative to
the full generated set. Unsatisfied preconditions dominated
every condition: 224 cases in standard BW-3, 1,604 in
standard BW-4, 345 in mystery BW-3, and 1,987 in mystery
BW-4. Goal failures were the second major category in
standard tasks, with 42 and 278 cases. Mystery tasks added a
large empty-plan component, especially under zero-shot
natural-language prompting: 86 empty extractions in BW-3
and 361 in BW-4. Only one direct candidate produced a
syntax-classified failure, and nine standard BW-4 candidates
fell into the residual category. The main problem was
therefore semantic execution, not PDDL punctuation.

Table V Direct Candidate Outcome Taxonomy

Domain Total | Valid | Precond. | Goal | Empty | Syntax | Other
BW-3 500 232 (224 42 |2 0 0
BW-4 2,500 1594 | 1,604 278 |14 1 9
Mystery BW-3 [ 500 |38 345 31 86 0 0
Mystery BW-4 | 2,500 | 70 1,987 82 |361 0 0
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= Precondition
' Goal

- Empty
= syntax

= Other

rated plans (%)

Share of all gener

BW-4 BW-3

Fig. 3. Invalid direct-plan outcomes as a share of all
generated candidates. Precondition violations dominate
every domain condition.

Mystery BW-3

Precondition failures are particularly important for agent
safety. A plan with a late precondition error can appear
coherent through a long prefix, yet execution stops at an
impossible action. A language-only evaluator can reward the
plausible prefix, while VAL rejects the complete sequence at
the first violated transition. The dominance of this category
supports external checking after every proposal. It also
supports diagnostic feedback that identifies the failed action
rather than a generic message that the answer is wrong. Goal
failures require a different repair behavior: the action
sequence is executable, but the planner must add or alter
actions so the final state satisfies the target. Operational
AlOps work similarly separates fault signals from diagnosis
and remediation decisions [38], supporting the use of
validator feedback as structured evidence rather than a
generic confidence cue.

3.2 Matched Comparison: Direct Execution, Gating, and
Repair

The matched 50-instance experiment separates safety from
completion. As shown in Table VI and Fig. 4, the direct
policy completed 4 tasks (8%) and executed an invalid plan
on the remaining 46 tasks. Its accepted-plan precision was
therefore 8%. The verifier gate completed the same 4 tasks
because it received the same first candidates, but its accepted-
plan precision rose to 100%. It executed no invalid plan and
abstained on 46 tasks. Verification alone did not create a
solution; it converted unsafe execution into safe refusal.

Table Vi Matched Policy Outcomes On 50 Repair Tasks

100 = Valid completion  mEm Unsafe execution  mEE Abstention

jate i
erifier Qerterfeedo (epd
erif

Fig. 4. Matched safety-completion tradeoff. Verification

alone converts invalid execution into abstention, verifier-

feedback repair converts most abstentions into certified

completion.

Iterative verifier feedback changed that tradeoff. The repair
policy completed 41 of 50 tasks (82%), executed no invalid
plan, and abstained on 9 tasks after exhausting the available
rounds. Among the 46 initially invalid tasks, 37 became valid,
giving an 80.43% repair rate. All four initially valid plans
remained valid because the policy stopped immediately after
certification. Relative to verifier gating, repair reduced
abstention from 92% to 18% while preserving 100%
accepted-plan precision. Relative to direct execution, it raised
valid completion by 74 percentage points and eliminated 46
unsafe executions.

The broad direct rate and the matched initial rate answer
different questions. The 27.53% standard direct rate pools
3,000 candidates across two instance sizes and five prompts.
The 8% matched rate comes from 50 standard four-object
trajectories selected for the repository's backprompting
experiment. The repair set is therefore harder and failure
enriched. The valid comparison is within its paired rows: each
policy sees the same initial candidate, and repair adds only
verifier feedback and subsequent candidates. No claim in this
study treats the matched subset as a random estimate of all
PlanBench tasks.

3.3 Repair Convergence and Diagnostic Effectiveness

Repair gains arrived early but not immediately. Table VII and
Fig. 5 show that a one-candidate budget reproduced the 8%
initial rate. Allowing a second candidate raised cumulative
completion to 36%, a gain of 28 points at an average cost of
1.92 candidates. The third candidate raised completion to

48%; the fourth to 58%; and the sixth to 70%. By the seventh
Vali | Com A;fe Unsa | Unsa | Absta | Absta valf ‘LA candidate, 38 tasks were complete (76%). Candidate eight
Policy | "4 b % | prec. | fe |fe% | in | in% | call | can| @ddedone successand candidate nine added two, reaching the
% s | s final 82%. Candidates 10 through 15 added no further
Direct 00 | success. The saturation round was therefore nine.
4 | 80| 80 | 46 | 920 0 0.0 |1.00| "
LLM 0
Verifie | | ¢4 [1000] o | 00 | 46 | 920 |1.00| 10| Table Vii Cumulative Completion Under Candidate Budgets
r gate 0 Maximum candidates | Solved | Completion % | Mean consumed
Verrfﬁe 1 4 8.0 1.00
feedba | 41 | 82.0 | 100.0 0 0.0 9 18.0 |5.72 5; 2 18 36.0 1.92
ck
repair 3 24 48.0 2.56
[omom Lisensi: Creative Commons Attribution 4.0 International (CC BY 4.0)
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Maximum candidates | Solved | Completion % | Mean consumed
4 29 58.0 3.08
5 31 62.0 3.50
6 35 70.0 3.88
7 38 76.0 4.18
8 39 78.0 4.42
9 41 82.0 4.64
10 41 82.0 4.82
11 41 82.0 5.00
12 41 82.0 5.18
13 41 82.0 5.36
14 41 82.0 5.54
15 41 82.0 5.72

Valid completion (%)

~e~ Valid completion
-m- Mean candidates

Fig. 5. Cumulative valid completion and mean candidate
consumption as the repair budget increases. Completion
saturates at candidate nine.

The budget curve supports a bounded deployment policy. A
four-candidate cap obtained 58% completion with 3.08
average candidates consumed, while a seven-candidate cap
obtained 76% with 4.18 candidates. Extending from seven to
nine candidates added six completion points at an average
additional consumption of 0.46 candidates per task.
Extending beyond nine consumed additional candidates only
on the nine unresolved traces and produced no benefit. In this
corpus, the efficient frontier ends at nine rounds. A
production controller would stop there unless a different
model, prompt, or planner changed the observed tail.

Figure 7 displays the validator outcome at each repair round.
The first round contained 4 valid plans, 41 precondition
failures, 4 goal failures, and 1 empty candidate. Round two
produced the largest single conversion, with 14 valid
candidates among the 46 remaining traces. Later rounds
contained progressively fewer active traces because
successful tasks terminated. Precondition failures remained
the dominant residual outcome through the final round. The
total repair corpus contained 197 precondition failures, 42
goal failures, 41 valid candidates, and 6 empty candidates
across 286 evaluations. No repair candidate was classified as
syntax or other failure after parsing.

© 0

Candidate plans evaluated

r..

o

Fig. 7. Validator outcomes by repair round. Active
trajectories decrease after success, precondition failures
dominate the unresolved tail.

Table VIII measures whether a particular diagnostic was
followed by a valid candidate on the next recorded transition.
Goal feedback was followed by a valid plan in 13 of 46
transitions (28.26%). Precondition feedback was followed by
a valid plan in 24 of 190 transitions (12.63%). The higher
one-step rate for goal feedback is consistent with the smaller
search needed after an executable but incomplete plan: the
model often needed to add or redirect a suffix. Precondition
feedback demanded restoration of state consistency, and a
local edit could create another upstream or downstream
violation. The feedback still repaired many precondition
failures over multiple iterations, but the correction path was
longer.

Table Viii One-Step Correction After Verifier Feedback

Feedback | Transitions | Next valid | Correction %
Goal 46 13 28.26
Precondition 190 24 12.63

3.4 Difficulty, Plan Quality, and Compute
Difficulty-conditioned results are reported in Table IX and
Fig. 6. Initial validity was concentrated entirely in the shortest
bin: 4 of 11 tasks with optimal length 2-4 were valid, and no
longer task was initially valid. After repair, completion
reached 90.91% in both the 2-4 and 5-6 bins, 69.23% in the
7-8 bin, and 80.00% in the 9+ bin. The longest bin exceeded
the 7-8 bin despite containing longer optimal plans, so the 50-
task sample does not support a monotone length-performance
curve. It does establish that repair was not confined to short
plans: 12 of 15 tasks requiring at least nine optimal actions
were solved.

Table Ix Completion By Optimal Plan Length

Optimal N Initial Initial Final Final Gain
actions valid % valid % (pp)
2-4 11 4 36.36 10 90.91 54.55
5-6 11 0 0.00 10 90.91 90.91
7-8 13 0 0.00 9 69.23 69.23
9+ 15 0 0.00 12 80.00 80.00
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100 = initial candidate
After repair

Valid completion (%)

24 9+

Fig. 6. Initial and repaired completion by optimal plan
length. Repair succeeds across all horizon bins.

Table X quantifies candidate length and editing. Initial
candidates averaged 6.98 parsed actions, final candidates
averaged 8.42, and optimal plans averaged 7.12. The median
was eight for all three quantities. The mean initial-to-final
Levenshtein distance was 4.38 actions, with a maximum of
11. Repair therefore involved substantive sequence changes
rather than repeated formatting. Among the 41 valid final
plans, excess length averaged 1.41 actions, the median was
zero, and the maximum was six. Many repairs reached an
optimal-length solution, while others traded compactness for
correctness.

Table X Candidate Cost, Length, And Sequence Change

Quantity Mean | Median | Min | Max

Initial candidate plan length 6.98 8.00 |0.00|12.00
Final candidate plan length 8.42 8.00 |0.00]|16.00
Optimal plan length 7.12 8.00 |2.00|12.00
Candidates per trace 5.72 4.00 |[1.00|15.00
Initial-final edit distance 4.38 4.00 [0.00|11.00
Excess actions in valid final plans | 1.41 0.00 |0.00| 6.00

The candidate-cost distribution was skewed. Mean
consumption was 5.72 candidates, but the median was four;
some tasks solved immediately, whereas nine exhausted all
15 rounds. This asymmetry explains why a fixed maximum
budget and an average cost must be reported together. A
policy that allocates one call to every task is cheap but unsafe
without a gate and incomplete with one. A policy that
allocates nine calls only when earlier candidates fail obtains
the full measured completion rate while avoiding six fruitless
rounds on the unresolved tail. External verification makes this
adaptive allocation possible because it provides a reliable
stopping event. Candidate ordering could reduce this cost
further: personalized recommendation methods offer
practical ranking machinery [39], while spectral rank-
aggregation theory provides a formal basis for combining
noisy preferences [40]. Any such ranker would alter search
efficiency, not the acceptance boundary; selected plans would
still require VAL.

3.5 Statistical Evidence and System Implications

Table XI summarizes inferential results. The initial valid rate
had a Wilson 95% interval of 3.15-18.84%, and the final rate

© 0

had an interval of 69.20-90.23%. The repair rate among
initially invalid tasks had an interval of 66.83-89.35%. The
paired risk difference was 74 points with a 62-86 point
bootstrap interval. Exact McNemar testing yielded p = 1.46 x
10"-11 because 37 pairs improved and none deteriorated.
These results reject the explanation that the observed gain
arose from unpaired instance variation. The repair policy
changed outcomes on the same tasks.

Table Xi Statistical Estimates And Tests

Estimate Outcome P.O int Interval/ Method
estimate test
. . . N
Initial valid 4/50 3.00 315-18.84 Wilson 95%
rate CI
1 0,
Final valid rate | 41/50 82.00 | 69.20-90.23 Wﬂs"CI} 93%
. . N
Repairamong | 57,/q 80.43 | 66.83-89.35 | "ilson95%
initially invalid CI
Paired risk 20,000 paired
difference S RO BT bootstrap
. 37 improve / p=146x Exact
Initial vs. final 0 worsen ) 107-11 McNemar
Standard vs. | 826/3000 vs. OR = cl6115-ls tg{are <: 2 x 2 validity
mystery 108/3000 | 10.174 o'oéf table

Taken together, the experiments identify three distinct roles.
Prompt design affects proposal quality, as shown by the
advantage of explicit state tracking. Formal verification
affects decision quality, as shown by the gate's change from
8% to 100% accepted-plan precision without any change in
completion. Iterative regeneration affects coverage, as shown
by the increase from 4 to 41 completed tasks under the same
acceptance rule. Conflating these roles obscures system
behavior. A high-quality planner needs good proposals, a
sound acceptance boundary, and a budgeted mechanism for
acting on rejection. Data-driven marketing decision systems
offer a parallel distinction between predictive insight and the
policy that acts on it [41]; the planning results make that
separation explicit through proposal quality, acceptance
precision, and completion.

The results also clarify why a language model should not
serve as the final verifier for deterministic planning. Prior
work found that LLM self-verifiers accept invalid plans and
that self-critique can reduce planning performance [31], [32].
The present evaluation uses VAL as the acceptance authority
and obtains zero false acceptance in the measured set. The
LLM is still useful: it generates diverse repairs that recover
37 failed tasks. The architecture does not ask one model to be
simultaneously creative and sound. It assigns creativity to
generation and soundness to formal execution checking. An
analogous separation is important in credit-risk modeling,
where a decision-tree score can support assessment but does
not by itself define policy or verification [42].

The mystery results reinforce that architecture beyond the
matched repair subset. Familiar action names allowed
substantially higher direct validity, but the formal verifier was
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invariant to whether predicates were semantically meaningful
or opaque. This is a core advantage of symbolic checking:
once the candidate is grounded to the correct action schema,
acceptance follows from state transitions, not from linguistic
familiarity. A future repair agent for mystery domains
therefore needs stronger symbol grounding and proposal
generation, but it does not need a different correctness
criterion. Long-document RAG for contractual and insurance
analysis provides a parallel form of grounding: conclusions
are tied to retrieved clauses rather than surface fluency [43].
In planning, the PDDL transition system supplies the
authoritative grounding.

PDDL prompting deserves the same distinction. Giving
formal syntax to the LLM reduced ambiguity in
representation, yet direct PDDL rates remained below
natural-language rates in standard tasks and near zero in
mystery tasks. Formal input is not equivalent to formal
reasoning. The parser and validator make the representation
executable, while the generator still has to predict a globally
consistent sequence. The empirical value of PDDL in this
pipeline lies in machine-checkable semantics, not in an
assumption that an LLM will automatically search the
induced state space. Broader Al-driven financial-service
systems likewise combine data-derived insight with explicit
risk analysis instead of treating a prediction as a self-
authorizing decision [44].

For agent engineering, the measured policy is
straightforward. The system should never execute an
uncertified deterministic plan when an exact domain model
and validator exist. A single verifier call removes unsafe
execution but creates abstention. Structured failure feedback
should then be used under an adaptive cap. In the measured
trajectories, four candidates provided a substantial low-cost
operating point, seven captured most of the available benefit,
and nine captured all observed benefit. The final unresolved
tasks should be escalated to a classical planner, a human
operator, or a model with a different search mechanism rather
than repeated with identical feedback. Where an exact world
model is unavailable, monitored evidence must supplement
the controller; deep-autoencoder IoT traffic analysis can
identify abnormal operating states [45]. Such monitors
complement rather than replace plan certification.

4. Limitations

The evaluation measures stored GPT-4 responses in the
PlanBench repository. It establishes the behavior of those
candidates under fresh validation, not the performance of
newer models, different decoding temperatures, or newly
sampled outputs. Model comparison was intentionally
excluded because the only complete verifier-feedback
trajectories aligned with the original GPT-4 backprompting
records. The reproducible unit is the candidate plan, its
problem file, and its validator result.

The repair analysis contains 50 standard four-object
Blocksworld tasks and is failure enriched. Its paired estimates
are internally valid, but its 82% final completion rate is not a
population estimate for every PlanBench domain. Logistics,
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Sokoban, unsolvable-task recognition, and other benchmark
capabilities require domain-specific parsers, validators, and
outcome definitions. The broad direct analysis covers
standard and mystery Blocksworld only because those
conditions supplied the complete prompt grid needed for
controlled comparisons.

Formal verification is sound relative to the supplied PDDL
model. The experiment does not test whether that model
perfectly represents a physical environment, uncertain
sensing, continuous control, or hidden effects. In a deployed
robot or software agent, model errors can make a formally
valid plan unsafe in the real system. The modulo architecture
still applies, but the verifier must incorporate execution
monitors, state estimation, and domain constraints that match
the deployment environment. In embodied systems,
perception fusion [23] and target-detection improvements
based on RFAConv and triplet attention [46] can strengthen
the estimated state, but neither certifies a downstream action
sequence.

The deterministic parser favors precision over recall. It rejects
malformed or incomplete natural-language action lines and
counts an empty extraction as invalid. A human reader could
occasionally infer an intended action that the parser discards,
but such intent is not an executable plan. The reported metric
therefore evaluates end-to-end machine executability.
Alternative parsers would change the boundary between
empty, syntax, and semantic failures, although every
accepted plan would still require VAL certification.
Compute was measured in candidate and verifier calls
because archived traces do not provide a uniform token-
accounting basis across every record. The study does not
report dollar cost, wall-clock generation latency, or energy
use. The repair policy also uses the feedback wording
recorded in the repository, so it does not isolate alternative
diagnostic templates. Finally, the mystery transformation
tests semantic obfuscation, not arbitrary distribution shift; its
results should be interpreted as evidence about lexical
dependence within a fixed transition family. Deployment also
introduces nonstationary operational risks. Predictive DDoS
mitigation requires live monitoring and policy-constrained
response [47], while shared-infrastructure degradation can
require telemetry-aware risk models [48]. More generally,
uncertainty quantification for spectral estimators [49]
addresses confidence in noisy estimates, whereas VAL
addresses logical validity under a fixed symbolic model; a
deployed agent may need both.

5. Conclusion

This study demonstrates that external verification and
iterative repair solve different parts of the LLM planning
problem. On 6,000 direct PlanBench candidates, validity was
low overall and fell from 27.53% in standard Blocksworld to
3.60% under semantic obfuscation. Explicit state tracking
improved proposals, but no prompt form produced
dependable direct execution. On the matched 50-task set, a
verifier gate eliminated invalid execution and raised
accepted-plan precision to 100%, yet completion remained
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8%. Feeding verifier diagnostics back into the generator
raised completion to 82%, repaired 80.43% of initially invalid
plans, preserved zero invalid acceptance, and reached its full
measured benefit by candidate nine.

The central design principle is a strict division of labor. The
LLM generates and edits candidate plans; the symbolic
verifier alone decides validity; the controller allocates
additional generation only after a concrete failure. This
arrangement turns verification from a passive evaluation tool
into an active control signal. For deterministic domains with
an executable model, modulo planning provides a practical
agent policy: certify before execution, repair under a bounded
budget, and escalate unresolved cases instead of trusting
fluent but unchecked plans.
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