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Abstract

In this paper, we present CoSP-TL, a two-level architecture that combines common-sense reasoning knowledge
from Large Language Models with formal symbolic planning to address temporally constrained planning problems
expressed in natural language. Our approach employs a hierarchical planner composed of a High-Level Planner,
which iteratively refines a natural-language plan until it satisfies a Linear Temporal Logic formula encoding the
problem constraints, and a Low-Level Planner, which translates the high-level plan into executable PDDL with
extensive validation and error-recovery mechanisms. We evaluate our framework on the recent and challenging
LexiCon benchmark across three IPC domains, Blocksworld, Logistics, and Sokoban considering an increasing
number of temporal constraints over domain fluents. Results show that our approach significantly outperforms
standard LLM-based planning, achieving strong performance on unconstrained problems and maintaining robust
results as the number of constraints increases, highlighting the scalability of CoSP-TL in handling temporally
constrained planning tasks at which standard LLM planners exhibits substantial performance degradation.
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1. Introduction

Classical planning methods rely on formal symbolic models to represent domain knowledge, including
action rules, preconditions, and effects, typically expressed in declarative languages such as PDDL.
These models enable reliable reasoning and execution in structured decision-making tasks but assume
the availability of precise, formally specified task descriptions, whose construction is challenging in
complex, compositional domains and often demands substantial domain expertise. Large Language
Models (LLMs) offer a promising alternative by acting either as planners or as translators from natural
language into formal symbolic representations, leveraging common-sense knowledge acquired during
pretraining. This paradigm assumes that much of the knowledge required for planning is implicit
and can be reconstructed by LLMs, yet such implicit reasoning creates a gap between the internal
self-consistency of the generated planning domain and the groundability of the resulting plan in real-
world robotic environments, where symbols must correspond to actual objects and executable actions.
As a result, recent direct LLM-as-planner approaches, which bypass intermediate grounding, remain
largely unsuitable for embodied agents: generated plans may appear coherent while still containing
token-level hallucinations, such as misaligned symbols or action and argument names that do not
correspond to the underlying domain specification. This challenge becomes even more pronounced
when formal constraints are introduced, as recent benchmarks such as LexiCon show that performance
of LLM-based planners degrades substantially with the number and complexity of temporal constraints.
In this context, Linear Temporal Logic (LTL) [1] and its finite-trace variant LTLf [2] provide expressive
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formalisms to specify temporal constraints over system executions, making them a natural choice
for constrained planning in robotics. To address these challenges, we propose CoSP-TL (Common-
Sense Enhanced Planning under Temporal Logic Constraints), a two-level hierarchical framework
for temporally constrained planning from natural language instructions. At the high level, CoSP-TL
exploits LTLf constraints to autoregressively construct plans while ensuring that the generated trace
satisfies the temporal specification before a final plan is produced. The resulting high-level plan is
then passed to a low-level planner, which translates each instruction into an executable symbolic
plan, ensuring consistency and executability with respect to the ground-truth domain. We evaluate
CoSP-TL on the LexiCon benchmark across three IPC domains, Blocksworld, Logistics, and Sokoban,
under an increasing number of temporal constraints over domain fluents. Experimental results show
that CoSP-TL significantly outperforms standard LLM-based planning approaches, achieving strong
performance on unconstrained tasks while maintaining robust results as constraint complexity increases,
highlighting the effectiveness and scalability of CoSP-TL for temporally constrained planning settings
where standard LLM planners exhibit substantial performance degradation. The implementation is
available at: https://github.com/EmanueleMusumeci/CoSP-TL.

2. Related Works

Natural language to formal planning models The challenge of translating natural language into
formal PDDL has gained traction as a way to bridge informal requirements with classical planning.
Recent work explores the use of LLMs to transform incomplete or ambiguous natural language specifi-
cations into formal planning representations, a process referred to as model elicitation [3] [4], where
structural elements of a planning domain are inferred by extracting implicitly modeled knowledge from
LLMs through textual prompts [5] [6]. This comes at the cost of limited control over the fine-grained
precision of predicted tokens. While this token-level flexibility benefits many NLP tasks where multiple
outputs can express the same concept [7], it negatively impacts requirements for strict structural
and token-level precision [8]. Prior work shows that LLMs encode structural priors over symbolic
representations. For instance, contextual PDDL action names can provide sufficient semantic cues to
guide coherent action sequence generation [9]. Nevertheless, these associations may be biased toward
the training distribution, reducing robustness in complex or out-of-distribution scenarios [10]. In this
work, we address the limitations of model elicitation by proposing a hierarchical architecture with two
abstraction levels, aiming to improve control over token generation and produce executable plans.

LLM-based neuro-symbolic planning Recent approaches attempt to bypass the explicit con-
struction of symbolic planning domains. frequently sacrificing semantic validity and executability of
produced plans, which may appear reasonable and executable, while containing token-level halluci-
nations like misnamed symbols, actions or arguments. These methods typically begin with a model
elicitation stage that produces a formal intermediate representation of the planning domain, then used
to derive a grounded plan. NL2Plan [11] employs a 6-step extraction pipeline to synthesise full domains
and problems from minimal text. LLM+P [12] assumes a provided ground-truth domain and translates
natural language instructions into PDDL problem files. ISR-LLM [13] refines PDDL problems against
ground-truth domains using iterative prompting guided by formal validation. Planning in the Dark [14]
bypasses expert intervention through a schema library and semantic validation. Other frameworks rely
on intermediate representations: TIC [15] translates natural language first to Answer Set Programming
(ASP) before compiling to PDDL. Multi-agent architectures have also been explored, e.g. La Malfa et al.
[16], who use iterative validator feedback. Tools like PDDL-GenAlI [17] and recent surveys [18] reflect
a growing ecosystem of LLM-based support in domain modeling. As Vallati et al.[19] note, formal
validators remain critical for robust deployment. To improve reliability, several works incorporate
external validation mechanisms into the generation process. LLM-Modulo [20] formalizes this paradigm
by combining LLMs with symbolic or learned validators to iteratively refine outputs. Similarly, ISR-LLM
[13] integrates validation feedback directly into the prompting loop. These approaches emphasize
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Figure 1: Overall CoSP-TL architecture. The High-Level Planner (HLP) receives the input problem/domain/con-
straints description and produces an ordered list of natural language subgoals. The Low-Level Planner (LLP)
solves the subgoals one by one, using the input description to elicit symbolic PDDL. In case of failure in the LLP,
an additional feedback channel, represented by the dashed arrow, triggers the HLP to fix the failing subgoal and
regenerate the following ones, which are then processed again at the low level.

the importance of external verification for ensuring semantic correctness in LLM-generated planning
artifacts. Planning under temporal logic constraints, such as Linear Temporal Logic on finite traces
(LTLf), extends classical planning by requiring the execution traces to satisfy additional temporal
constraints in addition to the goal condition. In this context, LexiCon [21] offers a benchmark for
evaluation compliance with such temporal specifications. Prior works has explored neuro-symbolic
approaches that combine learning-based components with symbolic reasoning [22], [23], [24]. In this
work, we address constrained plan generation with a hierarchical architecture that translates problem
constraints into an LTLf formula, which guides both high-level planning and low-level plan refinement.

3. Methodology

The problem of eliciting at the same time a temporally constrained high-level plan and a symbolic model
to compute a solution plan is an extremely challenging task. Temporally extended tasks require pipelines
that exhibit agentic capabilities, particularly from the point of view of working memory management.
Moreover, although LLMs exhibit in general good capabilities as high-level planners [25], the token-
level ambiguity constitutes an obstacle for formal model elicitation tasks. We propose a hierarchical
architecture, shown in Figure 1 and described in Alg. 1, that exploits both high-level planning grounding
capabilities [26] of LLMs. The system is composed of a High-Level Planner (HLP) and a Low-Level
Planner (LLP): the former interprets domain/problem/constraints in natural language, producing a
sequence of high-level natural language subgoals, while the latter translates these instructions into
low-level, executable actions. Together they form a hierarchical refinement loop. The HLP regenerates
the high-level plan whenever the LLP diagnoses a failure. For each subgoal, the LLP runs a refinement
loop to refine the symbolic domain and problem using feedback from a symbolic validator.



Algorithm 1 CoSP-TL planning pipeline. Colours correspond to Figures 1-3: HLP, LLP,
symbolic planner , validator/simulator , state grounding , init-diff gate, cross-level feedback .

Require: Natural-language problem P with objects, initial state, goal, and constraints
Ensure: Executable plan 7 satisfying the goal and the LTLf formula

1: ®y; < NLINTERPRETER(P) > paraphrase + predicates

2: ¢rrrf < FORMULAGENERATOR(®y )

3: ©" « CONSTRAINTORDERSELECTOR(¢rTL f) > Imm/Excl/Dep/Cond/Glob
4: b0
5: fort=1...Ty;pdo > outer HLP attempts
6: IT « HLPLANNER(®p, €, fb) > subgoals g; ... g,
7: 7 < TRACEGENERATOR(II)
8: ok < TRACECHECK(T, g7 f)
9: if not ok then
10: fb < TRACECORRECTOR(T, ¢ 71 ) ; continue
11: 3 « PDDLDOMAINGEN(® )
12: fork=1..ndo > per-subgoal LLP
13: g < STATEGROUNDING(P, simy.;) >NLatk=1,simatk>1
14: % < PDDLPROBLEMGEN(Z, ¢, &)
15: forr=1..Rdo > outer refinement
16: 7. < PLAN(S, )
17: if ;. # ® A SIMULATE(7;) ok then break
18: F « ISSUEDIAGNOSER(Z, A, errors)
19: forie 7do > per-issue inner loop
20: (%,%") < CorrECTOR(i, %, A)
21: accept < INITDIFFGATE(HA,, &)
22: if accept then commit (%/,%’)
23: temp < TemPLADDER(group(.¥%),r)
24: if 1, = @ then
25: fb « TRANSLATEFAILURE(.Y) ; break

26: if all 7 succeed and GTExEc(r ... 7,) ok then
27: return 7 < 7 - 7, - 7T,
28: return @

World Objects: Blocks brown_block_1, grey_block_1, brown_block_2, blue_block_1, red_block_1.

Original World State: brown_block_1 is on the table; grey_block 1 is on top of brown_block_1;
brown_block_2 is on top of grey_block_1; blue_block_1 is on the table; red_block_1 is on top of brown_block_2;
no block on top of blue_block_1; there is no block on top of red_block_1; you are not holding any block.

Goal and Constraints: The task is to bring about the following situation: grey_block_1 is on the table.

A valid plan must satisfy: the following expression must hold in at least one state, “you are holding
brown_block_2”; if that expression holds in some state s, then “you are holding blue_block_1” must hold at s or
after s; the following expression must hold in at least one state, “brown_block_1 is not on top of grey_block_1"

Running example: system input We provide an example problem from the blocksworld domain,
further denoted as P in the remainder of this manuscript. We will show the contribution of each
component of the architecture and the evolution of the input from a problem expressed in natural
language to a low-level executable plan. Our system starts taking as input a description in natural
language of the constrained problem to be solved. The latter is shown below and includes: (I) a
description of the domain and its rules, along with its actions pre-conditions and post-conditions, (II) a
list of the objects present in the problem (IIT) a description of the problem initial state, (IV) a description
of the goal, or desired final state, (V) a list of constraints that must be satisfied during the plan execution.



3.1. High Level Planner

The High-Level Planner (HLP) receives a natural language input, from which it builds and iteratively
refines a high-level plan, that satisfies all the given natural language constraints. The HLP output
consists in a sequence of natural language instructions, used as subgoals in the LLP. These instructions
have low granularity, meaning that in some cases a single instruction of the HLP can be decomposed in
multiple steps by the LLP in order to become executable. The high-level system of our framework is
composed by the a NL interpreter, a formula generator, a HL Planner module, a trace generator and a
trace corrector, described below. We can summarize the general pipeline of the HLP as follows:

1. The NL Interpreter analyzes the Domain/Problem to detect relevant objects and predicates;

2. From the extracted formalism, the Formula Generator encodes the NL constraints to LTLf;

3. The HLP generates a plan as a sequence of NL instructions, which is supposed to both reach the
goal from the initial state and satisfy the constraints at the same time;

4. The Trace Generator generates a trace representing the plan trajectory, which is checked with the
formula; if the trace satisfies the formula, the plan is forwarded to the low-level planner, otherwise
the LLM Feedback module formulates a feedback about the reason of failure the formula used by
the HL planner to correct the wrong steps.

In the following paragraphs we provide additional implementation details high-level modules.

NL Interpreter The NL Interpreter extracts the relevant semantics from the input Domain/Problem/-
Constraints. Although the domain description is provided in NL, object names or state descriptions
still have a structure very similar to the symbolic one used at the low level. To reduce the risk of
hallucinations related to overly rigorous syntax, the original information is reinterpreted in a more
discursive manner (e.g., the state description “red_block_1 is on the table” becomes “the first red block is
located on the table”). Specifically, the extracted information is divided into: the set of actions allowed
by the domain; an extensive description of the initial and goal states; the set of problem constraints; the
set of objects that appear in the problem; the set of predicates that can be associated with the objects
according to the domain, expressed in FOL syntax (i.e. onTop(X.Y), holding(X) etc.); a natural language
description of predicates semantics that explains their semantics. This division of information enriches
context provided to subsequent modules, mitigating hallucinations of objects instances and predicates.

Formula Generator The Formula Generator is an LLM that receives in input the Domain/Problem/-
Constraints natural language interpretation from the NL interpreter and generates a LTLf formula that
represents the constraints of the problem. To enforce the model capability to understand LTLf syntasx,
we have injected the description of the main LTLf operators (F, G, X, U, A, Vv, -, =) into the prompt.
The generated formula will be used by subsequent modules to verify that the plan meets all constraints.
The goal is not included in the formula, but is managed separately. In the case of P..f, the NL constraints
shown in "Running example” are represented by the following formula:

F(holding(brown_block_2))A
G(holding(brown_block_2) = F(holding(blue_block_1)))A
F(—on_top(brown_block_1, grey block_1))

HL Planner Module This module, responsible for generating a plan in natural language, is the core
of the high-level architecture. Initially, a separate LLM works as a heuristic to decide in which order the
constraints must be satisfied inside the plan. This prevents that a constraint may be satisfied at some
point in the plan but become later unsatified, when the planner is trying to solve another constraint.
We ask the LLM to order the constraints solution according on the factors of Immediacy, Exclusivity,
and Dependency. “Immediate” constraints can be solved in one or a few moves and, once solved, they
can then be ignored (i.e. the F(...) constraints). Exclusive constraints involve objects that appear only
within that constraint. These two types of constraints are assigned a higher priority and the planner



will try to solve them first. Constraints involving Dependencies (e.g. the same object appearing in
multiple constraints) have a lower priority. In P,f, constraints are ordered by the LLM as follows:

1. F(holding(brown_block_2))
2. F(lon_top(brown_block_1, grey_block_1))
3. G(holding(brown_block_2) = F(holding(blue_block_1)))

Notice how the Immediate constraints (F operator) were selected first by the LLM heuristic, with
the most elementary one involving only black_block_2 being selected first. The ordered constraints
are managed by the Planner, which constructs the plan auto-regressively: each LLM call generates the
subsequent action/state pair from the previously calculated states. The planner starts with a description
of the initial state S, extracted from the NL Interpreter module. For each constraint G, it defines a
subsequence A; of actions to solve the constraint and builds the description of the new state after the
execution of the A; actions. The new natural language state S; is given as input with the next constraint
Ci+1 and the plan is iteratively built until all constraints are processed. The goal C, is eventually
processed like the other constraints. Below we show the HLP generated for Pf.

1. Instruction: brown_block_2 is held by the robotic arm. = Outcome: constr. 1 satisfied,
precondition of constr. 3 activated;

2. Instruction: grey_block_1 is no longer on top of brown_block_1 by removing grey_block_1
from it. = Outcome: constr. 2 satisfied;

3. Instruction: Robotic arm holds blue_block_1. = Outcome: post-condition of constr. 3 satisfied,;

4. Instruction: Ensure grey_block_1 is on the table. = Outcome: Goal is satisfied.

Trace Generator and Trace Corrector The Trace Generator generates an intermediate state trace
of the plan by using the object and predicate notation provided by the NL Interpreter and the natural
language plan. This trace does not correspond to a real execution trace (which is provided by the
low-level planner), but is rather a prediction of the trace provided by an LLM according to the sequence
of instructions. This trace is compared state-by-state by the Trace Corrector with the formula to verify
that the constraints are satisfied. If satisfied, the plan is sent unchanged to the low-level. If one or more
constraints are violated, the Trace Corrector will describe where the formula has been violated and
provide a suggestion to the planner to reformulate the plan correctly.

3.2. Low-Level Planner

Once the HLP has generated a high-level plan that is expected to satisfy the constraints while achieving
the goal, the role of the Low-Level Planner (LLP) is to translate the received set of high-level natural
language instructions into a sequence of primitive actions actually executable within the domain.

To accomplish this, the LLP performs the following operations, detailed in the following paragraphs:

1. APDDL domain 9 is generated from the initial NL input, and is reused across all subgoals.

2. For each high-level NL subgoal g;, a problem is generated, grounded to the current world state
PR =(D, s, g, given the initial state s;;

3. Planning is attempted. A symbolic validator simulates the plan in the generated domain and plan
consistency is evaluated.

4. Issues highlighted by the validator are classified in a structured taxonomy of issue types (structural
or reasoning issues). Each issue is then repaired in an order determined by an associated priority,
using a group-specific temperature schedule. A vector-database ensures that past fixes are reused.
Metacognitive gating judges any refinement modifying the initial problem state, to prevent
hallucinations. Problem is refined a fixed amount of times until a valid plan can be computed.

5. Any plan m; reaching this point is self-consistent. In case LTLf constraints are not satisfied, a NL
diagnostic of the failure is emitted, triggering a HLP iteration to repair the failing subgoal.

6. Evaluation is conducted over a ground truth simulator to verify real-world executability.



STRUCTURAL T : 0.05—0.15 (step 0.02)

REASONING T : 0.20—0.70 (step 0.10)

PO_SYNTAX P1_TYPE - vector-DB past-fix reference

corrective rewrite, retains XML wrapping P1_PREDICATE - predicate-vocabulary anchor
P2_GOAL_DRIFT P2_ACTION - domain re-diagnose; init-diff gate
rewrite goal block from subgoal NL, preserve :init P2_HALLUCINATION - init-diff reject; one-shot regen
Tight low-temperature ladder, minimal prompt deviation. P3_OTHER - default-temp rewrite

Figure 2: Taxonomy used by the per-issue refinement loop, organised in two groups, with a corresponding
temperature ladder (lower for the structural group, steeper for the reasoning group, which additionally consults
the vector database of past fix patterns). Each issue type has an associated priority Px.

PDDL generation. The PDDL domain 9 is initially generated from the NL input, encoding basic
action schemas, types, and predicates. As in [11], type definitions, predicates, and constants from
the generated domain are provided to the problem generation step, ensuring lexical consistency. The
problem generator only accesses the initial state description at the first subgoal. Ground truth is never
read by the problem generator at subsequent subgoals (see Section 4.1). Only the current subgoal
is provided to the LLM prompt, to prevent the LLM from improving goal reachability by inserting
goal-state predicates directly into the domain definition. For instance, on blocksworld, the generator was
observed introducing an auxiliary predicate (goal-stack ?x ?y) into :predicates and adding an
action achieve-goal with empty preconditions and effects (goal-stack ?x ?y), so that the planner
trivially reached the formal goal in a single step while the underlying stacking semantics were never
enforced. Restricting visibility on the goal description removes this short-circuit forcing the LLM to
reach the goal through a more reasonable action trajectory. A vocabulary of object instances and
constants is built by normalizing names (e.g. “a purple block” is normalized into "purple_block_17)
and used for all subgoals. Symbolic generation is preceded and followed by two distinct chain-of-
thought checks over the semantic adequacy of the generated symbolic domain. The domain adequacy
check, taking place after domain generation, proposes improvements on action schema coverage over
predicates observed at the initial state of the current subgoal. Previous generation issues that break
symbolic validation are reverted. The problem adequacy check, matches objects in the generated problem
against the normalized object vocabulary. Missing symbols trigger an error signal, carrying suggestions
for alternative symbols and the full normalized vocabulary back into the next refinement prompt.

Domain 9 Problem %: Init

(:predicates (on ?x ?y) (on-table ?x) (clear (:init (on-table brown_block_1) (on

?x) (holding ?x) (hand-empty)) grey_block_1 brown_block_1) (on brown_block_2
(:action pickup :parameters (?b - block) grey_block_1) (clear red_block_1) (hand-
:precondition (and (clear ?b) (on-table ?b) empty))

(hand-empty))

:effect (and (holding ?b) (not (on-table Goal

2b)))) (:goal (holding brown_block_2))

PDDL refinement. Errors flagged by the symbolic planner and validator drive an iterative refinement
loop. Each failure is parsed into a list of issues, each assigned a category (syntax, typing, predicate
mismatch, action precondition/effect, hallucination, goal drift, other) and grouped, following the
taxonomy in Fig. 2, as structural or reasoning issue. Within each group, issue types carry a priority (PO
before P1, etc.): for instance, syntactic faults are repaired before semantic ones. The LLM fixes one issue
at a time, up to a certain maximum number of retries. Each category has an associated LLM temperature
schedule: structural issues use a low-temperature ladder (0.05 — 0.15) to preserve formatting, while
reasoning issues ramp higher (0.2 — 0.7) to encourage broader non-determinism. The refinement loop is
nested: an outer loop refines the full domain/problem pair under a global temperature ladder that escapes
to raise non-determinism in case of repeated generation issues, while an inner loop applies per-issue
corrections to the problematic PDDL slice, gated by the symbolic validator after each fix, and converges



to a error-free solution by tightening determinism. Resolved issues (those that stop reappearing) are
embedded and stored as issue-fix pairs in a vector database. If the embedding of a new issue has a (cosine)
similarity against a stored entry exceeding the threshold of 0.8, the corresponding fix is injected into the
repair prompt as a few-shot reference. If every iteration fails, a fallback domain/problem regeneration
at high temperature attempts to leave the unrecoverable error condition. To prevent the LLM from
achieving goal reachability in a generated PDDL problem by artificially creating an easier initial state
(e.g. teleporting an object to clear a precondition failure), the problem refinement prompt locks the
:init block: any proposed change is examined by a metacognitive gate and reverted to the locked initial
state if rejected. The resulting domain and problem are initially checked for PDDL syntactic correctness
via standard tools, then a sequential simulator replays the plan against the generated domain, checking
goal reachability. Both stages operate entirely in the generated world and are aimed at producing a
feedback signal for iterative refinement and correction.

Example: vector-DB-assisted issue repair

New issue (PO_SYNTAX, subgoal 0, refinement 0): the domain declares :universal-effects in
(:requirements ...) butno action uses a forall effect, and the Unified Planning parser only supports
:strips and : typing; parsing aborts at line 2.

Nearest stored match (similarity 0.83, PO_SYNTAX): a prior logistics run declared :conditional-effects
while no action used when-effects; repaired by removing the unsupported requirement.

Injected reference fix: “Drop every entry from :requirements that does not appear in the body of any
action; keep only :strips :typing”

If an issue does not reappear in the following refinement iteration, it is marked as solved, its description
is embedded and used to store the issue-fix pair in a vector database. This knowledge base of resolved
issues is used for Retrieval Augmented Generation, injecting few-shot example reference solutions of
previously solved issues into the repair prompt. To use the proper level of non-determinism in the
generation of different solutions for recurring issues, each issue category has an associated temperature
scaling strategy. If the same issue reappears, the temperature hyperparameter used in generating the
corrected PDDL problem is updated with the scale of that specific scaling strategy. Structural errors use
a gentle, low-temperature progression to ensure strict formatting, while reasoning errors ramp up to
higher temperatures to encourage creative problem-solving. Resolution rates per category are logged for
post-hoc analysis. If all refinement iterations fail, the system performs one last regeneration of domain
and problem at a higher temperature, as a last attempt at exiting from the local refinement basin, useful
when the iterations have converged on an unrecoverable attractor. The refinement structure features

Refinement 0 (failing) Refinement 1 (repaired) Symbolic Validator
(:requirements :strips :typing (:requirements plan_1.out:

:universal-effects ) :strips :typing ) unstack red_block_1
(:types block - entity ) (:types block ) brown_block_2

putdown red_block_1

(:constants agent - entity ) (constants block removed)
. . unstack brown_block_2
(:predicates (on ?x ?y) ..) (:predicates (on ?x ?y) ..)
grey_block_1
. ) Reaches (holding brown_block_2)
x Parse error, line 2 Plan found, 3 actions

Self-consistent in &

Figure 3: Issue-based refinement, on P, subgoal 0. Refinement 0 is the initial LLM-generated PDDL: the
:universal-effects requirement, the orphan entity supertype, and the unused agent constant (highlighted
in red) each cause a parser error. Refinement 1 reflects the three issue-level fixes. The right panel shows that the
resulting plan reaches the subgoal.

an outer loop, refining the full domain and problem pair simultaneously, with a global temperature
ladder, and a inner loop, which instead performs issue-based corrections on the specific problematic
PDDL slice. Progress in the inner loop is gated by the symbolic validator after each fix. The two ladders
therefore play different roles: the outer ladder escapes “attraction basins” where the LLM may get stuck



without progress in the refinement, by increasing non-determinism in the next-token prediction, while
the inner ladder instead converges within a basin by tightening determinism. An example of refinement
over the running example is shown in Figure 3, while Figure 5 shows the valid plan.

HLP Feedback. If refinement iterations are exhausted or the check against the generated LTLf
formula fails, the low-level planner returns a comprehensive diagnosis of the reason of failure, an
example of which is shown in Figure 4. The HLP is expected to utilize this feedback to correct the
high-level plan, establishing a robust feedback loop between the planning layers.

WHAT WENT WRONG. The arm never actually holds brown_block_2 (though listed as a step), and after brown_block_1
leaves grey_block_1 the plan never places red_block_1 on grey_block_1 or holds it before terminating.

HOW TO FIX. (1) Ensure brown_block_2 is clear before step 1. (2) Make the holding-brown_block_2 step genuinely
reachable. (3) Place red_block_1 on grey_block_1 before the plan ends, immediately after grey_block_1 reaches the
table.

Figure 4: NL feedback for HLP at the end of LLP first attempt. A translator converts the raw LTLf trace checker
output into a NL feedback, used in the HLP repair.

Prompt engineering. Each LLM call is templated with the agent task followed by its required input.
The LLM is instructed to wrap all generative output in explicit XML or JSON tags (e.g. <DOMAIN>,
<PROBLEM>, structured JSON for issue lists). At each low-level step, the problem generation prompt
isolates the current subgoal as the one to solve while exposing the still unsolved future subgoals as
read-only context, giving the model foresight over the remaining schedule.

4. Experimental Validation

We evaluate the low-level planner end-to-end on three planning domains drawn from the LexiCon
benchmark suite [21]. The goal of this section is twofold: we first want to motivate the hierarchical
structure of this planner against a simple LLM-as-planner baseline (while comparison with other
LLM-planning architectures is left to future work). The head-to-head numbers backing this claim are
reported in Table 2. We then want to show how performance scales by deterministically increasing the
complexity of the set of temporal constraints. We therefore address two research questions:

RQ1: Given that LLMs are known to struggle with highly constrained planning [21], what is the impact of
our hierarchical architecture, decomposing the LTLf constraints into subgoals and solving each with an
improved LLM-planning loop?

RQ2: Does our system improve executability of computed plans and satisfaction of the LTLf formula in the
ground-truth domain compared to the LLM-as-planner baseline?

Dataset. We test the system on the blocksworld, logistics, and sokoban International Planning Com-
petition domains. Each natural language problem contains the domain description (action signatures
with preconditions and effects), an object list, an initial state description, a goal, and an LTLf constraint
over the trace. We experiment with 0, 1, and 2 LTLf temporal constraints, each with ten problems per
(domain, batch). The natural language descriptions are generated with the LexiCon system [21].

Experimental setup. We use Claude Sonnet 4.6. as a LLM backend. The symbolic backend is powered
the FastDownward instance from the Unified Planning library. Plan validation relies on VAL, while
semantic validation is performed using a sequential PDDL simulation component. We allow at most
three outer high-level planner attempts and four low-level refinement iterations per subgoal, plus one
final global fallback regeneration attempt at a high temperature. The temperature ladders for structural
and reasoning issues (Figure 2) are 0.05—0.15 (with a step of 0.02) and 0.2—0.7 (with a step of 0.1)
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Figure 5: Final grounded plan. Top: plan m; Bottom: initial, intermediate and final state.

Table 1
Comparison of LTLf Consistency (Tier 2) and Ground-Truth LTLf Consistency (Tier 4) between the LLM-as-
planner baseline and CoSP-TL. Values represent averages across difficulty batches (left) and domains (right).

Baseline CoSP-TL Baseline CoSP-TL
N° Constr. LTLf% GT% LTLf% GT% Domain LTLf% GT% LTLf% GT%
0 100 80 100 100 Blocksworld 87 80 93 93
1 70 40 93 83 Logistics 50 20 100 93
2 57 23 93 83 Sokoban 90 43 93 80

respectively; the two ladders are separated because syntactic failures amplify at higher temperature
while reasoning-class failures benefit from broader sampling. The refinement vector database is enabled
by default and reset for every new problem.

Evaluation metrics. Success rate is evaluated over 4 success condition tiers, each more restricting
than the previous one. The first two tiers are computed using the generated domain that CoSP-TL
constructs from the natural language input and evaluate syntactical and semantic self-consistency of the
generated PDDL. Tier 1 (*Goal Success”) is satisfied when the plan reaches the goal in the generated PDDL
domain; Tier 2 ("LTLf Consistency”) additionally requires that the trace satisfies the LTLf constraint
generated in the High-Level planner, via the trace checker (see Alg. 1). The remaining two tiers evaluate
the same plan against the ground-truth (GT) domain bundled with the benchmark (unavailable to the
planner at runtime). Tier 3 ("GT Runnability”) requires that the same plan executes successfully against
the ground-truth, evaluating the “semantic validation gap: a plan can be self-consistent in the generated
world (Tier 1+2) and still mismatch the ground truth semantics. Tier 4 ("GT LTLf Consistency”) requires
that the LTLf constraint holds along the plan replayed in a simulator initialized from the ground-truth
domain rather than the induced one, where the problem is obtained through a homomorphism of the
generated predicates and syntax to the ground-truth vocabulary.



Table 2

Detailed results for CoSP-TL for problems with 0, 1 and 2 LTLf constraints respectively, over Blocksworld (BW),
Logistics (LO), Sokoban (SO). Goal Success represents Tier 1, LTLf Consistency is Tier 2, GT Runnability is
Tier 3 and GT LTLf Consistency is Tier 4. HLP Attmpts. represents the mean number of feedbacks to the
high-level planner. LLP Ref. is the mean low-level planner refinement iterations. LLM Calls and Total Tokens
(k) are per-problem means. Wall Time (s) is mean (total) planning time in seconds.

Success Metrics (%) Efficiency Metrics (Mean)
N° Goal LTLf GT GT LTLf HLP LLP LLM Total Wall
Dom. Constr. Success Consistency Runnability Consistency Attmpts. Refnmts. Calls Tokens (k) Time (s)
0 100 100 100 100 1.00 2.7 15.1 19.1 92
BW 1 100 100 100 100 1.30 9.5 65.9 80.4 436
2 100 80 100 80 2.20 20.0 144.8 174.7 994
0 100 100 100 100 1.00 1.0 9.0 11.9 60
LO 1 90 100 90 90 1.00 5.1 40.1 60.1 269
2 90 100 90 90 1.00 7.7 56.1 85.8 397
0 100 100 100 100 1.00 1.0 9.0 24.4 105
SO 1 60 80 60 60 1.10 8.3 54.1 161.8 576
2 80 100 80 80 1.00 6.4 47.6 133.4 499

4.1. Results

Table 1 compares CoSP-TL against an LLM-as-planner baseline, where an LLM is asked to directly
produce a runnable plan from the NL input [21]. Results are aggregated by number of constraints
(left) and by domain (right). As the number of constraints increases, baseline LTLf consistency drops
monotonically while CoSP-TL keeps a stable performance, so the gap widens with constraint count.
This answers RQ1: the hierarchical approach of decomposing the LTLf specification into subgoals
and iteratively refining each mitigates the performance drops over highly constrained problems, where
direct LLM-as-planner is known to fail [21]. Notably, in Logistics (baseline GT-LTLf at 20%), LLMs tended
to omit the "airport” typing, so airplanes could "fly” between arbitrary waypoints. CoSP-TL tackles this
issue by injecting domain predicates in the problem generation prompt, surfacing such precondition
violations during refinement. This answers RQ2: against the ground-truth domain, the baseline
collapses as the problem becomes more constrained, while CoSP-TL, especially in domains where tacit
semantics really help (e.g. Logistics). This improvement effectively transfers from self-consistency to
ground truth LTLf satisfaction, confirming that the hierarchical design improves both plan consistency
and runnability. Table 2 reports CoSP-TL across the four success tiers. Unconstrained cells saturate at
100% on all tiers, isolating the LTLf constraints as the main source of difficulty. Goal success % (Tier 1)
holds at 100% in only five of nine cells: saturates on blocksworld but degrades on logistics (90%) and
sokoban (60-80%). The relation between Tier 2 and Tier 3 is domain-specific: on logistics and sokoban
Tier 2 exceeds Tier 3 (a fraction of plans self-consistent in the induced domain fail to execute in the GT
domain), whereas blocksworld at 2 constraints reverses this relation: Tier 2 80% vs. Tier 3 100%, every
plan is goal-reaching and GT-runnable, but 20% genuinely violate the constraint. Tier 4 never exceeds
Tier 2 and equals Tier 3 except on blocksworld-2c (100% vs. 80%): once a plan is GT-runnable it almost
always also satisfies the constraint there, consistently with the analysis in Section 4.1.

Fairness. The low-level planner receives its world description in natural language. The generated
simulator state is translated in NL before injection in the problem generation prompt, ensuring that
compatibility with robotic applications based on VLM perception backbone. The only feedback from
the ground-truth simulator to the HLP contains action rejection signals from the diagnosis step, similar
to feedback coming from any low-level controller on a real robot.



4.2. Discussion

On blocksworld the generated schema is always isomorphic to the ground truth domain up to a simple
renaming (e.g. on-table/ontable), so the gap closes by symbol remapping alone; the only issue is
at 2 constraints, where both LTLf consistency tiers achieve a 80% against a 100% of ground truth
runnability: the failure is due to LTLf constraint violation, not runnability in itself. Logistics and sokoban
show an opposite trend: driven by tacit domain semantics (e.g. the fact that airplanes only land at
airports): LTLf consistency over the generated domain exceeds GT-consistency: the induced model
lets some plans pass the generated domain LTLf check but fails on GT, while every plan successful
on GT also satisfies LTLf in the generated world. The metacognitive initial state gate prevents the
LLM from drifting the initial state towards the goal and away from the simulator state. For instance,
during refinement on a blocksworld problem, the LLM proposed a selective deletion of facts from
(:init) to escape a precondition failure. The gate classified the diff against the hallucination pattern,
reverted it, and the subsequent refinement iteration converged on a legitimate fix. Similarly, the LLM
temperature ladder differentiation by issue category (structural 0.05— 0.15, reasoning 0.2 —0.7) meets
a critical generation issue: structural refinements degrade under higher temperature, while reasoning
refinements (type/predicate/action/hallucination class) benefit from broader sampling. The two ladders
turn these regimes into explicit annealing schedules. CoSP-TL performance can be evaluated also in
terms of the gap between success rates over the induced schema and over the ground-truth schema.
Deviations that widen this gap (lower GT performance compared to the self-consistency in the generated
domain) can be split in two classes: notational (e.g. predicate naming mismatch between generated
and GT domain, like on-table vs. ontable), preserve semantics and are recoverable by a simple
deterministic homomorphism, or semantic (e.g. relaxing the airport typing on flyairplane, letting
airplanes reach non-airport waypoints), constituting real planning errors a homomorphism cannot
fix. To rigorously verify this gap, the homomorphism is applied only post-hoc and reconciles 100% of
vocabulary mismatches, canceling notational deviations. The residual ground truth runnability gap
measures the semantic drift, which increases with the number of constraints.

Limitations. The current evaluation uses a single LLM (Claude Sonnet 4.6) and only the LexiCon
benchmark. LexiCon’s NL descriptions are generated by a compositional translator from PDDL atoms
and therefore carry an inherent hinting level. Moreover, although planning is possible from natural
language descriptions, no ablation study was performed over various styles and levels of verbosity
of the natural language input. Finally, a major limitation is the high token cost, due to the frequent
intervention of the LLM throughout the planning process.

5. Conclusion

This paper presented CoSP-TL, a hierarchical planner for problems expressed in natural language
featuring temporal constraints. Our architecture combines common-sense knowledge embedded in
LLMs with symbolic planning and Linear Temporal Logic specifications. An auto-regressive High-Level
Planner builds a set of ungrounded instructions, which are grounded and translated into executable
PDDL actions by a Low-Level Planner. Experimental evaluation on the LexiCon benchmark across
three IPC domains shows that CoSP-TL substantially improves over standard LLM-based planning
approaches, mitigating performance loss under temporal constraints and maintaining robust constraint
satisfaction up to 2 constraints. As future work, we aim to expand the set of domains used to evaluate
our architecture and to optimize the pipeline to increase the cost-efficiency of the planning process.
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