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Abstract— Large language models (LLMs) can translate
natural language instructions into executable action plans
for robotics, autonomous driving, and other domains. Yet,
deploying LLM-driven planning in the physical world demands
strict adherence to safety and regulatory constraints, which
current models often violate due to hallucination or weak
alignment. Traditional data-driven alignment methods, such
as Direct Preference Optimization (DPO), require costly human
labeling, while recent formal-feedback approaches still depend
on resource-intensive fine-tuning. In this paper, we propose
LAD-VF, a fine-tuning-free framework that leverages formal
verification feedback for automated prompt engineering. By
introducing a formal-verification-informed text loss integrated
with LLM-AutoDiff, LAD-VF iteratively refines prompts rather
than model parameters. This yields three key benefits: (i)
scalable adaptation without fine-tuning; (ii) compatibility with
modular LLM architectures; and (iii) interpretable refinement
via auditable prompts. Experiments in robot navigation and
manipulation tasks demonstrate that LAD-VF substantially
enhances specification compliance, improving success rates from
60% to over 90%. Our method thus presents a scalable and
interpretable pathway toward trustworthy, formally-verified
LLM-driven control systems.

I. INTRODUCTION

Large language models (LLMs) [1] have revolutionized
high-level decision making in domains such as robotics [2],
[3], autonomous driving [4], and software verification [5].
LLMs enable the translation from task instructions in natural
language to action plans that are executable by machines, of-
fering a flexible and general-purpose interface for downstream
tasks [6], [7]. However, adapting the LLM-based method in
the physical world faces a major challenge in safety: Running
a robot in the physical world should not only achieve the
goal, e.g., driving toward the specified spot, but also have to
comply with physical constraints (e.g., safety specifications)
or societal regulations (e.g., traffic rules). Yet, existing LLMs
suffer from hallucination or are not well aligned for generating
constrained action plans, leaving safe LLM-driven action
planning as an open challenge [8], [9], [10].

Data-driven alignment is a plausible solution that utilizes
human feedback [11], [12], [13] to reward responses against
undesired and maximizes the chance for LLMs to generate
desired outputs. For example, Direct Preference Optimization
(DPO) [11] contradicts the pair of preferred and rejected
responses in training. Such a method, however, is labor-
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intensive and difficult to scale up without sufficient human
labeling of the preference data.

Recently, leveraging formal methods feedback for automatic
preference labeling emerged as a promising alternative to
the traditional DPO [5]. Yang et al. proposed using formal
methods, such as model checking, to provide feedback
for fine-tuning LLMs, enabling them to generate high-
fidelity planning solutions that comply with formal rules.
In particular, this work transforms LLM outputs into finite-
state automata and formally verifies the automata against
pre-defined logical specifications. Then, it treats the number
of specifications satisfied by each automaton as the “reward”
for fine-tuning. Yet, existing methods that enable fine-tuning
using formal methods feedback [5], [14] demand more data,
and decisions are generated from a black box. While the
methods eliminate the need for human labels, they typically
require massive training data and computational resources for
loss convergence, limiting their scalability to larger models.

In this work, we propose a fine-tuning-free method,
LLM-AutoDiff from Verification Feedback or LAD-VF,
that improves the safety compliance via automatic prompt
engineering [15] instead of fine-tuning model parameters.
Modern LLMs with large-scale pre-training can be easily
steered via a proper textual prompt, including task instructions
and essential context [16], [17], [18]. As demonstrated in
Fig. 1, we streamline the feedback from the verifier to
improve the LLM behaviors via automatically updating the
prompts. Given the safety feedback, we leverage LLMs to
generate textual improvement on textual prompts, which
were formulated as LLM-Automatic Differentiation or LLM-
AutoDiff [19].

Our major technical contribution lies in a novel formal-
verification-informed text loss integrated with the LLM-
AutoDiff, enabling automated prompt engineering from
formal feedback. Our approach has several unique advantages
compared to traditional ones:

• Fine-tuning-free adaptation: eliminates the need for
costly parameter updates, enabling scalable use of LLMs
in new safety-critical domains.

• Compatibility with modular LLM architectures:
adapts to varied modular LLM pipelines, and removes
the need for parameter fine-tuning when the query format
or component structure changes.

• Improved interpretability: enables transparent and
auditable changes by refining prompts rather than hidden
weights, making the improvement explainable.
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Fig. 1: The diagram illustrates a closed-loop planning framework for generating and verifying plans for autonomous systems.
The user provides a task prompt, which the language model uses to generate a plan. The plan is converted into an automaton
A and verified against safety specifications Φ when operating in the system M. The number nf of failed specifications is a
loss for LAD-VF to optimize the task prompt iteratively.

We validate our approach in settings where autonomous agents
must follow natural language instructions while complying
with formal task constraints, such as autonomous driving
within rulebooks or robotic manipulation governed by safety
logic. LAD-VF substantially improves compliance with for-
mal specifications—boosting success rates from 60% to over
90%—while maintaining generalization and interpretability.
More broadly, our framework unifies automated prompt
optimization with formal verification feedback, offering a
scalable path toward trustworthy and verifiable LLM-based
control systems.

II. RELATED WORKS

Learning from Human Feedback is a well-developed
approach for enhancing foundation models. Reinforcement
Learning from Human Feedback (RLHF) uses human pref-
erences to train a reward model, which in turn guides
the fine-tuning of the language model [20], [21]. Then,
methods such as Direct Preference Optimization (DPO)
streamline this process by directly optimizing the model
against preference comparisons, avoiding the need for an
explicit reward model [22]. These methods have shown
strong empirical performance across various language tasks.
However, they are labor-intensive due to the need for human
annotations, and the reliance on subjective feedback makes
them incapable of safety-critical tasks.

Learning from Formal Feedback is an alternative to
human feedback, where system requirements are encoded as
structured specifications such as temporal logic formulas or
checklists [5], [6]. The generated outputs can then be verified
against these specifications using mathematical tools such
as model checker [23]. Existing works have demonstrated

that verification outcomes can be used as feedback for
refining models, either by treating the satisfaction rate of
specifications as reward value or by ranking these rates [5],
[24]. While such methods eliminate the need for human
labels, they typically require large amounts of training data
and computational resources to converge. In contrast, we focus
on optimizing input prompts rather than model parameters
via formal feedback, alleviating the need for computational
resources and human labels.

Automatic Prompt Engineering (APE) has rapidly
evolved into a diverse line of research aimed at systematically
improving prompts for large language models. The seminal
APE framework by [15] pioneered the idea of iteratively
refining prompts through paraphrasing and selection, laying
the foundation for treating prompt design as an optimization
problem. Building on this, subsequent approaches explored
different optimization paradigms: DLN1 [25] and OPRO
[26] framed prompt learning as distributional optimization
or iterative refinement with task demonstrations; TextGrad
[27] introduced the notion of interpreting textual feedback as
gradients to guide descent; DSPy [28] formalized structured
prompt optimization with modular optimizers like COPRO;
and PromptAgent [29] extended the paradigm toward agent-
based planning with search strategies. Meanwhile, ProTeGi
[30] was among the first to explicitly incorporate gradient
descent principles into automatic prompt generation. More
recently, LLM-AutoDiff [19] was proposed to generalize
such frameworks to more complicated AI-based applica-
tions, handling cyclic computation graph. Collectively, these
methods highlight the growing recognition of APE as a
principled framework for automating prompt design and,
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therefore, enable the self-evolving of AI agents to outperform
reinforcement learning [31]. Yet, the existing self-improving
prompting methods are only applied in scenarios where the
correct answers are given independently of the LLM outputs
(actions). In this paper, we focus on improving LLM prompts
based on dynamic verifications that depend on the actions
predicted by the prompted LLM.

III. SAFETY-CONSTRAINED ROBOT PLANNING

In this section, we introduce LAD-VF in robot planning
applications where safety rules are enforced. We query
the LLM to generate robot-executable plans and verify the
plans against user-provided safety specifications expressed
in temporal logic formulas [32]. We apply LAD-VF to
improve the generated plans by raising the number of safety
specifications being satisfied by those plans.

a) Pipeline Overview: Outlined in Fig. 1, We design
a pipeline following [23] that queries an LLM to generate
formally verifiable plans for robotic tasks and applies LAD-
VF to optimize the plan based on the verification outcome.
In particular, we first send a natural language task description
(e.g., go straight at the traffic light intersection) to an LLM
and extract a plan in NuSMV [33]—a logic-based formal
language. We show an example of a NuSMV-based plan in
Fig. 3. We generate a plan by

PlanGen(T,P) = LLM(πplan(T,P)) (1)

where T is the task description and P is the set of prompts
to be optimized. πplan represents a template for the inference
with T and P .

Next, we provide a set of safety specifications in logic
formulas and apply a model checker [33] to mathematically
prove whether the generated plan satisfies the specifications.
Then, we record the percentage of specifications being
violated and use this percentage as a feedback signal (e.g.,
loss) to LAD-VF, which will eventually optimize the plans
to minimize the percentage of specification violation.

b) Automatic Prompt Engineering via LLM-AutoDiff:
A core challenge in our method is how to optimize prompts
without resorting to costly fine-tuning. We want a fine-
tuning-free approach that can adapt prompts at test time
while remaining transparent and interpretable. Automatic
Prompt Engineering (APE) [15] offers such a solution by
automating the refinement of prompts instead of altering
model weights. It employs a two-engine setup: a “forward”
LLM performs the task, while a frozen “backward” LLM
critiques the outputs and proposes edits. These critiques,
known as textual gradients, function like gradient descent in
neural networks—providing systematic feedback in natural
language to iteratively update prompts, which also enhances
the explainability of the optimization.

However, APE alone becomes insufficient in our setting,
where the pipeline must combine functional modules (e.g., a
formal-method verifier) and sequential multi-step planning.
Standard APE methods focus on optimizing single prompts,
but they cannot propagate gradients through non-LLM compo-
nents or preserve temporal order when prompts are invoked

across multiple planning steps. LLM-AutoDiff [27], [19]
emerges as a unified framework that can back-propagate
textual gradients (feedback) through a complex network.
TextGrad first proposed a general textual gradient frame-
work [27]. Later, Adalflow [19] further closes this gap by
treating the entire workflow as a differentiable graph: pass-
through gradients allow feedback from functional verifiers to
influence upstream prompts, time-sequential gradients ensure
that each stage in a multi-step plan is updated in order, and
selective gradient computation reduces overhead by focusing
only on failed examples. This unified approach makes LLM-
AutoDiff a natural fit for our verifier-augmented, sequential
system, enabling scalable and efficient optimization where
manual prompt engineering or single-node APE would fall
short.

LAD-VF extends Automatic Prompt Engineering into a
fully auto-differentiable framework for optimizing complex
LLM pipelines. Formally, we model the system as a directed
graph G = (N,E), where each node v ∈ N can be an LLM
module (with trainable prompt Pv) or a functional module.
Given a set of tasks T , the system aims to minimize a loss
over the set of prompts P = {Pv|v ∈ N}:

P∗ = argmin
P

⋃
T∈T

L
(
PlanGen(T,P)

)
. (2)

This formulation ensures that both LLM prompts and up-
stream dependencies of functional nodes can be optimized
under a unified objective. During training, a forward pass
executes all nodes in topological order, while a backward
pass propagates textual gradients – the feedback on how to
update the prompt/intermediate outputs. For an internal node
v, the gradient is aggregated from its successors w:

∂L
∂v

=
⋃

w∈SuccessorsOf(v)

LLMbackward

(
v, w,

∂L
∂w

)
, (3)

where LLMbackward represents a backward inference generat-
ing the feedback by LLMs.

By default, we adopt the Adalflow in our framework for
the below two reasons: (1) Functional nodes (e.g., verifier
modules) have no prompts to update, but Adalflow introduces
pass-through gradients so their outputs still propagate error
signals upstream, allowing verifier feedback to refine earlier
prompts. (2) For sequential prompting, where the same
node is invoked multiple times in a plan, Adalflow attaches
timestamps t to each call, yielding time-sequential gradients,
which ensures that updates respect the chronological order
of multi-step plans. Prompt updates are then synthesized by
an optimizer LLM:

Pnew
v = LLMopt

(
Pv, GradientContext(v),

∂L
∂v

)
. (4)

Together, we are able to update prompts without fine-tuning.
c) Formal Verification as Textual Feedback: A central

step of the framework is to extract a loss that guides prompt
optimization from formal verification outcomes. We first query
the LLM to convert the generated plan into an automaton,
expressed in NuSMV. This conversion enables the generated
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Fig. 2: A demonstration of single- and multi-iteration queries.
All optimizable prompts are marked in orange boxes.

plan to be checked against a set of logical specifications
provided by the user.

Once the automaton is generated, we apply a model checker
to verify whether it satisfies the given specifications. Each
specification returns a binary signal (satisfied or violated). To
convert these outcomes into a quantitative supervision signal,
we define the formal feedback loss as L = nf/ntotal, where
nf is the number of violated specifications and ntotal is the
total number of specifications provided.

For example, if a generated plan is verified against 15
safety specifications and 3 of them are violated, the resulting
loss is L = 3/15 = 0.2. As illustrated in Fig. 1, we
transform sparse pass/fail outcomes into a signal that can
be propagated backward through the LAD-VF pipeline.
This formal verification procedure utilizes formal methods
techniques to achieve automated labeling and eliminate the
need for human annotations. Additionally, formal verification
provides mathematical guarantees to the verified plans, which
can be seamlessly adapted to safety-critical applications.

d) Prompting Strategies.: To systematically generate
safety-compliant plans, we explore three prompting strategies,
as shown in Fig. 2. Single-iteration prompting directly asks
the LLM to output a NuSMV-based automaton from the
task description. Two-iteration prompting first decomposes
the task into natural-language step descriptions (e.g., “reach
the intersection,” “stop at the stop sign”), which are then
converted into an automaton. This strategy adds an extra
thinking step for the LLM to generate plans. Multi-iteration
prompting further decomposes the process into a sequence
of partial predictions, where the LLM generates one step
at a time and iteratively expands the plan until completion.
We employ this multi-iteration prompting strategy by default
because it better captures sequential dependencies and aligns
with the iterative nature of decision-making, resulting in
higher specification compliance in practice.

init(Action) := Stop;
next(Action) :=
case

!Stop_Sign | Green_Traffic_Light :
Move_Forward;
!Car_From_Left | !Pedestrian:
Turn_right;
TRUE: Stop;

esac;

Fig. 3: An example of a NuSMV-based plan.

IV. EXPERIMENTS

We evaluate the proposed LAD-VF in safety-constrained
robot planning tasks. We demonstrate three claims in the
experiments: (1) LAD-VF improves the compliance of
LLM-generated plans with safety specifications compared
to existing prompt optimization baselines. (2) LAD-VF is
more data- and computationally-efficient than fine-tuning
approaches while achieving the same level of performance.
(3) LAD-VF maintains both compliance and generalization
across varied task settings, specifications, and prompting
strategies.

We benchmark LAD-VF against state-of-the-art approaches
and conduct ablation studies to analyze the contribution of
different components. We further provide insights into why
our approach achieves better performance than related textual
gradient methods in sequential decision-making scenarios.

A. Experimental Setup

a) Baselines and Evaluation Metric: We select two
current state-of-the-art LLM optimization methods and two
prompting methods that apply to safety-constrained planning
as benchmarks:
RLVF [5]: The method first extracts formally verifiable plans
from the LLM and verifies the plans. Next, it ranks the plans
based on the number of specifications each plan satisfies.
Then, it applies DPO [11], which utilizes ranked plans to
fine-tune the LLM parameters, ensuring the LLM prefers to
generate the higher-ranked plans.
Prompt+Spec: A simple prompting baseline where the natural
language task description and a set of specifications are
directly provided to the LLM. Note that the LLM may make
mistakes and generate plans that violate the specifications,
even when we provide the specifications as inputs.
ICL: We manually provide a set of input–output examples
as in-context demonstrations. The LLM is then queried with
a new task description and expected to follow the semantics
of the examples.

We include three variants of LAD-VF:
LAD-VF(TextGrad) [27]: The method enables backprop-
agation of textual feedback to optimize elements, such as
prompts or solutions. To adapt this method to our planning
tasks, we again use the percentage of specifications being
violated as the feedback (e.g., loss).
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Fig. 4: Convergence Comparison. The top figure shows the
safety scores achieved by LAD-VF at each re-prompting step.
We optimize the input prompts 10 times iteratively, using 20
samples each time to compute the losses. Error bars represent
the standard deviations.

Method Safety Score (Validation) Safety Score (Test)
RLVF 0.978 ± 0.032 0.978 ± 0.032

Prompt+Spec 0.156 ± 0.041 0.013 ± 0.013
ICL 0.825 ± 0.015 0.800 ± 0.021

LAD-VF(TextGrad) 0.725 ± 0.025 0.683 ± 0.024
LAD-VF 0.880 ± 0.075 0.860 ± 0.058

LAD-VF+ ICL 0.950 ± 0.036 0.950 ± 0.072

TABLE I: Safety score comparison between the baselines.
Our method is the best among the training-free methods.

LAD-VF(Adalflow): The LAD-VF integrates formal verifica-
tion outcomes into the LLM-AutoDiff pipeline to iteratively
optimize prompts for safety compliance. By default, Ours
and LAD-VF both refer to LAD-VF(Adalflow).
Ours + ICL: Combines our LAD-VF(Adalflow) optimization
with in-context demonstrations. This hybrid baseline tests
whether incorporating demonstrations alongside iterative
prompt optimization leads to further improvements in speci-
fication compliance.

For evaluation, we define safety score = 1 − nf/ntotal,
where nf is the number of violated specifications and ntotal is
the total number of specifications. A higher Safety Score
indicates better compliance. In our experiments, we set
ntotal = 15.

b) Implementation Details: We use GPT-4o-2024
-08-16 to generate NuSMV-based plans as the final outcome.
We present a sample plan in Fig. 3.

During evaluation, we generate plans for a Jackal
ground navigation robot and propose 15 temporal
logic specifications regarding driving safety. For example,

G (Pedestrian → F (Action = Stop)) (5)

means “Always (G) stop after (F) a pedestrian is observed.”
The specifications are over the set AP of propositions AP =
{ Pedestrian, Opposite Car, Green Light, Green Left Turn
Light, Stop Sign, Car From Left, Car From Right, Stop, Move
Forward, Turn Left, Turn Right }.

B. Quantitative Evaluation Against Baselines

We compare LAD-VF(Adalflow) with prompting-based
baselines: Prompt+Spec, ICL, and LAD-VF(TextGrad), and

Fig. 5: Specification-level improvements. We examine 20
samples per specification before and after optimization (10
steps). LAD-VF nearly doubles the satisfaction rate across
all specifications.

Fig. 6: Safety scores achieved by different methods ver-
sus training sample sizes. The figure demonstrates the
performance-efficiency trade-offs of LAD-VF and the fine-
tuning method. LAD-VF achieves similar safety scores with
the fine-tuning method while halving the training time.

the fine-tuning baseline RLVF. The safety scores of the base-
lines are summarized in Table I, with convergence behaviors
of LAD-VF(Adalflow) shown in Fig. 4 and specification-level
improvements in Fig. 5.

First, LAD-VF(Adalflow) consistently outperforms all
prompting-based baselines. It achieves the highest safety
score on both validation and test sets compared with the
prompting-based approaches.

Second, LAD-VF achieves performance comparable to the
fine-tuning baseline with a much faster convergence speed. As
shown in Table I, RLVF achieves the highest score overall, but
requires extensive fine-tuning with many epochs. In contrast,
LAD-VF reaches a similar performance level without updating
model parameters. Moreover, when combined with in-context
demonstrations (Ours + ICL), it nearly matches RLVF’s
performance while remaining parameter-free.

C. Ablation Studies

We then conduct ablation studies to test the robustness
and efficiency of our approach. Table II shows the safety
scores achieved by LAD-VF under varying numbers of safety
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Step (Validation) Number of Specs Number of Propositions Optimizer
3 5 10 5 8 11 4o o3

0 0.400 0.490 0.470 0.400 0.270 0.120 0.400 0.400
10 0.880 0.753 0.712 0.880 0.765 0.696 0.880 0.894

Step (Test) 3 5 10 5 8 11 4o o3
0 0.317 0.350 0.365 0.317 0.216 0.130 0.317 0.317

10 0.860 0.668 0.710 0.860 0.759 0.707 0.860 0.865

TABLE II: Safety scores achieved by our pipeline at different numbers of specifications and propositions. By default, we set
the number of specifications to three, the number of propositions to five, and the optimizer to GPT-4o. The table displays
LAD-VF’s performance at various complexity levels of specifications and different optimizer models.

specifications, different specification complexities (measured
by the number of propositions), and different optimizers.
Across all settings, the prompts optimized by LAD-VF
consistently yield significant improvements compared to the
unoptimized prompts.

We also compare the performance of LAD-VF RLVF
under different training sample sizes and show the results
in Fig. 6. LAD-VF achieves better performance–efficiency
trade-off. While RLVF can reach a high safety score, it
requires extensive fine-tuning and large training datasets. In
contrast, LAD-VF quickly achieves high safety scores with
less than half the number of samples. Hence, combining
our optimization with a small number of in-context examples
offers a practical and efficient alternative to costly fine-tuning.

D. From Single to Multi-iteration Prompting

We evaluate different prompting methods and compare
LAD-VF(Adalflow) against the LAD-VF(TextGrad). Figure 2
illustrates the prompting strategies we consider: single-
iteration query, two-iteration query, and multi-iteration query.

Query Iteration Optimization Method Safety Score (Test)

Single TextGrad 0.775 ± 0.025
Adalflow 0.805 ± 0.021

Two TextGrad 0.683 ± 0.024
Adalflow 0.850 ± 0.111

Multi TextGrad 0.650 ± 0.041
Adalflow 0.860 ± 0.058

TABLE III: Comparison between LAD-VF(Adalflow)
and (TextGrad) under different query methods. LAD-
VF(Adalflow) achieves higher safety scores as the query
iteration increases, whereas TextGrad’s scores are degraded.

Table III presents the safety scores and the average
response times under these prompting methods. In the result,
since Adalflow can handle sequential prompting, LAD-
VF(Adalflow) consistently outperforms LAD-VF(TextGrad)
across all prompting strategies. In particular, the advantage
of using Adalflow backbone is most pronounced in the multi-
iteration query. In contrast, TextGrad is less effective as the
decision-making task involves more iterations. In addition, the
result also indicates the compatibility of LAD-VF to varied
query formats, i.e., no re-training is needed for different query
formats.

V. GENERALIZATION TO REAL ROBOTS

To assess the practicality of our approach, we deploy
LAD-VF in real-world robotic settings. Through real robot

Method Jackal Clearpath Jackal Indoor Robot Arm
Prompt+Spec 0.45 0.43 0.60

ICL 0.75 0.83 +0.08 0.80 +0.05
RLVF 0.90 0.63 -0.27 0.75 -0.15

LAD-VF 0.90 0.88 -0.02 0.85 -0.05

TABLE IV: Safety scores across different robotic domains.
We display the generalization gap alongside the safety score.
Prompt+Spec provides a baseline safety score without any
optimization. ICL requires human-provided examples in the
prompt and RLVF’s safety scores drop significantly. Our
LAD-VF maintains high safety scores in out-of-domain tasks
without any human interference.

deployments, we demonstrate that the prompts optimized
by LAD-VF can guide the LLM to produce specification-
compliant plans for robot execution.

The demonstrations indicate that LAD-VF successfully
generalizes to real-robot deployments. In navigation tasks
such as “go straight at the intersection,” “turn left safely,”
or “navigate to the lounge while avoiding pedestrians,” the
optimized prompts yield executable plans that satisfy safety
constraints during execution.

A. Robot Demonstration

We deploy a Jackal Clearpath robot to perform navigation
tasks and demonstrate, step by step, how LAD-VF generates
verifiable and executable plans in Fig. 7. For clarity of this
demonstration, we focus on a single representative safety
specification, shown in Equation 5.

First, the automaton generated via the initial prompt
(bottom left in Fig. 7) fails the specification in 5. The pipeline
obtains feedback from the verifier and formulates a textual
loss, which is then used to optimize the prompt. Next, we feed
the optimized prompt into the LLM and obtain an automaton
as presented in Fig. 7 (bottom left). This automaton satisfies
the specification, yielding zero violations. We then deploy the
verified plan in the real environment, as illustrated in Fig. 8,
demonstrating that the robot executes the task safely and in
full compliance with the specification.

Besides the improvement in specification compliance,
we also demonstrate better interpretability compared with
ordinary gradient update methods, as shown in Fig. 7. LAD-
VF provides human-readable loss for refining prompts, which
enables the tracing of how verification feedback results in
concrete modifications to task instructions.
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Fig. 7: A step-by-step illustration of prompt optimization on robot navigation.

Fig. 8: Demonstrations of real-robot deployment. We deploy LAD-VF on a Jackal Clearpath robot (left), a Jackal indoor
robot (top right), and a robot arm (bottom right) to complete navigation, delivery, and table-top manipulation tasks. Optimized
prompts yield plans that transfer successfully to real execution, reducing safety violations compared to unoptimized prompting.
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4

Fig. 9: The left and right automata represent the plans for
robot delivery (top right of Fig. 8) and table-top manipulation
(bottom right of Fig. 8) tasks.

B. Out-of-Domain Generalization

We test whether prompts optimized for navigation (Jackal
Clearpath) can be generalized to other robotic domains.
Specifically, we evaluate an indoor delivery task with a
Jackal indoor robot and a table-top manipulation task with a
robot arm. For these experiments, only the propositions and
specifications are redefined. At the same time, the structures
and wordings of the optimized prompts remain the same as
the prompts presented in Sec. V-A.

The propositions AP and specifications Φ for the Jackal
indoor robot and the robot arm are

APindoor = {at lounge, at classroom, backpack observed,
human observed, go to lounge, go to classroom, ask, wait},

AParm = {red block observed, block targeted, target
object, grab, move, drop, halt},
Φindoor = {G (human observed → F ask),

G (at lounge & !human observed → X wait )},
Φarm = {G(! red → ¬ ! X grab )},
where X, F, G means “next,” “eventually,” and “always.”
For visual demonstration, we select a task “go to the lounge

and bring the backpack” for the indoor robot and a task “move
red objects to the left-hand side” for the robot arm. We present
the visual representations of the generated automaton-based
plans (in NuSMV) in Fig. 9. The automata for both tasks
passed the verification step and were successfully executed
in the real environment. We show the execution recordings
for both tasks in Fig. 8.

Quantitatively, Table IV shows the safety scores across
various robotic tasks. We query the plans for 20 tasks per
robotic domain and compute the average safety scores. LAD-
VF maintains consistent safety scores across all domains,
demonstrating that the optimized prompts capture general
safety reasoning patterns rather than overfitting to a specific
robot or task. While ICL requires human-provided in-context
examples for new domains, LAD-VF generalizes to these new
domains without human in the loop. Simultaneously, LAD-
VF outperforms the RLVF fine-tuning baseline on the out-of-
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domain tasks, showcasing better generalizability compared
with the fine-tuning methods.

Notably, we show that optimized prompts trained on
navigation tasks can also be applied to other robotic tasks,
such as robot arm manipulation, without re-optimization.
By only re-specifying the constraints and task descriptions
in the optimized prompt format, the LLM can generate
plans that meet the new constraints. This demonstrates that
the improvements obtained through LAD-VF are not task-
specific but generalize across domains, further underscoring
the scalability of our approach.

VI. CONCLUSION

We introduced LAD-VF, a fine-tuning-free framework
that combines prompt optimization with formal verification
feedback to align language models with safety specifica-
tions. Empirical results indicate that LAD-VF outperforms
prompting-based baselines, achieves compliance comparable
to fine-tuning methods with far greater efficiency, and
generalizes across different tasks and robot platforms without
re-optimization. By treating prompts as trainable parameters,
our approach enables transparent and auditable improvements,
paving the way for scalable and trustworthy LLM-driven
control. In future work, we plan to extend LAD-VF to
multimodal inputs such as vision and language, explore
probabilistic guarantees for specification satisfaction, and
investigate its application to broader domains where safety
and verifiability are critical, such as medical applications.
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