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Abstract

Skill abstractions are high-level modules that enable em-
bodied agents to compose complex behaviors from reusable
components. Recent foundation models further extend this
planning approach by generating skills from natural lan-
guage, improving flexibility and accessibility. However,
such skills lack formal guarantees, as their behaviors may
violate safety or task constraints, limiting reliability in real-
world deployment. We formalize verified skill synthesis, the
problem of expanding a skill library while preserving global
safety specifications expressed in temporal logic. Each skill
consists of a formal local rule and a natural language con-
tract, both produced by a foundation model. The contract
serves as the planner-facing representation of the skill and
the optimization target for improving plan quality. We in-
troduce VASO, a closed-loop optimization process that ver-
ifies each local rule against the global specifications and re-
fines the contract using model-checking feedback to improve
specification compliance, without updating model weights.
Evaluations on the Jackal ClearPath ground robot and a
PX4 quadcopter show that plans guided by the optimized
skills achieve 97.2% compliance with formal specifications
using fewer than 100 optimization samples and under 20
minutes of optimization per skill.

1. Introduction
Embodied agents deployed in real-world environments of-
ten execute long-horizon tasks while satisfying safety and
task-specific constraints. Skill abstractions, high-level rep-
resentations (e.g., text-based instructions) encoding low-
level control policies, offer a natural way to manage this
complexity: they decompose behavior into reusable, high-
level modules such as navigation, obstacle avoidance, and
object interaction [1, 12]. By composing skills, agents can
reuse structured behaviors across tasks while preserving a
modular and interpretable planning interface.

Foundation models further expand this planning ap-
proach by translating natural language instructions into exe-

Skill

Robot System: Jackal Clearpath. Task: Look for the fridge.

Path clear→forward
velocity_publisher(1,0)

Obstacle→turn right
velocity_publisher(0,-1)

Fridge found→stop
velocity_publisher(0, 0)

dining table – 60

tv – 62

dining table – 60

refridgerator – 72

Skill

Robot System: Jackal Clearpath. Task: Bypass the chair.

Chair→turn right
velocity_publisher(0,-1)

Path clear→forward
velocity_publisher(1, 0)

Chair→turn right
velocity_publisher(0,-1)

Figure 1. Real-world executions on the Jackal ground robot. We
learn different new skills and complete various tasks while satis-
fying the externally provided safety specifications.

cutable plans or robot programs that invoke available skills
[6, 10, 17]. The use of foundation models reduces man-
ual engineering and makes embodied-agent programming
more accessible. However, this flexibility comes without
formal guarantees: generated behaviors may violate safety
constraints or fail task requirements, making them difficult
to deploy in safety-critical embodied systems.

To address this limitation, we develop a framework for
automated and verifiable skill optimization in embodied
agents. Our key observation is that a generated skill should
expose both a formal interface and a language interface.
The formal interface specifies the intended behavior of the
skill and enables verification against global safety require-
ments. The language interface instructs the planner how
to generate executable behaviors. We therefore represent
each skill with a formal local rule and a natural language
instruction, which we define as semantic contract, under
global temporal logic specifications provided by the sys-
tem designer. This separation allows us to verify skill-level
consistency before planning and then optimize the semantic



Figure 2. Overview of the automated skill optimization framework. We feed a task prompt and obtain a skill, verified for feasibility, used
to generate plans, and iteratively refined through verification-guided optimization.

contract that the planner actually uses.

We formalize this setting as verified skill synthesis, the
problem of expanding a language-generated skill library
while preserving global safety specifications expressed in
temporal logic. Building on this formulation, we intro-
duce Verification-guided Automated Skill Optimization
(VASO), a closed-loop process that uses model checking at
two levels. At the skill level, VASO verifies each local rule
against the global specifications and regenerates inconsis-
tent candidates. At the plan level, VASO verifies generated
plans against both global and local specifications, converts
counterexamples into textual feedback, and refines the se-
mantic contract without updating model weights.

We evaluate our framework on real robotic platforms, in-
cluding the Jackal ClearPath ground robot and a PX4 quad-
copter. Optimized skills achieve over 97% compliance with
formal specifications using fewer than 100 training samples
and under 20 minutes per skill, demonstrating efficient and
reliable skill acquisition.

Contributions.

• Verifiable skill abstraction. A contract-based skill rep-
resentation that is formally verifiable.

• Two-level verification. A unified framework to ensure
skill-level consistency and the constraint compliance of
the plans guided by the skill.

• VASO. A verification-guided loop that refines skills with-
out model fine-tuning.

2. Related Work

LLM-Based Planning. LLMs are increasingly used as
planners for embodied agents, generating executable ac-
tion sequences [10, 17], code-based robot policies [6, 12],
or structured problem formulations for classical solvers
[5, 19]. Reasoning-augmented strategies improve multi-
step planning through intermediate reasoning and verbal
self-reflection [16, 20, 24]. SayCan [1] grounds plan se-
lection in physical feasibility by scoring actions against
learned accordance functions, but relies on a fixed library of
pre-trained skills that cannot be extended or refined. These
methods produce or select plans at execution time. None
generate reusable skill representations that can be improved
or verified independently of any particular plan.

A separate line of work improves LLM planning qual-
ity through optimization. textual gradient methods back-
propagate natural-language feedback to refine prompts [11,
25, 26]. At the parameter level, RLHF [18], DPO [14], and
simulator-augmented fine-tuning [9] adapt model weights
directly. However, these methods lack formal guarantees
on the generated plans, and violations of safety or task con-
straints are detected only at execution time, if at all.
Formal Methods for LLM-Based System. Recent work
has begun integrating formal verification with LLM-based
planning. These works develop algorithms that converts
non-verifiable LLM-generated outputs, e.g., natural lan-
guage or executable code, into verifiable representations
such as finite state automaton [7, 8, 13]. Complemen-
tary efforts address uncertainty-aware planning with for-



mal guarantees [2] and multimodal grounding for verifiable
decision-making [22].

Furthermore, several works utilize formal verification
outcomes as feedback to refine the LLM by fine-tuning
the parameters (RLVF [21]) or optimizing input prompts
(LAD-VF [23]). Our work differs by introducing a
contract-based skill abstraction that separates formal con-
straints from natural language generation interfaces, en-
abling verification at both the skill and plan levels and sup-
porting efficient closed-loop optimization without model
fine-tuning.

3. Problem Formulation
We consider an embodied agent operating over a set of
atomic propositions AP = {a1, . . . , an}. Each proposition
a ∈ AP is associated with an executable API that either
(i) produces observations (e.g., obstacle observed) or
(ii) triggers actions (e.g., forward, stop). A system ex-
ecution is represented as a trace

σ = σ0, σ1, σ2, . . . , σt ⊆ AP,

where σt denotes the set of propositions that hold at time t.

Skill definition. A skill s is defined as a tuple s =
(G, ψs, Cs), where:
• G = {φ1, . . . , φm} is a set of global specifications, given

as LTL formulas over AP ,
• ψs is a local rule, given as an LTL formula over AP ,
• Cs is a semantic contract, expressed in natural language.

The global specifications define environment-wide con-
straints that must always be satisfied:

σ |= G ⇐⇒ ∀i, σ |= φi.

The local rule ψs specifies the intended behavior of the skill,
while the semantic contract Cs serves as an instruction for
plan generation.

Planning pipeline. We consider a pipeline that maps a
user task prompt to executable behavior:

task prompt τ → skill s → plan πs → execution σ.

Given a task prompt τ , a foundation model generates a
skill s = Fskill(τ). The semantic contract Cs is then used to
generate a plan πs = Fplan(Cs, τ).

Plan verification. The plan is compiled into a transition
systemAπs

= (S, S0, T, L),where S is a finite set of states,
S0 ⊆ S is the set of initial states, T ⊆ S×S is the transition
relation, and L : S → 2AP is the labeling function.

If there exists a trace σ induced from Aπs
satisfies both

global and local specifications σ |= G ∧ ψs, then we claim

the local rule is feasible, i.e., not conflicting to the global
specifications. A plan is correct if all its executions satisfy
the specifications:Aπs

⊗M |= G ∧ ψs, whereM is a tran-
sition system that captures all possible system executions.

Problem statement. Given atomic propositions AP ,
global specifications G, and a task prompt τ , our goal is
to automatically construct a skill s = (G, ψs, Cs) such that
the plan generated from Cs satisfies

Aπs
⊗M |= G ∧ ψs,

while the skill itself is feasible, i.e.,

∃σ (σ |= G ∧ ψs).

We aim to produce skills that are both logically consis-
tent with global specifications and capable of inducing plans
whose executions satisfy the desired constraints.

4. Automated Skill Optimization
Given a task prompt τ , we generate a skill

s = (G, ψs, Cs) = Fskill(τ),

where G is given by the user or system designer, and the
model produces a local rule ψs and a semantic contract Cs.

Running example. We illustrate with a navigation task
on a ground robot.

Listing 1. A sample task prompt for skill generation.

Task prompt:
Move forward 5 meters and then turn left.

Safety requirements:
- G (people observed -> X stop)

Output:
1. A local rule in temporal logic
2. A semantic description of the behavior

The model outputs a local rule ψs—an LTL formula en-
coding the intended behavior—and a semantic contract
Cs: a natural language instruction used for plan genera-
tion. This representation separates symbolic constraints
from language-based generation.

4.1. Two-Level Verification
Skill-Level Verification We verify that the generated skill
is logically consistent with global specifications. Let

Φs =

∧
φ∈G

φ

 ∧ ψs.



We check whether there exists a trace σ such that σ |= Φs.
We construct a universal transition system M =

(S, S0, T, L), where:
• S = 2AP , i.e., each state corresponds to a valuation of

propositions,
• S0 = S,
• T = S × S, i.e., all transitions are allowed,
• L(s) = s.
This model represents all possible behaviors over AP .

We reduce the satisfiability problem to model checking
by verifying:M |= ¬Φs.
• If the property holds, then all traces satisfy ¬Φs, and no

satisfying trace exists. The skill is infeasible.
• If the property does not hold, the model checker returns a

counterexample trace σ such that σ |= Φs, implying the
skill is feasible.

If the skill is infeasible (i.e., no satisfying trace exists), we
re-query Fskill with verification feedback to produce a re-
vised skill: s′ = Fskill(τ, g), where g encodes the cause of
infeasibility (e.g., conflicting specifications). This process
continues until a feasible skill is obtained. We present an
running example below.

Listing 2. An example of feedback-guided skill regeneration.

Original local rule:
G(!obstacle observed | person observed ->

X forward)

Global specification:
G(person observed -> X stop)

Feedback: "The local rule conficts with
the global specification."

Regenerated local rule:
G(! (obstacle observed | person observed)

-> X forward)

Justification: This skill-level verification checks feasibil-
ity by ensuring the existence of a trace satisfying the global
and local specifications. This is sufficient for two reasons.
First, plans are executed sequentially, so skills do not inter-
act concurrently and cross-skill conflicts do not arise. Sec-
ond, this step only ensures logical consistency of the spec-
ification, while full compliance is verified at the plan level.
By filtering out infeasible skills early, it prevents optimiza-
tion on contradictory specifications.

Plan-Level Verification Given a semantic contract Cs, a
plan is generated: πs = Fplan(Cs), and compiled into a tran-
sition system Aπs

. We verify correctness via:

Aπs ⊗M |= G ∧ ψs.

If the check fails, the model checker returns a counterex-
ample trace indicating a violation of the specifications.

Table 1. Examples of plans in NUSMV and corresponding Python
implementations. The function ‘max speed’ returns a boolean in-
dicating whether the current speed below a given threshold.

NUSMV Python

next(act) :=
case
TRUE : stop;

esac;

while True:
stop()

next(act) :=
case
speed < 1: stop;
TRUE : forward;

esac;

while True:
if max speed(1):
stop()

else:
forward()

Implementation-wise, we query Fplan to generate a plan
πs directly in NUSMV[4], a formal language compatible
with model checking. The resulting NUSMV program de-
fines the transition relation and labeling overAP , and there-
fore induces the transition system Aπs

.
After verification, we convert the same plan into exe-

cutable code, e.g., Python, using a predefined, fixed rule-
based translation strategy. This design ensures that the for-
mally verified symbolic plan and the deployed controller
follow the same control logic. We present some sample
rule-based translations in Table 1.

4.2. Verification-Guided Automated Skill Opti-
mization (VASO)

We formalize semantic contract refinement as a prompt op-
timization problem. Given a task prompt τ and a skill
s = (G, ψs, Cs), we generate a plan via a foundation model
planner Fplan:

π(k)
s = Fplan(C(k)s , τ). (1)

Our goal is to optimize the semantic contract such that
the generated plan satisfies the specifications:

C∗s = argmin
Cs

L
(
Fplan(Cs, τ)

)
, (2)

where the loss L is induced by formal verification feedback.

Textual gradient from verification. Given a plan π(k)
s ,

the verifier produces a signal

y(k) ∈ {pass,fail(φ)},

which we convert into a textual gradient g(k), where g(k)

takes the form:

- violate 1 specification: G(person
observed -> X stop)

- pass all specifications



Figure 3. An overview for the verification-guided automated skill optimization pipeline. It verifies plans generated from the semantic
contract, and uses the feedback to iteratively refine the contract in a closed loop.

This feedback serves as a discrete approximation of ∂L
∂Cs

,
guiding how the semantic contract should be updated.

Semantic contract update. We update the semantic con-
tract using a foundation model conditioned on the gradient:

C(k+1)
s = Fskill

(
C(k)s , g(k), τ

)
. (3)

The overall refinement process alternates between:

(Forward) : C(k)s → π(k)
s → A

π
(k)
s
, (4)

(Backward) : A
π
(k)
s
→ g(k) → C(k+1)

s . (5)

This procedure can be interpreted as a form of textual
gradient descent, where:
1. the verifier provides a structured loss signal,
2. the textual gradient g(k) approximates the descent direc-

tion that minimize specification violation,
3. the language model performs the update step.
Implementation-wise, we adapt LLM-AutoDiff [25] to
our setting with default parameters.

Importantly, this optimization does not require parameter
updates to the foundation model, enabling efficient refine-
ment with minimal data.

5. Demonstration
We demonstrate our automated skill optimization frame-
work on two platforms with distinct dynamics: the
Clearpath Jackal ground robot and a PX4 quadrotor drone.
In both settings, the system generates skills from high-level
tasks, verifies them against formal specifications, and re-
fines them through verification feedback, enabling reliable
and compliant behavior without manual skill design.

Algorithm 1 Automated Skill Optimization

Require: Task prompt τ , global specifications G
1: Generate skill s = Fskill(G, ψs, Cs)
2: Construct a universal modelM
3: Verify feasibility of ψs via skill-level verification
4: while violating more than x% of specifications do
5: Generate plan πs = Fplan(Cs)
6: Verify Aπs

⊗M |= G ∧ ψs

7: Obtain feedback g from verification
8: Update Cs ← Fskill

(
C(k)s , g(k), τ

)
9: end while

10: return optimized skill s

Experimental Setup. Each robot has platform-specific
control APIs, perceptual signals, and temporal logic spec-
ifications. We use GPT-5-nano as our skill generation
model Fskill and GPT-4o-mini as our plan generation
model Fplan. For the Jackal, we control the robot via veloc-
ity commands and object detections, while for the drone, we
control it based on velocity in the NED frame and onboard
state estimation. The specifications encode global safety
constraints that must be satisfied during all the executions.
We present the detailed information below, which are the
system information we included in the task prompt.

1 =====Jackal (Ground Robot)======
2 # Atomic Propositions
3 forward, backward, stop, turn_left, turn_right,

people_observed, obstacle_observed,......
4

5 # APIs
6 def velocity_publisher(linear, angular):
7 """Send linear and angular velocity



commands."""
8 def yolo_listener(object_name) -> bool:
9 """Return True if the specified object is

observed."""
10

11 # Specifications
12 G(people_observed -> X stop)
13 G(obstacle_observed -> X not forward)

1 ======PX4 Drone (Aerial Robot)======
2 # Atomic Propositions
3 max_altitude, linear_velocity
4

5 # APIs
6 def altitude() -> float:
7 """Return current altitude in meters."""
8 def set_velocity_ned(north, east, down):
9 """Set velocity in NED frame."""

10

11 # Proposition Mapping
12 max_altitude := altitude() < 10
13 linear_velocity := sqrt(northˆ2 + eastˆ2 + down

ˆ2) <= 1
14

15 # Specifications
16 G(max_altitude)
17 G(linear_velocity)

Ground robot navigation. First, consider a simple navi-
gation task on the Jackal platform: go straight for 5 meters
and turn left by 90 degrees. The framework initially gener-
ates a drive skill, which passes the skill-level verification,
indicating the consistency between the global specifications
and the skill-specific rule.

We then pass the skill into the planner Fplan to pro-
duce executable plans. However, the generated plan
fails to satisfy the local rule F (¬people observed ∧
¬obstacle observed)→ F (¬stop), as the robot re-
mains in a stop state indefinitely once a person or obstacle
is detected.

We then apply our VASO optimization to refine the se-
mantic contract. After 10 iterations of refinement, the op-
timized skill satisfies all specifications and enables correct
task execution. The initial and refined skills, along with the
corresponding plans, are shown in Figure 4, and the execu-
tion of the plan guided by the optimized skill is shown in
Figure 5.

Aerial navigation. Second, we consider a task on a PX4
quadcopter: fly in a square-shaped trajectory. The gener-
ated plan guided by the initial skill violates the global spec-
ification G(max altitude < 10) due to a subtle edge
case that can be easily overlooked by human inspection. In
particular, when the altitude reaches 10 meters, the drone
continues to ascend slightly until the next control command
is issued, resulting in a small but critical violation of the
safety constraint.

After two iterations of skill optimization, the refined skill
satisfies all specifications and executes the task safely. The
initial and optimized skills, along with their corresponding
plans and executions, are shown in Figures 4 and 5.

These two demonstrations illustrate how the framework
systematically identifies and corrects both obvious and sub-
tle violations through verification-guided skill optimization.
In the ground navigation task, the framework resolves per-
sistent liveness failures, while in the aerial setting it captures
edge-case safety violations that are easily overlooked by hu-
man inspection. In both cases, a small number of refinement
iterations suffices to obtain skills that satisfy all specifica-
tions and enable reliable execution. Additional examples of
optimized skills and executions on the Jackal platform are
provided in Figure 1.

6. Quantitative Analysis
We quantitatively evaluate the skill optimization framework
on both the Jackal ground robot and the PX4 quadcopter.
We conduct the evaluation over a test set of 11 temporal
logic specifications and 400 generated plans. With min-
imal training overhead—less than 10 minutes per skill—
our framework achieves over 95% specification compliance
rate, consistently outperforming current zero-shot planning
models and fine-tuning-based planning approaches, while
incurring significantly lower computational cost.

Skill Generation and Skill-Level Verification We first
evaluate the feasibility of automatically generated skills and
the effectiveness of verification-guided regeneration. Start-
ing from raw outputs of Fskill, 73% of the generated skills
satisfy all contracts. An failure example is presented in List-
ing 2, where the local rule is conflicting to the global speci-
fication.

By incorporating verification feedback and re-querying
the model, as presented in Listing 2, the feasibility improves
to 95% after one iteration and reaches 99% after two itera-
tions. These results demonstrate that most invalid skills can
be efficiently repaired with minimal interaction, and that
the contract-based verification provides strong guidance for
rapid convergence.

End-to-End Planning with Verified Skills. We evaluate
the effectiveness of verified skills in end-to-end planning
using a safety score defined as the average percentage of
a generated plan satisfying each specification. Formally,
given a plan π and a set of specifications {φi}Ni=1, the safety
score is computed as

Safety(π) =
1

N

N∑
i=1

1[π |= φi],

and averaged over all generated plans.



Initial Skill Optimized Skill Action Plan from 
Optimized Skill

Action Plan from Initial 
Skill

Robot System: Jackal Clearpath. Task: Go straight 5 meters and turn left 90 degrees.

Initial Skill Optimized Skill Action Plan from 
Optimized Skill

Action Plan from Initial 
Skill

Robot System: PX4 Quadcopter. Task: Fly in a square-shaped trajectory.

Figure 4. Comparison between initial and refined skills. Refinement improves the generated plans, leading to behaviors that better satisfy
the specifications.

Jackal Clearpath Execution

Turn left
velocity_publisher(0,1)

Move forward
velocity_publisher(1,0)

Yield to people
velocity_publisher(0, 0)

Take off
set_velocity_ned(0,0,-0.5)

Move east
set_velocity_ned(0,1,0)

Land
set_velocity_ned(0,0,0.5)

PX4 Quadcopter Execution

Move south
set_velocity_ned(-1,0,0)

Figure 5. Real-world executions of plans guided by refined skills
in Figure 4. The resulting behaviors consistently satisfy task and
safety requirements.

First, we examine how the safety scores of the generated
plans improve over skill optimization iterations. As shown
in Figure 6, our VASO framework rapidly increases the
safety score, surpassing 90% within 7 training steps. In
contrast, the baseline prompt optimization method (LLM-
AutoDiff [25]), which starts from natural language planning
instructions without leveraging the skill.md representa-
tion, converges more slowly and plateaus at around 85%
even after 10 steps. This result highlights that incorporat-
ing verifiable skill structure not only improves final perfor-
mance but also significantly accelerates convergence.

We next evaluate generalization across all specifications.
Using 11 temporal logic specifications, which are presented
as the global and local contracts in Figure 4 and Figure 1.
We generate 100 testing plans from the initial skills and an-
other 100 plans from the optimized skills after 7 training
steps. The results, summarized in Figure 7, show that our
VASO approach consistently achieves approximately 95%
safety score across all specifications and both robotic plat-
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Safety Scores vs. Number of Training Steps

VASO (ours)
Pmpt. Opt. Baseline

Figure 6. We compare VASO with a baseline prompt optimization
method that does not use structured skill representations. VASO
rapidly converges to over 90% safety score within 7 steps, while
the baseline achieves around 85% after 10 steps.

forms. This result demonstrates that the optimized skills
generalize reliably across diverse constraints and em-
bodiments, rather than overfitting to specific tasks or envi-
ronments. In contrast, plans generated from the initial skills
exhibit substantially lower and more variable safety scores,
showing the necessity of the optimization process.

Finally, we analyze the efficiency-performance trade-off
by varying the training sample size and comparing against
multiple baselines, including
• LAD-VF [25]: Prompt optimization via textual gradient

with 10 steps per sample.
• RLVF [21]: Fine-tuning using formal verification feed-

back for 100 epochs.
• ICL [3]: In-context learning with handcrafted program

examples that satisfy all the specifications.
As shown in Figure 8, the VASO framework achieves
the highest overall safety score at larger sample sizes
while maintaining substantially lower training time. No-
tably, VASO obtains better performance with orders-
of-magnitude less computation compared to fine-tuning-
based methods, which require more training iterations. This
highlights the advantage of leveraging structured skill repre-
sentations and verification feedback, enabling efficient and
scalable improvement without expensive retraining.
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Figure 7. Safety score across 11 specifications from figures 1 and
4. VASO raises the average safety scores from 40% to above 95%
safety score across specifications on both platforms.
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Figure 8. We compare VASO with baseline learning methods for
planning tasks. VASO achieves the highest safety score while re-
quiring significantly less training time compared to other learning-
based methods.

Planning Baseline Comparison. We compare our frame-
work against a diverse set of planning baselines, includ-
ing both pretrained end-to-end planners and learning-based
approaches. The first group consists of zero-shot plan-
ners such as LLM-based planners. These methods di-
rectly generate plans from high-level task descriptions with-
out explicit verification or structured skill representations.
The second group includes learning-based approaches that
adapt planners using data, such as prompt optimization, in-
context learning, and fine-tuning methods.

We evaluate all methods using two metrics: (1) safety
score (SS), defined as the percentage of specifications satis-
fied by generated plans, and (2) task completion rate (TC),
measuring successful execution of the task. As shown in Ta-
ble 2, our framework consistently outperforms all baselines
across both metrics.

In particular, pretrained planners often achieve reason-
able task completion but suffer from low safety compliance,
while learning-based methods improve safety at the cost of

Table 2. Planning baseline comparison on safety score (SS) and
task completion (TC) rate.

Method SS (%) TC (%)

Pretrained End-to-End Planners
Direct Query GPT-4o-mini 67.5 77.8
Direct Query GPT-5.4 77.5 85.0
LLM+P [5] 79.5 88.3
ReAct-style Agent [15] 73.2 86.5

Learning-Based Methods
ICL (few-shot prompting) [3] 83.1 80.9
LLM-AutoDiff (prompt opt) [25] 87.5 81.6
LLM-Planner [17] 90.3 89.3
RoboInstruct [9] 82.5 67.0
RLVF (fine-tuning, 100 epochs) [21] 93.5 91.0

Ours 97.2 85.1

substantial training overhead. In contrast, our framework
achieves the best performance-safety trade-off, achieving
the highest safety score and strong task completion with-
out expensive fine-tuning. These results highlight the im-
portance of integrating structured skill representations and
formal verification into the planning loop.

Ablation. Our results isolate the main components of the
framework. Figure 6 demonstrates the necessity of the
structured skill.MD representation through comparison
with a baseline that performs prompt optimization on natu-
ral language instructions. Figure 7 reflects the benefit of it-
erative optimization by showing the gap between initial and
optimized skills. Finally, Table 2 captures the role of skill-
mediated planning, as opposed to direct end-to-end genera-
tion. Together, these results provide a practical ablation of
the major components of our framework.

7. Conclusion

We presented an automatic skill optimization framework for
foundation model planning. By introducing a structured
skill representation, our approach treats skills as both inter-
pretable planning primitives and verifiable units of behav-
ior. Building on this representation, we develop a closed-
loop pipeline that formally verifies the plans derived from
the skill and refines the skill via the verification feedback.
Empirical results show that verification-guided skill op-
timization significantly outperforms existing LLM-based
planning baselines and LLM fine-tuning approaches in both
compliance and convergence efficiency. As future direc-
tions, we aim to enable uncertainty-aware skill discov-
ery, quantifying and reducing perceptual uncertainties dur-
ing the execution under real-world noise.
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