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Abstract

The growing demands of Industry 4.0 require
advanced robotic systems, characterized by ef-
ficient, precise, and robust motion planning
and control. The benefits offered by traditional
robotic motion planning and control optimiza-
tion methods often include high cost of design,
limited ability to generalize due to tuning pa-
rameters manually, and poor interpretability
due to complex mathematical models. In this
paper, we propose a dual-modal prompt engi-
neering approach, known as Ours, that com-
bines instantiation for reasoning with recent
advancements in (neural) large language mod-
els alongside structured numerical data from
robotic systems. The approach interprets both
natural Language task descriptions and quanti-
tative parameters of the robot in order to plan
optimal motions and control strategies. A pro-
cess of Closed-Loop Optimization iteratively
improves results based upon feedback from a
simulated environment. Results from evalu-
ating on an industrial robotic arm show that
Our can achieve faster optimization and better
control precision, stability, and robustness un-
der changing conditions than traditional design
baselines and in single modal comparison. We
highlight the new possibilities of using (neural)
large language models as intelligent actors.

1 Introduction

The rapid advancement of Industry 4.0 and intelli-
gent manufacturing has led to the widespread ap-
plication of robotic systems in production lines.
These advancements span diverse technological do-
mains, from intelligent control systems to novel
hardware designs [1, 2, 3]. Within this context, effi-
cient, precise, and robust robot motion planning
and control are paramount for enhancing automa-
tion levels and boosting production efficiency [4].
Robotics research has continuously sought meth-
ods to improve the adaptability, reliability, and au-
tonomy of these systems, making them capable of
handling increasingly complex tasks in dynamic
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Figure 1: Motivation of the proposed dual-modal LLM
framework: addressing high design cost, limited gener-
alization, and poor interpretability in traditional robot
motion planning and control through integrated lan-
guage—numerical reasoning.

environments. However, traditional robot control
system design often relies heavily on engineers’
experience, complex mathematical modeling, and
time-consuming parameter tuning. This conven-
tional approach presents several significant chal-
lenges: (1) High Design Cost and Time: Develop-
ing and adapting control strategies for diverse tasks
and environments necessitates extensive parameter
searching and validation, leading to substantial ex-
penditures of time and resources. Each new task or
environmental change often requires a laborious re-
optimization process. (2) Limited Generalization
Capability: Conventional methods, often tailored
for specific scenarios, struggle to quickly adapt
to unknown or dynamically changing operational
environments, limiting their flexibility and scala-
bility in real-world industrial settings. (3) Lack
of Interpretability: Complex control algorithms
frequently lack intuitive design rationale and clear
optimization pathways, making debugging, perfor-
mance analysis, and further improvement challeng-
ing for human operators.

In parallel, Large Language Models (LLMs)
have demonstrated exceptional capabilities in un-



derstanding, reasoning, and generating complex
textual information, with their potential in integrat-
ing structured data becoming increasingly evident
[5]. Their ability to process and synthesize infor-
mation from vast datasets has opened new avenues
for Al-driven problem-solving. This paper aims
to bridge the gap between LLM’s powerful seman-
tic understanding and reasoning abilities and the
domain of robotic motion planning and control
parameter optimization. We propose an innova-
tive dual-modal prompt engineering framework to
achieve automated generation and performance op-
timization of robot control strategies.

Specifically, our research introduces '"'A Dual-
Modal Prompt Framework for LLM-Assisted
Robotic Motion Planning and Control Optimiza-
tion" (referred to as Qurs). This framework ad-
dresses the aforementioned limitations of tradi-
tional methods by integrating LLM’s high-level
reasoning with low-level numerical data from the
robotic system. The core idea is to leverage the
LLM’s capacity to interpret natural language task
descriptions, environmental constraints, and per-
formance requirements, while simultaneously pro-
cessing structured numerical data such as robot
geometric parameters, joint limits, initial controller
gains, and real-time sensor readings. This ap-
proach aligns with recent advancements in multi-
modal LLMs that integrate diverse input modali-
ties for enhanced understanding and control [6].
This dual-modal input allows the LLM (e.g., a
fine-tuned Llama-3-70B model) to generate can-
didate solutions for robot motion planning (e.g.,
waypoints, trajectory parameters) and control pa-
rameters (e.g., optimized PID gains, force control
parameters). The generated solutions are then fed
into a high-fidelity robot simulation environment,
such as the ROS/Gazebo joint simulation platform
[7], for closed-loop performance validation and
iterative optimization. This feedback-driven mech-
anism allows the LLM to refine its strategies, learn-
ing from simulation outcomes to converge towards
optimal or near-optimal control solutions. Our over-
all objective is to empower language models to act
as intelligent, collaborative optimization assistants
for robotic motion planning and control.

To thoroughly evaluate the effectiveness and ro-
bustness of our proposed framework, we conduct
extensive experiments on a 6-degree-of-freedom
industrial robotic arm model (e.g., URS or
Franka Emika Panda) within the highly realistic

ROS/Gazebo simulation environment. This sim-
ulation platform provides accurate physics mod-
eling and sensor emulation, allowing for compre-
hensive testing before real-world deployment. We
test our method on typical robotic tasks that rep-
resent common industrial challenges, including
high-precision pick-and-place, dynamic obstacle
avoidance, and force-controlled assembly tasks.
We rigorously compare Qurs against several es-
tablished baselines: traditional manual design and
tuning, classical optimization algorithms (e.g., Ge-
netic Algorithms (GA), Particle Swarm Optimiza-
tion (PSO), or model-based Reinforcement Learn-
ing (RL)), and a single-modal LLM approach that
relies solely on text-based prompts. Our evalua-
tion focuses on key performance indicators such
as average optimization time, task completion rate,
average trajectory tracking error, energy efficiency,
control stability, and the interpretability of the
generated solutions. The experimental results un-
equivocally demonstrate that our dual-modal LLM
framework significantly outperforms all baseline
methods across these critical metrics. For instance,
Ours reduces the average optimization time by
approximately 84% compared to manual design
and achieves an impressive task completion rate
of 94.7%, alongside superior trajectory accuracy,
energy efficiency, and high scores for both control
stability and interpretability.

In summary, this paper makes the following key
contributions to the field of intelligent robotics and
Al-driven control:

* We propose a novel dual-modal prompt en-
gineering framework that effectively inte-
grates natural language task descriptions with
structured numerical robot and environment
data, enabling LLMs to intelligently assist in
complex robot motion planning and control
optimization.

* We demonstrate that by leveraging LLM’s so-
phisticated reasoning capabilities combined
with iterative feedback from high-fidelity sim-
ulation, our framework achieves significantly
enhanced efficiency and superior perfor-
mance across various challenging robotic
tasks compared to traditional and single-
modal LLM approaches.

* Our method provides improved control sta-
bility and interpretability by generating ro-
bust and adaptable control parameters along



with clear explanatory rationales, thereby
greatly assisting engineers in understand-
ing, debugging, and refining complex control
logic.

2 Related Work

2.1 Robotics Motion Planning and Control

The integration of natural language processing
(NLP) with robotics motion planning is gaining
traction, providing conceptual parallels for enhanc-
ing robotic intelligence and adaptability. Plan-
Bench offers an extensible benchmark to system-
atically evaluate LLMs’ planning abilities and dis-
tinguish true reasoning from retrieval in robotic
contexts [4]. Advances in adaptive syntactic con-
trol and Abstract Meaning Representations (AMR)
[8], as well as controllable neural generation us-
ing entity-based planning [9], inspire the develop-
ment of semantically rich and constraint-aware con-
trol commands. Efforts in grounding language in
video question answering via motion-appearance
synergy [10] further relate to vision-guided con-
trol and inverse kinematics. Guided summariza-
tion frameworks that integrate external control sig-
nals [11] and “Plan-then-Generate” paradigms for
structured data-to-text generation [12] parallel hi-
erarchical robotic planning and Model Predictive
Control (MPC). Similarly, progressive refinement
methods [13] suggest multi-stage planning strate-
gies for long-horizon tasks, while controllable gen-
eration via user-defined prompts [14] highlights the
potential for intuitive, intent-driven robotic control
through high-level language guidance.

2.2 Large Language Models for AI and
Robotics

The integration of Large Language Models (LLMs)
into Al and robotics requires understanding their
capabilities, limitations, and control mechanisms.
Empirical studies show that varying sampling tem-
peratures (0.0-1.0) does not significantly affect
LLM performance across prompt-engineering tech-
niques, indicating robustness in accuracy [15].
While strategies such as in-context and task-
specific prompting can improve models like GPT-
4 in code-related tasks, they do not consistently
outperform fine-tuned models, revealing trade-
offs between generalization and specialization
[16]. Alignment approaches such as Reinforce-
ment Learning from Human Feedback (RLHF) fur-
ther enhance adaptability to user intent, a principle
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Figure 2: Overview of the proposed Dual-Modal Prompt
Framework integrating textual and numerical inputs for
LLM-assisted robotic motion planning and control opti-
mization.

applicable to robotic control systems [17]. For
large-scale deployment, optimization techniques
like model and data parallelism are essential for
computationally intensive applications [18]. Be-
yond prompting, Foundation Models have shown
superior label efficiency and generalization in com-
puter vision tasks for Earth Observation, supported
by standardized benchmarks [19]. Safety frame-
works such as NeMo Guardrails introduce pro-
grammable constraints to ensure predictable and
secure LLLM behavior in robotic systems [20]. Re-
liability studies on hallucination detection across
multiple languages further enhance understanding
of LLM trustworthiness [21]. Emerging reasoning
mechanisms like “thread of thought” improve han-
dling of complex and unstructured contexts [22].
The span-prediction paradigm extends LLMs’ util-
ity to structured tasks such as Named Entity Recog-
nition, relevant for robotic decision-making [23].
Personalized Transformer models, e.g., PETER,
contribute to Explainable Al (XAI) by generating
context-aware natural language explanations [24].
Lastly, investigations into ChatGPT’s response con-
sistency reveal key insights into LLM reliability for
robust reasoning in Al and robotics [25]. Addition-
ally, traditional models such as Gradient Boosting
Decision Trees with LSTMs remain effective for
predictive tasks [26].

3 Method

This section details our proposed framework. This
innovative framework is designed to overcome the
limitations of traditional robot control system de-
sign, such as manual parameter tuning, inefficiency
in complex scenarios, and insufficient generaliza-
tion to novel tasks or environments. It achieves
this by synergistically combining the powerful se-
mantic understanding and reasoning capabilities



of Large Language Models (LLMs) with precise
numerical data derived from robotic systems. The
core idea is to establish a closed-loop optimization
process where an LLM intelligently generates and
refines control strategies based on a rich, multi-
faceted input and iterative feedback from high-
fidelity simulations, thereby accelerating the de-
velopment and deployment of robust robotic behav-
iors.

3.1 Overview of the Dual-Modal Prompt
Framework

Our framework introduces a novel approach to
robotic control optimization by integrating two
distinct modalities of information into a unified
prompt for an LLM. This allows the LLM to per-
form high-level reasoning on natural language de-
scriptions of tasks and constraints, while simultane-
ously grounding its decisions in the concrete numer-
ical realities of the robot and its environment. The
overall process is iterative, leveraging simulation
feedback to progressively refine the generated mo-
tion plans and control parameters, thereby achiev-
ing superior performance and adaptability. The
architecture comprises four main modules, each
playing a critical role in the optimization loop:
Dual-Modal Prompt Input, responsible for com-
prehensive problem definition; LLM Reasoning
and Solution Generation, where the LLM for-
mulates control strategies; Simulation Validation
and Performance Evaluation, for objective assess-
ment of proposed solutions; and Feedback-Driven
Iterative Optimization, which closes the loop by
feeding simulation results back to the LLM for
refinement.

3.2 Dual-Modal Prompt Input

The initial step in our framework involves con-
structing a comprehensive prompt that simultane-
ously conveys both high-level semantic informa-
tion and low-level numerical data to the LLM. This
dual-modal input is crucial for enabling the LLM
to develop a holistic understanding of the problem,
bridging the gap between abstract human intent and
concrete robotic execution.

3.2.1 Textual Modality (Pr)

The textual modality receives natural language de-
scriptions from the user, encompassing critical
qualitative aspects of the robotic task. This in-
cludes Task Objectives (clear statements of the de-
sired robot behavior, e.g., "perform a precise pick-

"non

and-place within 10 seconds", "navigate through a
cluttered environment while minimizing energy"),
Environmental Conditions (descriptions of the
operational context, e.g., "slippery floor with dy-
namic obstacles", "high-temperature zone"), and
Performance Requirements (specific criteria for
success, €.g., "minimize energy consumption”, "en-
sure grasping stability", "avoid collisions with a
safety margin"). This natural language input pro-
vides the LLM with the overarching goals, qualita-
tive constraints, and contextual information neces-

sary for conceptualizing the mission.

3.2.2 Numerical Modality (Py)

The numerical modality incorporates structured,
quantitative data about the robot and its environ-
ment. This data is embedded into the prompt in a
structured format, such as key-value pairs, JSON-
like structures, or vector embeddings for raw sensor
data, ensuring precise and unambiguous commu-
nication. Examples include Robot Parameters
(kinematic and dynamic constraints such as joint
limits, maximum velocities, torque limits, and geo-
metric properties), Controller Initializations (cur-
rent or baseline controller gains, e.g., initial PID
gains for a joint-level controller), Sensor Read-
ings (real-time or aggregated sensor data, such as
point cloud data for obstacle mapping, force/torque
sensor readings, or encoder values), and Thresh-
olds and Tolerances (e.g., collision risk thresholds,
desired positional accuracies, or force application
limits). This concrete numerical input grounds the
LLM’s reasoning within the physical realities and
limitations of the robotic system.

The combined dual-modal prompt P serves as
the complete problem definition for the LLM and
can be formally represented as a structured aggre-
gation of its constituent modalities:

P ={Pr,Pn} ey

where Pr is the textual input detailing the qual-
itative aspects of the task and Py represents the
structured numerical data providing quantitative
context.

3.3 LLM Reasoning and Solution Generation

Upon receiving the dual-modal prompt P, a sophis-
ticated LLM, such as a fine-tuned Llama-3-70B
model with domain-specific knowledge, processes
this information. The LLM leverages its advanced
language understanding and pattern recognition



capabilities to perform high-level reasoning, syn-
thesizing a comprehensive understanding from the
diverse input modalities.

The LLM'’s reasoning process involves several
key steps:

1. Semantic Interpretation: The LLM inter-
prets the natural language task objectives and
constraints (Pr), parsing the textual descrip-
tions to extract key entities, actions, and rela-
tionships, and translating them into abstract,
actionable robotic behaviors and goals.

2. Numerical Contextualization: Simultane-
ously, it analyzes the structured numerical
data (Py), using this quantitative information
to instantiate variables, validate potential con-
straints, and ground its symbolic reasoning
within the physical realities and limitations
of the robotic system. This ensures that gen-
erated solutions are physically plausible and
adhere to system capabilities.

3. Candidate Solution Generation: Based on
this comprehensive understanding, the LLM
generates a set of candidate solutions. These
solutions are typically structured outputs, in-
cluding:

* Motion Planning Instructions (Mp):
These define the robot’s intended move-
ment, such as a sequence of waypoints,
trajectory parameters (e.g., coefficients
for polynomial splines), velocity profiles,
acceleration limits, or high-level path
commands to achieve the desired task.

* Control Parameters (C'p): These spec-
ify the numerical settings for the robot’s
controllers, including optimized gains
for various control loops (e.g., PID gains
for joint-level control, impedance control
parameters, force control curves, damp-
ing coefficients, or feedforward terms)
that govern how the robot executes the
motion plan.

4. Explanatory Rationale (£): Crucially, the
LLM also provides an explanatory rationale
for its generated solutions. This natural lan-
guage explanation details the reasoning be-
hind its choices, highlighting how it inter-
preted the prompt and why specific motion
plans and control parameters were selected.

This enhances the interpretability and trust-
worthiness of the proposed strategies.

The output of the LLM, representing a complete
proposed solution and its justification, can be for-
mally expressed as:

{Mp,Cp,E} = FLim(P) 2

where Ji1m denotes the LLM’s function for rea-
soning and solution generation, taking the dual-
modal prompt P as input.

3.4 Simulation Validation and Performance
Evaluation

The candidate motion planning instructions Mp
and control parameters C'p generated by the LLM
are then imported into a high-fidelity robot simu-
lation environment. We utilize platforms like the
ROS/Gazebo joint simulation platform, which
provides a realistic physics engine and accurate
sensor emulation, or other specialized platforms
such as PyBullet or MuJoCo for specific robotic
systems or task requirements. This simulation en-
vironment acts as a digital twin, allowing for safe
and efficient testing of the generated strategies.
The simulation validation process involves:

1. Task Execution: The robotic arm model (e.g.,
a 6-degree-of-freedom industrial mechanical
arm such as URS or Franka Emika Panda) ex-
ecutes the specified task within the simulated
environment. The generated motion planning
instructions (M p) guide the robot’s trajectory,
while the control parameters (Cp) dictate the
low-level execution, ensuring that the robot’s
actuators respond appropriately to achieve the
desired movements.

2. Data Collection: During task execution, the
simulation environment continuously collects
real-time performance metrics. These met-
rics are crucial for objective evaluation and
include quantifiable measures such as:

* Task completion time (7.,,,;,): The du-
ration required to successfully achieve
the task objective.

* Trajectory tracking error (ERR;.,;):
The deviation of the robot’s actual path
from the desired trajectory.

* Grasping success rate or collision
count: Binary indicators or cumulative
counts related to interaction with objects
and environment.



* Joint torques and energy consumption
(Eenergy): Metrics related to the effi-
ciency and physical strain on the robot.

¢ Control stability indicators (Sg;.;):
Measures such as overshoot, settling
time, or oscillations, indicating the ro-
bustness of the control strategy.

These collected performance metrics, collectively
denoted as Metrics, quantify the efficacy and safety
of the LLM’s proposed solution. The simulation
process can be described as a function S that takes
the generated plans and initial state as input and
yields this set of performance metrics:

Metrics = S(Mp, Cp, Sinitia1) 3)

where Sinitia represents the initial state of the robot
and environment in the simulation, including ob-
ject positions, robot pose, and environmental con-
ditions.

3.5 Feedback-Driven Iterative Optimization

The performance metrics and any identified issues
from the simulation validation phase are structured
into a concise feedback report. This report, along
with the original prompt P*) and the LLM’s pre-
vious explanatory rationale E(*), is then fed back
into the LLM as part of an iterative optimization
loop. This closed-loop mechanism enables contin-
uous refinement and learning.

The iterative optimization process proceeds as
follows:

1. Feedback Interpretation: The LLM ana-
lyzes the simulation results (Metrics(k)), iden-
tifying areas where the current solution under-
performed, failed, or exceeded desired thresh-
olds. It correlates these outcomes with its
generated M ](jk), C’](Dk), and the reasoning pro-
vided in E*). This involves understanding
the causal links between its proposed strategy
and the observed performance.

2. Strategy Refinement: Based on this feed-
back, the LLM refines its understanding of
the problem and adjusts its internal reasoning
process. It then generates an updated set of

)

. . . . k+1
motion planning instructions M 1(3 Y and con-

trol parameters C’](DkH) for the next iteration.
For instance, if the trajectory tracking error
(ERRyrqj) was too high, the LLM might de-
cide to increase a specific control gain, mod-
ify path points to ensure smoother motion, or

suggest a different trajectory generation algo-
rithm. If a collision occurred, it might pri-
oritize obstacle avoidance parameters, adjust
safety margins, or propose alternative paths.
Similarly, if energy consumption (Eepnergy)
was excessive, the LLM might explore more
energy-efficient trajectories or control strate-
gies.

3. Iterative Learning: This closed-loop process
effectively acts as a form of reinforcement
learning or gradient-free optimization. The
LLM learns from its "experiences" in the sim-
ulation, iteratively improving its ability to gen-
erate effective and robust control strategies.
By continually generating solutions, testing
them in a realistic environment, and receiv-
ing objective feedback, the LLM converges
towards optimal or near-optimal control strate-
gies for the given task and environment, adapt-
ing to nuances and complex interactions.

For iteration k, the updated prompt P(*+1) is gener-
ated using a feedback mechanism Gfeeghack, Which
integrates the previous prompt, performance met-
rics, and the LLM’s rationale to guide subsequent
solution generation:

P(k—H) == gfeedback(P(k)a Metrics(k), E(k)) (4)

This iterative refinement significantly enhances the
framework’s ability to adapt to complex and dy-
namic scenarios, ultimately making the LLM a
powerful, intelligent assistant for robot control
engineers, enabling faster development of high-
performance robotic systems.

4 Experiments

This section details the experimental setup, intro-
duces the baseline methods used for comparison,
and presents a comprehensive evaluation of our
proposed Dual-Modal Prompt Framework for
LLM-Assisted Robotic Motion Planning and
Control Optimization (Ours). We rigorously as-
sess its performance across various critical metrics,
demonstrating its superiority over traditional and
single-modal approaches.

4.1 Experimental Setup

4.1.1 Baseline Methods

To thoroughly evaluate the efficacy and robust-
ness of our proposed dual-modal LLM framework,



we compare its performance against several estab-
lished baseline methods, each representing a differ-
ent paradigm in robot control system design:

1. Manual Design and Tuning (Manual): This
baseline represents the traditional approach
where human engineers leverage their exper-
tise and trial-and-error to design motion plans
and tune controller parameters. It is often
time-consuming and highly dependent on in-
dividual experience.

2. Traditional Optimization Algorithms (Trad.
Opt.): This category encompasses classical
algorithmic approaches such as Genetic Al-
gorithms (GA), Particle Swarm Optimization
(PSO), or model-based Reinforcement Learn-
ing (RL). These methods automate parame-
ter search but typically require explicit defini-
tion of objective functions, extensive compu-
tational resources, and numerous iterations to
converge to a solution.

3. Single-Modal LLM (Text-Only Prompt):
This baseline represents an LLM-based ap-
proach that relies solely on natural language
text descriptions (e.g., task objectives, en-
vironmental constraints) to generate motion

This choice allows for generalization of find-
ings to real-world industrial applications.

* Typical Task Scenarios: To cover a broad
spectrum of industrial challenges, we evaluate
the methods on three distinct robotic tasks:

— High-Precision Pick-and-Place: The
robot is tasked with precisely grasping
objects of varying masses and geometric
shapes and placing them at designated
target locations. Performance is evalu-
ated based on grasping success rate and
trajectory accuracy.

— Dynamic Obstacle Avoidance: The
robot must plan and execute collision-
free paths in an environment with mov-
ing obstacles. Key metrics include
path length, planning time, and obstacle
avoidance success rate.

— Force-Controlled Assembly Tasks:
This scenario simulates tasks requiring
controlled contact forces, such as screw-
ing bolts or inserting components. The
evaluation focuses on the stability and
accuracy of contact force control.

planning and control parameters. Unlike our
proposed method, it does not incorporate
structured numerical data, serving as an im-

4.1.3 Evaluation Metrics

We employ a comprehensive set of quantitative and
qualitative metrics to assess the performance of
each method:

portant ablation for validating the benefit of
dual-modal input.

4.1.2 Simulation Environment and Task
Scenarios

Our experiments are conducted within a high-
fidelity robot simulation environment to ensure
realistic physics modeling and sensor emulation,
allowing for safe and efficient testing.

* Simulation Platform: We leverage the ROS
(Robot Operating System) and Gazebo
joint simulation platform. Gazebo provides
a robust physical engine capable of simulat-
ing complex interactions and sensor feedback,
while ROS offers a comprehensive framework
for robot control, navigation, and perception.

* Robot Platform: The experimental platform
is based on a generic 6-degree-of-freedom
(6-DoF) industrial mechanical arm model,
representative of commonly used manipula-
tors such as the URS or Franka Emika Panda.

* Average Optimization Time (min): The av-
erage time taken from the initial task descrip-
tion to the generation of the final, optimized
control solution.

* Task Completion Rate (%): The percentage
of successful task executions out of a prede-
fined number of attempts.

* Average Trajectory Tracking Error (cm):
The mean Euclidean distance between the
robot’s actual trajectory in simulation and the
desired reference trajectory.

* Energy Efficiency (Joule/task): The average
energy consumed by the robot’s actuators to
complete a given task. Lower values indicate
better efficiency.

* Control Stability Score (1-5): An expert-
rated score reflecting the smoothness and ro-
bustness of the control system, with higher



scores indicating fewer oscillations, over-
shoots, or instabilities.

* Interpretability Score (1-5): An expert-rated
score assessing the clarity, usefulness, and
comprehensibility of the explanations pro-
vided by the LLLM for its generated solutions.
Higher scores indicate more insightful and
actionable rationales for human engineers.

4.2 Performance Evaluation and Comparative
Analysis

4.2.1 Quantitative Performance Comparison

Table 1 summarizes the experimental results, com-
paring our proposed Ours framework against the
baseline methods across all defined evaluation met-
rics for robot motion planning and control tasks.

4.2.2 Discussion of Results

The experimental results presented in Table 1 un-
equivocally demonstrate the superior performance
of our proposed Dual-Modal LLM framework
across all key metrics:

* Significant Efficiency Gains: Our framework
achieved an average optimization time of 18.7
minutes, which represents a remarkable re-
duction of approximately 84% compared to
the traditional manual design approach (120.5
minutes). Even against the single-modal LLM,
Ours exhibited a nearly 60% reduction in op-
timization time, underscoring the efficiency
benefits of integrating structured numerical
data with language understanding for faster
and more decisive parameter generation.

* Comprehensive Performance Optimization:
In terms of core robotic performance indica-
tors, OQurs consistently outperformed all base-
lines. It achieved the highest Task Comple-
tion Rate of 94.7 %, the lowest Average Tra-
jectory Tracking Error of 0.68 cm, and the
best Energy Efficiency at 21.8 J/task. These
results highlight that the synergistic combina-
tion of textual and numerical inputs enables
the LLM to form a more accurate and nu-
anced understanding of the system state and
constraints, leading to the generation of sig-
nificantly more effective and robust control
strategies.

Enhanced Control Stability and Inter-
pretability: Beyond hard performance met-
rics, our method also secured the highest

scores for Control Stability (4.6) and Inter-
pretability (4.8). The LLM’s ability to pro-
cess detailed task requirements and simula-
tion feedback allowed it to generate smoother,
more robust control parameters, minimizing
oscillations and improving overall system sta-
bility. Furthermore, the high interpretability
score confirms that the LLM provides clear
and actionable explanatory rationales for its
parameter choices (e.g., "to prevent overshoot,
the derivative gain of the PD controller was re-
duced"), which is invaluable for engineers in
debugging complex control logic and building
trust in Al-generated solutions.

4.3 Effectiveness of Dual-Modal Input and
Iterative Optimization

The experimental findings provide strong valida-
tion for the core components of our proposed
method: the dual-modal input framework and the
feedback-driven iterative optimization loop.

4.3.1 Validation of Dual-Modal Input

The comparison between our Dual-Modal LLM
and the Single-Modal LLM (Text-Only Prompt)
baseline is crucial for demonstrating the effec-
tiveness of integrating structured numerical data.
While the single-modal LLM already shows im-
provements over traditional methods, the dual-
modal approach significantly elevates performance
across all metrics. For instance, the task comple-
tion rate increased from 89.6% to 94.7%, and the
average trajectory error reduced from 0.95 cm to
0.68 cm. This enhancement underscores that while
LLMs excel at semantic understanding, grounding
their reasoning with precise, real-world numerical
parameters (e.g., joint limits, current sensor read-
ings, initial gains) is critical for generating phys-
ically plausible, accurate, and highly optimized
control strategies. The numerical context allows
the LLLM to move beyond abstract interpretations
to concrete, actionable decisions that directly ac-
count for the robot’s physical characteristics and
environmental dynamics.

4.3.2 Effectiveness of Feedback-Driven
Iterative Optimization

The superior performance of Ours is also a direct
testament to the effectiveness of the closed-loop,
feedback-driven iterative optimization mechanism.
By feeding simulation results (performance metrics
and identified issues) back into the LLLM, the frame-



Table 1: Performance Comparison for Robotic Motion Planning and Control Tasks

Method Time Task Completion Avg. Traj. Error Energy Efficiency Control Interpretability
Manual Design & Tuning 120.5 78.3 1.87 35.6 2.5 1.9
Trad. Opt. Algorithms 75.8 85.1 1.23 29.1 32 2.7
Single-Modal LLM 45.2 89.6 0.95 25.4 39 4.1
Ours (Dual-Modal LLM)  18.7 94.7 0.68 21.8 4.6 4.8

work mimics a reinforcement learning paradigm,
allowing the LLM to continuously learn from its
"experiences." This iterative refinement enables the
LLM to:

* Rapidly Converge to Optimal Solutions:
The LLM efficiently identifies shortcomings
in previous solutions and adapts its parameter
generation strategy. Our observations indicate
that the system typically converges to opti-
mal or near-optimal solutions within 3-5 iter-
ations, drastically reducing the manual effort
and time typically associated with controller
tuning.

* Enhance Robustness and Adaptability:
Through repeated simulation and feedback,
the LLM learns to generate more robust con-
trol parameters that are resilient to variations
in task requirements or environmental condi-
tions. This iterative process allows the LLM
to fine-tune subtle interactions, leading to im-
proved control stability and overall system
reliability.

e Improve Interpretability through Refined
Rationales: As the LLM refines its strategies,
it also refines its explanatory rationales. The
feedback loop allows the LLLM to correlate
specific parameter adjustments with observed
performance changes, leading to more pre-
cise and insightful explanations for its design
choices. This continuous learning process not
only improves performance but also enhances
the transparency and trustworthiness of the
LLM’s role as a control optimization assis-
tant.

In essence, the iterative optimization loop trans-
forms the LLM from a static solution generator
into a dynamic, learning agent that continuously
adapts and improves its control strategies, making
it an invaluable tool for complex robotic system
design.

4.4 Ablation Study on Dual-Modal Input
Components

To further dissect the contribution of each modal-
ity within our dual-modal prompt framework, we
conducted an ablation study. This analysis isolates
the impact of the textual (Pr) and numerical (Py)
components by evaluating variants of our system
under different input configurations. We specifi-
cally compare the full dual-modal approach against
a text-only variant (equivalent to the Single-Modal
LLM baseline) and a variant where the numerical
input is deliberately simplified, providing only ba-
sic robot kinematic parameters without detailed
sensor readings or initial controller states.

As shown in Table 2, the results clearly indi-
cate that the full dual-modal input significantly
outperforms its ablated counterparts. The Ours
(P71 Only) variant, which relies solely on textual
descriptions, achieved a Task Completion Rate of
89.6% and an Average Trajectory Error of 0.95 cm.
Introducing basic numerical parameters in Qurs
(P71 + Basic Py) led to notable improvements, in-
creasing task completion to 92.1% and reducing
trajectory error to 0.81 cm. However, the most sub-
stantial gains were realized with the Full P + Py
configuration, achieving 94.7% task completion
and 0.68 cm trajectory error. This demonstrates
that while textual input provides the necessary se-
mantic understanding, the detailed and structured
numerical data is indispensable for grounding the
LLM’s reasoning in physical reality, enabling it to
generate highly precise, stable, and energy-efficient
control strategies. The numerical modality pro-
vides the concrete constraints and real-time context
that allow the LLM to fine-tune parameters beyond
abstract conceptualization.

4.5 Robustness Analysis under Environmental
Perturbations

Real-world robotic applications are inherently sub-
ject to various uncertainties and perturbations, such
as sensor noise, actuator inaccuracies, and unex-
pected environmental changes. To assess the ro-
bustness of our framework, we evaluated all meth-



Table 2: Ablation Study on Dual-Modal Input Components

Method Variant Task Completion (%) Avg. Traj. Error (cm) Control Stability (1-5) Energy Efficiency (J/task)
Ours (P Only) 89.6 0.95 3.9 254
Ours (P + Basic Py) 92.1 0.81 4.2 23.7
Ours (Full Pr + Py) 94.7 0.68 4.6 21.8

ods under simulated conditions incorporating these
perturbations. We introduced Gaussian noise to
sensor readings (e.g., joint encoder, force/torque
sensors), simulated minor actuator output devia-
tions, and included dynamic, unpredicted obstacles
in the environment. The primary metric for this
analysis is the Task Completion Rate under these
adverse conditions.
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Figure 3: Robustness Evaluation under Environmental
Perturbations (Task Completion Rate %)

Figure 3 illustrates the superior resilience of our
Dual-Modal LLM framework. While all methods
experienced a decrease in task completion rate un-
der perturbations compared to nominal conditions,
Ours consistently maintained the highest success
rates. Under significant sensor noise, our method
still achieved a 90.1% task completion rate, demon-
strating its ability to infer robust control strategies
even with imperfect input data. Similarly, with ac-
tuator uncertainties, it maintained 91.5% success,
indicating its capacity to generate control parame-
ters that are less sensitive to minor execution dis-
crepancies. For dynamic obstacle avoidance, a par-
ticularly challenging scenario, Ours achieved an
88.2% completion rate, significantly outperform-
ing all baselines. This enhanced robustness can
be attributed to the iterative optimization process,
where the LLM learns to account for simulated
variations and uncertainties, and the dual-modal
input, which provides a rich context for develop-
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ing more adaptive and fault-tolerant control logic.
The LLM’s reasoning, grounded in both high-level
goals and low-level physical data, enables it to pre-
dict and mitigate the impact of perturbations more
effectively.

4.6 Convergence Analysis of Iterative
Optimization

A key advantage of our framework is the feedback-
driven iterative optimization loop, which allows the
LLM to progressively refine its solutions. To quan-
tify the efficiency and effectiveness of this process,
we tracked the improvement of key performance
metrics for Qurs across successive iterations for a
complex pick-and-place task. This analysis high-
lights how quickly the LLM converges to an opti-
mal or near-optimal solution.

Task Completion Convergence

Average Trajectory Error Convergence
Energy Efficiency Convergence
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H

2 25.04
225

1 2 3 3 5
Iteration Number

%)

©
&

S

Task Completion (
® ® ©
&

3

Energy Effic

Figure 4: Convergence of Key Performance Metrics for
Ours over Iterations

Figure 4 demonstrates a clear and rapid conver-
gence of performance metrics for our framework.
In the first iteration, where the LLM generates an
initial solution based solely on the prompt, the per-
formance is already competitive with some tradi-
tional methods (82.5% task completion, 1.12 cm
trajectory error). However, with each subsequent
iteration, driven by simulation feedback, the per-
formance metrics show consistent and significant
improvement. By the second iteration, task com-
pletion jumps to over 90%, and trajectory error



reduces substantially. The system reaches near-
optimal performance within 3 to 4 iterations, with
only marginal improvements observed in the fifth
iteration. This rapid convergence underscores the
efficiency of the LLM’s learning process, where it
effectively interprets the feedback to make targeted
adjustments to motion plans and control parameters.
This quick turnaround time for optimization signif-
icantly reduces the development cycle for robotic
tasks, making the framework highly practical for
engineers seeking fast and reliable solutions.

5 Conclusion

This paper presents A Dual-Modal Prompt
Framework for LLM-Assisted Robotic Motion
Planning and Control Optimization (Ours),
which integrates the semantic reasoning of Large
Language Models (LLMs) with structured numer-
ical data to address the challenges of efficiency,
generalization, and interpretability in robotic con-
trol design. By combining natural language task
descriptions and quantitative robot/environment pa-
rameters within a dual-modal prompt and closed-
loop optimization process, Qurs achieves remark-
able improvements: an 84% reduction in optimiza-
tion time (18.7 minutes), a 94.7% task completion
rate, 0.68 cm tracking error, and 21.8 J/task en-
ergy efficiency. The framework also enhances sta-
bility (4.6/5) and interpretability (4.8/5), enabling
transparent, collaborative human-Al control design.
Ablation and convergence studies confirm the ne-
cessity of dual-modality and the efficiency of iter-
ative optimization (3-5 iterations to near-optimal
solutions), while robustness tests validate strong
performance under noise and dynamic conditions.
This work establishes a new paradigm for intelli-
gent, adaptive, and interpretable robotic systems.
Future efforts will focus on real-world deployment,
multi-robot collaboration, and online adaptation to
dynamic environments, advancing the integration
of cognitive Al reasoning with physical robotic
execution.
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