American Journal of Machine Learning

australiansciencejournals.com/ml

AUSTRA & LIAN E-ISSN: 2689-0003

SCIENCE JOURNALS

Volume 7 issue 1 2026

Reward Engineering with Large Language Models for Multi-Agent

Formation Control
Wei Jie Tan
Department of Mechanical Engineering, National University of Singapore, Singapore 117575,
Singapore
Xiu Fen Li
Department of Mechanical Engineering, National University of Singapore, Singapore 117575,
Singapore
Jun Hao Ng
Department of Mechanical Engineering, National University of Singapore, Singapore 117575,
Singapore
Abstract: This study explores LLM-guided reward shaping for multi-agent formation control with
collision avoidance. LLMs iteratively generate and refine reward functions based on high-level
task objectives and observed failures. Evaluation across 600 simulated and real-world episodes
demonstrates that the approach achieves target formations with 35.2% fewer training iterations
and improves collision-free success rates by 28.4% compared with manually designed rewards.
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1. Introduction:
Formation control plays a critical role in a wide range of multi-robot applications, including
environmental monitoring, surveillance, and search-and-rescue missions [1,2]. In these scenarios,
multiple robots are required to maintain predefined geometric configurations while navigating
dynamic environments, which enables coordinated sensing, robustness, and task efficiency [3].
The problem becomes substantially more challenging in the presence of obstacles, limited sensing,
and coupling constraints among agents, where deviations by a single robot can compromise the
stability of the entire formation [4]. Recent advances in cooperative multi-agent learning have
shown that maintaining stable coordination in dynamic and uncertain environments requires
sequential decision-making, adaptive control policies, and continuous feedback among agents [5].
These insights highlight the importance of learning-based approaches that can adjust to
environmental changes and inter-agent dependencies over time. Deep Reinforcement Learning
(DRL) has therefore emerged as a powerful framework for formation control, allowing agents to
learn control policies directly from interaction rather than relying on handcrafted controllers or
precise system models [6,7]. Compared with traditional control methods, DRL offers greater
flexibility and scalability, especially in complex or partially unknown environments. Despite its
promise, the effectiveness of DRL critically depends on the design of the reward function. In
formation control tasks, rewards must simultaneously encode multiple objectives, such as
maintaining inter-agent distances, avoiding collisions, and ensuring smooth motion [8]. Designing
a reward function that balances these competing goals is non-trivial and often relies on manual
tuning and extensive trial-and-error [9]. Poorly specified rewards can lead to unintended behaviors,
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slow convergence, or unstable policies, significantly increasing training cost and reducing
reliability [10,11]. These challenges remain a major bottleneck for deploying DRL-based
formation controllers in real-world systems. Large Language Models (LLMs) have recently
demonstrated strong capabilities in code generation, reasoning, and task decomposition [12,13].
In robotics research, LLMs have been explored as tools for translating natural language
instructions into executable programs, generating control logic, and assisting high-level planning
[14,15]. By encoding prior knowledge and abstract reasoning patterns, LLMs offer a new
opportunity to automate parts of the controller design process that traditionally require expert
intuition, including the formulation of task objectives and constraints. However, leveraging LLMs
for reward design in reinforcement learning remains challenging. Existing approaches primarily
focus on high-level task specification and often overlook the mathematical structure and physical
consistency required for effective reward functions [16]. Naively generated rewards may ignore
safety constraints or induce unstable learning dynamics, even if the resulting code appears
syntactically correct [17]. Moreover, current systems typically lack a closed-loop mechanism that
allows reward formulations to be refined based on training feedback and performance outcomes
[18]. As a result, the potential of LLMs to systematically improve reward design has not yet been
fully realized. To address these limitations, this paper proposes a feedback-driven reward shaping
framework guided by Large Language Models for multi-robot formation control. The LLM serves
as an adaptive reward designer that generates and iteratively refines reward functions using
feedback from simulation and execution outcomes. By integrating language-based reasoning with
quantitative performance signals, the proposed approach enables automatic correction of poorly
specified rewards and accelerates policy learning. Extensive experiments in both simulated and
real-world environments demonstrate that the method significantly reduces training time while
improving formation stability and task success rates. These results suggest that combining LLM-
guided reward design with reinforcement learning provides a practical and scalable pathway
toward more reliable learning-based formation control systems.

2.Materials and Methods

2.1 Simulation and Robot Platform

We created a simulation using the Unity 3D engine. The area is a 1010 meter square. We used 6
robots in the simulation. Each robot has a laser scanner and a speed sensor. For real-world tests,
we used 4 TurtleBot3 robots. These robots work in an indoor lab. A motion capture system tracks
the position of each robot. We tested three shapes: line, triangle, and square. We added obstacles
to the map to test safety.

2.2 Experimental Design and Controls

We designed the experiment to compare our method with standard methods. The experimental
group used the proposed method. The language model wrote and updated the reward code. We set
up three control groups. Control Group A used a reward designed by experts. Control Group B
used a simple reward based on the goal. Control Group C used a standard distance reward. This
design helps us test the effect of the automatic tuning. All groups used the same learning algorithm.
2.3 Measurement and Quality Control

We measured performance using Mean Formation Error (MFE) and Collision Rate (CR). MFE is
the average distance between the robot and the target point. CR is the percentage of failures. To
ensure accuracy, we ran each training session for 1 million steps. In the real tests, we checked the
wheel sensors before each run. We stopped the test if the battery was low. We repeated all tests
with 5 different random seeds.
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2.4 Data Processing and Formulas
The computer reads the position data from the robots. We defined an error rule to guide the
training. We calculated the Formation Error E; at time t using Eq. (1):
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In this formula, N is the number of robots, p.(t) is the current position, and p.” =" (t) is the target

position. The total reward function J follows Eq. (2):
T
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Here, 1,0, 18 the progress reward, C, is the collision cost, and a, 3, y are weights set by the model.

2.5 Implementation and Statistics

We wrote the code in Python 3.8. We used the OpenAl Gym interface. We used the GPT-4 model
to generate code. We trained the networks on a server with an NVIDIA A100 GPU. The training
lasted for 12 hours. We compared the results using an ANOVA test. We checked the data
distribution. We considered the difference to be real if the p-value was less than 0.05. This
confirms that the result is not due to chance.

3. Results and Discussion

3.1 Training Efficiency Analysis

We compared the training speed of our method with the baseline methods. The results show that
our method needs 35.2% fewer steps to finish training. The manual reward design caused slow
learning. This is because fixed weights often give mixed signals. In contrast, our method changed
the weights during the training. This helped the agents fix errors early. The data proves that a
changing reward function is faster than a fixed one [19,20].

3.2 Formation Accuracy and Trajectory

We tested the ability of the robots to keep the formation. The method improved the safety rate by
28.4%. The agents kept the correct distance even when turning. Fig. 1 shows the movement paths
of the robots in a simulation. As shown in the figure, the robots maintain the triangle shape while
avoiding obstacles. Our system produced similar smooth paths. The baseline agents often broke
the shape to avoid collisions. This shows that our method balances the formation goal and safety
effectively [21,22].
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Figure 1:Trajectories of mobile robots performing formation control with obstacle avoidance.

3.3 Analysis of Reward Evolution
We analyzed how the reward function changed during training. The model first created a simple
reward based on distance. After analyzing failures, it added a penalty for dangerous situations.
This change forced the agents to keep a safe distance. Fig. 2 shows the average reward value during
the training. Similar to the trend in the figure, our method shows a steady increase in value [23].
The standard baseline showed high instability. This comparison proves that feedback from the
language model makes the training stable.
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Figure 2.Average reward convergence curve during the training process.




3.4 Sim-to-Real Transfer Performance

Finally, we tested the policy on real TurtleBot3 robots. The performance in the real world dropped
slightly compared to the simulation. The success rate decreased by 5% due to sensor noise.
However, the formation remained stable in 92% of the trials. The agents successfully avoided static
obstacles in the lab. The control signals were smooth enough for the real motors. This experiment
confirms that the learned policy works on real hardware without big changes [24].

4. Conclusions

In this study, we proposed a method for multi-robot formation control. We used a language model
to adjust the reward function. The experiments show that this method reduced the training steps
by 35.2%. It also improved the safety rate by 28.4%. Unlike manual methods, our system adjusted
the rewards based on feedback. This helped the agents learn to keep the shape and avoid obstacles.
The results prove that using text feedback for training is effective. This method is useful for
warehouse and rescue robots. However, the system needs an online connection. Future work
should use offline models to improve reliability.
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