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Background and Objective

Dense urban drone traffic requires real-time tactical conflict resolution
under safety-critical constraints. Traditional rule-based and
optimization approaches often struggle with scalability, adaptability,
and interpretability in heterogeneous multi-agent environments.

This work investigates whether fine-tuned Large Language Models
(LLMs) can act as cooperative tactical deconfliction policies for small
unmanned aerial systems (sUASS).

Research Questions:

% Can pre-trained LLMs manage domain-specific safety-critical tasks
such as cooperative tactical deconfliction for small unmanned aerial
systems (SUASSs)?

% Do they need fine-tuning? If yes, how to fine-tune them without real-
world data?

% How do LLMs handle multiple agents in a centralized manner?

Key Points:

1 Dense low-altitude urban airspace

1 Cooperative multi-agent deconfliction

1 Partial observability and heterogeneous agents

1 Human-aligned tactical reasoning using rule-based methods

1 Fine-tuning instead of zero-shot prompting
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Initial Findings:

e The Base model acts conservatively, congesting the airspace.

e |t occasionally generates unsafe actions.

e The inference time is at least 3 seconds for a single agent, for a
variable-length response (with a maximum of 1024 output tokens).

e For shorter responses (e.g., 50 tokens), it generates unreasonable
answers, although the inference time is reduced.

Main Contributions:

Proposed Approach Simulation-to-Language Pipeline
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The pipeline embeds human tactical reasoning through interpretable rule-

based supervision.

Simulation Details:

1 BlueSky multi-agent simulator

1 20—30 sUASSs per scenario

1 15-25 minute delivery operations in Frisco City, Dallas, Texas

1 Heterogeneous drone configurations inspired by Google Wing and
Amazon Prime Air drones

1 Strong rule-based human-aligned labels, with ~38k samples

1 Prompt engineering for structured reasoning

We propose a simulation-to-language dataset generation pipeline.
We fine-tune LLMs on the extracted dataset using two strategies:

o Supervised fine-tuning (SFT) with low-rank adaptation (LoRA)
o Group-relative policy optimization (GRPO)
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Scen. All L-L L-R SR Time All L-L L-R SR Time
A 3.5+1.1 2.7+0.5 0.8+1.0 0.124+0.38 3.7+4.1|1.0+0.8 0.7+0.7 0.3+0.5 0.77+0.29 5.7+0.6 1.7+0.5 1.1£+0.7 0.6+0.5 0.574+0.31 5.240.1
B 3.4+1.1 1.8+1.4 1.6+0.9 0.20+0.56 3.3+7.00 1.9+1.2 0.9+0.7 1.0+0.8 0.621+0.36 8.1+0.93.0+0.7 1.3+0.4 1.7£0.5 0.274+0.22 6.9+0.3
C 4.0+0.9 2.5+1.2 1.5+1.2 0.05+0.58 1.6+5.011.9+0.7 0.8+0.6 1.14+0.9 0.52+0.37 7.54+0.7/2.3+0.8 0.6+0.5 1.740.7 0.4240.29 6.6+0.1
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Conclusions

Key Takeaways:

1 The proposed simulation-to-language pipeline facilitates fine-tuning
LLMs on human-aligned tactical deconfliction strategies for small
unmanned aerial systems.

1 SFT provides the most reliable and robust performance for safety-
critical deployment.

1 GRPO also outperformed the Base model but did not achieve
performance comparable to SFT.

1 Both fine-tuning methods significantly reduced the number of near
mid-air collisions (NMACs).

Challenges and Bottlenecks:

* High inference latency in centralized decision-making for multi-agent
settings

* High computational cost and memory limitations, especially for
GRPO, which requires generating multiple responses in each
training iteration

* Lack of safety guarantees in safety-critical applications

Future Research:

Real-world data augmentation, safety module augmentation,
comparison with rule-based and reinforcement learning methods
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