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Abstract: This paper proposes a reinforcement learning-based method to address the flight control
problem for multi-UAV formation. The proposed approach integrates curriculum learning, the

leader-follower model, and the proximal policy optimization (PPO) method. Firstly, based on
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curriculum learning., the complex formation control task is decomposed into two learning stages.
In the first stage, the leader UAV is trained using the PPO method to fly along a preset trajectory.
Subsequently, the follower UAVs are trained in the second stage. During this stage, the control
policy of the leader UAV is fixed as the neural network obtained in the first stage, and the delayed
position of the leader is used as the tracking target for the followers. Based on partially observable
information, the reward function was elaborately designed to guide the UAVs to maintain a stable
linear formation during flight. To validate the effectiveness of the proposed method, we conducted
simulations of a four-UAV formation performing a complex “8” shaped flight pattern in a three-di-
mensional space using the Unity software. The results demonstrate that, compared to traditional
control methods, our approach enables agents to learn effective strategies through interaction with
the environment via a relatively simple training process, without the need to establish precise
mathematical models. This method simplifies the complexity of formation control and provides a
novel solution for UAV formation control.

Keywords: multi-agent reinforcement learning; formation control; proximal policy optimization;
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Tab. 2 Default hyperparameters for training

AR Bl
Batch size 2 048
Buffer size 20 480
Learning rate 0. 000 3
Learning rate schedule Linear
Time horizon 1 000
Summary frequency 50 000
Checkpoint interval 400 000

Keep checkpoints 100

Max steps 50 000 000
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Tab. 3 Specific hyperparameters of PPO

e HfH
Beta 0. 005

Epsilon 0.2
Beta schedule Linear
Epsilon schedule Linear
Lambd 0. 95
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