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Multi-agent Reinforcement Learning for Large-scale
UAV Swarm Cooperative Attack-Defense Confrontation

This talk considers the problem of Large-scale unmanned aerial vehicle (UAV) swarm attack-defense confrontation
in a three-dimensional environment. We propose a new Multi-Agent Reinforcement Leaming (MARL) algorithm -
Cooperative Deep Deterministic Policy Gradient (CODDPG), which has the following charactenstics: It adopts the
Actor-Critic framework, and the agents share a common network. In addition, the cooperation between UAVs is
considered. To make it suitable for large-scale problems, the Mean Field Theory (MFT) is adopted and the new local
EEE state representation and reward allocation method are proposed. Moreover, CODDPG has a new network structure,
which considers the executable actions in the current state. Finally, the algorithm uses a framework of centralized
training and decentralized execution. In this way, cach agent can only rely on its local observation to make decisions.
To study the proposed algorithm, a large-scale UAV swarm confrontation platform considering flight constraints and
real UAV environment is designed. The experimental results show that CODDPG has better performance than

Eﬁﬂﬁﬁﬂlm several other mainstream MARL algorithms in the simulation platform.
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* Learning from interaction
with the environment observation

* The agent
+ senses the observations
from environment I
raward R,

+ takes actions to deliver to
the environment

+ gets reward signal from
the environment

* Normally, the
environment is stationary
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