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Recenit Trends in Multi-Agent Techndlogy and Camnmunication Optimizatian
Research far Swarm Flight of Dranes

Kim Eunsu - Jang Yeonju - Bang Jongho

{Abstract)

Artificial intelligence can be cited as a key linkage technology for expanding drones’
application fields, and drones combined with artificial intelligence are expected to
improve drones’ operational capabilities based on algorithms that can solve complex tasks
through learning. The purpose of this study is to analyze various latest research cases
that apply deep reinforcement learning to drones to solve limitations for performing
swarm flight and to propose a new research direction that applies them to multi-agent
communication optimization technology. The process of the research is to investigate and
analyze the methods for efficient operation of control and communication technologies
required for swarm flight to be successful, and to apply algorithms that have the
advantage of exchanging richer feedback between agents and having less learning than
conventional methods when learning deep reinforcement learning algorithms. It is
expected that the efficiency and performance of learning communication protocols
optimized for swarm flight will be improved, which will increase the efficiency of
mission performance when exploring or scouting large areas through swarm flight in the
future.

Key Words : Swarm Flight, Multi—Agent Reinforcement Learning, Drone Control System, Drone
Communication Protocols, DIAL
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