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An optimization method that combines deep reinforcement learning and computational fluid dynamics
(CFD) is developed. The problems settings are the shape optimization of the corrugated airfoil as
observed in the wings of dragonflies, and the optimization of control law to reduce friction drag by
breaking turbulence vortices. Reward function with some variables obtained from CFD implemented in
the "environment" part of deep reinforcement learning is set, and a strategy that maximize the sum of the
rewards is learned through trial and error. As a result, methods for optimizing the shape and fluid control

law were obtained.
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