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In order to develop a new jet mixing procedure, we explore the possibility of DRL (deep reinforcement learning).
First, we conduct some cases of open-loop control in which a main jet is manipulated by a pair of sub jet being
actuated at the inlet of main jet, and examine the effect of actuating frequency on the mixing performance of main
jet. Then, we select a DDPG (deep deterministic policy gradient) scheme among of the present DRL schemes, and
apply it to the above-mentioned jet control problem. Compared the the results of DDPG with that of open-loop
control, the DDPG scheme turns out the useful performance of jet mixing control, i.e.,the entrainment of fluid
from surroundings is enhanced through the DRL while the main jet behaves like a flapping jet.
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Fig. 1: Schematics of the problems being solved by
machine learning
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Fig. 2: Motions of a rotating pendulum
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Fig. 3: Time evolution of entrainment at various condi-
tion. open-loop control (St = 0.005, 0,01, 0,.015, 0.025,
0.05, and 0.1); M-learning ( DDGP) .
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Fig. 4: Amplitude of actuator input
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Fig. 5: Instantaneous velocity vector plot at the end of
each computation. open-loop control (St = 0.005, 0,01,
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