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Abstract

This paper proposes a reinforcement learning-based control education platform utilizing Python and light-weight rapid control
prototyping (LW-RCP). The platform employs the Sim-to-Real technique, in which neural networks are trained in a Python-based
simulation environment and applied to real systems. The trained networks are converted into a format compatible with
Matlab/Simulink. The lab-built LW-RCP is used to implement a real-time controller under the Simulink environment by
incorporating the converted networks. The proposed platform allows students to easily apply reinforcement learning theory to real
systems, contributing to the integration of reinforcement learning control into control curriculum. The effectiveness of the proposed
platform is demonstrated by implementing a reinforcement learning controller for the pendubot system. The implemented controller
performs the swing-up and transition control and exhibits strong disturbance rejection and recovery properties.
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HyperParameter Value
Optimizer Adam
Learning rate 0.0003
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Replay buffer size le-6
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Number of hidden layers in critic networks 3
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Size of hidden layers in Ist policy networks 2
Size of hidden layers in 2nd policy networks 400
Minibatch size 300
Nonlinearity ReLU
Target smoothing coefficient () 0.005
Number of atoms (M) 25
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