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Variational Autoencoder-based Assembly Feature Extraction
Network for Rapid Learning of Reinforcement Iearning
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Jun-Wan Yun', Minwoo Na?, Jae-Bok Song

Abstract: Since robotic assembly in an unstructured environment is very difficult with existing control
methods, studies using artificial intelligence such as reinforcement learning have been conducted.
However, since long-time operation of a robot for learning in the real environment adversely affects
the robot, so a method to shorten the learning time is needed. To this end, a method based on a
pre-trained neural network was proposed in this study. This method showed a learning speed about 3
times than the existing methods, and the stability of reward during learning was also increased.
Furthermore, it can generate a more optimal policy than not using a pre-trained neural network. Using
the proposed reinforcement learning-based assembly trajectory generator, 100 attempts were made to
assemble the power connector within a random error of 4.53 mm in width and 3.13 mm in length,

resulting in 100 successes.
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[Fig. 2] Structure of reinforcement learning-based assembly
trajectory generator
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[Fig. 3] Structure of VAE
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[Fig. 8] Learning results: (a) without AFE, and (b) with AFE

[Table 1] Results of RL learning reward

Without AFE With AFE
Median 179.3 153.5
Average 214.8 166.3
Standard deviation 102.0 35.1
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[Fig. 9] Assembly results and the number of action steps per
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[Table 2] Result of action step

Without AFE With AFE
Median 152 109
Average 232 111.39
Standard deviation 221.40 13.95
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