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Abstract: Aiming at the problems such as the lack of independent learning ability of traditional robotic arms

and poor adaptability in unknown environments, this paper proposes a deep reinforcement learning

robot arm

algorithm combining prior knowledge, and modifies the design of reward function and experience pool to
show that compared with the original algorithm, the convergence speed of the improved model is increased

solve the problems such as low data quality, slow convergence speed and unsatisfactory learning effect in
the early stage of training, while enhancing its generalization. The results on Pybullet simulation platform

by 48.5%, and the success rate is increased by 8%. Compared with other mainstream algorithms, the
convergence speed and success rate are significantly improved.
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Fig. 2 Flow chart of multi—experience pool
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Fig.3 Six—degree—of-freedom robotic arm
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