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Adaptive Noise-based Evolutionary Reinforcement Learning With Maximum Entropy

WANG Jun-Yi' WANG Zhi' LI Hua-Xiong' CHEN Chun-Lin'

Abstract Recently, evolution strategies have been widely investigated in the field of deep reinforcement learning
due to their promising properties of derivative-free optimization and high parallelization efficiency. However, tradi-
tional evolutionary reinforcement learning methods suffer from several problems, including the slow learning speed,
the tendency toward local optima, and the poor robustness. A systematic method is proposed, named adaptive noise-
based evolutionary reinforcement learning with maximum entropy, to tackle these problems. First, the canonical
evolution strategies is introduced to enhance the influence of well-behaved individuals and weaken the impact of
those with bad performance, thus improving the learning speed of evolutionary reinforcement learning. Second, a
regularization term of maximizing the policy entropy is incorporated into the objective function, which ensures mod-
erate stochastically of actions and encourages the exploration to new promising solutions. Third, the exploration
noise is proposed to automatically adapt according to the current evolutionary situation, which reduces the depend-
ence on prior knowledge and promotes the robustness of evolution. Experimental results show that this method
achieves faster learning speed, better convergence to global optima, and improved robustness, compared to tradi-
tional approaches.
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Fig.2  Experimental environments
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Fig.3  Comparative experimental results
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