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Abstract Reinforcement learning has wide application prospects in dealing with the problem of complex optimization
and control. Since traditional policy gradient method cannot learn the complex policy effectively in addressing with the
environment with high-dimensional and continuous action space,that causes slow convergence rate or even non-conver-
gence, this paper proposed an online KLL-divergence-based policy optimization algorithm to solve this issue. Based on Ac-
tor-Critic algorithm, the KL-divergence is introduced to construct a penalty which adds the distance between “new” and
“old” into policy loss function to optimization the policy update of Actor. Furthermore,the learning step is controlled by

KIL-divergence to ensure the policy update with maximum learning step within security region. On the experiment of

Pendulum and Humanoid, simulation results show that KLLPO algorithm can learn complex strategies better, converge

faster and get higher returns.
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Table 3 Parameter values in Humanoid-v1l experiment

algorithm Rew M-dr P-loss P-entr V-loss
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CEM 4195 4.79 0.536 —4.311 —
DDPG 5908 5.06 0. 388 —4.949 0.029
KLPO 6890 5.81 0.182 —8.755 0.014
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