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Abstract As an important research content of hierarchical reinforcement learning, temporal abstraction allows hierarchical rein-
forcement learning agents to learn policies at different time scales,which can effectively solve the sparse reward problem that is
difficult to deal with in deep reinforcement learning. How to learn excellent temporal abstraction policy end-to-end is always a re-
search challenge in hierarchical reinforcement learning. Based on the Option framework, Option-Critic can effectively solve the
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dation problem that the action distribution of the internal option policies becomes very similar. This degradation problem affects
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MIOOC algorithm can speed up the learning speed of the model, improve its experimental performance,and its Option internal

strategy is more discriminative.
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Table 2 Mujoco experimental environment hyper-parameters

Hyper- Hopper-v2 HalfCheetah- Walker2d-v2 Ant-v2
parameters v2
T 0.01 0.001 0.01 0.01
ay 5x10°7 5x107 5107 5x10°7
Y 0.99 0.99 0.99 0.99
ay 1x104 1x104 1x104 3x10~*
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Fig. 4 Comparison of Gaussian distribution
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