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Hierarchical reinforcement learning algorithm based on structural
stat&space
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Abstract: In terms of structural stat@space, the complex MDP problem is divided into a set of simple MDP or SMDP
problems hierarchically according to dimensionality of the stat@space. The hierarchically structure is improved in
learning process. It forms different hierarchical reinforcement learning ( RL) method by adopting different RL
algorithm. While having merits of higher speed and knowledge transferring, the proposed algorithm depends less on
aforehand knowledge and can weaken the curse of reward lack in the beginning of learning process.
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