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Hierarchical reinforcement learning in dynamic environment
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Abstract: The existing reinforcement learning approaches cannot satisfactorily solve the learning problems in dynamic
environment. The optimal strategy must be re-learned when environment changes. The learning algorithm cannot converge
to optimal strategy if the interval between the changes is shorter than the duration of strategy converging. In this paper, a
hierarchical reinforcement learning approach adapting to dynamic environments is presented based on the Option hierar-
chical reinforcement learning. According to the hierarchical characteristic of learning, the approach only takes into account
the changes taking place in the sub-goal states of hierarchical tasks or the environment states of current Option. So the
process of strategy update is limited in a small-scale local space or a low dimension high-level space. Consequently, the
process of strategy update is accelerated. The experiments with shortest path planning in a two-dimensional dynamic grid
space show that the presented approach is obviously faster than the existing approach in strategy update. Additionally the

dependency of convergence of the learning algorithm on the frequency of environment change is reduced.
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Fig. 1 Experiment environment
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Fig. 2 Performance comparison of algorithms
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