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An automatic driving decision control algorithm based on

hierarchical reinforcement learning
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Abstract: To address the issues of slow convergence and limited applicability of reinforcement learning
models in automatic driving tasks, a two-tiered reinforcement learning framework is proposed as a
substitute for the decision and control layers. Within this framework, the decision layer categorizes driving
behaviors into lane keeping, left lane change, and right lane change. Subsequently, after the decision layer
selects the appropriate behavior, execution is achieved by modifying the input to the control layer. Then, in
combination with reinforcement learning and online experts, a new method RILL_COE is proposed to train
the control layer. Finally, the proposed algorithm is verified in the highway simulation environment based
on Carla and compared with the baseline reinforcement learning algorithm. The results show that this
method significantly improves the convergence and stability of the algorithm, and can better perform the
driving task.
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Fig.1 Schematic diagram of algorithm framework
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Table 3 Comparison of lateral deviation
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