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Abstract Automatic drive is an important application field of artificial intelligence. In this paper, a novel
training strategy for self-driving vehicles was investigated based on the deep reinforcement learning model.
The proposed method involves a Q-learning algorithm with filtered experience replay and pre-training with
experiences from professional drivers, which accelerates the training process due to reduced exploration spaces.
By resampling the input state after clustering, generalization ability of the strategy can be improved due to the
individual and independent distribution of the samples. Experimental results show that, in comparison with
conventional neural fitted Q-iteration algorithm, the training efficiency and controlling stability can be improved
more than 90% and 30% respectively by the proposed approach. Experimental results with more complex testing
tracks show that, average travel distance can be improved more than 70% in comparison with the Q-learning
algorithm by the proposed method.
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Fig. 1 The basic framework of reinforcement learning
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Fig. 11 The effect from different number of clusters
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Table 4 The effect on generalization ability with different cluster

A -
i HAlAE (EijE%IS) (CG Spe:i‘ﬁwy iumber 1) (fi‘ﬁ%%i)
DQFE 1 1.000 0.989 0.241
2 0.740 0.987 0.116
5 0.743 1.000 0.119
DQFE-C 10 1.000 1.000 0.975
CRICHR 15 1.000 1.000 0.636
20 1.000 0.993 0.168
30 1.000 1.000 0.266
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