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1 BT SFIH , 2R E 3260.43 BRERT: NS [1.2000, 0.0010, 0.0000, 1.0000]
%2 % TH B [ R, B — 5T 3703.83 TR % [1.1000, 0.0015, 0.5000, 1.0000]
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Decision making based on continual reinforcement

learning for autonomous racing

NIU Jingyu™ ™, HU Yu" ™, LI Wei”, HAN Yinhe " ™
( " Research Center for Intelligent Computing Systems, Institute of Computing Technology,
Chinese Academy of Sciences, Beijing 100190 )
( ™ University of Chinese Academy of Sciences, Beijing 100049 )
Abstract

The variety of road shapes and materials presents a serious decision-making challenge for high-speed autono-
mous racing. To address the issue of dynamics gap between various roads, a decision-making algorithm based on
continual reinforcement learning ( CRL) is proposed. These roads are considered as different tasks. The first train-
ing stage of the algorithm extracts low-dimension task features that can characterize the vehicle dynamics on differ-
ent roads. These features are used to compute the task similarity. The second training stage of the algorithm pro-
vides two CRL constraints for policy learning. One is the weight regularization constraint, which restricts the up-
dates of policy weights that are important for old tasks. This restriction is adaptively regulated by task similarity.
The other is the reward constraint, which encourages no performance degradation on old tasks while the policy is
learning a new task. Racing experiments with different task sequences and CRL metrics are set to evaluate the algo-
rithm. The results show that the proposed algorithm outperforms baselines without storing old tasks’ data or expan-
ding policy network size.

Key words : reinforcement learning ( RL) , continual learning, decision making, autonomous racing, dynam-

ics feature extraction



