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Abstract: A safe and efficient decision-making system is essential for autonomous vehicles. However, the
complexity and variability of the driving environment limit the effectiveness of many rule-based and machine
learning-based decision-making methods. The introduction of reinforcement learning (RL) into autonomous
driving presents a promising solution to these challenges, but concerns regarding safety and efficiency during
training have hindered its broader adoption. To address these challenges, we propose a Policy Constrained
Reinforcement Learning (PCRL) approach for autonomous driving lane-change strategies, enabling the
student agent to quickly assimilate the teacher model's knowledge while ensuring safe and efficient training.
First, when the student agent exhibits suboptimal behavior, the teacher model intervenes to prevent dangerous
situations. Then, to accelerate the student agent's learning of the teacher's policy, we constrain policy
optimization using the Kullback-Leibler (KL) divergence between the teacher and student policies,
transforming it into an unconstrained problem using the Lagrangian method. Finally, an annealing strategy is
applied to gradually reduce the teacher's intervention, allowing the student agent to explore the environment
independently in the later stages of training, thereby overcoming the limitations of the teacher model's
performance. Simulation results in a highway lane-change scenario demonstrate that, compared to baseline
algorithms, our approach not only improves learning efficiency and performance but also significantly
enhances safety during training.
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Figure 1. PCRL decision-making framework
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Table 1. Parameters of PCRL decision-making framework

= 1. PCRL REELSH

SHATR fH SRR H
Maximal learning rate 0.0005 Discount factor 0.96
Learning rate decay True Lambda entropy 0.01
Total steps of one episode 5,000 Clip parameter 0.2
Total training steps 300K Lambda advantage 0.98

Optimizer Adam W Hyperparameter q 5

Mini batch size 64 Hyperparameter q» 10
Efficiency weight ; 0.5 Lagrange multiplier 0.01
Safety weight -1.0 Intervention probability 0.6
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Table 2. Parameters of IDM model and PID controller
% 2. IDM {&EF0 PID = HISESH

IDM #8241 PID #4541

SRR 51 SRR H

Desired speed vo 25 m/s Proportional Gain of lateral control Kp 0.75
Desired time gap T 0.6s Derivative Gain of lateral control Kp 0.01

Safety gap so 2.0m Integral Gain of lateral control K; 0.2
Acceleration exponent 4 Proportional Gain of longitudinal control Kp’ 0.37
Maximal acceleration a 2 m/s Derivative Gain of longitudinal control Kp’ 0.012
Comfortable deceleration b 2 m/s Integral Gain of longitudinal control K1’ 0.016
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Figure 2. Lane change scenario on medium-density highway
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Figure 3. Curve: result of model training
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Table 3. Results of model evaluation

3. HEMEER

ik Success Rate (%) Return Cost Speed (m/s)
Value-Based RL DQN 27.50 169.99 8.94 17.43
On-Policy RL PPO 81.88 274.45 3.27 19.36
Off-Policy RL SAC 20.50 147.52 6.34 18.34
Safe RL PPO-Lag 75.25 254.78 2.36 18.83
IL GAIL 82.63 248.48 1.76 18.64
Ours PCRL 90.75 283.94 2.78 19.41
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