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A Study on Applying Automated
Curriculum Learning to Improve the Performance of

Deep Reinforcement Learning Agents in a Race Track Environment
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Abstract

Training an agent from scratch in a complex autonomous driving environment often results in unstable
convergence during learning. To address this challenge, this study introduces an approach based on
automated curriculum learning. In order to avoid early local optima caused by frequent collisions and
negative rewards, the method uses a Teacher-Student Framework that adjusts the maximum number of
surrounding vehicles, which represents the core factor in determining task difficulty. The Teacher adjusts
this number according to the recent success rate of episodes and improves learning stability through
cooldown and interleaving techniques. Experiments were conducted in the racetrack-v0 environment of
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advanced avoidance strategies in complex traffic, reducing the likelihood of falling into local optima and
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that the proposed approach helps the agent gradually learn basic driving skills first and then acquire more
leading to better overall policies.

highway-env. The results show that the proposed ACL method provides substantial improvements over the
baseline in reward, episode length, survival time, and collision count. The learning process also converged
to consistently higher rewards and longer survival times compared to the baseline. These results indicate
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(DRL, Deep Reinforcement Learning)
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[Fig. 1] Comparison of average reward during training between the proposed CL method and the baseline
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[Fig. 2] Comparison of average episode length during training between the proposed CL method and the baseline
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[Table 1] Comparison of test results between the proposed CL method and the baseline

Baseline Curriculum Change Ratio (%)
Reward 615.0 + 523.0 869.0 + 559.0 41%
Steps 621.3 + 526.6 924.1 + 572.1 49%
Time 6.0 +55 9.2 £ 6.6 52%
Off-roads 1.2 £ 24 5.6 £ 13.0 379%
Crash 84 61 -27%
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