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Background: Aim:

* (Classical Control (Pure Pursuit) is simple to implement, but * |Improve the base controller to handle unseen and
struggles with high-speed maneuvers, dynamic challenging racing scenarios using Reinforcement Learning.
environments and overtaking. * Use RL as aresidual controller, so it learns from the base

* |tdepends on many hyperparameters, requiring extensive controller’s mistakes and enhances speed, adaptability, and
hand-tuning for optimal performance, which is cumbersome racing performance.
and time-consuming. * Introduce generalizability and adaptability to the controller.
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AT Observations:

* Residual RL significantly reduces the lap-times,
demonstrating improved race car performance over the

o baseline.

* AmongRL algorithms, Soft-Actor Critic (SAC) achieved

the best results due to its exploration-driven learning.

 Aftertraining on a simple track, the agent successfully

simple PP Track Deviation: 1.87 m Simple PP Lap Time: 33.99 * 1.06 s generalized 0O more Complex environments.
EP+BPO Lap Track Deviationt 5.5 m PP+ PPO Lap Time: 20.65 = 0.37 = * The agent learned to perform overtaking maneuvers
e 200 %0 even in the presence of dynamic obstacles.
Fig: Mean Track deviation from optimal racetrack and Lap Time. Residual RL trained with SAC outperforms all other baselines
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* Introducing RL as a corrective layer enhances the baseline's
performance and improves generalization to complex scenarios.
* Future work: Emphasize Sim2Real transfer by minimizing the gap
between simulation and real-world deployment.
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