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Background: Why Autonomous Racing?
Racing is a useful but difficult vehicle-control problem.

Passenger autonomous driving
Main goal: drive safely and reliably in traffic.

Autonomous racing
Main goal: minimize lap time while staying on 
track.

Why difficult?
High-speed driving requires precise braking, 
steering, throttle, and racing-line choice near 
the physical limits of the car.

• Traditional control methods require heuristics and manual 
tuning.
• Each track has different corners and therefore different 
challenges.
• Reinforcement learning can learn by trial and error in 
simulation.
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Paper Overview
What the authors try to answer

Input
Vehicle telemetry data
—not raw images

Output
Continuous actions:
steering, throttle, brake

Goal
Fast lap time + no damage
across known and unknown tracks

Research Questions

• RQ1: Can a racing driver model be learned from telemetry data only?
• RQ2: Can a model trained on one track generalize to unseen tracks?
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Reinforcement Learning Formulation
Agent learns by interacting with TORCS simulator

State
Telemetry features: speed, angle, track 
position, range sensors, wheel rotation, engine 
rpm, and optional LAC.

Action
Continuous control values for steering, 
acceleration/throttle, and brake.

Reward
Encourages forward speed along the racing line 
and penalizes deviation from track axis / racing 
line.

Important point

• Driving cannot be represented well by only discrete actions like left / right.
• DDPG is used because it can handle continuous action spaces.
• The car interacts with the simulator every 200 ms.
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Telemetry Data as Input
Why the paper avoids raw image input

• Images are rich, but expensive to render 
and train from.
• Telemetry is already available in racing 
cars and simulators.
• Telemetry directly describes vehicle 
dynamics: speed, angle, wheel rotation, 
engine rpm.
• LAC = look-ahead curvature; it gives future 
information about the racing line.

Takeaway: telemetry makes the task faster and focuses learning on vehicle control.
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Racing Line and Look-Ahead Curvature
The model uses a racing line as a loose guide

Racing line
Reference trajectory for fast driving. It is not blindly followed; the 
model can improve it.

Look-ahead curvature (LAC)
Curvature measurements ahead of the car. This helps the agent 
prepare for upcoming corners.

• Without future track information, braking and corner entry are difficult.
• LAC improves lap times in the experiments.
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Experimental Setup
Two studies: learning to drive and generalization

Simulator
TORCS: The Open Racing Car 
Simulator

Tracks
Michigan: simple oval-like
Forza / Aalborg: complex tracks

Study 1
Train and test models to see whether RL can 
learn fast driving from telemetry.

Study 2
Train on one track and test on unseen tracks 
to evaluate generalization.

Metrics
Best lap time, average lap time, and 
damage.
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Study 1 Results: Can RL Learn to Race?
PER1M with racing line and LAC performs best

• RL models outperform the baseline handcrafted bot on Michigan.
• On Aalborg, models using a racing-line reference perform better.
• PER1M is the best algorithm in the complex track.
• Adding LAC gives the best lap times.
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Study 2 Results: Generalization to Unseen Tracks
Training on a complex track helps transfer

• Models trained only on simple Michigan did not finish complex unseen tracks.
• Models trained on complex Aalborg could finish unseen tracks.
• However, unseen-track lap times are worse than track-specific models.
• This resembles human racing: even experts practice each specific track.
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What Did the Agent Learn?
Learned behavior looks like real driving control

• The model learns to avoid pressing throttle and brake at the same time.
• After braking, it waits before strong steering to reduce oversteer.
• The adopted target modification improves training reward.
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Contributions and Limitations
What is useful, and what remains difficult

Contribution 1
Shows that deep RL can learn fast 
autonomous racing from telemetry data.

Contribution 2
Compares DDPG variants and finds PER1M 
effective in complex tracks.

Contribution 3
Shows that LAC improves performance and 
that complex-track training helps 
generalization.

Limitations

• Experiments are simulator-based, not real racing cars.
• The model relies on telemetry and a racing-line reference, not pure vision.
• Generalization is limited; best performance still requires track-specific training.
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Conclusion
Main message of the paper

• Autonomous racing is a challenging continuous-control problem.
• Telemetry data provides a practical and lightweight input representation.
• Deep RL models can outperform handcrafted bots in simulation.
• PER1M + racing-line reference + LAC achieved the best results.
• Models can generalize to unseen tracks, but performance is still lower than track-
specific training.
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