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Background of Autonomous Driving

 Promise of Autonomous Driving:

 Safer roads: Reduce human error (which 
causes 94% of accidents) [1].  

 More efficient traffic flow.  

 Accessibility for non-drivers..  

 Techniques [2]:

 Sensors: LiDAR, cameras, radar.  

 Decision-making method: Rule-based, 
Reinforcement Learning (RL). 

[1] US Department of Transportation National Highway Traffic Safety Administration, Critical Reasons for Crashes Investigated in the National Motor Vehicle Crash Causation Survey, 2015, NHTSA, 
Washington, DC, USA.
[2] Y. Almalioglu, M. Turan, N. Trigoni, and A. Markham, “Deep learning-based robust positioning for all-weather autonomous driving,” Nature machine intelligence, vol. 4, no. 9, pp. 749–760, 2022.
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 Existing methods and their trade-offs:

 Rule-based: Safe but with poor performance.

 Reinforcement Learning (RL): High 
performance but unsafe in OOD scenarios.

 Hybrid: Balances both but suffers from low 
sample efficiency.

[3] M. Treiber, A. Hennecke, and D. Helbing, “Congested traffic states in empirical observations and microscopic simulations,” Physical review E, vol. 62, no. 2, p. 1805, 2000. 
[4] A. Kesting, M. Treiber, and D. Helbing, “General lane-changing model mobil for car-following models,” Transportation Research Record, vol. 1999, no. 1, pp. 86–94, 2007.
[5] A. E. Sallab, M. Abdou, E. Perot, and S. Yogamani, “Deep reinforcement learning framework for autonomous driving,” arXiv preprint arXiv:1704.02532, 2017. 
[6] L. Forneris, A. Pighetti, L. Lazzaroni, F. Bellotti, A. Capello, M. Cossu, and R. Berta, “Implementing deep reinforcement learning (drl)-based driving styles for non-player vehicles,” International Journal of Serious Games, vol. 10, no. 4, 
pp. 153–170, 2023. 
[7] K. Yang, X. Tang, S. Qiu, S. Jin, Z. Wei, and H. Wang, “Towards robust decision-making for autonomous driving on highway,” IEEE Transactions on Vehicular Technology, vol. 72, no. 9, pp. 11 251– 11 263, 2023. 
[8] H. Deng, Y. Zhao, Q. Wang, and A.-T. Nguyen, “Deep reinforcement learning based decision-making strategy of autonomous vehicle in highway uncertain driving environments,” Automotive Innovation, vol. 6, no. 3, pp. 438–452, 
2023. 
[9] C.-J. Hoel, K. Driggs-Campbell, K. Wolff, L. Laine, and M. J. Kochenderfer, “Combining planning and deep reinforcement learning in tactical decision making for autonomous driving,” IEEE transactions on intelligent vehicles, vol. 5, 
no. 2, pp. 294–305, 2019.

[3], [4]

[5], [6]

[7 - 9]

3

Safety

Sample Efficiency Performance

Challenge: The Impossible Triangle 



[3] M. Treiber, A. Hennecke, and D. Helbing, “Congested traffic states in empirical observations and microscopic simulations,” Physical review E, vol. 62, no. 2, p. 1805, 2000. 
[4] A. Kesting, M. Treiber, and D. Helbing, “General lane-changing model mobil for car-following models,” Transportation Research Record, vol. 1999, no. 1, pp. 86–94, 2007.
[5] A. E. Sallab, M. Abdou, E. Perot, and S. Yogamani, “Deep reinforcement learning framework for autonomous driving,” arXiv preprint arXiv:1704.02532, 2017. 
[6] L. Forneris, A. Pighetti, L. Lazzaroni, F. Bellotti, A. Capello, M. Cossu, and R. Berta, “Implementing deep reinforcement learning (drl)-based driving styles for non-player vehicles,” International Journal of Serious Games, vol. 10, no. 4, 
pp. 153–170, 2023. 
[7] K. Yang, X. Tang, S. Qiu, S. Jin, Z. Wei, and H. Wang, “Towards robust decision-making for autonomous driving on highway,” IEEE Transactions on Vehicular Technology, vol. 72, no. 9, pp. 11 251– 11 263, 2023. 
[8] H. Deng, Y. Zhao, Q. Wang, and A.-T. Nguyen, “Deep reinforcement learning based decision-making strategy of autonomous vehicle in highway uncertain driving environments,” Automotive Innovation, vol. 6, no. 3, pp. 438–452, 
2023. 
[9] C.-J. Hoel, K. Driggs-Campbell, K. Wolff, L. Laine, and M. J. Kochenderfer, “Combining planning and deep reinforcement learning in tactical decision making for autonomous driving,” IEEE transactions on intelligent vehicles, vol. 5, 
no. 2, pp. 294–305, 2019.

[3], [4]

[5], [6]

[7 - 9]

4

Challenge: The Impossible Triangle 

 Existing methods and their trade-offs:

 Rule-based: Safe but with poor performance.

 Reinforcement Learning (RL): High 
performance but unsafe in OOD scenarios.

 Hybrid: Balances both but suffers from low 
sample efficiency.
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Introduction to GPI

 Generalized Policy Improvement (GPI):

 Combines multiple policies into a single, improved one.

 GPI picks the action with the highest performance:

𝜋𝐺𝑃𝐼 𝑠 = argmax
𝑎

max
𝑖

෨𝑄𝑖 𝑠, 𝑎

 Performance Guarantee: 

 GPI policy is at least as good as the best expert:

𝑄𝜋𝐺𝑃𝐼 𝑠, 𝑎 ≥ max
𝑖

෨𝑄𝑖 𝑠, 𝑎 −
2𝛾𝜖

1 − 𝛾
, ∀ 𝑠, 𝑎 ,

 where ෨𝑄𝑖 is the approximate Q function, satisfying 
෨𝑄𝑖 − 𝑄𝑖 ≤ 𝜖, and 𝛾 is the discounted factor.
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Safe-GPI: Making GPI Safe

 Safe-GPI adds two mechanisms to ensure safety:

 1. Always include a provable safe policy in the GPI’s policy library.

 2. Penalize collision in the reward function to discourage unsafe actions.

 Theoretical guarantees of Safe-GPI:

 1. Safety: Unsafe actions are provably avoided.

 2. Performance: Preserves GPI’s performance bounds.
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Experiments: Testing Safe-GPI in Simulated Traffic

 Environment: 

 Highway-env [10] simulation with 2-4 lanes.

 Realistic traffic: vehicle speeds randomized (23-25 m/s). 

 Baselines:

 Rule-based: IDM + MOBIL [3,4].

 Planning method: Optimistic Planning [11].

 Deep RL: DDQN [7].

 Safe-GPI Policy Library:

 Rule-based: IDM+MOBIL for safety.

 Planning-based: Optimistic Planning for performance.

 No method that requires training is included.

7
[10] E. Leurent, “An environment for autonomous driving decision-making,” https://github.com/eleurent/highway-env, 2018.
[11] J.-F. Hren and R. Munos, “Optimistic planning of deterministic systems,” in European Workshop on Reinforcement Learning. Springer, 2008, pp. 151–164.



Experimental Results

 Performance: Safe-GPI matches RL methods 
(Safe-GPI 9.81 vs. DDQN 8.37).

 Safety: Collision rate significantly lower than 
RL methods (Safe-GPI 0.67 vs. DDQN 1.38).

 Efficiency: Safe-GPI requires 1/5 training 
time compared to RL (Safe-GPI 0.2h vs. 
DDQN 1.18h).

 Safe-GPI balances performance, safety, and 
efficiency, solving the "Impossible Triangle.“

8



Summary: Safe-GPI Solves the Impossible Triangle

 The challenge of “Impossible Triangle”:

 Existing approaches in autonomous driving fail to balance 1. safety, 2. 
performance, and 3. sample efficiency.

 Safe-GPI achieve all three, by dynamically combining multiple policies with 
theoretically provable safety guarantees.

 Experimental results:

 1. Safety: Lower collision rates.

 2. Performance: Matches RL methods.

 3. Efficiency: Trains 5× faster.
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