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Background of Autonomous Driving

® Promise of Autonomous Driving:

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

m More efficient traffic flow.

m Accessibility for non-drivers..

® Techniques [2]:
®m Sensors: LIDAR, cameras, radar.

® Decision-making method: Rule-based,
Reinforcement Learning (RL).
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Challenge: The Impossible Triangle A

®  Existing methods and their trade-offs: Safety
m Rule-based: Safe but with poor performance.

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

m Hybrid: Balances both but suffers from low

sample efficiency.
Sample Safety /
Method Type P y I Performance
Efficiency Interpretability
Rule-Based [3], [4] v v X
RL [5], [6] X X 4 . .
Hybrid [7 - 9] X v v Sample Efficiency Performance
Safe-GPI v v v
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Introduction to GPI

. . A QVaIue
m Generalized Policy Improvement (GPI):

m Combines multiple policies into a single, improved one.

m GPI picks the action with the highest performance:

gpi(s) = argmax | max Gi(s, o)
a L

m Performance Guarantee:

m GPI policy is at least as good as the best expert:
2Y€
1—y’
m where @i is the approximate Q function, satisfying

|(§i — Qi| < €, and y is the discounted factor.

Q™GPI(s,q) > max Q;(s,a) — V(s,a),

Policy 1 Policy 2



Safe-GPI: Making GPI Safe

m Safe-GPl adds two mechanisms to ensure safety:
® 1. Always include a provable safe policy in the GPI’s policy library.
m ). Penalize collision in the reward function to discourage unsafe actions.

®m Theoretical guarantees of Safe-GPI:
m ].Safety: Unsafe actions are provably avoided.
m 2. Performance: Preserves GPI’s performance bounds.

Theorem 3 (Collision Avoidance Guarantee). Let € be the

Theorem 2 (Value Function Bound). The value function of maximum approximation error of Q-functions and ~ the dis-
the composite policy Teomp satisfies: count factor. Assume that a collision terminates the episode
5 with reward r.,; < 0, and non-collision transitions yield
Vo (5) > max V™ (s) — 7€ Vs, (8) rsafe > 0. If the collision penalty satisfies:
. . . Teoll < — .
where € bounds the approximation error of Q-functions and 1—~
7y is the discount factor. Then, for any state s, the composite policy will not select

actions that lead to a collision.




Experiments: Testing Safe-GPI in Simulated Traffic

® Environment:
m  Highway-env [10] simulation with 2-4 lanes.

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

m Baselines: Fig. 2. An illustration of the Highway-env benchmark.
®  Rule-based: IDM + MOBIL [3,4].
®  Planning method: Optimistic Planning [11].
= Deep RL: DDQN [7].

TABLE II
HYPERPARAMETERS USED IN THE IMPLEMENTATION.

Hyperparameter Value
m Safe-GPI POIicy Library: Network Architecture [256, 256]
Activation Function RelLU
m  Rule-based: IDM+MOBIL for safety. Learning Rate 5x 104
. L . Batch Size 256
®  Planning-based: Optimistic Planning for performance. Exploration Epsilon 0.1
. .. . Collision Reward Coefficient \. —10
m  No method that requires training is included. Velocity Reward Coefficient Ay 0.4
Discount Factor -~y 0.9

[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. 7



Experimental Results

Performance: Safe-GPl 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.”

TABLE III
EPISODE RETURNS OF SAFE-GPI AND BASELINES.

NL =2 NL =3 NL =4
Safe-GPI 1.57 + o051 9.81 + 1380 11.11 + 172
DDQN  1.59 + o025 8.37 + 058 10.11 £ 120
OP -5.68 + 039 6.40 + 1.2 7.78 + 435
IDM+MOBIL  -0.32 + o062 3.31 £+ 077 4.78 + 040
TABLE IV

COLLISION RATES OF SAFE-GPI AND BASELINES.

NL =2 NL =3 NL =4

Safe-GPI  0.84 + 036 0.61 + 044 0.67 + 042

DDQN 097 o2 0.77 + 038 T.38 + 028

OP 972 £ 146 1.91 + 027 1.77 + 139

IDM+MOBIL  0.85 + 020 0.07 + o015 0.00 + 0.00
TABLE V

THE TRAINING TIME (HOURS) OF SAFE-GPI AND DDQN.

NL =2 NL = 3 NL = 4
Safe-GPI  0.08 + o057 0.15 + 009 0.20 + 002
DDQN  0.98 + 003 1.10 + 002 1.18 + 002




Summary: Safe-GPI Solves the Impossible Triangle

® The challenge of “Impossible Triangle”:

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

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

® Experimental results:
= 1. Safety: Lower collision rates. v
= 2. Performance: Matches RL methods. v’
m 3, Efficiency: Trains 5x faster.
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