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Real-World ExperimentsMotivation Apply to SAC and PPO

Method

Summary
• Multiplicative Value Function
• Safety Critic: Binary decision problem.
• Reward Critic: Constraint-free RL.

• Integration into SAC and PPO:
• Increased sample efficiency and learning stability.

• Future works: Theoretical justification.

• Code: github.com/nikeke19/Safe-Mult-RL

• Homepage with Videos: zhejz.github.io/saferl
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• Sharp discontinuities are hard to learn.
• Poor training stability and sample efficiency.

Results

Multiplicative Value/Q Function:
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Multiplicative Advantage:
(V1) Bootstrap Q:
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(V3) Bootstrap the safety critic inside 𝑄mult
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• Differential drive robot with 1D-Lidar.
• Training in Gazebo Simulation.
• Zero-Shot Sim-to-Real.
• Safe Interaction with Dynamic Objects and Human.

Improved

• Training stability

• Sample efficiency

• Value matching to 
the obstacles

Value Loss for Lunar Lander

https://github.com/nikeke19/Safe-Mult-RL
https://zhejz.github.io/saferl

