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Motivation
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Multiplicative Value Function
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Apply to SAC and PPO
• Q Function: 𝑄	"	 (𝑠, 𝑎) = (𝑄" 𝑠, 𝑎 − (𝑞#$% + 1 − Ψ	"(𝑠, 𝑎) + (𝑞#$%
• Advantage 

• V1 bootstrap Q: 𝐴!	 𝑠" , 𝑎" = '𝑟" + 𝛾𝑉!	 𝑠"#$ − 𝑉!	 𝑠"
• V2 without bootstrap: 𝐴!	 𝑠" , 𝑎" = 𝑄!	 𝑠" , 𝑎" − 𝑉!	 𝑠"
• V3 bootstrap the safety critic inside 𝑄!	 𝑠" , 𝑎" of V2

• SAC: max
&
𝔼'%~"% 𝑄

"%	 𝑠, 𝑎& − 𝛼 log 𝜋&(𝑠&|𝑥)

• PPO: max
&
𝔼'~"% min "% 𝑎 𝑠
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mult

mult mult

mult

mult mult mult

mult mult mult

mult



5

Safety-Focused Environments
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Quantitative Results
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Qualitative Results
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Point Robot Navigation
Via local occupancy grid and
a vector pointing to the goal.
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Simulation and Real-world
• Differential drive 

robot with 1D-Lidar
• Gazebo simulation
• Zero-shot sim-to-real
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Summary

• Multiplicative value function
• Constraint-free reward critic ⨂ Probabilistic safety critic

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

• Experiments
• Safety-focused RL environments and real-world robot navigation.

• Future works
• Theoretical justification.


