Safe Execution of RL Policies

via Acceleration-based CBF-QP Constraint Enforcement

for Real-World Robotic Deployments

Runtime safety enforcement - No policy retraining - No performance degradation
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We need a method to
enforce safety o .
constraints at runtime, The QP minimally modifies the RL command
without degrading performance while enforcing safety constraints
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Retraining required to
change constraints

Statistical guarantees

No retraining required

Theoretical guarantees,
robust to unseen states
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