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MOTIVATION SETTING DETERMINISTIC DEPLOYING LOSSES

WHY PoLiCY GRADIENTS? Real-world continu- NOISE-INJECTION FRAMEWORK PB AND AB SOLUTIONS
ous control problems can be successfully tackled via

Stochastic Policy Gradients (PGs), by leveraging on DETERMINISTIC POLICY pg STOCHASTIC HYPERPOLICY g STOCHASTIC POLICY mg Op € argmax Jp(6) O € arg max Ju(6)
action or parameter-based (AB/PB) exploration.

WHY DETERMINISTIC POLICIES? Real-life artificial
agents, especially in safety-critical scenarios, cannot
accept stochastic policies, since they do not meet reli-

ability, safety, and traceability standards.
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Last-iterate global convergence of AB and B PGs;
Exploration amount tuning: how to optimize the
trade-off between the sample complexity and the
performance of the deployed deterministic policy;
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