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MOTIVATION

WHY POLICY GRADIENTS? Real-world continu-
ous control problems can be successfully tackled via
Stochastic Policy Gradients (PGs), by leveraging on
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.

CONTRIBUTIONS

FOCUS Theoretical understanding of learning via
stochastic PGs, then deploy deterministic policies:
• Framework for modelling the AB and PB noise-

injection w.r.t. deterministic policies;
• Last-iterate global convergence of AB and PB PGs;
• Exploration amount tuning: how to optimize the

trade-off between the sample complexity and the
performance of the deployed deterministic policy;

• AB vs PB: assumptions and sample complexities.
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LAST-ITERATE CONVERGENCE TO OPTIMAL DETERMINISTIC POLICIES
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EXPERIMENTAL VALIDATION

DETERMINISTIC DEPLOYMENT

LAST-ITERATE PERFORMANCE: PB VS. AB
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