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Question:
“Which policy parameterizations achieve exact 
convergence to stationarity in continuous state 

and action space?”



Idea: heavy-tailed policy parametrization

Bounded score function
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Real World Experiments* (additional)

Reaching goal Obstacle avoidance Uneven terrain

Pathological Mountain Car Mario 1D (Sparse Reward Settings)

Experiments

*Thanks to Kasun Weerakoon at UMD.
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