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Context

Objective: maximize the value function

Natural policy gradient (NPQG) [Kakade, 2001]

NPG is the building block of several state-of-the-art algorithms (TRPO, PPO)

Linear convergence of NPG is established for|tabular case|[Xiao, 2022]

Linear convergence of NPG is established for|log-linear policy|[Yuan et al., 2023]

Motivations

Extend the linear convergence analysis of NPG from tabular and linear parametrization to
general parametrization, including the neural network parametrization.
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* Connection with Policy Iteration
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Behave more and more like policy iteration and enjoy fast linear convergence



Experimental results for AMPO

Classic control environment: Cart Pole & Acrobot

AMPO performance on CartPole AMPO performance on Acrobot
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Figure: Experiments for AMPO with constant step size.
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Discussion & Conclusion

* A novel policy optimization framework AMPO that naturally accommodates
general parametrization and enjoys linear convergence

* Apply AMPO to the offline setting

* Design efficient policy evaluation algorithms and construct adaptive
representation learning



Thank you !
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