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Motivations

‣ Extend linear convergence of NPG from tabular to function approximation regime.  
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 13



Convergence theory 2

• Consequently, we obtain an  sample complexity for NPGÕ(ϵ−2)
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Discussion & Conclusion

• We show that NPG (and Q-NPG) with log-linear policies enjoy linear 
convergence rates and O(1/ε2) sample complexities using a simple, non-
adaptive geometrically increasing step size.

• The linear convergence analysis of NPG with log-linear policy can be extended 
to general parametrization [A Novel Framework for Policy Mirror Descent with General 
Parametrization and Linear Convergence, Carlo Alfano, Rui Yuan, and Patrick Rebeschini, 2023].
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