Multi-Step Generalized Policy Improvement
by Leveraging Approximate Models

EEEE

ﬁ. NEURAL INFORMATION
"‘?. , PROCESSING SYSTEMS
[

O I I INSTITUTO

DE INFORMATICA

UFRGS
Lucas N. Alegre Ana L. C. Bazzan Ann Nowé Bruno C. da Silva 5 Inalegre@infufrgsbr () @Inalegre () github.com/LucasAlegre
Contribution h-GPIl: Multi-Step Generalized Policy Improvement Experiments & Results
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