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FeUdal Networks - 5S5=iil&

Feudal reinforcement learning, FRL [Dayan and Hinton, 1993]
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Option [Sutton et al., 1999]
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FeUdal Networks - 1 £
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FuNs (D454

1. Transition policy gradient for training the Manager
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Transition policy gradient for the Manager
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Relative rather than absolute goals
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Lower temporal resolution for Manager
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Intrinsic motivation for the Worker
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Dilated LSTM
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