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ri)
• Where do rewards come from?
• What are effective exploration strategies with 

and without extrinsic rewards?
• There is rich structure in the space of actions 

that can be exploited
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Options: Hierarchies of Behavior. Temporal abstractions over actions. Subgoals

Options framework. 
(Sutton et al., 1999)

Universal option model. 
(Szepesvari et al., 2004)

Universal Value Func Appx. 
(Schaul et al., 2015)

Option discovery (subgoals/macro-actions)
Visit frequency. (McGovern & Barto, 2001; Digney,1998) Structure in collection of policies. (Thrun 1995, Bernstein 

1999, Perkins 1999, Pickett 2002)

Graph partitioning. (Simsek et al., 2005)

Clustering algorithms and value gradients. (Mannor et al. 2004)Salience. (Singh et al. 2004)

Deep sucessor representations. (Kulkarni et al., 2016)

Purposefulness. (Machado et al., 2016 Strategic attn writer for macro-actions. (Vezhnevets et al. 2016)
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Sutton et al., 1999
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Semi Markov Decision Processes

Metacontroller

Controller

Solve for Q1 and Q2 using separate Deep Q-Networks and replay memories
and using stochastic gradient descent at different time scales
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