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Problem

B Sequential decision-making with long horizon action sequence and sparse
reward suffers from:

— Poor data efficiency,
— Lack of interpretability.
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B Challenge: Montezuma’s Revenge

— The avatar: climbs down the ladder, jumps over a rotating skull, picks
up a key (+100), goes back and uses the key to open the right door
(+300).

— Vanilla DQN achieves O score (Mnih et al., 2015).

SDRL: Symbolic Deep Reinforcement Learning Experimental Results
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