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01. Introduction
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02. Background

Q-learning
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02. Background
Deep Q-Network

Q-Learning
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Deep Neural Network
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02. Background
Limit of DQN
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02. Background
POMDP
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03. Deep Recurrent Q-Network

Network Architecture
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03. Deep Recurrent Q-Network
Stable Recurrent Updates

 Bootstrapped Sequential Updates
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03. Deep Recurrent Q-Network

Atari Games: MDP or POMDP?
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03. Deep Recurrent Q-Network
Flickering Atari Games
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03. Deep Recurrent Q-Network e
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(a) Conv1 Filters
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04. Experiments

Evaluation on Standard Atari Games

DRQN +std DOQN =+std

Game Ours Mnih et al.
Asteroids 1020 (£312) 1070 (£345) | 1629 (£542)
Beam Rider 3269 (£1167) 6923 (£1027) | 6846 (+1619)
Bowling 62 (+5.9) 72 (+11) 42 (£88)
Centipede 3534 (£1601) 3653 (£1903) | 8309 (£5237)
Chopper Cmd 2070 (£875) 1460 (£976) | 6687 (+£2916)
Double Dunk -2 (£7.8) -10 (£3.5) -18.1 (£2.6)
Frostbite 2875 (+£535) 519 (£363) | 328.3 (£250.5)
Ice Hockey -4.4 (£1.6) -3.5 (£3.5) -1.6 (£2.5)
Ms. Pacman 2048 (£653) 2363 (£735) | 2311 (£525)

Table 1: On standard Atari games, DRQN performance par-
allels DQN, excelling in the games of Frostbite and Double
Dunk, but struggling on Beam Rider. Bolded font indicates
statistical significance between DRQN and our DQN.>
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04. Experiments
MDP to POMDP Generalization
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Figure 5: When trained on normal games (MDPs) and then
evaluated on flickering games (POMDPs), DRQN'’s perfor-
mance degrades more gracefully than DQN’s. Each data
point shows the average percentage of the original game
score over all 9 games in Table 1.
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Conclusion
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