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B. Rider | Breakout | Enduro Ponge Q%bert | Seaquest | S, Invaders
Random 354 1.2 ( 20.4 157 110 179
sarsa |3 006 5.2 129 19 614 i) 271
Contingency [4] 1743 i 159 17 O6() 723 268
DON 4092 168 470 20 1952 1705 551
Human 7456 a1 J6& J 12900 28010 2600
H™eal Best [E] J616 H2 106 19 1200 020 1720
H>eat Pixel [&] 1332 ] 01 16 1325 =00 1145
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DQN:& X (Playing Atari with Deep Reinforcement Learning) D> FY—49 %
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Initialize w as appropriate for the problem, e.g.. w =0
Repeat (for each episode):
z =10
S <+ initial state of episode
Repeat (for each step of episode):
A + action given by w for S
Take action A, observe reward, I?, and next state, S’
d+— R+~0(S.w) —0(S.w)
z < YAz + Vg 0(S, w)
W W+ adz
S+ 5

until S’ is terminal
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Mastering the Game of Go with Deep Neural Network and Tree Seach
DeepMind

Playing Atari with Deep Reinforcement Learning DeepMind
Reinforcement Learning Sutton
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Maximum Entropy Deep Inverse Reinforcement Learning N/PS2074

Inverse Reinforcement Learning with Locally Consistent Reward Functions
(NIPS2015)



