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Abstract

* NIPS2014 poster paper
* Planning RL + DL beats Deep Q-Networkin 7 games.

* They uses MonteCarlo Tree Search for planning, and makes training
data for DL.
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Introduction

* DQNs which solve Atari2600 uses all the same hyper-parameters, no

Mnih, Volodymyr, et al. “Human-level control through deep
reinforcement learning.” Nature 518.7540 (2015): 529-533.
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Introduction

 However, the part of RLin DQN is Q-Learning, which is weak in foreseeing.
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Introduction

* On the other hand, UCT(a kind of MonteCarlo Tree Search) directly
foresee the future states and rewards.(planning)
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Introduction

* But this method is too slow, and requires access to emulator.
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Introduction

* So, by using UCT at training, and using Deep Learning at testing, We
obtain accurate and fast agent at testing.
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PEEF L UCT
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Agent B.Rider Breakout  Enduro Pong Q*bert Seaquest S.Invaders
DQN 4092 168 470 20 1952 1705 581
-best 5184 225 661 21 4500 1740 1075
UCC 5342 (20) 175(5.63) 558(14) 19(0.3) 11574(44) 2273(23) 672(5.3)
-best 10514 351 942 21 29725 5100 1200
-greedy 5676 269 692 21 19890 2760 680
UCC-I 5388(4.6) 215(6.69) 601(11) 19(0.14) 13189(35.3) 2701(6.09) 670(4.24)
-best 10732 413 1026 21 29900 6100 910
-greedy 5702 380 741 21 20025 2995 692
UCR 2405(12) 143(6.7)  566(10.2) 19(0.3) 12755(40.7) 1024 (13.8) 441(8.1)
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Agent B.Rider Breakout  Enduro Pong Q*bert Seaquest S.Invaders
DQN 4092 168 470 20 1952 1705 581
-best 5184 225 661 21 4500 1740 1075
UCC 5342 (20) 175(5.63) 558(14) 19(0.3) 11574(44) 2273(23) 672(5.3)
-best 10514 351 942 21 29725 5100 1200
-greedy 5676 269 692 21 19890 2760 680
UCC-I 5388(4.6) 215(6.69) 601(11) 19(0.14) 13189(35.3) 2701(6.09) 670(4.24)
-best 10732 413 1026 21 29900 6100 910
-greedy 5702 380 741 21 20025 2995 692
UCR 2405(12) 143(6.7)  566(10.2) 19(0.3) 12755(40.7) 1024 (13.8) 441(8.1)
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*D. Erhan, Y. Bengio, A. Courville, and P. Vincent. Visualizing higher-layer features of a deep network.
Technical report, University of Montreal, 2009. 26
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