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Deep Q-Network based Game Agents
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Dongki Han!, Myeongseop Kim!, Jaeyoun Kim', Jung-Su Kim"

Abstract: The video game Tetris is one of most popular game and it is well known that its game rule can
be modelled as MDP (Markov Decision Process). This paper presents a DQN (Deep Q-Network) based
game agent for Tetris game. To this end, the state is defined as the captured image of the Tetris game
board and the reward is designed as a function of cleared lines by the game agent. The action is defined
as left, right, rotate, drop, and their finite number of combinations. In addition to this, PER (Prioritized
Experience Replay) is employed in order to enhance learning performance. To train the network more
than 500000 episodes are used. The game agent employs the trained network to make a decision. The
performance of the developed algorithm is validated via not only simulation but also real Tetris robot
agent which is made of a camera, two Arduinos, 4 servo motors, and artificial fingers by 3D printing.

Keuwords: Deep Reinforcement Learning, DQN (Deep Q-Network), Tetris, PER (Prioritized Experience Replay)
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[Fig. 1] Tetromino : seven blocks used in Tetris games
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[Fig. 2] Q-network architecture: the Q-network consists of a
convolution layer responsible for the process of feature
extraction from a given input and a fully connected layer
responsible for the approximation of the action value function
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[Fig. 3] Agent training process : the Tetris agent performs
training according to the DQN algorithm, and the experiences
collected from the environment are stored and extracted by the
PER method
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[Fig. 4] Tetris Al Architecture: the left diagram is a procedure of
the game robot, and the Game environment is nothing but the
Tetris game screen with input buttons
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Arduino Uno(Button)
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Screen

[Fig. 5] Tetris agent robot: the left picture is the part of the finger
robot with the arcade buttons, and the right one is the scene in
which the camera recognizes the game screen?)
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Camera Input

Preprocessing Data

[Fig. 6] Image data transforming: if the camera captures like the left
image, it is transformed into a binary data shown in the right side figure

H 3H(perspective transform)< &3l Gt Al Alo]Z=of WA
HEr} o] 7} ol 5] EA] ol whet ukely e
oJH|X| & ThHEo L],

[Table 1] 22} HE ] 29| 7]&
=l A ALl 3E Fras ARESEDQN, dE e 9 PER
7IHE 488 DONE AlS) B = A ATE VERATE oA
o Azo] 7] 55 ARE-SFDON ¢arE]Ee] A s
T AZFY) 7 s AT A v as A Bl w
2} 8814 8 A3 5ol el g5 7] ujitol] k5ol
Ao o] Fo| X #] Gokrhal A e = Utk FF FHaa AR
g DQN2| Z-9- B 95k §glo] o577 witel 7] s
S A3 AR ThE Aol 25 A HIT Ak 7
A5 S % FS L PER 7)HS 283 DQNS 53
o] Fo| Xtk PER 7|2 AlZkAF @7 2 Hlo[H & 1 &

[Table 1] Performance of Tetris game agent based on DQN

Method Episode | Time | Line clear (average) | Line clear (max)
DQN 5
(step action) 10 16 4.19 11
DN 10° | 9 8.06 29
(group action)
DQNwith PER| 10° | 9 17.44 45
(group action) | 5w 10° | 45 8744 713
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