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In this research, we attempt to develop an agent that plays Atari 2600 games using deep learning, reinforcement
learning, and time series prediction. The agent predicts future states to be branched from the current state according
to the operations of the player in a game. It selects the next action which will maximize the expected future rewards
from the predicted states. We experimentally compared the performance of four types of agents: a Deep Q-Network
that combines deep learning and reinforcement learning, the first proposed agent that is additionally integrated
with time series prediction and maximizes the sum of the future rewards of the branched states, the second proposed
agent that is similar to the first proposed agent but maximizes the maximum of the future rewards of the branched

states, and an agent that randomly takes actions.
and Breakout.

We tested the agents by playing the Atari 2600’s MsPacman
The average score of the second proposed agent was higher than that of the Deep Q-Network.

Analysis of the results is ongoing, and we plan to improve the reward evaluation by the Deep Q-Network, increase
the accuracy of state prediction, and reexamine the algorithm of action selection.
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