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A Study on the Intelligent Game based on Reinforcement
Learning
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Abstract

An intelligent game has been studied for some time, and the main purpose of the study
was to win against human by enhancing game skills. But some commercial games rather
focused on adaptation of the user’s behavior in order to bring interests on the games. In
this study, we are suggesting an adaptive reinforcement learning algorithm, which focuses
on the adaptation of user behavior. We have designed and developed the Othello game,
which provides large state spaces. The evaluation of the experiment was done by playing
two reinforcement learning algorithms against Min-Max algorithm individually. And the
results show that our approach is playing more improved learning rate, than the previous
reinforcement learning algorithm. ’

» Keyword 1 X5 Al (Intelligent Game), ZEEE (Reinforcement Learning), 7IAIEE
(Machine Learning)
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Fig 3. Q-Learning Algorithm using Neural Net
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