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Abstract

Modern games have static difficulty levels that create an
imbalance between the player’s skill and the difficulty of the
game. As a result, players cannot achieve flow, a state of
sustained enthusiasm. In previous research, the difficulty
is dynamically adjusted by switching the learning steps of
reinforcement learning, to maintain the balance between
player’s skill and difficulty. However, it is trained on a single
Q-Table and is not suitable for learning games with many
states and actions. Therefore, the aim is to improve user
experience by adjusting the difficulty using deep reinforce-
ment learning. This paper proposes a reward shaping that
uses deep reinforcement learning to achieve dynamic diffi-
culty adjustment so that learning is stable. As a result of
implementing this method in ’VizDoom’ and experimenting
against built-in bots with static difficulties, it was found
that deep reinforcement learning with reward shaping can

be used to dynamically adjust the difficulties.
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