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Abstract
The Utility of Various Modalities in Reinforcement
Learning with Minecraft Learning Environment

Hyeonseo Yang

Department of Computer Science and Engineering
The Undergraduate School

Seoul National University

There already exist some reinforcement learning environments based on Minecraft. However, most of
these environments primarily focus on visual information and do not provide observations for
in-game sounds. Consequently, many reinforcement learning agents developed for such environments
rely solely on visual inputs. In this research, we introduce a novel reinforcement learning
environment called "mydojo” based on Minecraft. This environment incorporates a new observation
space item, namely sound, which was not offered in existing environments. Using this addition, we
implement agents that utilize sound as well as agents that leverage both sound and vision, and
compare their performance with agents that solely rely on vision, which has been the predominant
input modality in previous approaches. Through this comparison, we highlight the significance of
sound information, which has been relatively overlooked compared to visual information, and
emphasize the importance of multimodal processing. By evaluating the performance of these agents
on tasks such as avoiding single or multiple husks that attack the Minecraft player and locating
specific animals in a ranch environment, we observe that the agents utilizing the newly added sound
observation space or both sound and vision significantly outperform the agents relying solely on
vision. Moreover, these agents demonstrate shorter learning times. This research aims to garner
attention towards the utilization of sound information and multimodal processing, which have been
undervalued compared to vision, in both the design of Minecraft-based environments and

reinforcement learning agents.

Keywords: Reinforcement Learning, Minecraft, Multimodal, Bimodal, Sound
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