2019

6B-03

This article is a technical report without peer review, and its polished and/or extended version may be published elsewhere.

A ¢

THE VIRTUAL REALITY SOCIETY OF JAPAN

'( B4 BAFNA—F v T YT 4 RAKSATE (2019 F 9 A)
y

it E A HW-
OEsERERYSA Ly aryay NO—S DB

A Rotation Gain Controller for Redirected Walking Using Reinforcement Learning
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