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Abstract

Controller Indirect Learning Algorithm

Using Experimental Implantation Technique

Jongho Park
Computer Science and Engineering
The Graduate School

Seoul National University

Physics—based animation is a technique that allows
virtual characters to move under the rule of physics,
which makes people feel natural by giving reality to
motion. Currently, the most commonly used method for
generating the motion of a virtual character is the
motion capture technique. However, this method
necessarily has some physical limitations in that a
human being or an animal is photographed directly as an
actor. This paper proposes two algorithms. First, if
there is a desired physical environment and a virtual
character, and if only the reward system for the

movement of the character is determined according to
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the kind of the motion to be obtained, the motion
corresponding to the given condition can be
automatically generated through the reinforcement
learning This is a method of learning the controller. The
second proposal algorithm follows the first one. When
we have a well-learned motion controller in a given
environment, we quickly learn the controller of a virtual
character that has the same type and structure but
recognizes the environment in a different way. It is a
generalization method. In the experiment, the
performance of the controller learned indirectly through
the experience of the already learned controller was
verified by using the virtual character flying from the

obstacle to the target.
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