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Extracting characteristic motion from unsegmented human motion
based on N-gram statistics and Dirichlet Process
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In this paper, we describe an architecture which enables a robot to extract characteristic unit human motions
corresponding to respective physical objects from unsegmented human motion. It is difficult for an autonomous
robot to extract unit motions and to imitate the motions from unsegmented human motion. In our approach,
we have a robot to utilize the information of outer object the human motion referring to. When we manipulate
a tool or another physical object, we display characteristic bodily movement corresponding to the object. We
developed a computational imitation learning method using Hierarchical Dirichlet Process - Hidden Markov Model
which models continuous human motion and mutual information criteria to extract unit motions corresponding to
outer objects. In experiments, a participant’s movements are measured by using a motion capture system while he
manipulates several tools. From the recorded data the proposed learning architecture could extract characteristic

unit motion corresponding to physical object.
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