1A1-011

Joooooobboooobboobbouoooboboao

Style Translation Filter to Make Input Motion Womanish
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In this paper, we study a method to translate the style of an input motion which is obtained by a motion
capture system. For this aim, we model the difference of motions coming from the actor’s attribute, such as
gender and age. Especially, we focus on the difference coming from the gender, and model the difference
of poses (joint angles) between males and females by using a Gaussian process regression. In training the
model, we utilize Multifactor Gaussian Process Model to align the training set of motions in cyclic phase.

In the experiments, we train the filter with walking motions of males and females, then we apply the filter to
walking, running, and jumping motions of males. The results demonstrate that the filter successfully translates

the motion into a womanish one.
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Fig.1 lllustration ofStyle Translation Filter. It models

the difference of poses (joint angles) between males and
females by using a Gaussian process regression.
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Fig.2 Style parameteg for each subject.
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(b) side view

Fig.3 Snapshots of the training data. In each block, the
upper sequence denotes the average waking motion of
male subjects, the lower sequence denotes the one of
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Fig.4Snapshots of the walking motion. The upper se-
guence denotes the input motion, the lower sequence
denotes the filtered one.
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Fig.6 Snapshots of the jumping motion. the upper sequence denotes the input motion, the lower sequence denotes

the filtered one.
Fig.5Snapshots of the running motion. The upper se-

guence denotes the input motion, the lower sequence
denotes the filtered one.
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Fig.7Joint angle trajectories of the walking motions in
Fig.5. The dimensionality is reduced to two by using a
principle component analysis for the input motion.
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