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Abstract

In this paper, we propose a framework that transfers the information of style motions to content motions based on a variational
autoencoder network combined with a style encoding in the latent space. Because we transfer a style to a content motion that is
sampled from a variational autoencoder, we can increase the diversity of existing motion data. In addition, we can improve the
unnatural motions caused by decoding a new latent variable from style transfer. That improvement was achieved by additionally
using the velocity information of motions when generating next frames.
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Variational Autoencoder

Variational Autoencoder
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Figure 1: System Overview
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Figure 2: The structure of variational autoencoder which is pre-
trained before training style autoencoder.
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Figure 3: The latent space of variational autoencoder. The x axis

represents the first latent variable, and the y axis represents the
second latent variable.
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Figure 6: Snapshots of two motions where the dark gray character

shows the output of style transfer, and the light gray character
shows the original style motion (the second row) and the content
motion (the first row). The style information of the original mo-
tion (the second row, light gray character) is transferred to the
original content (the first row, light gray character).
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motion of output style transfer. The second row (light gray char-
acter) shows the motion of output variational autoencoder with-
out style autoencoder using the original style motion (figure 6,
the second row, light gray character) as input data. The fourth row
(light gray character) shows the motion of output variational au-
toencoder without style autoencoder using the original content
motion (figure 6, the first row, light gray character) as input data.
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Figure 8: A scatter plot of latent variables. The green points rep-

resent the content motion. The red points represent the style mo-
tion. The blue points represent the motion of output style transfer.

Figure 9: Snapshots of two motions that there is no correlation
between latent variable of style and contents. The light gray char-
acter is the motion of output style transfer. The green character is
content motion. Top-to-bottom: 0.01, 200.0 weight of style loss
function.
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Figure 10: The first row (dark character) represents the result us-

ing velocity information. The second row (light gray character)
represents the result of not using velocity information.
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