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1. Architecture Details

Here we provide a detailed description of our network
architecture, as shown in Figure 1. Details for the 3D Re-
sampling in Figure | are illustrated Figure 2. The 2D encod-
ing network Encsp (introduced in Section 3.2 of the main
paper) includes three convolution layers (conv) and four
Residual Blocks (ResBlocks) [2]. We provide the kernel
size, padding size, stride, and the number of output chan-
nels in Figure 1. The 3D encoding network Encsp consists
of three 3D conv layers (the first three layers shown in Fig-
ure 2). Similarly, the 3D decoding network Decsp includes
three 3D transposed conv layers (the last three layers in Fig-
ure 2), and the 2D decoding network Decsp has four Res-
Blocks, two transposed 2D conv layers and one conv layer.

The skip connections between Encsp and Decsp are im-
plemented via 3D flow, as shown in Figure 2. The flow net-
work F also includes 2D encoding and 3D encoding, which
have a similar architecture to Encop and Encsp, except that
the strides in Encsp are set to 1. We let the ResBlocks in
the flow network share the same weights as Encap to better
learn the implicit 3D representation.

2. More Qualitative Results

We portray more results in Figure 3, in which the driv-
ing videos are from the iPER [1] dataset and use different
subjects than the source reference images. Here we visual-
ize the animation results of each source subject’s body be-
ing controlled by the pose from the corresponding driving
video. The full video is provided in the supplementary ma-
terial, in the file named iPER _driving.mp4.

We show more human body animation results in Fig-
ure 4, in which the driving videos are from the Youtube
Dancing dataset. The full video is also provided, in the file
named Youtube_Dancing_driving.mp4.
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Figure 1. The overall architecture. We provide the kernel size,
padding, stride, and the number of output channels for the con-
volution layers (conv), and the number of output channels for the
ResBlocks.
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Figure 3. Qualitative results. Left Column: one source reference
image from each subject. First Row: the driving videos are from
F F F 1 the iPER dataset. Please see the corresponding supplementary
video for a better illustration.
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conv transpose 3D, kernel = 3,
padding = 1, stride=2,
# out channels = 16
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F: Flow Guided Sampling
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Figure 2. The architecture for the 3D flow-guided skip connec- T b A H

tions. Figure 4. Qualitative results. Left Column: one source reference
image from each subject. First Row: the driving videos from the
Youtube Dancing dataset. Please see the corresponding supple-
mentary video for a better illustration.
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