Single-Shot Freestyle Dance Reenactment Supplementary

A. Additional results

Body diversity. As mentioned, explicit augmentations
encourage diverse body structure preservation. Fig. | show-
cases this aspect, where two individuals are chosen with dis-
tinctively different body structures. The semantic maps of
both individuals are shown in the first row, while the gener-
ated semantic map for the same pose is shown in the second
row. The individuals are overlaid in column (c) for clarity.

Sample results. Additional results are provided in Fig. 3
for both ’simple” and “challenging” target images, over dif-
ferent poses. In all cases, realistic samples are rendered.

Interchangeable backgrounds. Generating a blending
mask is an integral part of the method, as it enables em-
bedding the generated person into any background. Fig. 4
demonstrates this ability. As seen in column (c), by em-
bedding the rendered person back into the inpainted source
video, the shadows of the original dancer complement the
naturalness of the rendered person.

B. Additional Comparison

Comparison with Liquid-GAN [2] is presented in Fig. 2.
Compared to [2], our biggest advantage is natural motion,
which cannot be conveyed here. As shown in Fig. 2, our
method also surpasses in terms of resolution, appearance,
pose, and background replacement.

C. Additional implementation details

The P2B and B2F networks are trained with the
ADAM][ 1] optimizer applying a learning rate of 0.0002 and
(81, 52) = (0.5,0.999). The P2B is trained for 280 epochs,
with a batch size of 128, while the B2F is trained for 60
epochs, with a batch size of 32. The Face Refinement net-
work is trained with the same optimizer, a learning rate of
0.0001, (51, 52) = (0.5,0.999), for 40 epochs and a batch
size of 256.

D. Limitations

Our method is driven by pose representations, and con-
ditioned over a semantic map of the target person. As previ-
ous methods, ours as well suffers from a strong dependency
on the quality of the detected driving pose, though is some-
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Figure 1. Body structure diversity example. For the same driving
pose, two generated individuals are evaluated. The body struc-
ture, as captured by the semantic segmentation of the target im-
ages (row 1) for the first (a) and second (b) person, can be see to
be distinct, as emphasized by overlaying one over the other (c).
The distinction in body structure can be seen to be maintained in
the corresponding rendered images (row 2).

Figure 2. Ours vs. LiquidGAN. (L) Easy, (R) challenging targets.

what robust to the conditioned semantic map (hence capable
of handling “challenging” targets).
Body structure preservation is an important aspect of






