Consistent and Controllable Image Animation with Motion Diffusion Models

Supplementary Material

1. Four methods for dynamics degree control

We delve into four methods for evaluating motion intensity in
videos. Our study begins by randomly selecting 1,000 videos
from the training dataset. For each video, we extract a 16-
frame segment starting from the first frame, using different
frame intervals. The frame intervals used are 3, 5, 7,9, 11,
13, 15,17, 19, 21, 23, and 25. Generally, videos with a frame
interval of 3 tend to exhibit lower overall motion intensity
compared to those with a frame interval of 7, and so on.

Subplots (a), (c), and (d) in Fig. 1 illustrate the overall mo-
tion intensity of the video groups estimated using the mean
absolute difference between frames, the mean structural sim-
ilarity index (SSIM), and the mean multi-scale structural
similarity index (MS-SSIM), respectively. The vertical axis
in these subplots represents the similarity of the videos, and
theoretically, the similarity should gradually decrease as the
frame interval increases. Subplot (b) shows the dynamic
degree estimated using the RAFT optical flow estimator [5],
with the vertical axis representing the dynamic degree. The-
oretically, this value should increase as the frame interval
Srows.

As shown in Fig. 1, the mean absolute difference be-
tween frames, the mean MS-SSIM, and the dynamic degree
estimated through optical flow can all accurately reflect the
motion intensity of the videos. However, in terms of com-
putational efficiency, the average time required to estimate
the motion intensity of a video using these three methods
is 0.03 seconds, 0.07 seconds, and 1.17 seconds, respec-
tively. Given this, we exclude the optical flow-based method.
Additionally, considering that the MS-SSIM-based method
more accurately reflects changes in motion as perceived by
human vision, while the mean absolute difference method is
overly sensitive to noise or changes in non-essential details
(for example, for videos with high color contrast but low
actual motion intensity, the mean absolute difference might
be exaggerated), we ultimately choose the MS-SSIM-based
method to estimate the motion intensity of the videos.

2. Intuition behind the edge effect of FFT

FFT assumes that the input signal is periodic. However,
due to the finite length of real-world signals or discontinu-
ities at their boundaries, “spectral leakage” occurs. This
phenomenon refers to the spread of energy, originally con-
centrated at specific frequencies, to other frequencies in the
spectrum. When the signal is truncated or windowed under
non-ideal conditions, the energy distribution manifests as
sidelobes across the frequency domain [1, 2, 4].

During noise refinement, we extract low-frequency com-
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Figure 1. The performance differences between four methods.

ponents from the input static image. These low-frequency
components typically capture macroscopic information, such
as overall brightness variations and color distribution. How-
ever, when FFT is used for this extraction, spectral leakage
may cause the low-frequency energy to become dispersed
or weakened. This can negatively impact the color tonal
consistency of the generated video.

3. Limitations and discussions

Our model is based on the pre-trained LaVie [6] model and
is further trained on similar datasets. This means that the
performance of our model is, to some extent, limited by the
inherent characteristics of LaVie. For example, the resolu-
tion of the current video generation is constrained by LaVie,
fixed at 320 x 512. Recently, the technological development
trend in the field of video generation has clearly shifted to-
wards Transformer-based architectures, gradually replacing
the traditional UNet architecture. This shift is mainly due
to the more effective scalability of the model parameters
of Transformers. In light of this, our future plans include
adopting Transformer-based architectures, such as Latte [3],
to further validate and optimize our model.
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