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Supplementary Material

In this supplemental document, we provide:
• Additional details of datasets,
• Additional implementation details of DynaVid,
• Additional experimental details of DynaVid,
• Additional analysis and discussion,
• Experimental details of baseline methods, and
• Additional qualitative results.

A. Additional Details of Datasets
This section provides additional statistics and character-
istics of the real-world datasets (i.e., the internal dataset
and RealEstate10K [10]) as well as the synthetic datasets
(DynaVid-Human and DynaVid-Camera). As discussed in
Sec. 1 of the main paper, commonly used training datasets
contain scarce examples of highly dynamic motions, limit-
ing the ability of video diffusion models to learn such be-
haviors. The DynaVid datasets are designed to fill this gap
by providing highly dynamic human actions and fast mov-
ing camera motions.

A.1. Real-World Datasets
Internal dataset. We use an internal large-scale video
dataset to train the motion-guided video generator and to
provide real motion supervision for the motion generator
in the object-motion scenario. As shown in Fig. S1(a), the
dataset covers diverse real-world scenes such as human
activities, natural environments, and man-made structures,
and contains about 86K video clips.

Fig. S2(a) visualizes the histogram of average optical
flow magnitudes extracted from the internal dataset. Most
videos exhibit very small motion, with over 90% of samples
having a average flow magnitude below 4.91 pixels. This in-
dicates that the dataset predominantly contains videos with
relatively subtle motion. In Sec. D.2, we curate the internal
dataset to mainly contain dynamic motions and train an ad-
ditional model on the curated dataset, confirming that the
internal dataset contains almost no examples of vigorous
human motions such as breakdancing.

RealEstate10K dataset. For camera-controlled video
synthesis, we employ the RealEstate10K (RE10K)
dataset [10]. As shown in Fig. S1(b), RE10K primarily
consists of indoor scenes with moderate camera movement,
and we use 33K video clips for training.

Fig. S2(b) shows the histogram of average flow magni-
tudes. Compared with the internal dataset, RE10K exhibits
larger motions, but the majority of clips still show lim-
ited dynamics, with over 90% of samples below 8.54 pix-
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Figure S1. Visual examples from each dataset.

els. This indicates that RE10K mainly includes videos with
modest camera motion and lacks examples involving rapid
rotations or large translations.

A.2. Synthetic Datasets
DynaVid-Human. We train our model on DynaVid-
Human for highly dynamic object motion generation. As
shown in Fig. S1(c), although the rendered videos have
artificial appearance, they contain highly dynamic human
movements that are rarely found in real datasets. We use a
total of 500 motion-rich scenes rendered using our dataset
generation pipeline.
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Figure S2. Histograms of optical flow magnitudes across datasets. The magnitude axis is limited to the range [0,20], and most flow
magnitudes in DynaVid-Camera lie beyond this range.

(a) VideoJAM (b) Ours

Figure S3. Normalized flow magnitude histogram. Our normaliza-
tion method spreads flow magnitudes more evenly over the [0,1]
range compared with the normalization used in VideoJAM [3].

Fig. S2(c) presents the histogram of average flow mag-
nitudes. Unlike the internal dataset, DynaVid-Human in-
cludes substantially stronger motion, with magnitudes con-
centrated approximately between 5–10 pixels, and 90%
of samples below 10.54 pixels. This demonstrates that
DynaVid-Human effectively complements the lack of
highly dynamic human motion in real-world datasets.

DynaVid-Camera. We train our model on DynaVid-
Camera for highly dynamic camera motion control sce-
nario. As shown in Fig. S1(d), despite its artificial appear-
ance, the dataset includes large rotations, fast translations,
and complex trajectories that are difficult to capture in real
footage. We use 1,000 synthetically generated scenes for
training.

Fig. S2(d) shows the distribution of average flow mag-
nitudes. Compared to RE10K, DynaVid-Camera contains
vastly stronger camera movements, with 90% of sam-
ples below 46.03 pixels. This demonstrates that DynaVid-
Camera provides large-scale rotations and translations, of-
fering dynamic and precise control signals for camera-
motion conditioning.

B. Implementation Details of DynaVid
B.1. Flow-to-RGB Conversion
We provide additional details of the Flow-to-RGB conver-
sion described in Sec. 3.2 of the main paper. During the
normalization step in Eq. 1 of the main paper, we use a

dataset-level scale factor of 29.5, which is a stable statistic
estimated from sufficient samples (Sec. D.1). The square-
root-based normalization spreads the flow magnitude dis-
tribution more evenly across the [0,1] range. As shown in
Fig. S2(a), the original flow magnitudes are heavily con-
centrated near zero. After applying our normalization, the
magnitudes become more broadly distributed, as illustrated
in Fig. S3(b).

We compare our normalization method with the linear
normalization approach used in VideoJAM [3]. Because
a linear transform does not sufficiently expand the low-
magnitude range, VideoJAM still produces values concen-
trated near zero, as shown on Fig. S3(a). To quantify the im-
pact of the normalization methods, we evaluate flow recon-
struction error using the VAE from Wan2.2-5B [7]. Specif-
ically, we convert flow maps into RGB, encode and decode
them through the VAE, convert the decoded RGB back to
flow, and measure the mean squared error between the orig-
inal and reconstructed flow maps. Our method achieves a
reconstruction error of 0.0486, whereas VideoJAM yields
0.1338, demonstrating the effectiveness of our normaliza-
tion scheme.

B.2. Control Branch

As described in Sec. 3.3 of the main paper, we employ a
control branch when the model takes an additional control
signal beyond the noisy input and text prompt. Specifically,
the control branch is used in two cases: (1) in the motion
generator for the camera-control scenario, where the control
signal is a Plücker embedding, and (2) in the motion-guided
video generator, where the control signal is the optical flow.

We adopt the VACE [4] design for injecting control sig-
nals into a pre-trained video diffusion model (Fig. 3(b) of
the main paper). The control branch is composed of trans-
former blocks that follow the same architecture as those in
the base video diffusion model. However, the number of
blocks is reduced: the control branch uses 10 transformer
blocks, whereas the base video diffusion model contains 30
blocks.

For feature injection, the context features produced by
each block of the control branch are added sequentially to
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