Learning to Generate Highly Dynamic Videos using Synthetic Motion Data

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.

RealEstatel0K dataset. For camera-controlled video
synthesis, we employ the RealEstatel0K (RE10K)
dataset [10]. As shown in Fig. SI1(b), REI0OK 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.
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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 Pliicker 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



Pexels DynaVid-Human test

FVD({) A-Qual(?) I-Qual(?) M-Smooth (1) T-Flick (1) | FVD () A-Qual(?) I-Qual(?) M-Smooth (1) T-Flick (1)
Wan2.2-5B variant | 1071.26 0.5801 0.7121 0.9917 0.9848 1883.50 0.5598 0.7092 0.9906 0.9768
Wan2.2-5B 1172.02 0.5779 0.7235 0.9928 0.9883 1775.99 0.5389 0.6974 0.9904 0.9791
Ours 1126.38 0.5807 0.7342 0.9900 0.9748 1351.94 0.5312 0.7352 0.9931 0.9864

Table S1. Quantitative evaluation of object motion generation using the variant model trained on the curated real dataset.

the latent features of every third transformer block in the
base model, specifically blocks [0,3,6.,...,27]. This design
efficiently incorporates the control signal while maintain-
ing compatibility with the base diffusion architecture. Dur-
ing training, we update only the parameters of the control
branch while keeping the parameters of the base video dif-
fusion model fixed.

C. Experimental Details of DynaVid
C.1. Training Details

DynaVid consists of a motion generator and a motion-
guided video generator, which are trained separately. We
adopt the same training strategy for both models. All exper-
iments are conducted on 4 A100-80GB GPUs, using gra-
dient accumulation of 4, resulting in the total batch size
of 16. For the motion generator, we pre-train and fine-tune
the model sequentially, each for 5K iterations. We use the
AdamW optimizer and a learning rate of le-5, with a warm-
up schedule over the first 500 iterations. For the motion-
guided video generator, we also train for 5K iterations us-
ing AdamW with the same learning rate le-5 and the same
500-iteration warm-up schedule.

C.2. Details on Robustness Experiment

In Sec. 4.3 of the main paper, we analyze the robustness of
the motion-guided video generator to perturbations in the
input flow, simulating motion generation errors from the
motion generator. To this end, we create noisy flow vari-
ants by adding Gaussian noise to the optical flow maps and
adjusting the signal-to-noise ratio (SNR) to 25, 20, 15, 10,
and 5 dB.

Specifically, we first estimate the variance of optical flow
from the real-world flow dataset, which is 2.59, and use
this value to determine the corresponding noise variance for
each target SNR. The resulting noisy flow maps are then
fed into the motion-guided video generator to evaluate how
performance degrades as the reliability of the motion signal
decreases.

D. Additional Analysis and Discussion

D.1. Stability of the Scale Factor

In Sec. 3.2 of the main paper, we introduce a dataset-level
scale factor s for the Flow-to-RGB conversion. This scale

Figure S4. Qualitative results of the variant model trained on the
curated real dataset.

factor is estimated from a large number of samples and ex-
hibits low variance across different dataset splits. To evalu-
ate its stability, we randomly sample 100 and 1,000 videos
from the internal dataset and compute the 99th percentile
of flow magnitude, obtaining 28.5 and 27.5 pixels, respec-
tively. These values are close to the original estimate of 29.5
pixels computed from 10,000 samples. This result indicates
that the scale factor remains stable across different splits,
and minor variations in sy do not materially affect training.

D.2. Training with Curated Real Dataset

As explained in Sec. A.l, real-world video datasets gen-
erally contain modest motions. However, because these
datasets are large-scale, they may still include a small num-
ber of videos with highly dynamic motion, such as break-
dancing.

To examine this possibility, we construct a curated sub-
set by selecting videos whose optical-flow magnitudes fall
within the top 60-90% range, ensuring that the subset con-
tains comparatively faster motions. We then fine-tune a vari-
ant model, based on the Wan2.2-5B text-to-video diffusion
backbone, using only this curated real dataset so that the
model becomes aligned with the most dynamic motion pat-
terns of the real data.

Fig. S4 shows qualitative results produced by this vari-
ant model. As expected, the model still fails to synthe-
size natural-looking videos with highly dynamic motions.
Furthermore, as reported in Tab. S1, its performance on
the DynaVid-Human dataset is significantly degraded, es-
pecially in terms of FVD [6]. These results highlight that



Figure S5. Additional visual examples of the limitations.

the commonly used training datasets contain almost no ex-
amples of highly dynamic motions, making it difficult for
models trained solely on real data to learn such motion pat-
terns.

D.3. Additional Limitations

While our framework is robust to local motion errors intro-
duced by the motion generator (Sec. 4.3 of the main paper),
it may still produce artifacts when global motion structures
are incorrect. Because the motion generator focuses exclu-
sively on object motion, it does not explicitly model the in-
teractions between a moving subject and surrounding ob-
jects.

For example, in boxing-ring scenes, the model struggles
to capture physical interactions between a person and the
surrounding ropes, leading to motion that violates physi-
cal constraints. These erroneous motions are subsequently
propagated to the motion-guided video generator, resulting
in unnatural video synthesis (Fig. S5).

Such limitations could be mitigated by jointly modeling
motion and appearance, allowing cross-modal feedback be-
tween the two representations. We leave this direction as
future work.

E. Experimental Details of Baseline Methods

For highly dynamic object motion generation, we compare
our method against Wan2.2-5B [7] and CogVideoX-5B [9],
which are text-to-video generation models, and HyperMo-
tion [8], which is a pose-to-video generation model [8].
For camera-controlled video synthesis with large viewpoint
changes, we compare our method against AC3D [2] and
GEN3C [5], both designed for camera motion control. For
all baseline methods, we use the official checkpoints and
inference code provided in their respective GitHub reposi-
tories.

Wan2.2-5B. We use the Diffusers-based implementation
(https://github.com/huggingface/diffusers). We also utilize
Diffusers-based checkpoints, which are converted from the
official Wan2.2-5B checkpoint (https://github.com/Wan-
Video/Wan2.2).

CogVideoX-5B. We use the Diffusers-based imple-
mentation (https://github.com/huggingface/diffusers).
We also utilize Diffusers-based checkpoints, which are
converted from the official CogVideoX-5B checkpoint
(https://github.com/zai-org/CogVideo).

HyperMotion. We use the PyTorch implementation and
checkpoints from the official Github repository of Hyper-
Motion  (https://github.com/vivoCameraResearch/Hyper-
Motion).

AC3D. We use the PyTorch implementation and check-
points from the official Github repository of AC3D
(https://github.com/snap-research/ac3d).

GEN3C. We use the PyTorch implementation and check-
points from the official Github repository of GEN3C
(https://github.com/nv-tlabs/GEN3C).

F. Additional Qualitative Results
F.1. Highly Dynamic Object Motion Generation

We present additional qualitative results of our method.
Fig. S6(a) shows synthesis results on common scenes (e.g.,
Pexels [1]), where our method produces high-quality video
frames. Fig. S6(b) provides examples involving highly dy-
namic motions, demonstrating that our approach consis-
tently generates natural-looking videos even under vigorous
motion.

F.2. Highly Dynamic Camera Motion Control

Fig. S7(a) shows results under moderate viewpoint changes
(e.g., RE10K [10]), where our method maintains visual re-
alism. Fig. S7(b) presents challenging scenarios with large
rotations and fast translations, confirming that our method
can synthesize stable, high-quality videos while accurately
following highly dynamic camera trajectories.
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“A man sits comfortably in a yellow armchair, engrossed in reading a book ..
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“A man stands confidently, dressed in a light blue shirt and a brown blazer, with a lanyard around his neck ...

“A stage performer dressed in a sleek white performance outfit performs a series of acrobatic maneuver ...

e ormer drssed na seck white performanee ouiperforms @ seiesofserobate manewer
Ry s et s Ay Ao /Z 4

“A fox performs a series of breakdance movements in an open courtyard ...”

Figure S6. Additional video synthesis results on common scenes (a) and on highly dynamic object motions (b).



(a) Moderate Camera Motion Control
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“A man stands in a grassy yard surrounded by large stone sculptures ...”
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“A modern kitchen and dining area, starting from a hallway leading into the space ...”
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7 “A cozy bedroom with a ﬁeatly made bed adorned with a blue throw blanket and patterned pillows ...”

(b) Highly Dynamic Camera Motion Control
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“A serene outdoor setting during sunset, revealing a modern building with a pool area adorned with floating lily pads ...”

“A serene landscape featuring a series of trees with autumn-colored leaves scattered across a gently sloping terrain ...”

Yl o

“A serene outdoor setting during goiden hour, featuring a tranquil pond surrounded by a stone wall ahd scattered withblily pads ...”

“A serene outdoor setting during sunset, featuring a stone wall and a small pond adorned with ﬂoéting lily pads...”

Figure S7. Additional camera-controlled video synthesis results under moderate viewpoint changes (a) and highly dynamic viewpoint
changes, including 180° rotations and large translations (b).
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