L;. MagicMotion: Controllable Video Generation with
Dense-to-Sparse Trajectory Guidance
(— Supplementary Materials —)

Quanhao Li'* Zhen Xing!* Rui Wang! Hui Zhang! Qi Dai? Zuxuan Wu''

! Fudan University 2 Microsoft Research Asia
https://quanhaol.github.io/magicmotion-site/

A. Ablations on Latent Segment Loss

We present qualitative results from the ablation study on Latent Segment Loss. As shown in Fig. |, removing the Latent
Segment Loss significantly reduces the model’s ability to capture object shapes, resulting in less accurate trajectory control.
For instance, without this loss, the woman’s arm in the generated video appears incomplete.
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Figure 1. Ablation Study on latent segment loss. Without it, the generated arms appear partially missing.

B. Additional Experiments

We conducted additional experiments using MagicMotion under various task settings, including camera motion control and
video editing. We also generate videos by applying different motion trajectories to a single input image.

Camera Motion Control. As shown in Fig. 2, MagicMotion enables precise control over camera motion, allowing for
operations such as rotation, zoom, and pan. In the first row of Fig. 2, we enclose oranges within bounding boxes and apply
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Figure 2. Camera motion controlled results. By setting specific trajectory conditions, MagicMotion can control camera movements.

rotation to the boxes. This results in a video with a simulated camera rotation effect. In the second and third rows, we adjust
the size of the foreground object’s bounding box to control its perceived distance from the camera, effectively achieving
zoom-in and zoom-out effects. In the last two rows, we shift the bounding box to the left and downward, creating the effect
of the camera moving in the opposite direction.

Video Editing. As shown in Fig. 3, MagicMotion can be applied to video editing to generate high-quality videos. Specif-
ically, we first use FLUX [3] to edit the first frame of the original video, which serves as the input for MagicMotion. Then,
we extract the segment mask of the original video and use it as trajectory guidance for the MagicMotion Stagel. Using this
approach, we transform a black swan into a diamond swan, make the camel walk in a majestic palace, and turn a hiking
backpacker into an astronaut.

Same input image with different trajectories Extensive experiments have demonstrated that MagicMotion enables ob-
jects to move along specified trajectories, generating high-quality videos. To further showcase the capabilities of Magic-
Motion, we use stage2 of MagicMotion to animate objects from the same input image along different motion trajectories.
As shown in Fig. 4, MagicMotion successfully animates two bears, two fish, and the moon, each following their designated
paths.

C. Latent Segment Masks

In this section, we provide a more detailed demonstration of Latent Segmentation Masks. Specifically, we use MagicMotion
Stage 3 to predict the latent segmentation masks for each frame based on sparse bounding box conditions. As shown in
Fig. 5, MagicMotion accurately predicts the Latent Segmentation Masks throughout dynamic scenes, such as a man gradually
standing up to face a robot and a boy’s head slowly sinking into the water. This holds true for frames where only the bounding
box trajectory is available and even for frames where no trajectory information is provided at all.

D. Additional Comparison results

Baseline Comparisons. As shown in Table 1, we provide a comparison of the backbones used by each method, along with
the supported video generation length and resolution.



Figure 3. Video Editing Results. We use FLUX [3] to edit the first-frame image and MagicMotion Stagel to move the foreground objects
following the trajectory of the origin video.

Quantitative Comparisons on different object number Due to space constraints, we only included radar charts in the
main text to compare the performance of different methods in controlling varying numbers of objects on MagicBench.
Here, we provide the specific quantitative results. As shown in Table 2, Table 3, and Table 4, MagicMotion consistently
outperforms other methods across all metrics by a significant margin, especially when the number of moving objects is large.
This demonstrates that other methods exhibit poorer performance when controlling a larger number of objects.

More qualitative comparison results. In this section, we provide additional qualitative comparison results with previous
works. As shown in Fig.6, Fig.7, Fig.8, Fig.9, and Fig. 10, MagicMotion accurately controls object trajectories and gener-
ates high-quality videos, while other methods exhibit significant defects. For fully rendered videos, we refer the reader to
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