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Implementation Details

Modality embeddings The modality embeddings are two
learnable vectors of dimension 16, matching the channel size
of 3D VAE latent patches. They are directly added to the
noisy latents before entering the transformer.

Training strategy We adopt a two-stage training strategy
to enable a smooth transition from single-modality video
generation to multi-modal controllable video synthesis. In
the first stage, we fine-tune a pre-trained video generation
model, CogVideoX, to generate multiple visual modalities
(e.g., depth, segmentation, canny edges) from text condi-
tions. This step helps the model learn a strong prior for
multi-modal video synthesis, ensuring alignment between
different modalities within a unified latent space. In the sec-
ond stage, we introduce our adaptive modality control strat-
egy, allowing the model to perform X-conditioned video
generation and multi-modal video understanding. This stage
enables the model to distinguish between generation and
conditioning roles for different modalities, enhancing its
flexibility across tasks.

Through this progressive learning approach, the model
evolves from single rgb video generation to multi-modal
controllable video generation, enabling seamless transition
between various video generation and understanding tasks.

Model architecture Given input modalities including rgb,
depth, segmentation, and canny, we first encode each modal-
ity independently into latent representations using a pre-
trained 3D Encoder (Yang et al. 2024b). These latent fea-
tures are then concatenated along the channel dimension. To
accommodate this multi-modal input, we modify the patch
embedding linear layer accordingly, while initializing the
extended portions of the weights with zeros. The outputs
from the Transformer are then passed through modality-
specific projection heads (MSPH), each consisting of an
AdaLayerNorm followed by a Linear layer. The parameters
of these heads are initialized by copying those from the rgb
branch. Finally, each modality-specific representation is de-
coded back into color space using a pretrained 3D Causal
Decoder (Yang et al. 2024b). Compared to using a single
projection head—which expands the output dimension of
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the linear layer to match the number of modalities, modality-
specific projection heads allow the model to better capture
the unique characteristics of each modality.

Synthetic data annotation To supplement our training
data with high-quality ground-truth labels, we construct a
small synthetic dataset designed for depth and segmenta-
tion supervision. The synthetic dataset is composed of two
sources: one rendered from the 3D-FRONT dataset (Fu et al.
2021), and the other from the ABO dataset (Collins et al.
2022). For rendering, we randomly select from a set of eight
predefined camera trajectories. For each rendering sequence,
arandom initial position is chosen within a scene. We render
49 frames per sequence using the Cycles ray-tracing ren-
derer provided by BlenderProc2 (Denninger et al. 2023),
with 128 samples per pixel (spp) for each frame. In total,
we generate 10,000 synthetic video clips.

Evaluation Details

VBench evaluation protocol Following the evaluation
protocol in Aether (Team et al. 2025), we adopt VBench as
the evaluation metric for our video generation tasks. Con-
sidering the differences in input settings between OmniVDiff
and other baselines, we evaluate the generated videos using
a customized configuration of VBench across six key dimen-
sions:

1. Subject Consistency: Evaluates the temporal consis-
tency of the main subjects.

2. Background Consistency: Measures the stability and
coherence of the scene background.

3. Motion Smoothness: Assesses the naturalness and flu-
idity of motion.

4. Dynamic Degree: Quantifies the level of motion and ac-
tivity within the video.

5. Aesthetic Quality: Evaluates the visual appeal and artis-
tic merit of the generated content.

6. Imaging Quality: Measures the technical fidelity and vi-
sual clarity of the video output.
The final VBench score is computed as a weighted aver-
age of these dimensions using the official weights:
* Subject Consistency: 1.0
* Background Consistency: 1.0



* Motion Smoothness: 1.0
* Dynamic Degree: 0.5

* Aesthetic Quality: 1.0

* Imaging Quality: 1.0

For each evaluation metric, we randomly selected 2,048
samples from the validation set for testing.

Depth evaluation protocol Following the evaluation pro-
tocol in (Chen et al. 2025), we assess the geometric accuracy
of our short video depth predictions. Consistent with the ap-
proach in (Hu et al. 2024), we first apply a global scale and
shift alignment between the predicted depth maps and the
ground truth across each video. To quantify geometric accu-
racy, we compute the Absolute Relative Error (AbsRel) and
01 metrics (Hu et al. 2024; Yang et al. 2024a). All evalua-
tions are conducted on the ScanNet dataset (Dai et al. 2017).
Following the (Chen et al. 2025), we set the maximum video
length to 90 frames for short video evaluation.

Segment evaluation protocol Our segmentation process
begins by estimating the first-frame mask using Semantic-
SAM (Li et al. 2023a), which is then propagated across the
video using SAM2 (Ravi et al. 2024) for consistent object
tracking. For the initial segmentation, we set the granular-
ity level to 2. Consequently, the quality of the first-frame
mask is critical for overall segmentation accuracy. Given
this data generation process, we focus on comparison ex-
periments based on the first frame. Following the Semantic-
SAM protocol, we adopt the Single-Granularity Interactive
Segmentation setting throughout all evaluations.

To process the segmentation results, we follow the proce-
dure proposed in DICEPTION (Zhao et al. 2025), where K-
Means clustering is applied to generate class-specific masks.
For each predicted mask, we compute the Intersection over
Union (IoU) with the corresponding ground-truth mask from
the COCO 2017 Val dataset (Lin et al. 2015).

Additional Experiments

Expert modality vs. estimated modality in X-conditioned
video generation Since our model is designed for omni-
controllable video generation, it is essential to evaluate how
well it can perform controllable generation using its own es-
timated modalities instead of relying on external expert in-
puts. We conduct a comprehensive evaluation to assess the
differences between expert-provided modalities and our es-
timated modalities in controllable video generation. Specif-
ically, for reference videos, we use expert models to gener-
ate corresponding depth and segmentation maps as pseudo
labels. In contrast, our method uses the reference video as
input to perform video understanding, estimating depth, seg-
mentation, and canny edges simultaneously within a single
diffusion process. These estimated modalities are then used
as conditioning inputs for controllable video generation, al-
lowing us to compare generation quality between expert-
provided labels and our model’s self-predicted pseudo la-
bels.

Table 1 presents a quantitative comparison between video
generation results conditioned on these two sources. Across
all modalities, the performance of ours-est closely matches

that of the expert-conditioned inputs, demonstrating the ac-
curacy and robustness of our modality estimation pipeline.
These findings highlight the capability of OmniVDIff to per-
form both video understanding and controllable video gener-
ation without relying on any expert models, thereby enabling
a fully unified Omni Video Diffusion framework.

Qualitative comparison of canny-conditioned video gen-
eration As shown in Figure 1, we present qualitative
comparisons of video generation under Canny-conditioned
guidance. Compared to existing approaches, includ-
ing VideoX-Fun (aigc-apps 2024), ControlVideo (Zhang
et al. 2023), Control-A-Video (Chen et al. 2023), and
CogVideoX+ControlNet (TheDenk 2024), our method pro-
duces the most visually faithful results, demonstrating supe-
rior alignment with the provided edge-based guidance.

(Ours)

CogVideoX

Figure 2: Qualitative Comparison with CogVideoX. Our
method preserves better semantic content and structural
alignment described in the prompt. (e.g., “A black SUV is
parked on a paved driveway in a suburban area”).

Qualitative comparison of text-conditioned video gen-
eration with CogVideoX Figure 2 presents a qualitative
comparison between our method and CogVideoX. Note that
for this evaluation, we focus on the rgb modality to ensure
a fair comparison, as CogVideoX does not support multi-
modal outputs. OmniVDiff generates videos that more faith-
fully follow the prompt (e.g., maintaining a static camera),
while also delivering superior visual quality. Although our
approach is designed for multi-modal training, the joint op-
timization may offer stronger regularization than using rgb
alone, potentially resulting in more coherent and consistent
predictions.

Segmentation evaluation In the main paper, we provide
quantitative comparisons with baseline methods. Here, we
further present qualitative results and analyze the impact of
training with synthetic data for segmentation understanding.
As shown in Table 3 and Figure 3, OmniVDIiff achieves per-
formance comparable to expert models but still shows incon-
sistencies in background segmentation, largely due to noise
in the pseudo labels generated by SemanticSAM. For exam-
ple, in Figure 3(b), SemanticSAM mistakenly segments the
background into multiple regions.

To assess the impact of synthetic data on segmentation es-
timation, we additionally compare with the OmniVDiff-Syn
setting. With the inclusion of 10k synthetic samples, Om-
niVDiff-Syn effectively mitigates background inconsisten-
cies, as shown in Figure 3(d). This demonstrates the model’s
ability to leverage small amounts of high-quality data for no-
ticeable improvements in segmentation performance.



Model subject consistency  b.g. consistency motion smoothness dynamic degree aesthetic quality imaging quality ~weighted average
text+depth
OmniVDiff (VideoDepthAnything) 97.96 96.66 99.18 53.32 52.95 67.26 7345
OmniVDIiff (ours-est) 96.92 95.96 99.17 52.48 51.59 66.97 72.80
text+canny
OmniVDiff (openCV) 97.84 95.55 99.23 53.53 52.34 67.14 73.14
OmniVDIiff (ours-est) 96.98 95.41 99.19 52.92 51.39 67.01 72.74
text+segment
OmniVDiff (SemanticSAM& SAM2) 97.97 95.81 99.31 53.18 53.37 67.51 73.42
OmniVDIiff (ours-est) 96.96 95.70 99.23 52.70 51.76 66.91 72.82

Table 1: VBench metrics comparing video generation conditioned on expert-provided modalities and our estimated
modalities. Ours denotes using modalities generated by expert models as conditions, while ours-est uses modalities estimated

by our model for conditioning.

Method COCO Val 2017(Lin et al. 2015)

Point (Max) 1-IoU 1 Point (Oracle) 1-IoU 1
Semantic-SAM (T)(Li et al. 2023b) 54.5 738
Semantic-SAM (L)(e)(Li et al. 2023b) 57.0 74.2
OmniVDiff (ours) 56.0 739
OmniVDiff-Syn(ours) 56.9 74.4

Table 2: Comparison with prior methods on point-based in-
teractions, evaluated on COCO Val2017. “Max” selects the
prediction with the highest confidence score, while “Oracle”
uses the one with highest IoU against the target mask.

Method AbsRel | ;1

Aether(Team et al. 2025) 0.117 0.869
VDA-S (e)(Chen et al. 2025) 0.110 0.876
OmniVDiff-Syn(Ours) 0.100 0.894

Table 3: Zero-shot video depth estimation results. We
compare our method with representative single-image and
video depth estimation models. “VDA-S(e)” denotes the
expert model with a ViT-Small backbone. The best and
second-best results are highlighted.

Depth evaluation Recently, a concurrent work
Aether (Team et al. 2025) proposes a unified frame-
work for world model modeling, supporting both video
understanding and joint multi-modal generation across rgb,
depth, and camera pose. Although its primary focus lies
in geometric world modeling, it shares the same video
understanding task on depth modality. Therefore, we pro-
vide comparisons with it for a comprehensive evaluation.
Given Aether is trained on high-quality synthetic data
with GT depth supervision, we compare it to the setting
OmniVDiff-Syn, trained on the Koala dataset augmented
with 10k synthetic samples. As shown in Table 3, our
model achieves superior results. This improvement may be
attributed to the combination of large-scale real data and
synthetic samples used in our training. Our model leverages
large scale real data to inherit robust depth generation
capabilities from Video Depth Anything (Chen et al. 2025),
while synthetic data further refines its depth estimation
accuracy. Figure 4 presents a visual comparison, where
OmniVDiff-Syn demonstrates better generalization and
geometric fidelity.

More visual results Figure 5 illustrates qualitative re-
sults of our model under two different generation settings:
(a) shows video synthesis conditioned solely on text, while
(b) demonstrates segmentation-conditioned generation. Fig-
ure 6 presents results under depth- and canny-guided gener-
ation: (a) corresponds to depth-conditioned outputs, and (b)
to canny-conditioned ones.Finally, Figure ?? highlights the
video understanding capabilities of OmniVDiff, showcasing
its accurate prediction of auxiliary modalities from rgb in-
puts.

Applications

Video-to-video style control OmniVDiff can be seam-
lessly applied to the downstream task of video-to-video style
control. In Figure 7, we show more diverse scene styles, such
as winter, autumn, and sunset, while faithfully maintaining
the original scene structure.

3D scene reconstruction Additionally, since OmniVDiff
estimates the corresponding depth, which captures the 3D
geometric structure of the scene, we can directly reproject
the depth video into a 3D space to reconstruct the scene.
This reconstructed 3D world can then be rendered over time
from novel viewpoints, enabling dynamic scene visualiza-
tion from different perspectives, as illustrated in Figure 8.

Adaptability to new modalities and tasks To evaluate
the adaptability of our model to previously unseen modali-
ties and applications, we conduct experiments on two repre-
sentative tasks: video deblurring and video super-resolution.

We fine-tune OmniVDiff for 2k steps using 5k training
samples, with a learning rate of 2e-5. During fine-tuning,
we repurpose the slot originally used for the Canny modal-
ity to accommodate a new input—either a blurred or low-
resolution rgb video—depending on the task. At inference
time, the model treats the modified input as a condition-
ing signal and generates high-quality rgb outputs, either de-
blurred or super-resolved.

As shown in Fig. 9, our model successfully adapts to both
tasks, achieving visually pleasing results. This experiment
highlights the strong flexibility of our unified framework,
demonstrating that it can be extended to new modalities and
tasks with minimal architectural or data adjustments.



Limitations and Future Work

Despite its effectiveness, OmniVDIiff has several limitations.
First, due to the scarcity of high-quality real-world data with
paired modalities, we adopt a strategy that uses pseudo la-
bels generated by expert models. However, these pseudo
labels can introduce artifacts—especially in segmentation,
where results may lack consistency, as shown in Figure 10.
In this work, we take an initial step by incorporating a small
set of synthetic data to improve performance. Scaling up the
synthetic dataset in the future may further enhance model
robustness and accuracy. Second, in this work, we primar-
ily focus on demonstrating the effectiveness and practicality
of our approach for video generation using four commonly
used modalities: rgb, depth, segmentation, and canny edges.
Extending OmniVDiff to support a broader range of modali-
ties is another promising direction, which we leave for future
work. Finally, our framework can benefit from leveraging
more powerful pretrained backbones. Exploring the integra-
tion of recent large-scale video foundation models, such as
WAN (Wan et al. 2025) and Hunyuan (Kong et al. 2024)
Video, may help further improve the model performance.
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Figure 1: Visual comparison for canny-guided video generation.



A close-up of a man with short brown hair and a beard, wearing a dark blue jacket over a white shirt. He looks directly
at the camera with a neutral expression, under soft, even lighting against a plain white background.
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Figure 3: Qualitative comparison of video segment estimation. Yellow arrows highlight frame-wise background segmentation
inconsistencies.



A clean, warm bathroom with a white toilet, beige shower curtain, and small trash can. Lighting highlights textured brown tiles,

Aether

Syn(Ours)

Figure 4: Qualitative comparison of video depth estimation. Blue boxes indicate OmniVDiff-Syn successfully captures
sharper structural details and superior geometric fidelity.



A couple takes a selfie video while enjoying a sunny day on a boat. The woman has long, curly hair and wears a yellow
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An unfinished room with a focus on construction materials and tools. The room is filled with various construction
supplies, including large stacks of wooden planks, rolls of blue insulation, and a large air conditioning unit....

Figure 5: Qualitative results of text- and segmentation-conditioned video generation. (a) shows generation results con-
ditioned only on text; (b) presents results conditioned on both segmentation masks and text, demonstrating improved spatial
alignment and controllability.



A close-up view of a brown horse standing in a stable. The horse is calmly looking directly at the camera, with its

head slightly tilted to the side. The stable is well-lit, and the horse’s coat appears shiny and well-groomed......

Figure 6: Qualitative results of depth- and canny-conditioned video generation. (a) shows video generation results condi-
tioned on depth maps; (b) presents results conditioned on canny maps.
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Figure 7: Video2Video Style Control. Given a reference
video (a), OmniVDifffirst estimates the corresponding depth
(b) and uses it as a bridge to control the scene structure,
enabling the generation of videos with diverse scene styles
through text-based control (c,d,e).
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Figure 8: Scene reconstruction. Given a reference video
(a), our model estimates the corresponding depth (b). The
depth video can be reprojected into the 3D world and ren-
dered from novel viewpoints.

Figure 9: Adaptation to new applications. (1) Video super-
resolution: (a) a reference video; (b) a low-resolution video
from (a) as model input; (¢) OmniVDiff generates a corre-
sponding high-resolution video. (2) Video deblurring: Sim-
ilarly, OmniVDiffcan be fine-tuned for the video deblurring
task, producing a sharp video (f) from a blurred input (e).
The reference video is shown in (d).
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Figure 10: Issues in tralnlng data (segmentation). (a) In-
consistency: the vehicle region is incorrectly segmented into
multiple classes due to occlusion by a person; (b) Ambigu-
ity: the segmentation granularity is not consistent; (c) Flick-
ering: the segmentation labels of the same object (e.g., a
tree) vary drastically across frames, leading to temporal in-
consistency.



