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“Video reshooting with explicit priors”

Video 

Diffusion model

Input
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Source video Depth 

Estimate

Rendering Target video

Depth map

Give explicit guidelines to Video Generative Model

But…

1. Heavily rely on perfect dataset (fail to maintain generalization ability)

- Many models trained with precise depth maps

- Therefore, fail to predict videos in imperfect real-world depth estimation

2. Camera Control & Maintaining Contents

- Point clouds are corrected in per-frame

- Fail to control camera pose and maintain contents in the scene
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“Video reshooting with implicit priors”

Video 

Diffusion model
(finetuning)

A great number of 

Multi-view datasets

Inject video reference Info to pre-trained Video Generative Model

Source video

Video 

Diffusion model

+

“camera pose embeddings 

or 

video camera trajectory”

Inject

Target video

+

“camera pose embeddings 

or 

video camera trajectory”

Inject

But…

1. Depth Scale Ambiguity

- Hard to control camera pose for intended camera position

- Because the information injected into the video diffusion model is ambiguous

2. Preview

- There is no explicit point clouds

- Therefore, cannot see the preview of the scene
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“4D Reconstruction”
Lifting the 2D video to 3D world-space including Temporal-Spatial Space 

1. Structure from Motion

2. Depth Priors + SLAM

3. End-to-End 4D reconstruction model

4. Predicting 4D Gaussians
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“4D Reconstruction”
Lifting the 2D video to 3D world-space including Temporal-Spatial Space 

1. Structure from Motion

2. Depth Priors + SLAM

3. End-to-End 4D reconstruction model

4. Predicting 4D Gaussians

But…

1. Dynamic Scene

- Fail to maintaining geometry structure of dynamic objects

2. Limitation of Prediction

- Predicting the 4D gaussians are very hard in novel view

- Holes, Occlusions are observed in novel view
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1. Building a temporally-persistent 4D point cloud

- Segmenting the video into dynamic objects and static pixels.

- Background point clouds are accumulated across all frames (never corrected)

2. Training with noisy Multiview data

- Avoiding double-reprojection, which relies on artifact-free, perfect point

clouds

- Therefore, the model is robust to noisy 4D reconstructions, especially at non-

frontal views.
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“why (Token) Shuffling?”

1. Alpha masks are binary and mostly empty, so a

heavy VAE encoder is unnecessary.

2. Other inputs are spatially compressed by the VAE,

so the mask resolution must be matched before

concatenation.

3. The spatial resolution should be reduced while

preserving as much spatial information as

possible.
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“why Patchify?”

1. Patchification converts the shuffled mask into the

token format required by the DiT.

2. Token shuffling only rearranges raw alpha values;

it does not learn feature representations.

3. The mask tokens must math the point-cloud

tokens in both token layout and embedding

dimension for element-wise addition.

Conv3D layer

Reshape

H

W
D

H

W
D

T

1

1

D

T * H * W
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“why Concatenation?”

1. It places all visual inputs in a shared context while

preserving their individual tokens.

2. Self-attention dynamically selects and integrates

information from each input.

3. Frame-wise concatenation keeps the token dimension D

unchanged for compatibility with the pretrained DiT.

1

1

D

3* T * H * W

1

1

D

T * H * W
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Converts camera 

pose information 

into numerical ray 

representation that 

the model can 

process. 

(repeat 3 times)
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Projects Plucker 

embeddings into D-

dimensional camera 

features 
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Exchange and 

integrate information 

across the noisy 

target, point-cloud 

condition, and 

source video.
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Act as an adapter 

between the 

trainable self-

attention and the 

frozen downstream 

layers.
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Text token is caption 

of video (This will 

be used as Value).

Attention exchanges 

information across 

tokens, while the 

FFN refines features 

within each token.
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- 𝜖𝜃: 𝐷𝑒𝑛𝑜𝑖𝑠𝑖𝑛𝑔 𝑛𝑒𝑡 𝑤𝑜𝑟𝑘 𝑝𝑎𝑟𝑎𝑚𝑒𝑡𝑒𝑟𝑖𝑧𝑒𝑑 𝑏𝑦 𝜃

- 𝑋𝑡
𝑡𝑔𝑡

: 𝑁𝑜𝑖𝑠𝑦 𝑡𝑎𝑟𝑔𝑒𝑡 − 𝑣𝑖𝑑𝑒𝑜 𝑙𝑎𝑡𝑒𝑛𝑡 𝑎𝑡 𝑡𝑖𝑚𝑒 𝑠𝑡𝑒𝑝 𝑡

- 𝑋𝑠𝑟𝑐→𝑡𝑔𝑡: 𝑃𝑜𝑖𝑛𝑡 − 𝑐𝑙𝑜𝑑 𝑟𝑒𝑛𝑑𝑒𝑟 𝑓𝑟𝑜𝑚 𝑡ℎ𝑒 𝑡𝑎𝑟𝑔𝑒𝑡 𝑐𝑎𝑚𝑒𝑟𝑎𝑠
- 𝑀𝑠𝑟𝑐→𝑡𝑔𝑡: 𝐴𝑙𝑝ℎ𝑎 𝑚𝑎𝑠𝑘 𝑜𝑓 𝑡ℎ𝑒 𝑝𝑜𝑖𝑛𝑡 − 𝑐𝑙𝑜𝑢𝑑 𝑟𝑒𝑛𝑑𝑒𝑟
- 𝑋𝑠𝑟𝑐: 𝑆𝑜𝑢𝑟𝑐𝑒 − 𝑣𝑖𝑑𝑒𝑜 𝑙𝑎𝑡𝑒𝑛𝑡
- 𝐶𝑡𝑔𝑡: 𝑇𝑎𝑟𝑔𝑒𝑡 𝑐𝑎𝑚𝑒𝑟𝑎 𝑡𝑟𝑎𝑗𝑒𝑐𝑡𝑜𝑟𝑦
- 𝑉(= 𝑋𝑡𝑔𝑡 − 𝜖): 𝐺𝑟𝑜𝑢𝑛𝑑 − 𝑡𝑟𝑢𝑡ℎ 𝑣𝑒𝑙𝑜𝑐𝑖𝑡𝑦 𝑡𝑎𝑟𝑔𝑒𝑡 (Flow matching)



Results04

32

Results



Results04

33



Results04

34



Results04

35



Results04

36



Conclusion05

37

Conclusion



Conclusion05

38

1. Proposal of a Novel Video Reshooting Framework

2. Robustness to Point Cloud Artifacts

3. State-of-the-Art Performance

4. Generalization to Real-World Applications
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