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Introduction

Our task: Reconstruct dynamic 3D scenes from monocular videos

Highly ill-posed problem:
Many correct 3D scenes 
correspond to the video



Introduction

Prior works

Finding a single solution:
§ Not general enough
§ Additional constraints may not always be reliable

Monocular depths [1][2] Physical constraints [3]

[1] Z. Li, S. Niklaus, N. Snavely, et al. Neural Scene Flow Fields for Space-Time View Synthesis of Dynamic Scenes. CVPR, 2021.
[2] C. Gao, A. Saraf, J. Kopf, et al. Dynamic View Synthesis from Dynamic Monocular Video. ICCV, 2021. 
[3] G. Yang, S. Yang, J. Z. Zhang, et al. PPR: Physically Plausible Reconstruction from Monocular Videos. ICCV, 2023.



Introduction

Our goal:
Learn all plausible 3D scene configurations that match the input video

?

Q1: How to represent?

Q2: How to learn?
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How to represent?

For a rigid object:

scale

size

motion

depth
control

geometry

appearance

invariant
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Framework

[1] A. Chen, Z. Xu, A. Geiger, et al. TensoRF: Tensorial Radiance Fields. ECCV, 2022. 

Object Scale-invariant Representations: TensoRF[1]
Object Scale Network: MLP
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How to learn?

Available information:
§ RGB
§ segmentation masks
§ camera-to-object poses
§ per-object relative depths

Preprocessing:
§ SAM [1] & TAM [2]

§ RAFT [3]

§ SfM [4]

[1] A. Kirillov, E. Mintun, N. Ravi, et al. Segment Anything. ICCV, 2023.
[2] J. Yang, M. Gao, Z. Li, et al. Track Anything: Segment Anything Meets Videos. arXiv:2304.11968, 2023.
[3] Z. Teed, and J. Deng. RAFT: Recurrent All Pairs Field Transforms for Optical Flow. ECCV, 2020.
[4] J. L. Schonberger, and J.-M. Frahm. Structure-from-Motion Revisited. CVPR, 2016.
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How to optimize object representations?

Composite rendering [1]

[1] C. Song, G. Yang, K. Deng, et al. Total-Recon: Deformable Scene Reconstruction for Embodied View Synthesis. ICCV, 2023. 

Sample one valid scale combination

Scaled composite 
rendering

How to optimize object scale network? 
Sample many (valid / invalid) scale combinations
pseudo GT = segmentation (inter-object occlusion) correctness

👍
  𝑝̅ = 1

❌
  𝑝̅ = 0
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Soft Z-buffer rendering

Comparison
§ Scaled composite rendering: 𝐻	× 3D volume rendering
§ Soft Z-buffer rendering: 1	× 3D volume rendering + 𝐻	× 2D image blending

Rendering under H scale combinations is time-consuming

Render (up-to-scale) 
per-object depth 
independently

𝑠! & 𝑑!(𝒓)

𝑠" & 𝑑"(𝒓)

Segmentation determined 
by scaled depth
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Joint training procedure

Stage 1 – Bootstrapping per-object representations

Stage 2 – Alternative optimization

Optimize object representations Optimize object scale network



Results



Results

Analysis of validity scores



Results

Dynamic novel view synthesis 

Ours: the best of 
1000 samples



Results

Dynamic novel view synthesis 



Results

Dynamic novel view synthesis -- multiple GT



Conclusion & Future Directions

Our contributions: 
§ First work to represent 3D scenes in many ways from a monocular video
§ An object scale network with a joint optimization method
§ Effectiveness on synthetic and real-world datasets

Future directions:
§ Infinite solutions for monocular dynamic scenes with deformable objects



Thanks
paper & code: Coming soon!

contact: ziyang.song@connect.polyu.hk


