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GT for training
Depth cue?

Depth Estimation Data Source



Depth from Defocus
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Bokeh Effects Widely Exist …

5



Motivation
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train

Image Diffusion Model

Rich image prior

Bokeh 
control

Bokeh image stack

Depth
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Armando et al, Bokeh Diffusion: Defocus Blur Control in Text-to-Image Diffusion Models, SIGGRAPH Asia 2025

Skateboards leaning on a wall outside 
a skatepark

Well-loved book lies forgotten 
beneath a towering tree

Train track cutting through a deep 
valley, dynamic perspective



Data source 1: In-the-wild images with EXIF data
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{
   FNumber: 4,
   FocalLength: 80 mm,
   FocalLength35mm: 120mm,
   …
}

{
   FNumber: 3.2,
   FocalLength: 9mm,
   FocalLength35mm: 53mm,
   …
}

{
   FNumber: 11,
   FocalLength: 18mm,
   FocalLength35mm: 36mm,
   …
}

{
   FNumber: 5,
   FocalLength: 116mm,
   FocalLength35mm: 116mm,
   …
}

{
   FNumber: 7.1,
   FocalLength: 55mm,
   FocalLength35mm: 82mm,
   …
}

{
   FNumber: 4.5,
   FocalLength: 45mm,
   FocalLength35mm: 45mm,
   …
}



Synthetic Defocus Blur Augmentations
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(2) Calculate defocus map
& sample blur radius K

(3) Render synthetic
augmentations

Image data stack

Empirical focus 
distance

(1) Select AiF Images

Defocus map

Sampled blur radius



Defocus Blur Conditioning
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+𝝀 𝐀𝐭𝐭𝐞𝐧𝐭𝐢𝐨𝐧(𝑸, 𝑲𝒃𝒌𝒉, 𝑽𝒃𝒌𝒉)

Defocus Blur Conditioning

Attention 𝑄, 𝐾𝑡𝑥𝑡, 𝑉𝑡𝑥𝑡



Imposing Scene Consistency
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Attention 𝑸𝒑𝒊𝒗, [𝐾𝑡𝑔𝑡, 𝑲𝒑𝒊𝒗], 𝑉𝑡𝑔𝑡, 𝑉𝑡𝑔𝑡

Attention 𝑄𝑡𝑔𝑡, 𝐾𝑡𝑔𝑡, 𝑉𝑡𝑔𝑡 

Defocus Blur Conditioning Imposing Scene Consistency 



Bokeh Diffusion – Bokeh strength control
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Comparison with Conventional Pipeline (BokehMe)
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Bokeh Diffusion – Bokeh strength control



BokehDepth
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Hangwei Zhang et al, Boosting Monocular Metric Depth Estimation via Bokeh Rendering, ICML 2026



BokehDepth Overview
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Stage 1 adds K-conditioned bokeh cross-attention to a pretrained image editor.



BokehDepth Overview
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Stage 2 inserts Divided Space Focus Attention (DSFA) into the encoder while keeping the DPT decoder unchanged.



Qualitative Results – Stage 1 + Stage 2
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Quantitative Results – Stage 2
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Qualitative Results
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Takeaways and Limitations
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train

Image Diffusion Model

Rich image prior

Depth

Exploit bokeh cue

Limitation: Efficiency, 3 x 30 steps diffusion

BokehDepth provides a way to exploit rich depth cues existing in the large-scale in-the-wild images
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Dust3R
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VGGT

Global attention

Frame attention

Self attention

Cross attention

Shuzhe Wang et al, DUSt3R: Geometric 3D Vision Made Easy, CVPR 2024
Jianyuan Wang et al, VGGT: Visual Geometry Grounded Transformer, CVPR 2025



3D Reconstruction from Streaming Input
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https://learnopencv.com/monocular-slam-in-python/

https://learnopencv.com/monocular-slam-in-python/
https://learnopencv.com/monocular-slam-in-python/
https://learnopencv.com/monocular-slam-in-python/
https://learnopencv.com/monocular-slam-in-python/
https://learnopencv.com/monocular-slam-in-python/
https://learnopencv.com/monocular-slam-in-python/
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Cut3R

25

update Recurrent Neural Network

Pointmaps
& Cameras

Scene reconstruction 
at each time

Qianqian Wang et al, Continuous 3D Perception Model with Persistent State, CVPR 2025

State 0 State 1
update

State 2
update

State 3
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update update update

word1 word2 word3 word1 word2 word3

Recurrent Neural Network Causal Attention + KV Cache

output1 output2 output3
output1 output2 output3

Attention mask
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VGGT

Global attention

STream3R

Causal attention

Frame attention Frame attention

Yushi Lan, Yihang Luo, et al, STream3R: Scalable Sequential 3D Reconstruction with Causal Transformer, ICLR 2026
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Memory Cache + Causal Transformer

Yushi Lan, Yihang Luo, et al, STream3R: Scalable Sequential 3D Reconstruction with Causal Transformer, ICLR 2026

STream3R



Input Images Global 3D Points



Video Input

Streaming reconstruction



STream3R: Evaluation on 3D Reconstruction
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3D Reconstruction Comparison on NRGBD 



Mast3R
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Vincent Leroy et al, Grounding Image Matching in 3D with MASt3R, ECCV 2024



Attention aligns with Matching
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Cross attention

q1
k1 k2 k3

0.98 0.010.01
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What if …?
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Dataset

Synthetic paired data 
- Created via 3D object rendering 

+ Flux appearance diversification
- 500 image pairs
- Dense matching

SPair-71k
- Human annotated sparse point 

correspondence
- 71k image pairs

37Songlin Yang, et al, Towards Geometry-Grounded Dense Semantic Matching with VGGT Priors, ECCV 2026



Adapting VGGT for Semantic Matching
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• Feature Refinement: VGGT-adapted backbone

• Correspondence Prediction: Semantic matching head outputs pixel-wise grid correspondences

Songlin Yang, et al, Towards Geometry-Grounded Dense Semantic Matching with VGGT Priors, ECCV 2026



Adapting VGGT for Semantic Matching
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• Cycle-Consistent Training: Round-trip mapping reconstructs the original image

• Error–Confidence Correlation: Reconstruction error aligns with predicted confidence for reliable predictions



Qualitative Results: Sparse point matching 
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Qualitative Results: Dense semantic matching 
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Qualitative Results: Dense semantic matching 
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Qualitative Results: Dense semantic matching 
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Qualitative Results: Dense semantic matching 
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Quantitative Results: Point Matching
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Ablation Study
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Video World Models

Oasis, https://oasis-model.github.io/

https://oasis-model.github.io/
https://oasis-model.github.io/
https://oasis-model.github.io/


Video World Models
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Video Diffusion 
Model

Text / Image

Video Diffusion 
Model

Vanilla Video Diffusion Models Video World Models

Action

Autoregressive generation
t0 ~ ti

ti

t0 ~ ti-1



Autoregressive Generation
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𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

Context



Autoregressive Generation
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𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

Context

Generated 
current frame



Autoregressive Generation
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𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

Context

𝑓7

Dropped

Generated 
current frame



𝑓7

Autoregressive Generation
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𝑓1 𝑓2 𝑓3 𝑓4 𝑓5 𝑓6

Dropped

𝑓8
Generated 

current frame

Context



𝑓9𝑓8

Autoregressive Generation
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𝑓1 𝑓2 𝑓3 𝑓7𝑓4 𝑓5 𝑓6

Dropped

Generated 
current frame

Context



Inconsistency from Limited Context Window

Oasis, https://oasis-model.github.io/
55

https://oasis-model.github.io/
https://oasis-model.github.io/
https://oasis-model.github.io/


𝑓9𝑓𝑖

Motivation: Design External Memory
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𝑓𝑖−1𝑓𝑗+1 𝑓𝑗+2 𝑓𝑗+3

Dropped

Generated 
current frame

Short Context

……𝑓1 𝑓2 𝑓3 𝑓𝑗

External Memory Bank

𝑎
action

Zeqi Xiao, et al, WorldMem: Long-term Consistent World Simulation with Memory, NeurIPS 2025



Which Memory Frame to Retrieve?
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External Memory Bank

𝑓9𝑓𝑖

WorldMem: Design External Memory
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𝑓𝑖−1𝑓𝑗+1 𝑓𝑗+2 𝑓𝑗+3
Generated 

current frame

Short Context

……𝑓1 𝑓2 𝑓3 𝑓𝑗

camera

time

FOV-based retrieval

𝑎 action

Zeqi Xiao, et al, WorldMem: Long-term Consistent World Simulation with Memory, NeurIPS 2025



External Memory Bank

𝑓9𝑓𝑖

WorldMem: Design External Memory
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𝑓𝑖−1𝑓𝑗+1 𝑓𝑗+2 𝑓𝑗+3
Generated 

current frame

Short Context

……𝑓1 𝑓2 𝑓3 𝑓𝑗

camera

time

FOV-based retrieval

𝑎 action
Memory attention 

(pose & time aware)

Zeqi Xiao, et al, WorldMem: Long-term Consistent World Simulation with Memory, NeurIPS 2025
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Video World 
Model

Memory
action



Hand2World



Yuxi Wang, et al, Hand2World: Autoregressive Egocentric Interaction Generation via Free-Space Hand Gestures, arXiv 2026



Rethinking Video Diffusion Models …

63

WAN[1] finetuned on Arctic dataset[2]

[1] Team Wan, Wan: Open and Advanced Large-Scale Video Generative Models, 2025

[2] Zicong Fan et al, ARCTIC: A Dataset for Dexterous Bimanual Hand-Object Manipulation, CVPR 2023

[3] Valentin Gabeur, Shangbang Long, Songyou Peng et al, Image Generators are Generalist Vision Learners, arXiv preprint, 2026

The fact that they can generate implies that they understand the
• structure
• motion
• correspondence

Vision Banana[3]



On the other hand …

64[1] Kristen Grauman et al, Ego4D: Around the World in 3,000 Hours of Egocentric Video, CVPR 2022

Ego4D [1]

Egocentric vision is increasingly important Yet understanding hand motion is still challenging ...



Leveraging VDMs for 3D Hand Motion Capture?
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Egocentric Input

Video Diffusion 
Model

MANO 
Projector

4D Hand Mesh

Yuxi Wang, Chengkai Jin, et al, The Surprising Effectiveness of Video Diffusion Models for Hand Motion Reconstruction, arXiv 2026



ViDiHand Stage 1: V2V overlay finetuning

66Zeyinzi Jiang et al, VACE: All-in-One Video Creation and Editing, ICCV 2025

Video Diffusion 
Model - VACE

Overlay mask prediction

Steer the video diffusion representation to focus more on hands

Input video

VDM
Feature

Yuxi Wang, Chengkai Jin, et al, The Surprising Effectiveness of Video Diffusion Models for Hand Motion Reconstruction, arXiv 2026



ViDiHand Stage 2: MANO Decoder Training
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VDM
Feature

Attention

Conv

Hand heatmap
(21 joints)

Attention 
fusion Projector

Learned hand 
query tokens

MANO parameters

Yuxi Wang, Chengkai Jin, et al, The Surprising Effectiveness of Video Diffusion Models for Hand Motion Reconstruction, arXiv 2026



Quantitative Results: ARCTIC Benchmark

• Frame Accuracy 0.997 - 27x lower error rate than SOTA (WiLoR)
• EPE-p 12.4 px - 4.07x lower than SOTA (WildHands)
• Jitter 3.18 mm - 3.93x lower than SOTA (Dyn-HaMR)

Training: ARCTIC, HOT3D

Testing:

68
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Background

• Trend: Transformers are taking over visual effects that traditionally 
rely on hand-crafted graphics pipelines.

71

Rendering Simulation?3D Consistency

?

Seedance 2.5, Bytedance Chong et al, RenderFormer,  
SIGGRAPH2025



Related Works
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PhysiFormerRigidFormer ClothTransformer

Zhiyang Dou et al, RigidFormer: Learning Rigid Dynamics using Transformers, arXiv 2026

Yiming Chen et al, PhysiFormer: Learning to Simulate Mechanics in World Space, arXiv 2026

Yu Zhang et al, ClothTransformer: Unified Latent-Space Transformers for Scalable Cloth Simulation, arXiv 2026



Need of a More Compact Latent Space
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PhysLDM
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Spatial compression ratio: x 9.8 for 5000 vertices
Temporal compression ratio: x 8
Total compression ratio: x 78

Yu Zhang, et al, PhysLDM: A Latent-Diffusion Paradigm for High-Fidelity Deformable Simulation, to appear on arXiv soon

Dim: 512

• Transformer-based S-T VAE

• Factor coordinate into a global rigid transform 
acting on a canonical deformation



PhysLDM
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Spatial compression ratio: x 9.8 for 5000 vertices
Temporal compression ratio: x 8
Total compression ratio: x 78

Yu Zhang, et al, PhysLDM: A Latent-Diffusion Paradigm for High-Fidelity Deformable Simulation, to appear on arXiv soon

Dim: 512



ST-VAE Reconstruction Results
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ST-VAE Reconstruction Results
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ST-VAE Reconstruction Results
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LDM Simulation - Objaverse held-out
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PhysLDM (Ours)



LDM Simulation – OOD: GSO and toys4d

80

PhysLDM (Ours)



LDM Simulation – Challenging Cases
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PhysLDM (Ours)



Extension to Multi-body
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Solving Inverse Problem: Material Estimation

83
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Depth Estimation 3D Reconstruction

3D in Video Generative Model 3D Simulation

Exploit depth cue from bokeh effect in 
image diffusion models Build streaming reconstruction model via causal attention

Exploit VGGT for dense semantic matching

Build 3D consistent video world model via memory
Exploit video diffusion models for 3D hand motion capture

Build latent diffusion model for 3D simulation
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