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Video World Models
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Autoregressive Generation
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Autoregressive Generation
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Autoregressive Generation
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Autoregressive Generation
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Autoregressive Generation
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Inconsistency from Limited Context Window

Oasis, https://oasis-model.github.io/
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WorldMem: Long-term Consistent 
World Simulation with Memory

1S-Lab, Nanyang Technological University,
2Wangxuan Institute of Computer Technology, Peking University,

3Shanghai AI Laboratory

Zeqi Xiao1 Yushi Lan1 Yifan Zhou1 Wenqi Ouyang1

Shuai Yang2 Yanhong Zeng3 Xingang Pan1

Zeqi Xiao

NeurIPS 2025
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Motivation: Design External Memory
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Geometry-aware memory

…𝑓1 𝑓2 𝑓3 𝑓𝑗

𝑓𝑖

3D Reconstruction [1,2]

Restrict flexibility
• Modify or interact with the world is challenging
• Hard to model dynamic scene

Geometry-free memory

…𝑓1 𝑓2 𝑓3 𝑓𝑗 𝑓𝑖

• Less cumbersome design. Clean and scalable
• Easier to model dynamic scene
• Contain all details

[1] ViewCrafter: Taming Video Diffusion Models for High-fidelity Novel View Synthesis
[2] VMem: Consistent Interactive Video Scene Generation with Surfel-Indexed View Memory
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External Memory Bank
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Design External Memory
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Which Memory Frame to Retrieve?
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External Memory Bank
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Design External Memory
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External Memory Bank
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Design External Memory
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Experiments

WorldMem maintains consistency 
over long trajectory.
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Experiments

By making timestamp as part of the state, we achieve consistent event.
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Notable Related Works
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[1] Jiwen Yu et al, Context as Memory: Scene-Consistent Interactive Long Video Generation with Memory Retrieval, SIGGRAPH Asia 2025

[2] Xuanchi Ren, Tianchang Shen, et al, GEN3C: 3D-Informed World-Consistent Video Generation with Precise Camera Control, CVPR 2025

Context as Memory[1] Gen3C[2]



Video World Model for Spatial Intelligence?

21

Video World 
Model action

Video World 
Model

Find and go to the table in 
the living room

• Understanding 3D structure
• Understanding semantic layout
• Planning towards goals
• Maintaining long-horizon temporal coherence



Video4Spatial: Towards Visuospatial Intelligence with 
Context-Guided Video Generation

1Netflix,
2Nanyang Technological University,

3University of Oxford
4Netflix Eyeline Studios

Zeqi Xiao1,2 Yiwei Zhao1,*, Lingxiao Li1, Yushi Lan3, Ning Yu4, 
Rahul Garg1, Roshni Cooper1, Mohammad H. Taghavi1 Xingang Pan2,*

Zeqi Xiao

CVPR 2026 Findings



Customized Video Generation via Context
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Video Generation as Spatial Reasoner
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Clean context 
frames

𝑓𝑖𝑓1 𝑓2

Denoised frames
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The camera moves smoothly 
through a bedroom. Finally, it 

focuses on a guitar in the 
center of the frame.

*Red bbox is generated by the model
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The camera moves smoothly 
through a bedroom. Finally, it 

focuses on a guitar in the 
center of the frame.

The camera moves smoothly 
through a bedroom. Finally, it 
focuses on a green plant in 
the center of the frame.

The camera moves smoothly 
through a bedroom. Finally, it 

focuses on a door in the 
center of the frame.

The camera moves smoothly 
through a bedroom. Finally, it 

focuses on a door in the 
center of the frame.

Video Diffusion Model

Clean context frames

Experiments
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Target object: Bicycle Target object: Tree

Video Diffusion Model

Clean context frames

OOD Generalization

Camera pose instruction Results



Failure Cases

27

Context

The camera moves smoothly 
through a kitchen. Finally, it 

focuses on a sink in the center 
of the frame.

Failure case: temporal discontinuity

Context Failure case: incorrect grounding

The camera moves from a 
desk area. Finally, it focuses 
on a suitcase in the center of 

the frame.



Rethinking Video Diffusion Models …
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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 …

29[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 Hand Motion Capture?
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The Surprising Effectiveness of Video Diffusion
Models for Hand Motion Reconstruction

1Nanyang Technological University,
2 The Chinese University of Hong Kong

3ACE Robotics

Yuxi Wang*1, Chengkai Jin*1, Yufei Liu 2, Wenqi Ouyang1, Tianyi Wei1, 
Zhiwei Zeng 1, Siyuan Huang 3, Zhiqi Shen1, Xingang Pan1

To appear on arXiv soon

Chengkai JinYuxi Wang



ViDiHand Stage 1: V2V overlay finetuning

32Zeyinzi 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



ViDiHand Stage 2: MANO Decoder Training
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Quantitative Results: ARCTIC Benchmark

• Frame Accuracy 0.997 - 27x lower error rate than SOTA (WiLoR)
• PA-p 9.82 mm - 1.42x lower than SOTA (WildHands)
• 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:

34



Quantitative Results: ARCTIC Benchmark

Evaluation on HOT3D and HOI4D, HOI4D is not included in training

35





Failure Cases
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Predicted overlay Predicted hand mesh



2D Video World Models
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3D World Models

Video Diffusion 
Model

ti

t0 ~ ti-1

PointWorld [1]

[1] Wenlong Huang et al, PointWorld: Scaling 3D World Models for In-The-Wild Robotic Manipulation, CVPR 2026

[2] Zhiyang Dou et al, RigidFormer: Learning Rigid Dynamics with Transformers, arXiv preprint, 2026

RigidFormer [2]



ClothTransformer
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Yu Zhang

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

Garment Grasp Collision

We construct a ~493.4k-frame penetration-free dataset spanning three scenarios:



ClothTransformer
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Yu Zhang

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



Summary
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Video World 
Model

Memory
action

World model with memory mechanism

The camera focuses on a guitar in 
the center of the frame.

Video Diffusion 
Model

context

VDM for spatial reasoning

Video
Diffusion 

Model

VDM for hand motion capture
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Q & A
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