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➢4D Generation with Multi-view Video Generation

Content

2



3

We Inferred the Past Motion of an Observed Object…
How About the Future Motion of the Object?

Stereo4D Learning How Things Move in 3D from Internet Stereo Videos .  Jin et al.

past now future

?

?
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Unfortunately, the Future is Not Unique.  We May 
Have Multiple Plausible Futures

past now

Faceplant

future

Prat fall

Squat

Nosedive
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Can We Use Generative Models to Predict Futures?

past now

Faceplant

future

Prat fall

Squat

Nosedive
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Can We Use Generative Models to Predict Futures?

• Previously, we obtained 3D from 2D images; We obtained 
4D from 2D videos.

• Can we generate 3D/4D world without 2D data?
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Can We Use Generative Models to Generate a 3D 
World?

• Previously, we obtained 3D from 2D images.

• How to generate a 3D world?
➢ Generate 3d assets directly→The 3D generative is not 

competent yet, as the amount of available 3D data is still small
➢ Generate multi-view 2D images and lift to 3D →Yes! 2D 

generation is already great, since we have a huge amount of 2D 
images available on the Internet.
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Generate 3D Assets with Diffusion Models

• Idea: Generate 3D assets with diffusion models

• The availability and scalability of training data?

• The choice of 3D representations

➢ How to model shape and visual appearance?

➢ Do we need a joint representations?



Objaverse-XL: A Universe of 10M+ 3D Objects.  Deitke et al.  NeuRIPS 2023. 10

The availability and scalability of training data
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Representations

• Representations of shapes

➢ Voxel grids

➢ Point clouds

➢ Meshes

➢ 3D GS

➢ …

• Representations of visual appearance

➢ Texture maps

➢ RGB

➢ Spherical harmonics

➢ …

• What are better design choices?
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Structured Latents

• A unified 3D latent representations for high-quality 3D generation via 
active voxels

➢ Represent shape by active voxel positions pi i=1
L , which are sparse 

voxels intersecting the object’s surface

➢ Represent appearance by image features fi i=1
L , which extracted 

from densely rendered views and attached onto active voxels



14

Issue: Image Features are Overly High Dimensional 

• DINOv2 is used to extract image features, which has 2048 dimensions.  
Generating high-dimensional data is computationally expensive

• Idea: compress image features fi i=1
L  to low-dimensional latents zi i=1

L  
with VAE by reconstructing (1) 3D GS, (2) Meshes and (3) Radiance fields
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Generate Unified 3D Latent Representations

• A unified 3D latent representation pi, zi i=1
L  for high-quality 3D 

generation via active voxels, with active voxel positions pi i=1
L  and 

visual latents zi i=1
L

• A two-stage generation pipeline: first generate sparse structures pi i=1
L  

then generate visual representations zi i=1
L

• Consider flow matching as the generative model
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a, b, c
⋮

d, e, f

Sparse active 
voxel positions

Dense binary 
voxel grids

How to Generate Sparse Structures pi i=1
L

• Challenge 1: Active voxel positions pi i=1
L  are “set” representations, while 

generating such unordered data with diffusion models is challenging

• Solution 1: Reorganize active voxels as binary voxel grids



17

How to Generate Sparse Structures pi i=1
L

• Challenge 1: Active voxel positions pi i=1
L  are “set” representations, while 

generating such unordered data with diffusion models is challenging

• Solution 1: Reorganize active voxels as binary voxel grids

• Challenge 2: Voxel grids are costly to generate

• Solution 2: Compress voxel grids into low-dim voxel latents with VAE and 
learn diffusion models to generate these latents

a, b, c
⋮

d, e, f

Sparse active 
voxel positions

Dense binary 
voxel grids

Encoder

Dense voxel 
latents

Decoder



18

How to Generate Visual Representations zi i=1
L

• Challenge 1: Visual representations zi i=1
L  are “set” representations, while 

generating such unordered data with diffusion models is challenging

• Solution 1: Reorganize active voxels as N × N × N × d voxel grids (d 
denotes the dimension of zi)

• Challenge 2: The N × N × N × d voxel grids is overly high-dimensional

• Solution 2: Compress the N × N × N × d voxel grids to lower-dimensional 
voxel grids with sparse 3D convolution
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Generate Unified 3D Latent Representations
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Results: Text to 3D Asset
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Results: Image to 3D Asset
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Results: 3D Asset Editing
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Results: Composable 3D World
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Results: Reconstruct Digital Twins from RGB Images
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However, 3D Asset Generation Has Scale Issues

Objaverse-XL: A Universe of 10M+ 3D Objects. Deitke et al.

10M+ object meshes 5B+ text-image pairs

Is it possible  to generate 3D from image generation? 
Will it be better than 3D asset generation?
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Can We Obtain 3D Object from 2D Image Generation?

Slide credit: https://cvpr2023-tutorial-diffusion-models.github.io/

Diffusion 
model

Reconstruct 3D from single image 
is an ill-posed problem
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Can We Generate Multiple Views of the Input Image 
from Image Diffusion Model?

Slide credit: https://cvpr2023-tutorial-diffusion-models.github.io/

Diffusion 
model



Denoising Diffusion Probabilistic Models.  Ho et al.  NeuRIPS 2020.

Let’s Revisit The Learning Objective of 
Diffusion Models

• 𝑝𝜃 𝑥0 ≔ ׬  𝑝𝜃 𝑥0:𝑇 𝑑𝑥0:𝑇

• 𝑝𝜃 𝑥0:𝑇 ≔ 𝑝(𝑥𝑇) ς𝑡=1
𝑇 𝑝𝜃 𝑥𝑡−1|𝑥𝑡

• Diffusion models minimize the variational bound (ELBO) on negative log likelihood

𝔼 − log 𝑝𝜃 𝑥0 ≤ 𝔼𝑞 − log
𝑝𝜃 𝑥0:𝑇

𝑞 𝑥1:𝑇 𝑥0
= 𝔼𝑞 − log 𝑝(𝑥𝑇) − ෍

𝑡≥1

log
𝑝𝜃 𝑥𝑡−1|𝑥𝑡

𝑞 𝑥𝑡 𝑥𝑡−1

= 𝔼𝑞 𝐷𝐾𝐿  𝑞 𝑥𝑇 𝑥0 ԡ𝑝𝜃(𝑥𝑇) + ෍

𝑡≥1

𝐷𝐾𝐿  𝑞 𝑥𝑡−1 𝑥𝑡 , 𝑥0 ԡ𝑝𝜃 𝑥𝑡−1|𝑥𝑡  − log 𝑝𝜃 𝑥0|𝑥1

𝐿𝑇 𝐿𝑡−1 𝐿0
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The Learning Objective of Diffusion Models

• ෤𝜇𝑡 𝑥𝑡 , 𝑥0 ≔
ഥ𝛼𝑡−1𝛽𝑡

1−ഥ𝛼𝑡
𝑥0 +

𝛼𝑡(1−ഥ𝛼𝑡−1)

1−ഥ𝛼𝑡
𝑥𝑡

• 𝑥𝑡 𝑥0, 𝜖 = ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡𝜖

• To maximize the likelihood 𝑝𝜃 𝑥0 , we need to minimize the negative log likelihood of 
intermediate diffusion samples

𝐿𝑡−1 = 𝔼𝑞 𝐷𝐾𝐿  𝑞 𝑥𝑡−1 𝑥𝑡 , 𝑥0 ԡ𝑝𝜃 𝑥𝑡−1|𝑥𝑡  = 𝔼𝑞

1

2𝜎𝑡
2 ෤𝜇𝑡 𝑥𝑡 , 𝑥0 − 𝜇𝜃 𝑥𝑡 , 𝑡 2 + 𝐶

𝐿𝑡−1 ∝ 𝔼𝑥0,𝜖

1

𝛼𝑡
𝑥𝑡 𝑥0, 𝜖 −

𝛽𝑡

1 − ത𝛼𝑡

𝜖 −
1

𝛼𝑡
𝑥𝑡 −

𝛽𝑡

1 − ത𝛼𝑡

𝜖𝜃(𝑥𝑡 , 𝑡)

2

Do you know how to show this?
Check the Eq 8 and 9 of the paper

This results from how we 
parameterize our diffusion model

31



We Can Optimize the Generated Sample by 
Minimizing the Intermediate Diffusion Loss

• 𝑥𝑡 𝑥0, 𝜖 = ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡𝜖

• To maximize the likelihood 𝑝𝜃 𝑥0 , we need to minimize the negative log likelihood of 
intermediate diffusion samples

𝐿𝑡−1 ∝ 𝔼𝑥0,𝜖 𝜖 − 𝜖𝜃 𝑥𝑡 , 𝑡 2 = 𝔼𝑥0,𝜖 𝜖 − 𝜖𝜃 ത𝛼𝑡𝑥0 + 1 − ത𝛼𝑡𝜖, 𝑡
2

• But here, instead of optimizing the diffusion model parameterized by 𝜃, we aim to 
optimize 𝑥0.  In other words, if 𝑥0 is sampled from the same distribution (of the training 
data), the diffusion loss would be small.

32



Image credit https://yang-song.net/blog/2021/score/

Add noise
Denoise

33

Observation: Noising good x0 
is more easily to denoise back 
to clean samples than bad x0.

Idea: optimizing denoising loss 
to search good x0



3D-from-2D Reconstruction Recipe: Render a 
View from Differentiable 3D Model

• Goal: A 3D volume to be optimized, 
which can can be voxel grids, NERF, 
or 3DGS

• Idea: optimize the differentiable 3D 
volume with the prior knowledge in 
2D generative models

• Supervision signal: rendering loss 
between rendered and generated 
images

DreamFusion: Text-to3D Using 2D Diffusion.  Poole et al.  ICLR 2022. 34



Image credit https://yang-song.net/blog/2021/score/

Add noise

Denoise

35

Rendered 
view

Generated 
view



Backpropagate onto Nerf weights 

Backpropagate through the 
diffusion model is very expensive!

DreamFusion: Text-to3D Using 2D Diffusion.  Poole et al.  ICLR 2022. 36

3D-from-2D Reconstruction Recipe: Render a 
View from Differentiable 3D Model



3D-from-2D Reconstruction Recipe

Approximate the gradients by bypassing 
the whole diffusion model

37DreamFusion: Text-to3D Using 2D Diffusion.  Poole et al.  ICLR 2022.



Results: Distillation of 3D from Image Diffusion

38DreamFusion: Text-to3D Using 2D Diffusion.  Poole et al.  ICLR 2022.

Problem: Without any 3D prior knowledge, generated views are inconsistent



Zero-1-to-3: Zero-shot One Image to 3D Object.  Liu et al.  ICCV 2023.

Better Ideas: Fine-tune Image Diffusion Model 
for Multi-View Generation

39

Enable conditioning 
on camera angles



Objaverse-XL: A Universe of 10M+ 3D Objects.  Deitke et al.  NeuRIPS 2023.

Generate Training Data of Camera Poses and 
Rendered Views from 3D Asset Dataset

40



Results: More Consistent View Generation

41Zero-1-to-3: Zero-shot One Image to 3D Object.  Liu et al.  ICCV 2023.



MVDream: Multi-view Diffusion for 3D Generation.  Shi et al.  NeuRIPS 2023.

Inconsistency is still the Problem

42



MVDream: Multi-view Diffusion for 3D Generation.  Shi et al.  NeuRIPS 2023.

Idea: Concurrently Predict Multiple Views

43



More Consistent Multi-View Generation

44MVDream: Multi-view Diffusion for 3D Generation.  Shi et al.  NeuRIPS 2023.



SV3D: Novel Multi-view Synthesis and 3D Generation from a Single Image using

Latent Video Diffusion.  Voleti et al.  ECCV 2024.

A Better Idea: Concurrently Predict Videos of 
Multiple Views

45



SV3D: Novel Multi-view Synthesis and 3D Generation from a Single Image using

Latent Video Diffusion.  Voleti et al.  ECCV 2024.

Camera-view Trajectory as Video

46



SV3D: Novel Multi-view Synthesis and 3D Generation from a Single Image using

Latent Video Diffusion.  Voleti et al.  ECCV 2024. 47
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We Have Covered in Previous Lecture.  The Idea is to 
Decouple Shape and Motion Generation

49

Encoder Decoder

Gaussian Variation Field Diffusion for High-fidelity 
Video-to-4D Synthesis.  Zhang et al.

G1 Gt

∆Gt ∆Gt
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How to Generate a 4D World with Video Diffusion?

• How to generate a 4D world?
➢ Generate multi-view 2D videos and lift to 4D
➢ Generate multi-view 2D images and lift to 3D, and generate 

motion of these 3D assets
➢ Generate 3D videos



Idea: Generate Multi-view Videos and Lift to 4D

SV4D 2.0: Enhancing Spatio-Temporal Consistency in Multi-View 

Video Diffusion for High-Quality 4D Generation.  Yao et al. 52



Generate Multi-view Videos and Lift to 4D

SV4D 2.0: Enhancing Spatio-Temporal Consistency in Multi-View 

Video Diffusion for High-Quality 4D Generation.  Yao et al. 53



Generate Multi-view Videos and Lift to 4D

SV4D 2.0: Enhancing Spatio-Temporal Consistency in Multi-View 

Video Diffusion for High-Quality 4D Generation.  Yao et al. 54



Generate Multi-view Videos and Lift to 4D

SV4D 2.0: Enhancing Spatio-Temporal Consistency in Multi-View 

Video Diffusion for High-Quality 4D Generation.  Yao et al. 55



CAT4D: Create Anything in 4D with Multi-View Video Diffusion 

Models.  Wu et al. 56



CAT4D: Create Anything in 4D with Multi-View Video Diffusion 

Models.  Wu et al. 57



CAT4D: Create Anything in 4D with Multi-View Video Diffusion 

Models.  Wu et al. 58

Results: 4D Reconstruction

input Fixed View Varying Time Varying View Fixed Time Varying View Varying Time



CAT4D: Create Anything in 4D with Multi-View Video Diffusion 

Models.  Wu et al. 59

Results: 4D Reconstruction

input Fixed View Varying Time Varying View Fixed Time Varying View Varying Time

Have you seen the problem?



Generated Videos are Often Physically Incorrect.  
We Need to Model the Motion Explicitly.

60

Video generated by Veo3 Video generated by Veo3



Idea: Create 3D Assets by Generating Multi-
view Images and Generate the 3D Motion

DreamGaussian4D: Generative 4D Gaussian Splatting.  Ren et al. 61



DreamGaussian4D: Generative 4D Gaussian Splatting.  Ren et al. 62

Generate the Motion Field from a Reference Video



Predict the Motion of 3D Gaussians with a 
Neural Network

63DreamGaussian4D: Generative 4D Gaussian Splatting.  Ren et al. 



Given a single-view image:
1. 3D-from-2D reconstruction
2. Flow prediction which deforms the 3D 

model at each frame
3. Image-to-Video prediction to guide the 

optimization of flow prediction

Once we have deformed 3D model at each frame:

64DreamGaussian4D: Generative 4D Gaussian Splatting.  Ren et al. 

Create 3D Assets by Generating Multi-view 
Images and Generate the 3D Motion



What are the Problems?

65

• The distribution of motion is 
implicitly captured by the video 
generator

• The distribution of motion is coupled 
with the distribution of appearance  

• Can we generate generate motion 
explicitly?



Generative model Decoder

Low-resolution 
features

RGB image

66

XYZ Point map

Idea: Generate 3D Videos

Geometry-aware 4D Video Generation for Robot Manipulation. Liu et al
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3D Video Generator

Geometry-aware 4D Video Generation for Robot Manipulation. Liu et al



68Geometry-aware 4D Video Generation for Robot Manipulation. Liu et al

Ground-truth

Generation



What Other Motion Can We Generate 
with Diffusion Models?

69
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Diffusion Models that Generate Rigid-body Motion

Shelving, Stacking, Hanging: Relational Pose Diffusion

for Multi-modal Rearrangement. Simeonov et al.

• Idea: Use a diffusion model to generate 6 DoF object poses for 
arranging objects in a scene

• Problem: 6 DoF object poses belongs to 𝑆𝐸(3) group (a special set 
of 3 × 4 matrices).  However, the diffusion model we discussed is 
based on the Gaussian formulation.  How to generalize the 
diffusion model to 𝑆𝐸(3)?
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Generalize Diffusion Models to 𝑆𝐸(3)

• Idea 1: Formulate the noising and denoising process with 𝑆𝐸(3)
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Generalize Diffusion Models to 𝑆𝐸(3)

• Idea 2: Extend the definition of noise from a Gaussian noise to a random 

transform 𝑇∆
𝑟𝑎𝑛𝑑 ∈ 𝑆𝐸(3), and define the sample at diffusion step 𝑖 as a 

transform 𝑇 
(𝑖) ∈ 𝑆𝐸(3)

• In DDPM, we sample from a Gaussian noise and denoising it into a sample.  
Here, initial rotations are drawn from a uniform grid over 𝑆𝑂(3) and 
translations are uniformly drawn from the bounding box of the scene.

𝑇 
(𝑖−1) = 𝑇∆

𝑟𝑎𝑛𝑑𝑇∆
𝑖𝑇 

(𝑖)

𝑥𝑖−1 = 1
𝛼𝑖

𝑥𝑖 − 1−𝛼𝑖

1−𝛼𝑖
𝜖𝜃 𝑥𝑖 , 𝑖 + 𝛿𝑖𝒛

Shelving, Stacking, Hanging: Relational Pose Diffusion

for Multi-modal Rearrangement. Simeonov et al.
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Diffusion Models that Generate Rigid-body Motion

Shelving, Stacking, Hanging: Relational Pose Diffusion

for Multi-modal Rearrangement. Simeonov et al.
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Results

Shelving, Stacking, Hanging: Relational Pose Diffusion

for Multi-modal Rearrangement. Simeonov et al.



75 MDM: Human Motion Diffusion Model. Tevet et al.

Diffusion Models that Generate Particle Motion

• Idea: Generate human poses 𝑥1:𝑁 = 𝑥1, 𝑥2, 𝑥3, 𝑥4, . . . 𝑥𝑁  represented by 
either joint rotations or positions  



76 MDM: Human Motion Diffusion Model. Tevet et al.

Diffusion Models that Generate Particle Motion

• Idea: Generate human poses 𝑥1:𝑁 = 𝑥1, 𝑥2, 𝑥3, 𝑥4, . . . 𝑥𝑁  represented by 
either joint rotations or positions  



77 MDM: Human Motion Diffusion Model. Tevet et al.

“a person turns to his right and paces back and forth.”

Results



Are Our Generated 4D Worlds or Motions 
Physically Correct?

78 https://deepmind.google/technologies/veo/veo-2/



• Physical modeling
➢ Rigid-body motion

What We Will Cover the Next Week

79
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