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3D Aware Diffusion
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DiffRF: Train with 3D Ground Truth

2[Mueller et al. 23] DiffRF
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DiffRF: Results

3[Mueller et al. 23] DiffRF
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DiffRF: Masked Predictions

4[Mueller et al. 23] DiffRF
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DiffRF: Masked Predictions

5[Mueller et al. 23] DiffRF



Prof. Niessner

L3DG: Latent 3D GaussianDiffusion
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[Roessle et al. 24] L3DG
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L3DG: Latent 3D GaussianDiffusion
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L3DG: Latent 3D GaussianDiffusion
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15k models

[Roessle et al. 24] L3DG
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L3DG: Latent 3D GaussianDiffusion
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ĄGenerating 3D Gaussians in latent space enables higher detail on 
object -level generation and scalability to room -sized scenes.

[Roessle et al. 24] L3DG
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Discussion: Diffusion vs GANs
Rspcmfn jt bmxbzt usbjojoh ebubǼ

ÅDiffusion: input vs output need same dimensionality

ÅGANs: partial information feasible (e.g., reprojection , 
similar to GRAF, PiGAN, EG3D)

10



Prof. Niessner

DreamFusion

11[Poole et al. 22] DreamFusion

Score Distillation Sampling (SDS)
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Score Distillation Sampling (SDS)
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Score Distillation Sampling (SDS)
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Score Distillation Sampling (SDS)
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DreamFusion

15[Poole et al. 22] DreamFusion
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DreamFusion

16[Poole et al. 22] DreamFusion
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SDS Follow Ups
ÅProlificDreamer (variational SDS)

17[Wang et al. 23] ProlificDreamer
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SDS Follow Ups
ÅProlificDreamer (variational SDS)

18[Wang et al. 23] ProlificDreamer
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DreamGaussian

19[Tang et al.. 24] Dream Gaussian
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DreamGaussian

20[Tang et al.. 24] Dream Gaussian
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SceneTex

21[Chen et al.. 24] SceneTex
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Baroque Bohemian

French Japanese
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InstructNerf2Nerf
ÅScene Editing: iteratively replace dataset with image 

editing model + keep optimizing NeRF

23[Haque et al.. 23]

https://arxiv.org/pdf/2303.12789
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InstructNerf2Nerf

24[Haque et al.. 23]

https://arxiv.org/pdf/2303.12789
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World Building

25



Prof. Niessner

Exploit powerful 2D priors
ÅManual creation of scenes takes tremendous 

expertise and time:

ÅHow can we leverage 2D diffusion models to 
generate entire 3D worlds?
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Source: https://youtu.be/yCHT23A6aJA

https://youtu.be/yCHT23A6aJA
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Text2Room
ÅScene Generation: iteratively lift generated images 

into textured mesh via render -refine-repeat pattern

27[Höllein, Cao et al.. 23]

https://lukashoel.github.io/text-to-room/
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Text2Room
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WonderWorld : Interactive 3D Scene 
Generation from a Single Image

29[Yu et al.. 25] WonderWorld : Interactive 3D Scene Generation from a Single Image
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WonderWorld : Interactive 3D Scene 
Generation from a Single Image

30[Yu et al.. 25] WonderWorld : Interactive 3D Scene Generation from a Single Image

FLAGS =  Fast LAyered Gaussian Surfels
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ControlRoom3D

31[Schult et al.. 24]

https://jonasschult.github.io/ControlRoom3D/


Prof. Niessner

ControlRoom3D
ÅScene Generation with semantic control

32[Schult et al.. 24]

https://jonasschult.github.io/ControlRoom3D/
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Video Models For 3D Generation
1. generate videos along camera 

trajectories (cond on prev data)
2. reconstruct 3D scene from all 

frames (e.g., 3DGS / NeRF)
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[Schneider, Höllein et al.. 25]

Needed: explicit camera control for video generation
Ą Via pixel-xjtf ǶraymapsǷ
Ą Via reprojection + inpainting

https://mschneider456.github.io/world-explorer/
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CameraCtrl
ÅPlucker (pixel-xjtf ǶraymapsǷ+ tqfdjgjft npujpo
ÅTrain only a few mapping layers + camera encoder

34[He et al.. 24]

https://arxiv.org/pdf/2404.02101
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CameraCtrl

35[He et al.. 24]

https://arxiv.org/pdf/2404.02101


Prof. Niessner

ViewCrafter
ÅPointcloud renders specify camera motion
ÅFinetune video model on this inpainting task

36[Yu et al.. 24]

https://arxiv.org/pdf/2409.02048
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ViewCrafter

37[Yu et al.. 24]

https://arxiv.org/pdf/2409.02048


Prof. Niessner

Wonderland: Navigating 3D Scenes from 
a Single Image

38[Liang et al.. 24] Wonderland: Navigating 3D Scenes from a Single Image
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Wonderland: Navigating 3D Scenes from 
a Single Image
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Dual-branch camera conditioning

Camera-guided video diffusion model Feed-forward reconstruction with 
latent large reconstruction model 
(LaLRM)

[Liang et al.. 24] Wonderland: Navigating 3D Scenes from a Single Image
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FlexWorld : Progressively Expanding 3D 
Scenes for Flexiable-View Synthesis

40[Chen et al.. 25] FlexWorld : Progressively Expanding 3D Scenes for Flexiable-View Synthesis
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FlexWorld : Progressively Expanding 3D 
Scenes for Flexiable-View Synthesis

41[Chen et al.. 25] FlexWorld : Progressively Expanding 3D Scenes for Flexiable-View Synthesis
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GEN3C: 3D-Informed World -Consistent Video 
Generation with Precise Camera Control

42[Ren et al.. 25] GEN3C: 3D-Informed World -Consistent Video Generation with Precise Camera Control
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GEN3C: 3D-Informed World -Consistent Video 
Generation with Precise Camera Control
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Spatial-temporal cache: one colored 
3D point cloud per input view

Fuse renderings from different point 
clouds, by max pooling in latent space
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[Ren et al.. 25] GEN3C: 3D-Informed World -Consistent Video Generation with Precise Camera Control
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Stable Virtual Camera: Generative View 
Synthesis with Diffusion Models
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Input: 
single 
image


