TUTi

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

Radiance Field Fitting Radiance Diffusion Denoising Lgr + w(t)LreB

Prof. Niessner [Mueller et al. 23] DiffRF -



' Results

RF

h

f.

3

Mueller et al. 23] DiffRF

Prof. Niessner



Prof. Niessner

IffRF: Masked Predictions
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DIffRF: Masked Predictions
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L 3DG: Latent 3D Gaussian Di
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| 3DG: Latent 3D Gaussian Diffusion




| 3DG: Latent 3D Gaussian Diffusion
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| 3DG: Latent 3D Gaussian Diffusion

- Generating 3D Gaussians in latent space enables higher detail on
object-level generation and scalability to room-sized scenes,

Prof. Niessner [Roessle et al 24l L3DG o



Discussion: Diffusion vs GANS

Problem is always training data..
« Diffusion: input vs output need same dimensionality

« GANSs: partial information feasible (e.q., reprojection,
similar to GRAF, PIGAN, EG3D)

Prof. Niessner
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DreamFusion

"a DSLR photo of a
peacock on a surfboard" Imagen

21~ U0, soted)
f;nacring 5 .

colore |/ P(camera) ® ~N(O])

NeRF Backpropagate onto NeRF weights

Score Distillation Sampling (SDS)

Prof. Niessner [Poole et al. 22] DreamFusion 1



Score Distillation Sampling (SDS)

Loss functions for diffusion models

Loiet($, %) = Etmrs(0,1),e~n(0,1) [W(E)||€p(aex + o1€5) — €]|3]

Training a diffusion model: ¢* — arg m(;sin LDiff(qb, X)

Sampling from a diffusion model? x* = arg min LDiff(¢, X)
X

V(,LDiff(qS, X = g(0)) - Et,e w(t) (€¢(Zt; Y, t) - 6) %
~ _— . . i S~

Noise Residual U-Net Jacobian Generator Jacobian

0€y(z¢; 3, t) ox ]
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Score Distillation Sampling (SDS)

Score distillation sampling

VoLsps(¢,x = g(6)) = Eqc [w(t) (és(263,1) — €) g_z]

Lsps(0) = E¢ [w(t)KL(q(24;0,y,t)||ps (2t Y, t))]

= p(x)
= q(x)
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Score Distillation Sampling (SDS)

Using the score distillation loss

VoLsps(h,x = g(0)) = Ee,e [w(t) adad i E)
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DreamFusion

[Poole et al. 22] DreamFusion
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DreamFusion

[Poole et al. 22] DreamFusion
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SDS Follow Ups

o ProlificDreamer (variational SDS)

Back Propagation

A highly detailed Text to Image
sand castle. lefusmna

P I ———

1 €pretrain (Lt, T,
+ Finetune | — min (1, ¢, Y)
v —€4(xe,t,0,y)
Sample \
@ —_— —1 5 LoRA
o Render 2D Add Noise
a. & 1
»* NeRF/Mesh fhage l? Back Propagation
Particles of NeRF/Mesh minlk; ¢ o||l€s(xs, t,c,y) — € £
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dg(b,c)
vBL"VSD(6') ]Et €,C |: (t) (Epretrain(mta t: yc) - eq‘)(mia t7 C, y)) TQ’ ’

where x; = a;g(0, ¢)+ove.

Prof. Niessner [Wang et al. 23] ProlificDreamer



SDS Follow Ups

o ProlificDreamer (variational SDS)

Prof. Niessner [Wang et al. 23] ProlificDreamer 13



DreamGaussian

i) Generative Gaussian Splatting ii) Efficient Mesh Extraction
Text/Image
/Imag Densify
| —
Optimize e
Diffusion — '
Prior Random
View
SDS Loss X _ )
3D Gaussians 3D Gaussians Textured Mesh

Prof. Niessner
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DreamGaussian

anendoroid a nendoroid _ a potted a 3D model a 3D model
of a cute boy of a cute girl 4 PEiguIn cactus plant of a fox of a soldier

Prof. Niessner [Tang et al. 24] Dream Gaussian 2o



Scenelex

“A Bohemian style living room” “A country style living room”

Scene geometry Scene with generated texture

Prof. Niessner [Chen et al.. 24] SceneTex o1
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InstructNerf2Nerf

« Scene Editing: iteratively replace dataset with image
editing model + keep optimizing NeRF
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https://arxiv.org/pdf/2303.12789
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https://arxiv.org/pdf/2303.12789

World Building
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=xploit powerful 2D priors

e Manual creation of Scenes takes tremendous
expertise and time: 8 ke

Source: https.//youtu.be/yCHT23A6aJA

« How can we leverage 2D diffusion models to
generate entire 3D worlds?

Prof. Niessner


https://youtu.be/yCHT23A6aJA

TextcRoom

« Scene Generation: iteratively Ut generated images
iNto textured mesh via render-refine-repeat pattern

kitchen"

text2image
inpainting

) i},h l[ J ! ! mono depth |
inpainting

h[‘E, 7]

Depth
Alignment

Mesh Filter
& Fusion

[Hollein, Cao et al. 23] 27
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https://lukashoel.github.io/text-to-room/




WonaderWorld: Interactive 3D Scene
Generation from a Single Image

P Marienpiatz in Munich

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



WonderWorla: Interactive 3D Scene
Generation from a Single Image

> Guided depth

diffusion

Gwdance

Input image Ground depth

Text-guided
outpainting

y
i

User moves
camera

Rendered User specifies scene

Prof. Niessner

Single-view
layer generation [&%

Guided depth

.ﬁ —> Guided depth

diffusion

Guidance m l

Rendered depth

New scene image

Layer images

Guided depth

Layer generation
&
Optimize FLAGS

New 3D scene

FLAGS = Fast LAyered Gaussian Surfels

[Yu et al. 25] Wonder\WWorld: Interactive 3D Scene Generation from a Single Image
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ControlRoom3D

[Schult et al.. 24]
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https://jonasschult.github.io/ControlRoom3D/

ControlRoom3D

o« Scene Generation with semantic control

2D Proxy Renderings / J “Rustic farmhouse living room"\ 2D Proxy Renderings

¥ D U LI \
Ao — e

Panorama f Generation
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N Completion@
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AMono Depth
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\Superimposed Depth Ahgnment
[Schult et al., 24] 32



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

Video Models For 3D Generation

Iterative Video Trajectory Generation
explore scene along next camera path

1. generate videos along camera
trajectories (cond on prev data)

2. reconstruct 3D scene from all
frames (e.g., 3DGS / NeRF)

select 5 condition images from scene memory

< S

[Schneider, Hollein et al.. 25|

generated video

Needed: explicit camera control for video generation
- Via pixel-wise raymaps’
- Via reprojection + inpainting

Prof. Niessner 33


https://mschneider456.github.io/world-explorer/

CameraCtrl

« Plucker (pixel-wise 'raymaps’) specifies motion
« Train only a few mapping layers + camera encoder
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[He et al.. 24]
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Temporal Attention Layer
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https://arxiv.org/pdf/2404.02101
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[He et al.. 24]
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https://arxiv.org/pdf/2404.02101

ViewCrafter

« Pointcloud renders specity camera motion
« Finetune video model on this inpainting task

O Iterative View Synthesis

|
Updatel Point Cloud = Reference Image(s) Point-conditioned Novel Vi

ews
) T
Video Diffusion

\

Reconstruction b o g

Video
Denoising

Latent Images

Camera Trajectory

Prof. Niessner [Yu et al. 24]



https://arxiv.org/pdf/2409.02048

Prof. Niessner

ViewCrafter

[Yu et al. 24]
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https://arxiv.org/pdf/2409.02048

Wonderland: Navigating 3D Scenes from
~asSingle Image

ey -
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Wonderland: Navigating 3D Scenes from
a Single Image

Dual-branch camera conditioning

Camera
Token

Camexa Embedding
‘= —|eul ”

E
\\E:codmz :
tchxf\

Single Image

‘ Generated
Video Latent

Noise

,m~

Novel View

’ | Camera Embedding Visual Token Camera Token VisCam Token D Cam-LoRA @ Zero-linear :] Transformer Block @ Element-wise Sum © Concatenate

J | )

¥ i

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

Prof. Niessner [Liang et al. 24] Wonderland: Navigating 3D Scenes from a Single Image 39



Flex\World: Progressively Expanding 3D
Flexiable-View Synthesis

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



Flex\World: Progressively Expanding 3D
Scenes for FLeX|abLe View SyntheS|s

-

FlexWorld

‘s! ‘ l;l‘r »

l Dense stereo I Output Flexible-view (e.g. 360° rotation) renderings

Progressive 3D expansion Update

Expansion |

./," Ji /
Rendering Dense stere(;\ I Optimization

/ Large view change & Stl’Ol’lg V2V diffusion 1 ) = !

Prof Niessner  [Chen et al. 25] FlexWorld: Progressively Expanding 3D Scenes for Flexiable-View Synthesis 41




GENG3C: 3D-Informea World-Consistent Video
Generation with Precie Camera Control

Q.-

Prof. Niessner  [Ren et al. 25] GEN3C: 3D-Informed World-Consistent Video Generation with Precise Camera Control 42



GENG3C: 3D-Informea World-Consistent Video
Generation with Precise Camera Control

Spatial-temporal cache: one colored
3D point cloud per input view
i

I\/Iultipte tasks supported

~ Inputs &

Single-view (V =1,L = 1)

4

Multi-view (V > 1L,L = 1)

( -

1
3D cache (Sec. 4.1) ~
t=1L

ﬁﬁ *7 Render
@ 6 /Duplicatc t

Dynamlcudeo(s) V=1L> 1)J E

& —————
‘ l\\l
I

Fuse renderings from different point
clouds, by max pooling in latent space

Render 3D cache (Sec. 4.2)

\ Japoouyf

3D-informed video
generation (Sec. 4.3)

Latent video

Prof. Niessner  [Ren et al. 251 GEN3C: 3D-Informed World- Conastemt Video Generation W|th Precise Camera Control 43



Stable Virtual Camera: Generative View

Synthesis with Diffusion Models

™
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Stable Virtual Camera: Generative View
Synthesis with Diffusion Models

Training: fixed seq. len ( -in -out)

- B

Multi-View Diffusion Model

-n

Sampling: variable seq. len ( -in  -out)

Trajectory Generation
Prof. Niessner

Avg. over input views Cross Attn.
—> CLIP -
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[Zhou et al.. 25] Stable Virtual Camera: Generative View Synthesis with Diffusion Models 45



WorlaExplorer. Towards Generating Fully
Navigable 3D Scenes

apartment of a bioluminescent, gravity-  apartment of an urban industrial loft
defying, telepathic cosmic jellyfish hive  with exposed brick and ductwork -



WorlaExplorer. Towards Generating Fully
Navigable 3D Scenes

Panorama Initialization (§3. 2) Iterative Video Trajectory Geg‘leration (§3.3) 3D Scene Optimization (§3.4)

‘E‘e /’qu k|- 1@ T

generate 4 init images unpro_;ect u/mono- ‘ a video generation along expand scene scaffold

B pre-defined trajectories with additional views

“honey u)mb
observatory

¥~

scene render & mpaint other condition view sampling collision avoidance: o 2
scaffold 4 views from previous views discard close-up frames fully nav 1gab1e 3DGS scene

Prof. Niessner [Schneider, Hollein et al. 25] WorldExplorer: Towards Generating Fully Navigable 3D Scenes 47



Panoramas For World Generation

Panoramas capture significantly wider field of view

- Useful for world generation: less iterations necessary

Two flavours:
1. I:| ﬂ@tUﬂe dIﬁCUSlOﬂ mOdeL (MVDiffusion, DreamScenel360, LayerPano3D, Matrix-3D)

2. |terat|\/e |ﬂpa|ﬂtlﬂg (Diffusion360, SimpleRecipe, WorldExplorer)

Prof. Niessner 48


https://mvdiffusion.github.io/
https://dreamscene360.github.io/
https://ys-imtech.github.io/projects/LayerPano3D/
https://matrix-3d.github.io/
https://arxiv.org/pdf/2311.13141
https://katjaschwarz.github.io/worlds/
https://mschneider456.github.io/world-explorer/

World Generation From A Single Panorama

[Schwarz et al. 25] A Recipe for Generating 3D Worlds From a Single Image



World Generation From Multiple Panoramas

Input Image Panoramic Video 3D Scene

Prof. Niessner [Yang et al.. 25] Matrix-3D: Omnidirectional Explorable 3D World Generation 50



World Generation From Multiple Panoramas

« Camera Control via mesh renders
« Finetune video diffusion for panorama generation
« LRMto convert to 3DGS scene

Noisy Latent

I = i )

Scene Mesh Renders

(]
1\ —

z 1 |z 7~ —
“_l (A ,’;"\’ - w a P 3 ““ V .:‘: \r\
m .
P 2 Generated omnidirectional
. explorable 3D scene
© Channel-wise Concatenate B —

Prof. Niessner [Yang et al.. 25] Matrix-3D: Omnidirectional Explorable 3D World Generation 51




Minute-Long Consistent Video Generation

Generation
ourely with a
video model.

Do we still
need a 3D
representation?

[Google DeepMind, 2025] Genie 3: A new frontier for world models



History-Guided Video Diffusion

Autoregressive generation with video diffusion diverges
at some point (error accumulation)

Ground Truth
(quality reference)

862-frame video generation

[Chen et al.. 24] Diffusion Forcing: Next-token Prediction Meets Full-Sequence Diffusion
Prof. Niessner [Song et al.. 25] History-Guided Video Diffusion 53



history

noise level

History-Guided Video Diffusion

During Training: history are perfect camera images
Inference out-of-distribution: history are prev. generations (imperfect)
Diffusion Forcing: train with random noise levels per-frame

DiT \ —& DIT
? A ? A X Sc?Ie < * A * A * A * A * ‘
FF Patchify | Patchify Patchify Patchify | Patchify |
AdaLN = = = |
chle B
Attention
AdalN < MLP

Tokens Condition level k=0.6 k=1.0 k=0.2 k=0.5

Patchify Patchify

(a) Conventional Video Diffusion (b) Diffusion Forcing Transformer

[Chen et al.. 24] Diffusion Forcing: Next-token Prediction Meets Full-Sequence Diffusion
Prof. Niessner [Song et al.. 25] History-Guided Video Diffusion 54



History-Guided Video Diffusion

Inference fixed: history guidance with different amounts of noise
added to previous frames (hides frame artifacts in the noise)

Denoising X N
E X9 i ﬁ—b »@ V log pk @ |
E [J Clean Without History Guidance !
g : _______________________________ 1
1
£ poctacs EL':X Fully Masked| H_’ 51-[] |
= M © 1% e _ Vanilla History Guidance _ |
> | ; ! | | |
g SN S SU+E-E
Z. | g fim _S’ih_“ . ‘Y‘_’ ‘_l“_‘/_ 2 Temporal History Guidance
I--_-L---I Pt ___-—__t _______
T (e 858
: = \Partially ‘/”‘/\H/ : I Fractional History Guidance !
Random noise (a) Noise as maskmg (b) Estimating scores using DFoT (c) Composing scores

[Chen et al.. 24] Diffusion Forcing: Next-token Prediction Meets Full-Sequence Diffusion
Prof. Niessner [Song et al.. 25] History-Guided Video Diffusion 55



Prof. Niessner [Wu et al. 24] CAT4D: Create Anything in 4D with Multi-View Video Diffusion Models 56



Cat4D
Curate multi-view and video datasets and train a joint diffusion model

—p

Optimize dynamic
= 3D Gaussians
[

Sample from multi-view
video diffusion model

Input video Generated multi-view videos Dynamic 3D scene
Input views | Target views
Camera Scene |Camera Scene Real data Synthetic data )
motion motion| motion motion <— Time —
CO3D [55], MVImgNet [84] A . . .
v ] v ® RelOK [95], MC4K [36] g
X v 4 4 static-view videos Kubric [19], r%
v v v v | - . O
Objaverse [12]
v v | v x €OsD v
augmented with Lumiere [7]
v v X v static-view videos Video Multi-View Camera Control Multi-View Video
augmented with CAT3D [17]
v v b 4 X single image

Prof. Niessner [Wu et al. 24] CAT4D: Create Anything in 4D with Multi-View Video Diffusion Models 57



Administratives
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Current ‘DL Curriculum’

MA Semester 1. 12DL (+ various intro lectures) .\

Clearly should be Bachelor...

MA Semester 2: ADL4CV

MA Semester 3 Practical and/or Guided Research

MA Semester 4: Master Thesis

Prof. Niessner 59



Future Project Questions

« Check out our research & see what interests you
https.//niessnerlab.org/publications.html

« Check out practical courses (e.g., DLINVC, etc) https.//niessnerlab.org/teaching.html

« Directly apply for GR/IDP/MA topics: https.//application.vc.intum.de/master-application

» Check out theses topics:
https.//docs.google.com/document/d/IIASWICYemQaCluwai2fgmviK4pcBuUul8N_MPxFE
hI\VoSU/edit?usp=sharing

* Reach out to PhD students / mel

Prof. Niessner 60


https://niessnerlab.org/publications.html
https://niessnerlab.org/teaching.html
https://application.vc.in.tum.de/master-application
https://docs.google.com/document/d/1lA8WjCYemQ9Cluw9i2fqmviK4pcBul8N_MPxFhIVoSU/edit?usp=sharing

TUTi

Thanks for watching!
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