
Prof. Niessner

Diffusion Models
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Denoising Diffusion Probabilistic Models
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Learning to generate by denoising

Denoisingdiffusion models consist of two processes:

[Sohl-Dickstein et al., Deep Unsupervised Learning using NonequilibriumThermodynamics, ICML 2015]
[Ho et al., DenoisingDiffusion Probabilistic Models, NeurIPS2020]
[Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021]

Å Forward diffusion process that gradually adds noise to input
Å Reverse denoisingprocess that learns to generate data by denoising
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Diffusion Process
ÅGradually add noise to input image ὼ in a series of Ὕ

time steps

ÅNeural network trained to recover original data

3
ώIƻ Ŝǘ ŀƭΦ Ωнлϐ DenoisingDiffusion Probabilistic Models



Prof. Niessner

Forward Diffusion
ÅMarkov chain of Ὕsteps
ïEach step depends only on previous

ÅAdds noise to ὼ sampled from real distribution ήὼ
ήὼὼ ﬞ ὼȠⱧ ρ ‍ὼ ȟ ‍ἓ

4
ώIƻ Ŝǘ ŀƭΦ Ωнлϐ DenoisingDiffusion Probabilistic Models

identity matrix
mean variance
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Forward Diffusion

ήὼὼ ﬞ ὼȠⱧ ρ ‍ὼ ȟ ‍ἓ

Example: 1000 steps, linear beta schedule: 0.0001 to 0.02

5https://erdem.pl/2023/11/step -by-step-visual- introduction -to-diffusion-models
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Forward Diffusion
ÅGo from ὼ to ὼȡ

ήὼȡὼ ήὼȿὼ

ÅEfficiency?
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Reparameterization
ÅDefine ‌ ρ ‍ȟ‌ Б ‌ȟ‭ȟȣȟ‭ ﬞͯ ȟἓ
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Explained on later slide
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Reparameterization
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Explained on later slide
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Reparameterization ǱStep line 4 to 5

14
https://roysubhradip.hashnode.dev/a -beginners -guide -to-diffusion-
models -understanding -the-basics-and-beyond
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Reverse Diffusion
Åὼᴼ becomes a Gaussian distribution

ÅReverse distribution ήὼ ȿὼ

ïSample ὼﬞͯ ȟἓand run reverse process
ïGenerates a novel data point from original 

distribution

ÅHow to model reverse process?
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Approximate Reverse Process
ÅApproximate ήὼ ȿὼ with parameterized model ὴ

(e.g., deep network)
ὴ ὼ ὼ ﬞ ὼ Ƞ‘ ὼȟὸȟɫ ὼȟὸ

ὴ ὼȡ ὴ ὼ ὴ ὼ ὼ

17ώIƻ Ŝǘ ŀƭΦ Ωнлϐ DenoisingDiffusion Probabilistic Models
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Training a Diffusion Model
ÅOptimize negative log -likelihood of training data

ὒ ÌÏÇὴ ὼ ă intractable depends on ὼȟὼȣὼ

Ą Instead, optimize Variational Lower Bound:
ὒ

Ὀ ήὼȿὼ ȿȿὴ ὼ

Ὀ ήὼ ὼȟὼ ȿȿὴ ὼ ὼ ÌÏÇὴ ὼȿὼ

18

ὒ

ὒ

ὒ

No learnable parameters
Gaussiannoise
Ą constant Ą ignore

Stepwise denoising term

Reconstruction term of last 
denoising step Ą ignore
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Training a Diffusion Model

Åὒ Ὀ ήὼ ὼȟὼ ȿȿὴ ὼ ὼ

ÅComparing two Gaussian distributions, closed form 
computation

Åὒ ᶿ ‘ ὼȟὼ ‘ ὼȟὸ

ÅPredicts diffusion posterior mean

Nice derivations: https://lilianweng.github.io/posts/2021 -07-11-
diffusion-models

19

https://lilianweng.github.io/posts/2021-07-11-diffusion-models
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Diffusion Model Architecture

ÅInput and output dimensions must match

ÅHighly flexible to architecture design

ÅCommonly implemented with U -Net architecture

20
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Diffusion Model Architecture
Example U-Net as diffusion model
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Latent Diffusion

22

Stage 1: Train AE / VAE / VQ-VAE / VQ-GAN Stage 2: Diffusion in Latent Space

https://neurips2023-ldm-tutorial.github.io/

https://neurips2023-ldm-tutorial.github.io/
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Latent Diffusion

23
https://neurips2023-ldm-tutorial.github.io/

https://neurips2023-ldm-tutorial.github.io/
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Latent Diffusion

24[Rombach et al. 21] Latent Diffusion
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Latent Diffusion

25[Rombach et al. 21] Latent Diffusion
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Diffusion Transformers (DiT)

26[Peebles and Xie 23] Diffusion Transformers
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Diffusion Transformers (DiT)

27[Peebles and Xie 23] Diffusion Transformers
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ControlNet : Conditional Control for Text-
to-Image Diffusion Models
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ControlNet : Conditional Control for Text-
to-Image Diffusion Models

ÅLearn to control a pretrained model with condition c

29\[iboh fu bm0 Ǵ45^ Ceejoh Epoejujpobm Epouspm up Ufyu-to-Image Diffusion Models
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ControlNet : Conditional Control for Text-
to-Image Diffusion Models

ÅUse weights of pretrained network 
in a locked copy (preserves model) 
& a trainable copy (learns condition)

Ą Allows training with small data
ÅImportant: Initialization with zero 

convolutions
Ą No initial distortion from ControlNet 
before training starts

30

\[iboh fu bm0 Ǵ45^ Ceejoh Epoejujpobm Epouspm up Ufyu-
to-Image Diffusion Models
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Multi -view Diffusion 
Models
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MVDiffusion

32[Tang et al. 23] Tang et al.
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MVDiffusion

33[Tang et al. 23] Tang et al.
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MVDiffusion

34[Tang et al. 23] Tang et al.
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Video Diffusion 
Models

35
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Align your Latents

36[Blattmann et al. 22] Latent Align your Latents
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38[Blattmann et al. 22] Latent Align your Latents
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Align your Latents

39[Blattmann et al. 22] Latent Align your Latents



Prof. Niessner

VASA-1

40[Xu et al. 24] VASA-1
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VASA-1

41[Xu et al. 24] VASA-1
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VASA-1

42[Xu et al. 24] VASA-1
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Sora

43
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Sora
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Sora
ÅTemporal Diffusion Transformer
ÅVAE vs VQ-ICP wt Ǽ A
ÅTemporal window?
ÅPre-trained on any images?

45
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Luma Dream Machine

46https://youtube.com/live/oilWwsXZamAJiaming{ƻƴƎΩǎ ¢ŀƭƪ

https://youtube.com/live/oilWwsXZamA
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Latent Design
ÅPre-trained image -based LDM
ïCan leverage massive amounts of pre -training
ïIssues in low-level temporal stability

ÅTraining directly on videos
ïEboǴu use pre-trained image models
ïPotentially better low -level stability

47
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Movie Gen: A Cast of Media Foundation 
Models

48

Joint image and video pre -training 
Å Increase resolutions
Å Treat images as 1-frame videos

Low resolution 
image pretraining

Ą Image pretraining helps generalization, as paired
image-text datasets are easier to scale with diverse 
concepts and styles

\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo
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Movie Gen: A Cast of Media Foundation 
Models

Video preprocessing pipeline

49\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo
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Movie Gen: A Cast of Media Foundation 
Models
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TAE = Temporal 
Autoencoder

Spatio-temporally 
compressed latent space

Flow matching 
training objective

Joint image-video 
generation model

Length 4-16s

768x768 
resolution (scaled based on aspect ratio)

Different 
aspect ratios
(1:1, 9:16, 16:9, ..)

+ Spatial 
upsampler
in image 

space

\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo
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Movie Gen: A Cast of Media Foundation 
Models

Spatial and temporal (i.e., fewer latent frames) 
compression in the latent space

51\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo
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Movie Gen: A Cast of Media Foundation 
Models
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Linear combination of 
frames from 2 tiles

Split into tiles 
of 32 frames

\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo
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Movie Gen: A Cast of Media Foundation 
Models

Spatial Upsampler converts 768 px videos to full HD 
(1080p) resolution

53\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo
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A girl is running across a beach and holding a kite. She's wearing jean 
shorts and a yellow t -shirt. The sun is shining down.

\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo

T
ex

t-
to

-V
id

eo



Prof. Niessner 55\Rpmzbl fu bm0 Ǵ47^ Opwjf Ifo

A man is doing a scientific experiment in a lab with rainbow wallpaper. The man has a serious 
expression and is wearing glasses. He is wearing a white lab coat with a pen in the pocket. The 
man pours liquid into a glass beaker and a cloud of white smoke blooms.
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Wheels spinning, and a slamming sound as the skateboard lands on 
concrete.
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NOVA - Autoregressive Video Generation

A space shuttle launching into
orbit, with flames and smoke 
billowing out from the engines

A 3D model of a 1800s victorian
house

A panda drinking coffee in a cafe 
in Paris, tilt up
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NOVA - Autoregressive Video Generation
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NOVA - Autoregressive Video Generation
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Optical flow helps
next frame prediction

Ą Each frame attends to the text prompts, 
video flow, and its preceding frames. 
Ą All current frame tokens are visible to 
each other.
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NOVA - Autoregressive Video Generation

61

ĄMore efficient 
Ą Less cumulative 
error

\Ffoh fu bm0 Ǵ46^ Cvupsfhsfttjwf Wjefp Ifofsbujpo xjuipvu Wfdups Svbouj{bujpo
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3D Aware Diffusion

62
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DiffRF: Train with 3D Ground Truth

63[Mueller et al. 23] DiffRF



Prof. Niessner

DiffRF: Results

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

65[Mueller et al. 23] DiffRF



Prof. Niessner

DiffRF: Masked Predictions

66[Mueller et al. 23] DiffRF


