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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
[Ho et al. ’20] DenoisingDiffusion Probabilistic Models
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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
[Ho et al. ’20] DenoisingDiffusion Probabilistic Models

identity matrix
mean variance
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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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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

8[Ho et al. ’20] DenoisingDiffusion Probabilistic Models
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Training a Diffusion Model
ÅOptimize negative log-likelihood of training data

ὒ
Ὀ ήὼȿὼȿȿὴ ὼ

Ὀ ήὼ ὼȟὼ ȿȿὴ ὼ ὼ ÌÏÇὴ ὼȿὼ

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

9

ὒ

ὒ ὒ

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

Åὒ Ὀ ήὼ ὼȟὼ ȿȿὴ ὼ ὼ

ÅComparing two Gaussian distributions

Åὒ ᶿ ‘ ὼȟὼ ‘ ὼȟὸ

ÅPredicts diffusion posterior mean
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Diffusion Model Architecture

Å Input and output dimensions must match

ÅHighly flexible to architecture design

ÅCommonly implemented with U-Net architecture
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Latent Diffusion
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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
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https://neurips2023-ldm-tutorial.github.io/

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

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

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

16[Peebles and Xie 23] Diffusion Transformers



Prof. Niessner

Diffusion Transformers (DiT)

17[Peebles and Xie 23] Diffusion Transformers
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Video Diffusion 
Models
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Align your Latents

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

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



Prof. Niessner

Align your Latents

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

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



Prof. Niessner

VASA-1

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

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

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

26
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Sora
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Sora
ÅTemporal Diffusion Transformer
ÅVAE vs VQ-GAN vs … ?
ÅTemporal window?
ÅPre-trained on any images?

28
“Video Compressor”
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Luma Dream Machine

29https:// youtube.com/live/oilWwsXZamAJiamingSong’s Talk

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
ïCan’t use any image-based pre-training
ïPotentially better low-level stability
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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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3D Aware Diffusion

35



Prof. Niessner

DiffRF: Train with 3D Ground Truth

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

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

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

39[Mueller et al. 23] DiffRF
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Discussion: Diffusion vs GANs
Problem is always training data…

ÅDiffusion: input vs output need same dimensionality

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

41[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

45[Poole et al. 22] DreamFusion
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DreamFusion

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

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

48[Wang et al. 23] ProlificDreamer
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DreamGaussian

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

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

51[Chen et al.. 24] SceneTex



Prof. Niessner

Baroque Bohemian

French Japanese
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Administrative: 
Lecture Evaluation
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Diffusion Models
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Reading Homework
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Å Denoising Diffusion Probabilistic Models.

ï https://arxiv.org/abs/2006.11239

Å Classifier Guided Diffusion. Diffusion Models Beat GANs on Image Synthesis

ï https://arxiv.org/abs/2105.05233

Å Classifier-Free Guidance. GLIDE: Towards Photorealistic Image Generation and Editing 
with Text-Guided Diffusion Models

ï https://arxiv.org/abs/2112.10741

Å CLIP Guidance. Hierarchical Text-Conditional Image Generation with CLIP Latents

ï https://arxiv.org/abs/2204.06125

https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2105.05233
https://arxiv.org/abs/2112.10741
https://arxiv.org/abs/2204.06125
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Literature
Å CVPR 2022 Tutorial on Denoising Diffusion-based Generative Modeling

ï https://cvpr2022-tutorial-diffusion-models.github.io/

Å Tackling the Generative Learning Trilemma with Denoising Diffusion GANs

ï https://arxiv.org/abs/2112.07804

Å Deep Unsupervised Learning using Nonequilibrium Thermodynamics

ï https://arxiv.org/abs/1503.03585

Å Denoising Diffusion Probabilistic Models

ï https://arxiv.org/abs/2006.11239

Å Diffusion Models Beat GANs on Image Synthesis

ï https://arxiv.org/abs/2105.05233
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https://cvpr2022-tutorial-diffusion-models.github.io/
https://arxiv.org/abs/2112.07804
https://arxiv.org/abs/1503.03585
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2105.05233
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Thanks for watching!

59


