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Denoising Diffusion Probabilistic Models

Learning to generate by denoising

Denoising diffusion models consist of two processes:

* Forward diffusion process that gradually adds noise to input
* Reverse denoising process that learns to generate data by denoising

Forward diffusion process (fixed)

Data Noise

Reverse denoising process (generative)

[Sohl-Dickstein et al., Deep Unsupervised Learning using Nonequilibrium Thermodynamics, ICML 2015]
[Ho et al., Denoising Diffusion Probabilistic Models, NeurlPS 2020]
[Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021]
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Diffusion Process

« Gradually add noise to input image xy In a series of T
time steps

« Neural network trained to recover original data

{ — $t 1 _} Zﬁ_ Ty —> - —> Tp

, o , o

[Ho et al. “20] Denoising Diffusion Probabilistic Models
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Forward Diffusion

« Markov chain of T steps
— Each step depends only on previous
« Adds noise to xo sampled from real distribution g(x)

q(xelxe—q) = N(Xt»ﬂt = 1= Bexe_ 1»zt = ,Btl)\

(Tét\ﬂ?t 1)

2y — - — @ | S om o — @

[Ho et al. “20] Denoising Diffusion Probabilistic Models
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Forward Diffusion

e Go from xgy to xp:

T
q(x1.rlxg) = 1—[ q(xe|xe—1)
t=1

« Efficiency?



Reparameterization

e Definea,=1-0, a; =[lic0as, €9, ) €-1~N(0,1)

Xt =1 — Bexe 1+\/_Et1
=V xe—y + 1 — e,

—\/_xo+\/1_at€o
xe~q(xe|xg) = N (x¢; \/aztxo» (1—a)l)



Reverse Diffusion

* X716 Decomes a Gaussian distribution

« Reverse distribution q(xs—1|x¢)
— Sample xp~N(0,1) and run reverse process

— Generates a novel data point from original
distribution

« How to model reverse process?
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Approximate Reverse Process

o Approximate q(xs_1|x;) with parameterized model pg
(e.q. deep network)

Po (xt—l |xt) — N(xt—l; I;‘Q (xt) t), 29 (xt, t))

Po (Xo.1) = Do (X7T) 1_[199 (xp—1lxt)
t=1

— -. Q(mt|$t—l) : — -_

x> > Ty >y Ty —> - —> Tp

Prof. Niessner [Ho et al. ’20] Denoising Diffusion Probabilistic Models 8




Training a Diffusion Model

« Optimize negative log-likelihood of training data

Ly.p
= [, [Dr1,(q(xrlxo|[pe (x7)) ]’

T
+ z Dicr, (q(oxe—1lxe, X0) | 1po (xe—11%) ) — log pg (xo|x1)]
ro— . J |

I I

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

Training a Diffusion Model

Li_1 = DKL(CI(xt—1|Xt»x0)||P9 (xt—llxt))
Comparing two Gaussian distributions
Le—q o 1T (xp, x0) — pg (xe, )11

Predicts diffusion posterior mean
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Diffusion Model Architecture

* |nput and output dimensions must match
« Highly flexible to architecture design

« Commonly iImplemented with U-Net architecture

Prof. Niessner
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Data x

Encoder q(z|x)
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L atent Diffusion

Latent
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Latent Space Diffusion

Latent Space Denoising

i

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

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

L atent Diffusion

= Semantic Compression __]

Generative Model:
= Latent Diffusion Model (LDM)
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LDMs: Latent diffusion model for large-scale structure, for

https://neurips2023-ldm-tutorial.github.io/
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L atent Diffusion
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Latent Space ") (Conditioning)

(

. Diffusion Process Eemantiq
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Denoising U-Net €g

Text

[Rombach et al. 21] Latent Diffusion
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L atent Diffusion

Text-to-Image Synthesis on LAION. 1.45B Model.

A street sign that reads 'A zombie in the "An image of an animal "An illustration of a slightly "A painting of a "A watercolor painting of a "A shirt with the inscription:

“Latent Diffusion” ’ style of Picasso’ half mouse half octopus’ conscious neural network’ squirrel eating a burger’ chair that looks like an octopus’ “I love generative models!” ’

) :
” LATENT
DIFFUSION

ATETEN
DlFFUSlON.

4

L)

Prof. Niessner [Rombach et al. 21] Latent Diffusion 14
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Diffusion Transformers (DiT)
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Diffusion Transformers (DiT)

Prof Niessner [Peebles and Xie 23] Diffusion Transformers 17
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Align your Latents

Marginal Diffused
Data Distribution

Generative
Stochastic Processes
per Frame/Batch Element

Input Noise (for each
Frame/Batch Element)

L\ Temporal Video
’ Fine-Tuning

Before temporal video fine-tuning, After temporal video fine-tuning, samples are aligned to
different batch samples are independent. form a video sequence (after applying the LDM decoder).

Prof Niessner [Blattmann et al. 22] Latent Align your Latents,



Align your Latents

o o
1

1.5 7 Video-aware
Discriminator

- 0/1

Latent embedding distribution
modeled with Diffusion Model
(can be conditioned on text, etc.)

Generative Denoising Process
(shown here for individual frames, see
Fig. 2 for video fine-tuning)

brof Niessner [Blattmann et al. 22] Latent Align your Latents,



Align your Latents

Cs ¥
spatial layer
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Prof Niessner [Blattmann et al. 22] Latent Align your Latents.,



Align your Latents

1. Generate Latent
Key Frames
(optionally including
prediction model)

Image Backbone
b

2. Latent Frame
Interpolation I

All Parameters
Shared

3. Latent Frame
Interpolation II

4. Decode to
Pixel-Space

5. Apply Video
Upsampler

Prof Niessner [Blattmann et al. 22] Latent Align your Latents, .



audio feature
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Training pipeline for motion latent diffusion Test pipeline for audio to video generation

Prof. Niessner [XU et al. 24] VASA-1 23



VASA-1

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

[Xu et al. 24] VASA-1 ..
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« Temporal Diffusion Transformer

VAE vs VQ-GAN vs .. 7
e Temporal window?

* Pre-trained on any images?

“Video Compressor”
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Luma Dream Machine

’

Prof, Niessner Jiaming Song’s Talk https://youtube.com/live/oilWwsXZamA -



https://youtube.com/live/oilWwsXZamA

[ atent Design

* Pre-trained image-based LDM
— Can leverage massive amounts of pre-training
— [ssues Iin low-level temporal stability

« Training directly on videos
— Cant use any image-based pre-training
— Potentially better low-level stability
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Multi-view Diffusion
Models
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MV Diffusion

Stable Diffusion U-Net Multi-branch U-Net
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Prof. Niessner [Tang etal 23] Tang etal. 2



MV Diffusion

“This kitchen is a cﬁarming blend of rustic and modern, featuring a [arge reclaimed wood island with marble countertop, a sink
surrounded by cabinets. A stainless-steel refrigerator stands tall. To the right of the sink, built-in wooden cabinets painted in a muted.”

Consistent Multi-view Images Closed-Loop Panoramic Image

“A [iving room with multiple couches and a coffee table. A wooden book shelf filled with lots of books next to a door. A white refrigerator
sitting next to a wooden bench.”

Prof. Niessner [Tang et al 23] Tang etal. 33



MV Diffusion

Depth sequence

Mesh w/o texture

Consistent multi-view

i i Mesh textu
images conditioned on depths esh w/ texture

Prof. Niessner [Tang et al 23] Tangetal. =«
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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 46



' Results

RF

h

f.

37

Mueller et al. 23] DiffRF
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DIffRF: Masked Predictions

Dn~A.. .

000 -

Prof. Niessner [Mueller et aL. 23] D|ﬁCRF 38



DIffRF: Masked Predictions

-
s

Prof. Niessner [Mueller et al. 23] DIffRF 5o



Discussion: Diffusion vs GANS

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

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

Prof. Niessner



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 2



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 ]

Prof. Niessner 42



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)

ity

A
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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)

44



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) — € £
Add Noise p te.cll€s (Tt y) ||z
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 47



SDS Follow Ups

o ProlificDreamer (variational SDS)

Prof. Niessner [Wang et al. 23] ProlificDreamer 43



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 5o



Scenelex

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

Scene geometry Scene with generated texture

Prof. Niessner [Chen et al.. 24] SceneTex 51
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Administrative:
| ecture Evaluation
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Reading Homework

Denoising Diffusion Probabilistic Models,

— https.//arxiv.org/abs/2006.11239

Classifier Guided Diffusion. Diffusion Models Beat GANs on Image Synthesis
— https.//arxiv.org/abs/2105.05233

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

— https.//arxiv.org/abs/211210741
CLIP Guidance. Hierarchical Text-Conditional Image Generation with CLIP Latents
— https.//arxiv.org/abs/2204.06125
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Literature

CVPR 2022 Tutorial on Denoising Diffusion-based Generative Modeling
— https.//cvpreoze-tutorial-diffusion-models.github.io/

Tackling the Generative LLearning Trilemma with Denoising Diffusion GANs
—  https.//arxiv.org/abs/2112.07804

Deep Unsupervised Learning using Nonequilibrium Thermodynamics
—  https//arxiv.org/abs/1503.03585

Denoising Diffusion Probabilistic Models
—  https.//arxiv.org/abs/2006.11239

Diffusion Models Beat GANs on Image Synthesis
—  hitps.//arxiv.org/abs/2105.05233

Prof. Niessner
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Thanks for watching!
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