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Plan for Today

* Diffusion model math

* Training process (again)

* Motivation for latent diffusion
* Latent diffusion

* Conditional generation



Dall-E 3




Mathematics of Diffusion Models

Assume the forward and reverse process operate in T steps.

Both forward and reverse process are discrete so becomes a
Markov chain with Gaussian transition probability.



. . . N o)
Mathematics of Diffusion Models

Denote x, as a sample from a distribution g(x;).
Forward process: gaussian transition probability

q(xelxe—q) = N(Xti\/(l — Bt) X¢—1,BeI) where t €N

and where (3; indicates trade-off between info to be kept from
previous step and new noise added.
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Mathematics of Diffusion Models

Denote x, as a sample from a distribution g(x;).
Forward process: gaussian transition probability

q(xelxe—q) = N(Xti\/(l — Bt) X¢—1,BeI) where t €N

and where (3; indicates trade-off between info to be kept from
previous step and new noise added.

We can equivalently write
X = /(1= Be) xpoq + \/Ftet €.~N(0,1)

Discretized diffusion process

Rocca, 2022 6



. . . N o)
Mathematics of Diffusion Models

Through recurrence, we can represent any step in the chain as
directly represented from x:

q(xelxg) = N (xg; \/“:txo: (1- ayl)

where

ar=(1—-p;) and a; = f=1 a; = f=1(1 — Bi)

and from the Markov property, the entire forward trajectory is

T
aCronr) = ax) | [ axelxy)
t=1

Rocca, 2022 7



The reverse process

With the assumption on the drift and diffusion coefficients, the
reverse of the diffusion process takes the same form.

Reverse gaussian transition probability
q(x¢—1]x¢)
can then be approximated by
Po(Xe—1 | xt) = N (Xp—1; po (X, £), Zg (X, 1))

where g and X4 are two functions parameterized by 8 and learned.

Rocca, 2022 8



The reverse process

Using the Markov property, the probability of a given backward
trajectory can be approximated by

T
pg(xo.7) = p(x7) 1_[ po(xe_qlxe)
t=1

where p(x) is an isotropic gaussian distribution that does not
depend on 6

p(xr) = N(x7;0,1)

Rocca, 2022 9
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Questions

How do we learn the parameters 6 for ug and Xy?

What is the loss to be optimized?

* We hope that pg(xg), the distribution of the last step of the reverse
process, will be close to q(xg)

11



Optimization Objective

Jg, X9 = arg ﬂ% (Dxr(q(xo)||pe(z0)))

g, (-4 () )

= arg min (—/Q(H?o)lﬁg(Pe(mﬂ))dﬂfo)

He, 20




Skipping a lot more math

* Expand p-theta as marginalization integral

* Use Jensen’s inequality to define a slightly simpler upper bound to
the loss

* Some manipulations with Bayes’ Theorem
* Properties of KL divergence of two gaussian distributions
* An additional simplification suggested by [Ho et al 2020]
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Diffusion models in practice

We have the forward process
Q($t|$t—1) = N(ﬂit; v1-— 5t$t—1,5t1) Q($t|$0) = N(%Q \@3307 (1 — 5&)1)
and our reverse process

p@(mt—llmt) — N(ﬁ}'t_l; p’ﬁ'(mta t)a Eﬁ(mta t))

and we want to train to minimize this simplified upper bound

Eﬂ:u:f:E (| |IE - Eg(iﬁt, t)Hz) = ]EI{]:t:-E (”E - EE(V/{T#:EE] + 1 — Qi €, t)HE)

14



o)
™
L
e,
®©
()]




Any Questions?

Moving on

* Diffusion model math
?’?? * Training process (again)

* Motivation for latent diffusion

* Latent diffusion
* Conditional generation



Algorithm 1 Training

repeat
1z~ g(20)

1:
° ° 2:
3:  t ~ Uniform({1,...,T})
Training Process y L
5: Ty = /Ao + /1 — qye
6 Take gradient descent step on Vy||e — eg(zy, 1)||?
7: until converged

>Sample random initial data
>Sample random step

>Sample random noise

>Rand. step of rand. trajectory
>Optimisation

Sample random step Make a forward pass of the Take a gradient descent step
from random trajectory model to eastimate noise to update model parameters
L= =
Sample image Sample noise Generated Parametrised Estimated True
noisy image model noise noise
Sample time step between 1 and T
Generate random step from Estimated noise in Update model parameters
random trajectory the noisy image taking gradient descent step

Rocca, 2022 17



To sample/generate

Current state Estimated noise Estimated x0 Next state
Use the model "Remove” estimated noise  Linear combination between the
to estimate the noise in from current state using the  current state and estimated x0
the current state appropriate formula with some additional noise

F
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Jom
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o
.
LK
i
v
X(TIZH
los
.
|55
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lllustration of the sampling process of a denoising diffusion probabilistic model.

Rocca, 2022 18



To sample/generate

Algorithm 2 Sampling

1l: 7 NN(U,I)

2. fort="T, .., 1do

33 z~N(O,I)ift>1else z=0
€ = €g(x¢, t)

o = (o — VI = 64é)

s~

Li—1 — ﬁ - O
8: end for
9: return x

fi = (¢, To) (= V/ch_: (% - V;f%&tﬁa

>Initial isotropic gaussian noise sampling

>Sample random noise (if not last step)
>Estimated noise in current noisy data
>FEstimated xy from estimated noise

)

>Mean for previous step sampling

>Previous step sampling

Rocca, 2022
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U-Net (2016) as the Model

Output is same size as the input.

— > AP
Res. block +¢%ﬁ’+®6’0’ Concatenate
a0 o
Res. block + -

self-attention

Concatenate

Concatenate

Concatenate

time embedding
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U-Net for reverse diffusion

Coop amt eoemnisants

21



Any Questions?

Moving on
* Diffusion model math
? ’? ? * Training process
* Motivation for latent diffusion

* Latent diffusion
* Conditional generation



Hi-Res Conditional Generation
via Multi-Resolution Generation

A Golden Retriever
dog weaning a blue
checkered beret and
red dotted turtleneck

Figure 18.11 Cascaded conditional generation based on a text prompt. a) A diffu-
sion model consisting of a series of U-Nets is used to generate a 64x64 image. b)
This generation is conditioned on a sentence embedding computed by a language
model. ¢) A higher resolution 256 x 256 image is generated and conditioned on the
smaller image and the text encoding. d) This is repeated to create a 1024x 1024
image. €) Final image sequence. Adapted from Saharia et al. (2022b).

This work is subject to a Creative Commons CC-BY-NC-ND license. (C) MIT Press.



Diffusion Models

Eventually got quality comparable to GANSs...

* Better than VAEs and normalizing flows, but

* Every step of the reverse process is working with full size images.
* Full size input
* Full size output

* But also useful for global consistency, so do not disregard.



Do we have good models?

GANs | VAEs | Flows | Diffusion
Efficient sampling v v v X <\:-- Diffusion
High quality v X X v : on pixels is
Coverage X ? ? ? slow.

Well-behaved latent space v v v X
Interpretable latent space ? ? ? X Diffusion

Efficient likelihood n/a X v X on latents

will be

faster.



Any Questions?

Moving on
* Diffusion model math
’? ’7 f) * Training process (again)
* Motivation for latent diffusion

* Latent diffusion
* Conditional generation



Different Models for
Different Tradeoffs

Focus on lower dimension
latent model that gets the
semantic details right...

« Diffusion in latent space

« Use another high quality
model for image
generation.

“High-Resolution Image
Synthesis with Latent Diffusion
Models”

By Rombach, Blattman, Lorenz,
Esser and Ommer (2021)

Distortion (RMSE)
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20

Semantic Compression

— Generative Model:
Latent Diffusion Model (LDM)

Perceptual Compression

— Autoencoder+GAN
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Combining Auto-Encoder Latents with Diffusion

Latent Space ) ( ditioning
. i _ Diffusion Process | mantic
Pick your l e 1 MT
. ; ( enoising U-Net €p ext
favorite % | 2 o e
~ | epres
autoencoder aV¥ \ml N ttations
with a small a |
latent space. |

Pixel Space

denoi‘s—ir;g step crossattention switch  skip connection concat = J

Rombach et al, “High-Resolution Image Synthesis with Latent Diffusion Models,” 2022



Latent Diffusion

Key idea:

* Pixel spaceis big.

* Run diffusion processin
smaller latent space.

“High-Resolution Image
Synthesis with Latent
Diffusion Models”

By Rombach, Blattman,
Lorenz, Esser and Ommer
(2021)

Input

ours (f = 4)
PSNR: 27.4 R-FID: 0,58

DALL-E (f = 8)
PSNR: 22,8 R-FID: 32,01

VQGAN (f = 16)

PSNR: 19.9 R-FID: 4,98




Latent Diffusion Components

Latent diffusion models have two main components.

* Function mapping latent codes to high quality images.

 This function from
generative models.

* |[n particular, much of the latent space may not make sense.

* Function mapping noise to latent codes of high quality images.
* This is the latent diffusion part.
* Just this part gets retrained for different applications.



A Random Latent from
Stable Diffusion

latent = torch.randn (1, 32, 32, 4)

latent image = decode latent (latent)

Image shape is 1x256x256x3.

This is that high
quality image ->
model?

https://stability.ai/



https://stability.ai/

Res. block +:f.)()tfo\‘)+ Concatenate

Res. block +
self-attention

Concatenate
Picking a good
. . Concatenat
latent is still a preatenale
Concatenate

hard problem.

time embedding

Figure 18.9 U-Net as used in diffusion models for images. The network aims to
predict the noise that was added to the image. It consists of an encoder which
reduces the scale and increases the number of channels and a decoder which in-
creases the scale and reduces the number of channels. The encoder representations
are concatenated to their partner in the decoder. Connections between adjacent
representations consist of residual blocks. and periodic global self-attention in
which every spatial position interacts with every other spatial position. A single
network is used for all time steps, by passing a sinusoidal time embedding (fig-
ure 12.5) through a shallow neural network and adding the result to the channels
at every spatial position at every stage of the U-Net.

This work is subject to a Creative Commons CC-BY-NC-ND license. (C) MIT Press.



Any Questions?

Moving on
* Diffusion model math
’? f? ’? * Training process
* Motivation for latent diffusion

* Latent diffusion
* Conditional generation



Conditioning in Latent Space

Conditioning takes over all of latent sampling.
6onditionina

( D) & Latent Space )
. - . Diffusion Process Eemamiq
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P ( Denoising U-Net €y zrp Text

favorite 7 S
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latent space. o b I or
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bq 2 T K )
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T total repetitions - C
each denoising step.

of denoising with
co nd Iitionin g Rombach et al, “High-Resolution Image Synthesis with Latent Diffusion Models,” 2022



Conditional generation using classifier
guidance

Figure 18.12 Conditional generation using classifier guidance. Image samples
conditioned on different ImageNet classes. The same model produces high quality
samples of highly varied image classes. Adapted from Dhariwal & Nichol (2021).

Dhariwal and Nichol, “Diffusion Models Beat GANs on Image Synthesis.” 2021. 35



Conditional generation using text prompts

e

-

-— -
A brain riding a rocketship
heading towards the moon

An aﬁér;—dugl_( doing heavy
weightlifting at the gym

A transparent sculpture of a duck
made out of glass

A couple of glasses
sitting on a table written with fireworks in the sky

Figure 18.13 Conditional generation using text prompts. Synthesized images
from a cascaded generation framework, conditioned on a text prompt encoded by
a large language model. The stochastic model can produce many different images
compatible with the prompt. The model can count objects and incorporate text
into images. Adapted from Saharia et al. (2022b).

C. Sahariaet al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding,” 2022.
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Super Resolution

« Downsample training
images 4x

« Upsample with bicubic
interpolation.

« Train latent diffusion
model to recover the finer-
grained details.

“High-Resolution Image
Synthesis with Latent Diffusion
Models”

By Rombach, Blattman, Lorenz,
Esser and Ommer (2021)

o

Figure 9. ImageNet 64—256 super-resolution on ImageNet-Val.
LDM-SR has advantages at rendering realistic textures but SR3
can synthesize more coherent fine structures. See appendix for
additional samples and cropouts. SR3 results from [ " ].



input result

In Painting

Mask some of the image and

reconstruct rest of the image to

be consistent.

« Don’tchange the unmasked
part!

« Keeping unmasked part
mostly easy because latent
code has spatial structure.

“High-Resolution Image
Synthesis with Latent Diffusion
Models”

By Rombach, Blattman, Lorenz,
Esser and Ommer (2021)

Figure 10. Qualitative results on object removal with our big, w/
ft inpainting model. For more results, see Fig. 21.



Example Notebooks from the Book
+ Notebook 18.1 - Diffusion Encoderin 1D ()
* Notebook 18.2 — Training Decoder O

* Notebook 18.3 - 1D Reparameterized Model (more robust)

( ’ 2 Open in Colab

* Notebook 18.4 — Families of Diffusion Models (DDIM)

O

2 Open in Colab

39


https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_1_Diffusion_Encoder.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_1_Diffusion_Encoder.ipynb
https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_2_1D_Diffusion_Model.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_2_1D_Diffusion_Model.ipynb
https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_3_Reparameterized_Model.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_3_Reparameterized_Model.ipynb
https://colab.research.google.com/github/udlbook/udlbook/blob/main/Notebooks/Chap18/18_4_Families_of_Diffusion_Models.ipynb
https://github.com/udlbook/udlbook/blob/main/Notebooks/Chap18/18_4_Families_of_Diffusion_Models.ipynb
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