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Deep Generative Models



Deep Generative Models

Learning to generate data

Train

Samples from a Data Distribution Neural Network

Sample

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Application (1): Content Generation
StyleGAN3 example images

Karras et al. Alias-Free Generative Adversarial Networks, NeurlPS 2021 6
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Application (2): Representation Learning

Learning from limited labels
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Zhang et al., DatasetGAN: Efficient Labeled Data Factory with Minimal Human Effort, CVPR 2021
Li et al., Semantic Segmentation with Generative Models: Semi-Supervised Learning and Strong Out-of-Domain Generalization, CVPR 2021 7

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Application (3): Artistic Tools
NVIDIA GauGAN

NVIDIA GauGAN Segmentation Input NVIDIA GauGAN Output

Park et al., Semantic Image Synthesis with Spatially-Adaptive Normalization, CVPR 2019

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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2022/ 2023 : The year of generative modeling?

Parti

Pathways Autoregressive Text-to-Image Model

DAII-E 2 Stable Diffusion



Where we came from

VAEs, 2013 GANs, 2014 PixelCNN, 2016 BlgGAN 2019 Imagen, 2022
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Applications: Super-resolution

Input : 64x64 T AR 1024x102

AP

Palette: Image-to-Image Diffusion Models, 2022



Applications: Colorization, Inpainting, Restoration

Colorization
Uncropping

Inpainting
JPEG restoration

Palette: Image-to-Image Diffusion Models, 2022



Applications: Outfilling

— Generated Input

Palette: Image-to-Image Diffusion Models, 2022



Variational Autoencoders



Classifying chocolate

° p(y|x) = Categorical(y; f(x))

“chocolate”

slide by Durk Kingma



Generating chocolate

“chocolate”

slide by Durk Kingma



Autoregressive approach

preceding dimensions

label

O rxily.x<i) = Categorical(x;i f(x<i,¥))

next dimension

slide by Durk Kingma



Latent variable approach

latent variables

label
p(z) = N(z;0,1)
po(xly,z) = N(x; po(z,y),o°I)

p(xly) = / p(xly, 2)p(2) dz

° = flexible distribution

full image

- ﬁ ,ﬁ

slide by Durk Kingma



Latent variable approach - without y

latent variables

p(z) = N(z;0,1)
po(x|z) = N(x; po(z), o°1)

po(x) = [ po(x|z)p(z) dz

full image

D
ay v=-

— flexible distribution

slide by Durk Kingma



Optimization

p(z) = N(z;0,1)
peo(x|z) = N (x; po(z), o°1)

po(x) = [ po(x|2)p(z) dz p(z)
= flexible distribution
X
* Problem: |
* Marginal likelihood p(x) is intractable Generative model
* So can’t do maximum likelihood directly p(x,2)

slide by Durk Kingma



Variational Autoencoders (VAES)

* We introduce an inference model qg(z|x)
qp(z|x) = N (pg(x), Xy(x))

* This allows us to efficiently optimize the log-
likelihood, through the evidence lower
bound (ELBO).

X, Z
log pg,s(x) > ELBO(x) = E,, () {1Og Po ‘ ))]

* We optimize g(z|x) and p(x,z) jointly w.r.t.
ELBO Inference model  Generative model
d(z[x) p(x,2)
* Bound is tight with the right g(z|x)

slide by Durk Kingma [Kingma and WeIIing, 201 3]



Hierarchical VAEs

* “Flat” VAEs suffer from simple priors

* Making both inference model and generative
model hierarchical

0p(21,2,3|1%) = q4(21]%)q4(22|21)q4(23]22)
po(z1.2.3) = po(23)pe(z2|23)pe(21|22)pe(x|21)

* Better likelihoods are achieved with hierarchies of
latent variables

Inference model Generative model
q(z[x) p(x,z)

slide by Durk Kingma [Kingma and Welling, 2017]



VAEs: challenges

* Optimization can be difficult for large models

* The ELBO enforces an information bottleneck
(through its loss function) at the latent variables 'z’,
making VAE optimization prone to bad local
minima.

* Posterior collapse is a dreaded bad local
minimum where the latents do not transmit any
information.

Inference model Generative model
q(z[x) p(x,z)

slide by Durk Kingma [Kingma and WeIIing, 201 3]



Diffusion Models



Denoising Diffusion 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

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
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data

q Xt|Xt—1

Similar to the inference model in hierarchical VAEs.

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Diffusion Kernel

Forward diffusion process (fixed)

Data

Define a; = 1 — B = q(x¢|xg) = N(x¢; v/ arxq, (1 — ag)1 (Diffusion Kernel)
s=1

For sampling: x; = ay Xg + \/ 1 —ay) e where e ~N(0,1

+ values schedule (i.e., the noise schedule) is designed such that v — 0 and q(x7|xg) =~ N (x7;0,1

32
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Generative Learning by Denoising

Recall, that the diffusion parameters are designed such that ¢(x7) ~ N (x7;0,1))
Diffused Data Distributions

Generation:

Sample x7 ~ N (x7p;0,1)

lteratively sample x¢_1 ~ q(xX;_1|x¢) X X
. g ) ) * X %
True Denoising Dist.
alx)  alx)  alx)  alxs) q(xy)
e W~ 7 U
A(Xo|x1) a(xy|x,) a(x; | x3) A(x3|X,) A(Xr.1 | %7)

In general, q(x;_1|x¢) o< q(x¢—1)q(x¢|X¢—1) is intractable.

Can we approximate ¢(Xs_1|x¢)? Yes, we can use a Gaussian distribution if G;is small in each forward diffusion step.
33

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Reverse Denoising Process

Formal definition of forward and reverse processes in T steps:

Reverse denoising process (generative)

Data Noise

(x7) = N (x7;0,T) -
X)) = x7: 0,
Pt g = pelxor) = pxp) | | polxe—1xe)
po(x¢—1]x¢) = N (x¢—1: pg(xt, t), o7 1) i
N\ J
Trainable\;etwork Similar to the generative model in hierarchical VAEs.
U-net, Denoising Autoencoder) 34

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Learning Denoising Model

Variational upper bound

For training, we can form variational upper bound (negative ELBO) that is commonly used for training variational
autoencoders:

po(Xor) ] . I

K, x,) [ lo x0)| < Ejx)alxirlxo) | — 1O
axo) (=108 26(X0)] < Eqaeyg(rerr] >[ 8 Gar o)

Sohl-Dickstein et al. ICML 2015 and Ho et al. NeurlPS 2020 show that:

L =E, | Dxw(q(xr|xo)||p(x7)) + Y Dri(q(xe—1]xz, %0)|[po(xi—1%:)) — log po(xo|x1))

~”~

Ly t>1 Li Ly

where q(x;_1|X¢, X() is the tractable posterior distribution:
Q(Xt—l‘xta Xo) — N(Xt—l; /]t(xta X0)7 5151)7

/Ol V19— 1 —ay_ ~ 1 —ay_
where [i;(X;, Xg) 1= i iﬂtx(ﬁ— Ol — o 1)Xt and [ := Oéi 1515
1—Oét 1—0475 1_at

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Parameterizing the Denoising Model

Since both q(x;_1|x¢, Xg) and pp(X¢_1|X+)are Normal distributions, the KL divergence has a simple form:

|
L1 = Dxr(q(xe—1|xt, X0)|[po(xt-1]%t)) = Eq [T‘QHM(X@XO) — M@(Xtat)W] +C
i

Recall that x; = v/ X + \/(1 — (i) € . Ho et al. NeurlPS 2020 observe that:

_ N 4
fule X0) = Zp— (Xt - m)

They propose to represent the mean of the denoising model using a noise-prediction network:

With this parameterization

B . _ )
Ly =Bty —_|le — eg(+/ VI—a, et
t—1 Xo~q(xg),e~N(0,I) [20752(1 _Bt)(l - Oét)HE GQ(KO‘t X0 +\/ O‘tj )H + C

Xt
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Training Objective Weighting

Trading likelihood for perceptual quality

2

Ly = EXONQ(XO),GNN(O,I) [2 2(1 . 52)(1 — at) HE - 69(\/7 X0+ V1—ae t)” ]

O

&

hd

The time dependent \; ensures that the training objective is weighted properly for the maximum data likelihood training.
However, this weight is often very large for small t’s.

Ho et al. NeurlPS 2020 observe that simply setting Ay = 1 improves sample quality. So, they propose to use:

Lsimple — EXONq(XO),ENN(O,I),tNU(l T) U |6 — 69(\/_ xXo+V1—aq 6 t)|| }

Xt

37
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Summary

Training and Sample Generation

Algorithm 1 Training Algorithm 2 Sampling
l1: repeat 1: x7 ~N(0,1)
2: Xg ~ q(xO) 2: fort="1T,...,1do
3: t ~ Uniform({1,...,T}) 35 i N(O I)
4: €~ N(O,I) e
5: Take gradient descent step on 4 Xp-1 = \/at (xt i=a; =0 (xt:t)) + 012
Vo ||e — eo(Varxo + v1— acelt)|’ 5: end for
6: until converged 6: return xo

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Implementation Considerations

Network Architectures

Diffusion models often use U-Net architectures with ResNet blocks and self-attention layers to represent €y (x¢, t)

Time Representation 1' I

Fully-connected
Layers

Time representation: sinusoidal positional embeddings or random Fourier features.

Time features are fed to the residual blocks using either simple spatial addition or using adaptive group normalization
layers. (see Dharivwal and Nichol NeurlPS 2021)

39
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Connection to VAEs

Diffusion models can be considered as a special form of hierarchical
VAEs.

However, in diffusion models:
The inference model is fixed: easier to optimize

The latent variables have the same dimension as the data.

The ELBO is decomposed to each time step: fast to train

Can be made extremely deep (even infinitely deep)

The model is trained with some reweighting of the ELBO.

Inference model GGenerative model

a(z[x) p(x,z)
Vahdat and Kautz, NVAE: A Deep Hierarchical Variational Autoencoder, NeurlPS 2020
Sgnderby, et al.. Ladder variational autoencoders, NeurlPS 2016. 40
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Continuous-time diffusion models

Stochastic differential equation framework

Consider the limit of many small steps:

Forward diffusion process (fixed)

Data Noise
L L Q(Xt|Xt—1) — N(Xt; \/ 1 — Bt Xt—1, BtI) L
x¢ = /1 — Bixi—1+ /B N(0,1)
= /1 — B(t)Atxs—1 + /B()AtN(0,1) (B: := B(t)A?)
t)At
= N Xp_1 — B( 2) X+ 1+ \/ﬂ(t)At/\/(O, I) (Taylor expansion)
Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021 41

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Forward Diffusion Process as Stochastic Differential Equation

Consider the limit of many small steps:

Forward diffusion process (fixed)

Data Noise
|
1
dXt = —55 t Xtdt—|— \/ﬂ t dwt
Stochastic Differential Equation (SDE)
describing the diffusion in infinitesimal limit
Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021 42

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Forward Diffusion Process as Stochastic Differential Equation

Forward diffusion process (fixed)

(](XT)
. X¢ X7
1
Forward Diffusion SDE: dx; = —55(t)xt dt + +/B(t) dw,
| ' J [ | ' J
drift term diffusion term
Song et al., ICLR, 2021 (pulls towards mode) (injects noise) £

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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The Generative Reverse Stochastic Differential Equation

Forward diffusion process (fixed)

va N -

1
C

<

Forward Diffusion SDE:

drift term diffusion term
A A
Reverse Generative _ _1 B [T —
Diffusion SDE: dXt — zﬁ(t)Xt ﬁ(t)vxt log dt (Xt) dt -+ B(t) dwt

)
“Score Function”

=) Simulate reverse diffusion process: Data generation from random noise!
Song et al., ICLR, 2021
Anderson, in Stochastic Processes and their Applications, 1982
slide from httos://cvpor2022-tutorial-diffusion-models.github.io/
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The Generative Reverse Stochastic Differential Equation

But how to get the score function V., log ¢:(x;)?


https://arxiv.org/abs/2011.13456
https://www.sciencedirect.com/science/article/pii/0304414982900515

Score Matching

Forward diffusion process (fixed)

\ Mﬁw\
< "Ww h ‘
< P T /

' q(xT)

X0 . X¢

Naive idea, learn model for the score function by direct regression?

min EtNM(O,T)]Extht (xt)'(.’[’(/) ) HSB (Xta t) o vXt lOg qt (Xt>H§

9 |_'_l |_'_l|—'—l |_'_l ! Y
diffusion diffused weighting neural score of
time t data x; function network diffused data
(marginal)

=> But V,, log ¢;(x;) (score of the marginal diffused density q:(x;)) is not tractable!

Vincent, “A Connection Between Score Matching and Denoising Autoencoders”, Neural Computation, 2011

Song and Ermon, “Generative Modeling by Estimating Gradients of the Data Distribution”, NeurlPS, 2019
slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Denoising Score Matching

Forward diffusion process (fixed)

X0 Xt |

Instead, diffuse individual data points Xg. Diffused ¢;(x:|x¢) 7s tractable!

Denoising Score Matching:

min EtwL{(O,T?H‘?‘xONqO (xol)Extht (x¢|x0 )(Z‘(f) ' ’ |59 (xt7 t) - let log g1 (xt |XO? | Ig

0 . ,
diffusion data diffused data weighting  neural score of diffused
time ¢ sample xg sample x; function  network data sample
Vincent, in Neural Computation, 2011 =) After expectations, sg(x;,t) =~ Vy, log ¢: (x¢)!

Song and Ermon, NeurlPS, 2019

Song et al. ICLR, 2021
slide from httos://cvpor2022-tutorial-diffusion-models.github.io/
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Denoising Score Matching

Epsilon-prediction parametrization

Forward diffusion process (fixed)

< MR A e

< S P o
At

—~7

wwh_ ’QM‘

X0 cee X¢ XT

Denoising Score Matching:

mein Etmr0(0,7) Excomgo (x0) Ex, ~ge (0 30) W (E) - [[S0(X¢, 1) — Vi, log gt (x¢[x0)[3

Re-parametrized sampling: X; = a;Xo + 0€ e ~ N(0,I)

2
. (x¢ — ayXp) X¢ — X0 X0 + o€ — X €
Score function: Vi, logq:(x¢|xo) = —Vx, 5 = — —— = — 5 = ——
20% o} o o
€g(Xs, T
Neural network model: sg(x¢,t) := — X, t)
Ot
. . . . " W /‘)
Vincent, in Neural Computation, 2011 = minlk,_ E. E. . w(t) - lle — €ealx+. 1 2 I~ _ u (
Song and Ermon, NeurlPS, 2019 a0 Eenta(0,1) Exorego (xo) Benno 0(1) - ll€ — €0 (1, 1)l () = —
Song et al. ICLR, 2021 20

slide from httos://cvor?202?-tutorial-diffusion-models oithub io/
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What is the ELBO for continuous-time diffusion models?

Denoising Score Matching:

min B z4(0,7) g ~go (x0) Een 0,1 (1) - e — eo(x¢,1)|]3

[Kingma et al, 2021] showed that the variational upper bound (negative ELBO) can be reduced to a
simple variant:
1 (]/\\ 2
_ELBO(H) — §EtNU((),T)EXONQO(XO)EGNN(O,I)— At HE - GO(Xta t)||2 + const

where X; = o;Xo + 0:€
"2
A = log — (signal-to-noise ratio of timestep t)
Ot
In practice, different loss weightings trade off between model with good perceptual quality vs. high
log-likelihood:

Perceptual quality, e.g., w(t) =1 How to explain such discrepancy?
! . L. ,
High likelihood: -ELBO Can we still trust ELBO / maximum likelihood?

Kingma et al., “Variational diffusion models”, NeurlPS 2021.
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Weighted diffusion objectives

Understanding diffusion objectives as the ELBO with data augmentation

Summarize different types of diffusion objectives as the following weighted diffusion objective:

1 dA\

L,(0) = §Et~U((),T)EX0N(IO(XO)EGNN(O,I) [“'(/) T e — EG(Xut)”g]

[Kingma & Gao, 2023] showed that if w () is a monotonically increasing function, then the weighted
diffusion objective is equivalent to the negative ELBO with data augmentation (Gaussian addition
noise):

L,(0) > Bt p., () Exongo(x0) Exe ~ge (x:x0) |—log p(x¢)] + const
N —————————_——
Neg. log lik. of noise-perturbed data

dw(t)
dt

where p,, (1) o

Therefore, the ELBO objective is compatible with perceptual quality when combined with simple data
augmentation (additive noise)

Kingma & Gao, “Understanding Diffusion Objectives\\as the ELBO with Data Augmentation”, 2023.

52
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Probability Flow ODE

Alternative reverse process

Forward diffusion process (fixed)

5 B(0) [kt + 2V, log i (x0)] dt + /B(0) de

Consider reverse generative diffusion SDE: dx;

1
In distribution equivalent to ”Probability Flow ODE”:  dx; —iﬁ(t) x; + Vi, log q:(x4)] dt

(solving this ODE results in the same ¢:(X:)when

initializing g7 (x7) ~ N (x71;0,1)) Deterministic mapping from xr to X():

53

Song et al., ICLR, 2021
slide from httos://cvpor2022-tutorial-diffusion-models.github.io/
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Synthesis with SDE vs. ODE

Generative Reverse Diffusion SDE (stochastic): Generative Probability Flow ODE (deterministic):
1 _ 1
dx; = —55(75) Xt + 289 (X¢, )] dt + +/B(t) dw, dx; = —55(75) ¢ + sg(x¢,t)] di
Song et al., ICLR, 2021 >

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Sampling from “Continuous-Time” Diffusion Models
SDE vs. ODE Sampling: Pro’s and Con’s

Generation with Probability Flow ODE

1”’
[N}

X0 Xt
Generative Diffusion SDE: Probability Flow ODE:
1 _ 1
dx; = —Qﬁ(t) x¢ + 289(x¢, )] dt + +/5() doy dx; = —55(75) x¢ + sg(xy, ¢)] di
1 1 -
dx; = —55(75) Xt +sg(x¢,t)] dt — 55(75)39(3%75)(115 + V/B(t) dwy
[ | ' J | ' J
Probability Flow ODE Langevin dynamics
Pro: Continuous noise injection can help to = [r0:Can leverage fast ODE solvers. Best
=) compensate errors during diffusion process (Langevin when targeting very fast sampling.
sampling actively pushes towards correct distribution).
Con: Often slower, because the stochastic terms themselves =) Con: No “stochastic™ error corregtlon, oft'en stightly
require fine discretization during solve. lower performance than stochastic sampling.
Karras et al., “Elucidating the Design Space of Diffusion-Based Generative Models”, arXiv, 2022 55

slide from https://cvpr2022-tutorial-diffusion-models.github.io/
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Sampling from “Continuous-Time” Diffusion Models

How to solve the generative SDE or ODE in practice?

XT)

q(x0) Generation with Reverse Diffusion SDE q(

Generative Diffusion SDE:

1
dx, = —55(75) (x;: + 289(x¢, 1) dt + v/ B(t) dwy

=) Euler-Maruyama:

1
Xt—1 :Xt—|—§6(t) [Xt—I—QSQ Xt, At—l—'\/ tN 0 I)

Ancestral Sampler (discrete-
time) is also a generative SDE

Song et alsqgﬂRl%B'm

slide from https://cvpr2022-tutorial-diffusion-models.github.io/

<<
4(X0)  Generation with Probability Flow ODE ¢ (x7)

X0 Xt XT
Probability Flow ODE:

1
dx; = —55@) Xt + sg(x¢,1)] dt

=)> FEuler’s Method:
1
Xt 1 = Xt + §B(t) [Xt + Sg(Xt,t)] At

In practice: DDIM sampler, another
solver of the ODE.

56
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How to make sampling faster?

One bottleneck of diffusion models is its slowness in sampling: need 10-1000+ steps to generate high
quality samples

Generative models need to be fast for practical use.

One solution: distill diffusion models into models using just 4-8 sampling steps!
Progressive distillation for fast sampling of diffusion models, Salimans & Ho, ICLR 2022
On Distillation of Guided Diffusion Models, Meng et al., CVPR 2023



Progressive distillation

How to make sampling faster?
Distill a deterministic ODE sampler (i.e. DDIM sampler) to the same model architecture.

At each stage, a “student” model is learned to distill two adjacent sampling steps of the “teacher”

model to one sampling step.
At next stage, the “student” model from previous stage will serve as the new “teacher” model.

g € 4 €

Z3/4 — f(z1:m)-

\

) v Distillation

Z)/2 = f(Z3/4;77)<
D v Distillatio> >x = f(z1;0)

Zy/4 = Jt(Z1/2;77)<
) v Distillatio>

X = f(zl/4;77)<
S 4 h T
=40 X X X

Distillation stage

Salimans & Ho, “Progressive distillation for fast sampling of diffusion models”, ICLR 2022.



https://arxiv.org/abs/2202.00512

Algorithm 1 Standard diffusion training Algorithm 2 Progressive distillation

Require: Model xy(z;) to be trained Require: | Trained teacher model x,,(z;)
Require: Data set D Require: Dataset D
Require: Loss weight function w() Require: Loss weight function w()

Require: Student sampling steps NV

for K iterations d
‘ 0 n > Init student from teacher

while not converged do while not converged do
X ~ D > Sample data x~D
t ~U|0,1] > Sample time t=1/N, i~Cat[l,2,...,N]
e~ N(0,T1) > Sample noise e ~ N(0,1)
7z, = ;X + o, > Add noise to data Zy = QX + Ot€

# 2 steps of DDIM with teacher
t'=t—05/N, t'!=t—1/N

Zyr — at/fcn(zt) —+ %(Zt — atfcn (Zt))
zpr = Xy (2p) + 257 (20 — Xy (2¢))
x =x D Clean data is target for X BT Z::: —EZ:%ZSZ > Teacher x target
At = logla? /o?] > log-SNR M\ = logla? /o?]
Lo = w(A)||%X —%p(z:)||5 > Loss Lo = w(\)[[X — %o (z4) )5
0« 0—~vVolLg > Optimization 0« 0—~vVgLg
end while end while
n <0 > Student becomes next teacher
N < N/2 1 Halve number of sampling steps
end for

Salimans & Ho, “Progressive distillation for fast sampling of diffusion models”, ICLR 2022.
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TN X - s x R & M 5 /A . - A\ L A . 2
‘“-‘:,"' A " o \ - N - t e v y — \ & - ‘.““, “ . Wi 3 {,"’
N x_\ o - - g v _'; . .?»‘ 4 ;\,}» = L~ + . < ez ‘.-‘ ’ : RN ~ R o - X ] by \ -“,‘ % _ k

K p g by - i S S NSRS - o N 1 " ! X > ’ ! -
. “1 3 > % S ot - > .ol - = Ly - ; ) > = > 4
L L - 3 . » § 1 f 4 p
: ) \VE . . ] 3
Ifrusion iviodaels i | -
! ¢ ; .‘ | l‘ g - ¢ 7 // NN . ;

Meng et al., CVPR 2023 award nominated " T ' — - = i/

Text-guided generation (2 steps)

Now also works with
o« CF-Guidance P
« Stochastic sampling |
e Text-to-image/video
) mag.e‘.to—image - S Mask o Resultl

° npalntlng L D, ‘ . o | Image inpainting (2 steps)

: . 2 oY o T e
o Latent Diffusion Ml Lo

A '

Input Output (different styles) .
Text-guided generation (4 steps) Image to image translation (3 steps)



Case study: Imagen



Imagen: text-to-image diffusion models
By Google (imagen.research.google)

Input: text; Output: 1kx1k images

* An unprecedented degree of photorealism

« SOTA automatic scores & human ratings
« Adeep level of language understanding
« Extremely simple

* no latent space, no quantization

A brain riding a rocketship heading towards the moon.

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.
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https://imagen.research.google/
https://arxiv.org/abs/2205.11487

Imagen

By Google (imagen.research.google)

- - . y
\ i | Imagen }

A photo of a Shiba Inu dog with a backpack riding a
bike. It is wearing sunglasses and a beach hat.

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.
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https://arxiv.org/abs/2205.11487

Imagen

By Google (imagen.research.google)

N 5 >
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Imagen

A dragon fruit wearing karate belt in the snow.

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.
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https://imagen.research.google/
https://arxiv.org/abs/2205.11487

“toilet paper with real

cactus spikes”
by Irina Blok

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with De



https://arxiv.org/abs/2205.11487

What goes to Imagen?

Sampler

. Classifier-free guidance
. Maximizing text-alignment

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.



https://arxiv.org/abs/2205.11487

What goes to Imagen?

Sampler

. Classifier-free guidance
. Maximizing text-alignment

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.



https://arxiv.org/abs/2205.11487

Imagen: Cascaded generation pipeline

A photo of a group of teddy bears
eating pizza in Times Square.

v

Embeddings

A 4
)

Frozen text encoder }

v
\ 4

Embeddings +

v
A 4

v

Embeddings +

\ 4

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.
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Classifier Guidance

Sampler technique

Assume pairs of data (x, c¢). A classifier guidance diffusion model consists of
A trained conditional diffusion model

A trained classifier model on noisy data Xy

During sampling, at each denoising step, modify the score function to

Vi, log pg o (x¢|c) = Vi, log pe(x;|c) + wVy, log py(c|x;).

/ N\

From the conditional From the classifier
diffusion model model

Upweight samples that the classifier assigns high probability with, better alignment with c.

Cons: need to train an additional classifier. Increase model complexity.

Dhariwal and Nichol, “Diffusion models beat GANs on image synthesis”, NeurlPS 2021.



https://arxiv.org/abs/2105.05233

Classifier-free Guidance

Sampler technique

Assume there’re two diffusion models, one conditional model and one unconditional model.

By Bayes’ rule we can define an implicit classifier

Po(c|xt) o pg(x¢|c)/po(xy).
The modified score function during sampling then becomes

VXt logﬁQ(xt|C) = (1 + w)VXt lngg(XtIC) _ vat Ingg(Xt).

N

From the conditional From the unconditional
diffusion model diffusion model

The two models can share weights, with the unconditional model taking a null class label c.

Ho & Salimans, “Classifier-Free Diffusion Guidance”, 2021.



https://openreview.net/pdf?id=qw8AKxfYbI

Classifier-free guidance in Imagen

Large classifier-free guidance weights — better text alignment, worse image fidelity

I
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Better text alignment

Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.
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Larger Text Encoders — Better Alignment, Better Fidelity
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Saharia et al., “Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding”, arXiv 2022.
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Can we generalize this to video?
Imagen Video (imagen.research.google/video)

Imagen Video

Jonathan et al., “Imagen Video: High Definition Video Generation with Diffusion Models”, 2023.

‘|
Imagen Video
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https://imagen.research.google/video
https://arxiv.org/abs/2210.02303

Imagen Video generalizes Imagen to the video domain
using a cascade of super-resolution diffusion models in space and time

. ] Base (5.6B)
Input Text Prompt > T5-XXL (4.6B) > 16x40x24 3fps
SSR (1.2B) A SSR (1.4B) A TSR (1.7B)
32x320x192 6fps 32x80x48 6fps 32x40x24 6fps
TSR (780M) | TSR (630M) SSR (340M)

64x320x192 12fps 128x320x192 24fps 128x1280x768 24fps




Video diffusion models

Ho & Salimans, et al. https://video-diffusion.github.io/

e Image — Video: Just add another dimension to the data tensor
e Image architecture: 2D UNet
e Video architecture: 3D UNet, space-time separable
- repeat the 2D UNet over frames
o additional layers to mix over time using attention or convolution

(5)2, M, (5)2, 2 x M,

(x¢,2) N2, M, N2 2x M; Xt-1




.

' Wooden figurine surfing on a surfboard in space.
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“watercolor greeting card of
thank you so much!”




