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DISCLAIMER

The content (text, image, and graphics) used in this slide are
adopted from many sources for Academic purposes. Broadly, the
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there is a chance of missing out some original primary sources.
The authors of this material do not claim any copyright of such
material.




Deep Generative Learning

Learning to generate data
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Application (1): Content Generation

StyleGAN3 example images

Karras et al. Alias-Free Generative Adversarial Networks, NeurlPS 2021 Source: CVPR2022-tutorial-diffusion-models
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Photo Inpainting

Example of GAN-Generated
Photograph Inpainting Using
Context Encoders.

Taken from Context Encoders:
Feature Learning by Inpainting
describe the use of GANSs,
specifically Context Encoders, 2016.

https://machinelearningmastery.com/impressive-applications-of-generative-adversarial-networks/



Application (3): Representation Learning

Learning from limited labels

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  Source: CVPR2022-tutorial-diffusion-models
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The Landscape of Deep Generative Learning

Autoregressive NOVI_I‘{‘:J::ing
Models
Variational
Autoencoders
Generative Denoising
Diffusion Models

Adversarial
’s‘ L .




Generative Models

VAE
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Source: 6.5978 Deep Generative Models - MIT EECS, Fall 2024 @
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statistics are likely to be biased.
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Denoising Diffusion Models

Emerging as powerful generative models, outperforming GANs

“Diffusion Models Beat GANs on Image Synthesis” “Cascaded Diffusion Models for High Fidelity Image Generation” @
Dhariwal & Nichol. OpenAl. 2021 Ho et al., Google. 2021 Source: CVPR2022-tutorial-diffusion-models
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Text-to-Image Generation: Successful Applications

DALL-E 2 Imagen

A group of teddy bears in suit in a corporate office celebrating

a teddy bear on a skateboard in times square the birthday of their friend. There is a pizza cake on the desk.
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Ramesh et al., 2022 Language Understanding”, Saharia et al., 2022

“Hierarchical Text-Conditional Image Generation with CLIP Latents” “Photorealistic Text-to-Image Diffusion Models with Deep Q

Source: CVPR2022-tutorial-diffusion-models
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Denoising Diffusion Probabilistic Models (DDPM)

DIFFUSION
MODELS

Source: CVPR2022-tutorial-diffusion-models @
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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 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 Source: CVPR2022-tutorial-diffusion-models

Song et al., Score-Based Generative Modeling through Stochastic Differential Equations, ICLR 2021



cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io

Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

Source: CVPR2022-tutorial-diffusion-models
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

o A A A A A

ry = 1= Brxi—1 + VBre, €~ N(0,I)

Source: CVPR2022-tutorial-diffusion-models
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

o A A A A A

Tt = V};ﬁtwt—l =+ \/__@fa e ~ N(0,1)

coefficients:
variance preserving @

Source: CVPR2022-tutorial-diffusion-models
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

o A A A A A

e =T~ Begio1 + Ve e~N(O,T)

t: “schedule”,
key to Diffusion Models’ success Q

Source: CVPR2022-tutorial-diffusion-models
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

o A A A A A

ZCt:—_].—,BtZL't_l —I-.S, GNN(O,I)

mean of z, std of

©
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

o A A A A A

Kernel

q(X¢|x-1) = N(Xt§ V1= Bixi-1, Bd)
©

Source: CVPR2022-tutorial-diffusion-models
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

o A A A A A

Kernel

q(xe[xi-1) = N(x¢; /1 — .-ﬁtxt—lz@[)
mean of z,  varof z, @

Source: CVPR2022-tutorial-diffusion-models
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

Kernel
q(xixi-1) = N (3 V1 = B, 5@ identity matrix

* samplingisi.i.d.

 dim =dim of data @

Source: CVPR2022-tutorial-diffusion-models
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Forward Diffusion Process

The formal definition of the forward process in T steps:

Forward diffusion process (fixed)

Data Noise

o A A A A A

Kernel T

q(x¢|xe-1) = N(x¢; /1 = Bixi—1, Bi]) m) q(x1.7|X0) = HQ(Xt|Xt—1) (joint)

t=1

©

Source: CVPR2022-tutorial-diffusion-models
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Diffusion Kernel

Forward diffusion process (fixed)

L

Data Noise

Define a; = (1 — Bs) - Q(Xt|X0) — N(XtS VX, (1 — d’t)I)) (Diffusion Kernel)

s=1

Source: CVPR2022-tutorial-diffusion-models
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Diffusion Kernel

Forward diffusion process (fixed)

L

Data Noise

Define a; = H(l — Bs) — Q(Xt|XO) — j\/’(xt; \/@_tXOa (1 — d’t)I)) (Diffusion Kernel)

s=1

For sampling: x; = v/a; xg+ /(1 —a¢) ¢ where ¢~ N(0,1)

©

Source: CVPR2022-tutorial-diffusion-models



cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io

Diffusion Kernel

Forward diffusion process (fixed)

Data Noise

Define a; = H(l — Bs) — Q(Xt|XO> — N(XtS \/df_tXOa (1 — @t)I)) (Diffusion Kernel)

s=1

For sampling: x; = v/a; xg+ /(1 —a¢) ¢ where ¢~ N(0,1)

B¢ values schedule (i.e., the noise schedule) is designed such that

ar —0 and q(x7|x0) =~ N(x7;0,1)) @

Source: CVPR2022-tutorial-diffusion-models
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What happens to a distribution in the forward
diffusion?

So far, we discussed the diffusion kernel q(x;|xg) but what about diffused data distribution q(x¢) ?

27

Source: CVPR2022-tutorial-diffusion-models
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What happens to a distribution in the forward
diffusion?

So far, we discussed the diffusion kernel q(x;|xg) but what about diffused data distribution q(x¢) ?

q(xt) = /Q(XO:Xt) dxp = /Q(XO) q(x¢|xq) dxg

—— ~——— — —
Diffused Joint Input  Diffusion
data dist. dist. data dist.  kernel

The diffusion kernel is Gaussian convolution.

©

Source: CVPR2022-tutorial-diffusion-models



cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io

What happens to a distribution in the forward

diffusion?

So far, we discussed the diffusion kernel q(x;|xg) but what about diffused data distribution q(x¢) ?

q(xt) = /Q(XO:Xt) dxp = fQ(XO) q(x¢|xq) dxg

—— ~——— — —
Diffused Joint Input Diffusion
data dist. dist. data dist. kernel Xt

The diffusion kernel is Gaussian convolution.

Diffused Data Distributions

Data Noise

q(Xop) q(x1) q(x2) q(x3) q(xT)

©

Source: CVPR2022-tutorial-diffusion-models
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What happens to a distribution in the forward

diffusion?

So far, we discussed the diffusion kernel q(x;|xg) but what about diffused data distribution q(x¢) ?

q(xt) = /Q(XO:Xt) dxp = /Q(XO) q(x¢|xq) dxg

—— ~——— — —
Diffused Joint Input Diffusion
data dist. dist. data dist. kernel Xt

The diffusion kernel is Gaussian convolution.

Diffused Data Distributions

Data Noise

q(Xop) q(x1) q(x2) q(x3) q(xT)

We can sample Xt ~ q(X¢) by first sampling x( ~ ¢(X() and then sampling x; ~ q(x¢|x()

(i.e., ancestral sampling). @

Source: CVPR2022-tutorial-diffusion-models



cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io

Generative Learning by Denoising

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

Generation:
Diffused Data Distributions ,
Data Noise
Ssample x7 ~ N (x7;0,1)
lteratively sample x;_1 ~ q(x;_1|x¢)
N ., _ Xt
. . X X
True Denoising Dist. I X %
X
q(xo) q(x1) q(x2) q(x3) q(xT)

L S W W W
d(Xolx1) q(xilx) qxalxs) q(xs|xa) q(x71]%7)

©

Source: CVPR2022-tutorial-diffusion-models
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Generative Learning by Denoising

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

Generation:
Diffused Data Distributions ,
Data Noise
Ssample x7 ~ N (x7;0,1)
lteratively sample x;_1 ~ q(x;_1|x¢)
N ., v Xt
. . X X
True Denoising Dist. I X %
X
In general, q(x¢—1]X¢) o¢ q(x¢—1)q(X¢|[x¢—1)

is intractable. Q%)) q(x1) qx)  q(x3) q(xt)

L S W W W
d(Xolx1) q(xilx) qxalxs) q(xs|xa) q(x71]%7)

32

Source: CVPR2022-tutorial-diffusion-models
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Generative Learning by Denoising

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

Generation:
Diffused Data Distributions

Data Noise

Ssample x7 ~ N (x7;0,1)

lteratively sample x;_1 ~ q(x;_1|x¢)

. ~ ) Xt

True Denoising Dist. I X %

In general, q(x¢—1]X¢) o¢ q(x¢—1)q(X¢|[x¢—1)
is intractable. q(xo) qx1)) qx2)  q(x3) q(x7)

L S W W W S
C ot ( | )? d(Xolx1) q(xilx) qxalxs) q(xs|xa) q(x71]%7)
an we approximate q(xy_1|x¢)7

Yes, we can use a Normal distribution if ¢ is small in each forward diffusion step. @
Source: CVPR2022-tutorial-diffusion-models
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Reverse Denoising Process

Formal definition of forward and reverse processes in T steps:

Reverse denoising process (generative)

Data Noise

p(xt) = N(x71;0,1)

po(xe_1|xt) = N(x¢_1; (%, 1), 071
H/_/

Trainable network

(U-net, Denoising Autoencoder)
Source: CVPR2022-tutorial-diffusion-models
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Reverse Denoising Process

Formal definition of forward and reverse processes in T steps:

Reverse denoising process (generative)

Data Noise

p(xt) = N(x71;0,1)

po(xe_1|xt) = N(x¢_1; (%, 1), 071
H/_/

Trainable network
(U-net, Denoising Autoencoder)

T
= po(xor) = p(x7) | [ polxe—1]x)
11

Source: CVPR2022-tutorial-diffusion-models
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Learning Denoising Model

Recall that x; = /oy X0 + /(1 — ay) € and po(x¢_1|x¢) = N(x¢_1; pg(x, 1), 0 I)

Ho et al. NeurlIPS 2020 proposed the denoising model using a noise-prediction network and represented the

mean as:
1 By
Mo (Xe, 1) = (Xt — = Ee(Xt;t))
( ) \/1 — 6,5 1 — (¢

They use this noise-prediction network to compute the loss between the added noise and predicted noise:
Lsunple — Exowq(xo) e~N(0.1),t~U(1,T) [HG o 69(\/ t X0+ V1 — o 6 t)H }

Xt

©
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Training and Sample Generation

Algorithm 1 Training
l1: repeat
2: xo ~ q(x0)
3: s Uniformal 1l s 7 %)
4: €~ N(0,I)
5: Take gradient descent step on

Vo |l€ — eo(v/auxo + /1 — @te,t)HQ

6: until converged

©
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Training and Sample Generation

Algorithm 1 Training

l1: repeat

X0 ~ q(Xo)

t ~ Uniform({1,...,7})

e ~ N(0,1) /\th

Take gradient descent step on
= — .
V@H(—:—eg(\/atxo—l—\/l—at t)”

6: until converged

e

Source: CVPR2022-tutorial-diffusion-models
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Training and Sample Generation

Algorithm 1 Training Algorithm 2 Sampling

l1: repeat

Xo ~ q(X0)
t ~ Uniform({1,...,7T})
e ~ N(0,1) L

|
2
3
. _ l—o
Take gradient descent step on /\ 4. x¢1 = \/%—t (Xt — \/ﬁﬁa (Xt,t)) + 0+Z
Vo H(—:—eg(\/&tx0+\/1 — Oy t)”2 2: end for

6: until converged : return Xo

. XT NN(O,I)
cfort=1T,...,1do
z ~N(0,I)ift > 1,elsez=0

©
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Training and Sample Generation

Algorithm 1 Training Algorithm 2 Sampling

IXTNN(O I)
5 ) ot Al R I [
ZNN(O I)1ft>1 elsez=0 "

l1: repeat
X0 ~ q(Xo)

|
: 2
t ~ Uniform({1,...,7T}) 3
e ~ N(0,I) Ly ' , ey
Take gradient descent step on e o :Q_a_t ( ~ Ve el Xt’t)) +
Vo H(—: — €9/ auxo + V1 — ay t)”2 g: end for

6: until converged : return Xo

estimated u

v~
sampling from
estimated distribution

©
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Implementation Considerations: Network Architectures

Diffusion models often use U-Net architectures with ResNet blocks and self-attention layers to

t
represen €0 (xt , t)

> €g(Xt,t)

OTT11

- ————

Time
Representation 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 NeurlIPS 2021) Q

Source: CVPR2022-tutorial-diffusion-models



cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io
cvpr2022-tutorial-diffusion-models.github.io

Diffusion Parameters: Noise Schedule

q(X¢|xX¢-1) = N(Xt; V1= Bixio1, B)

>

L

Data Noise

po(xi_1)%t) = N (x¢_1; g (%, 1), 071)

Above, (; and 0152 control the variance of the forward diffusion and reverse denoising processes respectively.

Often a linear schedule is used for 3, and UL? is set equal to [ .

Kingma et al. NeurlPS 2022 introduce a new parameterization of diffusion models using signal-to-noise ratio
(SNR), and show how to learn the noise schedule by minimizing the variance of the training objective.

We can also train O‘? while training the diffusion model by minimizing the variational bound (Improved DPM by
Nichol and Dhariwal ICML 2021) or after training the diffusion model (Analytic-DPM by Bao et al. ICLR 2022)@

Source: CVPR2022-tutorial-diffusion-models
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What happens to an image in the forward diffusion
process?

Recall that sampling from ¢(x¢|x() is done using xt = /oy xo+ /(1 —ay) e where e~ N(0,1)

| F(xt)]

Xt = oy xg+ /(1 —ay) e | F(x0)] / Freq.

1 Fourier Transform Ac/\_v
Fxt) = vay Flxo)+/[1 = ag) Fle) N 7o)

Freq.
Large t

Freq.

In the forward diffusion, the high frequency content is perturbed faster. O

Source: CVPR2022-tutorial-diffusion-models
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Content-Detail Tradeoff

Reverse denoising process (generative)

Data Noise

The denoising model is The denoising model is
specialized for generating the specialized for generating the

high-frequency content (i.e., low-frequency content (i.e.,
low-level details) coarse content)

The weighting of the training objective for different timesteps is important!

Source: CVPR2022-tutorial-diffusion-models
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Denoising Diffusion Probabilistic Models: Summary

The model is trained by sampling from the forward diffusion process and training a denoising model to
predict the noise. We discussed how the forward process perturbs the data distribution or data samples.

The devil is in the details:
Network architectures
Objective weighting
Diffusion parameters (i.e., noise schedule)

See “Elucidating the Design Space of Diffusion-Based Generative Models” by Karras et al. for important
design decisions.

©
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Score-based Generative Modeling with
Differential Equations cCrash Course in Differential Equations

©
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Score-based Generative Modeling with
Differential Equations cCrash Course in Differential Equations

Ordinary Differential Equation (ODE):

d
d—”t‘ — f(x,1) or dx = f(x,)dt

XA&

©
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Score-based Generative Modeling with
Differential Equations cCrash Course in Differential Equations

Ordinary Differential Equation (ODE):

d
d—”t‘ — f(x,1) or dx = f(x,)dt

XA&

> L
t
Analytical X(t) :X(O)—I—/ f(X,T)dT
0

Solution:

Iterative
Numerical x(t + At) ~ x(t) + f(x(t),t)At

Solution:

Source: CVPR2023-tutorial-diffusion-models
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Score-based Generative Modeling with
Crash Course in Differential Equations

Differential Equations

Ordinary Differential Equation (ODE):

d
d—”t‘ — f(x,1) or dx = f(x,)dt

XA&

-t
x(t) = x(0) —I—/O f(x,7)dr

Analytical
Solution:

Iterative
Numerical x(t + At) ~ x(t) + f(x(t),t)At

Solution:

Stochastic Differential Equation (SDE):

dx

dt

drift coefficient diffusion coefficient

( dx = f(x, t)dt + o(x, t)dws )

x(t + At) =~ x(t) + f(x(t), t) At —I—

Wiener Process

— ?(X’ t).—|— IO‘(X, t)(:dt — V\sﬁi?eu?\lsci?sl)

Wi °

> L

o(x(t),t)VAt N (0,T) @

Source: CVPR2023-tutorial-diffusion-models
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Score-based Generative Modeling with

Differential Equations

Ordinary Differential Equation (ODE):

d
d—”t‘ — f(x,1) or dx = f(x,)dt

XA&

Solution:

t
Analytical X(t) =X(0)_|_/ f(X,T)dT
0

Iterative
Numerical x(t + At) ~ x(t) + f(x(t),t)At

Solution:

Crash Course in Differential Equations

Stochastic Differential Equation (SDE):
dx (Gaussian
a = ?(Xa t)f" IU(X» t)‘:‘-’t G it Noise)

Wiener Process

drift coefficient diffusion coefficient

( dx = f(x, t)dt + o(x, t)dw: ) W, °

x(t + At) =~ x(t) + f(x(t), t) At —|— o(x(t),t)VALN(0,T) @

Source: CVPR2023-tutorial-diffusion-models
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Forward Diffusion Process as Stochastic
Differential Equation

Consider the limit of many small steps:
Forward diffusion process (fixed)

L

Data

X3 X4 Xt

q(Xe|xi—1) = N(x4; V1= Bixi—1,51)

ldiscretization of

1
dXt = —iﬁ(t)xt dt -+ AV ,B(t) dwt
Stochastic Differential Equation (SDE)

Song et al., “Score-Based Generative Modeling through Stochastic Differential Equations”, ICLR, 2021 Source: CVPR2023-tutorial-diffusion-models

Noise
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Forward Diffusion Process as Stochastic
Differential Equation

Forward diffusion process (fixed)

1
Forward Diffusion SDE: dx; = —éﬁ(t)xt dt + +/A(t) dwy
drift term diffusion term
Song et al.. ICLR. 2021 (pulls towards mode) (injects noise) @

Source: CVPR2023-tutorial-diffusion-models
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The Generative Reverse Stochastic Differential
Equation

Forward diffusion process (fixed)

Forward Diffusion SDE:

But what about the reverse
direction, necessary for generation?

Song et al., ICLR, 2021 @

Source: CVPR2023-tutorial-diffusion-models
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The Generative Reverse Stochastic Differential
Equation

Forward diffusion process (fixed)

1
Forward Diffusion SDE: dx; = —§B(t)xt dt + +/B(t) dwy
drift term diffusion term
R G ti 1 _
everse Generative e, = |~ 8(00% = B0, g0 | dt + v/FD 4o

L]
“Score Function”

Song et al., ICLR, 2021 Q
Anderson, in Stochastic Processes and their Applications, 1982 Source: CVPR2023-tutorial-diffusion-models
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The Generative Reverse Stochastic Differential
Equation

Forward diffusion process (fixed)

1
Forward Diffusion SDE: dx; = —§B(t)xt dt + +/B(t) dwy
drift term diffusion term
[ 1 [ 1
Reverse Generative _ _1 B _
Diffusion SDE: dx; = [ 2ﬁ(t)xt B(t)Vy, log g (x:) | At + +/B(t) dw;
“Score Function”
= Simulate reverse diffusion process: Data generation from random noise!
Songetal., ICLR, 2021 Q
Anderson, in Stochastic Processes and their Applications, 1982

Source: CVPR2023-tutorial-diffusion-models
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The Generative Reverse Stochastic Differential
Equation

But how to get the score function Vy, log q:(x;) ?

Source: CVPR2023-tutorial-diffusion-models
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Score Matching

Forward diffusion process (fixed)

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

min EtNZ/{(O,T)EXtNQt (x¢) | |SQ (Xta t) _ vxt log qt (Xt) ‘ ‘%

(7]
diffusion diffused neural score of
time ¢ data x; network diffused data
(marginal)
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

Source: CVPR2023-tutorial-diffusion-models
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Score Matching

Forward diffusion process (fixed)

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

min EtNZ/{(O,T)EXtNQt (x¢) | |SQ (Xta t) _ vxt log qt (Xt) ‘ ‘%

7]
diffusion diffused neural score of
time ¢ data x; 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”, Neur/PS, 2019 Source: CVPR2023-tutorial-diffusion-models
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Denoising Score Matching

Forward diffusion process (fixed)

o

“Variance Preserving” SDE:
1
dXt = —§ﬁ(t)xt dt + \ ,B(t) dwt
qt(x¢|x0) = N (%4570, UtQI)

Instead, diffuse individual data points xq. Diffused ¢;(x;|xq) is tractable!

Denoising Score Matching:

mein Etwu(OaT)EXONQO (XO)EXtNQt (x¢]x0) | |89 (Xt’ t) - vxt log at (Xt ‘XO) | |%

diffusion data diffused data neural score of diffused
time ¢ sample X sample xX; network data sample

Vincent, in Neural Computation, 2011
Song and Ermon, NeurlPS, 2019 @

Song et al. ICLR, 2021 Source: CVPR2023-tutorial-diffusion-models
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Denoising Score Matching

Forward diffusion process (fixed)

o

“Variance Preserving” SDE:
1
dXt = —§B(t)xt dt + \ ,B(t) dwt
qt(x¢|x0) = N (%4570, U?I)

Instead, diffuse individual data points xq. Diffused ¢;(x;|xq) is tractable!

Denoising Score Matching:

mein EtNU(OaT)EXONQO (XO)EXtNQt(Xt|XO) Ise(x¢,1) — Vi, log g:(x¢|x0)] |%

diffusion data diffused data neural score of diffused
time ¢ sample x sample x; network data sample

Vi t,in Neural C utation, 2011 -
sonaand Ermon. neuwrPs. 2019 ®p  After expectations, sg(x;,t) ~ Vy, log ¢;(x;)! @

Song et al. ICLR, 2021 Source: CVPR2023-tutorial-diffusion-models
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Denoising Score Matching

Forward diffusion process (fixed)

o

“Variance Preserving” SDE:
1
dXt = —§ﬁ(t)xt dt + \ ,B(t) dwt
qt(x¢|x0) = N (%4570, UtQI)

Instead, diffuse individual data points xq. Diffused ¢;(x;|xq) is tractable!

Denoising Score Matching:

mein Etwu(OaT)EXONQO (XO)EXtNQt (x¢]x0) | |89 (Xt’ t) - vxt log at (Xt ‘XO) | |%

diffusion data diffused data neural score of diffused
time ¢ sample X sample xX; network data sample

1 S bjecti
Vincent, in Neural Computation, 2011 : T o 2 dame objectives
Song and Ermon, NeurlPS, 2019 = mgm EtNU(OaT) Exo~go (XO)EENN(OJ) o2 e — €g(x¢,1)][2 in DDPM! O

Song et al. ICLR, 2021 t Source: CVPR2023-tutorial-diffusion-models
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Synthesis with SDE vs. ODE

CI(XO) ) Generation with Reverse Diffusion SDE q(XT)

X0

Xt XT

Generative Reverse Diffusion SDE (stochastic):

s = — 2 A1) [xt + 2590, 8)] dt + V/B(D) ddy

Songetal., ICLR, 2021

: _ . _
q(xo) Generation with Probability Flow ODE q(xT)

X0 X¢ XT

Generative Probability Flow ODE (deterministic):

dx; — —% B(1) [x, + so(x, 1)] dt

©

Source: CVPR2023-tutorial-diffusion-models
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What makes a good generative model?

The generative learning trilemma

Likelihood-based models
(Variational Autoencoders
& Normalizing flows

=g hormatizir flows) _
— '... - ",‘.

/ Mode

( Fast
‘\\ Sampling

\
\
Coverage/ !
7

Diversity
Generative Denoising
Adversarial Diffusion
Networks (GANs) Models
High
Quality ’ Often requires 1000s of
Samples 2 network evaluations!

"""""""""""""""""""""""""""""""""""""""""""""""" Source: CVPR2022-tutorial-diffusion-models
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What makes a good generative model?

The generative learning trilemma

Tackle the trilemma by accelerating diffusion models

Mode
Coverage/
Diversity

Fast
Sampling

High
Quality
Samples

Source: CVPR2022-tutorial-diffusion-models
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How to accelerate diffusion models?

s

[Image credit: Ben Poole, Mohammad Norouzi]
F Simpl-owly maps data to noise ﬁ

aps noise back to data where Q

diffusion model is trained \
Naive acceleration methods, such as reducing diffusion time - -
steps in training or sampling every k time step in inference, e N

E !

lead to immediate worse performance.

We need something cleverer.

Source: CVPR2022-tutorial-diffusion-models
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Advanced Forward Process

The reverse process will be changed accordingly

F Simpl-owly maps data to noise ﬁ

X0 7 .. 72Xt =7 X117 ... 7 XT \

Q(Xt|xt—1) = N(Xt; W L= Bext—1, ,BtI)

Does the noise schedule have to be predefined?

Does it have to be a Markovian process?

Source: CVPR2022-tutorial-diffusion-models
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Variational Diffusion Models

Learnable diffusion process

Given the forward process ¢(x;|x() = N (x¢; vVagxg, (1 — ay)I))

Directly parametrize the variance through a learned function 7n:

1 — a; = sigmoid (v, (t))

v (t): @ monotonic MLP.

Strictly positive weights & monotonic activations (e.g. sigmoid)

Kingma et al., “Variational diffusion models”, NeurlPS 2021.
Vahdat and Kautz, NVAE: A Deep Hierarchical Variational Autoencoder, NeurlPS 2020

Source: CVPR2022-tutorial-diffusion-models
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Variational Diffusion Models
New parametrization of training objectives

Optimizing variational upper bound of diffusion models can be simplified to the following
training objective:

T

Lr = ZExoct [(exp(y(t) — Wt — 1)) = Dlle — es(x1,1)][5]

- Learning noise schedule improves likelihood estimation of diffusion models, given fewer
diffusion steps.

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

Source: CVPR2022-tutorial-diffusion-models
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Denoising Diffusion Implicit Models (DDIM)

Non-Markovian diffusion process

@ — @ — @ﬁ‘ E@)— @ — @— @

s q(x3|z2, 20) T q(®2|T1, T0)

Q(«’B2|~’131)

Main Idea
Design a family of non-Markovian diffusion processes and corresponding reverse processes.

The process is designed such that the model can be optimized by the same surrogate objective as the
original diffusion model.

Lsimple(o) Et ,X0,€E [HE \/_XO T v l— ate t ” ]

Therefore, can take a pretrained diffusion model but with more choices of sampling procedure.

{
Song et al., “Denoising Diffusion Implicit Models”, ICLR 2021.

Source: CVPR2022-tutorial-diffusion-models
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DDIM Sampler

Deterministic generative process

~o9 Xt — VX0 .
o7 G'QI)

- x2
DDIM sampler gy = 0,Vt

- a deterministic generative process, with randomness from only t=T.

Song et al., “Denoising Diffusion Implicit Models”, ICLR 2021.

Source: CVPR2022-tutorial-diffusion-models
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Advanced Reverse Process

Approximate reverse process with more complicated distributions

aps noise back to data where Q

diffusion model is trained

Q: is normal approximation of the reverse process still
accurate when there’re less diffusion time steps?

Source: CVPR2022-tutorial-diffusion-models
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Advanced Approximation of Reverse Process

Normal assumption in denoising distribution holds only for small step

Denoising Process with Uni-modal Normal Distribution

/

A MU

Requires more complicated functional approximators!

GANs used by Xiao et al.

Energy-based models by Gao et al.

"""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""""" Source: CVPR2022-tutorial-diffusion-models
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Denoising Diffusion GANs

Approximating reverse process by conditional GANs

mgin Z Eq(x,) [Dadv(q(xt—1|%t)||po(xt—1(x¢t))]

t>1

Compared to a one-shot GAN generator:

Both generator and discriminator are
solving a much simpler problem.

Real / Fake? |D(=, ,, @, t) *

Stronger mode coverage

Better training stability

Buiuonipuo)

Xiao et al., “Tackling the Generative Learning Trilemma with Denoising Diffusion GANs”, ICLR 2022.

Source: CVPR2022-tutorial-diffusion-models
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Advanced Modeling

Model Distillation & Latent Space Modeling

Can we do model distillation for fast sampling?

Can we lift the diffusion model to a latent space that is
faster to diffuse?

Source: CVPR2022-tutorial-diffusion-models
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Progressive Distillation

 Distill a deterministic 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.

t=1 € € €
Z3/4 = f(z13m)5
> \_./ Distillation >
Zy/2 = f(z3/4;77)<
2 [ Distilation > >x = f(z1;0)
Zy)4 = f(Zl/z;n)<
; \_/ Distillation >
x = f(z1/4;m)3
S 4 v h £
=10 X X X

Distillation stage

{

Salimans & Ho, “Progressive distillation for fast sampling of diffusion models”, ICLR 2022. Source: CVPR2022-tutorial-diffusion-models
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Latent-Space Diffusion Models

Variational autoencoder + score-based prior

Latent Space Forward Diffusion

Encoder P(ZO )

> p(z1)

Data X

Decoder “ Latent Space Generative Denoising
p(x|20) KL(q(zo|x)|[p(20))
_ J _ J
Y Y
Variational Autoencoder Denoising Diffusion Prior
Main Idea

Encoder maps the input data to an embedding space

Denoising diffusion models are applied in the latent space

Vahdat et al., “Score-based generative modeling in latent space”, NeurlPS 2021.
Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022. Source: CVPR2022-tutorial-diffusion-models
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Latent-Space Diffusion Models

Variational autoencoder + score-based prior

Latent Space Forward Diffusion

Encoder p(ZO )

> p(z1)

Data X

Decoder “ Latent Space Generative Denoising
p(x|20) KL(q(zo|x)|[p(20))
N / L J
Y Y
Variational Autoencoder Denoising Diffusion Prior
Advantages:

(1) The distribution of latent embeddings close to Normal distribution = Simpler denoising, Faster Synthesis!
(2)Augmented latent space =» More expressivity!
(3) Tailored Autoencoders = More expressivity, Application to any data type (graphs, text, 3D data, etc.) !

Vahdat et al., “Score-based generative modeling in latent space”, NeurlPS 2021.
Rombach et al., “High-Resolution Image Synthesis with Latent Diffusion Models”, CVPR 2022. Source: CVPR2022-tutorial-diffusion-models
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Latent-Space Diffusion Models

E H Diffusion Process §emantiq
Map
P f Denoising U-Net €g Oz Text
I Repres
entations

2T || _—
\Fiixel Spac& )
= -
Q
b Y e
\\

denoising step crossattention  switch  skip connection concat

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




Latent-Space Diffusion Models: Generated Samples

LSUN-Churches LSUN-Beds ImageNet

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




Thank You
QUESTIONS?

88
Image Source: http://pluspng.com/best-of-luck-png-5072.html ‘
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