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Generative vs. Discriminative

e Generative models learn the data distribution

Discriminative model Generative model
Goal Directly estimate P(y|x) Estimate P(z|y) to then deduce P(y|z)
What's learned Decision boundary Probability distributions of the data
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Generative Models

* Learning to generate data

Samples from a Data Distribution Neural Network
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Generative Models
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Generative Models

GAN: Adversarial

Discriminator

Generator

X —>- Z >
training D(x) G(z)
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variational lower bound ¢ (z[x) po(x|z)
Flow-based models: X > Flow > Z > Inlr;erse >
Invertible transform of f(x) f(2)

. distributions
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Diffusion models: X0 . X1 - Xo . .
Gradually add Gaussian - *«--1 T[€-------- TR *--------
noise and then reverse




A Fast-Evolving Field

VAEs, 2013 GANs, 2014 PixelCNN, 2016 BigGAN, 2019 Imagen, 2022 SORA 2024




A Fast-Evolving Field

A wide image taken with a phone of a glass whiteboard, in a room overlooking the

Bay Bridge. The field of view shows a woman writing, sporting a tshirt wiith a large
OpenAl logo. The handwriting looks natural and a bit messy, and we see the

photographer's reflection....

Read more

VAEs, 2013 SORA 2024
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Suppose we directly model

p(text, pixels, sound)
with one bio) autoregressive transformec.
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Denoising Diffusion Model Basics

Diffusion Models from Stochastic Differential
Equations and Score Matching Perspective

Denoising Diffusion Implicit Model (DDIM)
Conditional Diffusion Models
Applications of Diffusion Models



Content

e Diffusion Model Basics
— Diffusion Models as Stacking VAEs

— Diffusion Models: Forward, Reverse, Training, Sampling



Denoising Diffusion Models

e what we often see about diffusion models

Po(xt1|xt
@H H@ @H H
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Denoising Diffusion Models

e what we often see about diffusion models

Po(X¢— 1|Xt
& H@ @H H

\__—’

a(x | x0) = N (%45 V/Gexo, (1 — &) ))

= /auxo + /(1 — e

Forward diffusion process
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Denoising Diffusion Models

e what we often see about diffusion models

Po(xt1|xt
O O — O H

\__—’

Xt|Xt 1
q(x: | xo) (Xt, Vaixo, (1 - a) )) p(xr) =N (x71;0,I)
= auxg + 1/ (1 — &)e po (X4—1 | X¢) = N (Xp—1; o (x¢, 1), 071)

Forward diffusion process Reverse denoising process
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Denoising Diffusion Models

e what we often see about diffusion models

Po(xt1|xt
g O O H

\__—’

xt|xt 1)
a(x; | x0) = N (x5 V/Gexo, (1 = G)T) ) p(xr) = N (x7;0,1)
— \/axp + 1/ (1 — &)e po (Xe-1 | x¢) = N (%115 po (%1, 1), 07T)
Forward diffusion process Reverse denoising process

 this lecture: denoising diffusion is a stack of VAEs
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Recap: Variational Autoencoders

* VAEs: a likelihood-based generative model
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Recap: Variational Autoencoders

* VAEs: a likelihood-based generative model

* Encoder: an inference model that

approximates the posterior q(z|x) @ @
T

q(z|x)
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Recap: Variational Autoencoders

* VAEs: a likelihood-based generative model

* Encoder: an inference model that p(x|z)
approximates the posterior q(z|x) @/_\@
. N—"
* Decoder: a generative model that q(z|x)

transforms a Gaussian variable z to real data



Recap: Variational Autoencoders

VAEs: a likelihood-based generative model

Encoder: an inference model that p(x|z)

approximates the posterior q(z|x) @/_\@
. N—"

Decoder: a generative model that q(z|x)

transforms a Gaussian variable z to real data

Training: maximize the ELBO
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Recap: Variational Autoencoders

Decoder: transforms a Gaussian

variable to real data

" u(X; 0)

o T Em = == —

e e e

)
™

—— o

——————————————————————————————

X(X;0)

]
IV (z; u(X), % (X)) 0 (z|X)

Encoder: an inference model
approximates the posterior, i.e.
Gaussian
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VAEs are good,
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e Blurry results
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Limitations of VAEs

e Decoder must transform a standard Gaussian all the
way to the target distribution in one-step
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Limitations of VAEs

e Decoder must transform a standard Gaussian all the
way to the target distribution in one-step

— Often too large a gap

— Blurry results are generated
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Limitations of VAEs

e Decoder must transform a standard Gaussian all the
way to the target distribution in one-step

— Often too large a gap

— Blurry results are generated

e Solution: have some intermediate latent variables to
reduce the gap of each step

23



Hierarchical VAEs

* Hierarchical VAEs — Stacking VAEs on top of each other

p(x|z1) p(z1|22) p(22|23)
OlcRCcRe

q(z1]x) q(22|z1) q(z3|z3)



Hierarchical VAEs

* Hierarchical VAEs — Stacking VAEs on top of each other
— Multiple (T) intermediate latent

T

— Joint distribution P (®,z1.r) = p(2r)pe (@ | 21) | [ po (261 | 2¢)
t=2

p(x|z1) p(z1|22) p(22|23)
OlcRCcRe

q(z1]x) q(22|z1) q(z3|z3)



Hierarchical VAEs

* Hierarchical VAEs — Stacking VAEs on top of each other
— Multiple (T) intermediate latent

T

— Joint distribution P (®,z1.r) = p(2r)pe (@ | 21) | [ po (261 | 2¢)
t=2

T

— Posterior 2 (zur | ®) =gy (z1 | @) | [ 96 (2¢ | 201)
t=2

p(x|z1) p(z1|22) p(22|23)
OlcRCcRe

q(z1]x) q(22|z1) q(z3|z3)



Hierarchical VAEs

* Hierarchical VAEs — Stacking VAEs on top of each other
— Multiple (T) intermediate latent

T

— Joint distribution P (@ z17) = p(2r)pe (& | 21) | | e (21 | 20)
t=2

T

— Posterior 2 (zur | ®) =gy (z1 | @) | [ 96 (2¢ | 201)
t=2

e Better likelihood achieved!
p(x|zy) p(z1|22) p(z;2|z3)

fm w

q(z1]x) q(22|z1) q(z3|z3)



Stacking VAEs

* Each step, the decoder removes part of the noise

x3 xZ

1 D )+ b




Stacking VAEs

* Each step, the decoder removes part of the noise
* Provides a seed model closer to final distribution
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Stacking VAEs

* Each step, the decoder removes part of the noise
 Provides a seed model closer to final distribution
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Stacking VAEs

 We can have many many steps (in total T)...
e Each step incrementally recovers the final distribution

XT XT-1 XT-2
Decoder Decoder Decoder . Decoder Decoder Decoder
T T-1 T-2 3 2 1

0.4 0.4 . 03: . 0.3 - 0.3 . 08 .
04}
03 0.3
0.2} 0.2 0.2
0.3}
0.2 0.2 se e
04} 0. | o 02y
0.1 0.1
01t
0 - 0 - 0 - o 1 0 - o !
5 0 5 £} 0 5 5 0 5 -5 0 5 -5 0 5 5 0 5

e Looks familiar?
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Diffusion Models are Stacking VAEs

e Diffusion models are special cases of Stacking VAEs

Decoder Decoder Decoder Decoder
1 2 t T

@ @ @ ®- @6
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Diffusion Models are Stacking VAEs

e Diffusion models are special cases of Stacking VAEs

Decoder Decoder Decoder Decoder
1 2 t T

R E X

 The reverse denoising process is the stack of
decoders



Diffusion Models are Stacking VAEs

e Diffusion models are special cases of Stacking VAEs

Decoder Decoder Decoder Decoder
1 2 t T

R E X

 The reverse denoising process is the stack of
decoders

e What about encoders?



Diffusion Models are Stacking VAEs

* Diffusion models are special case of Stacking VAEs

Encoder Encoder Encoder Encoder
1 2 t T
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Diffusion Models are Stacking VAEs

* Diffusion models are special case of Stacking VAEs

N T ST

Encoder
1

Encoder
2

e

Encoder
t

Encoder
T

* In VAEs, encoders are learned with KL-divergence
between the posterior and the prior

e Suffers from the ‘posterior-collapse’ issue



Diffusion Models are Stacking VAEs

* Diffusion models are special case of Stacking VAEs

SERINY

\_j
Encoder Encoder Encoder Encoder
1 2 t T

* In VAEs, encoders are learned with KL-divergence
between the posterior and the prior

e Suffers from the ‘posterior-collapse’ issue
e Diffusion models use fixed inference encoders



Poll 1

Diffusion Models’ reverse process is the stack of
o VAE encoders
o VAE decoders



Poll 1

Diffusion Models’ reverse process is the stack of
o VAE encoders
o VAE decoders
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Denoising Diffusion Models

Diffusion models have two processes

Forward diffusion process gradually adds noise to
input

Reverse denoising process learns to generate data
by denoising

Forward diffusion process (fixed)

S
r g

Data Noise

Reverse denoising process (generative)

40



Forward Diffusion Process

* Forward diffusion process is stacking fixed VAE encoders

Forward diffusion process (fixed)

Data Noise

41



Forward Diffusion Process

* Forward diffusion process is stacking fixed VAE encoders

— gradually adding Gaussian noise according to schedule f;

q(x¢ | x¢1) =N (Xt; v 1—Bix¢-1, rBtI)

Forward diffusion process (fixed)

Data Noise

42



Forward Diffusion Process

* Forward diffusion process is stacking fixed VAE encoders

— gradually adding Gaussian noise according to schedule f;

q(x¢ | x¢1) =N (Xt; v 1—Bix¢-1, rBtI)

T
q(x1.7 | X0) = HQ(Xt | X¢-1)
t=1

Forward diffusion process (fixed)

Data Noise

43



Data

Forward Diffusion Process

Forward diffusion process (fixed)

Noise
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Data

Forward Diffusion Process

Forward diffusion process (fixed)

Noise

q(x¢ | xe1) =N (Xt; v1-— ﬁtxtlsﬂtl)

45



Forward Diffusion Process

Forward diffusion process (fixed)

Data Noise

Xo X, X, X3 Xg Xr

\/ q(x¢ | xe1) =N (Xt; Vvi1- ﬁtxthﬁtl)

* The forward process allows sampling of x; at
arbitrary timestep t in closed form:

q(x¢ | xo) :N(xt3 vV axq, (1 —at)I) H 1 - B,)

x; = v/ &uXo + \/(1 —az)e e~ N(0,I)

46



Forward Diffusion Process

Forward diffusion process (fixed)

Data Noise

Xt

q(x¢ | xe1) =N (Xt; v1-— )thtlsﬂtl)

* The forward process allows sampling of x; at
arbitrary timestep t in closed form:

a(xe | x0) = N (%3 v/@exo, (1 = @)T) =110 -5
x; = Vaxo+/(1-a)e T

* The noise schedule (f; values) is designed such that
Q(XT | XO) ~ N(XT5OaI) 47




Reverse Denoising Process

* Generation process
— Sample x7 ~ N (x71;0,1I)

— lteratively sample x; 1 ~q(x; 1 | x¢)



Reverse Denoising Process

* Generation process
— Sample x7 ~ N (x71;0,1I)

— lteratively sample x; 1 ~q(x; 1 | x¢)

* g(x1|x:) not directly tractable



Reverse Denoising Process

* Generation process
— Sample x7 ~ N (x71;0,1I)

— lteratively sample x; 1 ~q(x; 1 | x¢)

e . notdirectly tractable

e But can be estimated with a Gaussian
distribution if 5; is small at each step

— The purpose of our stack of VAE decoders!



Reverse Denoising Process

* Reverse diffusion process is stacking learnable VAE decoders

_ Reverse denoising process (generative)

4

Data Noise

51



Reverse Denoising Process

* Reverse diffusion process is stacking learnable VAE decoders
— Predicting the mean and std of added Gaussian Noise

p (XT) =N (XT; 0, I) Peo (XO:T) =D (XT) HP@ (Xt—1 | Xt)

po (X¢—1 | x¢) =N (xt_l; 7 (xt,t),afI)

_ Reverse denoising process (generative)

<

Noise
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Reverse Denoising Process

* Reverse diffusion process is stacking learnable VAE decoders
— Predicting the mean and std of added Gaussian Noise

p (XT) =N (XT; 0, I) Peo (XO:T) =D (XT) HP@ (Xt—1 | Xt)

po (X¢—1 | x¢) =N (xt_l; 7 (xt,t),afI)

_ Reverse denoising process (generative)

<

Noise
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Reverse Denoising Process

* Reverse diffusion process is stacking learnable VAE decoders
— Predicting the mean and std of added Gaussian Noise

T
p(xr) =N (x1;0,1) po (Xo.r) = p (X7) HP@ (xt-1 | x¢)
t=1
po (X¢-1 | X¢) = N (Xt—l; Mo (Xtat)afffI)
\ )
Y

Trainable Network, Shared Across All Timesteps

_ Reverse denoising process (generative)

4

Data Noise

54



Learning the Denoising Model

 Denoising models are trained with variational upper
bound (negative ELBO), as VAEs

Py (Xo.1) ] _.r

Egxo) |~ logpo (%0)] < Egixg)a(xpr/x llog
q( 0)[ (x0)] q(x0)q(x1.7|%0) g (x1.7 | %o)



Learning the Denoising Model

 Denoising models are trained with variational upper
bound (negative ELBO), as VAEs

Do (XO:T)
Eq(xo) [ 10826 (%0)] < Eq(xg)g(xrrixo) [ o8 q (x1.7 | X0) ] —k
 which derives to:

L = Ey[Dxr. (g (x7 | x0)[lp (x7)) + D D (g (%¢-1 | %6, %0)||po (x¢-1 | x¢))—log pg (%o | x1))]

"

Ly Ly Ly
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Learning the Denoising Model

 Denoising models are trained with variational upper
bound (negative ELBO), as VAEs

Do (XO:T)
Eq(xo) [ 10826 (%0)] < Eq(xg)g(xrrixo) [ o8 q (x1.7 | X0) ] —k
 which derives to:

L = Ey[Dxr. (g (x7 | x0)[lp (x7)) + D D (g (%¢-1 | %6, %0)||po (x¢-1 | x¢))—log pg (%o | x1))]

Lt L, Ly
constant Scaling

e tractable posterior distribution (closed-form)
g (%41 | X, %0) =N (th;ﬂt (xtax[))atétl)

\/ Q- v/ 1— 1—ay_ ~ 1— o
where fi; (X¢,Xq) 1= ! iﬂt X + ad — ‘ l)xt and B; := af lﬁt
l—at ].—O{t ].—Oft
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Learning the Denoising Model

 Denoising models are trained with variational upper
bound (negative ELBO), as VAEs

Do (XO:T)
Eq(xo) [ 10826 (%0)] < Eq(xg)g(xrrixo) [ o8 q (x1.7 | X0) ] —k
 which derives to:

L = Ey[Dxr. (g (x7 | x0)[lp (x7)) + D D (g (%¢-1 | %6, %0)||po (x¢-1 | x¢))—log pg (%o | x1))]

Ly Ly Ly

constant Scaling
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Learning the Denoising Model

 Denoising models are trained with variational upper
bound (negative ELBO), as VAEs

po (Xo:7) ] _.r

Egxo) |~ logpo (%0)] < Egixg)a(xpr/x llog
q( 0)[ (x0)] q(x0)q(x1.7|%0) g (x1.7 | %o)

e which derives to:

L= Eq[pKL (g (xT | x0)lp (XT))J"‘ Z pKL (q (x¢-1 | x¢,%0)||Po (%¢-1 | xt)l—logpﬁ (x0 | x1))]

t>1 4

Lt L, Ly
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Learning the Denoising Model

 Denoising models are trained with variational upper
bound (negative ELBO), as VAEs

po (Xo:7) ] _.r

Egxo) |~ logpo (%0)] < Egixg)a(xpr/x llog
q( 0)[ (x0)] q(x0)q(x1.7|%0) g (x1.7 | %o)

e which derives to:

L= Eq[pKL (g (xT | x0)lp (XT))J"‘ Z pKL (q (x¢-1 | x¢,%0)||Po (%¢-1 | xt)l—logpe (x0 | x1))]

t>1 4

Lt L, Ly

e tractable posterior distribution (closed-form)
g (%41 | X, %0) =N (th;ﬂt (Xtax[))atétl)

\/ Q- v/ 1— 1—ay_ ~ 1— o
where fi; (X¢,Xq) 1= ! iﬂt X + ad — ‘ l)xt and B; := af lﬁt
l—at ]_—O{t ].—Oft
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Parameterizing the Denoising Model

* KL divergence has a simple form between Gaussians
1

L (s 0) — o (xt,t)n?] e
20t

Li_1 = Dxr, (g (x¢—1 | x¢,%0)||po (x¢-1 | x¢)) = E, [
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Parameterizing the Denoising Model

* KL divergence has a simple form between Gaussians

1
Li 1 = Dk, (q(x¢-1 | X¢,Xo0)||po (X¢-1 | X¢)) = Eq [202
t

e Recall that: x: = Vamxo + /(1 — &)e

e (4, %0) = 1/115 (xt_ \/16_—ta 6)

it (x¢,%0) — oo (Xt,t)||2] +C
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Parameterizing the Denoising Model

* KL divergence has a simple form between Gaussians

1
Li_1 = Dxr, (g (x¢—1 | x¢,%0)||po (x¢-1 | x¢)) = E, [—

5 1A (%, %0) — po (Xt,t)HQ] +C
207

e Recall that: x: = Vamxo + /(1 — &)e

~ A
fie (31, %0) = v 1— 5 (x v1—ay )

* Trainable network predicts the noise mean

00, 8) = — e (0~ —L2 ee(xt,t>)|
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Parameterizing the Denoising Model

* KL divergence has a simple form between Gaussians

1
Li 1 = Dk, (q(x¢-1 | X¢,Xo0)||po (X¢-1 | X¢)) = Eq [202
t

e Recall that: x: = Vamxo + /(1 — &)e

~ 1 B
”t(xt’xo)_m(x \/1—75%)

* Trainable network predicts the noise mean

00, 8) = — e (0~ —L2 ee(xt,t>)|

it (x¢,%0) — oo (Xt,t)||2] +C

* Final Objective

B; - - 5
L1 = Exygxg) e~ € —eg(/ arxg + V1 — aue, t +C




Simplified Training Objective

ﬂ e
t
\
At

* A; ensures the weighting for correct maximum
likelihood estimation

* In DDPM, this is further simplified to:
Lsimple — ]EXONQ'(X()),ENN(O,I),tNU(].,T)[He - 69(\\/ axo++v1-— 6%67 t)||2]

Xt




Summary: Training and Sampling

Algorithm 1 Training Algorithm 2 Sampling
) repeat (x0) 1: x7 ~ N(0,1)
- X0~ g{Xo 2: fort=1T,...,1do
i‘ t~ 5{;1(130?;1({1’ - T}) 3z~ N(0,1)ift > 1, elsez =0
e , =
5: Take gradient de on 4| Xp-1 = \/%—t (Xt - \}ﬁ@ (Xtat)) + 012
Ve ||E—69(|\/@txo+\/1 — Qi€ t)||2 5: end for
6: return xg

6: until converged
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Summary: Noise Schedule

1.0

10°

0.8
1071 4

— B

0.6 ar

—_—

— V&

0.4 1 —
—_ V1l-a;

— B

at

0.2 e

— Va;

—_— V1-a;

T T T T 1074 T T T T
0 200 400 600 800 1000 0 200 400 600 800 1000

Figure 2: Parameter values for 8 = [107%,0.02] over 1000 time steps ¢ using a linear schedule. The
information in the two figures are the same, but the right-hand side uses log-scale on the y-axis to
show the speed of which &; goes towards zero.



Connection with Hierarchical VAEs

* Diffusion models are special case of Hierarchical VAEs
— Fixed inference models in forward process
— Latent variables have same dimension as data
— ELBO is decomposed to each timestep: faster to train
— Model is trained with some weighting of ELBO

p(x|z1) p(21|232) p(22|23)
olcRCcRe
T N 7

q(z1]x) q(22|21) q(z3|z7)



Poll 2

What's the neural network predicting in diffusion models at x_t
o Mean of added Gaussian noise

o The denoised latent x_{t-1}

o Std of the added Gaussian noise

o The added Gaussian noise \epsilon_{t-1}



Poll 2

What's the neural network predicting in diffusion models at x_t
o Mean of added Gaussian noise

o The denoised latent x_{t-1}

o Std of the added Gaussian noise

o The added Gaussian noise \epsilon_{t-1}



Content

e Diffusion Models from Stochastic Differential
Equations and Score Matching Perspective



Why SDEs?

* A unified framework for interpreting diffusion
models and score-based generation models

— Variants of diffusion-based and flow-based models



Ordinary Differential Equations

Ordinary Differential Equation (ODE):

— =f(x,t) or dx=f(x,t)d¢

—~t

t
Analytical X(t) :X(0)+/ f(X,’/")dT
0

Solution:

Iterative

Numerical x(t + At) ~ x(t) + f(x(t),t) At
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Stochastic Differential Equations

Ordinary Differential Equation (ODE):

— =f(x,t) or dx = f(x,t)dt

:
Analytical () = x(0) —I—/ f(x,7)dr
0

Solution:

Iterative

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

Stochastic Differential Equation (SDE):

d
d—); =f(x,t) + 0(X,t)w; - Cm—

Wiener Process
(Gaussian
White Noise)

drift coefficient diffusion coefficient

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

-t
x(t + At) =~ x(t) + £(x(t), ) At + o (x(t), ) VAL N(0,1)

74



Score Matching

* General form of probability density function

e*ff)(x)
Zyg

po(x) =

* Maximizing the log-likelihood requires us to know Zg

— Often intractable

* |nstead, we can model the score function

V« log p(x)



Forward Diffusion Process as SDEs

Forward diffusion process (fixed)

Data Noise

* Consider a forward process with many many small steps (continuous time)

C.Z(Xt | Xt—l) =N (Xt§ v1-— ﬁtxt—laﬁtl)

Xt =V 1—Bixe_1+ \/EN((),I)
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Forward Diffusion Process as SDEs

Forward diffusion process (fixed)

Data Noise

e Consider a forward process with many many small steps

C.Z(Xt | Xt—l) =N (Xt§ v1-— ﬁtxtdu@tl)

x; =1 — Bixi_1+ \/EN(O,I)
= /1 B®)Atxe1 +/BOAINOT) (8, := B(t)At)

/ o\

Allows different size alongt  Step size
77




Forward Diffusion Process as SDEs

Forward diffusion process (fixed)

Data Noise

e Consider a forward process with many many small steps

C.Z(Xt | Xt—l) =N (Xt§ v1-— ﬁtxtdu@tl)

Xt =V 1—Bixe_1+ \/EN((),I)

= /1 B®)Atxe 1 +/BOAINOT) (8, := B(t)At)

B(tgAt x; 1+ 1/ B(t)AtN(0,I) Taylor expansion

78
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Forward Diffusion Process as SDEs

Forward diffusion process (fixed)

Data Noise

* An iterative update that can be viewed as SDEs

B(t)At
2

Xt ~ Xt—1 —

x: 1+ 1/ B(t)AtN(0,1)

dXt = —%ﬂ(t)xt dt + \/ B(t)dwt

Stochastic Differential Equation (SDE)
79



Forward Diffusion Process as SDEs

Forward diffusion process (fixed)

N—
<

,,,, - .

i
AA

\ )
Y Y
Drift Term Diffusion Term
(Pulls toward the mode) (Injects Noise)



IC Process

i
v
[40]

T ens
O
()

—

(V)
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Generative Reverse SDEs

Forward diffusion process (fixed)

q (XT)

e The forward SDE has a reverse form:

dx, — [—ga(t)xt — B(t)V, log g (xtﬂ dt + /() dw;

82



—— Reverse stochastic process
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Generative Reverse SDEs

Forward diffusion process (fixed)

q (XT)

e The forward SDE has a reverse form:

dx, — [—ga(t)xt — BV, log a (x2)]| dt + /B()ds:

Score function

How to get it?

84



Denoising Score Matching

Forward SDE (data — noise)

dx = f(x,t)dt + g(t)dw

S L

I Scorfunétin - -
‘(— dx = [f(x,t) — ¢° t&xlogpt x)| dt + g(t)dw

Reverse SDE (noise — data)
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Denoising Score Matching

Forward SDE (data — noise)
@ dx = f(x,t)dt + g(t)dw

0
‘<~ dx = [f(x,t) — ¢’ (t)&x log pt (x)|| dt + g(t)dw

Reverse SDE (noise — data)

dx; = —%B(t)xt — B(t)V, log q; (x¢) | dt + 4/ B(t)dw;
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Denoising Score Matching
Forward SDE (data — noise)

@ dx = f(x,t)dt + g(t)dw
R —
a RRm———— chﬁor funtion -
‘« dx = [f(xa b = 92 (t)&x log p: (x)|| dt + g(t)dw

Reverse SDE (noise — data)

—

-|Ise (x¢,t) — Vix, log g; (x¢ | x0)|I3

mein EEtNU(O,T)EXUNQO (XO) EXtNQt(xt |X0) ’?I)(t)

~ A ~ A P o/ \,—/ -~ ~~
diffusion data diffused data weighting neural score of diffused
time t Samp]e X sample X4 function network data sample

Looks similar? 37



Denoising Score Matching

e Denoising score matching objective
méin ]EtNU(U,T)]EXoNQO(xo)EXz’“Qt xt|x0 (t) . USB (Xt’ t), B yxt log ¢ (Xt ‘ XOlH%

g W ~w d vV
diffusion data diffused data welghtlng neural score of diffused
time ¢ Sample X0 Sample X function network data sample

 Re-parametrized sampling:
x: = ayXg + o€ € ~N(0,I)
* Score function:

2
(x; — ayXp) X; — X ;X + o€ — aXo €
Vi, logq: (x¢ | xg) = —Vx, : = — > — _ . =
207 o} oy Ot

* Denoising network:

* Final objective:

. N 2 }
m;n Ewa(U,T)EXONQO(XO)EENN(OaI)w(t) ' ”E — €6 (xt’ t)||2 w(t) - Ot 88



Weighted Diffusion Objective

Denoising score matching objective with loss weighting

in E E A®) >
II19111 t~U(0,T)Sxp~qo(x0) ~e~N(0,I) 0_2 ||6 — €0 (xt7 t) || 2
t

Loss weights trade-off between
— good perceptual quality: A(t) = o}
— maximum likelihood: A(¢) = B(¢)

More complicated model parametrization and loss weighting
leads to different diffusion model variants in the literature!



Poll 3

The drift term of SDE in the forward process of diffusion
models

o Pulls the data towards the uni-gaussian mode
o Adds random gaussian noise



Poll 3

The drift term of SDE in the forward process of diffusion
models

o Pulls the data towards the uni-gaussian mode
o Adds random gaussian noise
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Many Steps in Diffusion

* Slow in generation
* In Training, we randomly sample one time step

 Butin inference, we must transit from Tto O
— 1000 steps

— extremely slow for raw images/signals



Can we do generation with less steps?

Denoising Process with Uni-modal Normal Distribution

s, ahe W 0 @lh 0 a0

.| Noise

. Noise

Requires more complicated functional approximators!

94



a(x: | xi1) = N (%6 V1= Brxen, A1)
q (x| %o) (Xt-; Vauxo, (1 — ay) ))

Lsimple — ]Exowq(xo),ewN(O,I),twu(l,T) [HG o 69(\\/ QXo + v 1— 6‘367 t)'|2]

t
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Only depends on previous step

q

(%t | X¢-1)

=N (Xt§ V1- Bixe-1, IBtI)

q (x¢ | xo)

Lsimple — ]Exorvq(xo),ENN(O,I),tNU(l,T) [HE o 69(\\/ QXo + v 1— 6‘367 t)”z]

(xt,\/_xo, 1 — ay) ))

t

Only used during training

96




DDIM

@ — @ —— @)— @

q(xs|@a, o) T g(x2]T1, 20)

T
4o (@17 | 20) = qo (21 | @0) [ [ 00 (@e-1 | 24, 20)
t

=2
4o (@7 | ®0) = N (Vare, (1 — ar)I)

L — /Ot
)

Qo (11 | T4, 20) = N (\/at—lﬂio + \/1 — Q1 — 0'? .
\/1 — Q¢

e A Non-Markovian Forward Process

Qo (11 | @1, 20)qs (24 | 20)
do (wt—l | 5130)

4o (mt ’ 331;—1;930) =

a‘fI)
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DDIM

@) = @

—— @)— @

q(xs|@a, o) T g(x2]T1, 20)

* Backward process

p (w1 | @4) = {

N (fg” (azl),aiI) ifr—1

@ (@i | @, £} (1)) otherwise,

£ @)= (e = V=006 (@) /v
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DDPM vs DDIM

Algorithm DDPM Sampling

Algorithm DDIM Sampling

for all 7 from 7Tto 1 do
e~ N(0,1)
1 l -,
p (x; — €9(X, 1))

\/Et Y )= a
X,_; < u tioe€ {Stochastic
end for
return X,

xp ~ H(0,1)
for all 7 from 7'to 1 do
€l €y(X,.i1)
_ X, —y/1—aE
Xp < \/5 Estimate X,
4
E‘.’:.f_ V &’—1@"' v1 _&’—Ué
end for
return X,

(S
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DDIM with Fewer Steps Sampling

DDIM

Algorithm Original DDIM Sampling

Increasing
Sub-sequence

[1,....T1=[1y=0,...., 73 =T}
E.g. 7 = [0,10,20,30,...,1000]

x; ~ A(0,1)
for all  from 7Tto 1 do
€ «— €y(X,, 1)

X, —+/1—-ae
V&
X,_l «~— V&,_l)—(o + \/ 1 = df—lé
end for
return X,

Xy <

Algorithm Fewer-Steps DDIM Sampling

xp ~ H(0,1)

for all s from Sto 1 do
A

i Ty—1

€ — €y(X,, 1)
X, —+/1—aE
Vai

X, < \/a,X)++/1 —a,e
end for
return X,

Xp <
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DDIM Results

Table 1: CIFAR10 and CelebA image generation measured in FID. n = 1.0 and ¢ are cases of
DDPM (although Ho et al. (2020) only considered 7" = 1000 steps, and S < T’ can be seen as
simulating DDPMs trained with S steps), and n = 0.0 indicates DDIM.

CIFARI1O0 (32 x 32) CelebA (64 x 64)
S 10 20 50 100 1000 10 20 50 100 1000

0.0 | 13.36 6.84 4.67 4.16 404 | 17.33 1373 917 6.53 3.51
02 | 1404 7.11 4.77 4.25 4.09 17.66 14.11  9.51 6.79 3.64
05 | 16.66 8.35 525 4.46 4.29 19.86 16.06 11.01 8.09 4.28
1.0 | 41.07 1836  8.01 5.78 4.73 33.12 2603 1848 1393 598

& | 36743 13337 3272 9.99 317 | 299.71 183.83 71.71 4520  3.26

dim(t) =10 dim(t) =100 - dim(r) = 100

0.0 8 0.0 S 3 Eq’g[yr‘]§
0.2 8 Q’q”ﬁ‘ 02 t r

Figure 3: CIFAR10 and CelebA samples with dim(7) = 10 and dim(7) = 100.
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Poll 4

DDIM differs from the DDPM inference process as:

o DDIM first predicts the noise given time t, then estimate x, and finally
get x_{t-1}.

o DDIM first predicts the noise given time t, then get x_{t-1}

o DDIM has a non-markov forward process

o DDIM has a markov forward process
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Conditional Diffusion Models

e Un-conditional e Conditional

p(zox) = p(2r) | [ Po (®e-1 | 24) p(zor | y) =p(2r) [ [ po (xi-1 | 24, y)
t=1 t=1

More controllable!
105



Conditional Score Matching

e Score matching with conditional information

Viogp (x; | y) = Vlog (P(wt)pp(g | ;) )

= Vlogp(x:) + Vlogp(y | ®:) — Vlogp(y)
= Vlogp(x:) + Vlegp(y|=:)

WV
unconditional score adversarial gradient

106



Classifier Guidance

e Use a discriminative classifier for Viogp (y | x4)

Viegp (z: | y) = Vlogp (z:) +vViogp (y | )

* y controls the strength of the condition

* Limitations:
— Need a separate classifier

— Conditioning depends on the performance of
classifier



Classifier-Free Guidance
e Score matching with conditional information
Vlegp(z: | y) = Viegp (z:) +vViogp (y | =)

Viegp(y | x:) = Viegp (x: | y) — Viegp ()

e Classifier-free guidance

Viogp (s |y) = Viogp () +v(Vlogp (x: | y) — Viogp (z¢))
= Vlogp (x1) +YVlogp (x: | y) — vV logp (x:)
— :)/V logp(x; | y) + (1 —v)Viogp (x;)

o A= o
~

conditional score unconditional score




Training of Classifier-Free Guidance

* For conditional embeddings

— Randomly drop p original conditionals with an
additional unconditional class

Eee)pe-n0)¢ ||l€ — €0 (26t 70(®)) 1]
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DDPM

Training diffusion models on raw images with
a U-Net model

== MYLRNE
mHIﬁEﬂl!ll

D= e[ i

R e R M
Vi v w Pk =
HE'*&III&”

IHIWHHGIwﬂ
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Diffusion Models Beat GANSs

e Larger denoising model with sophisticated design
— Adaptive group normalization

— Attention layers in U-Net
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Latent Diffusion Models (LDMs)

* Learn diffusion on VAE's latent
— Yet another VAE! Except pre-trained.

' Latent Space ) (Conditioning
E -I Diffusion Process ————» Eemantiq
Ma
P Denoising U-Net €g \2r Text
x(T—1 ' Repres
entations
5 54
Pixel Space |
, T
P>d
Tl A

denoising step crossattention  switch  skip connection concat
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Stable Diffusion

* Large-scale text-conditional LDMs

— With VAEs trained also on larger datasets

114



DALLE

_ CLIP objective img
- - encoder
" * i
a corgi
playing a
flame | s
throwing e
1 —~¥¢ \ —
trumpet” B C%@)O
________________________________________ _ B O O
—O0>0O0>0O—>»
O O

prior

Ramesh et al. Hierarchical Text-Conditional Image Generation with CLIP Latents 115



DiT

e A transformer architecture for diffusion models

/
/
/
Noise )X /’
32x32x4 32x32x4 /
4 4 /
Linear and Reshape /
' /
Layer Norm /
] /
N x DiT Block ]
| 1 \
Patchify Embed '\
| \
| \
Noised Timestep t \
Latent : \
32x32x4 Label y \

Latent Diffusion Transformer

[——
L%
Scale ——
1
Pointwise
Feedforward
1
Scale, Shift Jobr
|
Layer Norm
258
Scale D =
1
Multi-Head
Self-Attention
||
Scale, Shift M
|
Layer Norm MLP
— I

\ Input Tokens Conditioning /

DiT Block with adaLN-Zero
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* An autoregressive model with diffusion loss

%\

condition z

diffusion loss for p(z|z)
(a) AR, raster order
=~

(b) AR, random order

(c) Masked AR

known/predicted to predict at this step unknown

MAR

Li et al. Autoregressive Image Generation without Vector Quantization. 2024.
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