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Generative vs. Discriminative

A 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
A Learning to generate data

Neural Network




Generative Models

GAN: Adversarial / N Discriminator Generator 1.,
o X X Z b'e
training D(x) G(z)

VAE: maximize X A,% .z =6 o x!
variational lower bound d¢ (z]x) po(x|2z)
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Invertible transform of f(x) f(2)
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A FastEvolving Field

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




A FastEvolving 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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+ Compose autoreqressive PriOC
with a PowerFul decoder

Suppose we directly model

p(text, pixels, sound)
with one bio) autoregressive transformec.
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Content

A Denoising Diffusion Model Basics

A Diffusion Models from Stochastic Differential
Equations and Score MatchiRgrspective

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



Content

A Diffusion Model Basics
I Diffusion Models as Stacking VAEs
I Diffusion Models: Forward, Reverse, Training, Sampling



Denoising Diffusion Models
A what we often see about diffusion models
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Denoising Diffusion Models
A what we often see about diffusion models

pO(xt1|xt
O — @ "0z —~Cp
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q(x¢ | x0) = (Xt \/_Xo (1—ay) ))

= /auxo + /(1 — e

Forward diffusion process
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Denoising Diffusion Models
A what we often see about diffusion models

pO(xt1|xt
(xr) — - H@ @H H

\__—’

q(x: | xo) (Xt, Vaixo, (1 - a) )) p (x7) = N (x1;0,I)
= v arxg + 1/ (1 — a)e Po (Xi-1 | X)) = N (Xt—1§H6 (Xt,t)aU?I)
Forward diffusion process Reverse denoising process
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Denoising Diffusion Models
A what we often see about diffusion models

Po(xt1|xt
Og O 0y H

\__—’

xt|xt 1)
a(xc | x0) = N (x4 v/@xo, (1 - G)I) ) p(xz) = N (x1;0,1)
— Vo + /(1 - &)e po (xe1 | X0) = N (xe-13 10 (%4, ), 071)
Forward diffusion process Reverse denoising process

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

A VAESs: a likelihocbased generative model
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Recap: Variational Autoencoders

A VAESs: a likelihocbased generative model

A Encoder an inference model that

N g
approximates the posteriof] ggw TN
A Decoder a generative model that Py

transforms a Gaussian variable z to real data

A Training maximize the ELBO



Recap: Variational Autoencoders

Decoder transforms a Gaussian
variable to real data
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Encoder an inference model
approximates the posterior, i.e.
Gaussian
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A Blurry results

20

Kingmeet al. AuteEncoding Variational Bayes



Limitations of VAESs

A Decoder must transform a standard Gaussian all the
way to the target distribution imne-step
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Limitations of VAESs

A Decoder must transform a standard Gaussian all the
way to the target distribution imne-step
| Often too large a gap
I Blurry results are generated
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Limitations of VAESs

A Decoder must transform a standard Gaussian all the
way to the target distribution imne-step
| Often too large a gap
I Blurry results are generated

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

23



Hierarchical VAES

A Hierarchical VAEsStacking VAEs on top of each othe
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Hierarchical VAES

A Hierarchical VAEsStacking VAEs on top of each othe
I Multiple (T) intermediate latent
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Hierarchical VAES

A Hierarchical VAEsStacking VAEs on top of each othe
I Multiple (T) intermediate latent

T

i Joint distribution? (® z1.1) = p (21)pe (2 | 21) | | pe (z:-1 | 21)
t=2

T

i Posterior 2 (z17 | @) = qs (z1 | ®) | [ 96 (2¢ | ze-1)

t=2
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Hierarchical VAES

A Hierarchical VAEsStacking VAEs on top of each othe
I Multiple (T) intermediate latent

T

i Joint distribution? (® z1.1) = p (21)pe (2 | 21) | | pe (z:-1 | 21)
t=2

T
i Posterior 2 (z17 | @) = qs (z1 | ®) | [ 96 (2¢ | ze-1)
t=2

A Better Iikelihood achievedI
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Stacking VAEs

A Each step, the decoder removes part of the noise
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Stacking VAEs

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

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

A2S Oly KIS Ylyeée Ylye af
A Each step incrementally recovers the final distributior

Decoder| | Decoder Decoder| X Decoder| | Decoder| | Decoder
T T-1 1-2 3 2 1

04 04 - 0.3 . 03 T | 03 T 05
0.4/
03 03
0.2} 0.2 02
0.3
02 02
04} 0. {0 02
01 01
01}
[ - o - 0 - 0 . o . 0 -
5 0 s 5 0 s 5 0 s 5 5 i -5 0 5 s ) s

A Looks familiar?
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Diffusion Models are Stacking VAE

A Diffusion models are special cases of Stacking VAES

Decoder Decoder Decoder Decoder
1 2 t T
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Diffusion Models are Stacking VAE

A Diffusion models are special cases of Stacking VAES

Decoder Decoder Decoder Decoder
1 2 t T

N N PR PEER
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A The reverse denoising process is the stack of

decoders




Diffusion Models are Stacking VAE

A Diffusion models are special cases of Stacking VAES

Decoder Decoder Decoder Decoder
1 2 t T

N N PR PEER
© © @©Xe @Xe @
A The reverse denoising process is the stack of

decoders

A What about encoders?




Diffusion Models are Stacking VAE

A Diffusion models are special case of Stacking VAEs
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Diffusion Models are Stacking VAE

A Diffusion models are special case of Stacking VAEs

BERITNY

A N A7 A
Encoder Encoder Encoder Encoder
1 2 t T

A In VAEs, encoders are learned withdfitergence
between the posterior and the prior
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Diffusion Models are Stacking VAE

A Diffusion models are special case of Stacking VAEs

BERITNY

A N A7 A
Encoder Encoder Encoder Encoder
1 2 t T

A In VAEs, encoders are learned withdfitergence
between the posterior and the prior

A{dzZFFSNA FTNRO2GKSE LWIIDE K &Gk
A Diffusion models uséxed inference encoders
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Poll 1

Di ffusion Model sO0O reverse pr
o VAE encoders
o VAE decoders
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Denoising Diffusion Models

A Diffusion models have two processes

A Forward diffusion procesgradually adds noise to
Input

A Reverse denoising procedsarns to generate data
by denoising

Forward diffusion process (fixed)

Noise

Reverse denoising process (generative)

40



Forward Diffusion Process

A Forward diffusion process is stackificged VAE encoders

Forward diffusion process (fixed)

Data Noise

41



Forward Diffusion Process

A Forward diffusion process is stackificged VAE encoders
I gradually adding Gaussian noise according to schédule

q(x¢ | x¢1) =N (Xt; v 1—Bix¢-1, rBtI)

Forward diffusion process (fixed)

Data Noise
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Forward Diffusion Process

A Forward diffusion process is stackificged VAE encoders
I gradually adding Gaussian noise according to schédule

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
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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)
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Forward Diffusion Process

Forward diffusion process (fixed)

Data Noise

Xo X, X, X3 Xg Xr

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

A The forward process allows samplingoofat
arbitrary timestepoin closed form:

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

x; = v/ &uXo + \/(1 —az)e e~ N(0,I)
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Forward Diffusion Process

Forward diffusion process (fixed)

Noise

Xt

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

A The forward process allows samplingoofat
arbitrary timestepoin closed form:

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

X; = A/ QX + \/ (1 —ap)e 0000

A The noise schedulé (values) is designed such that

q(xT | X0) = N(XT5O>I) 47



Reverse Denoising Process

A Generation process
I Samplexr ~ N (xr;0,1I)
| lteratively samplex; ; ~ q(x; 1 | x)



Reverse Denoising Process

A Generation process
I Samplexr ~ N (xr;0,1I)
| lteratively samplex; ; ~ q(x; 1 | x)

A ¢(x.1 | x) not directly tractable



Reverse Denoising Process

A Generation process
I Samplexr ~ N (xr;0,1I)
| lteratively samplex; ; ~ q(x; 1 | x)

A == notdirectly tractable

A But can be estimated with a Gaussian
distribution Iff 1s small at each step

I The purpose of our stack of VAE decoders!



Reverse Denoising Process

A Reverse diffusion process is stackiemynableVAE decoders

_ Reverse denoising process (generative)

4

Data Noise
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Reverse Denoising Process

A Reverse diffusion process is stackiemynableVAE decoders
I 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

A Reverse diffusion process is stackiemynableVAE decoders
I 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

A Reverse diffusion process is stackiemynableVAE decoders
I 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)

Noise

54



Learning the Denoising Model

A 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

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

Deg (XO:T) .
]EQ'(XO) [_ log pe (XO)] < EQ(XU)Q(XLT|X0) [ log q (xl;T ‘ XO) ] =L
A 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))]
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Learning the Denoising Model

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

Deg (XO:T) .
]EQ'(XO) [_ log pe (XO)] < EQ(XU)Q(XLT|X0) [ log q (xl;T ‘ XO) ] =L
A 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))]

b D I
constant Scaling

A tractable posterior distribution (closefbrm)
q(x¢1 | X, %0) =N (th;ﬂt (Xtax[))atétl)

- vV ai- 184 VvV1—08:(1—a;q) -
where fi; (X¢,Xq) 1= 5 X0 + A x; and B; := -
— — Oy — Qy

1—a;

B



Learning the Denoising Model

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

Deg (XO:T) .
]EQ'(XO) [_ log pe (XO)] < EQ(XU)Q(XLT|X0) [ log q (xl;T ‘ XO) ] =L
A 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 Lt—l LU

constant Scaling
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Learning the Denoising Model

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

po (Xo:7) ] .7

Egxo) |~ logpo (%0)] < Egixg)a(xpr/x llog
alxo) | (%0)] = Eqixo)gxiaixo) 2 (%1 | %0)

A 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))]

1 4

Lt Ly Ly
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Learning the Denoising Model

A 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)

A 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

A tractable posterior distribution (closefbrm)
q(x¢1 | X, %0) =N (th;ﬂt (xtax[))atétl)

Va, 18 VI8, (1—a, i
where fi; (X¢,Xq) 1= 1 tc_ly txo—l— ft(@ ‘ l)xt and [; := Tz
— — Oy — Qy

1—a;

B
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Parameterizing the Denoising Model

A KL divergence has a simple form between Gaussian:
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

A KL divergence has a simple form between Gaussian:

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

5 1A (%, %0) — po (Xt,t)HQ] +C
207

A Recall that:x: = vax + /(1 — &)e

fe (X¢,X0) = ,—11 3 (Xt— B 6)
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Parameterizing the Denoising Model

A KL divergence has a simple form between Gaussian:

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

5 1A (%, %0) — po (Xt,t)HQ] +C
207

A Recall that:x: = vax + /(1 — &)e

ﬂ/t (Xt, Xo) = L (X — Bt E)

V1- B vi—a;
A Trainable network predicts the noise mean
= = Xt — b €g (X
po (X¢,t) = 1&( t = o ( t,t)l




Parameterizing the Denoising Model

A KL divergence has a simple form between Gaussian:

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

5 1A (%, %0) — po (Xt,t)HQ] +C
207

A Recall that:x: = vax + /(1 — &)e

~ 1 B
”t(xt’xo)_m(x \/1—75%)

A Trainable network predicts the noise mean

00, 8) = — e (0~ —L2 ee(xt,t>)|

A Final Objective

i - - 2
Lt 1 = Exygtunpeon (o] —le — eo(v/arxo + v/1—are, )2 + C
t q(xo) (0.I) 20_? (1_)8t) (1_0515) R ~ 2




Simplified Training Objective

i
Lo =Fp oo H _ (\/ X0+ /1 — aet)H
t—1 0~q(xo), N(OaI) |:20'? (1 }Bt 1 O’t €o 0 t

\

A _ ensures the weighting for correct maximum

likelihood estimation

A In DDPM, this is further simplified to:
Lsimple — ]EXONQ'(X()),ENN(O,I),tNU(].,T) [HG - 69(3/@_txo +v1- @EE, t)||2]




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

100
0.8
1071 4
— B
0.6 ar
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T — B
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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 VAE:

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

rl“@‘
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Poll 2

What 6s the neur al
o0 Mean of added Gaussian noise

o0 The denoised latent x_{t-1}

o Std of the added Gaussian noise

o0 The added Gaussian noise \epsilon_{t-1}

net wor k
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Poll 2

What 6s the neur al
o Mean of added Gaussian noise

o The denoised latent x_{t-1}

o Std of the added Gaussian noise

o0 The added Gaussian noise \epsilon_{t-1}

net wor k

1t e
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Content

A Diffusion Models from Stochastic Differential
Equations and Score MatchiRgrspective



Why SDESs?

A A unified framework for interpreting diffusion
models and scor®ased generation models

I Variants of diffusiorbased and flowbased 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

Solution: 0

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)
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Score Matching

A General form of probability density function

e*ff)(x)
Zyg

po(x) =

A Maximizing the lodikelihood requires us to knowy
I Often intractable

A Instead, we can model the score function
Vx log p(x)



Forward Diffusion Process as SDE

Forward diffusion process (fixed)

Data Noise

A Consider a forward process with many many small steps (continuous time

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

Xt =V 1—Bixe_1+ \/EN((),I)

76



Forward Diffusion Process as SDE

Forward diffusion process (fixed)

Data Noise

A Consider a forward process with many many small steps

C.Z(Xt | Xt~1) =N (Xt§ v1-— ﬁtxtlaﬁtl)

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

/ o\

Allows different size along t Step size
77




Forward Diffusion Process as SDE

Forward diffusion process (fixed)

Data Noise

A Consider a forward process with many many small steps

C.Z(Xt | Xt~1) =N (Xt§ v1-— ﬁtxtlaﬁtl)

x: = /1= Bixe1 + v/ BN(0,T)
= /1 B(t)Atx, s +/BOMN(O,T) (8, = B(t)At)
B(t)At N \/MN(O,I) Taylor expansion

2
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Forward Diffusion Process as SDE

Forward diffusion process (fixed)

Data Noise

A An iterative update that can be viewed as SDEs

B(t)At

5 x;-1+ 1/ B(t) AN (0, 1)

Xt~ X1 —

dXt = —%ﬂ(t)xt dt + \/ B(t)dwt

Stochastic Differential Equation (SDE)
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Forward Diffusion Process as SDE

Forward diffusion process (fixed)

N—
<

,,,, - .

i
AA

\ )
Y - Y
Drift Term Diffusion Term

(Pulls toward the mode)(Injects Noise)
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IC Process

i
v
[40]

T ens
O
()

—

(V)
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Generative Reverse SDES

Forward diffusion process (fixed)

q (XT)

A The forward SDE has a reverse form:

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



—— Reverse stochastic process
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Generative Reverse SDES

Forward diffusion process (fixed)

q (XT)

A The forward SDE has a reverse form:

dx; = [—%B(t)xt — ,B(t)Ith log q; (x¢)

Score function
How to get it?

dt + ¢/ A(t)dw,
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Denoising Score Matching

Forward SDE (data — noise)

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

‘(— dx = fx,t)—g2 t&xlogpt x)l| dt + g(t)dw

Reverse SDE (noise — data)
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Denoising Score Matching

Forward SDE (data — noise)
x(0 dx = f(x, t)dt + g(t)dw

dx = [£(x,1) — & (t)&x log py (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)
x(0) dx = f(x,t)dt + g(t)dw

sﬂ‘core funtion )
£(x, ) — ¢ (1) log i (x)] dt + g(t)dw

Reverse SDE (noise — data)

—

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

meinEEtNU(O,T)EXONQO(XO)EXtNQt(xt|XO) ’?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? 87



Denoising Score Matching

A Denoising score matching objective
méin EE:tNU(U,leEXONQO(XO)Ext’“qt (xe[x0) (t) USB (xt, t), B yxt log ¢ (x| XOlH%

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

A Reparametrized sampling:
x: = ayXg + o€ € ~N(0,I)

A Score function:

B (x; — atxU)z Xy —oyXg  yXgt+O€—oyXg €
Vi Tog g x| x0) = Vi o R = g < " - <
A Denoising network:
, 1
sg (X¢,1) := — (;t )

A Final objective:

. N 2 }
w0 Bo240.1) Bxyreanoeo) Ben 0 0(2) - [l€ = €0 (%0, )5 0(t) = ==



Weighted Diffusion Objective

A 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 (Xt, t) || 2
t

A Loss weights tradeff between
i good perceptual quality:A(t) = o7
I maximum likelihoodx(t) = 8(¢)

A 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
o0 Adds random gaussian noise



Poll3

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

o Pulls the data towards the uni-gaussian mode
o0 Adds random gaussian noise
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A Diffusion Model Basics

A Diffusion Models from Stochastic Differential
Equations and Score MatchiRgrspective

A Denoising Diffusion Implicit Model (DDIM)
A Conditional Diffusion Models
A Applications of Diffusion Models
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Many Steps in Diffusion

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

A But in inference, we must transit from T to O
I 1000 steps
I 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!
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DDPM

— @ — @ﬁ‘

(332!981)

2

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

afxe | xe1)|= N (36 VT Brxes, A1)

q(x¢ | x0) = (Xt:\/_XOa 1—oy) ))

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

t

Only used during training
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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—lﬂ?o + \/1 — Q1 — 0'? .
\/1 — Q¢

A A NonMarkovian 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)

A Backward process

" N (fg” (azl),aiI) ift =1
Py’ (®i-1 | @) = "
do (ict—1 | &4, fy (a:t)) otherwise,

£ @)= (e = V=006 (@) /v



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 7to 1 do
€l €y(X,.i1)
_ X, —y/1—aE
Xp < \/5 Estimate X,
4
E(_’:_.(_ 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 «~— \/df—lio + \/ 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



