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김준호

https://github.com/taki0112

https://github.com/taki0112/diffusion-pytorch
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Recall

Youtube
• The recipe of GANs

• 2014 ~ 2020 GANs 모델 연구 요약 (기초 ~ 심화)

• The diffusion theory
• diffusion을 이해하기 위한 이론 (기초)

• The applications of diffusion
• Text-to-image 모델 소개 (심화)

완전히 똑같진 않으나, 복습하기에 좋을것입니다. : )

https://youtu.be/vZdEGcLU_8U
https://youtu.be/jaPPALsUZo8
https://youtu.be/Z8WWriIh1PU
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Intro Junho Kim

* Research Scientist @ NAVER AI Lab

* Advisor @ BiX

* Google scholar citations: 1700++

* Github Stars: 16000++

Junho Kim
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Intro NAVER AI Lab
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Intro NAVER AI Lab
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Intro Overview
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Intro Overview

16개 논문

과거를 이해하는 시간
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Intro Overview

Grooming the diffusion

현재를 이해하고, 미래를 준비하는 시간
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Intro Summary of GANs
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Intro Summary of GANs

# 2014 ~ 2016
• Unconditional generation

• GANs
• Diverse loss

• Conditional generation
• ACGAN
• Multi-task discriminator
• Projection discriminator
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# 2017 ~ 2018
• Progressive GAN

• Progressive training

• BigGAN
• Conditional batch normalization
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Intro Summary of GANs

# 2014 ~ 2016
• Unconditional generation

• GANs
• Diverse loss

• Conditional generation
• ACGAN
• Multi-task discriminator
• Projection discriminator

# 2017 ~ 2018
• Progressive GAN

• Progressive training

• BigGAN
• Conditional batch normalization
• Large scale
• Truncation trick

• StyleGAN
• Disentangle the latent space with mapping layer
• Style Mixing (determine the coarse, middle, fine style)

• A module = Global aspects
• B module = Local aspects

• Truncation trick

# 2019 ~ 2020
• StyleGAN2

• StyleGAN + Weight modulation + Lazy regularization.

• DiffAugment
• Prevent the overfitting in a discriminator.
• Apply the differentiable augmentation to generator & discriminator.

• ADA
• Prevent the overfitting in a discriminator.
• Apply the adaptively augmentation to generator & discriminator.

# 2014 ~ 2020: Techniques
• Consistency regularization

• CR-GAN: augmented real images for discriminator.
• bCR-GAN: augmented real & fake images for discriminator.
• zCR-GAN: augmented latent codes for generator & discriminator.
• ICR-GAN: bCR + zCR

• FSMR: Feature Statistics Mixing Regularization
• Reduce style-bias in discriminator.

• GGDR: Generator Guided Discriminator Regularization
• Dense supervision for discriminator.
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Intro Contents

1시 ~4시

DDPM, DDIM

Diffusion Auto-regressive

VAR

T2I Foundation

SD, SD3, Flux, SANA
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Intro Contents

2020 2022

Denoising diffusion probabilistic models (DDPM)

NeurIPS 2020

Denoising diffusion implicit models (DDIM)

ICLR 2021

Diffusion Models Beat GANs on Image Synthesis

NeurIPS 2021

1시 ~4시

DDPM, DDIM

Diffusion Auto-regressive

VAR

T2I Foundation

SD, SD3, Flux, SANA
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Intro Diffusion power

jalammar.github.io/illustrated-stable-diffusion/
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Intro GAN vs Diffusion

Tackling the Generative Learning Trilemma with Denoising Diffusion GANs. ICLR 2022
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Intro GAN vs Diffusion

Tackling the Generative Learning Trilemma with Denoising Diffusion GANs. ICLR 2022
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Intro GAN vs Diffusion

Tackling the Generative Learning Trilemma with Denoising Diffusion GANs. ICLR 2022



23

Diffusion process
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Diffusion Markov chain

!(#!") …!(##) !(#$) !(#%) !(#&) !(#!)

! "!"# "!] = P "!"# "#, . . , "!]

• Markov 성질 이산 확률과정

ü Markov 성질 : “특정 상태의 확률(t+1)은 오직 현재(t)의 상태에 의존한다”

ü  이산 확률과정 : 이산적인 시간(0초, 1초, 2초, ..) 속에서의 확률적 현상

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Markov chain

!(#!") …!(##) !(#$) !(#%) !(#&) !(#!)

! "!"# "!] = P "!"# "#, . . , "!]
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Diffusion Overview

($ (%

+ noise

- noise

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

($ (%
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- noise
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Denoising process

Forward process

Reverse process
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Diffusion Overview

($ (%

+ noise

- noise

Diffusion process

Denoising process

Forward process

Reverse process

) (& (&'()

) (&'( (&)

학습을 통해
가능하게 만들자

cvpr2022-tutorial-diffusion-models.github.io

이건학습없이가능함
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Diffusion Overview

cvpr2022-tutorial-diffusion-models.github.io

U-Net

Timestep

Image + noise

Predicted Noise
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Diffusion Overview

cvpr2022-tutorial-diffusion-models.github.io

U-Net

Timestep

Image + noise

Predicted Noise

Input

Forward
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Diffusion Overview

cvpr2022-tutorial-diffusion-models.github.io

U-Net

Timestep

Image + noise

Predicted Noise

Input Network

Forward
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Diffusion Overview

cvpr2022-tutorial-diffusion-models.github.io

U-Net

Timestep

Image + noise

Predicted Noise

OutputInput Network

Forward
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Diffusion Overview

+%
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Diffusion Overview
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학습한 unet

예측한 noise
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Diffusion Overview
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Diffusion Overview

+%

,%

+$+&

,(,&

DDPM

DDIM

Reverse

학습한 unet

예측한 noise

reverse process 종류
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Diffusion Summary

DDPM DDIM

bit.ly/taki0112_diffusion
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Diffusion Mathematics

• Prob & Stats
• - = . /, 0

• 1 ~ .(0, 5)
• 6 7- + 9 = 76 : + 9
• ; 7- + 9 = 7); -
• < 7- + 9 = |7|<(-)

• ! > ?) = ! ? >) *(,)*(.)

• Distribution
• @ : : BC7D EF"GBF9HGFIJ
• K/ : : JCGLIBM EF"GBF9HGFIJ

• Advanced

• . :; /, <) = #
0 )1 C

' !"# $
$%$ = O :

• P2 : = ∑3456 2 & 7
3! : − 7 3 = O 7 + O9 7 : − 7 + #

) O
99 7 : − 7 ) + …

• ≈ O 7 + O9 7 : − 7
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Diffusion

• Prob & Stats
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Diffusion Mathematics
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Diffusion Mathematics
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• - = . /, 0

• 1 ~ .(0, 5)
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Goal Read a paper

Diffusion-based Image Translation using Disentangled Style and Content Representation, arXiv
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Forward process
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Diffusion Forward process

($ (%

• Overview
• ! "! "!"#) = % "!; '$'"( , Σ$'"( = % "!; 1 − ,!"!"#, ,! ∗ .

• Conditional gaussian distribution

mean variance

+ U ∗ WXYZ[
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Diffusion Forward process

($ (%

• Overview
• ! "! "!"#) = % "!; '$'"( , Σ$'"( = % "!; 1 − ,!"!"#, ,! ∗ .

• Conditional gaussian distribution

+ U ∗ WXYZ[

mean variance

+& = \ ∗ +&'( + U ∗ WXYZ[
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Diffusion Forward process

($ (%

• Overview
• ! "! "!"#) = % "!; '$'"( , Σ$'"( = % "!; 1 − ,!"!"#, ,! ∗ .

• Conditional gaussian distribution
• 0 < ,# < ,% < … < ,& < 1
• 0.0001 ~ 0.02

mean variance

+ U ∗ WXYZ[

+& = \ ∗ +&'( + U ∗ WXYZ[

+& = 1 − !̂ ∗ +&'( + !̂ ∗ WXYZ[

Note
c\d \( = \:c\d (
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Diffusion Forward process

($ (%

• Overview
• ! "! "!"#) = % "!; '$'"( , Σ$'"( = % "!; 1 − ,!"!"#, ,! ∗ .

• Conditional gaussian distribution
• 0 < ,# < ,% < … < ,& < 1
• 0.0001 ~ 0.02

• 2! = 1 − ,!2!"# + ,!4 (Reparameterization trick)
• 4 ~ %(0, .)

mean variance

+ e ∗ WXYZ[

+& = \ ∗ +&'( + U ∗ WXYZ[

+& = 1 − !̂ ∗ +&'( + !̂ ∗ WXYZ[

x = mean + std * noise

Note
c\d \( = \:c\d (
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Diffusion Beta scheduling

• Overview
• Linear, Quad, Sigmoid, Cosine, ...

ü Linear scheduling

ü Sigmoid scheduling

ü Quadratic scheduling

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Beta scheduling

• Overview
• Linear, Quad, Sigmoid, Cosine, ...

Improved Denoising Diffusion Probabilistic Models, ICML 2021

Linear가 너무 빨리 정보 지워버림
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Diffusion Forward process (2!, 2')

• Overview
• ! 2! 2!"#) = % 2!; 1 − ,!2!"#, ,! ∗ .
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Diffusion Forward process (2!, 2')

• Overview
• ! 2! 2!"#) = % 2!; 1 − ,!2!"#, ,! ∗ .
• ! 2! 2') = % 2!; 78!2', (1 − 78!) ∗ .

• 8! = 1 − ,(
• 78! = ∏)*#

! 8)

x0로부터 어떤 xt든 한번에 만들자
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Diffusion Forward process (2!, 2')

• Overview
• ! 2! 2!"#) = % 2!; 1 − ,!2!"#, ,! ∗ .
• ! 2! 2') = % 2!; 78!2', (1 − 78!) ∗ .

• 8! = 1 − ,(
• 78! = ∏)*#

! 8)
• 2! = 78!2' + 1 − 78!4

Note

Note
0.0001 < ;̂ < 0.02

• linear, cosine ...

lilianweng.github.io/posts/2021-07-11-diffusion-models

x0로부터 어떤 xt든 한번에 만들자
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Diffusion Review

($ (%

+ noise

- noise

Diffusion process

Denoising process

Forward process

Reverse process

) (& (&'()

) (&'( (&)

학습을 통해
가능하게 만들자

cvpr2022-tutorial-diffusion-models.github.io

이건학습없이가능함
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Objective for Reverse process
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Diffusion Objective for Reverse process

ü VAE
+ ,-./01 234564 73893:25

!!

!!′
!" = $"

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Objective for Reverse process

ü VAE
+ ,-./01 234564 73893:25

!!

!!′
!" = $"

ü Diffusion

!!

!!′
!" = $" !# = $#

…  …  

!$ = $$
…  …  

…  …  

“;+<=>? @A+-.” C8DE5FF GD8 ;H0I-J01 234564 73893:25F

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Objective for Reverse process

K1@>.,I<H@I->.

!!

!!′
!" = $"

K1/H0+<-L+I->.

M5NO2389P58 D6 Q6EDR58 M5ED6F48OE49D6 D6 S5EDR58

ü VAE

!"##%&' = %() & ' ( ∥ ** ' − ,+~- ' ( log 0* ( '

developers-shack.tistory.com/8
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Diffusion Objective for Reverse process

Maximize h<(+)ü VAE

K1@>.,I<H@I->.

!!

!!′
!" = $"

K1/H0+<-L+I->.

M5NO2389P58 D6 Q6EDR58 M5ED6F48OE49D6 D6 S5EDR58

!"##%&' = %() & ' ( ∥ ** ' − ,+~- ' ( log 0* ( '

developers-shack.tistory.com/8

위 수식을 통해 loss가 나오긴함 ...
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Diffusion Objective for Reverse process

ü Diffusion

!!

!!′
!" = $" !# = $#

…  …  

!$ = $$
…  …  

…  …  

“;+<=>? @A+-.” C8DE5FF GD8 ;H0I-J01 234564 73893:25F

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Objective for Reverse process

Maximize h<(+)
ü Diffusion

developers-shack.tistory.com/8
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Diffusion Objective for Reverse process

ü Diffusion

!!

!!′
!" = $" !# = $#

…  …  

!$ = $$
…  …  

K1@>.,I<H@I->. K1/H0+<-L+I->.

C! T"#$ T") C! T"#$ T") C! T"#$ T")

V T" T"#$, T%) V T" T"#$, T%) V T" T"#$, T%)

&'##'() = )*+ * + , ∥ ., + − 0-~/ + , log !, , +
K1@>.,I<H@I->.K1/H0+<-L+I->.

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Objective for Reverse process

ü Diffusion

!!

!!′
!" = $" !# = $#

…  …  

!$ = $$
…  …  

K1@>.,I<H@I->. K1/H0+<-L+I->.

C! T"#$ T") C! T"#$ T") C! T"#$ T")

V T" T"#$, T%) V T" T"#$, T%) V T" T"#$, T%)

&'##'() = )*+ * + , ∥ ., + − 0-~/ + , log !, , +
K1@>.,I<H@I->.K1/H0+<-L+I->.

&'##012234156 = )*+ * ,7 ," ∥ ., ,7 +5
89:

)*+ * ,8;! ,8, ," ∥ !, ,8;! ,8 − 0/ log !, ," ,!
K1@>.,I<H@I->.K1/H0+<-L+I->.

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Objective for Reverse process

ü Diffusion

!!

!!′
!" = $" !# = $#

…  …  

!$ = $$
…  …  

K1@>.,I<H@I->. K1/H0+<-L+I->.

C! T"#$ T") C! T"#$ T") C! T"#$ T")

V T" T"#$, T%) V T" T"#$, T%) V T" T"#$, T%)

&'##'() = )*+ * + , ∥ ., + − 0-~/ + , log !, , +
K1@>.,I<H@I->.K1/H0+<-L+I->.

X1.>-,-./ Y<>@1,,

&'##012234156 = )*+ * ,7 ," ∥ ., ,7 +5
89:

)*+ * ,8;! ,8, ," ∥ !, ,8;! ,8 − 0/ log !, ," ,!
K1@>.,I<H@I->.K1/H0+<-L+I->. X1.>-,-./ Y<>@1,,

www.youtube.com/watch?v=_JQSMhqXw-4
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Diffusion Objective for Reverse process

ü Diffusion

!!

!!′
!" = $" !# = $#

…  …  

!$ = $$
…  …  

K1@>.,I<H@I->. K1/H0+<-L+I->.

C! T"#$ T") C! T"#$ T") C! T"#$ T")

V T" T"#$, T%) V T" T"#$, T%) V T" T"#$, T%)

&'##'() = )*+ * + , ∥ ., + − 0-~/ + , log !, , +

&'##012234156 = )*+ * ,7 ," ∥ ., ,7 +5
89:

)*+ * ,8;! ,8, ," ∥ !, ,8;! ,8 − 0/ log !, ," ,!

K1@>.,I<H@I->.K1/H0+<-L+I->.

K1@>.,I<H@I->.K1/H0+<-L+I->.

X1.>-,-./ Y<>@1,,

X1.>-,-./ Y<>@1,,

www.youtube.com/watch?v=_JQSMhqXw-4

얘넨 왜 무시할까 ?
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Diffusion Objective for Reverse process

ü Diffusion

!!

!!′
!" = $" !# = $#

…  …  

!$ = $$
…  …  

K1@>.,I<H@I->. K1/H0+<-L+I->.

C! T"#$ T") C! T"#$ T") C! T"#$ T")

V T" T"#$, T%) V T" T"#$, T%) V T" T"#$, T%)

&'##'() = )*+ * + , ∥ ., + − 0-~/ + , log !, , +

&'##012234156 = )*+ * ,7 ," ∥ ., ,7 +5
89:

)*+ * ,8;! ,8, ," ∥ !, ,8;! ,8 − 0/ log !, ," ,!

K1@>.,I<H@I->.K1/H0+<-L+I->.

K1@>.,I<H@I->.K1/H0+<-L+I->.

X1.>-,-./ Y<>@1,,

X1.>-,-./ Y<>@1,,

www.youtube.com/watch?v=_JQSMhqXw-4
ddpm, ddim

어차피 둘다 가우시안임 x1이나 x0나..

ddpm, ddim 잘 알아두자
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Diffusion Review

+%

,%

+$+&

,(,&

DDPM

DDIM

Reverse

학습한 unet

예측한 noise

reverse process 종류
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DDPM
Denoising diffusion probabilistic models

NeurIPS 2020
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DDPM Reverse process

• Overview
• ! "!"# "!) ≈ ;Z "!"# "!)

• % "!"#; 'Z "!, < , ΣZ "!, < mean, variance

실제와 network 분포를 맞추자
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DDPM Reverse process

• Overview
• ! "!"# "!) ≈ ;Z "!"# "!)

• % "!"#; 'Z "!, < , ΣZ "!, <
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'

mean, variance

실제와 network 분포를 맞추자

xt들 분포는 알 수 없으니, 
tractable하게 바꾸려 x0를 조건부로 추가
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DDPM Reverse process

• Overview
• ! "!"# "!) ≈ ;Z "!"# "!)

• % "!"#; 'Z "!, < , ΣZ "!, <
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'

Note

h i j) = h j i)
h(i)
h(j)

Note

) +&'( +&, +$) = ) +& +&'()
) +&'( +$)
) +& +$)

mean, variance

실제와 network 분포를 맞추자

xt들 분포는 알 수 없으니, 
tractable하게 바꾸려 x0를 조건부로 추가
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DDPM Reverse process

• Overview
• ! "!"# "!) ≈ ;Z "!"# "!)

• % "!"#; 'Z "!, < , ΣZ "!, <
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'

Note

h i j) = h j i)
h(i)
h(j)

k +; l, m: =
n

m op
[
' ='> )

:?)

Note

) +&'( +&, +$) = ) +& +&'()
) +&'( +$)
) +& +$)

lilianweng.github.io/posts/2021-07-11-diffusion-models

mean, variance

실제와 network 분포를 맞추자

xt들 분포는 알 수 없으니, 
tractable하게 바꾸려 x0를 조건부로 추가
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DDPM Reverse process

• Overview
• ! "!"# "!) ≈ ;Z "!"# "!)

• % "!"#; 'Z "!, < , ΣZ "!, <
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'

Note

Note

h i j) = h j i)
h(i)
h(j)

k +; l, m: =
n

m op
[
' ='> )

:?)

lilianweng.github.io/posts/2021-07-11-diffusion-models

mean, variance

실제와 network 분포를 맞추자

xt들 분포는 알 수 없으니, 
tractable하게 바꾸려 x0를 조건부로 추가

대입해서 풀면 ...
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DDPM Reverse process

• Overview
• ! "!"# "!) ≈ ;Z "!"# "!)

• % "!"#; 'Z "!, < , ΣZ "!, <
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#;7,8<

Note

Note

h i j) = h j i)
h(i)
h(j)

k +; l, m: =
n

m op
[
' ='> )

:?)

lm:

lilianweng.github.io/posts/2021-07-11-diffusion-models

mean, variance

실제와 network 분포를 맞추자

xt들 분포는 알 수 없으니, 
tractable하게 바꾸려 x0를 조건부로 추가

대입해서 풀면 ...
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#;7,8< = % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

lilianweng.github.io/posts/2021-07-11-diffusion-models
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#;7,8< = % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• 2! = 78!2' + 1 − 78!4

Note

Forward process

lilianweng.github.io/posts/2021-07-11-diffusion-models
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DDPM Training

Note

Note

Forward process

lilianweng.github.io/posts/2021-07-11-diffusion-models

x0를 xt로 바꿔서 정리합시다.

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#;7,8< = % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• 2! = 78!2' + 1 − 78!4
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DDPM Training

Note

Note

Forward process

lilianweng.github.io/posts/2021-07-11-diffusion-models

x0를 xt로 바꿔서 정리합시다.

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#;7,8< = % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• 2! = 78!2' + 1 − 78!4
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• % "!"#; #
\'

2! − ]'
#"[\'

4 , A,!

Note

lilianweng.github.io/posts/2021-07-11-diffusion-models
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• % "!"#; #
\'

2! − ]'
#"[\'

4 , A,!

• % "!"#; #
\'

2! − ]'
#"[\'

4Z 2! , A,!

Note

:! = qr!:5 + 1 − qr!1

lilianweng.github.io/posts/2021-07-11-diffusion-models

xt에 대한 noise를 예측해야 뒤로가지
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• % "!"#; #
\'

2! − ]'
#"[\'

4 , A,!

• % "!"#; #
\'

2! − ]'
#"[\'

4Z 2! , A,!

Note

sXZZ = t − t< +&

Note

:! = qr!:5 + 1 − qr!1

lilianweng.github.io/posts/2021-07-11-diffusion-models

xt에 대한 noise를 예측해야 뒤로가지

따라서, xt를 만든 noise와 loss
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• % "!"#; #
\'

2! − ]'
#"[\'

4 , A,!

• % "!"#; #
\'

2! − ]'
#"[\'

4Z 2! , A,!

Note

sXZZ = t − t< +&

Note

&'##012234156 = )*+ * ,7 ," ∥ ., ,7 +5
89:

)*+ * ,8;! ,8, ," ∥ !, ,8;! ,8 − 0/ log !, ," ,!
K1@>.,I<H@I->.K1/H0+<-L+I->. X1.>-,-./ Y<>@1,,

:! = qr!:5 + 1 − qr!1

lilianweng.github.io/posts/2021-07-11-diffusion-models

따라서, xt를 만든 noise와 loss

xt에 대한 noise를 예측해야 뒤로가지
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• % "!"#; #
\'

2! − ]'
#"[\'

4 , A,!

• % "!"#; #
\'

2! − ]'
#"[\'

4Z 2! , A,!

Note

sXZZ = t − t< +&

Note

:! = qr!:5 + 1 − qr!1

lilianweng.github.io/posts/2021-07-11-diffusion-models

따라서, xt를 만든 noise와 loss

xt에 대한 noise를 예측해야 뒤로가지
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DDPM Training

• Overview
• ! "!"# "!) 	→ ! "!"# "!, 	"')

• % "!"#; ?' "!, "' , @Σ "!, "'
• % "!"#; [\'"(]'

#"[\'
2' + \'(#"[\'"()

#"[\'
2! , ,! #"[\'"(#"[\'

• % "!"#; #
\'

2! − ]'
#"[\'

4 , A,!

• % "!"#; #
\'

2! − ]'
#"[\'

4Z 2! , A,!

Note

sXZZ = t − t< +&

Note

:! = qr!:5 + 1 − qr!1

lilianweng.github.io/posts/2021-07-11-diffusion-models

t가 커질수록, 값이 작아져서.

따라서, xt를 만든 noise와 loss

xt에 대한 noise를 예측해야 뒤로가지
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DDPM Summary

bit.ly/taki0112_diffusion
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DDIM
Denoising diffusion implicit models

ICLR 2021
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DDIM Forward & Reverse process

• Overview
• DDPM

• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = #
\'

2! − ]'
#"[\'

4Z 2! + @,!4 (Reverse)

lilianweng.github.io/posts/2021-07-11-diffusion-models

속도 개느림

ddpm
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DDIM Forward & Reverse process

• Overview
• DDPM

• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = #
\'

2! − ]'
#"[\'

4Z 2! + @,!4 (Reverse)

• DDIM
• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = 78!"#BZ 2! + 1 − 78!"# − @,!4Z 2! + @,!ϵ (Reverse)

lilianweng.github.io/posts/2021-07-11-diffusion-models

mean std

속도 개느림

xt로부터 x0를 예측해서, 
markov -> non-markov 

ddpm ddim
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DDIM Reverse process

• Overview
• DDIM

• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = 78!"#BZ 2! + 1 − 78!"# − @,!4Z 2! + @,!ϵ (Reverse)

Note

lilianweng.github.io/posts/2021-07-11-diffusion-models
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DDIM Reverse process

• Overview
• DDIM

• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = 78!"#BZ 2! + 1 − 78!"# − @,!4Z 2! + @,!ϵ (Reverse)

• = 78!"# D2' + 1 − 78!"# − E!%4Z 2! + σ(ϵ
• %(2!"#; 78!"# D2' + 1 − 78!"# − E!%4Z 2! , E!%)

Note

lilianweng.github.io/posts/2021-07-11-diffusion-models
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DDIM Reverse process

Note

Note

lilianweng.github.io/posts/2021-07-11-diffusion-models

_&를 _'로 정리해서 대입해서 풀었었음

• Overview
• DDIM

• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = 78!"#BZ 2! + 1 − 78!"# − @,!4Z 2! + @,!ϵ (Reverse)

• = 78!"# D2' + 1 − 78!"# − E!%4Z 2! + σ(ϵ
• %(2!"#; 78!"# D2' + 1 − 78!"# − E!%4Z 2! , E!%)



96

DDIM Reverse process

Note

Note

lilianweng.github.io/posts/2021-07-11-diffusion-models

_&를 _'로 정리해서 대입해서 풀었었음

%!"#를 %!로 표현하는데,
* variance 맞춰주고

* %!"#와 %! 차이를 %으로 매꾸자

• Overview
• DDIM

• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = 78!"#BZ 2! + 1 − 78!"# − @,!4Z 2! + @,!ϵ (Reverse)

• = 78!"# D2' + 1 − 78!"# − E!%4Z 2! + σ(ϵ
• %(2!"#; 78!"# D2' + 1 − 78!"# − E!%4Z 2! , E!%)
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DDIM Reverse process

• Overview
• DDIM

• 2! = 78!2' + 1 − 78!4 (Forward)

• 2!"# = 78!"# D2' + 1 − 78!"# − E!%4Z 2! + σ(ϵ (Reverse)

Note

lilianweng.github.io/posts/2021-07-11-diffusion-models
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Diffusion Summary

DDPM DDIM

bit.ly/taki0112_diffusion
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Diffusion Summary

DDPM DDIM

bit.ly/taki0112_diffusion

최근 Trend
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Diffusion Models Beat GANs
on Image Synthesis

NeurIPS 2021
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Overview

• Overview
• Architecture improvements

• Multi head attention
• Multi resolution attention
• Adaptive Group Normalization (AdaGN)

• Truncation trick (fidelity & diversity)
• Classifier guidance

torch.mean(dim), torch.std(dim)

[0] [1, 2, 3] [2, 3]

Guided diffusion

https://www.blossominkyung.com/deeplearning/transformer-mha
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• Overview
• Truncation trick 

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

BigGAN StyleGAN

Guided diffusion Classifier guidance
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

Guided diffusion Classifier guidance

y는 class label

Z는 상수
a는 xt에 낀 noise 예측하는 diffusion network

b는 xt의 class label을 예측하는 classifier network
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

Guided diffusion Classifier guidance

y는 class label

Z는 상수
a는 xt에 낀 noise 예측하는 diffusion network

b는 xt의 class label을 예측하는 classifier network

pdf 표현
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

Guided diffusion Classifier guidance

y는 class label

Z는 상수
a는 xt에 낀 noise 예측하는 diffusion network

b는 xt의 class label을 예측하는 classifier network

pdf 표현

테일러 급수
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

Guided diffusion Classifier guidance

y는 class label

Z는 상수
a는 xt에 낀 noise 예측하는 diffusion network

b는 xt의 class label을 예측하는 classifier network
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

+&

−u<

+&'(

Guided diffusion Classifier guidance
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

+&

−u<

+&'(

"∇ log K@ y :!

Guided diffusion Classifier guidance
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

+&

−u<

+&'(

"∇ log K@ y :!

Guided diffusion Classifier guidance
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

+&

−u<

+&'(

"∇ log K@ y :!

Guided diffusion Classifier guidance
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

+&

−u<

+&'(

"∇ log K@ y :!

Guided diffusion Classifier guidance
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• Overview
• Truncation trick

• Classifier guidance
• 2!"# ← % ' + HΣ∇ log;` M 2! , Σ

Note

Note

Guided diffusion Classifier guidance

+&

−u<

+&'(

"∇ log K@ y :!
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Tests Read a paper

Diffusion-based Image Translation using Disentangled Style and Content Representation, arXiv
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Tests Read a paper

forward 함수네
(noise를 더하는)

Diffusion-based Image Translation using Disentangled Style and Content Representation, arXiv
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Tests Read a paper

Loss를 구하는 과정이네

Diffusion-based Image Translation using Disentangled Style and Content Representation, arXiv
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Tests Read a paper

reverse 함수네
(noise를 빼는)

Diffusion-based Image Translation using Disentangled Style and Content Representation, arXiv
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Tests Read a paper

classifier guidance네

Diffusion-based Image Translation using Disentangled Style and Content Representation, arXiv



118

Tests Read a paper

Diffusion-based Image Translation using Disentangled Style and Content Representation, arXiv
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Summary

2020 2022

Denoising diffusion probabilistic models (DDPM)

NeurIPS 2020

Denoising diffusion implicit models (DDIM)

ICLR 2021

Diffusion Models Beat GANs on Image Synthesis

NeurIPS 2021
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Summary

2020 2022

Denoising diffusion probabilistic models (DDPM)

NeurIPS 2020

Denoising diffusion implicit models (DDIM)

ICLR 2021

Diffusion Models Beat GANs on Image Synthesis

NeurIPS 2021
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Summary

2020 2022

Denoising diffusion probabilistic models (DDPM)

NeurIPS 2020

Denoising diffusion implicit models (DDIM)

ICLR 2021

Diffusion Models Beat GANs on Image Synthesis

NeurIPS 2021
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Summary

2020 2022

Denoising diffusion probabilistic models (DDPM)

NeurIPS 2020

Denoising diffusion implicit models (DDIM)

ICLR 2021

Diffusion Models Beat GANs on Image Synthesis

NeurIPS 2021



GroomingDiffusion
: Advanceddiffusion

NAVER AI Lab

김준호

https://github.com/taki0112



3

1시 ~4시

DDPM, DDIM

Diffusion Auto-regressive

VAR

T2I Foundation

SD, SD3, Flux, SANA

Intro Contents
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Intro HuggingFace

github.com/huggingface/diffusers
github.com/modelscope/DiffSynth-Studio
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Intro Stable diffusion

jalammar.github.io/illustrated-stable-diffusion/
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Stable Diffusion Components

jalammar.github.io/illustrated-stable-diffusion/
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Stable Diffusion Components

jalammar.github.io/illustrated-stable-diffusion/
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Stable Diffusion
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Stable Diffusion Autoencoder

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Autoencoder

64x64x4
encoder

regularization

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022

KL divergence
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Stable Diffusion Autoencoder

64x64x4
encoder decoder

regularization reconstruction

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022

KL divergence
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Stable Diffusion Autoencoder

64x64x4
encoder decoder

regularization reconstruction

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
github.com/rom1504/img2dataset

KL divergence
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Stable Diffusion Autoencoder

64x64x4
encoder decoder

regularization reconstruction

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
github.com/rom1504/img2dataset

KL divergence
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Stable Diffusion CLIP

Learning Transferable Visual Models From Natural Language Supervision, ICML 2021

“The photo of 
a welsh corgi”
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Stable Diffusion

“The photo of 
a welsh corgi”

4x768

4x768

text encoder

image encoder

CLIP

Learning Transferable Visual Models From Natural Language Supervision, ICML 2021
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Stable Diffusion

“The photo of 
a welsh corgi”

text encoder

image encoder

CLIP

Learning Transferable Visual Models From Natural Language Supervision, ICML 2021

4x768

4x768
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Stable Diffusion

“The photo of 
a welsh corgi”

text encoder

image encoder 4x4

CLIP

Learning Transferable Visual Models From Natural Language Supervision, ICML 2021

*

4x768

4x768



18

Stable Diffusion

“The photo of 
a welsh corgi”

text encoder

image encoder

1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

4x4

image embed

CLIP

Learning Transferable Visual Models From Natural Language Supervision, ICML 2021

text embed

4x768

4x768
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Stable Diffusion

“The photo of 
a welsh corgi”

text encoder

image encoder 4x4

CLIP

Learning Transferable Visual Models From Natural Language Supervision, ICML 2021

github.com/mlfoundations/open_clip

1 0 0 0

0 1 0 0

0 0 1 0

0 0 0 1

text embed

image embed

LAION-5B, 84.8TB

2B-en

4x768

4x768
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Stable Diffusion Training

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022

64x64x4
encoder

forward process
step 1
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Stable Diffusion Training

64x64x4
encoder

Unet

forward process
step 1

time embed

text embed
77x768

pred noise

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training

64x64x4
encoder

Unet

forward process
step 1

time embed

pred noise GT noise

-

L2 loss

text embed
77x768

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training

64x64x4
encoder

Unet pred noise

forward process

time embed

step 1

text embed
77x768

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training

64x64x4
encoder

Unet

forward process

- =

64x64x4

time embed

pred noise

step 1

input latent

text embed
77x768

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training

64x64x4
encoder

Unet pred noise

forward process

- =

64x64x4

time embed

step 4

input latent

text embed
77x768

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training

64x64x4
encoder

Unet pred noise

forward process

- =

64x64x4

time embed

step 10

input latent

text embed
77x768

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training

64x64x4
encoder

Unet

forward process

- =

64x64x4

time embed

pred noise

step 50

input latent

text embed
77x768

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training results

Unet

time embed

text embed

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training results

Unet
decoder

step 1

step 4

step 10

step 50

time embed

text embed

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Training results

https://poloclub.github.io/diffusion-explainer/
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Stable Diffusion Conditioning

Unet

time embed

residual connection

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Conditioning

Unet

time embed

Unet

time embed

text embed

cross attention

residual connection

High-Resolution Image Synthesis with Latent Diffusion Models, CVPR 2022
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Stable Diffusion Classifier free guidance

Classifier-Free Diffusion Guidance, NeurIPS 2021

!!"# ← # $ + & ∗ Σ∇ log -$ . !! , Σ
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Stable Diffusion Classifier free guidance

Classifier-Free Diffusion Guidance, NeurIPS 2021

!!"# ← # $ + & ∗ Σ∇ log -$ . !! , Σ

̃1% !, 2 = 1% !, 4 + & ∗ 1% !, 2 − 1% !, 4

6&

−7'

6&"(

& 1% !, 2 − 1% !, 4

text준거랑, 안준거랑 차이를 키우자 !
= 그 방향으로 더 가자
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Stable Diffusion Classifier free guidance

Classifier-Free Diffusion Guidance, NeurIPS 2021

!!"# ← # $ + & ∗ Σ∇ log -$ . !! , Σ

̃1% !, 2 = 1% !, 4 + & ∗ 1% !, 2 − 1% !, 4

6&

−7'

6&"(

& 1% !, 2 − 1% !, 4
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Stable Diffusion Classifier free guidance

Classifier-Free Diffusion Guidance, NeurIPS 2021

!!"# ← # $ + & ∗ Σ∇ log -$ . !! , Σ

̃1% !, 2 = 1% !, 4 + & ∗ 1% !, 2 − 1% !, 4

6&

−7'

6&"(

& 1% !, 2 − 1% !, 4
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Stable Diffusion 3 Summary

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis

• Proposed
• Preprocessing

• Data filtering
• Precomputed embedding
• Synthetic caption

• Architecture
• MM-DiT
• Flexible text encoders

• Training
• Rectified flow
• Logit-normal sampling (time t)
• Conditional flow matching loss

• Finetuning
• QK-normalization
• Timestep shifting
• Improved position encoding

• Conclusion
• 8B model
• Validation loss = evaluation metrics
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Stable Diffusion 3 Data preprocessing

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis

• Data filtering
• SSCD 알고리즘을 통해, 이미지 중복 제거

• 비슷한 이미지 찾기 Sota
• Precomputed embeddings

• augmentation 활용을 많이 못함
• 많은 storage 필요함
• 그래도, 학습 빨라지는 이점

• Synthetic caption
• CogVLM을 통해 real:fake caption 1:1 사용
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Stable Diffusion 3 Architecture

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis

• Multi text encoder
• T5: detailed caption

• 없어도 이미지 퀄리티는 영향 x
• CLIP: image-text matching

• QK-Normalization
• RMS Norm

8B

-> 이러면 text의 이해력이 높아짐.

Zero2048
154x4096
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Stable Diffusion 3 Techniques

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis

• Problem
• 256x256 학습한뒤 -> high resolution으로 finetuning할때

• mixed precision하면 학습이 불안정
• full precision하면 학습이 잘 안됨 (?)

• Solution
• QK RMS norm
• Positional Encodings for Varying Aspect Ratios

• 최근 RoPE써도 되지 않을까.. 싶은..
• Resolution-dependent shifting of timestep schedules

• high-res는 low-res보다 더 많은 noise가 필요하므로, 
그에 대응되도록 timestep schedule 변경

Time-shifting

QK Norm effects PE for varying aspect ratios
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Stable Diffusion 3 Techniques

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis

• Improved Autoencoders
• 채널 늘리면 좋음 (16)

• Improved captions
• dataset caption들은 detail이 빠져있음.
• CogVLM같은거 통해서, fake caption을 만들고 함께 쓰면,

detail 부족을 채울 수 있음.
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Stable Diffusion 3 Ablation study

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis
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Stable Diffusion 3 Results

Scaling Rectified Flow Transformers for High-Resolution Image Synthesis
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Flux Summary

https://www.reddit.com/r/LocalLLaMA/comments/1ekr7ji/fluxs_architecture_diagram_dont_think_theres_a/
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Flux Summary

https://www.reddit.com/r/StableDiffusion/comments/1fds59s/a_detailled_flux1_architecture_diagram/
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SANA Summary

• Motivation
• high-quality & high-resolution & high-efficiency

• Proposed
• Deep compression AE (x32)

• 기존 x8
• Efficient DiT

• Vanilla attention -> Linear attention
• O(#)) -> O(#)

• No position embedding (NoPE)
• Text encoder

• T5 -> decoder-only LLM (Gemma2-2B)
• Efficient training & sampling strategy

• Flow-DPM-Solver (14-20 steps)

• Conclusion
• 100x faster (4K), 40x faster (1K) vs FLUX
• 1024x1024, 0.37s, 4090 GPU (Sana-0.6B)

• Limitation
• 학습데이터는 뭐 썼는지 안나와있음. 학습시간도 없음.

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers
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SANA DC-AE

Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

Summary
• Residual Autoencoding

• 높은 압축률을 가능하게함 (x128)

• Decoupled High-Resolution Adaptation (3 phase training)
• 고해상도 이미지에 generalization을 가능하게함 (2048x2048)
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SANA DC-AE: Residual Autoencoding

Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

Summary
• residual -> not identity mapping
• space-to-channel mapping

• pixel-shuffle, pixel-unshuffle
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SANA DC-AE: space-to-channel mapping

https://github.com/mit-han-lab/efficientvit/blob/master/efficientvit/models/nn/ops.py
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SANA DC-AE: space-to-channel mapping

https://github.com/mit-han-lab/efficientvit/blob/master/efficientvit/models/nn/ops.py

factor = 2



51

SANA DC-AE: Decoupled High-Resolution Adaptation

Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models

Summary
• phase 1

• full-training
• 256x256
• recon loss
• Initialization

• phase 2
• middle layer training

• encoder’s output
• decoder’s input

• 1024x1024
• recon loss
• Generalization

• phase 3
• decoder’s output training
• 256x256
• recon + gan
• Refinement

Key-points
• GAN은 local detail을 향상시키고, local artifact를 제거한다.
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SANA DC-AE: Results

Deep Compression Autoencoder for Efficient High-Resolution Diffusion Models
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SANA Techniques

• Summary
• Linear attention

• 계산량 감소, O(N)
• Mix-FFN (depth-wise conv)

• local information 보완
• NoPE

• 없어도 무방. (실험 없음)
• Triton kernel fusion

• Accelerate
• LLM

• not Text encoder(e.g. T5)

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction

N x d N x d

N x d

O(8*)
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction

Similarity function을 재정의하자. (양수 되는걸로 !)

N x d N x d

N x d

O(8*)
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction

행렬의 곱셈 결합법칙

N x d d x N

N x d
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction

local information 추출 능력이 떨어짐.
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction

local information 추출 능력이 떨어짐.

depth-wise conv
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction

채널 간 상호작용

Standard Conv
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SANA Linear attention

EfficientViT: Multi-Scale Linear Attention for High-Resolution Dense Prediction

각 채널에 독립적 필터 -> 채널별 로컬 정보 추출 가능채널 간 상호작용

Standard Conv Depth-wise Conv

weight도 적고
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SANA Text encoder

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers

Summary
• Motivation

• LLM이 더 좋으니까
• How

• last layer of features of the Gemme-2
• Useful tricks

• RMS Norm after the text encoder.
• normalizes the variance to 1.0

• small learnable scale factor multiply to text emb
• 0.01

• Complex Human Instruction (CHI)
• simple caption -> detailed caption
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SANA Text encoder

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers

성능차이보단,
zero-shot ability가 더 쌔보임.
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SANA Results

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers

Summary
• Pixart

• text 랜더링안좋음.
• SD3

• text 반영 안좋음.
• Sana & FLUX

• 비슷함.
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SANA Results

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers
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SANA Results

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers
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SANA Results

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers
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SANA Results

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers
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SANA Results

Sana: Efficient High-Resolution Image Synthesis with Linear Diffusion Transformers



Visual AutoRegressiveModeling (VAR) 
: Scalable Image Generation via Next-Scale Prediction with code

NAVER AI Lab, Generation research

김준호

https://github.com/taki0112

https://github.com/taki0112/pseudo_var



3

Intro Contents

1시 ~4시

DDPM, DDIM

Diffusion Auto-regressive

VAR

T2I Foundation

SD, SD3, Flux, SANA
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Intro VAR

GAN
( 6 years )

Visual Autoregressive Modeling: Scalable Image Generation via Next-Scale Prediction
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Intro VAR

GAN
( 6 years )

Diffusion
( > 4 years )

Visual Autoregressive Modeling: Scalable Image Generation via Next-Scale Prediction
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Intro VAR

VAR

GAN
( 6 years )

Diffusion
( > 4 years )

2024.04

Visual Autoregressive Modeling: Scalable Image Generation via Next-Scale Prediction

Autoregressive 방식
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Intro VAR

[bs, 512]
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Intro VAR

[bs, 512]

GAN

[bs, c, h, w]
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Intro VAR

GAN

[bs, 512]

[bs, c, h, w]

[bs, c, h, w]
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Intro VAR

GAN

[bs, 512]

[bs, c, h, w]

[bs, c, h, w]

Diffusion

[bs, c, h, w]
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Intro VAR

GAN

Diffusion

[bs, 512]

[bs, c, h, w] [bs, c, h, w]

속도 빠름
퀄이 별로

[bs, c, h, w]

과거의 영광
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Intro VAR

GAN

Diffusion

[bs, 512]

[bs, c, h, w] [bs, c, h, w]

속도 빠름
퀄이 별로

속도 느림
퀄이 좋음

[bs, c, h, w]

과거의 영광

현재의 대세
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Intro VAR

# 2014 ~ 2016
• Unconditional generation

• GANs
• Diverse loss

• Conditional generation
• ACGAN
• Multi-task discriminator
• Projection discriminator

# 2017 ~ 2018
• Progressive GAN

• Progressive training

• BigGAN
• Conditional batch normalization
• Large scale
• Truncation trick

• StyleGAN
• Disentangle the latent space with mapping layer
• Style Mixing (determine the coarse, middle, fine style)

• A module = Global aspects
• B module = Local aspects

• Truncation trick

# 2019 ~ 2020
• StyleGAN2

• StyleGAN + Weight modulation + Lazy regularization.

• DiffAugment
• Prevent the overfitting in a discriminator.
• Apply the differentiable augmentation to generator & discriminator.

• ADA
• Prevent the overfitting in a discriminator.
• Apply the adaptively augmentation to generator & discriminator.

# 2014 ~ 2020: Techniques
• Consistency regularization

• CR-GAN: augmented real images for discriminator.
• bCR-GAN: augmented real & fake images for discriminator.
• zCR-GAN: augmented latent codes for generator & discriminator.
• ICR-GAN: bCR + zCR

• FSMR: Feature Statistics Mixing Regularization
• Reduce style-bias in discriminator.

• GGDR: Generator Guided Discriminator Regularization
• Dense supervision for discriminator.
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Intro VAR
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Intro VAR

Youtube
• The recipe of GANs

• 2014 ~ 2020 GANs 모델 연구 요약 (기초 ~ 심화)

• The diffusion theory
• diffusion을 이해하기 위한 이론 (기초)

• The applications of diffusion
• Text-to-image 모델 소개 (심화)

https://github.com/taki0112/diffusion-pytorch

https://github.com/taki0112/pseudo_var

https://youtu.be/vZdEGcLU_8U
https://youtu.be/jaPPALsUZo8
https://youtu.be/Z8WWriIh1PU
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Intro VAR

속도 빠르고, 성능 좋고, 파라미터 비례
conditional image generation (not text)
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Intro VAR

* Preliminaries (Residual Vector Quantization)

* VQVAE Training

* VAR Training

* VAR Inference

https://github.com/taki0112/pseudo_var

Reference

* https://ljvmiranda921.github.io/notebook/2021/08/08/clip-vqgan/

* https://www.assemblyai.com/blog/what-is-residual-vector-quantization/
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Motivation 기존 AR 문제점

* Flatten all pixels
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Motivation 기존 AR 문제점

* Flatten all pixels

-> token



20

Motivation 기존 AR 문제점

* Flatten all pixels

* Naive

-> token
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Motivation 기존 AR 문제점

* Flatten all pixels

* Spatial locality 무시
* 1D sequence로 바꿔서

* No generalization
* Zero-shot task 안됨

* Naive

-> token
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Motivation 기존 AR 문제점

* Naive * Sliding window

* Flatten all pixels

* Spatial locality 무시
* 1D sequence로 바꿔서

* No generalization
* Zero-shot task 안됨

-> token
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Motivation 기존 AR 문제점

* Spatial locality 무시
* 1D sequence로 바꿔서

* No generalization
* Zero-shot task 안됨

* Naive * Sliding window

* Flatten all pixels

* No efficiency
* 각 픽셀 = 토큰

* No scalability
* 낮은 해상도에서만

-> token
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Overview VAR
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Overview VAR

* Multi-scale approach

* Efficiency

* Scalability

* Generalization

토큰 = 이미지
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Overview VAR

* Multi-scale approach

* Efficiency

* Scalability

* Generalization

. . . 이미지상은 아니고,
latent상에서 함

토큰 = 이미지

4x4 8x8 16x162x21

!latent
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Method Preliminaries: VQVAE

!
16x16x32 16x16x32
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Method Preliminaries: VQVAE

z
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Method Preliminaries: VQVAE

z

q(z)
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Method Preliminaries: VQVAE

z

q(z)
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Method Preliminaries: VQVAE

4096

32

z

q(z)

error

!
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16x16x1

16x16x32
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Method Preliminaries: VQVAE

4096

32

z

q(z)

error

!
16x16x32 16x16x32

16x16x1
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Method Preliminaries: VQVAE

4096

32

* Loss

* encoder
* decoder * codebook

* encoder
( reg )

z

q(z)

error

!
16x16x32 16x16x32

16x16x1
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Method Preliminaries: Residual Quantization

기존
z

q(z)

error



35

Method Preliminaries: Residual Quantization

기존

Residual

z

q(z)

error
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Method Preliminaries: Residual Quantization

기존
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Method Preliminaries: Residual Quantization
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Method Preliminaries: Residual Quantization

기존
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Method Preliminaries: Residual Quantization

기존

Residual

z

!!

!"

!#

! ≈ #! + #" + ##
z

!! !" !#

!! + !" + !#

z

q(z)

error
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Method VAR Overview
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Method VAR Overview

pos

level

cls

위치

해상도

종류
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Method VAR Overview

pos

level

cls

위치

해상도

종류

patch: [1,2,3, ... , 16]

bs, 1*1, 1024
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Method VAR Overview

pos

level

cls
VAR

위치

해상도

종류

patch: [1,2,3, ... , 16] 1x1 -> 2x2 -> ... -> 16x16

bs, 1*1, 1024 16x16x32
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Method VAR Overview

pos

level

cls
VAR VQVAE

위치

해상도

종류

patch: [1,2,3, ... , 16] 1x1 -> 2x2 -> ... -> 16x16

bs, 1*1, 1024 16x16x32 256x256x3



45

Method VQVAE Training
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Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

%
16x16x32
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Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]
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area

16x16x32 pxpx32



48

Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]
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Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$ &$ !$
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Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$ &$ !$ '$(!$)
area bicubic

16x16x32 16x16x32pxpx32pxpx32 pxpx1
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Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$ &$ !$ '$(!$) % − '$(!$)
area bicubic

16x16x32 16x16x32 16x16x32pxpx32pxpx32 pxpx1
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Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$ &$ !$ '$(!$) % − '$(!$)
area bicubic

+%
+

16x16x32 16x16x32 16x16x32pxpx32pxpx32 pxpx1
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Method VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$ &$ !$ '$(!$) % − '$(!$)
area bicubic

+%
+

16x16x32 16x16x32 16x16x32pxpx32pxpx32 pxpx1

VAR Input
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Method VQVAE Training

...
16x16x32 1x1x32 2x2x32 3x3x32 16x16x32

resize -> 16x16

!′#,- = ! −%
./-

#
!′.
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Method VQVAE Training

+%

VQVAE
16x16x32 256x256x3

* Loss

* encoder
* decoder * codebook

* encoder
( reg )
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Code VQVAE Training
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Code VQVAE Training
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Code VQVAE Training
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Code VQVAE Training

!

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$
area
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Code VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]
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Code VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]
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!



62

Code VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$ &$ !$ '$(!$)
area bicubic
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Code VQVAE Training

for k in patch_K:

patch: [1,2,3, ... , 16]

% %$ &$ !$ '$(!$) % − '$(!$)
area bicubic

+%
+

!
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Code VQVAE Training

The open images dataset v4: Unified image classification, object detection, and visual relationship detection at scale

+%

VQVAE
16x16x32 256x256x3
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Code VQVAE Training

The open images dataset v4: Unified image classification, object detection, and visual relationship detection at scale

9M numbers
6k class

+%

VQVAE
16x16x32 256x256x3
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Code VAR Training
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Code VAR Training

VQVAE
GT codebook
index
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Code VAR Training
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Code VAR Training

VQVAE VAR
GT codebook
index

Linear

&$
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Code VAR Training

3 6 7 5

CE Loss
VQVAE VAR

GT codebook
index

Linear

&$
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Code VAR Training

VQVAE VAR
GT codebook
index
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Code VAR Training

VQVAE
GT codebook
index

1x1, 2x2, ... , 16x16
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Code VAR Training
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Code VAR Training

VQVAE
GT codebook
index

1x1, 2x2, ... , 16x16
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Code VAR Training

VQVAE VAR
GT codebook
index

DiT: Scalable Diffusion Models with Transformers

1x1, 2x2, ... , 16x16



76

Code VAR Training

VQVAE VAR
GT codebook
index

DiT: Scalable Diffusion Models with Transformers

1x1, 2x2, ... , 16x16
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Code VAR Inference
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Code VAR Inference
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Code VAR Inference

pos

level

cls
VAR

bs, 1*1, 1024 bs, p*p, 4096
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Code VAR Inference

pos

level

cls
VAR
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bs, p*p, 4096
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Code VAR Inference

pos

level

cls
VAR
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e.g., 1000 (ImageNet)
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Code VAR Inference

pos

level

cls
VAR

bs, 1*1, 1024

class
no-class

e.g., 1000 (ImageNet)

for diversity
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Code VAR Inference

pos

level

cls
VAR

bs, 1*1, 1024 16x16x32

class
no-class

e.g., 1000 (ImageNet)

for diversity

1x1 -> 2x2 -> 3x3 -> ... -> 16x16

bs, p*p, 4096
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Code VAR Inference

pos

level

cls
VAR VQVAE

bs, 1*1, 1024 256x256x3bs, p*p, 4096 16x16x32
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Results VAR
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Results VAR
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Results VAR-Related works
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Junho Kim
(NAVER AI Lab)

Thank you for your attention !

https://naver-career.gitbook.io/en/positions/ai-ml/generation-research


