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1) Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems 33 (2020).

Background

« DDPM diffusion modelsl]

- Forward process
-GTOf| ETIA 2 = gaussian noiseE Tl Lt7F T time step@H0fl GT image x,= white
Gaussian noise(random noise) x;~N(0,1)Z TtE£= 20| S5 Y

= 1/1 _,tht—l +\/E*Is I NN(O']‘) xo - &£ O|0]X|

x, : noised O| O] X|

- Reverse process B, : noise level

- A Xl time step t2] noised image x, Ofl G5! cumulative noise e= neural network=
AFR3H*1 eg(x,,t) LE 0|5

-xt 1= N(ug(xe, £), Yo (xe, t)) THEHE 5> 2, 4d 75

€; : Cumulative noise added at time step ¢

—_—

?

€o(x;, t) : Cumulative noise predicted at time step ¢

- Ground truth x¢ - Noised image at time step t xr : White Gaussian noise
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1) Ho, Jonathan et al. "Denoising diffusion probabilistic models." Advances in Neural Information Processing Systems (2020).

Background

« DDPM diffusion modelsl!]

- Forward process

-—

Markov property= QI3 A] 0% time stepO| & x, 25 Ef cumulative noiseE 7+& == U

gjo

~xy = J@xg +J1— @ * 1} I ~N(0,1)
- Reverse process
~x; Ofl {3 & cumulative noise €, €g(x,, t) 22 0| F
- Loss

- Time step tOfl CHet & X cumulative noise2t predictiond| L2 loss function A&

_ _ 2 e - AH| cumulative noise x; : noised O| O] X|
2t Le | €t~ €g (xt’ t) | €o: Predicted cumulative noise t : time step

€; : Cumulative noise added at time step ¢
W B

ot ) — i — I
' : ‘ ? | ?
- ’ €9 (x,, t) : Cumulative noise predicted at time step t

- Ground truth x¢ - Noised image at time step t xr : White Gaussian noise
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1)

Saharia, Chitwan, et al. "Palette: Image-to-image diffusion models." Advances in Neural Information Processing Systems (2021)

Papers
« Palettel!]

- Image-to-image translation0| 81882 2 M-8 7573t conditional diffusion model=
7 b=l

47 9] task : colorization, inpainting, uncropping, JPEG restoration
-+ Palettel={47} K| 2] taskOll A 7| E SOTAS 5718t M58 walg
- Conditional diffusion models™

- 0f|) Colorization taskOi| A train, inference &2

;= Training : Neural network eg (x;,y,t) & L2 lossE 2t 2t

Inference : £,_; = N(ug (R, 7, 1), Yo (Zp, v, ) B

H O
t HEE S| A 2,2 A A B
xr - White Gaussian noise

% - Noised image at time step t Xo : Sampled color image

y : grayscale image
y : grayscale image
Xo . color image

x¢ : noised color image
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1) Ho, Jonathan, et al. "Cascaded Diffusion Models for High Fidelity Image Generation." JMLR. 23 2022.

Papers
« CDM - Cascaded Diffusion Models for High Fidelity Image Generationl!l

- Cascaded framework™

rir

- Diffusion model 50| $t 7if O] &9 super-resolution diffusion model S X -8 5}+= cascaded

T E X otet
AR = QMO SHMEE BXL 7| L7t BAL O] framework
- Class-conditional ImageNet generation taskOl| Al 7| = GAN, VAE 7|8to| &fH =2
s7t5t= SOTA ds 248
- Class conditional diffusion model : e5(x;, ¢, t)

- SR diffusion model : €g(x;,c, z, t)

Class conditional
diffusion model 1 :

i Class ID = 213
:  “Irish Setter”
: °

Model 1

(Class + low resolution image) conditional
: diffusion model 2,3

Model 3

<Cascaded framework= A% H|O|E Mo &>
g B THSD I VDS \
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1) Nichol, Alex, et al. "Glide: Towards photorealistic image generation and editing with text-guided diffusion models." arXiv preprint arXiv:2112.10741 (2021).

Papers

« GLIDEM

- Text Conditional diffusion models(
-GLIDEE classifier-free guidance &' © 2 textE condition2 2 A2 &

“A cozy living room with a 10241024
| painting of a corgi on the
. i| wall above a couch and a i
Text conditional: | round coffee table in front 256 X 256 e i (Text+ low resolution image)
diffusion model : | of a couch and a vase of 64x64 i . i conditional diffusion model 2,3

\ flowers on a coffee table” ‘ € ;
. . l :/
Model 1 m Model 2 2 % T Model 3 v . x :

<Cascaded framework=S A2 3+ GLIDES| H|O|E M &>
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1) Nichol, Alex, et al. "Glide: Towards photorealistic image generation and editing with text-guided diffusion models." arXiv preprint arXiv:2112.10741 (2021).

Papers —(eg (1, c) — €p(x+))

+ GLIDEN %
- Scalable conditional diffusion model & H|ot&H \_eg(m, ey
- Unconditional diffusion models — Baseline DDPM _69("’")\\ / —€g(x,¢)
sr€g(xg, t) |
Lt

- Conditional diffusion models — Palette, CDM
<Guidance scale= A%t scalable conditioning T &>
s:eg(xy, C,t)

-Scalable conditional diffusion model - GLIDE

s €g(xg,c,t) = €g(xs, t) + s(€g(xg,c, t) — €g(xs, t))
volLte| 2= 2 ynconditional eg (x,, ¢, t), unconditional €4(x,,t) 2F& =&
- St5 A0 €7 =HE Z null label = condition2 2 EiSH= S 7|8 AL

|
A

J

>0
rrojo

vGuidance scale sZ diversity, fidelity trade-offS =&& 4=

Of

. &2 guidance scaled| A= reverse diffusion processOi| A] 244 diversity7t = 0{ =L},
prompt2t FAZ 7} ZOFX| X fidelity/t & 5

€ : diffusion model

¢ : text embedding

x; . noised data

s : guidance scale &=

g AR THED . | VPES \
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1) Ramesh, Aditya, et al. "Hierarchical text-conditional image generation with clip latents."” arXiv preprint arXiv:2204.06125 (2022).

Papers

« DALL-E2[1]
- Hierarchical conditional diffusion model 2 A| 2+t
-GLIDE - direct text conditioning
2:€g(xg, ¢, ) = €g(xg, t) + s(€g(xp, ¢, 8) — €9(xy, 1)), c: text
-DALL-EZ2 - Hierarchical text conditioning
s €g(xp,zi,t) = €g(xg, t) + S(E@ (x4, 2, t) — €9 (x4, t)), z; . CLIP image embedding
- Decoder diffusion model

-Decoder= GLIDERt 2tF 5| = LBt diffusion model=2 At-E %t

e

Y
Y

CLIP image encoder Diffusion decoder
AW TSk <Decoder diffusion model2| T+ &> | VDS
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1)

Ramesh, Aditya, et al. "Hierarchical text-conditional image generation with clip latents."” arXiv preprint arXiv:2204.06125 (2022).

Papers
« DALL-E2M

- Prior(encoder) diffusion model

- ZF O 7l textOf| 8= SH= CLIP image embedding= ZHE = diffusion model

.........E::I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:I:.:I:I:I:I:I:I:I:I:I:I:I:I:I:I:Ig Diffusion decoder
E “a Forgi — P
iplaying a

flame

throwin
gtruiwpeg’ — \J

L4

Y

S Diffusion encoder i Diffusion decoder
P sasmdka <M A DALL-E22| &> | vUS
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1) Saharia, Chitwan, et al. "Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding." arXiv preprint arXiv:2205.11487 2022.

Papers
* Imagenl]
.DALL-E2HC} |O[E| 44N T QUQ IS CraslslBME O 52 85 24
2

- Text dataset2 Z pretrain=! language modelS prompt2| text encoder2 AF2&t

: i‘a CDrgi “——_._H_H_ f
iplaying a

i flame N R
throwing :

gtru mpet — 2i ~—_
e Diffusionencoder©  Diffusion decoder

DALL-E29| prior &2
pretrain®! text encoder 2 CHX|e

Frozen Text Encoder

<DALLE-2, Imagen T2 H| 1>
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1) Saharia, Chitwan, et al. "Photorealistic Text-to-lmage Diffusion Models with Deep Language Understanding." arXiv preprint arXiv:2205.11487 2022.

Papers

« Imagenlil

A g d Rk
SOGANG UNIVERSITY

Text “A Golden Retriever dog wearing a blue
ix checkered beret and red dotted turtleneck.”

Frozen Text Encoder

Text Embedding

Y

Text-to-Image
Diffusion Model

64 x 64 lImage

A\

Super-Resolution

Diffusion Model

256 x 256 Image

Y

Super-Resolution

\J

Diffusion Model

1024 x 1024 Image

<A A Imagen2| #+Z&>
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1) Saharia, Chitwan, et al. "Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding." arXiv preprint arXiv:2205.11487 2022.

Papers

* Imagenli]
- Dynamic thresholding*

- ConditionS &!%_Ll'7| el S(Eg (xy,c,t) — Eg(xt, t))E CSHH A training datal)
boundo._I range[-1,1]S SO

v%,. 7 range[-1,1]2| boundE B 0f'2 &2 train-test mismatchL & QIS A 24
O|O|X|e] ZZEO| BOlH

vtk range[-1,1]12 normalization, clippingSh= 30| BFEA| 2 Q ot

[ok

(a) No thresholding. (b) Statlc thresholdmg (c) Dynamic thresholdlng

<Threshold A2 S 20 (2 O|O|X| & H|

R A THSED VDS
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1)

Saharia, Chitwan, et al. "Photorealistic Text-to-lmage Diffusion Models with Deep Language Understanding." arXiv preprint arXiv:2205.11487 2022

Papers
* Imagenli]

- Dynamic thresholding”
AHA—|E| L 0||:||x| O|

ZAHZ =0|7| {dl Mt A 22 sampling 7| H
- ArtifactE 2 X|5FH A =2 guidance scale 24 =

22 AF2 8 A train data?t SE O Xl dataS
MM Its &t
3

- Static thresholding”
-7|Z GLIDE, DALL-E29| sampling 7| &

- Diffusion model2| reverse stepOFC} &/ O[O X| x,_; & range[—1, 1]2 2 clipping&
-Guidance scale= 2 442

2 MM MM E= ASto| ZEE 50| M sampling ]
A A0 artifactZ} 24 A =l

Artifact 244
I

< Guidance scale = 4, Static thresholding & -& > < Guidance scale = 100, Static thresholding =& >
R 447 U 8k
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1) Saharia, Chitwan, et al. "Photorealistic Text-to-lmage Diffusion Models with Deep Language Understanding." arXiv preprint arXiv:2205.11487 2022.

Papers

« Imagenlil
- Dynamic thresholding”
-x,. 2| W2 =MUE LFESIY s=0.995E Ct 2 4f2 sZE clipping £ sZ Lt
::0.995~1.000AF0| 2| £f2 0.9952 clipping

2oz - 23
i s

(a) Noise data x; <Static thresholding AF2 G| A|> (b) Noise data x; + guidance weight
é‘o.zu gua

02

01

0.0 -

7|& 2,01 M -0.995 2 Ct 22 Zf2 12
0.995= CF 2 22 12 clipping=|H LIHX|
UE2 09952 LI X|O{ QL2 2 B¥5HA| &

<Dynamic thresholding AFZ G| A|>
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1) Lugmayr, Andreas, et al. "Repaint: Inpainting using denoising diffusion probabilistic models." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

Papers
* RePaintl!]

R AW THEE D

- Inpaintingdt 2tA| 10| &t& =l DDPM 2 &2 A2 M reverse diffusion process
CEA[O| A inpainting= =& ot= EE= A2t

- YA Ol inpainting 2 : Masked O|0|X| £ input2 2 BHOtA] mask 0| GTR {AtSH
SESMHE 2ES et
xr : White Gaussian noise Xo : Sampled inpainted image

y : Masked image

¢
<Palette 2| inpainting T+ &> VDS
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1) Lugmayr, Andreas, et al. "Repaint: Inpainting using denoising diffusion probabilistic models." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

Papers
* RePaintl!]

- Inpaintingdt 2tA| 21 0| t& =l DDP
CHA[O| A inpaintingS =& 5= 2

~Mask=|X| &2 &

JQ rulo

(X1 = A1 = Bro1Xe +/Br—1*1

—MaSkE|_| %:Ig:ll . Xt—1~Po = Xt — Eg(xt, Y, t)
X1 =MOx 1+ (1 —M)Ox,_1~pg

— -4

R YR d L) <RePaint 2} &

SOGANG UNIVERSITY

VDS



1) Lugmayr, Andreas, et al. "Repaint: Inpainting using denoising diffusion probabilistic models." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

Papers
* RePaintl!]

- Resampling”

fujo

1
0%
gt

= sampling 7|81 A| F
| content”} YX|SHA| @i = 2|7t E
resampling 7| 2 2 0| & | Ast

B M GIO|Ef x,7HX| reverse

1
20

- Reverse processOf| A harmonization

3

>~

~Mask ¥ <1} mask inverse Y2 st

Z oA

IHJQQ
=k

o
rir
=

Tl

;- RePaint= reverse passO]| forward

v Y EHA Q1 diffusion model2 T H
diffusion process& Hh= %l

ass

Jr rir

Of

=

t

Sk CHA| forward pass=
= nHAtE BtE 3t

— - — -}

vResampling 7| 22 reverse passZ x; — x,_; = T
HENM xiy = x & TOF= 2= resampling

pot oot

- Diffusion step = 3% I 7| = sampling 22 x; > x, > x> x,
° Resampllng -.8-'\'_1\_ nzzcél [[HE X3 9 xz 9 X39 xz 9 x1 9 xz 9 x1 9 xo

g AR THED . I VPES \

SOGANG UNIVERSITY



1) Lugmayr, Andreas, et al. "Repaint: Inpainting using denoising diffusion probabilistic models." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2022.

Papers

« RePaintl]
- Resampling”
- 7| & diffusion model 2| sampling 222 resampling step n = 11t & &t
-Resampling step n = 100| 4 S 2 F S ] harmonizationO| Z+=l 0| 0| X| 7} A &l
- Resampling= A& S inferenceOl| & 2t diffusion stepO| =0 H
vadll £ Q1 0|0|X| &E 9| trade-off 7} 244

200 i,

-

v

o
=
=
=

n=10, diffusion stepO| 250! [,
- inferenceOfl & 4570 stepO| &R &

Diffusion time t
-
o
o
=
=
=
=
=

o
=)

=
=

o
=
=

0 1000 2000 3000 4000

Number of Transitions
P\ 51 Th sk <RePaint =2 4% Z1p> | VDS \
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Real-life application

« Framework X1&HS}7|

- Palette

Task

Diffusion algorithm

Backbone network

Condition type

Condition term

Thresholding

Sampling process

Image-to-image
translation

DDPM

DDIM

Unet

Elucidating DDPM

Efficient Unet

Reverse pass only

Unconditional Class label Mone
Conditional Image Static
Scalable conditional Text Dynamic

Resampling

GLIDE

Task Diffusion algorithm | Backbone network Condition type Condition term Thresholding Sampling process
DDPM Unconditional Class label Mone
Unet Reverse pass only
. Text-gmded. DDIM Conditional Image Static
image generation
Efficient Unet . R li
Elucidating DDPM et Ene Scalable conditional Text Dynamic esampiing

Imagen

Task Diffusion algorithm | Backbone network Condition type Condition term Threshelding sampling process
DDPM Unconditional Class label Mone
Unet Reverse pass only
. Text—gmded. DDIM Conditional Image Static
image generation
Efficient Unet . . R li
Elucidating DDPM felent ¥ne Scalable conditional Text Dynamic esampiing

ﬂ B THEED

SOGANG UNIVERSITY
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Real-life application

« Framework 4174 5}7|

- Custom usage

Task Diffusion algorithm | Backbone network Condition type Condition term Thresholding Sampling process
DDPM Unconditional Class label None
Unet Reverse pass only
Defect |rrjage DDIM Conditional Image Static
generation
Efficient Unet .. . R li
Elucidating DDPM ielent &n Scalable conditional Text Dynamic esampiing
Masked GT

Condition

R B THEED

SOGANG UNIVERSITY

<Custom diffusion model’s inpainting framework>

21




Real-life application

« Framework 4174 5}7|

- Custom usage

Task Diffusion algorithm | Backbone network Condition type Condition term Thresholding Sampling process
DDPM Unconditional Class label None
Unet Reverse pass only
Defect |rrjage DDIM Conditional Image Static
generation
Efficient Unet .. . R li
Elucidating DDPM ielent Une Scalable conditional Text Dynamic esampiing

g

-

=)

Inpainted image 256256

o . Masked GT y:

R S TSR <Custom diffusion model’s 28 H|O|E MM ZA1I>
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Condition image X, : Inpainted image 64 x64



Real-life application

* What’s next?

y : Condition O|O| X|

PUszusa VDS
S
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