Image Editing
with Diffusion Model

2023. 08. 25.
JEIE

DMQA Open Seminar

KOREA Data Mining
UN(R/ EEEEEE .‘}. Quality Analytics



% O|Z1 (Jin Woo Lee)
. TP{CHSHD AFIZ TSI} CHSHY XSt

— L-_dO - [ I - | B |

«  Data Mining & Quiality Analytics Lab (Zl8H w==)

o  MAMIPY (202303 ~ Present)

——

*»» Research Interest
A - k »  Deep Generative Models
«  Diffusion Models

«» Contact
e diwlsdn0225@korea.ackr

KOREA Data Mining
UI\RIERSITY o» Quality Analytics




Il =

@® Introduction
* Background

@ Diffusion Model
« DDPM
- DM
» Conditioning
® Image Editing with Diffusion Model
* Prompt —to-Prompt

* Plug-and-Play

@ Condusion

KOREA Data Mining

UNIVERSITY @B Quality Analytics



- Introduction

Background
< O|OjX] ‘43 =&

C MM AR Y S Y

rr

= T2 AEXT promptE

ALEAL o5 HrFet | E| O|0]X| 43

Teddy bears swimming at the Olympics 400m Butter
fly event.

A cute corgi lives in a house made out of sushi

Imagen
https://imagen.research.google/

Midjourney - ‘AH|0|A 2|2} 3%
Data Mining
UKNCI?IIE{RSEI'II'AY o‘k Quality Analytics

https://www.midjourney.com/home/




- Introduction

Background
% O|O|X| M4 2 28
- A CIX|ZOLE, RE|, OS2t £0| Crefet ZOfM 28
S - RS 2 PN PN R G AN ]

. AL Alfiter o|O|X| ™%l

[ _ |

o .
O XX} C|xpQl AL 2 Al Filter
https://www.insight.co.kr/news/443295
KO REA k Data Mining https://newsmoum.tistory.com/296 5
UNIVERSITY .$ Quality Analytics https://venturebeat.com/ai/dall-e-2-coming-to-microsofts-azure-ai-by-invitation/




- Introduction

Background

% Image Editing
*  O|OJX| ‘4 =00 M 2=t o o

+  E= Ol0|X|S HEHE O|=F = RAISHHA , M| AEHE S5 78

- ZFZ HAE Q& (prompt) & F11 0|0|X|

" S ATIO|

" OIXI0| BEOFRU= " IR0 BOIRU= u
SR 2ol SR 272"

= O[0|X]|

A= O[0|X]| d-dE ol0|X|
Prompt-to-Prompt Plug-and-play
Tumanyan, Narek, et al. "Plug-and-play diffusion features for text-driven image-to-image translation.”

Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control."
arXiv preprint arXiv:2208.01626 (2022 Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

Data Mining
ATy o“. Quality Analytics

UNIVERSITY




- Introduction

Background
< ClF8 23

N

*  GAN : mode collapse 2} et& =0Hd

|IE 48 2230 Hl5h =2

=/t EXOH] e H

« 2022'4 6 Stable DiffusionO| 1 =2}

S/HoHEA] @171 E 5 2HEoHE

-

Stable Diffusion
20224 63

GLIDE
20214 128

VAE

How-based

KOREA

x Data Mining
UNIVERSITY .\ Quality Analytics

DALLE
20214 1&

DALLE-2
20224 4E

O >

https://deepsense.ai/the-recent-rise-of-diffusion-based-models/




Il Diffusion Model

DDPM

%+ Denoising Diffusion Probabilistic Models (DDPM)
e Forward Process (117d)
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Latent Diffusion Model
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Latent Diffusion Model

< “High-Resolution Image Synthesis with Latent Diffusion Model (LDM)"
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Latent Diffusion Model
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Latent Diffusion Model

% Inside Diffusion Model
o D& 1K U-Net ( Denoising U-Net )
»  Transformer blodk2'} Residual block@ 2 114
= Transformer block : Self Attention , Cross attention

»  Residual block : convolution &AL

input
image ||
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Ronneberger, Olaf, Philipp Fischer, and Thomas Brox. "U-net: Convolutional networks for b
iomedical image segmentation." Medical Image Computing and Computer-Assisted Interve
ntion-MICCAI 2015: 18th International Conference, Munich, Germany, October 5-9, 2015,

Proceedings, Part Il 18. Springer International Publishing, 2015.
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Image Editing
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Tumanyan, Narek, et al. "Plug-and-play diffusion features for text-driven image-to-image translation.”
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023.

Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control."
arXiv preprint arXiv:2208.01626 (2022
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Prompt-to-Prompt

% Prompt-to-Prompt Image Editing with Cross Attention Control
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Prompt-to-Prompt Image Editing
with Cross Attention Control

Amir Hertz* %, Ron Mokady* 2, Jay Tenenbaum', Kfir Aberman', Yael Pritch', and Daniel Cohen-Or*'?

! Google Research
The Blavatnik School of Computer Science, Tel Aviv University
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bicycle.”
Car Abstract
Recent large-scale text-driven synthesis models have attracted much attention thanks to
their remarkable capabilities of generating highly diverse images that follow given text
prompts. Such text-based synthesis methods are particularly appealing to humans who are
used to verbally describe their intent. Therefore, it is only natural to extend the text-driven
image synthesis to text-driven image editing. Editing is challenging for these g ive
models, since an innate property of an editing technique is to preserve most of the original
image, while in the text-based models, even a small modification of the text prompt often
leads to a completely different outcome. State-of-the-art methods mitigate this by requiring
the users to provide a spatial mask to localize the edit. hence, ignoring the original structure
and content within the masked region. In this paper, we pursue an intuitive prompt-to-
prompt editing framework, where the edits are controlled by text only. To this end, we
analyze a text-conditioned model in depth and observe that the cross-attention layers are
the key to controlling the relation between the spatial layout of the image to each word in
the prompt. With this observation, we present several applications which monitor the image
synthesis by editing the textual prompt only. This includes localized editing by replacing
ok ith.d . - a word, global editing by adding a specification, and even delicately controlling the extent
- N TR “a cake wi iccorations. to which a word is reflected in the image. We present our results over diverse images and

Childrn Mw"s of a castle next to a river. T prompts, demonstrating high-quality sy:;uhesis gnd fidelity to the edited prompts. -

J Ll!j beAmg

Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control." arXiv preprint arXiv:2208.01626 (2022
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Prompt-to-Prompt
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Prompt-to-Prompt
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Prompt-to-Prompt
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Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control." arXiv preprint arXiv:2208.01626 (2022
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Prompt-to-Prompt
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Prompt-to-Prompt

% Controlling Cross Attention : Attention Map ( Cross Attention Map )
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Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control." arXiv preprint arXiv:2208.01626 (2022
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< Controlling Cross Attention : Attention Map ( Cross Attention Map ) a: ; ) T

@ {& Prompt P 2t E}ZI Prompt P* Q| C|=+M 10| A] attention map M;, M; == (Seed 117)
@ attention map M, M; 0] CHSH cross attention control ( Edit) = 340 attention map M, £ A4
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Algorithm 1: Prompt-to-Prompt image editing

1 Input: A source prompt P, a target prompt P*, and a random seed s.
2 QOutput: A source image g, and an edited image = j;. o =
i i§ «E 2;() I') a unit Gaussian random variable vfith rlaltldom seed s; / Atteni:g:]ma;l EE:I-SC'}! )L[![E)T}El- =2
sfort=T,T—-1,..., 1 do
— 6 zi_1, My < DM (z,P,t,s); 1. Word-swap

€ 7 | My« DM(2%, Pt 5); 2. Adding a new phrase

@ — 8 | M« Edit(M;, M{,t); N 3. Attention Re-weighting

@ IR, zf 1+ DM (zf,P*,t,s:){M « M,;};
0 end

1 Return (zg, zj)

Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control." arXiv preprint arXiv:2208.01626 (2022
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% Word Swap
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% Word Swap
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% Adding a new phrase
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Prompt-to-Prompt

% Adding a new phrase
. | (Mp)y; if A(j) = None
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< Attention Re-weighting
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c-Mpi; ifj=7J

Edit(M¢, My, t) = (My); j, otherwise
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Hertz, Amir, et al. "Prompt-to-prompt image editing with cross attention control." arXiv preprint arXiv:2208.01626 ‘2022
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Plug-and-Play

< Plug-and-Play Diffusion Features for Text-Driven Image-to-Image Translation
« Image to image Translation: O|0|X| & CIE Q49 £ mapping
. 8|2 0|0|X|2| spatial feature 2} self attention®| Query?t KeyS £+823}0{ 0|0|X|Z Edit

* Finetuning 1} sk&3t ZQ 7t Q= editing 7| H

Plug-and-Play Diffusion Features for Text-Driven I to-I Tr lation

Narek Tumanyan® Michal Geyer* Shai Bagon Tali Dekel
Weizmann Institute of Science

Project webpage:
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Figure 1. Given a single real-world image as input, our framework enables versatile text-guided translations of the original content. Our
results exhibit high fidelity to the input structure and scene layout. while significantly changing the perceived semantic meaning of objects
and their appearance. Our method does mot require any training. but rather hamnesses the power of 3 pre-trained text-to-image diffusion
meodel through its internal representation. We present new insights abowt deep features encoded in such models. and an effective framework
1o control the generation process through simple modification of these features.

“a rko&o of a bronzs “A rhdo of a Pbﬂk
horse in o museum”  horse on the beack”

Jjeets in a given image. and modifying global qualities such
Abstract as lighting and color.
Large-scale text-to-image generative models have been
a revolutionary breakthrough in the evolution of genera- 1. Introduction
rive Al synthesizing diverse images with highly complex
1 concepts. However. a pivotal challenge in leverag-

With the rise of text-to-image foundation models —
billion-parameter models trained on a massive amount of
In this text-image data. it seems that we can translate our ima.

tion into high-quality images through text [1 7, 55, 37, 41].
While such foundation models unlock a new world of cre-
ati content creation. their power and expres-
sivity come at the expense of user controllability. which is

visi
ing such models for real-world content creation is provid-

ing users with control over the generated content.
paper. we present a new framework that takes text-to- im-

age synthesis to the realm of image-to-image translation —
en a guidance image and a 1arget text prompe as inpus,
our method harnesses the power of a pre-trained texi-ro-
image diffusion model 1o generate a new image thas com-
plics with the target fext. while preserving the semantic lay-
our of the guidance image. Specifically. we observe and
empirically demonstrate that fine-grained control over the
generated structure can be achieved by manipulating spa-
rial features and their self-attention inside the model. This
results in a simple and effective approach. where features
extracted from the guidance image are directly injected into
the generation process of the translated image. requiring no

s e h lity results

8

argely restricted to guidin
an input text. In this paper. we focus on an
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