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Background

« Diffusion Models
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- Conditional diffusion models
- Diffusion model:2 class label/text/X 5l & = image2 conditioning 7ts
- Diffusion model £5= Ot 2} Z 2 denoising objective2 St&
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Background

« Classifier Guidance vs. Classifier-free Guidance

Clossifier Guidonce Clossifier Free Guidance

| Clossitier | ——
\_lu r\ u— DIHSIOHMO&Q —.
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Zo= b0+ Grodink Zp = Lnterpolotion [&(ﬁ.ﬁ), éo(x.t.c)}
« Classifier Guidance

- Classifier model2 [[F2 0] A class yOil L2t data sample2| gradient scoreE & 11, 0| & AH25}10] Diffusion Model2 & &
class7t Y= ZC 2 S| MG E o

- Classifier& F7t=2 2 d}|OF St ImageNet 20| class7t = taskO| M T AR 7LSSH X7 =X

= Classifier-free Guidance

- Classifier Guidance2| =42 Bayes Rule= O|-&dl d 2|5}, conditional function ey (x,, c) 2 unconditional function eg(x,)2l

e MO M A2 3S}= Classifier-free Guidance $=410]| L2

- Condition2 timestep 2t 274 1% Denoising U-NetOfl input2 2 @ F

€o(xs, €) = weg(xg, €) + (1 — w)eg(xy)
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Photorealistic text-to-image diffusion models with
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Abstract

GoogleOf| A 2 E 5 Text-to-Image Diffusion Model

Imagen= 5 72| A&t ZH=Z L E

|O

- Ok 210] O] &= 77! Transformer 7|HF Large Language Models
- D5 HE9] images ‘d-d5H L= Diffusion models

image 910] text Bt 2 £ pre-trained =l Language Model= At&(e.g., T5)

- image M-S QI text encodingd| Al O Z0tE £ Y
COCO DatasetOf| L3t FID scoreOf| M 7.272| SOTA =M
DrawBench2t= #HIX| O3 & *HE 27

The Toronto skyline with Google brain logo written A blue jay standmg on a large basket of rainbow mac-

in fireworks. arons.
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurlPS), 2022

Introduction

« Text EncoderZ frozen= T5-XXLE Al

« 64x64 image= A S}= Text-to-Image Diffusion ModelZt 271 2| Super-Resolution Diffusion
Model2 A&l Z|ZFH 2 Z 1024x1024 image 4 o

« 2 = Diffusion models= text embeddingO| CHSH condition=| O] 11, classifier-free guidance= AtE

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

Frozen Text Encoder

Text Embedding

Y

Text-to-Image
Diffusion Model
164 X 64 Image =

Super-Resolution
Diffusion Model

256 x 256 Image

Diffusion Model

|

1024 x 1024 Image
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurlPS), 2022

Key Contributions

1. TextPt2 =2 55t Large frozen language modelsZ text encoder 2 AFE M= [ image 244 0fl O{ 2
ol d
o=

F
21

not

25 Y
2. M EZ-2 diffusion sampling 7| ! €| dynamic thresholding= A| ¢t
3. COCOFIDOA 7.272 M 22 SOTAE &
4. Text-to-Image task2| Al 22 H7t X| # Q! DrawBenchE 2715}, ImagenO| DALL-E 2 § Ct2
O

TS| sf o S4S 2o
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Imagen — Pretrained text encoders

 Text-to-Image model

- text input2| complexity2t compositionality) S Lt sSH7| (s E&2| 20| Ol &= U= text encoder’t 2L
- O[Ol A

- image-text paired datag AFE5}0] text encoderE 2t&5 5= A 0| EE(e.g., CLIP)

- Text encoderE & ol visually semanticet #9242 encoding

 Imagen
- text2F 2 = O[F 0Tl corpus?t H = &'H @[t text distributionS 7K1 Ut =3
- Large Language modelO| text-to-image generation taskS 2|2t encoder2 & Z &= U=(e.g., BERT, GPT, T5)

- BERT, T5, CLIPO|| CH8j A 25 A H

- Text encoder pre-trained model2 AtESIO F71 at& Q10| freezedt

1) Compositionality(2f- 42| Y2|): 282 7+45t= 2452 20|t +d QA2 g &hAlof et E&2| 90|17t 2 &= /|
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Imagen — Pretrained text encoders

s [Jeuw

100% | — — e — | ¢ T5-XXL encoder vs. CLIP encoder
] [ [ — - MS-COCO2} &2 7FEtSE benchmarkOf| A =

— |53t s

so%l | | [ ] — — -
- Challenging prompt= £ O|&0{ &l
DrawBenchOi| A] = image-text alignment2} image
ol OO OO fidelity & 50| M T5-XXL7} &=
(a) Alignment
100% | —— [ — [ e e —
50% || ] — n B =ls —
o — o4 ododud gl ed
5’$ -§% c§ cf:b ..,é; C?é?g §§ 595? § &
& QQ.‘*' & ‘5‘:‘? é* ¥
=
(b) Fidelity

Figure A.7: T5-XXL vs. CLIP text encoder on DrawBench a) image-text alignment, and b) image

fidelity.
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Imagen — Classifier-free Guidance

ImagenOf| A{ = Text-to-Image Diffusion Model 2 Classifier-free Guidance Diffusion Model= At&

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

A

Frozen Text Encoder

Text Embedding

Text-to-Image
Diffusion Model

164 X 64 Image 25 3
T bl -

Fully-connected

Super-Resolution
Layers

Diffusion Model

oo

Condition ¢

256 x 256 Image T (Text Embedding)

€o(x;,0) =weg(xp, t,c) + (1 —w)eg(xy, t)

Super-Resolution
Diffusion Model

l

1024 x 1024 Image
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurlPS), 2022

Imagen — Large Guidance Weight Samplers

« Classifier-free Guidance &4 © Z Diffusion Model2 &3 2 I, guidance weight wat 0| €78
=T E Ot AHKX[H pixel 2£0] Z2tE|= X 7F 2

- 4ot imageZt AHMO = JI55H

- x-prediction@! x4 2| Z0| training data x2| H {2l [-1, 112 S O{LIHA 2
» Static Thresholding

- x-prediction2| pixel 2t2| H{|E [-1, 1] £ clipping
« Dynamic Thresholding

- 2} sampling stepOFLCt threshold s& dynamicStA| E5t1, ot [s, s]2 A0M S8 HE2 Foll 1 42 B=
pixel2 Ltz

(a) No thresholding. (b) Statlc thresholdlng (c) Dynamlc thresholdlng
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Imagen — Super Resolution Diffusion Model

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

« Text-to-Image Diffusion Model 2 E
image= 64x642| low resolution image

» 0| = Upscaling= ¢/t SR Diffusion Model =
Ol 2

» 64X64 — 256x256
« 256x256 — 1024x1024

L

Frozen Text Encoder ‘

Text Embedding

A\

Text-to-Image
Diffusion Model

lﬁzi X 64 Image

Super-Resolution
Diffusion Model

. SR3 =229| SR Diffusion Model 2 X2 E Al

o

256 x 256 Image

Super-Resolution
Diffusion Model

l

1024 x 1024 Image
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Imagen — Super Resolution Diffusion Model

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

« Text-to- Image Diffusion Model 2 £ E 44 =
image= 64x642| low resolution image

- 0|2 Upscaling=S ¢t SR Diffusion Model S
0[0 =&

» 64X64 — 256x256
« 256x256 — 1024x1024

Frozen Text Encoder ‘

Text Embedding

A\

Text-to-Image
Diffusion Model

i

64 x 64 Image

Super-Resolution
Diffusion Model

. SR3 =229| SR Diffusion Model 2 X2 E Al

256 x 256 Image

Y

Super-Resolution
Diffusion Model

l

1024 x 1024 Image

R SAETHEED |VDS |
SOGANG UNIVERSITY 14 LAB



Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurlPS), 2022

Imagen — Super Resolution Diffusion Model

e x,: High-resolution imageOl| A{ forward processS =l 44 A =l noisy image
» z: upsampled low-resolution image

EOIO|. 3-7|

- high-resolution image x, 2t & o
7]

- augmentation level(Gaussian noise &4 =)= O|-&5H low-resolution imageZ corrupt A| &

- 0| 2{$ Noise conditioning augmentation2 high-fidelity imageS 4 Msl=H £2 42 E¢

e My, M,, ..., Mg: channel multipliers
« Augmented z2} x, = concatenateSt 0 text embedding2t 274 U-Netd 201 =

(3)% 2x M,

(x¢,2)  NZ, M,
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurlPS), 2022

Evaluating Text-to-Image Models

« Text-to-Image Model:2 COCO datasetl| Z5 MEE 7| &2 Z FID & CLIP scoreE

- FID: Image 2| fidelity &7

ML =M
oo | o

- CLIP score: image-text alignment &7
» COCO dataset2| tH & 2 2t517| 2|3l DrawBench2t= A 22 #IX| 03 &| ot

Category Description Examples
Colors Ability to generate objects “A blue colored dog.”
T with specified colors. “A black apple and a green backpack.”
Counti Ability to generate specified “Three cats and one dog sitting on the grass.”
ounting = . g "
number of objects. Five cars on the street.
S Ability to generate conflicting “A horse riding an astronaut.”
Conflicting . ¢ . S, -
interactions b/w objects. ‘A panda making latte art.
DALL-E [53] Subset of challenging prompts A 1r1angg]ar‘ purple flower pot. )
from [53]. A cross-section view of a brain.
Description Ability to understand complex and long ‘A small vessel propelled on water by oars, sails, or an engine.

text prompts describing objects.

“A mechanical or electrical device for measuring time.”

Marcus et al. [38]

Set of challenging prompts
from [38].

“A pear cut into seven pieces arranged in a ring.”
“Paying for a quarter-sized pizza with a pizza-sized quarter.”

Ability to understand

“Rbefraigerator.”

Misspellings misspelled prompts. “Tcennis rpacket.”
Positional Ability to generate objects with “A car on the left of a bus.”
St specified spatial positioning. “A stop sign on the right of a refrigerator.”
Rare Words Ability to understand rare words®. Artophagous.
Octothorpe.
Reddit Set of challenging prompts from “A yellow and black bus cruising through the rainforest.”
DALLE-2 Reddit*. “A medieval painting of the wifi not working.”
Text Ability to generate quoted text. ‘A storefront with 'Deep Learning’ Wl’ll’lt’),n onit.

“A sign that says "Text to Image’.

Table A.1: Description and examples of the 11 categories in DrawBench.
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Experiments

Imagen (Ours)

DALL-E 2 [54]

Text to Image

A storefront with Text to Image written on it.
R AE U & VDS
SOGANG UNIVERSITY 17 Las



Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Experiments

Imagen (Ours) - DALL-E 2 [54]

n A e K-k A black apple and a green backpack. i | VDS I
18 LAE
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurlPS), 2022

Experiments

Imagen (Ours) GLIDE [41] DALL-E 2 [54]

i) == |

A panda making latte art.

A
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Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

Experiments

A

- COCO validation setOf| CHst

FID score
Zero-shot
Model FID-30K FID-30K
- Imagendt COCO dataset2| image AttnGAN [76] 3549
: a| : o O NE DM-GAN [83] 32.64
quality ¢ alignmentOi| CHeF 12 7 Dr 60 oy
DM-GAN + CL [78] 20.79 E : :
Model Photorealism + Alignment 1 XMC-GAN [81] 9.33 Fréchet Inception Distance (FID)
Orieinal LAFITE [82] 8.12
rigina Make-A-Scene [22] 7.55 FID =
Original 50.0% 91.9 +0.42 DALLE 53] 759 -
R . 9
Imagen 395+0.75% 9144044 LAFITE [82] 26.94 ||MX — puy || +Tr (EX + Ty — 24 /EXEY)
No people GLIDE [41] 12.24
Original 50.0% 92.2 4 0.54 DALL-E 2 [54] 10.39 Real and fake embeddings are two
lmagen 439+ 1.01% 92.1 + 0.55 Imagen (Our Work) 727 multivariate normal distributions
- DrawBench®i| Ci$t fidelity & alignment Q17+ H 7t
D Imagen D DALL-E 2 D Imagen D GLIDE D Imagen D VQGAN+CLIP D Imagen D Latent Diffusion
100%
I = g
-
= =] z T 8
50% — -1 -1 - — -
T . = £ -
0%
Alignment Fidelity Alignment Fidelity Alignment Fidelity Alignment Fidelity
AT S VDS |
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Prompt-to-prompt image editing with cross
attention control
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Abstract

« Text-based diffusion model< image editings}”| O{24&
- Text promptOi| 247+2| =2 Tt = outputO| 2tH S| EHtE
« Prompt-to-Prompt editing framework & | A|

- Imagel| St X[} prompt ZF THO{ Zt2] relation= cross-attention2 2 &= A

“a cake with,decorations.”

Schildren drawing of a castle next to a river.”
Jelly beans

47Tl &T"D- . | VDS |
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Introduction

« Imagen, DALL-E 2 2} &2 Large-scale Language Image model= =< image generation

- 0%l image2| £7 semantic region®l CH3t controlOfl & F| 2t
« 7|Z0]= Image editing= 2/ masking 2 inpaintingSt= 28 =&
- Masking X7} HAZZ
- B2 0 Z 2 Ol text 7| HF editingS 2t
- Image LHS| +EH QI HEE HHdl= 22X L

R 447 CH 8k
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Introduction

« Prompt-to-prompt 22 &S5 A| & 2& 0 11 Z &5t textual editing &&= A7
- Pixel < Text prompt token AFO| 2] cross-attention mapsE A&
« 2 =20 A= 37tX| editing methodsZ K| A|
1. M=l imageO| M £7 EHO10]| CH St semantic effectE ZCHSEALE F4
2. prompt2] single token’s valueES Hb&
3. prompt0l M2 TH{ & F 71510 | == attention flowE XS

R’?c\l “Landscape with a house near a river
Car and o rainbow in the bacxground”

]

“a cake with.decorations.” “clildren drawing of a castle next to a river.”
Jelly bedng
PR AT gk
% SOGANG UNIVERSITY 24




Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Method

« Text-guided diffusion modelOf| A random seed2t= 1178511 =73 El text promptZ re-generate Al =
- “lemon cake” promptO| A lemonZt CHE M ESE F 2
- O|O|X| o] &=} B50| RX|&[X] 2

Fixed random seed

“monster cake.” “lego cake.” o 2 “pepperoni cake.” “fish cake.” “rice cake.” “pasta cake.” “brick cake.”

| 542 cndka ) | VDS I
5 LAR
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

. Soff S A== St key observation
- M=l imagel| T+X2 2 & 0= random seed £ 2t OtL| 2}, pixel T} text embedding Z+2] interaction St
HBES =
ocooc= ot

“beet cake.” “pepperoni cake.” “fish cake.”

“pasta cake.” “brick cake.”
Fixed attention maps and random seed

AU
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Cross-Attention in Text-Conditioned Diffusion Model

« Imagen ==2| model2 backbone2 £ AtE

« 64x64-Resolution Text-to-Image Diffusion modelOf| 2t & -&
- Imagel| T+ 1t 2 & 0| 64x64 resolution2| diffusion processO| Al Z- &l
- Imagen®| SR model2 JCHZ AL

“A Golden Retriever dog wearing a blue

Text checkered beret and red dotted turtleneck.”

A

Frozen Text Encoder ‘

Text Embedding

Text-to-Image
Diffusion Model

lﬁzi X 64 Image

Super-Resolution

i
-

Diffusion Model

256 x 256 Image
Super-Resolution
Diffusion Model

l

1024 x 1024 Image

Imagen architecture

R 447 CH 8k
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Cross-Attention in Text-Conditioned Diffusion Model

- Diffusion model= U-Net= A& 3l noisy image z, 2} text embedding ¥ (P) 2 2 5 E noise e £ predict
- OFX] 2} stepOf| Al image I = z, & &-d

- Language2} Visual 7F2| interaction< Ol noise prediction 1t 0| A] L Of

- O] IS 0| M textual tokensOi| CH$} spatial attention map= 2= O{ LI = cross-attention layers =&

(U-Net)

image ﬂ
generator |

“A Golden Retriever

dog wearing a blue text 1‘,?
checkered beret and encoder g
red dotted turtleneck” @
S
Se
Pixel features  Pixel Queries Tokens Keys @6&“& Tokens Values Output
(from Prompt) (from Prompt)
—> X | | —>» X | | —»
(,?_‘) (Zt) Q K M t V q?f? (Z 1)

Text to Image Cross Attention

R BTN N |V28 |
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Cross-Attention in Text-Conditioned Diffusion Model

.9
INIC
Pixel features  Pixel Queries Tokens Keys ?99,&@ Tokens Values Output
(from Prompt) (from Prompt)
—> X | | —>» X | —»
¢ (z) Q K M, 4 b ()

Text to Image Cross Attention

Noisy image ¢ (z;) 2| spatial feature — Query Matrix Q = Iy (¢(z,))
Text Embedding y(P) — Key Matrix K = L (1(P)), Value Matrix V = I, (1(P))

T
Attention map M = sof tmax(%)

- Cell M;;= iR pixel2t jHRY] tokenOf| CHot weightS S 2
- d= key2} query2| latent projection dimension
%|Z cross attention output ¢(z,) = MVE H9|

- O| A2 pixel feature ¢ (z,)E LOIO|ESH=H| ALE

R A%l &_l._.;\_ VDS
6 LaB
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Controlling the Cross-Attention
ot2 AlZt3l

2} tokenOi| CH St attention maps2t timestamp | [H2 attention map2| HstE

7Ol 8% pixel=0| 50| B FEE|O UF
87 pixel=0| AHO| O HEEO] U=

» Token “bear

- Token “bird”2| Z
. 0|0|X| Q| =7} diffusion process X EH| A™ = A

watching

Average attention maps across all timestamps

P 5‘: ‘ C“ 6'-n"'n'
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Controlling the Cross-Attention

Algorithm 1: Prompt-to-Prompt image editing

1 Input: A source prompt P, a target prompt P*, and a random seed s.
2 Output: A source image x4, and an edited image x ;.
3 zp ~ N(0, ) a unit Gaussian random variable with random seed s;

=
o]
~
T
&2
=

2e—1, My < DM (z;, P, t, s);
M} < DM (z},P*,t,s);

M, « Edit(M,, M}, t);
2, DM (27, P*t,s:){M < M,};

B e =1 =N i

10 end
11 Return (zq, z3)

DM (z,, P, t,s): diffusion process2| single step t
« Output: noisy image z,_, + attention map M,

DM(z,, P, t,s){M « M}: attention map M= M2 = H} diffusion step

M} edited prompt P* = £ E| 4 =l attention map

Edit(M,, M}, t): general edit function, & =& A= M| 7tX| 79| editing= XS
- Word Swap, Adding a new phrase, Attention Re-Weighting

- & imagel| attention map M, 2, editing image2| attention map M; & 25 AFESIH MEE map ME 7S
- & imagel| = E MAEG| FX|EHHA editingg Tl et= 2|0

= LoOd

ﬂ B THSED VDS

SOGANG UNIVERSITY 31



Hertz, Amir, et al. “Prompt-to-prompt image editing with cross

Controlling the Cross-Attention

Cross Attenetion Control

=i
M, M; — X
My M,
Word Swap Adding a New Phrase

« Word Swap: original prompt2| token= CH2 {2 Z W gt

- Ex. P =“a big red bicycle”, P* = “a big red car”
My ift<rt
M, otherwise.

Edit(M,, M}, t) := {

- 7 attention map W A7t & | = step= &I St= timestep Li2t0| E

R 447 CH 8k

SOGANG UNIVERSITY 32
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New weighting

M,

Attention Re—weighting
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Controlling the Cross-Attention

Cross Attenetion Control
] . NN
M, M} — ~ New weighting
M; i M,
Word Swap Adding a New Phrase Attention Re—weighting

« Adding a New Phrase: promptd| A 22 tokenS F7t

» Ex) P = “a castle next to a river.”, P* = “children drawing of a castle next to a river.”
(M}); if A(j) = None
(My):. a5) otherwise.
o UHEM Ol detail= FX|SH7| 28N A, original prompt2| attention mapsOl|CH7t A 2 -2 tokenOf| i E &=

attention map= ¢ ¢
- Alignment function A(j): P*2| j 2R tokenOi| Of & =|= P2| token index = None= Het
- A()7F None ¥ Z2, P*2| T tokenO| A =2 token®l2 2/0]

(Edit (M, M} 1)), , = {
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Controlling the Cross-Attention

Cross Attenetion Control

1 e
M; M; — = New weighting
h i M,
Word Swap Adding a New Phrase Attention Re—weighting
« Attention Re-weighting: Zt tokenO| Z 1} image0fl &S O|X|= HE A3l As}

- Ex) P = “a fluffy red ball”, 32 O fluffy tE= E fluffy St = #HE
- ¢ € [-2,2]: ByAStEF X[FHE 7 token(j*)2| weighting parameter

(Edit (ﬁ:{t,ﬁff,t))i!j = {(jwt). : otherwise
,] "
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Experiments: Word Swap

Edit(Mt, t*:t) = {Mt ].ft < T

Mt otherwise Source image and prompt:

bicycle —> motorcycle “photo of a cat riding on a bicycle.”

W.O. attention injection 2 Full attention injection

| MW THSE A | VQS I
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Experiments: Adding a New Phrase

“A photo of a butterfly on a flower.”

“..Jwooden| flawer”

“..flower|made out
from candiegl.”

source image
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Experiments: Adding a New Phrase

“A mushroom in the forest.”

Imagen

source image *“...in the wet forest.” .in the dry forest.” “A neon mushroom...”

R 447 T8

SOGANG UNIVERSITY 37



Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Experiments: Attention Re-weighting

“Photo of a cubic(y) sushi.”



Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

Experiments: Attention Re-weighting
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