&
JUNE 18-22,2023 5 [f]

Alignments In Texto-Image Generation

Zhengyuan Yang

B® Microsoft



Alighments in Texto-Image Generation
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= 03: how to do image generation?

a dog is running )

y through the grass Image

Produce visual data:

Generation aligned with human

intentions

LLM for language understanding and generation

General-purpose interface
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Consume visual data
Encoder




Textto-Image Generation

wTetho-image (T2|) Text prompt: a yellow
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Alighments in Texto-Image Generation

Controllable generation | Editing

Imagelevel:a yellow fire hydrant

with a cartoon face drawn on it. . “Add fireworks to the sky”
atruckis ared truck is - oG- e : WAL SN
parked next 0 parked in a %% 3
alra ali | parking lot.

a yellow fire
hydrant with 3
face on it and
black eyes.

Better following prompts

“A painting of an
elephant with glasses” |
Diffusion |/ Fors

+Attend- —
and-Excite §¥ R

Image credit: ReCo, InstructPix2Pix, AttemdlExcite, DreamBooth

“A horse and a dog”

Stable |

Input images n the Acropolis




Agenda

w Textto-image (T2l1) basics

w Aligning human intentions in T2l generation
¢ Controllable generation
¢ Editing

¢ Better following prompts
¢ Concept customization

w Summary and discussion



Textto-Image Basics

wGAN Text prompt: a yellow

: fire hydrant with a T21
(*)AUtO'reg ressive cartoonfacedrawnoniit.
wNonAR Transformer
wDiffusion
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Textto-Image Basics

Generative Adversarial Networks (GAN) Auto-regressive (AR)
Generator A
|
Discriminator ! P T
z —— Fake Fake I
. ST _r» Transformer Decoder
: o e
Red Real 1t n e
I
___________________________________________ e 8
I
NonAR Transformer : Diffusion
"
f)e_;‘:dr;:;l | Fixed forward diffusion process
“ I L
t=255 I Noise

Scheduled i IR o Gh iR - Generative reverse denoising process

Parallel > 2 . . - ot thi i R I
with MaskGIT & BN FEN B AN E :
5 5
t=0 t=1

t=2 t=3 t=4 t=5 t=6 t=7 7
Image credit: Taming Transformer, Parti, MaskGiT, CVPR 2022 Tutorial: Denoising b#fsioGenerative Modeling: Foundaticarsd Applications




Stable Diffusion (SD) Basics

w SD overview H_.UD_H

¢ Variational autoencoder (VAE) — — ——

Decoder Output

¢ Condition encoder
a Y~ Latent Space )\ Conditioning
¢ Conditional denoising Nlet B'—( Diffusion Process _—>I e
( Denoising U-Net €9 \zr Text

Repres
entations

I

)

Pixel Space

denoising step crossattention  switch

T

skip connection concat ~——

8
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Stable Diffusion (SD) Basics

w Inference flow
¢ Variational autoencoder (VAE)
¢ Condition encoder
¢ Conditional denoisingDNet

Latent Space D e
Diffusion Process ———— Eemantiq
Ma
~ Text
Repres )
|entations
mages

Pixel Space, \

4 7

=

denoising step crossattention  switch  skip connection concat

Image credit: https://huggingface.co/blog/stable_diffusion

Latent Seed

Gaussian noise ~N(0,1) User Prompt

“An astronout riding a horse”

\ l

E;:;i‘; Frozen CLIP
Text Encoder

\ l

77x768
text embeddings

Scheduler

algorithm Text conditioned 5 ]
“reconstruct” latent UNet

\)

64=64
conditioned latents

\)

repeat N
scheduler steps

Variational
Autoencoder Decoder

gk 512512
output image




Stable Diffusion (SD) Basics / S

L " am \ | ||
w Zooming into conditional {Net: sl (e ()] |
How text condition operates on image?wz?ﬁ JJ 2
ﬂ><1j te| cross:tvtention sv«%h skip connection c?r;at =—

¢ Imagetext cross attention

Latent Denoised Latent
(320,64) ->“|—— > H—> Latent: b*320*64*64
. text: b*77*768 . .
(320,32) I" R " & b*1280 Q: latent+duplicate(linear(t))
l => b*4096*320
(640,16) It -1l T | K, V: text => b*77*768
(1280,8) I I I—)/,I I I DownBlock2D ‘ Attention(Q, K, V') = softmax (Q\%T) -V, with
1280 8 i ' Q=W i), K =W moly), V=W - m(0).
(1280,8) Lat cbr3R0532*32

Imagetext attention map of HW*77
10



Agenda

w Textto-image (T2I) basics
w Aligning human intentions in T2l generation

¢ Controllable generation
¢ Editing

¢ Better following prompts
¢ Concept customization

w Summary and discussion

11



LYl 3S

Controllable Generation

w Text+layout/box: localized
description control

w Text+dense control (e.g.,
mask, edge, scribble, etc.)

w Inferencetime guidance

ONEB R A -OontrdledSTiexdo. YW SIHBA 2D/SY SNI (A 2 y €

Imagelevel:a yellow fire hydrant

with a cartoon face drawn on it.
e
trucklis a red truck is

arked nextitd parked in a
trashican.! | parking lot.

a yellow fire
hydrant with &
face on it and
black eyes.

[1] GLIGEN: Open-Set Grounded Text-to-Image Generation

[2] ReCo: Region-Controlled Text-to-Image Generation

[3] Diagnostic Benchmark and lIterative Inpainting for Layout-Guided
Image Generation

[4] Adding Conditional Control to Text-to-Image Diffusion Models

[5] Composer: Creative and Controllable Image Synthesis with
Composable Conditions

[6] SpaText: Spatio-Textual Representation for Controllable Image
Generation

[7] T2I-Adapter: Learning Adapters to Dig out More Controllable Ability for
Text-to-Image Diffusion Models

[8] SceneComposer: Any-Level Semantic Image Synthesis

[9] Uni-ControlNet: All-in-One Control to Text-to-Image Diffusion Models
[10] UniControl: A Unified Diffusion Model for Controllable Visual
Generation In the Wild

[11] Universal Guidance for Diffusion Models

[12] Training-Free Layout Control with Cross-Attention Guidance
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https://arxiv.org/pdf/2304.03373.pdf
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a dOg with his a Close up or a dog near
] . toggucr OfUt ant to bovIvI. <l4%>f<4g>g<999>
Text:global Text:groundedglobal Rhootuaet | | sosoadoguinnis
Image text and regional description$ - o 15 <agam iver bow
qescri ption (Grounded Regioontrolled texts) | [#ihwaterin it waterin
a close up of a dog near a bowl.
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a close up of a dog near a bowl.
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ReCo: RegiocControlled T2 Generation

anding at the plate in mid swing of a bat
<G87> <204> <999> <833>baseball player .. jersey.

<21> <447> <433> <840> a catcher in gray ... ball.
<0><323> <123> <827> a baseball player ... jersey.

w Groundedbox tokens operate on the text to follow

w Input sequence expansiobox tokens

w Finetune T2l to understand box tokens
ReCo Model

Region-Controlled Input Sequence
l' i B

#1 Region Description:
baseball player is swinging
a bat and wearing a blue
and white jersey.

Latent &

Fine-Tuned Inference B i
. . ’ >4 - ;’ ;
Diffusion Model -— Generat?d Image

#2 Region Description: a
catcher in a gray and black
uniform is crouching and
ready to catch the ball.

Autoencoder T
Decoder

1
1
1
1
1
1
1
1
- i 4 1 A A
o * — £ ) [ s st
S =~ /P 1
= - “ :
&l — ‘ | 1 !
é ' - : ! 1 1
J ) | : #3 Region Description: a 1 . :
R baseball player with the : CLIP Text E d o —
0.02, 0.45, 0.43, 0.84 e
(0. 0.43,0.84] | number 19 on his jersey. : ext encoaer Encoder
l 4
» - N
| . Sa
1 r - - e
| . \
| ;
1
1
1
1
1

] Training

Image Description: a person standing at the plate in mid swing of a bat. 1 N Param
ew g

Input Sequence = Image Description + il - RURIERAERYNENENY - - WINLPY - UTH - (I
[Region-Controlled Text] * #Regions: a person <687> <204> --- | jersey<21> ball Fine-tuned
a person standing at the plate in mid swing of a bat e
> baseball player ... jersey. Text Word (T) | Position Token (P)
<21> <447> <433> <B40> a catcher in gray ... ball. Embedding Embedding Frozen / W
<0><323> <123> <827> a baseball player ... jersey.
! Real Image

A = A= s s R N A . 14
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GLIGEN: OpeB8et Grounded T2l Generation

+=.Groun in -
— W =B ed w Grounding tokens: grounded

text entity + spatial location

a bride and groom

e boutoct — w e Gated sekattention layer
with original layers frozen

;%; Gated Self-Attention
INJR AT Y —>:$:
“ it as 0)
HERNE &
0 N —

v = v + 3 - tanh(y) - TS(SelfAttn([v, h°]))

Visual Caption . Grounding

LYF3S ONBRA (i-Bet GroupdedT@stoY Yh ISy DSy SNI G A2y £
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LY

w Bounding box groundin
w Keypoint grounding

w Spatiallyaligned dense
conditions

w

GLIGEN: OpeS8et Grounded T2l Generation

(@]

Pl

A

(i “Bet GrouhdedT@stbY Yh @ISy DSY SN (A 2y ¢

(a) Caption: “A woman sitting in a restaurant with a pizza in front of her ” (b) Caption: “A dog / bird / helmet / backpack is on the grass”
Grounded text: table, pizza, person, wall, ¢, paper, window, bottle, cup Grounded image: red inset

(d) Caption: “a baby girl / monkey / Hormer Simpson / is scratching her/its head”
Grounded keypoints: plotted dots on the left image

Caption: “Elon Musk and Emma Watson on a movie poster”
Grounded text: Elon Musk, Emma Watson; Grounded style image: blue inset

Caption: “A vibrant colorful bird sitting on tree branch (f) Caption: “A young boy:uith white powder
Grounded depth map: the left image Grounded HED map: the left image

( ) Caption: “Cars park on the snowy street” Caption: “A living room filled with lots of furniture and plants”
g Grounded normal map: the left image (h) Grounded semantic map: the left image
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Text+Dense Control

w Dense conditions:

Vo RN N N A T o T A TN A TN 2 T o

Canny Edge
Hough Line
HED Boundary
User Sketching

Human Pose

Semantic Segmentation

Depth
Normal Maps

Cartoon Line Drawing

4! RRA Y Fo-U RIyFRS (5A\RHH dzd N 2y (aNRR S fia2é  ¢oY B2

Prompt

l

-
S|

Time
L

“a turtle in river”

Condition

zero convolution

Input
l Prompt&Time
SD Encoder Block 1
64x64 a} 3 [

SD Encoder Block 1

],3

%

64x64 (trainable copy)
I

I
SD Encoder Block 2
32x32 BJ 3

4[

SD Encoder Block 2
32x32 (trainable copy)

],3

SD Encoder Block 3
16%16 a8

x3

SD Encoder E
Block_4 8x8

SD Middle 8
Block 8x8

SD Decoder
Block 4 8x8

SD Middle Block
8x8 (trainable copy)

zero convolution

SD Decoder Block_3

16x16 B

{

SD Decoder Block_2
32x32

P —

{

I
SD Decoder Block 1
i

1
Output

zero convolution

zero convolution

zero convolution

zero convolution | x

x3

1x1 Conv layer with both weight
QE‘Q ﬁ)jqjsgi@itt)ialized with zerosi7



Uni-ControlNet, UniControl

Openpose Content

w Unified models
for different
conditions

w Condition
composition

A e e R . 18
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Inferencetime guidance

Target Segmentation Map

Walker hound, © m o

Walker thundﬁ/’.—;‘
in s -

uonejuawWdag

w Universal Guidance for Diffusion Models:
extending classifier guidance [1] to accept
any general guidance function

Target Object Location

uonaR(

o(2t,t) = €a(2t,1) ) - V., £(c, f(20)) At
dog in winter.
i
E.qg., detecti // \
Anchor classification, | | Box and| | Faster | | Predicted A beadshot of s
. 14 w N\ 14 ma Q
bounding box class RCNN | |ay 2 A aeglé "GESH :
regression, and region | labels image e
label classification loss

Targ Styc Image
[1] Diffusion Models Beat GANs on Image Synthesis A Portrait
ofa

woman
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Editing

w Latents spatial blend

w Imagetext attention edit
w Edit instruction

w External models

“Swap sunflowers with roses”

e P =

“Add fireworks to the sky”
> A 3$ \'

£

[1] Blended Diffusion for Text-driven Editing of Natural Images
[2] Blended Latent Diffusion

[3] DiffEdit: Diffusion-based semantic image editing with mask guidance
[4] eDiff-1: Text-to-Image Diffusion Models with an Ensemble of Expert

Denoisers

[5] Region-Aware Diffusion for Zero-shot Text-driven Image Editing
[6] Imagen Editor and EditBench: Advancing and Evaluating Text-Guided
Image Inpainting

[7] iEdit: Localised Text-guided Image Editing with Weak Supervision
[8] EDICT: Exact Diffusion Inversion via Coupled Transformations

[9] Prompt-to-Prompt Image Editing with Cross Attention Control

[10] Imagic: Text-Based Real Image Editing with Diffusion Models

[11] SINE: SINgle Image Editing With Text-to-Image Diffusion Models
[12] InstructPix2Pix Learning to Follow Image Editing Instructions

[13] MasaCtrl: Tuning-Free Mutual Self-Attention Control for Consistent
Image Synthesis and Editing

[14] Diffusion Self-Guidance for Controllable Image Generation
[15] Instruct-X-Decoder
[16] Grounded-SAM Inpainting

[17] Inpaint Anything
[18] Visual ChatGPT: Talking, Drawing and Editing with Visual

. 2
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https://arxiv.org/pdf/2111.14818.pdf
https://arxiv.org/pdf/2206.02779.pdf
https://arxiv.org/pdf/2210.11427.pdf
https://arxiv.org/pdf/2211.01324.pdf
https://arxiv.org/pdf/2211.01324.pdf
https://arxiv.org/abs/2302.11797
https://arxiv.org/pdf/2212.06909.pdf
https://arxiv.org/pdf/2212.06909.pdf
https://arxiv.org/abs/2305.05947
https://arxiv.org/pdf/2211.12446.pdf
https://arxiv.org/pdf/2208.01626.pdf
https://arxiv.org/pdf/2210.09276.pdf
https://arxiv.org/pdf/2212.04489.pdf
https://arxiv.org/pdf/2211.09800.pdf
https://arxiv.org/pdf/2304.08465.pdf
https://arxiv.org/pdf/2304.08465.pdf
https://arxiv.org/pdf/2306.00986.pdf
https://x-decoder-vl.github.io/
https://github.com/IDEA-Research/Grounded-Segment-Anything#skier-grounded-sam-with-inpainting-detect-segment-and-generate-everything-with-text-prompt
https://arxiv.org/pdf/2304.06790.pdf
https://arxiv.org/pdf/2303.04671.pdf
https://arxiv.org/pdf/2303.04671.pdf

Latents Spatial Blend

w Spatial editing with mask
Zt Z£® Migtent + ZE © (1 — Migtent)

Image, text prompt, user
Input or segmented mask from text  original bg image

L L

Input image Input mask “a man with “a man with “a muscular man
a red suit” a yellow sweater”  with a blue shirt”

Input image Input mask “gravestone” “toy truck” “snake”

Input image Input mask c 2 “big mountain” “The Great

Input image Input mask a horror book a children’s book  a romantic novel

named CVPR titled ECCV titled SIGGRAPH Pyramid of Giza”
| | | ' EI E | ‘ B | ; |
| | / /
Ry 1 N o S A A .
Input image Input mask Prediction 1 Prediction 2 Prediction 3 Original image Scribbled image Mask Prediction 1 Prediction 2

. . o 21
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Imagetext Attention Edit

w Edit generated images
w Manipulate imageext crossattention map

w Word swap, adding new phrase, attentionweighting

@23y  Word swap

4| Adding new
g phrase

“clildren drswing of a castle next to a river.”
Jelly bedng

LYl 3S ONBROMING YGLOINRPLYVIBGI S 9RAGAY3I 6AGK / Npaa ! iGSyGAaAz2y /2y (iNRft ¢
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Imagetext Attention Edit

w Maintaining two sets of crosattention maps for edit:

Original prompt M,  Edited promM/;

e
Pixel features  Pixel Queries Tokens Keys Y”&@ é"g Tokens Values Output
(from Prompt) (from Prompt)
—> X O] —» X O TTTTTTT) —»
& (2) Q K M, 1% & (z)

Text to Image Cross Attention

Cross Attenetion Control

Ay g —g

My Mt M,
Word Swap Adding a New Phrase Attention Re—weighting
, My ift<T . o
Edit(M;, M}, t) = 4 1 . odit (M. M 1)), . {mm,, if A(j) = None 0 N
(M, M, 1) {1"--1, otherwise, (Pt (M M), 5 (M¢)iagy)  otherwise. (Edit (M. M. 1)), ; = {‘(\SFI‘J}’ ’ :)ft;cr_wfsc

ONXB RO GNE YOLOINRLYYLBGZ S 9 RAGAY 3 6AGK / NRaa

LGOSYlGAz2y [ 2YyGNRT €

£ 14

“lemon cake.”

‘
[ ]
¢
\
a o
N
&

2
U

o =
-\
w\

¢

“monster cake.”

IS

-~y
30
0
-

w-iad
“monster cake.”
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Imagetext Attention Edit

“Photo of a cat riding on a bicycle.” “A photo of a bear wearing sunglasses on and having a drink”

*...geeky sunglasses...”

A 8 = = = AR L M
source image at —> dog cat —> squirrel cat —> eleph:

“Photo of a house with a flag on a mountais

source image “...wearing a squared sunglasses...” rounded sunglasses..”  *"..coffee drink”

“A photo of a butterfly on a flower.”

house —> hotel house —> tent - ~ house —> tree =
“A basket full of apples.” joe

“Photo of a cubic(y) sushi.”

tlelglelel

“The modem(y) city.”

“...on a spikey flower.” “.flower made out  *...wooden flower.”

**A mushroom in the forest.”

“My colorful(y) bedroom.”

“Photo of a field of poppies at night({).”

Word Swap Adding a New Phrase Attention Re—weighting

“Line artof..”  “A plastic mushroom...

source image ball —> frisbee ball —> bucket ball —> palace ball —> turtle e i “.in the wet forest.” inthe "f& forest™ A ncon "'“""W"' -

i
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Input Image Edited Images

Imagic

w Generated => natural el | )
. . “A dog playing “A jumping dog
Imag e edlts ‘ v with a toy” holding a frisbee”

w E.qg., different dogs

“A person giving “A person with “A person in a greeting “A person
a thumbs up” crossed arms” pose to Namaste hands” holding a cup”
7

o & :

: 3 X 78 '
. ] t > |

& : 1N LT AN

y P 4 L

“A cat wearing a “A cat wearing an “A cat wearing a

hat” necklace”

A brown horse in “A cartoon c25

LYF3S ONBRA a Qgr‘ass field” horse”



Imagic

w Obtain original text
(A) Text Embedding Optimization

Target Emb e nput
o T I Pretrained _
R Nl EE—
I Diffusion Model
"A photo of a bird

spreading wings."
Optimized Emb e ol
IS} = {/1
| | (—
EEEE BN Cigt
[ ||

non

Input: , “A photo of a dog lying down”
" " Y
A - ~
i |

Pre-trained

ONBRAGY ASRYWSAOY Ly$BE 9RAGAY3

L(x,e,0) =TFE; [||€ — fo(x¢, t, 9)”3]

(B) Model Fine-Tuning

Optimized Emb
TH Fine-Tuned

Input

l=l=-El Diffusion Model »
"?ll
(C) Generation
Target Emb
T H | 2

Optimized Emb
it

Fine-Tuned
Diffusion Model

interpolate

Image Fidelity

Text Alignment

GAOK S5AFTFdzAA2Y a2RSt&é¢ o
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InstructPix2Pix

w Obtain original text => Instructiestyle text

alF o6 ANR

Training Data Generation

(a) Generate text edits:
Input Caption: “photograph of a girl riding a horse” + GPT-3 Ins.tructlon: ) v el e dragon. »
Edited Caption: ‘photograph of a girl riding a dragon”

(b) Generate paired images:

o, M
Input Caption: “photograph of a girl riding a horse” Stable Diffusion R L !
Edited Caption: “photograph ofag///f/dmgadfagon + Prompt2Prompt ﬂ T
(c) Generated training examples:
“convert to brick” “Color the cars pink” "Make it lit by//reworks ‘have herr/deadragon

N
m

ONBRAGY aGLyadGNHzOGt AERtAEY [ SIFNyAy3

a0FyRAYIEZ

alF o6 ANR

Instruction-following Diffusion Model

(d) Inference on real images:

“turn her into a snake lady”

G2 c2tft2¢ LYI3IS 9RAGAY3

& LINB I RA Y

. 27,
Ly a i nadzC



Editing Systems with External Models

w Segmentation w LLM

User Query (Visual Foundation Models)

please generate a red
 flower conditioned on »
- the predicted depth of]| / 7‘
¢ this image and then - o _( '
make it like a cartoon, «

Siop by sisp Stable
BLIP Diffusion Pix2Rly

@ Prompt | , I 4 6 o
M — {53 Al
b \ContToINet Detection )

Iterative Reasoning Outputs

Y ¥ @ Here you are.
1 " ° > .S PR What else
can | help
< 2 < f you?

Change bird to squirl

[ Change black berry to onion.

O.‘O..ﬁ‘.u‘b

Change green trees to yellow.

ONB RBBY2RISWE ENXMrQ@H adzl £ / KFGDt¢Y ¢Ff]1AYy3IT 5NFrgAy3d YR 9RAGAY3

.2
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“A paivting of an

Better Following Prompts el e

Stable | .*‘”\ |
. Diffusion
w Testtime latents (

w Testtime attention

+Attend- |
and-Excite

w Alignment tuning

[1] Training-Free Structured Diffusion Guidance for Compositional Text-
to-Image Synthesis

[2] Attend-and-excite: Attention-based semantic guidance for text-to-
image diffusion models

[3] Grounded Text-to-Image Synthesis with Attention Refocusing

[4] Compositional Visual Generation with Composable Diffusion Models
[5] Aligning Text-to-Image Models using Human Feedback

[6] ImageReward: Learning and Evaluating Human Preferences for Text-
to-Image Generation

[7] Training Diffusion Models with Reinforcement Learning

[8] DPOK: Reinforcement Learning for Fine-tuning Text-to-Image
Diffusion Models

[9] Better Aligning Text-to-Image Models with Human Preference

A e A e . P Lo 29
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https://arxiv.org/pdf/2212.05032.pdf
https://arxiv.org/pdf/2212.05032.pdf
https://arxiv.org/pdf/2301.13826.pdf
https://arxiv.org/pdf/2301.13826.pdf
https://arxiv.org/pdf/2306.05427.pdf
https://arxiv.org/pdf/2206.01714.pdf
https://arxiv.org/pdf/2302.12192.pdf
https://arxiv.org/pdf/2304.05977.pdf
https://arxiv.org/pdf/2304.05977.pdf
https://arxiv.org/pdf/2305.13301.pdf
https://arxiv.org/pdf/2305.16381.pdf
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LYl 3S

StructureDiffusion

Stable
Diffusion
Ours
A red car and a white sheep. A brown bench sits in front of A blue backpack and a brown
an old white building elephant
Attribute leakage Interchanged attributes Missing objects

O NB RFreé StructuteNDiffusioh Giddance for Compositional fext Y I 3 S
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StructureDiffusion

w Manipulating values in crossttention based on linguistic
parsing tree to enforce language structure

w Look at all noun phrases

Prompt: A room with
blue walls and a
white sink.

|

w,
! Q: +duplicate(linear(t))
=> b*4096*320

- Structured %
: Representations }

K, V: => p*77*768

Attention((, K, V') = softmax (Of—‘ﬁl) -V, with

)

Q=W - pi(z), K =Wy

-To(y), V = U}(-” - To(y).

Condition Encoding Stage

Sequence Alignment

VR R A 31
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Attend-and-Excite

w Enhance the maximal
attention for the most
neglected subject token

w Updates the latent with
attention loss

“A cat and a frog”

Stable Diffusion w/ Attend-and-Excite

Stable Diffusion (SD)

DDPM Process

“A lion WH‘ h SD Geverated with

a crown” Tmaae A++cwd-and-_€x&i+s

UNet UNet
Z+ +

N

[ e o o o s s 0 D 0 D D D D SRS S D €D S D G D (A0 G5 D G D D S D GG A S G D D I i
Cross Attention
(timestep 1) lion with a crown

P2 ?2
AR oA A
(PxP)
A

Loss Computation
(tokews “lion” ,“crown”) L2: 1 - max 61(14%)

max A(A2)

1 -
i =
Loss: L= max(L,,L;)
Gmmssmvn
Y Update: Z,.=Z.- aV, L =

Q K =QxK E

Swmoothing &(AZ) &(As)
Final Cross- sn i 4
Attention Maps T~
(+iw‘65+6P +=D) .Bn. - /

H’I/Iv
Attend-and-Excite
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Attend-and-Excite

“A painting of an “A playful kitten chasing a
“A horse and a dog” elephant with glasses” butterfly in a wildflower meadow”

Stable )
Diffusion |/ '

+Attend-
and-Excite
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DDPO
Training proces:

Compressibility: llama

w RL for optimizing
diffusion models
on different
downstream
objectives

e s .. . . A aA R 34
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BERTScore

- similarity-based
— () @ ~

— [“a monkey washing dishes..."]

“what is happening >
D D P O in this image?”

w VLM similarity reward to
Improve imageprompt
alignment

Prompt Alignment

0.84

BERTScore
:\
X
A

0.75 %
o . . ; ‘
o 3 ~F
idh

M / ﬂ'{m = g m 0.72 |

Qe £ T

f >
& 0.69

a bear washing dishes
. . e— 10k 20k 30k 40k 50k
LS e Reward Queries

= .. riding a bike
= ...playing chess
— ...washing dishes
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Input images in the Acros ina doghouse  in a bucket

Q) M u Itl -Conce pt Customlzatlon [1] An Image is Worth One Word: Personalizing Text-to-Image Generation

w Without testtime finetuning

using Textual Inversion

[2] DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-
Driven Generation

[3] Encoder-based Domain Tuning for Fast Personalization of Text-to-Image
Models

[4] ELITE: Encoding Visual Concepts into Textual Embeddings for
Customized Text-to-Image Generation

[5] Multi-Concept Customization of Text-to-Image Diffusion

[6] Break-A-Scene: Extracting Multiple Concepts from a Single Image

[7] Paint by Example: Exemplar-based Image Editing with Diffusion Models
[8] BLIP-Diffusion: Pre-trained Subject Representation for Controllable Text-
to-Image Generation and Editing

[9] EaceO: Instantaneously Conditioning a Text-to-Image Model on a Face
[10] FastComposer: Tuning-Free Multi-Subject Image Generation with
Localized Attention

[11] Unified Multi-Modal Latent Diffusion for Joint Subject and Text
Conditional Image Generation

[12] Re-Imagen: Retrieval-Augmented Text-to-Image Generator

[13] InstantBooth: Personalized Text-to-Image Generation without Test-Time

Finetuning
[14] Subject-driven text-to-image generation via apprenticeship learning 36
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SingleConcept Customization
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