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B Background

Customized image generation

Cobblestone street Spring Mount Fuiji Eiffel tower Autumn with leaves

Grand canyon Winter snow Beach Sunflower field
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B Background

Personalized image generation

Reference Image ..hold a baked bread... .win a gold medal... ~.Chinese New Year.. ..in the coffee shop...



B Background

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

Nataniel Ruiz*!+2 Yuanzhen Li' Varun Jampani®
Yael Pritch! Michael Rubinstein! Kfir Aberman’
! Google Research 2 Boston University

Input images wn the Acropolis

n o da—g;hous:a wn o bucket. setting a hoarcut

Ruiz N, Li Y, Jampani V, et al. Dreambooth: Fine tuning text-to-image diffusion models for subject-driven generation[C]//Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern Recognition. 2023: 22500-22510.



Reconstruction Loss

B Background e ST

B DreamBooth

Text — Image

B Finetune T2l model with Shared

Input images (~3-5) Weights

unique identifier
B Regularize the model with

class-specific prior
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B Background

Input images

Background editing

A [V] backpack in
the Grand Canyon
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A [V] backpack in the A wet [V] backpack A [V] backpack in Boston

city of Versailles in water



B Background
Style editing

Input images
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Vincent Van




B Background Expression editing

Expression modification (“A [state] [V] dog )

Input 1mages
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B Background

View editing

Input images Top view ‘f Bottom view ¥ Side view =9 Back view ¥\

N g

[V] cat seen from the top [V] cat seen from the bottom  [V] cat seen from the side  [V] cat seen from the back
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B Background

Accessary editing

Input images

Purple Wizard Outfit Superman Outfit Police Outfit Angel Wings

a [V] dog wearing a police/chef/witch outfit
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B Backg round Color editing & attribute editing

Color modification ( “A [color] [V] car™)

blue
Hybrids ( “A cross of a [V] dog and a [target species] ™)

yellow

Input
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B Background

Generating “A dog”

Vanilla model

B Ablation Study

Input images
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B Background

Num. Training Samples

Real
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B Background

An Image is Worth One Word: Personalizing
Text-to-Image Generation using Textual Inversion

Rinon Gall:%* Yuval Alaluf? Yuval Atzmon? Or Patashnik!
Amit H. Bermano' Gal Chechik? Daniel Cohen-Or!
1Tel-Aviv University NVIDIA

Gal R, Alaluf Y, Atzmon Y, et al. An image is worth one word: Personalizing text-to-image generation using textual inversion[J]. arXiv
preprint arXiv:2208.01618, 2022.
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B Background

[ —
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Input samples ——— “5." “An oil painting of S.” “App icon of S,” “Elmo sitting in

the same pose as S,” Crochet S.

FIT_

Input Samp]_ﬁs M}. HS* " “Eilhlnﬁg%gfﬂtggﬂg* A S* bﬂﬂkpﬂﬂk" “Bﬂnkﬂy art of S* o A S* themed lunchbox™
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B Background

B Method overview
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B Backg round Application in style transfer

“The streets of Paris “Adorable corgi *Painting of a black hole “Times square
in the style of 5. in the style of S5, in the style of 5, in the style of 5.

Input samples
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[l Backg round Multi-text inversion

“Photo of S.7.0x “*Photo of “Photo of Scra ri “Photo of S0k “Photo of 5,700k “Photo of

¥

in the style of S.,;." inthestyleof S.¢y.” inthestyleof S.:,." inthestyleof 5..;" inthestyle of Serape” inthe style of Sernfe”
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B Background

Multi-Concept Customization of Text-to-Image Diffusion

Nupur Kumari' Bingliang Zhang? Richard Zhang’ Eli Shechtman’ Jun-Yan Zhu!
'Carnegie Mellon University “Tsinghua University ° Adobe Research

Kumari N, Zhang B, Zhang R, et al. Multi-concept customization of text-to-image diffusion[C]//Proceedings of the IEEE/CVF Conference
on Computer Vision and Pattern Recognition. 2023: 1931-1941.
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B Background

A moongate in A sguirrel in front Watercolor painting of
the snowy ice of moongate moongate in a forest

A digital illustration V+ dog wearing

of a ¥ dog in front sunglasses in front
of a moongate of a moongate

Multi-concept composition

A V% dog in a A V* dog wearing A V= dog oil painting,
swimming pool sunglasses Ghibli inspired

User input images Single-concept generation

A photo of a V* dog
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B Background

Method overview
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B Background

Target Images Custom Diffusion (Ours) DreamBooth Textual Inversion
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Scene change: V* teddybear in Times Square
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B Background

B Multi-concept composition
B Joint training on multiple concepts

B Constrained optimization to merge concepts

Optimization target Solution
W = arg min||[WCp,—WoCo || - W = Wo+v'd, where d = C(CygyCleg) ™
W o, . and v = (V — Wo,CT)(dCT) L.
st. WC' =V, where C = [cy - - - cy]

and V = [Wic| ---Wxen] .
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B Background

B Comparison between
two multi-concept

composition methods

Target Images Qurs {joint training)

Photo of a V- table and a V.* chair in the garden
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B Background

B LoRA: more efficient ﬂ :[:: %

model fine-tuning

Pretrained
Weights

Hu E J, Shen Y, Wallis P, et al. Lora: Low-rank adaptation of large language models[J]. arXiv preprint arXiv:2106.09685, 2021.
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. Bac kg ro u n d Shi J, Xiong W, Lin Z, et al. Instantbooth: Personalized text-to-image generation

without test-time finetuning[J]. arXiv preprint arXiv:2304.03411, 2023.

B InstantBooth: eliminate the need for model fine-tuning

A photo of ¥
A photo of V A photo of V woman opening A photo of ¥ woman A photo of mysterious
woman in the woman, backview, the arm besides the shaking hands with A photo of ¥ woman V woman witcher at
swimming pool in the sunset blue sea Joe Biden

piloting a fight jet night

Input 2 images of cat Aphotoof V cat A photo of V catin A photo of ¥ cat J 0
swimming in the  a bucket shaking hands with  of V cat V cat
swimming pool Joe Biden

A Ukiyo-e painting A charcoal sketch of A photo of ¥ cat as
a bull dog
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B Background Method overview

Input Prompt: "Phato of V' person” ¥[ CLIP Text Encoder ]

LLE ]

U-Net

Frozen

Trainable
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B Background

a phote of ¥ womon, a photo of F waman a phate ¥ worman with o phota of 7 womon as @ o pheto af mysteriows ¥ a phota T worman a3 a
backview, In the sunset apening the arm besides the  thumb up doctaor wiorran witcher af night Worder Worman
580

Input 4 images of person o photo of ¥ womon reading o photo of ¥ woman driving o photo ¥ woman playing o phota of ¥ wormon o photo af mysterious ¥ a phato ¥ woman as o
books in the library o car garmbiling machine warking before o computer worren witcher af night Wonder Warman
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B Background

a phata of ¥ cat slanding an o photo of F cot jumping on o phote ¥ col an the tree
the boot

[

Input 5 images of cat a phata of ¥ cof wearng o photo of ¥ cot in the o photo ¥ cot of play with e @ photo of 7 oot in @ bucket o wotercolor painting of o photo i cat of on the piono
sunglasses an the beach swimming pocl ball ot



31

B Background

B [P-Adapter: baseline of single image prompting

IP-Adapter: Text Compatible Image Prompt Adapter for
Text-to-Image Diffusion Models

Hu Ye, Jun Zhang”, Sibo Liu, Xiao Han, Wei Yang
Tencent Al Lab
{huye, junejzhang, siboliu, haroldhan, willyang}l@tencent.com
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[l Backg round Method overview

Decoupled Cross-Attention

‘- ‘ Image Features
Image o z r I'g 1 - _‘; Cross Cross
Encoder 5 ' Attention Attention
L { Lr
Lo | \
¥ ¥ A
Frozen
modules
Xt Denoising U-Net X5 ‘
Trainable
Text Text Features modules

A girl with sunglasses —

Encoder
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B Background

Encoder

fl Image % ‘ Image Features
3 “ E
- il 3

Xt Denoising U-Net

! Decoupled Cross-Attention

Attention

. .‘ Cross

Xi-1

Text Features

Text
A girl with sunglasses — Enc?der 4’| | I | | | I

Training objective

Cross
Attention

Z"*" = Softmax( QVK,ET WV + Sl::uftmeu:(&V‘é]—r)“w’"r

where Q = ZW,, K = ¢, W,V =, W, K' = ¢, W}, V' = ¢, W,

2
Lsimple = B e,c0,c.,tll€ — €0 (@1, €15 €1, £) ||,
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B Background  mer ‘

5D 1.5
B Adaptation to different o
Realistic Vision Cacsid ’,_‘F

diffusion models when o

training only once
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B BaCkg roun d Adaptation to ControlNet

[mapge prompt Condition Sample Image prompt Condition Bample Image prompt Condition Bample




36

B Backg round Image prompt and text editing

Image prompt no text wearing a top hat a red horse Image prompt no text blue hair riding a horse

/

b

in snowy winter green car swimming in the water in a dog house

wearing sunglasses reading a book
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B Background

Application in |12] translation and inpainting

Image prompt

Image prompt

Inpainting
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B Background

Instant|D: Zero-shot Identity-Preserving
(Generation in Seconds

Qixun Wang'?, Xu Bai'?, Haofan Wang'?*, Zekui Qin'?, Anthony Chen'?3,
Huaxia Li?, Xu Tangg, and Yao Hu?

InstantX Team', Xiaohongshu Inc?, Peking University®
{haofanwang.ai@gmail.com}
https://instantid.github.io



39

B Backgrou nd ID preserved T2|
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B Background L =E:, t00,e~n0llle = €o(2t,t,C, Ci)lf3]
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slyle 1
style 1 style 1 style 2 style 3 style 4
SMply prompt + male, suit + female, dress ! 'e"":':“r; ::rau, ++ canny contol ++ Gepth conkrol + depth control + depth control + dapth conlrol

¥ vw VAN

A
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compatibility
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B Background

References
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[l Backg round Pose control effect

Ref pose

Ref image
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B Background

¢ CapHuman: Capture Your Moments in Parallel Universes

Chao Liang! Fan Ma' Linchao Zhu'! Yingying Deng?  Yi Yang'!
IReLER, CCAI, Zhejiang University, Zhejiang, China “Huawei Technologies Ltd., China
T Corresponding author
{cs.chaclianq, zhulinchao, yangyics}@zju.edu.cn, flower.fan@foxmail.com, dyyl5€outlook.com

https://caphuman.github.io
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B Background

Reference Image

3D facial prior
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[l Backg round Method overview

a) Generalizable Identity Preservation

Global, Coarse Encode

Local, Fine-grained Encode -t
> B ——> & Projection 72

3D Parametric Face Model Editing

f Pose, Exp., Position ...

Reference Image

m :
Bridge . Rendering

Reconstruction . 7

b) Flexible and Fine-grained Head Control

> BEN —> & Projection 71 —l

O~
1

Lambertian , Albedo, Normal

c¢) Equip the Pre-trained T2I diffusion model

a : Frozen

Ali
r D g sk

, CapFace © : Concat.

g Text Encoder Generated

Prompt: A photﬁ of a scientist
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Reference Image + Conditions = ControlNet Textual Inversion  LoRA DreamBooth FastComposer Ours(SD15) Ours (RV3.0)

P e el e

B Background

-

a phato of a persen standing in front of a lake

Qualitative results ”.f*;..;ﬁ.f.',,;...m,.d.,

@ phateo of a person with red hair
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[l Backg round More control effects of 3dMM

Reference Image

4

Reference Image

Reference Image Ours with different illumination control
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B Background

InstantFamily: Masked Attention for Zero-shot Multi-ID Image
Generation

Chanran Kim Jeongin Lee Shichang Joung
SK Telecom SK Telecom SK Telecom

Seoul, Republic of Korea Seoul, Republic of Korea Seoul, Republic of Korea
chanrankim@sk.com jeonginlee@sk.com shichang joung@sk.com

Bongmo Kim Yeul-Min Baek
SK Telecom SK Telecom
Seoul, Republic of Korea Seoul, Republic of Korea
bongmo kim@sk.com ym.baek@sk.com
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B Background

Multi-1D Input

| Text Input
| “A photo

of seven men
in mars ~"

Pose Input
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B Background

Method overview

Local
Projection
 Mulii-ID
Input Image Gobal
Faces Projection
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| T S e e ——— e
B o ity
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Studio

Jungle
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Cherry

ge

Pose Control Ima
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B Author

Personalized Image (Generation

Kunpeng Song'+*, Yizhe zhu', Bingchen Liu', Qing Yan', Ahmed Elgammal®,
and Xiao Yang'

' ByteDance
* Rutgers University
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B Author

KUNPENG SONG

Rutgers University
Verified email at cs.rutgers.edu

Computer Vision Deep Learning Machine Learning AIGC

First author: PhD student in Rutgers University, major in computer vision, AIGC
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B Author

X EE-R/R NS /R (Ahmed Elgammal)

Dr. Ahmed Elgammal is a professor at the Department of Computer
Science at Rutgers University. He is the founder and director of the Art
and Artificial Intelligence Laboratory at Rutgers, which focuses on data
science in the domain of digital humanities.

Dr. Elgammal received his M.Sc. and Ph.D. degrees in computer science
from the University of Maryland, College Park, in 2000 and 2002,
respectively.
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B Method Results preview
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B Method

H Contributions

Mask based self-supervised multi-modal generative learning
Introduction of MLLM for better feature learning

Disentangled cross-attention and self-attention

Iterative self-attention masking
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B Method

Model Structure
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. M et h O d MLLM Generative Learning Objective

OrD - -
4 N

| Muiti-modal Decoder
Stage 1: s | 5,
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- L J _/fl/
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(2023)
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B Method Stage 2

Model Structure o Text features 13>
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B Method

Model Structure

LA Multi-modal Decoder J
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B Method

. ——n Contextualized features Text features < - "A dog at

| - mount Fuji”
Inference:
. U-Net A
. —h t ~ [T, 0] —h
Approximate
generated mask with ___:,_./\_____
the cross attention |
map from t+1 "dog",tmerge
/ to t_1 .................
T
n(Y) é
M gen( . Mask :
el . extraction

(b) Iterative Self Attention Masking
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B Experiments

-

£ 3 Y'Y i .. Y il A"
) 'i..- . : ‘
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Reference Grand Canyon Autumn leaf Winter snow Beach Jungle Sunfiower field Dirt road Wheat field
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B Experiments

Reference Black hat Christmas hat Iron man suit

Reference (no view condition) Front side back
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B Experiments

Reference

Realistic Vision

Adapt to pre-trained V4.0
community models

ReV_Animated

Anything V4.0

Esthetic Retro
Anime

Ina green In autumn On a road with ,
garden with On a city road with falling buildings and AL TCLFn

flowers leaves treas and lake
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