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Image Editing vs. Personalization
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Q.. Data Mining Huang, Lianghua, et al. "Composer: Creative and controllable image synthesis with composable conditions." arXiv preprint arXiv:2302.09778 (2023).
.$ Quality Analytics Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and Kfir Aberman. “DreamBooth: Fine tuning text-to-image diffusion models for subject-driven generation.” IEEE Conference on Computer Vision and Pattern Recognition, 2023.
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1. Unconditional Generation
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Algorithm 1 Training Algorithm 2 Sampling
1 repeat I: xr ~ N(0,1)
2: XONq(,xo) 2: fort=1T,...,1do
i' b R/r_l(l(f)mir)n({l, - T}) 3: z~N(0,I)ift > 1,elsez=0
C e~ ’ -
5: Take gradient descent step on 4 xe-1 = \/;a—t (xt - \}ﬁ‘f@(xtat)) + oz
Vo H(—: — eo(varxo + V1 — aue, t)||2 5: end for
6: return xo

6: until converged

.Q:i. gﬁgixmﬁyﬂcs Ho, Jonathan, Ajay Jain, and Pieter Abbeel. "Denoising diffusion probabilistic models." Advances in neural information processing systems 33 (2020): 6840-6851.
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1. Unconditional Generation
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2. Conditional Generation
2. U™ ZZ0j| %= 0|0]X| 4/d

I CFG (Classifier-free Guidance 2021), LDM (Latent Diffusion Models 2021.12.20)

) Latent Space ) (Eonditioning
Diffusion Process emanti
Ma
-

> Denoising U-Net €g e Text

Repres
€g = €g(zp,t) +w - (Eg(Zt, t,c) —€g(z, t)) a 1

<CFGE O[:8%t noise prediction>

Pixel Space

7

H
denoising step crossattention  switch  skip connection concat —

<Latent Diffusion Models 72>

Q.. Data Mining Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." arXiv preprint arXiv:2207.12598 (2022).
°.° Quality Analytics Rombach, Robin, et al. "High-resolution image synthesis with latent diffusion models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.
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2. Conditional Generation
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I DALL-E 2 (022413)

Eonditional Diffusion Models

Conditional Diffusion Models

-
O.
[ =]

S g X} e o]
<>

OR

9 20239 68 16
{3 27 124] ~

O =212 H|C|2 A|H (YouTube)

MojL E8 87| —

Data Mini
.Q:l. Q?)cﬁity l/r\\:::ﬁyﬂcs Ramesh, Aditya, et al. "Hierarchical text-conditional image generation with clip latents." arXiv preprint arXiv:2204.06125 1.2 (2022): 3.
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3. Image Editing
3. O|ojx] HH

I P2P (Prompt-to-prompt 202282), Null-text Inversion (022.11.17, Plug-and-Play (0221122

Image Editing
with Diffusion Model

2023. 08. 25.
ojEle
DMQA Open Seminar

Image Editing with Diffusion Model
SHE X . 0|72

7 20234 82 25
(Y o8 124~
D =222 H|C|R A|H (YouTube)

MoJLt EE HI| —

l'. Data Mining Ho, Jonathan, and Tim Salimans. "Classifier-free diffusion guidance." arXiv preprint arXiv:2207.12598 (2022).
%% Quality Analytics Rombach, Robin, et al. "High-resolution image synthesis with latent diffusion models." Proceedings of the IEEE/CVF conference on computer vision and pattern recognition. 2022.
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An Image is Worth One Word: Personalizing Text-todmage Generation using Textual Inversion (2022.8.2)
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.‘x g?;tool'iir;h/r\\;lr(‘lglyﬁcs Rinon Gal, Yuval Alaluf, Yuval Atzmon, Or Patashnik, Amit H Bermano, Gal Chechik, and Daniel Cohen-Or. “An image is worth one word: Personalizing text-to-image generation using textual inversion.” International Conference on Learning Representations, 2023.
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An Image is Worth One Word: Personalizing Text-todmage Generation using Textual Inversion (2022.8.2)

Algorithm 1 Training
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An Image is Worth One Word: Personalizing Text-todmage Generation using Textual Inversion (2022.8.2)
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An Image is Worth One Word: Personalizing Text-todmage Generation using Textual Inversion (2022.8.2)
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An Image is Worth One Word: Personalizing Text-todmage Generation using Textual Inversion (2022.8.2)
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<GAN Inversion> <Textual Inversion>

Q‘ Data Mining Xia, Weihao, et al. "Gan inversion: A survey." IEEE Transactions on Pattern Analysis and Machine Intelligence 45.3 (2022): 3121-3138.
.$ QUO'”Y /\nolyfics Rinon Gal, Yuval Alaluf, Yuval Atzmon, Or Patashnik, Amit H Bermano, Gal Chechik, and Daniel Cohen-Or. “An image is worth one word: Personalizing text-to-image generation using textual inversion.” International Conference on Learning Representations, 2023.
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DreamBooth: Fine Tuning Text-todmage Diffusion Models for Subject-Driven Generation (2022.8.25)
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.{% (%?J:’Jol'ith;l/r\\::]glyﬁ cs Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and Kfir Aberman. “DreamBooth: Fine tuning text-to-image diffusion models for subject-driven generation.” IEEE Conference on Computer Vision and Pattern Recognition, 2023.
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DreamBooth: Fine Tuning Text-todmage Diffusion Models for Subject-Driven Generation (2022.8.25)
HEAI

Textual Inversion=> AL|A E3 V]9 QH| T fine-tuning
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Gal et al.

REIo| @ E 20|01 £ fine-tuning3t= [
maximum subject fidelity 7|5
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<Textual Inversion2} DreamBooth2| H| !>
Data Mining
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Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and Kfir Aberman.

DreamBooth: Fine tuning text-to-image diffusion models for subject-driven generation.” IEEE Conference on Computer Vision and Pattern Recognition, 2023.
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DreamBooth: Fine Tuning Text-todmage Diffusion Models for Subject-Driven Generation (2022.8.25)
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.{\ gﬁ;ol'"h;;\:;glyﬁ cs Nataniel Ruiz, Yuanzhen Li, Varun Jampani, Yael Pritch, Michael Rubinstein, and Kfir Aberman. “DreamBooth: Fine tuning text-to-image diffusion models for subject-driven generation.” IEEE Conference on Computer Vision and Pattern Recognition, 2023.
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DreamBooth: Fine Tuning Text-todmage Diffusion Models for Subject-Driven Generation (2022.8.25)
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DreamBooth: Fine Tuning Text-todmage Diffusion Models for Subject-Driven Generation (2022.8.25)
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Multi-Concept Customization of Text-todmage Diffusion (2022.12.8)

A moongate in
the snowy ice

A digital illﬁstration V* dog wearing
of a Vx dog in front sunglasses in front
of a moongate of a moongate

Multi-concept composition

2

A photo of a Vk dog A V* q°g in a A Vx dog wearing A Vx dpg pi} pa}nting,
swimming pool sunglasses Ghibli inspired
User input images Single-concept generation

<O|D|X| L TS 71 THof B A[E B2 [VIOf| B0 OIS HIAE ZEIEN| ALS>

Data Mini
.C:.. Q?;ciny I/r\‘::]%yﬁcs Kumari, Nupur, et al. "Multi-concept customization of text-to-image diffusion." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023.
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Multi-Concept Customization of Text-todmage Diffusion (2022.12.8)
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DreamBooth Textual Inversion
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<Custom Diffusion, DreamBooth, Textual Inversion H|xl>

Data Mini
.C:.. Q?;ciny I/r\‘::]%yﬁcs Kumari, Nupur, et al. "Multi-concept customization of text-to-image diffusion." Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2023.
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Multi-Concept Customization of Text-todmage Diffusion (2022.12.8)
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Figure 3. Analysis of change in weights on updating all network
weights during fine-tuning. The mean change in the cross-attention
layers is significantly higher than other layers even though they
only make up 5% of the total parameter count.
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Multi-Concept Customization of Text-todmage Diffusion (2022.12.8)

I Cross Attention in UNet
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Multi-Concept Customization of Text-todmage Diffusion (2022.12.8)

I Multiple Concepts Fine-tuning

1. Joint training on multiple concepts

«  Ek=S| 2 concept i0f| CHSH AL|A E2 [V]iE 22 25t fine-tuning A| O 25 <50 018

2. Constrained optimization to merge concepts W bre-trained moddl o
* W, pre-trained model parameters

«  Zt concept i0f| CHt text features CE concatSHoq W fine-tuned parameters for concept i
et 128 S82 0|83l dosed-form SHE et

s : T T
2} concept i0f| SFEE matrix W7 2R W= argﬂf/ﬂlm (W Creg—WoCiee||F

s.t. WO = V, where C = [cq - - - CN]T
and V = [Wic{ --- Wxey] "

- W=Wy+v'd, whered = C(C.| reg Creg) ™
andv' = (V- W,C")(dCT)™?
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Multi-Concept Customization of Text-todmage Diffusion (2022.12.8)

I Regularization
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Multi-Concept Customization of Text-todmage Diffusion (2022.12.8)

DreamBooth

Target Images
B .

Ours (optimization)

Ours (joint training)

/] [
J kil e o

The V,;* cat is sitting inside a V*

<Custom Diffiusion2| joint training, optimization, 12|11 DreamBooth 21t H| !>

Data Minin,
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