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Diffusion  - IntuitiveUnderstanding

Diffusion : 확산

공간상에모여있던분자들이전공간에고르게분포하게되는현상

Introduction

시간이 지나면 잉크는 uniform 하게 분포하게 됨
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Diffusion  - IntuitiveUnderstanding

Diffusion Process

-분자의움직임 : Gaussian Distribution을따름

=>  분자들의다음위치는가우시안분포안에서결정됨

Introduction
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Diffusion  - IntuitiveUnderstanding

Reverse Process

-분자의움직임 : Gaussian Distribution을따름

Introduction

균일하게퍼진잉크를원래대로돌릴방법?

아주짧은시간동안의분자의움직임을안다면?

은모르겠고! 

𝑥1
𝑥2

𝑥3

𝑥4
𝑥𝑡 ~ 𝑁(𝜇, 𝜎2)
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Diffusion  -Generative Model

잉크가물안에서서서히퍼지는것 = 이미지에점점노이즈가더해져 완전한노이즈가되는것

Image의pixel 값에정규분포를따르는noise를추가한다고생각!

Introduction

이미지 출처 : 이미지 출처 : https://keras.io/examples/generative/ddim/

pixel noise(𝜀 )
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Diffusion Model

이미지생성모델중하나로써입력이미지와유사한확률분포를가진결과이미지를생성하는모델

Forward Diffusion Process : 이미지에고정된(fixed) gaussian noise를더해주는과정

Reverse Denoising  Process : noise로부터data를복원하는과정

Introduction
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Recommended Seminar

Introduction
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Diffusion can generate almost everything but..

Introduction

Condition / Guidance의 필요성



2. Preliminary Study
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❖ GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models

• 이미지를 설명하는 text(condition)을 condition으로 받음

• Classifier free guidance와 CLIP guidance를 활용하여 원하는 표현이 이미지에 잘 반영되도록 만들어줌

Text-to-Image Diffusion
Conditional Diffusion Models

[1] Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models.
In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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Imagen : Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding

높은수준의photorealism과깊은수준의언어이해를갖춘text-to-image 모델

LLM의텍스트임베딩이text-to-image 합성에매우효과적이라고제시

Text to Image Diffusion
Conditional Diffusion Models

[2] Saharia, C., Chan, W., Saxena, S., Li, L., Whang, J., Denton, E. L., ... & Norouzi, M. (2022). Photorealistic text-to-image diffusion models with deep language understanding. Advances in Neural Information 
Processing Systems, 35, 36479-36494.
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High-Resolution Image Synthesis with Latent Diffusion Models

Pixel 차원이아닌Latent Embedding을학습하는diffusion model

Text가아닌condition도입력으로받을수있음

Stable Diffusion
Conditional Diffusion Models

[3] Rombach, R., Blattmann, A., Lorenz, D., Esser, P., & Ommer, B. (2022). High-resolution image synthesis with latent diffusion models. In Proceedings of the IEEE/CVF conference on computer vision and pattern 
recognition (pp. 10684-10695).
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Recommended  DMQA Seminar

Introduction
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Text prompt에높은의존

Text만으로원하는이미지를설명하는것은어려움

Task  specific한도메인의경우일반적인text-to-image 데이터스케일만큼크지않음(일반화성능하락)

Needs for Controllable Diffusion Model
Conditional Diffusion Models

물결이 흐르는 강, 앞에는 돌, 뒤에는 나무, 나무는 소나무와 은행 나무
를 고르게 섞어서, 태양 빛은 강물에 반짝거리며 반사되고, 그 빛은 새들
의 날개에도 은은하게 비치도록 그려줘. 강 안에는 물고기가 여러 마리 
있고 그 중 몇 마리는 튀어 오르도록 그려줘. 여자 어린이는 왼쪽 남자
는 오른쪽에 그 둘을 지켜보는 어른들도 그려줘. 여자 애는 만세하고 있
고 남자에는 점프하고 있도록. 신비로운 분위기로. 아, 유니콘도 넣어줘.

*정확한 비유 X 예시입니다.

Colour pallete Pose map

Depth 
map etc

…

Segmentation map
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Conditional Diffusion Models

이미지 출처 https://m.tv.zum.com/play/2753588 , https://maily.so/trendaword/posts/70e6d8

Needs for Controllable Diffusion Model

Controllable Diffusion Model

우리가의도한 결과가생성되는모델의필요성

알아서 잘 딱 깔끔하고 센스 있게, 알지?

https://m.tv.zum.com/play/2753588


3. Controllable Diffusion Models
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Motivation

Text prompt : “An astronaut dabbing,cartoonstyle”

Desired image

Stable Diffusion Model

Generated image
다른 condition을 추가 해보자!

Depth map Image

…

Controllable Diffusion Models
Control pretrained large diffusion models to support additional input  conditions

이미지 출처https://leafyquick.com/blogs/news/is-dabbling-with-cbd-right-for-you

*dabbing
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Motivation

Okay, but how?

-training from scratch

-fine tuning light-weight adapters on frozen pretrained T2I diffusion models

Desired image

Stable Diffusion Model

Generated image
다른 condition을 추가 해보자!

Controllable Diffusion Models
Control pretrained large diffusion models to support additional input  conditions
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Scratch부터다시모델을학습시켜야할까?

ControlNet
Control pretrained large diffusion models to support additional input  conditions

이미지 출처 : https://stability.ai/ 

Desired image Generated image

Stable Diffusion 
Model

다른 condition을 추가 해보자!

Depth map Image

…

No! Stable Diffusion을 최대한 활용하자! 
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Adding Conditional Control to Text-to-Image Diffusion Models (2023, ICCV)

Large diffusion model을제어하여task-specific한입력조건을학습하는end-to-end 구조의ControlNet 제안

Large diffusion model이가지는강력한힘을유지하고, 추가적인 input에따라바르게모델을build하는방법

ControlNet
Control pretrained large diffusion models to support additional input  conditions

[4] Zhang, L., Rao, A., & Agrawala, M. (2023). Adding conditional control to text-to-image diffusion models. In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 3836-3847).
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대용량 이미지 데이터에서 학습된 weight를 보존Task-specific dataset에서 conditional control을 학습

ControlNet
Control pretrained large diffusion models to support additional input  conditions

수정

Locked Copy
(Stable Diffusion)

“An astronaut dabbing,cartoonstyle”

freeze

Adding Conditional Control to Text-to-Image Diffusion Models (2023, ICCV)

Large diffusion model로부터trainable copy와locked copy를복제함
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Adding Conditional Control to Text-to-Image Diffusion Models (2023, ICCV)

Large diffusion model로부터trainable copy와locked copy를복제함

대용량 이미지 데이터에서 학습된 weight를 보존Task-specific dataset에서 conditional control을 학습

ControlNet
Control pretrained large diffusion models to support additional input  conditions

수정

Locked Copy
(Stable Diffusion)

“An astronaut dabbing,cartoonstyle”

Trainable Copy
(External  Network)

freeze

Flow information
into the main model
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Technical Method

Zero Convolution layer

-가중치와바이어스가모두0으로초기화된1 * 1 convolution layer

-기존의학습된가중치를유지하며새로운조건에맞게모델을조정하는역할

ControlNet
Control pretrained large diffusion models to support additional input  conditions

수정

𝒵 ∙ ; ∙ ∶ 𝑍𝑒𝑟𝑜 𝐶𝑜𝑛𝑣𝑜𝑙𝑢𝑡𝑖𝑜𝑛

파라미터의 두 인스턴스 𝜃𝑧1, 𝜃𝑧2

𝜃𝑐 : original block 파라미터의 trainable copy

첫 번째 학습 step에서 𝑦𝑐값은 0으로 초기화 되어

최적화 전의 zero convolution layer는  feature에 영향을 미치지 않음 

ControlNet 구조

신경망 구조의 출력

𝑦𝑐 = ℱ 𝑥; 𝜃 + 𝒵(ℱ 𝑥 + 𝒵 𝑐; 𝜃𝑧1 ; 𝜃𝑐 ; 𝜃𝑧2)
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Technical Method

Zero Convolution layer

-weight와bias를0으로설정하면gradient가흐르지않는것아닌가?

ControlNet
Control pretrained large diffusion models to support additional input  conditions

수정

𝒚𝒄 = 𝓕 𝒙; 𝜽 + 𝓩(𝓕 𝒙 + 𝓩 𝒄; 𝜽𝒛𝟏 ; 𝜽𝒄 ; 𝜽𝒛𝟐)
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Results

학습된condition을바탕으로만들어진이미지

Default prompt : “a high-quality, detailed, and professional image”

ControlNet
Control pretrained large diffusion models to support additional input  conditions

수정
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Results

Controlling Stable diffusion with various conditions without prompts

ControlNet
Control pretrained large diffusion models to support additional input  conditions

수정
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Limitation

각단일조건에대해하나의독립적인adapter를필요로함

제어조건의수가증가함에따라fine-tuning 비용과모델크기가비례하게증가

Conclusion

원본모델을고정하고각condition에대한adapter를fine tuning하는방법

Trainable copy를통해데이터셋이작을때도overfitting방지가능

Training cost의현저한감소

수정

ControlNet
Control pretrained large diffusion models to support additional input  conditions
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Composer : Creative and Controllable Image Synthesis with Composable Conditions (2023, ICML)

시각적구성요소들을 재결합하여 새로운이미지를생성하는multi conditional diffusion model

분해(decompose) 단계와 recompose(합성) 단계를통해합성가능한생성형모델제시

Composer
Creative and Controllable Inage Synthesis with Composable Conditions

[5] Huang, L., Chen, D., Liu, Y., Shen, Y., Zhao, D., & Zhou, J. (2023). Composer: Creative and controllable image synthesis with composable conditions. arXiv preprint arXiv:2302.09778.
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Compositionality (합성성)

Controllable diffusion model의핵심을‘Compositionality’로정의

기본요소(primitive elements)의 결합을통해새로운표현이구성될수있음

Composer
Creative and Controllable Inage Synthesis with Composable Conditions

Sample Complexity 감소 / Deeper Generalization 가능

[7] Lake, B. M., Ullman, T. D., Tenenbaum, J. B., and Gershman, S. J. Building machines that learn and think like people. Behavioral and Brain Sciences, 40, 2017.

[8] Biederman, I. (1987). Recognition by Components: A Theory of Human Image Understanding. Psychological Review, 94(2), 115–147.
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Compositionality (합성성)

이미지생성의핵심은합성!

유한한개수의 요소를무한하게활용할수있다

Composer
Creative and Controllable Inage Synthesis with Composable Conditions

Sample Complexity 감소 / Deeper Generalization 가능

“ The infinite use of finite means”
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Method 

Decomposition

-이미지를8개의representation으로학습중즉석에서분해

Composer
Creative and Controllable Inage Synthesis with Composable Conditions

semantics depth map

masking color

sketch

caption

Instance

Intensity
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Method 

Composition 

-Representation의집합으로부터이미지를recompose(재구성) 하는단계

Global conditioning :  이미지전체에대한조건

Localized conditioning : 이미지내특정영역이나구성요소에대한조건

Joint training strategy

Composer
Creative and Controllable Inage Synthesis with Composable Conditions
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Method 

Composition : Representation의집합으로부터이미지를recompose(재구성) 하는단계

Global conditioning :  이미지전체에대한조건

Localized conditioning : 이미지내특정영역이나구성요소에대한조건

Joint training strategy

Composer
Creative and Controllable Inage Synthesis with Composable Conditions

semantics colorcaption

Global Condition
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Method 

Composition : Representation의집합으로부터이미지를recompose(재구성) 하는단계

Global conditioning :  이미지전체에대한조건

Localized conditioning : 이미지내특정영역이나구성요소에대한조건

Joint training strategy

Composer
Creative and Controllable Inage Synthesis with Composable Conditions

Local Condition

Depth map

Masking Sketch

Segmentation

Intensity
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Method 

Composition : Representation의집합으로부터이미지를recompose(재구성) 하는단계

Global conditioning :  이미지전체에대한조건

Localized conditioning : 이미지내특정영역이나구성요소에대한조건

Joint training strategy

Composer
Creative and Controllable Inage Synthesis with Composable Conditions
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Results

Composer
Creative and Controllable Inage Synthesis with Composable Conditions
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Results

Image generation

Composer
Creative and Controllable Inage Synthesis with Composable Conditions
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Results

Compositional한이미지생성task

Composer
Creative and Controllable Inage Synthesis with Composable Conditions
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Conclusion

Scratch부터큰diffusion model을새로학습시킴으로써여러condition에맞게compositional한이미지생성을가능하게함

단일condition과다중condition 모두높은퀄리티로task 수행

이미지생성을분해/합성단계로구분하여 높은퀄리티의이미지생성가능

Composer
Creative and Controllable Inage Synthesis with Composable Conditions

Limitation

매우높은training cost
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Uni-ControlNet : All-in-One Control to Text-to-Image Diffusion Models (2023, NeurlPS)

하나의모델내에서다양한local control과global control의동시사용이가능하게하는controllable diffusion model

Uni-ControlNet
All-in-One Control to Text-to-Image Diffusion Models

[6] Zhao, S., Chen, D., Chen, Y. C., Bao, J., Hao, S., Yuan, L., & Wong, K. Y. K. (2023). Uni-ControlNet: All-in-One Control to Text-to-Image Diffusion Models. arXiv preprint arXiv:2305.16322.
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Comparisons of different controllable diffusion models

pre-trained model 고정, 2개의추가적인adapter를fine-tuning하는과정만요구됨

Condition을 local과global로나눔

다양한condition에대한훌륭한composable control이가능

Uni-ControlNet
All-in-One Control to Text-to-Image Diffusion Models

수정
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Method

Local Control Adapter

-7개의local condition 사용( Canny edge, MLSD edge, HED boundary, Sketch, Openpose, Midas depth,  Segmentation mask

- Multi scale condition 주입전략을사용

Uni-ControlNet
All-in-One Control to Text-to-Image Diffusion Models

수정
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Uni-ControlNet
All-in-One Control to Text-to-Image Diffusion Models

수정

Method

Global Control Adapter

-CLIP 이미지인코더로부터추출된global image embedding

-original text token과global token을concatenate하여extended prompt 생성

-extended prompt :main model과control adapter 모두의cross attention input

Token 1 Token 2 Token K…

Global TokenOriginal Text Token

Token 1 Token 2 Token 𝐾0… concat

Extended Prompt

Global Control Adapter

Global Conditions

Feedforward Layer

Projected Condition Embeddings

Reshape
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Method -framework

Local control과global control을각각을분리하여fine tuning

Uni-ControlNet
All-in-One Control to Text-to-Image Diffusion Models

수정

Local Control Adapter

Encoder
Middle
Block

Decoder

Add Concat

Extended Prompt

Extended Prompt

Global control
Adapter

Extended Prompt
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Results

Uni-ControlNet
All-in-One Control to Text-to-Image Diffusion Models

수정

Single condition

2 Local conditions

1 Local  condition 

+ 1 Global condition
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Results

FID score와다양한정량적평가지표에서높은성능

Uni-ControlNet
All-in-One Control to Text-to-Image Diffusion Models

수정



5. Conclusion
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Conclusions
Controllable Diffusion Model

Controllable Diffusion Model

ControlNet

Composer

Uni ControlNet

Future works

이미지내매우세밀한영역의control

조건이충돌하는경우의condition을조절할방법

etc
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