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Outline

• Background

▪ Diffusion Models

▪ Classifier & Classifier-free Guidance

• Saharia, Chitwan, et al. “Photorealistic text-to-image diffusion models with deep language 

understanding.” Advances in Neural Information Processing Systems(NeurIPS), 2022

• Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International 

Conference on Learning Representations(ICLR), 2022
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Background

• Diffusion Models

▪ Gaussian Noise를 반복적인 denoising 과정을 거쳐서 학습된 data의 분포(image)로 변환하는 생성 모델

▪ Conditional diffusion models

− Diffusion model을 class label/text/저해상도 image로 conditioning 가능

▪ Diffusion model ො𝑥𝜃는 아래와 같은 denoising objective로 학습

− 𝑥, 𝑐 : data-condition pair, 𝑡~𝑈 0,1 , 𝜖~𝑁 0, 𝐼 (Gaussian Noise)

▪ 직관적으로 diffusion model은 noise가 있는 𝑧𝑡 ≔ 𝛼𝑡𝑥 + 𝜎𝑡𝜖를 𝑥로 denoising하는 것

− 이 식을 reparameterization trick을 이용하여 𝜖-space에서 𝜖𝜃에 대해 squared error loss를 적용

− 원본 image 자체를예측하는 문제에서 timestep t에서 t-1로갈때제거할 noise를 예측하는문제로전환



4

Background

• Classifier Guidance vs. Classifier-free Guidance

▪ Classifier Guidance

− Classifier model을 따로두어서 class y에대한 data sample의 gradient score를뽑고, 이를사용하여 Diffusion Model을 점점
class가 있는쪽으로유도해생성하도록함

− Classifier를 추가로훈련해야 하고, ImageNet 같이 class가 있는 task에서만사용가능한 문제가존재

▪ Classifier-free Guidance

− Classifier Guidance의 수식을 Bayes Rule을 이용해 정리하면, conditional function 𝜖𝜃 𝑥𝑡, 𝑐 과 unconditional function 𝜖𝜃 𝑥𝑡 의
값을 섞어서사용하는 Classifier-free Guidance 수식이나옴

− Condition을 timestep과 함께직접 Denoising U-Net에 input으로 넣어줌

𝝐𝜽 𝒙𝒕, 𝒄 = 𝒘𝝐𝜽 𝒙𝒕, 𝒄 + (𝟏 − 𝒘)𝝐𝜽 𝒙𝒕
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Photorealistic text-to-image diffusion models with 

deep language understanding
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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

• Google에서 발표한 Text-to-Image Diffusion Model

• Imagen은 두개의강력한모델로구성됨

▪ 뛰어난 언어 이해력을 가진 Transformer 기반 Large Language Models

▪ 고품질의 image를 생성해 내는 Diffusion models

• image 없이 text 만으로 pre-trained 된 Language Model을사용(e.g., T5)

▪ image 생성을 위한 text encoding에서 뛰어난 효과를 보임

• COCO Dataset에대한 FID score에서 7.27의 SOTA 달성

• DrawBench라는벤치마크를새로소개
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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

Introduction

• Text Encoder로 frozen된 T5-XXL를 사용

• 64x64 image를생성하는 Text-to-Image Diffusion Model과 2개의 Super-Resolution Diffusion 

Model을사용해최종적으로 1024x1024 image 생성

• 모든 Diffusion models는 text embedding에대해 condition되어있고, classifier-free guidance를사용
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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

Key Contributions

1. Text만으로학습한 Large frozen language models를 text encoder로사용했을때 image 생성에매우

효과적임을밝힘

2. 새로운 diffusion sampling 기법인 dynamic thresholding을제안

3. COCO FID에서 7.27로새로운 SOTA를 달성

4. Text-to-Image task의새로운평가지표인 DrawBench를소개하며, Imagen이 DALL-E 2 등다른

모델들에비해더우수함을확인
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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 input의 complexity와 compositionality1)를 파악하기 위해 문장의 의미를 이해할 수있는 text encoder가 필요

• 이전의연구

▪ image-text paired data를 사용하여 text encoder를 학습하는 것이 표준(e.g., CLIP)

▪ Text encoder를 통해 visually semantic한 표현을 encoding

• Imagen

▪ text만으로 이루어진 corpus가 더욱 광범위한 text distribution을 가지고 있다고 주장

▪ Large Language model이 text-to-image generation task를 위한 encoder로 활용될 수 있음(e.g., BERT, GPT, T5)

▪ BERT, T5, CLIP에 대해서 모두 실험

▪ Text encoder는 pre-trained model을 사용하여 추가 학습 없이 freeze함

1) Compositionality(합성성의원리): 문장을구성하는요소들의의미와구성요소들의조합방식에따라문장의의미가결정되는원리
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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

• T5-XXL encoder vs. CLIP encoder

▪ MS-COCO와 같은간단한 benchmark에서는
비슷한 성능

▪ Challenging prompt들로 이루어진
DrawBench에서는 image-text alignment와 image 

fidelity 모두에서 T5-XXL가 우수
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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

• Imagen에서는 Text-to-Image Diffusion Model로 Classifier-free Guidance Diffusion Model을사용

Condition c
(Text Embedding)

𝝐𝜽 𝒙𝒕, 𝒄 = 𝒘𝝐𝜽 𝒙𝒕, 𝒕, 𝒄 + (𝟏 − 𝒘)𝝐𝜽 𝒙𝒕, 𝒕
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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 – Large Guidance Weight Samplers

• Classifier-free Guidance 방식으로 Diffusion Model을학습했을때, guidance weight w값이일정
수준보다커지면 pixel 값이포화되는문제가발생

▪ 생성한 image가 검정색으로 가득해짐

▪ x-prediction인 ෝ𝒙𝟎
𝒕의 값이 training data x의 범위인 [-1, 1]을 벗어나면서 발생

• Static Thresholding

▪ x-prediction의 pixel 값의 범위를 [-1, 1]로 clipping

• Dynamic Thresholding

▪ 각 sampling step마다 threshold s를 dynamic하게 정하고, 정한 [-s, s]의범위에서 특정비율을 정해 그값을넘는
pixel을 잘라줌

w=1

w=2

w=3

w=4

w=5
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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-to-Image Diffusion Model로부터생성된
image는 64x64의 low resolution image

• 이후 Upscaling을위한 SR Diffusion Model을
이어붙임

▪ 64x64 → 256x256

▪ 256x256 → 1024x1024

▪ SR3 논문의 SR Diffusion Model구조를 사용
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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-to-Image Diffusion Model로부터생성된
image는 64x64의 low resolution image

• 이후 Upscaling을위한 SR Diffusion Model을
이어붙임

▪ 64x64 → 256x256

▪ 256x256 → 1024x1024

▪ SR3 논문의 SR Diffusion Model구조를 사용
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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

• 𝑥𝑡: High-resolution image에서 forward process를통해생성된 noisy image

• 𝑧: upsampled low-resolution image

▪ high-resolution image 𝑥𝑡와 동일한 크기

▪ augmentation level(Gaussian noise 강도)을 이용해 low-resolution image를 corrupt 시킴

− 이러한 Noise conditioning augmentation은 high-fidelity image를 생성하는데좋은 성능을보임

• 𝑀1, 𝑀2, … ,𝑀𝐾: channel multipliers

• Augmented z와 𝑥𝑡 를 concatenate하여 text embedding과함께 U-Net에넣어줌
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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

Evaluating Text-to-Image Models

• Text-to-Image Model은 COCO dataset의검증세트를기준으로 FID & CLIP score로성능측정

▪ FID: Image의 fidelity 측정

▪ CLIP score: image-text alignment 측정

• COCO dataset의한계를보완하기위해 DrawBench라는새로운벤치마크제안
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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
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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
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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
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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 ▪ COCO validation set에대한
FID score

▪ Imagen과 COCO dataset의 image 

quality 및 alignment에 대한 인간 평가

▪ DrawBench에 대한 fidelity 및 alignment 인간 평가
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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 model은 image editing하기어려움

▪ Text prompt에 약간의 수정을 가해도 output이 완전히 달라짐

• Prompt-to-Prompt editing framework를 제시

▪ Image의 공간적위치와 prompt 각 단어 간의 relation을 cross-attention으로 조절
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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 와같은 Large-scale Language Image model은 높은 image generation 성능을보임

▪ 주어진 image의 특정 semantic region에 대한 control에는 취약함

• 기존에는 Image editing을위해 masking 후 inpainting하는방법활용

▪ Masking 절차가 번거로움

▪ 빠르고 직관적인 text 기반 editing을 방해

▪ Image 내의 구조적인 정보를제거하는 문제 발생
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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 조작을통해서직관적이고강력한 textual editing 방법을소개

▪ Pixel Text prompt token 사이의 cross-attention maps를 사용

• 본논문에서는 3가지 editing methods를제시

1. 생성된 image에서 특정 단어에 대한 semantic effect를확대하거나축소

2. prompt의 single token’s value를 바꿈

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

Method

• Text-guided diffusion model에서 random seed만을고정하고수정된 text prompt로 re-generate 시도

▪ “lemon cake” prompt에서 lemon만 다른 재료들로 수정하려 했지만실패

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

Method

• 해당실험을통한 key observation

▪ 생성된 image의 구조와 모습에는 random seed 뿐만 아니라, pixel과 text embedding 간의 interaction 또한
영향을 줌
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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 논문의 model을 backbone으로사용

• 64x64-Resolution Text-to-Image Diffusion model에만 적용

▪ Image의 구성과모습이 64x64 resolution의 diffusion process에서결정됨

▪ Imagen의 SR model은 그대로사용

Imagen architecture
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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 model은 U-Net을사용해 noisy image 𝑧𝑡와 text embedding 𝜓(𝑃)으로부터 noise 𝜖를 predict

▪ 마지막 step에서 image 𝐼 = 𝑧0를 생성

▪ Language와 Visual 간의 interaction은 이 noise prediction 과정에서 일어남

▪ 이 과정에서 textual tokens에 대한 spatial attention map을 만들어 내는 cross-attention layer를 활용

(U-Net)
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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

• Noisy image 𝜙(𝑧𝑡)의 spatial feature → Query Matrix 𝑄 = 𝑙𝑄(𝜙 𝑧𝑡 )

• Text Embedding 𝜓(𝑃) → Key Matrix 𝐾 = 𝑙𝐾(𝜓 𝑃 ), Value Matrix 𝑉 = 𝑙𝑉 𝜓 𝑃

• Attention map 𝑀 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(
𝑄𝐾𝑇

𝑑
)

▪ Cell 𝑀𝑖𝑗는 i번째 pixel과 j번째 token에 대한 weight를 정의

▪ d는 key와 query의 latent projection dimension

• 최종 cross attention output 𝜙 𝑧𝑡 = 𝑀𝑉로정의

▪ 이것을 pixel feature 𝜙(𝑧𝑡)를업데이트하는데 사용
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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

• 각 token에대한 attention maps와 timestamp에따른 attention map의변화를시각화

▪ Token “bear”의경우 pixel들이 곰에 더 연결되어 있음

▪ Token “bird”의 경우 pixel들이 새에 더 연결되어 있음

• 이미지의구조가 diffusion process 초반에결정되는것을확인가능
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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

• 𝐷𝑀(𝑧𝑡 , 𝑃, 𝑡, 𝑠): diffusion process의 single step t

▪ Output: noisy image 𝑧𝑡−1 + attention map 𝑀𝑡

• 𝐷𝑀 𝑧𝑡 , 𝑃, 𝑡, 𝑠 {M ← 𝑀}: attention map M을 𝑀으로바꾼 diffusion step

• 𝑀𝑡
∗: edited prompt P*로부터생성된 attention map

• 𝐸𝑑𝑖𝑡(𝑀𝑡 ,𝑀𝑡
∗, 𝑡): general edit function, 본논문에서는세가지종류의 editing을제공

▪ Word Swap, Adding a new phrase, Attention Re-Weighting

▪ 원본 image의 attention map 𝑀𝑡와, editing image의 attention map 𝑀𝑡
∗를 모두 사용하여 새로운 map 𝑀를 생성

− 원본 image의 구조를적절히 유지하면서 editing을 진행함을의미
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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

• Word Swap: original prompt의 token을다른것으로교환

▪ Ex. P = “a big red bicycle”, P* = “a big red car” 

▪ 𝜏: attention map 교체가 적용되는 step을 결정하는 timestep 파라미터
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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

• Adding a New Phrase: prompt에새로운 token을추가

▪ Ex) P = “a castle next to a river.”, P* = “children drawing of a castle next to a river.”

• 일반적인 detail을유지하기위해서, original prompt의 attention maps에다가새로운 token에해당되는
attention map들만주입

▪ Alignment function A(j): P*의 j번째 token에 매칭되는 P의 token index 또는 None을 반환

− A(j)가 None일경우, P*의 j번째 token이새로운 token임을의미
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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

• Attention Re-weighting: 각 token이결과 image에영향을미치는정도를강화/약화

▪ Ex) P = “a fluffy red ball”, 공을 더 fluffy 또는 덜 fluffy 하도록 변경

▪ 𝑐 ∈ [−2, 2]: 강화/약화하도록 지정된 특정 token(j*)의 weighting parameter
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Hertz, Amir, et al. “Prompt-to-prompt image editing with cross attention control.” International Conference on Learning Representations(ICLR), 2022

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

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

Experiments: Adding a New Phrase
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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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Experiments: Attention Re-weighting
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Any Questions?
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