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• Open-vocabulary panoptic segmentation

▪ Open-vocabulary

−일반적인 closed-vocabulary에서는 training dataset에정의된 class만감지

−그러나 open-vocabulary는어떠한사전지식없이미리정의되지않은 class도감지

−최종적으로는제한된 training class를 극복한일반화성능을목표로함

▪ Panoptic segmentation

− Semantic segmentation

҉ Per-pixel class labels

− Instance segmentation

҉ Per-object instance labels

− Panoptic segmentation

҉ Per-pixel class+instance labels

҉ [class][instance id]로 label

Background
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• Stable Diffusion

▪ Diffusion-based High-resolution synthesis

−Autoencoder 구조를통해 latent embedding을압축하여 perceptual image compression

−기존의 diffusion model보다 high-resolution 이미지생성

▪ Text-to-image model

− Text를 Encoder 𝜏로 encoding 하여 condition으로활용

−이외에도 semantic map, text, representations, images 등을 condition으로활용함

Background

Stable diffusion Architecture
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• Open-Vocabulary Panoptic Segmentation with Text-to-Image Diffusion 

Models

▪ CLIP Embedding 

▪ NVIDIA

▪ CVPR 2023 Highlight
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• 이미지와텍스트사이의유사도를추론하는모델

• Contrastive pre-training
▪ Image encoder와 Text encoder를통과해서나온 image feature vector와 text feature vector 
사이의연결관계를학습

• Zero-shot prediction
▪ Image encoder로 image feature를추출하고, 모든 class label을 text encoder에통과시켜 text 

feature를추출

▪ N개의 text feature 중 image feature와가장높은상관관계를가지는 text를분류결과로선택

CLIP Embedding

CLIP Embedding
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• 높은이해도를위해 open-vocabulary가활용되고있지만, panoptic segmentation에서는

잘활용되지못하고있음

• 본논문에서는 large-scale text-image diffusion(Stable Diffusion)과 discriminative 

model(CLIP)을활용해 panoptic segmentation을하는 ODISE를제안

Introduction

Open-vocabulary panoptic Segmentation
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• Problem definition
▪ 𝐶!"#$%: train카테고리, 𝐶!&'!: test 카테고리

▪ 𝐶!&'!에는 𝐶!"#$%에없는카테고리도포함

▪ Test 시에는이미지별 category label이나 caption이포함되지않고, 𝐶!&'!만제공됨

Method

ODISE training pipeline
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• Text-to-image diffusion model

▪ Diffusion-based text-to-image generative model은 denoising process를위해 UNet 채택
− UNet은 convolutional blocks, upsampling and downsampling blocks, skip connections, attention blocks로구성

−Attention blocks에서 text embedding과 UNet features 간의 cross attention 계산

▪본논문에서는 visual representation을추출하기위해 diffusion의 single forward pass만수행

▪ Noisy image와 caption이 pair로들어가면 𝑥에대한 visual representation 𝑓가 caption 𝑠에
종속되게됨

• Implicit Captioner
▪ Input image에내재된 text embedding을생성하기위한 network

▪ Frozen한 CLIP를통해 embedding space로 encode 이후, MLP를통해 implicit text 
embedding으로 project

Method

Implicit Captioner
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• Mask Generator

▪ Input
− f

▪ Output
− N class-agnostic binary masks 𝑚! !"#

$

− N mask embeddings 𝑧! !"#$

Method
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• Mask classification
▪예측된 binary mask를 open vocabulary의 category label에배정하기위해, text-image 

discriminative model(CLIP)을활용

▪대표적인두가지 supervision signal
− Category label supervision

҉ Training시각마스크의 category label GT가사용가능하다고가정

҉ 각 mask embedding feature 𝑧$에대해 ground truth category 𝑦$를붙임

҉ Mask embedding feature 𝑧$가 𝐾!"#$% classes에속할확률계산

҉ CrossEntropyLoss 사용

Method

Category label supervision loss
𝜏(𝐶%&'!(): encoded train categories

𝜏: learnable parameter
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• Mask classification
▪예측된 binary mask를 open vocabulary의 category label에배정하기위해, text-image 

discriminative model(CLIP)을활용

▪대표적인두가지 supervision signal
− Image caption supervision

҉ Training시각마스크의 category label GT가없다고가정

҉ 대신 image별 caption에서명사를추출해서 GT label처럼활용

҉ Grounding loss 사용

Method

The	similarity	between	each	image-caption	pair

Image	caption	supervision	loss
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• Open-vocabulary inference
▪ Inference시 caption과 label은쓸수없고 test categories 𝐶>?@>만사용가능

− Implicit captioner 활용

▪ Predicted mask를 test category로 classify하기위해 text-image discriminative model(CLIP)의
encoder를활용

− Image encoder로 image 𝑥를 encode해서 feature map으로변환

−Mask pooled image feature 계산

−Mask pooled probabilities와 mask probabilities를 geometric mean하여계산

Method

Mask pooled image feature

Open-vocabulary inference pipeline
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Experiments
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• Downstream task에서 frozen internal representation of large-scale text-to-image diffusion 

models의가능성을제안

• Text-to-image diffusion model이 plausible image generation 뿐만아니라 semantic

representation 학습에뛰어나다는것을증명

Conclusions
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• InstructPix2Pix: Learning to Follow Image Editing Instructions

▪ CVPR 2023 Highlight
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InstructPix2Pix
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• Human-written instruction 기반 image editing을위한학습방법론을제시

• 학습데이터제작을위해 GPT-3와 Stable Diffusion 결합

▪ Generated data로학습

▪ Real image와 user-written instruction으로 inference

Introduction
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• Instruction-based image editing을 supervised problem으로정의

▪ Instruction과 image의 paired training dataset을생성

▪ Image editing diffusion model을학습

• Generating instructions and paired captions
▪ Large language model (GPT-3) 활용

− Image captions을 input으로, editing instruction과 the resulting text caption을 output으로생성

− Small human-written dataset으로 finetuning
҉ Finetuning dataset 제작을위해, 700 개의 input caption에대한 instruction과 output caption을

manually하게작성

Method
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• Generating paired images from paired captions
▪ Pretrained text-to-image model(Stable Diffusion) 활용

− Caption pair(input caption+edited caption)를 image pair로전환

▪ One challenge: text-to-image models는 image consistency를보장하지않음

−예를들어, “a picture of a cat”과 “a picture of a black cat＂이완전히상이한이미지생성

− Prompt-to-Prompt를사용하여해결

҉ 몇개의 denoising steps에서 prompt-to-prompt의 cross attention weight를활용

▪ Caption pair만으로 optimal value를찾는것은쉽지않음

− Caption pair마다 100개의 image를생성한뒤, CLIP-based metric를통해 filtering

− CLIP-based metric: 두 image의변화와두 caption의변화의일관성을유지시키는효과가있음

Method

Prompt-to-Prompt를통한 image consistency
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• InstructPix2Pix

▪ Stable Diffusion 기반 large-scale text-to-image latent diffusion model

▪ Image conditioning 𝑐(와 text instruction conditioning 𝑐)가주어졌을때, noisy latent 𝑧!에더해진 noise를

예측하는네트워크 𝜖*를학습

▪ Pretrained Stable diffusion checkpoint를초기화하여사용

▪첫번째 convolutional layer에추가적인 input channels를더하여사용

− 𝑧!와 𝜀(𝑐()를 concat

Method

InstuctPix2Pix objective function
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• Classifier-free guidance for two conditionings

▪ 원래의 Classifier-free: Guidance scale 𝑠로 class guidance의 scale을조정

▪ InstructPix2Pix: 두 guidance scale(𝑠(와 𝑠))로 scale을조정

Method

Original classifier-free score estimate
InstructPix2Pix score estimate

Two conditioning inputs
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• Classifier-free guidance for two conditionings

▪ 원래의 Classifier-free: Guidance scale 𝑠로 class guidance의 scale을조정

▪ InstructPix2Pix: 두 guidance scale(𝑠(와 𝑠))로 scale을조정

Method

Original classifier-free score estimate
InstructPix2Pix score estimate

Two conditioning inputs
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Results
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