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• What is anomaly detection

▪ Normal(정상) sample과 abnormal(비정상, 이상치, 특이치) sample을구별하는문제

▪ Anomaly detection은제조업뿐만아니라 CCTV, 의료영상, Social Network 등
다양한분야에서응용되면서중요한분야로인식

Background

< 산업용 anomaly dataset의예시 >
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• Reconstruction-based anomaly detection

▪ Input 이미지를 reconstruct하는과정을통해 normal 데이터의 distribution을
train하는방법론들이 trend

▪ Normal 데이터의 distribution을학습한 model은 normal 데이터의
distribution으로부터멀리떨어진데이터의 reconstruct capability가좋지않을
것이라는가정하에 reconstruction error가큰 sample을 anomaly로판별함

▪하지만 reconstruction-based 방법론들은 identical shortcut 문제가발생함

− Identical shortcut : normal/ abnormal sample을모두잘복원하고 anomaly detection에
실패하는문제

҉ Fully-connected layer in MLP

҉ Convolutional layer in CNN

҉ Transformer with query embedding

Background
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• Reconstruction-based anomaly detection

▪ Identical shortcut : normal/ abnormal sample을모두잘복원하고 anomaly 

detection에실패하는문제

Background
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• Text-based anomaly detection

▪ Reconstruction-base와달리 text-based method는다른 setting과 method를사용함

−WinCLIP은 state words와 text candidate를 mix하여 input image에대해 pre-text prompts를
생성함

−Binary mask를통해 input image에대한 multi-scale features를추출하고생성된 prompt 

간의 similarity score를계산하여 anomaly를판별함

Background

< WinCLIP 모델구조 >
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Text-Guided Variational Image Generation for 

Industrial Anomaly Detection and Segmentation
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• Abstract & Introduction

▪ Problem

− Imbalanced non-defective(normal) data

҉ Normal data가대부분서로매우유사하거나 uniform한특성을보이는데, 매우작은
defect에대한 detection 성능에악영향

−Defect의정도는촬영하는기계의종류와관계가있음

−Wrong labeling

҉ Anomaly data를 normal data로잘못 labeling함

Paper 1 
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• Abstract & Introduction

▪ Motivation

− Industrial manufacturing에서 anomaly detection을위한 clean data를얻기위해제안

▪ Summary

−Target object에대한 text 정보를 extensive text library에서학습하여, input 이미지와
유사한 normal 이미지를생성하는데활용함

−생성된 normal 이미지가 text & image-based knowledge에서파생된예상 distribution과
일치하도록보장하여 stability, generality 향상 

Paper 1 
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• Method

▪ Overview

−Keyword-to-prompt generator

−Variance-aware image generator

−Text-guided knowledge integrator

Paper 1 

< 제안 모델구조 >
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• Method

▪ Keyword-to-prompt Generator

−Object name W와 original training image I의가장적절한 prompt P를제공함

−WordNet에기반하여, T-different word를설계하여 candidate prompts를얻음

−획득한 candidate prompts에서최적의 prompts를찾음

҉ 찾는기준은 2가지가있음

✓Distance-based outlier removal

• Candidate prompts의 latent features와 original image간의 L2 distance를계산하여 outlier 

prompts를제거함

✓Embedding similarity estimation

• CLIP encoder를사용하여 image와 text embedding vectors를얻음

• Cosine similarity를계산한뒤, argmax 취함

Paper 1 
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• Method

▪ Variance-aware Image Generator

−원본이미지의 visual variance와유사한이미지를생성해야하기때문에, latent vector의
distribution을표준 정규분포로근사하는 VQGAN을 training image 생성모델로사용

҉ 하지만 VQGAN은 latent vector를사전에정의된 code로근사하여 patch들의
diversity를해치는문제가있음

҉ 이를방지하기위해, 각 patch의 latent vector를 code가아닌 augmented image로부터
얻은 latent vector의평균을사용하여 decoder에넣음

✓이과정으로 diversity를부여함

Paper 1 
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• Method

▪ Text-guided Knowledge Integrator (1/2)

−가장적합한 prompt P와잘맞는 non-defective images를생성하여, 이를 anomaly detection 

model을위한 normal data pool에추가함

−Keyword-to-prompt generator에서선택한 P로부터, CLIP text encoder를통해 text clip 

feature를추출

−동시에 variance-aware image generator를이용하여 image를생성함

҉ 모든 image feature를평균화하여 visual clip feature가추정됨

− Image set을생성하는것을반복하며, image feature expectation과 best prompt feature 

사이의 cosine similarity에따라 image set을 scoring함

҉ Cosine similarity에기반하여, 생성된 image의 best set을선택하고, 이후 anomaly 

detection training에사용함

Paper 1 
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• Method

▪ Text-guided Knowledge Integrator (2/2)

−새로운 image set을생성할때마다, 동시에 variance-aware image generator를 update함

҉ 위작업은 2가지목적이있음

✓Normal input과유사한 image를 generator가생성할수있도록하기위함

✓생성된 image set의 diversity를향상시킬수있음

• Encoder, decoder, codebook vector parameters를포함한 variance-aware image 

generator의모든 parameter를 update함

− Input과유사한 image를생성하기위해 MSE loss를활용하며, Adam optimizer로 update함

Paper 1 
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• Experiments

▪정량적실험결과

−일반화성능을검증하기위해, one-shot, few-shot, full-shot로실험진행

҉ 모든시나리오에서성능향상

−One-shot에서성능향상이가장높은 5가지 class에대한분석이포함됨

Paper 1 

< MVTec-AD 데이터셋에대한실험결과 >
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• Experiments

▪ Optimizing results between our prompt and generated images (1/2)

−Keyword-to-prompt Generator가최적의 prompt를성공적으로찾는결과와 variance-aware 

image generator 및 text-guided knowledge integrator가최적의 prompt 기반으로생성한
이미지를시각화함

−최악의 prompt와최적의 prompt가뚜렷한차이를보임

҉ 두 prompt간의유사성을 cosine similarity score로측정함

Paper 1 
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• Experiments

▪ Optimizing results between our prompt and generated images (2/2)

−최악의 prompt와최적의 prompt 사이에는뚜렷한결과가보임

−아래실험은최적의 prompt가 normal 이미지와유사한특성을가지고있어 text-guided 

knowledge integrator의 성능을향상시킬수있음을증명함

−Table은생성한이미지가원본이미지와가장유사함을정량적으로증명함

Paper 1 
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• Experiments

▪정성적실험결과

Paper 1 
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RealNet: A Feature Selection Network with Realistic 

Synthetic Anomaly for Anomaly Detection
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• Abstract & Introduction

▪ Problem

−기존의방법들은 anomaly 이미지와 anomaly categories에대한 prior knowledge가부족함

҉ Crafted data augmentation strategies 또는 external data에의존하여합성해야함

✓이는실제이미지와합성이미지의 distribution간의상당한차이가발생함

✓따라서 real-world에서응용이어려움

▪ Solution (Contribution)

−위문제를해결하기위해 Strength-controllable Diffusion Anomaly Synthesis (SDAS) 제안

҉ Natural distribution에더가까운다양한 sample을생성하고 anomaly strength를제어

҉ Normal sample의 distribution을모델링하기위해, DDPM을사용

−Anomaly 이미지를 normal 이미지의 feature로 reconstruct하고차이점을이용해 anomaly 

detection, localization 수행

Paper 2 
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• Method

▪ Strength-controllable Diffusion Anomaly Synthesis (SDAS)

−DDPM (forward process), Markov chain (reverse process)을사용하여 normal 이미지의
distribution 학습

−다양한 anomaly 형태를위해, perlin noise generator 사용하고이를 binarization하여 mask 

M을생성

−마지막으로아래알고리즘을수행하여최종합성이미지생성

҉ ഥ𝑀 = 1 −𝑀, δ 는이미지의불투명도를의미

Paper 2 
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• Method

▪ Anomaly-aware Features Selection (AFS)

−Reconstruction에사용하기위해 SDAS에서생성한이미지를 pretrained network에넣어
k번째 layer의 output을선택함으로써 feature를추출함

−Pretrained network에원본이미지와생성한 anomalous 이미지를넣고각 output 간의
차이를구한뒤, mask M과같은 resolution을갖도록하여 M과의차이를 loss로사용

҉ 이때 layer는다양한 layer를선택하기때문에 multi-scale임

− feature dimensionality를줄이고, pre-training bias를제거하며, reconstruction cost를
관리하는 self-supervised method

Paper 2 
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• Method

▪ Reconstruction Residuals Selection (RRS)

−가장 anomalous information을갖는 reconstruction residuals의 subset을선택함

−Reconstruction residuals에 global max pooling (GMP), global average pooling (GAP)을사용

҉ 이는각각 top k reconstruction residuals를의미

҉ GMP, GAP는각각 local, global properties를의미함

✓GMP, GAP는각각 local anomalies, global anomalies를포착하는데효과적

҉ 두 case를합쳐 various scales의 anomalies를포착함

−마지막으로 image-level resolution으로 reconstruction한뒤, anomaly scores를계산

Paper 2 
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• Experiments

▪ SIA와 anomaly synthesis method를사용하여 realnet 학습

−학습에사용한 anomaly synthesis method

҉ DTD

✓DTD 데이터셋을사용하여생성된 anomaly texture와이미지를혼합하며, 혼합
과정에서이미지편집을수행

҉ NSA

✓푸아송이미지편집을사용

҉ Cutpaste

✓random하게이미지자르기, 붙여넣기

Paper 2 
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• Experiments

▪ Comparison anomaly synthesis method

Paper 2 
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• Experiments

▪ Comparison related models

−동일한과정을다른 model에서 train한결과

҉ Realnet이가장효과적이었음

−SIA를사용했을때, 다른 augmentation method보다효과적인것을증명한실험

Paper 2 
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Thank You


	기본 구역
	슬라이드 1: 2024 여름 세미나
	슬라이드 2: Outline
	슬라이드 3: Background
	슬라이드 4: Background
	슬라이드 5: Background
	슬라이드 6: Background
	슬라이드 7
	슬라이드 8: Paper 1 
	슬라이드 9: Paper 1 
	슬라이드 10: Paper 1 
	슬라이드 11: Paper 1 
	슬라이드 12: Paper 1 
	슬라이드 13: Paper 1 
	슬라이드 14: Paper 1 
	슬라이드 15: Paper 1 
	슬라이드 16: Paper 1 
	슬라이드 17: Paper 1 
	슬라이드 18: Paper 1 
	슬라이드 19
	슬라이드 20: Paper 2 
	슬라이드 21: Paper 2 
	슬라이드 22: Paper 2 
	슬라이드 23: Paper 2 
	슬라이드 24: Paper 2 
	슬라이드 25: Paper 2 
	슬라이드 26: Paper 2 
	슬라이드 27:  


