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• Anomaly detection

▪ Normal sample과 abnormal sample을구별해내는문제

▪ 구분하고자하는대상에따라여러분야로나뉨

−비정상 sample 정의에따른분류

҉ Novelty Detection(Unseen)

✓지금까지등장하지않았지만충분히등장할수있는 sample을 찾아내는분야

҉ Outlier Detection(abnormal)

✓등장할가능성이거의없는, 데이터에오염이발생했을가능성이있는 sample을 찾
아내는분야
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< Sample 예시 >



• Anomaly detection

▪ Normal sample과 abnormal sample을구별해내는문제

▪ 데이터셋의구성에따라 anomaly detection의분야가달라짐

− Supervised Anomaly Detection

҉ 이상데이터와정상데이터의 label이 존재

− Semi-supervised (One-Class) Anomaly Detection

҉ 정상데이터에만 label이존재

− Unsupervised Anomaly Detection

҉ 모든데이터가 label이 존재하지않음
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< Anomaly detection 적용분야 >



• Supervised Anomaly Detection

▪ 정상 sample과비정상 sample의 Data와 Label이모두존재하는경우

▪ 다른방법대비정확도가높음

−그러나현실적인상황에서는정상 sample보다 비정상 sample의 발생빈도가적어 class 

imbalance문제를 발생

−또한이상치의기준이명확하지않아이상치 label을생성하기가어렵고시간과비용이많이
소모됨

−훈련된 class나데이터유형이아닌이상치가들어올경우모델전체를다시훈련시켜야함

҉ 다중회귀분석, SVM, 의사결정나무, 인공신경망등의기법이존재
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< Supervised 기법예시 >



• Semi-supervised (One-Class), Unsupervised Anomaly Detection

▪ Data와 Label이존재하지않거나정상데이터의 Label만존재하는경우

▪ 정상데이터를이용하여데이터가본질적으로가지고있는특징을추출

−정상 sample들을 둘러싸는 discriminative boundary를 설정하고, 이 boundary를 최대한좁혀
boundary 밖에있는 sample들을 모두비정상으로간주

−정상데이터의특징을학습하므로학습되지않은모든이상치데이터들을구분할수있음

҉ 별도의 labeling작업이 필요하지않음

−모델파라메터나정상데이터의구성에따라모델의성능이불안정함
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Anomaly detection

• Background

▪ GAN based anomaly detection

−기존딥러닝모델은입력에대해가장높은확률을지닌출력을내도록학습

҉ 학습되지않은유사데이터나전체데이터셋의분포를고려하기어려움

− GAN model은 학습데이터셋의 distribution을 학습

҉ Data distribution을 학습하기때문에배우지않은데이터에대해서도 In of distribution이라
판단되면생성할수있음
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Anomaly detection

• Background

▪ GAN based anomaly detection

−데이터의분포를학습하는 GAN의성질을이용하여 Unsupervised anomaly detection을 수행할수
있음

҉ 이미지는 WxHxC차원의 하나의포인트라고가정

҉ 분포안에 data라고판단하는포인트에대해서는재구성이가능

҉ 분포밖의 data에대해서는모델이재구성하기힘들기때문에그림이뭉개지는현상이발생

҉ 이때입력이미지와생성된이미지의 l1loss를통해 anomaly detection을 수행할수있음
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Anomaly detection

• Background

▪ VAE based anomaly detection

− Variational auto encoder (VAE)를사용하여데이터의분포를학습

҉ 데이터가가지고있는분포를특정분포로가정

✓Ex) Gaussian, Bernoulli 등

҉ 가정한분포에데이터를맵핑되게학습

✓GAN과비교해서학습이안정
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Anomaly detection

• Background

▪ Anomaly detection 예시
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Anomaly detection

• Background

▪ Anomaly detection 주요문제점

− Representation

҉ Normal data의분포를얼마나잘표현할수있는가

✓Normal data가복잡하여분포를예측하기어려움

✓다양한 data를학습하기힘들기때문에 normal data의분포를표현하기어려움

− Localization

҉ Anomaly 영역을특정하기쉽지않음

҉ CNN의경우처리하는크기가일정하기때문에다양한크기에대해이상치검출을
하기어려움

11



Knowledge distillation

• Background

▪ Teacher network의지식을실제로사용하고자하는 Student network에게전달

▪ 크게 2가지목적을위해사용

− Inference time, model parameters

҉ Student network의크기를 teacher network의크기보다작게만들어더작은모델에서동일
성능을내도록학습시킴
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Knowledge distillation

• Background

▪ Teacher network의지식을실제로사용하고자하는 Student network에게전달

▪ 크게 2가지목적을위해사용

− Model performance

҉ Student network의크기를 teacher network의크기보다크게구성

✓Teacher network로 unlabeled data를 labeling하여 기존데이터에포함하여학습
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Knowledge distillation

• Meta Pseudo Labels

▪ Imagenet Top 1 accuracy 90.2%
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Knowledge distillation

• Meta Pseudo Labels

▪ 기존 Pseudo Labeling 과정은 teacher network를고정시키고수행됨

−따라서 Pseudo Labels을 사용한 student network의 학습결과는 teacher network에 dependency함

▪ 제안된방법은 student network의학습을진행하면서그결과로 teacher network의영향을
끼치도록설계

− labeled data에대한 student의 model의 결과를이용하여다시 teacher model을 학습

҉ student network의 loss를사용하여 teacher network를추가로학습
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ 데이터의특징을추출하여다른 vector로잘표현하기위해서는많은이미지의특성을
배우는것이중요

−따라서 pretrain model을 사용하여다른 task를수행하는경우가많음

▪ 그러나 anomaly-detection task에서는 normal data의분포를학습해야함

− Pretrain model을 사용하면 anomaly한 data의특징도잘추출하게됨

−그러나 pretrain model을 사용하지않은경우보다 normal data를잘표현하기어려움

҉ Pretrain model이 이미지를더정확히분석할수있음

▪ 따라서 imagenet으로 pretrain된 resnet의 represent vector를배우는 teacher network구성

− Teacher network는 normal data로학습되기때문에 anomaly data에대해서는특징을추출하기
어려움

−또한 pretrain된 resnet의 represent vector를학습하기때문에 normal data의분포를잘나타낼수
있음
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ Proposed method

− Teacher network를이용하여각픽셀을대표하는 latent vector를추출

҉ Teacher network는 5개의 Convolution layer와 FC layer로구성됨

҉ Teacher network의출력은 pretrain된 resnet의 fc layer전의 512차원의 vector를 target으로학습

҉ 𝐿𝑘: Knowledge Distillation loss (L2-norm loss), 𝐿𝑐: Compactness loss

҉ 256x256의이미지를 p크기의 patch로잘라학습
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ Proposed method

− Fast_Dense_Feature_Extraction (FDFE)

҉ P크기의 patch로이미지를잘라사용하면 PxP 크기당하나의 latent vector밖에
추출할수없음

✓pixel 당하나의 latent vector를구해야함

✓이를위해선대표 pixel을 중앙으로잡고 patch를구성한후모든 pixel에 대해연산을
하는방법이있음

• 그러나이방법은 256x256 개의 patch에대한연상을수행해야함

҉ 이과정을빠르게수행하기위해 FDFE 알고리즘이사용됨

҉ 이를통해 patch (PxP)로학습된네트워크에서전체이미지 (256x256)의 latent vector를
추출할수있게됨
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ Proposed method

− Student network는앙상블효과를사용하기위해 M개의 network로 구성

− Student network들은 teacher network의 출력을학습

҉ Normal한 이미지에대해서는학습된 latent vector를출력하기때문에같은 vector로수렴
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ Proposed method

− Anomaly한 이미지에대해서는학습된 vector가존재하지않기때문에 teacher와큰차이(e) 를
보이는 vector를생성

−또한학습된 student의 출력의값에도차이가생기기때문에이값들의분산(v)을 anomaly score로
이용

҉ Anomaly score = e + v
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ Experiment

− Metric: PRO-curve
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ Experiment

− Patch 별성능평가

− Pixel의 latent vector를 patch별로추출하기때문에작은 patch에서는작은이상치영역을검출하기
용이함

−따라서앙상블하는 student network 다른 patch로구성하여성능향상
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Knowledge distillation

• Student-teacher-anomaly-detection

▪ Experiment
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Visual transformer

• Background

▪ Transformer 

− Attention is all you need에서나온번역모델구조

−문장같은시계열구조에서는각단어간의 vector를고려할때필요한단어만
확인하는것이중요

−이를구현한알고리즘이 attention mechanism으로 transformer가 가장많이사용되는구조
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Visual transformer

• Background

▪ BERT

− Transformer encoder구조를사용한자연어처리모델

− Pretrain task로학습한후 fine-tuning
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Visual transformer

• Background

▪ BERT

− CLS란특수토큰 (vector)를첫단어로입력한후문장을입력

− CLS의출력 vector를이용하여문장을분류하는 task를하게됨

҉ Encoder를거치면서문장의중요한정보가결합됨

✓Ex) 문장감정분류등
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Visual transformer

• Background

▪ BERT

− Position embedding

҉ BERT는 FC layer로만 구성

✓따라서 RNN이나 CNN처럼순서, 위치정보를가지고있지않음

✓이런경우에단어의순서가바뀌어도동일한의미를가지게됨

• Ex) You are, Are you

✓따라서위치정보를가지는 Position embedding을 더하여입력을구성하게됨
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Visual transformer

• An Image is Worth 16X16 Words: Transformers for Image Recognition at Scale

▪ Transformer architecture는아직 computer vison task에서제한적

− CNN architecture의 특정부분을대체하는쪽에만이용

▪ 본논문에서는이미지를 patch별로구분하여 transformer에적용될때 image classification 

task에서잘수행될수있음을보여줌

▪ 많은양의데이터에대해사전학습을수행하고 transfer learning을수행하면 Vision 

Transformer는훨씬적은 computational resource를가짐

− 동시에 SotA CNN과비교하여더우수한결과를얻는것을보여줌
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Visual transformer

• An Image is Worth 16X16 Words: Transformers for Image Recognition at Scale

▪ Proposed method

−전체이미지를 p size의 patch로분할

− Patch를 transformer 구조에입력가능하도록 Linear projection을 통해 1차원의 vecto로변형

−첫번째입력으로 bert의 CLS와유사하게학습가능한 embedding을 추가
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Visual transformer

• An Image is Worth 16X16 Words: Transformers for Image Recognition at Scale

▪ Experiment
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Visual transformer

• Transformer-Based Anomaly Segmentation

▪ Sub-Image Anomaly Detection with Deep Pyramid Correspondences

− Pretrain model만을 사용하여훈련과정을거치지않고 inference로만 anomaly detection을 수행

− Transformer-Based Anomaly Segmentation은 pretrain model을 Vit로사용

− Detection 과정은 2단계로구성

҉ Train data를사용하여 pretrain 된모델에서 feature를추출

✓Ex) Average pooling 전 feature

҉ Test image의 feature를 구한 train feature와 비교하여 K개의 nearest image feature를 추출한후
그 feature와의 평균거리를 anomaly score로사용

҉ 그후 localization을 위해 K개의 nearest image feature를 사용하여 test feature와 같은위치에
있는 k개의 pixel feature들 중가장가까운 pixel feature를 추출

҉ 일정범위밖의 pixel을 anomaly로 판정
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Visual transformer

• Transformer-Based Anomaly Segmentation

▪ Experiment
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Visual transformer

• Transformer-Based Anomaly Segmentation

▪ Experiment
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Visual transformer

• Transformer-Based Anomaly Segmentation

▪ Experiment
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Contrastive learning

• Background

▪ Human supervision 없이 effective visual representations를학습하는것은매우어려움

▪ Effective visual representations 위한 2가지접근방법이많이사용됨

− Generative method: pixel level generation은 computationally expensive하고 재구성하는내용이
visual representations에 크게필요하지않음

− Discriminative method: object function을 활용하여 representations을 학습

▪ 기존방법과는다르게 Contrastive learning은가장간단한 task인이미지가유사한지를
판단하여 (binary) effective visual representations을하는기법
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Contrastive learning

• Background

▪ Contrastive learning의목적은학습과정을통해이미지를가장잘표현할수있는
vector를추출하는것이목표
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Contrastive learning

• Background

▪ Contrastive learning의목적함수로 Noise Contrastive Estimator Loss를사용

▪ x+: positive sample, x-: negative sample

− Positive sample – 입력이미지 x와비슷한이미지

− Negative sample – 입력이미지 x와다른이미지

▪ Sim(.): cosine similarity 함수

▪ NCE를최대화시키기위해서는 positive간의유사도가높아져야함

−또한 negative간의 유사도는동시에멀어져야함

▪ 이를이용하여 Contrastive learning을수행
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Contrastive learning

• A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)

▪ 기존 NCE loss를사용하기위해서는입력데이터에대한 positive/negative sample이
구성되어야함

▪ 따라서 unsupervised learning을위해서는 positive/negative pair를만드는과정없이
수행되야함

−이를적절한 data augmentation, learnable nonlinear transformation등을 사용하여해결하고기존
supervised 방법과동일한성능을얻는결과를보임
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Contrastive learning

• A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)

▪ Proposed method

−입력이미지 x를 2가지 augmentation (t, t’)을이용하여 2개의입력이미지를구성

− Encoder f(.)를이용하여이미지의 representation을 추출

҉ Resnet의 average pooling 전의 feature를 사용
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Contrastive learning

• A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)

▪ Proposed method

−다음으로 represent vector를 non-linear fc로유사도를구할 vector로변환

− Positive pair경우유사도를크게하고 negative pair일경우유사도를작게훈련
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Contrastive learning

• A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)

▪ Proposed method
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Contrastive learning

• A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)

▪ Conclusion

− Data augmentation 조합의중요

҉ Random cropping과 color distortion두가지 조합이성능이가장높음
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Contrastive learning

• A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)

▪ Conclusion

− Non linear projection

҉ CNN출력후의 vector가동일하기는어려움

҉ 따라서 Non linear projection을 통해보정

҉ 이를통해다른 task로전환시에큰성능향상을보임

− Batch size

҉ 제안된방법에서는 augmentation을 이용하여 positive pair밖에얻을수없음

҉ 따라서큰 batch size를구성하여 1 batch내에많은 negative 이미지가존재하도록하는것이
성능향상에도움이됨
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Conclusion

• Anomaly detection의개념과중요주제

• 최근 computer vision 논문

• 다른 task의기술을 Anomaly detection의적용하는과정
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