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Introduction
Anomaly Detection

 이상치 탐지(Anomaly detection)란?

학습 데이터 셋에서 비정상 샘플을 감지해 찾아내는 것
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Introduction
Anomaly Detection

 이상치 종류

Novelty : 데이터의 본질적인 특성은 같지만, 유형이 다른 관측치
정상 분포내의 새로운 비정상 샘플

김성범교수님. [김성범[ 교수 / 산업경영공학부 ]]. (2022,May 29). [핵심 머신러닝] Anomaly Detection (개요, 확률분포기반)[Video]. YouTube.
https://youtu.be/TqSwuCX7Lds?si=_OM86vBT-Wsfj3A8
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Introduction
Anomaly Detection

 이상치 종류

Anomaly : 대부분의 데이터와 특성이 다른 관측치
정상 데이터 분포와 다른 분포를 가지는 것

김성범교수님. [김성범[ 교수 / 산업경영공학부 ]]. (2022,May 29). [핵심 머신러닝] Anomaly Detection (개요, 확률분포기반)[Video]. YouTube.
https://youtu.be/TqSwuCX7Lds?si=_OM86vBT-Wsfj3A8
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Introduction
Anomaly Detection

 이상치 종류

Outlier : 대부분의 데이터와 본질적인 특성이 다른 관측치
정상 데이터 분포에서 벗어나 오염을 일으키는 샘플

김성범교수님. [김성범[ 교수 / 산업경영공학부 ]]. (2022,May 29). [핵심 머신러닝] Anomaly Detection (개요, 확률분포기반)[Video]. YouTube.
https://youtu.be/TqSwuCX7Lds?si=_OM86vBT-Wsfj3A8
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Introduction
Anomaly Detection

 이상치 종류

Out-of-distribution : 학습 데이터 셋과 다른 종류의 데이터 셋
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Introduction
Anomaly Detection

 Density/Distance-based Methods

데이터의 밀도 또는 거리 척도를 통해서 Majority 군집을 생성하여 이상치를 탐지

• Kernel Density Estimation
• Gaussian Mixture Estimation
• K-Nearest Neighbor
• LOF(Local Outlier Factor)

•
•
•
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Introduction
Anomaly Detection

 Reconstruction-based Methods

• 고차원 데이터에서 주로 사용하는 방법론이며 Autoencoder 및 PCA 등의 모델을 사용

• 데이터를 압축/복원하고 Reconstruction error 기반으로 이상탐지

Reconstruction Error

Reconstruction Error가 특정 임계값보다 큰 경우 이상치로 판단

Input Output



12

Introduction
Anomaly Detection

 이상치 탐지(Anomaly Detection) 관련 세미나 참고
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Introduction
What is Knowledge Distillation?

 Concept of knowledge distillation

knowledge

지식(Knowledge) + 증류(Distillation)의 합성어
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Introduction
What is Knowledge Distillation?

 Concept of knowledge distillation

knowledge

지식(Knowledge) + 증류(Distillation)의 합성어 “학습된 모델로부터 지식을 추출하는 것”

잘 학습된 큰 모델(Teacher Network)에서 증류한 지식을 작은 모델(Student)로 전달하는 것

Teacher network

Student network

Knowledge

 Teacher Network(T)

 복잡하고 큰 모델
 성능이 좋음
 컴퓨팅 리소스가 큼

 Student Network(S)

 단순하고 작은 모델
 추론이 빠름
 T보다 성능이 낮음
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Introduction
What is Knowledge Distillation?

 Distilling the knowledge in a neural network [1]
• 2014 Neural Information Processing Systems(NeurIPS) workshop에서 발표된 논문 (2023년 10월 30일 기준 16288회 인용)

• Knowledge distillation 개념을 딥러닝 모델에 처음 적용시킨 논문

[1] Hinton, G., Vinyals, O., & Dean, J. (2015). Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531.
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Introduction
What is Knowledge Distillation?

 Distilling the knowledge in a neural network [1]

 Soft Target 개념

[1] Hinton, G., Vinyals, O., & Dean, J. (2015). Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531.

Teacher 모델에서 생성된 클래스 확률을 Student 모델을 학습하기 위한 Soft Target으로 사용

0강아지

1판다

0곰

0고양이

Hard TargetInput

10ି강아지

0.8판다

0.2곰

10ି고양이

각 Class 확률값 𝒒𝒊

Logit 𝒛𝒊

𝑞 =
exp (𝑧)

∑ exp (𝑧)

Softmax(𝒁𝒊 )

일반적으로 Softmax layer를 통해 구한 확률값은 너무 작아서 제대로 모델에 반영하기 어려움
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Introduction
What is Knowledge Distillation?

 Distilling the knowledge in a neural network [1]

 Soft Target 개념

[1] Hinton, G., Vinyals, O., & Dean, J. (2015). Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531.

Teacher 모델에서 생성된 클래스 확률을 Student 모델을 학습하기 위한 Soft Target으로 사용

0강아지

1판다

0곰

0고양이

Hard Target

10ି강아지

0.8판다

0.2곰

10ି고양이

0.07강아지

0.5판다

0.3곰

0.007고양이

Soft Target각 Class 확률값 𝒒𝒊

Logit 𝒛𝒊

𝑞 =
exp (𝑧)

∑ exp (𝑧)

Softmax(𝒁𝒊 ) 𝑞 =
exp (𝑧/𝑇)

∑ exp (𝑧/𝑇)

Input

𝑇 (Temperature) : 값이 1에 가까울수록 Hard해지고, 작아질수록 Soft해지는 하이퍼파라미터

낮은 입력 값의 출력을 더 크게 만들어주고 큰 입력 값의 출력은 작게 만들어, Soft Target을 사용하는 이점을 최대화 함
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Introduction
What is Knowledge Distillation?

 Distilling the knowledge in a neural network [1]

 모델 구조

[1] Hinton, G., Vinyals, O., & Dean, J. (2015). Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531.

Teacher modelTeacher model

Student model

Softmax(T=t)

Softmax(T=t)

Softmax(T=t)

Soft target

Soft 
predictions

Hard
predictions

Knowledge 
distillation 

loss

Cross 
entropy

loss
Hard target y
(True label)

𝐿 =  𝐾𝐿(𝑆𝑜𝑓𝑡𝑚𝑎𝑥
𝒛𝒕

𝑇
, 𝑠𝑜𝑓𝑡𝑚𝑎𝑥

𝒛𝒕

𝑇
))

𝒛𝒊∈

Logit 𝑧௧

Logit 𝑧௦

𝑇 : 출력 값을 Soft하게 만드는 하이퍼파라미터
𝑧௧ : Teacher 모델의 Logit값
𝑧௦ : Student 모델의 Logit값
y : True label 
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Introduction
What is Knowledge Distillation?

 Distilling the knowledge in a neural network [1]

 모델 구조

[1] Hinton, G., Vinyals, O., & Dean, J. (2015). Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531.

Teacher modelTeacher model

Student model

Softmax(T=t)

Softmax(T=t)

Softmax(T=t)

Soft target

Soft 
predictions

Hard
predictions

Knowledge 
distillation 

loss

Cross 
entropy

loss
Hard target y
(True label)

𝐿 =  𝐾𝐿(𝑆𝑜𝑓𝑡𝑚𝑎𝑥
𝒛𝒕

𝑇
, 𝑠𝑜𝑓𝑡𝑚𝑎𝑥

𝒛𝒕

𝑇
))

𝒛𝒊∈

𝐿ா = CrossEntropy(Softmax 𝒛𝒔 , y)

𝐓𝐨𝐭𝐚𝐥 𝐥𝐨𝐬𝐬 = 𝑳𝑲𝑫 + λꞏ𝑳𝑪𝑬

Logit 𝑧௧

Logit 𝑧௦

𝑇 : 출력 값을 Soft하게 만드는 하이퍼파라미터
𝑧௧ : Teacher 모델의 Logit값
𝑧௦ : Student 모델의 Logit값
y : True label 
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Introduction
What is Knowledge Distillation?

 Knowledge Distillation 관련 세미나 참고
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Knowledge Distillation for Anomaly Detection
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]
• 2020 CVPR에 게재된 논문 (2023년 10월 30일 기준 426회 인용)

• Knowledge distillation 기반 Anomaly Detection을 처음 제안한 논문

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

 Inference 단계 흐름

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

Different patch scale

Anomaly-free

Anomaly

Anomaly

Anomaly-free variance, error ↑

Ensemble

 기존 Generative 모델에서 Downsampling시 해상도 문제를 해결하기 위해 다양한 Receptive field를 갖는 Multiple student ensemble 도입

 Anomaly detection를 Feature regression problem 관점으로 봄
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Training teacher network

Pretrained Network Teacher NetworkTeacher Hat Network

사전 학습된 네트워크를 사용하여 Teacher network 𝑇를 효율적으로 구축하기 위해 𝑇 도출

 𝑇는 Convolution 과 Max pooling을 이용하여 p*p*c 를 차원 d의 metric으로 embedding 되도록 𝑇 훈련

 𝑇에서 강력한 Descriptors를 도출하기 위해 Metric Learning과 Knowledge distillation을 도입하고, Loss term을 구함

p
p p

p

d
c



25

Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Final training loss

𝐿 𝑇 =  λ𝐿(𝑇) + λ𝐿(𝑇) + λ𝐿(𝑇) 

최종 손실 함수 𝐿 𝑇 = Knowledge distillation loss + Metric learning loss + Compactness loss
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Knowledge distillation

𝐿 𝑇 =  λ𝐿(𝑇) + λ𝐿(𝑇) + λ𝐿(𝑇) 

사전 학습된 P의 Knowledge를 추출하기 위해 P의 output과 𝑇로부터 얻은 Decoding된 Descriptor의 차이를 최소화 함

𝐿 𝑇 = 𝐷 𝑇 𝑝 − 𝑃(𝑝)
ଶ

(D : 𝑇 의 d차원 출력을 Pretrained network의 Descriptor의 출력 차원으로 Decoding하는 Fully connected network )
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Metric learning

𝐿 𝑇 =  λ𝐿(𝑇) + λ𝐿(𝑇) + λ𝐿(𝑇) 

사전 학습된 네트워크를 사용할 수 없는 경우 Self-supervised 방식으로 Local image descriptor를 학습하는 방법

 Triplet learning을 통해 얻은 Discriminative embedding을 사용

𝐿 𝑇 = max {0, 𝛿 +  𝛿ା  −  𝛿ି}
𝛿 : Margin parameter
𝛿ା = 𝑇 𝑝 − 𝑇(𝑝ା)

ଶ

𝛿ି =  min { 𝑇 𝑝 − 𝑇(𝑝ି)
ଶ

, 𝑇 𝑝ା − 𝑇(𝑝ି)
ଶ

}
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Descripitor Compactness

𝐿 𝑇 =  λ𝐿(𝑇) + λ𝐿(𝑇) + λ𝐿(𝑇) 

Descriptor간의 상관관계를 최소화하여 간결성을 높이고 불필요한 중복성을 제거

𝐿 𝑇 =  𝑐

ஷ

(𝑐 : 현재 미니 배치의 모든 Descriptor  𝑇 𝑝 에 대해 계산된 상관관계 행렬의 항목) 
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Training student network

Student network ensemble

[* M ]

 Teacher와 동일한 네트워크 구조를 갖는 무작위로 초기화된

M개의 Student networks 𝑆(𝑖 = 1,2, … , 𝑀)의 앙상블 구조

입력 이미지에 대한 로컬 이미지 영역에 대해

가능한 회귀 대상 공간에 대한 예측 분포를 출력함

크기 p의 제한된 Receptive field를 사용하여

patch를 자르지 않고도 단일 순방향 패스 만으로 밀도 높은 예측 가능

 Student network는 전부 Anomaly-free한 Training data를 학습함

 Student에서 예측된 값과 그에 상응하는 Teacher descriptor 차이를

최소화 하는 방향으로 학습됨
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Scoring for Anomaly detection

 Regression error

 Predictive variance

𝑒(,) = 𝜇(,) − 𝑦 ,
் − 𝜇 𝑑𝑖𝑎𝑔(𝜎)ିଵ

ଶ

ଶ

= ଵ

ெ
∑ 𝜇(,)

௦ெ
ୀଵ − 𝑦 ,

் − 𝜇 𝑑𝑖𝑎𝑔(𝜎)ିଵ

ଶ

ଶ

𝑣(,) = ଵ

ெ
∑ 𝜇(,)

௦ெ
ୀଵ

ଶ

ଶ
−

ଵ

ெ
∑ 𝜇(,)

௦ெ
ୀଵ

ଶ

ଶ

𝜇(,)
௦ : i번째 Student에서 만들어진 (r,c)픽셀 위치 예측값

𝑦 ,
் : (r,c)픽셀 위치 대응하는 Teacher descriptor

𝜇 : 모든 Descriptor 평균값
𝜎 : 모든 Descriptor 표준편차
𝑒ఓ, 𝑒ఙ : 모든 𝑒(,)의 평균과 표준편차
𝑣ఓ, 𝑣ఙ : 모든 𝑣(,)의 평균과 표준편차

 Anomaly Score

�̃�(,) + 𝑣(,) = 
(ೝ,)ିഋ


+ 

௩(ೝ,)ି௩ഋ

௩

Anomaly Score

#I
m

ag
es

Pr
ed

ic
tiv

e 
va

ria
nc

e

In-class
anomalous

Teacher features (In-class)
Teacher features (anomalous)
Student predictions
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Knowledge Distillation for Anomaly Detection
Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the 
IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).

 Experiment with MVTec Anomaly Detection Dataset

성능 지표 : Area Under PRO Curve
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Knowledge Distillation for Anomaly Detection
Multiresolution knowledge distillation for anomaly detection

 Multiresolution knowledge distillation for anomaly detection [3]
• 2021 CVPR에 게재된 논문 (2023년 10월 30일 기준 238회 인용)

• Knowledge distillation 기반 Anomaly Detection에서 마지막 Layer 뿐만 아니라 중간 Layer의 Feature도 이용

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).
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Knowledge Distillation for Anomaly Detection
Multiresolution knowledge distillation for anomaly detection

 Multiresolution knowledge distillation for anomaly detection [3]

 아이디어 제안

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

Anomalous data
distance vectors

Normal data
distance vectors

𝑋ଶ

𝑋ଵ

Test samples distance vectors

 이전 Uninformed students 논문에서의 방법론에 문제 제기

① 마지막 Layer 지식만 전달 → Local Minimum 발생 → Intermediate Layer 사용

② Patch 크기 제한 → Localization과 Detection 성능 저하 → 이미지 단위로 학습

𝐿(𝑆ଽ, 𝐶ଽ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ)
𝑆𝑢𝑚 Total loss

Interpretability Algorithm

Cloner Network

Source Network

Heatmap

Ground Truth
Anomaly Map

②
①

 Anomaly : Teacher-Student간 최대화
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Knowledge Distillation for Anomaly Detection
Multiresolution knowledge distillation for anomaly detection

 Multiresolution knowledge distillation for anomaly detection [3]

 Teacher(Source) Network

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

𝐿(𝑆ଽ, 𝐶ଽ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ) 𝑆𝑢𝑚 Total loss

Interpretability Algorithm

Cloner Network

Source Network

Heatmap

Ground Truth
Anomaly Map

 Source Network의 중간 Layer의 knowledge도 Cloner Network로 전달함 (Intermediate feature 사용)

 Intermediate Feature들을 Cloner Network의 각 Layer에서 추출된 Feature와 일치시킴으로써 정상 샘플을 학습하게 함

 서로 다른 Layer를 모방하여 다양한 level에서 Cloner Network를 학습 가능
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 Multiresolution knowledge distillation for anomaly detection [3]

 Student(Cloner) Network

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

𝐿(𝑆ଽ, 𝐶ଽ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ) 𝑆𝑢𝑚 Total loss

Interpretability Algorithm

Cloner Network

Source Network

Heatmap

Ground Truth
Anomaly Map

 정상 데이터로만 학습하며, Source Network의 포괄적인 거동을 모방하도록 같은 구조로 설계

 Intermediate feature 사용

 Cloner network의 구조는 Knowledge distillation을 위해 Source network보다 단순하게 설계됨
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 Multiresolution knowledge distillation for anomaly detection [3]

 Total loss

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

𝐿(𝑆ଽ, 𝐶ଽ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ)

𝐿(𝑆ଵ, 𝐶ଵ) 𝑆𝑢𝑚 Total loss

Interpretability Algorithm

Cloner Network

Source Network

Heatmap

Ground Truth
Anomaly Map

 손실함수를 최소화하여 Cloner network가 Source network와 유사한 Intermediate feature를 생성하도록 함

𝐿௧௧=𝐿௩ + λ𝐿ௗ𝐿௩ = ∑ ଵ

ே
∑ (𝑎௦

 𝑗 − 𝑎
(𝑗))ଶே

ୀଵ

ே

ୀଵ
𝐿ௗ = 1-∑

௩(ೞ
ು)ȉ௩(

ು)

௩(ೞ
ು) ௩(

ು)


λ : Scale parameter
𝑁 = 총 Critical layer 개수
𝑁 : 𝐶𝑃의 뉴런수
𝐶𝑃 : i번째 중요 계층
𝑎௦

 𝑗 ∶  𝐶𝑃 의 j번째 Source 활성화값
𝑎

 𝑗 ∶ 𝐶𝑃 의 j번째 Cloner 활성화값
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 Multiresolution knowledge distillation for anomaly detection [3]

 Anomaly Detection

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

 Anomaly Localization

 비정상 샘플을 탐지를 위해 테스트 샘플을 Source/Cloner network에 제공

 정상샘플만 학습했기에 Cloner network는 불일치를 만들고, Total loss가 임계 값을 넘어가게 됨

임계 값 > Total loss : 비정상, 임계 값 < Total loss : 정상

 입력 값에 대한 Total loss의 미분 값이 픽셀의 중요도를 제공 → 기울기를 증가시키는 비정상 영역을 찾음

 먼저 Attribution map ∧ 을 얻음 → 노이즈 제거를 위해 Gaussian 필터 적용 후 Localization map 𝐿 을 얻음

∧ =  
𝜕𝐿௧௧

𝜕𝑥
𝑀 =  𝑔ఙ ∧ 𝐿 = (𝑀 ⊖ 𝐵) ⊕ 𝐵

g : 표준편차의 Gaussian 필터
B : 이진 map(구조화요소)



38

Knowledge Distillation for Anomaly Detection
Multiresolution knowledge distillation for anomaly detection

 Multiresolution knowledge distillation for anomaly detection [3]

 Ablation Studies

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

① Intermediate Knowledge ② Distillation Effect(Compact C)

 Intermediate layer 개수에 따른 성능 변화

→ 개수가 많아질수록 성능이 더 높음

 Cloner network 크기에 따른 Distillation 효과

→ 작은 크기의 Network에서 성능이 더 높음
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 Multiresolution knowledge distillation for anomaly detection [3]

 Ablation Studies

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

③ 𝑳𝒅𝒊𝒓, 𝑳𝒗𝒂𝒍 ④ Localization using Interpretability Methods

 손실 함수 구성 요소의 효과

→ 다양한 손실함수를 사용하는 것이 성능이 더 높음
( 𝑴𝑺𝑬 𝒍𝒐𝒔𝒔(𝑳𝒗𝒂𝒍)만 이용하는 경우는 편차가 큼)

 Localization을 위한 해석 가능한 방법

→ 잘못 계산된 그라데이션 픽셀을 버리는 SmoothGrad와

간단한 Gradients 성능이 더 좋음
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 Multiresolution knowledge distillation for anomaly detection [3]

 Experiments

[3] Salehi, M., Sadjadi, N., Baselizadeh, S., Rohban, M. H., & Rabiee, H. R. (2021). Multiresolution knowledge distillation for anomaly detection. In Proceedings of the IEEE/CVF conference
on computer vision and pattern recognition (pp. 14902-14912).

 제시한 모델이 Fashion-MNIST, CIFAR-10에서는 가장 높은 성능을, MNIST에서도 우수한 성능을 보임
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 Knowledge distillation for anomaly detection

Anomaly Detection과 Knowledge distillation 개념을 설명하고,

Teacher-Student network를 적용하여 Anomaly Detection을 Regression 관점에서 바라본 연구들을 소개함.

 Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings

 Multiresolution knowledge distillation for anomaly detection

• Knowledge distillation 기반 Anomaly Detection을 처음 제안한 논문

• 다양한 Receptive field를 갖는 Multiple student ensemble 도입

• Triplet learning을 통해 얻은 Discriminative embedding을 사용

• Intermediate feature를 사용함으로써 더 많은 Knowledge를 distillation함

• Localization과 Detection 성능 향상을 위해 이미지 그대로 사용
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