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1. Introduction

Anomaly Detection (이상치탐지)

이상치는대부분의데이터와본질적인특성이다른관측치를의미
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정상관측치

이상관측치



6

1. Introduction

Anomaly Detection (이상치탐지)

이상치는대부분의데이터와본질적인특성이다른관측치를의미

현실에서는다양한이상치가존재

대부분의데이터가정상인경우이상치탐지를적용

의료이상치탐지 산업이상치탐지 감시카메라이상치탐지

Anila, S., Sivaraju, S. S., & Devarajan, N. (2017). A new contourlet based multiresolution approximation for MRI image noise removal. National Academy Science Letters, 40, 39-41.

https://sivashankarivaitheswaran.medium.com/understanding-anomaly-detection-6c1e018db159
https://www.etri.re.kr/webzine/20210319/sub04.html

https://sivashankarivaitheswaran.medium.com/understanding-anomaly-detection-6c1e018db159
https://www.etri.re.kr/webzine/20210319/sub04.html
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1. Introduction

Anomaly Detection (이상치탐지)

이상치는대부분의데이터와본질적인특성이다른관측치를의미

현실에서는다양한이상치가존재

대부분의데이터가정상인경우이상치탐지를적용

의료이상치탐지 산업이상치탐지 감시카메라이상치탐지
왜이진분류를사용하지않고이상치탐지를사용하는가?

Anila, S., Sivaraju, S. S., & Devarajan, N. (2017). A new contourlet based multiresolution approximation for MRI image noise removal. National Academy Science Letters, 40, 39-41.

https://sivashankarivaitheswaran.medium.com/understanding-anomaly-detection-6c1e018db159
https://www.etri.re.kr/webzine/20210319/sub04.html

https://sivashankarivaitheswaran.medium.com/understanding-anomaly-detection-6c1e018db159
https://www.etri.re.kr/webzine/20210319/sub04.html
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1. Introduction

Anomaly Detection (이상치탐지)

분류와이상치탐지의차이

분류예시 이상치탐지예시

정상관측치

이상관측치
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1. Introduction

Anomaly Detection (이상치탐지)

분류와이상치탐지의차이

정상에비해이상치는다양한케이스가존재하기때문에분류가어려울수있음

분류예시 이상치탐지예시

정상관측치
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1. Introduction

Anomaly Detection (이상치탐지)

분류와이상치탐지의차이

충분한수의이상치데이터가존재한다면분류문제로접근가능

데이터불균형

충분한수의
이상관측치

분류

이상치탐지

No

Yes

Yes

No
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1. Introduction

Anomaly Detection (이상치탐지)

충분한수의이상치데이터가존재한다면분류문제로접근가능

현실문제에서는충분한수의이상치가존재하지않는경우가대부분

> 다양한이상치를분류하는것보다이상치탐지방법으로접근하는것이합리적

의료이상치탐지 산업이상치탐지 감시카메라이상치탐지

Anila, S., Sivaraju, S. S., & Devarajan, N. (2017). A new contourlet based multiresolution approximation for MRI image noise removal. National Academy Science Letters, 40, 39-41.

https://sivashankarivaitheswaran.medium.com/understanding-anomaly-detection-6c1e018db159
https://www.etri.re.kr/webzine/20210319/sub04.html

https://sivashankarivaitheswaran.medium.com/understanding-anomaly-detection-6c1e018db159
https://www.etri.re.kr/webzine/20210319/sub04.html
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1. Introduction

Anomaly Detection (이상치탐지)

통계나시각화를통한이상치탐지도가능하지만

잠재기반혹은재구축기반의딥러닝방법론등이활발히연구중

Latent Space

잠재 기반 이상치 탐지 재구축 기반 이상치 탐지

Reconstruction error
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1. Introduction

Anomaly Detection (이상치탐지)

통계나시각화를통한이상치탐지도가능하지만

잠재기반혹은재구축기반의딥러닝방법론등이활발히연구중

재구축기반이상치탐지는생성모델기반 GAN, VAE, Diffusion models가사용되고있다

https://www.compthree.com/blog/autoencoder/
https://files.slack.com/files-pri/T25783BPY-F9SHTP6F9/picture2.png?pub_secret=6821873e68
Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.

https://files.slack.com/files-pri/T25783BPY-F9SHTP6F9/picture2.png?pub_secret=6821873e68
https://files.slack.com/files-pri/T25783BPY-F9SHTP6F9/picture2.png?pub_secret=6821873e68
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1. Introduction

Diffusion models

GAN은 2개의네트워크로구성되어 hyperparameter에민감하여다양한샘플생성이어려움

VAE는생성되는이미지가흐릿하게생성되어퀄리티가떨어짐

높은퀄리티와다양한샘플을가질수있는 Diffusion models

최근에는빠르게샘플링하는연구도이루어지고있음

Mode :확률분포에서가장확률이높은값이나영역
Modecoverage : 다양한모드를얼마나잘학습하는지

샘플의다양성을위함

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/ 
Generative learning trilemma

https://lilianweng.github.io/posts/2021-07-11-diffusion-models/
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1. Introduction

Diffusion models

Forward Diffusion Process: 데이터(𝑥0)가완전한 Noise(𝑥𝑇)가될때까지 Noise를점진적으로추가

Reverse Diffusion Process:완전한 Noise(𝑥𝑇)에서점진적으로 Noise를제거하여데이터(𝑥0)를복원

https://xoft.tistory.com/32 

https://xoft.tistory.com/32
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1. Introduction

Diffusion models

Forward Diffusion Process: 데이터(𝑥0)가완전한 Noise(𝑥𝑇)가될때까지 Noise를점진적으로추가

노이즈를주는과정은단순하기때문에랜덤으로노이즈를적용

Reverse Diffusion Process:완전한 Noise(𝑥𝑇)에서점진적으로 Noise를제거하여데이터(𝑥0)를복원

복원과정은단순하지않기때문에딥러닝모델을활용

https://xoft.tistory.com/32 

https://xoft.tistory.com/32
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2. Diffusion-based Anomaly Detection models

Diffusion models

뇌에악성종양이있는지판단하는 AnoDDPM

품질검사라인에서이상치탐지를수행하는 DiffAD

동영상으로부터사람의이상행동을탐지하는MoCoDAD
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AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise

Diffusion을 Anomaly Detection에적용한 AnoDDPM모델 (CVPR 2022)

뇌에악성종양이있는지판단하는Anomaly Detection 수행

Partial Diffusion strategy 및Multi-scale Simplex Noise 사용

2. Diffusion-based Anomaly Detection models

Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using 

simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).

정상

이상치

재구축샘플

재구축샘플

낮은재구축오차

높은재구축오차

연구목표
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AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise

Diffusion을 Anomaly Detection에적용한 AnoDDPM모델 (CVPR 2022)

뇌에악성종양이있는지판단하는Anomaly Detection 수행

Partial Diffusion strategy 및Multi-scale Simplex Noise 사용

2. Diffusion-based Anomaly Detection models

Reverse ProcessForward Process

Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using 

simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise

Diffusion을 Anomaly Detection에적용한 AnoDDPM모델 (CVPR 2022)

Partial Diffusion strategy : 기존하나의시점마다연산해주던부분을 T 시점에해당하는λ에 3번만에도달할수있도록사용

2. Diffusion-based Anomaly Detection models

Reverse ProcessForward Process

Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using 

simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise

Diffusion을 Anomaly Detection에적용한 AnoDDPM모델 (CVPR 2022)

Gaussian Noise 균일한노이즈를주게되어이상치를그대로생성해내는현상발견

2. Diffusion-based Anomaly Detection models

Reverse ProcessForward Process

Gaussian Noise case

Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using 

simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise

Diffusion을 Anomaly Detection에적용한 AnoDDPM모델 (CVPR 2022)

Gaussian Noise 균일한노이즈를주게되어이상치를그대로생성해내는현상발견

자연스러운노이즈패턴을생성해주는 Simplex Noise 사용

2. Diffusion-based Anomaly Detection models

Reverse ProcessForward Process

Simplex Noise case

Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using 

simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise

Diffusion을 Anomaly Detection에적용한 AnoDDPM모델 (CVPR 2022)

Segmentation 평가지표인Dice, IoU와분류평가지표인 AUC를통해성능비교

(Reconstruction Error : input과 output을 square error로비교및 anomaly score로사용)

2. Diffusion-based Anomaly Detection models

재구축오차 (Reconstruction error)

=

Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using 

simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

정상

이상치

재구축샘플

재구축샘플

낮은재구축오차

높은재구축오차

연구목표
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

랜덤노이즈, 표면소스이미지

𝑥 𝑀 𝑇

입력이미지
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

랜덤마스크, 표면소스이미지

𝑥 𝑀 𝑇

입력이미지

𝑥𝑎
표면과마스크가반영된이미지
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

𝑥

입력이미지

𝑥𝑎

표면과노이즈가반영된이미지

Encoder

Forward Process

Encoder

Latent

Noise

Noise

Latent
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

𝑥𝑖𝑛𝑡𝑒𝑟

보간채널로부터
재구축된이미지

𝑥𝑟

재구축된이미지

표면노이즈 Latent

예측된 Latent

Noise

Noise

Backward Process
(Denoising U-Net)

Decoder

Decoder

보간 Latent
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

𝑀𝑜

𝑥𝑎
표면과노이즈가반영된이미지

보간채널로부터재구축된이미지

𝑥𝑟
재구축된이미지

𝑥𝑖𝑛𝑡𝑒𝑟
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

𝑥𝑎
표면과노이즈가반영된이미지

보간채널로부터재구축된이미지

𝑥𝑟
재구축된이미지

𝑥𝑖𝑛𝑡𝑒𝑟 𝑀

Loss

𝑀𝑜

𝐴𝑣𝑔𝑃𝑜𝑜𝑙&𝑀𝑎𝑥

𝑺𝒄𝒐𝒓𝒆
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2. Diffusion-based Anomaly Detection models

DiffAD: Unsupervised Surface Anomaly Detection with Diffusion Probabilistic Model  

Latent diffusion model을이용하여비지도학습 Anomaly detection을수행한연구 (ICCV 2023)

정상영역과이상치영역의구분을유지하는Noise 임베딩을제안

픽셀수준차이로인해발생하는방해요소를개선하는보간채널사용

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model. 

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).

입력이미지

AutoEncoder

DDPM

DiffAD
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2. Diffusion-based Anomaly Detection models

MoCoDAD: Multimodal Motion Conditioned Diffusion Model for Skeleton-based Video Anomaly Detection

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

Flaborea, A., Collorone, L., di Melendugno, G. M. D. A., D'Arrigo, S., Prenkaj, B., & Galasso, F. (2023). Multimodal Motion Conditioned Diffusion Model for Skeleton-based 

Video Anomaly Detection. In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 10318-10329).

정상 재구축샘플

낮은재구축오차

높은재구축오차

연구목표

조건

이상치 재구축샘플조건



36

MoCoDAD학습

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

걷는중

걷는동영상
(정상을이용한학습예시)
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MoCoDAD학습

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

걷는동영상
(정상을이용한학습예시)

k
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MoCoDAD학습

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

걷는동영상
(정상을이용한학습예시)

k

과거

미래
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MoCoDAD학습

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거 재구축된과거
AE

Conditioning
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MoCoDAD학습

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거미래 재구축된과거
AE

Conditioning

손상된미래

Forward Diffusion

Gaussian Noise
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MoCoDAD학습

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거미래 재구축된과거
AE

Conditioning

손상된미래

Forward Diffusion

Reverse Diffusion
손상된미래예측된미래

t⊕
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MoCoDAD학습

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거미래 재구축된과거
AE

Conditioning

손상된미래

Forward Diffusion

Reverse Diffusion
손상된미래예측된미래

Loss 1

Loss 2

t⊕
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STS-GCN
(Pose forecasting network)

MLP

MoCoDAD학습

k를기준으로과거와미래데이터를나눔 (1:k, k:N)

Conditioning

과거데이터를 AE로학습 (재구축오차산출)

timestep t를MLP로학습

Forward Diffusion

미래데이터에Gaussian Noise처리

Reverse Diffusion

Noise 처리된미래데이터에과거데이터정보를조건으로주어예측행동을생성

(미래데이터와예측데이터비교오차산출)

두오차를 lambda 비율로합하여학습수행 (논문에서는 1:1)

2. Diffusion-based Anomaly Detection models
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MoCoDAD추론

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

걷다가쓰러지는동영상
(이상치추론예시)

걷는중 쓰러짐
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MoCoDAD추론

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

걷다가쓰러지는동영상
(이상치추론예시)

k
걷는중 쓰러짐
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MoCoDAD추론

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

걷다가쓰러지는동영상
(이상치추론예시)

k
걷는중 쓰러짐

과거

미래
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MoCoDAD추론

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거 재구축된과거
AE

Conditioning
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MoCoDAD추론

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거 재구축된과거
AE

Conditioning

손상된미래

Forward Diffusion

미래
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MoCoDAD추론

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거 재구축된과거
AE

Conditioning

손상된미래

Forward Diffusion

Reverse Diffusion
손상된미래

t⊕

미래

예측된미래
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MoCoDAD추론

HR-VAD분야에서최초로 Diffusion을적용한모델 (ICCV 2023)

과거행동을 Condition으로사용하여그럴듯한미래동작을생성

미래패턴을통계적으로집계하여생성된일련의동작이실제미래추세에서벗어날때를이상치로정의

2. Diffusion-based Anomaly Detection models

과거미래 재구축된과거
AE

Conditioning

손상된미래

Forward Diffusion

Reverse Diffusion
손상된미래예측된미래

Score

t⊕
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MoCoDAD추론

Anomaly Detection 방법

학습구조는그대로활용하고미래데이터와예측데이터비교오차를 score로사용하여 Anomaly score 계산

AUC-ROC를통해모델을평가진행

2. Diffusion-based Anomaly Detection models
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MoCoDAD결과

HR-VAD 분야알고리즘 SOTA 달성

과거데이터를이용한 Conditioning 재구축모델또한정상과비정상의차이가확실함

t-SNE를이용하여샘플링했을때, 정상과비정상모두비슷한군집을이룬것을확인

2. Diffusion-based Anomaly Detection models

Conditioning 재구축오차

Conditioning sample projection
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MoCoDAD결과

Supplements에포함된기타실험

Diffusive steps횟수에따라성능을비교

Noise와MoCo(과거시점 condition)적용에따른성능을비교

Noise 별시각화

2. Diffusion-based Anomaly Detection models

Diffusive steps에따른성능비교 Noise와MoCo적용에따른성능비교
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3. Conclusion

Anomaly Detection

이상치는대부분의데이터와본질적인특성이다른관측치를의미

현실에서이상치샘플이적은경우에분류모델보다적합

Diffusion models

Forward Diffusion Process를통해샘플에노이즈를주고 Reverse Process를통해샘플을복구하는과정

GAN과 VAE의단점을보완한높은퀄리티와다양한샘플을가질수있는 Diffusion models (샘플생성속도가느림)

Diffusion-based Anomaly Detection models

뇌에악성종양이있는지판단하는 AnoDDPM (partial diffusion strategy)

품질검사라인에서이상치탐지를수행하는 DiffAD (latent encoding)

동영상으로부터사람의이상행동을탐지하는MoCoDAD (skeleton data)
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