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% Distilling the knowledge in a neural network [1]
« 2014 Neural Information Processing Systems(NeurlPS) workshopOfl Al ZH El =& (20231 108 30 7|= 162883 /&)

«  Knowledge distillation 722 Hald Z&0 M HEAZ =&

Distilling the Knowledge in a Neural Network

Geoffrey Hinton* Oriol Vinyals' Jeff Dean
Google Inc. Google Inc. Google Inc.
Mountain View Mountain View Mountain View
geoffhinton@google.com vinyals@google.com jeff@google.com
Abstract

A very simple way to improve the performance of almost any machine learning
algorithm is to train many different models on the same data and then to average
their predictions [3]. Unfortunately, making predictions using a whole ensemble
of models is cumbersome and may be too computationally expensive to allow de-
ployment to a large number of users, especially if the individual models are large
neural nets. Caruana and his collaborators [1] have shown that it is possible to
compress the knowledge in an ensemble into a single model which is much eas-
ier to deploy and we develop this approach further using a different compression
technique. We achieve some surprising results on MNIST and we show that we

x Data Mining [1] Hinton, G., Vinyals, O., & Dean, J. (2015). Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531.
A Y Quality Analytics
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% Distilling the knowledge in a neural network [1]
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% Distilling the knowledge in a neural network [1]
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x Data Mining [1] Hinton, G., Vinyals, O., & Dean, J. (2015). Distilling the knowledge in a neural network. arXiv preprint arXiv:1503.02531.
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% Distilling the knowledge in a neural network [1]
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% Distilling the knowledge in a neural network [1]
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< Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]
* 2020 CVPRO| AT E =& (20234 108 302 7|F 4262 218)

« Knowledge distillation 7|2t Anomaly Detectiong® X & X ¢tet =2

Uninformed Students: Student-Teacher Anomaly Detection
with Discriminative Latent Embeddings

Paul Bergmann Michael Fauser David Sattlegger Carsten Steger

MVTec Software GmbH
www.mvtec,.com

{paul.bergmann, fauser, sattlegger, steger}@mvtec.com

Abstract—We introduce a powerful student-teacher frame-
work for the challenging problem of unsupervised anomaly
detection and pixel-precise anomaly segmentation in high-
resolution images. Student networks are trained to regress
the output of a descriptive teacher network that was pre-
trained on a large dataset of patches from natural images.
This circumvents the need for prior data annotation. Anoma-
lies are detected when the outputs of the student networks
differ from that of the teacher network. This happens when
they fail to generalize outside the manifold of anomaly-
free training data. The intrinsic uncertainty in the student
networks is used as an additional scoring function that indi-

Figure 1: Qualitative results of our anomaly detection method

e ; on the MVTec Anomaly Detection dataset. Top row: Input
cates anomalies. We compare our method to a large number . A . e O 2 3
images containing defects. Center row: Ground truth regions

of existing deep learning based methods for unsupervised of defects in red. Bottom row: Anomaly scores for each image
anomaly detection. Qur experiments demonstrate improve- pixel predicted by our algorithm.

ments over state-of-the-art methods on a number of real-

world datasets, including the recently introduced MVTec

Anomaly Detection dataset that was specifically designed to (GANs) [31, 32] or Variational Autoencoders (VAEs)
benchmark anomaly segmentation algorithms. [5, 36]. These detect anomalies using per-pixel reconstruc-

Data Mining [2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the

... Quality Analytics IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192). 22
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Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]
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[2] Bergmann, P., Fauser, M., Sattlegger, D., & Steger, C. (2020). Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings. In Proceedings of the

‘. Data Mining
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< Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

» Training teacher network
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... Quality Analytics IEEE/CVF conference on computer vision and pattern recognition (pp. 4183-4192).
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< Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]
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< Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]
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< Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

» Metric learning
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< Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

» Descripitor Compactness
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Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]
» Training student network
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< Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings [2]

» Scoring for Anomaly detection
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» Experiment with MVTec Anomaly Detection Dataset

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

I o .

Category ' O'S_i INN OCSVM K-Means f(,-AE VAE SSIM-AE  AnoGAN Chnreature

 p = 65! Dictionary
 Capet | 0695 1 0512 0355 0253 045 0501 0647 0204 0.469
$ —Gnd 108191 028 0125 0107 0582 0224 0889 0226 0.183
2 “Teather T 0819 0446 0306 0308 0819 0635 0361 0378 0.641
& —Tile (0912 082 0722 0779 0897 0800 0I5 0.177 0797
Wood 1 0725 | 03502 0336 04l 027 0628 0605 0356 0.621
Botle | 0918 ' 0898 0850 0495 _ 0910 0897 _ 03834 0.620 0.742
Cable | 0.865 | 0806 0431 0513 0825 0654 0478 0353 0,558
Capsule | 0916 | 0631 0554 0387 0862 0526 0860 0306 0,306
, —Hazelul | 0937 | 0861 0616 0695 0917 0878 0916 0.698 0,844
S “Mewlnut | 0895 0705 0319 0351 0830 0576 0.603 0320 0.358
2 —pm 093 0725 058 0514 0893 0769 0830 0776 0.460
Screw | 0928 ' 0604 064 0550 0754 0559 0887 0466 0277
Toothbrush | 0.863 | 0675 0538 0337 0822 0603 0.7%3 0.749 0.151
Transistor | 0701 | 0,680 049% 0399 0728 0626 072 0549 0.628
Zipper | 0933 | 0512 0355 0253 0839 0549 0665 0.467 0.703
Mean ' 0.857 | 0680 0479 0423 0790 0639 _ 0.694 0443 0515

s

M5 X|E : Area Under PRO Curve

[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).



I Knowledge Distillation for Anomaly Detection

o.}o

< Multiresolution knowledge distillation for anomaly detection [3]
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Multiresolution Knowledge Distillation for Anomaly Detection

Mohammadreza Salehi, Niousha Sadjadi*, Soroosh Baselizadeh*, Mohammad Hossein Rohban, Hamid R. Rabiee

Sharif University of Technology

(smrsalehi, nsadjadi, baselizadeh)@ce.sharif.edu,

Abstract

Unsupervised representation learning has proved to be
a critical component of anomaly detection/localization in
images. The challenges to learn such a representation are
two-fold. Firstly, the sample size is not often large enough
to learn a rich generalizable representation through con-
ventional techniques. Secondly, while only normal sam-
ples are available at training, the learned features should
be discriminative of normal and anomalous samples. Here,
we propose to use the “distillation” of features at various
layers of an expert network, pre-trained on ImageNet, into
a simpler cloner network to tackle both issues. We detect
and localize anomalies using the discrepancy between the
expert and cloner networks’ intermediate activation val-
ues given the input data. We show that considering mul-
tiple intermediate hints in distillation leads to better ex-
ploiting the expert’s knowledge and more distinctive dis-
crepancy compared to solely utilizing the last layer acti-

vatinn valuse Notahlv nrovinue mothnde sithor fail in nro_

(rohban,

rabiee)@sharif.edu

sajdwes Afewouy

sajdweg [euLIoN

[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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< Multiresolution knowledge distillation for anomaly detection [3]

> Oro|c|of Xk

Source Network

X
Heatmap - X2
I - Anomalous data
L(Sq,Cq) |-~ . > B distance vectors
3—9} A (S1e Crc) _@’Sum » Total loss
7 I Ao > |
4 |
Er:gLrjnnacllyT;;l/.llgg i i Normal data
i Cloner Network i v, distance vectors . x,
S—— [ Interpretability Algorithm ]< -------------------- : Test samples distance vectors
v 0|8 Uninformed students =20 A2 WHE0 X X 7| v' Anomaly : Teacher-Student?t Z|Cli3}
=

@ OFX|8} Layer X[ATF S — Local Minimum Ed — Intermediate Layer AF&
AL
=

@ Patch 27| HM|$t — Localizationd} Detection 4 X5} — O|O|X| CtQ|Z 5t

x Data Mining [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 33
O.. Quality Analytics  on computer vision and pattern recognition (pp. 14902-14912).
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< Multiresolution knowledge distillation for anomaly detection [3]
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Data Mining [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 34
O.. Quality Analytics  on computer vision and pattern recognition (pp. 14902-14912).
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> Ablation Studies
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> Ablation Studies

® Lgir Lya @ Localization using Interpretability Methods

Performance considering different loss functions
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> Experiments

Dataset Methad 0 1 2 3 4 5 6 7 8 9 Mean
ARAE[ 7] 9.8 99 96.0 97.2 970 974 ws 9.9 924 985 97.5
OCSVM[ 1) 9.5 99 926 916 96.7 95.5 98.7 9.6 90.3 962 9.0
AnoGAN[ 1] 96.6 9.2 85.0 887 894 883 94.7 915 849 924 913
DSVDD{ 7] 98.0 9.7 9.7 919 99 885 983 W6 939 96.5 948
MNIST] 4] CapsNetgr [ 7] 9.8 9.0 98.4 97.6 935 97.0 942 987 w3 99.0 977
OCGAN[ 1] 998 99 942 96.3 975 98.0 9.1 98.1 939 981 97.5
LSA[1]) 993 99 959 96.6 956 96.4 9.4 98.0 953 981 97.5

CAVGA-D,[7] 9.4 "7 98.9 983 917 9.8 988 98.6 98.8 9.1 ~956

U-Std] ] 9.9 99 99 993 992 99.3 9.7 9.5 98.6 99.1 : 99.35 :

OURS 9982£0023 998220017 9779420272 WIT520.098 984310096 981620182 9943+ 0.038 9838 £0.178 9841 £0.157 981 £0. i‘,gl 9871 1
ARAE[ 4] 93.7 9.1 911 M4 923 914 836 989 939 979 936
OCSVM][ ! 1) 9.9 9.0 §9.4 94.2 90.7 918 834 988 90.3 982 928
DAGMM([ ] 30.3 31.1 415 481 499 413 420 374 518 378 41.7
Fashion MNIST[<7]  DSEBM[!] 89.1 56.0 86.1 903 884 859 782 98.1 86.5 96.7 855
DSVDD{ ] 98.2 903 90.7 94.2 894 918 834 988 919 99.0 928

LSA[1] 91.6 983 878 923 89.7 90.7 84.1 917 91.0 98.4 ~222_

OURS N25+£0208 992120064 924840255 938+0095 929540159 9821 £0.157 S48T£0.1026 9902+£0331 MN33L£0164 97514 nn'.‘.: 94.49 'l

ARAE[ 1] 722 a1 69.0 55.0 752 547 70.1 510 722 400 6023

OCSVM[ ! 4] 63.0 “40 649 487 738 500 725 533 649 508 58.56
AnoGAN[ 1] 67.1 547 529 545 65.1 60.3 585 625 758 665 61.79
DSVDD{ ] 61.7 659 S0.8 59.1 609 65.7 61.7 673 759 731 64.81
CapsNetey| 27 a2 455 67.1 67.5 683 63.5 2.3 673 710 466 612
CIFAR-10{ 7] OCGAN[ 1] 75.7 53.1 640 620 723 620 723 575 820 554 65.66
LSA[1]) 735 580 69.0 542 76.1 546 75.1 515 7.7 548 64.1
DROCC] 7] 81.66 76.74 66,66 67.13 7362 7443 7443 7139 8002 76.21 N2
CAVGA-Dy[ 7] 65.3 784 76.1 747 715 55.2 813 4S5 80.1 741 73.7
GT[ %) 76.2 B48 771 72 828 848 82 887 89.5 834 823

U-Sud[¥] 789 89 734 748 85.1 793 892 83 86.2 848 -0

OURS 9053 +£0.158 9035£0.797 7966+ 0415 770242051 S6.71+0346 91.4£0209 88,098 £ 0.2 S6.78 £ 0595 914540148 8891 £ 0 ll'i; 8718 :

v HAISE 20| Fashion-MNIST, CIFAR-100{{Al= 7tE =2 858, MNISTHME 243t 452 B

x Data Mining [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
O‘ Quality Analytics  on computer vision and pattern recognition (pp. 14902-14912).




Summary

Data Mining
o.}. Quality Analytics




- Summary

% Knowledge distillation for anomaly detection

Anomaly DetectionZ} Knowledge distillation 7i 22 d¥ds}t1,
n

Teacher-Student networkE -85t Anomaly Detection2 Regression 2t 0| A HiZtE AFL=2 A7H e

v Uninformed students: Student-teacher anomaly detection with discriminative latent embeddings
+  Knowledge distillation 7|2t Anomaly Detectiong X & X ¢tet =&
« LSt Receptive fieldE Z= Multiple student ensemble = &

« Triplet learning® Sdll @2 Discriminative embeddinga A&

v Multiresolution knowledge distillation for anomaly detection

|0

« Intermediate featureS AF2E O ZM O B2 KnowledgeE distillations!
.l

e |
+ Localizationd} Detection ‘d& &&= 2[6H O|O|X| ACHZE AtE

Data Mining
o“n Quality Analytics




Data Mining
o.}. Quality Analytics




