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Anomaly detection

* Anomaly detection
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Anomaly detection

» Anomaly detection
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Anomaly detection

* Supervised Anomaly Detection
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Anomaly detection

» Semi-supervised (One-Class), Unsupervised Anomaly Detection
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Anomaly detection
» Background

- GAN based anomaly detection
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Anomaly detection

» Background
- GAN based anomaly detection
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Anomaly detection
» Background

- VAE based anomaly detection

~ Variational auto encoder (VAE)E A}

2510 HO|He| 225 o5
2 HO[EZF 7HX[ 2 Q= B2 E EF 222 7t
vEx) Gaussian, Bernoulli &
7h8ct 220 Ho|E & Y XA sts
vGANI} H| 13| Af st 0] eHy

WAE reconstruction

<VAES| 2 >

R 447 T 8k

SOGANG UNIVERSITY



1011

Anomaly detect

» Background

™~
v
=
o
o
-
c
[
>
°
=

woven fabric 1

10

ion O Al

- Anomaly detect

ABTHE-n
SOGANG UNIVERSITY

KO



Anomaly detection

» Background
- Anomaly detection =8 =X &

- Representation
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Knowledge distillation
» Background

- Teacher network2| X| Al 2 &K 2 AFE SO A} SF= Student network | Al =
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Knowledge distillation
» Background

- Teacher network 2| X| 4]
.37 27k% 22 98
- Model performance
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Knowledge distillation

* Meta Pseudo Labels
- Imagenet Top 1 accuracy 90.2%
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Knowledge distillation

» Meta Pseudo Labels
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Knowledge distillation

* Student-teacher-anomaly-detection
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Knowledge distillation

* Student-teacher-anomaly-detection

= Proposed method
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Knowledge distillation

* Student-teacher-anomaly-detection

- Proposed method

- Fast Dense Feature Extraction (FDFE)
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Knowledge distillation

* Student-teacher-anomaly-detection

« Proposed method
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Knowledge distillation

* Student-teacher-anomaly-detection

« Proposed method
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Knowledge distillation

* Student-teacher-anomaly-detection

- Experiment

- Metric: PRO-curve

Category O NN OC-SVM K-Means €2-AE  VAE  SSIM-AE  AnoGAN  Ch\-Feature
p = 65 Dictionary
Carpet 0.695 0.512 0.355 0.253 0456 0501 0.647 0.204 0.469
& Grid 0819  0.228 0.125 0.107 0582 0.224 0.849 0.226 0.183
2 Leather 0819  0.446 0.306 0.308 0.819 0.635 0.561 0.378 0.641
& Tile 0912 0.822 0.722 0.779 0.897  0.870 0.173 0.177 0.797
Wood 0725 0.502 0,336 0471 0,727 0.628 0.605 01,386 0,621
Bottle 0.918  0.808 0.850 0.495 0910 0.897 0.834 0.620 0.742
Cable 0.865  0.806 0.431 0.513 0825  0.654 0.478 0.383 0.558
Capsule 0916 0.631 0,554 0.387 0.862 0.326 0.860 0,306 0,306
s Hazelnut 0.937 0.561 0.616 00.698 0917  0.878 0.976 01.698 0.843
2~ Metal nut 0.895 0705 0.319 0.351 0.830 0.576 0.603 0.320 0.358
& Pill 0.935 0.725 0.544 0.514 0893 0.769 0.830 0.776 0.460
Screw 0.928 0.604 0.644 0.550 0754 05590 0.887 0.466 0.277
Toothbrush ~ 0.863  0.675 0,538 0.337 0.822  0.693 0,784 0,749 0151
Transistor 0701 0.680 0.496 0.399 0.728  0.626 0.725 0.549 0.628
Zipper 0.933 0512 0.355 0.253 0.839 0.549 0.665 0.467 0.703
Mean 0.857  0.640 0.479 0.423 0.790 0.639 0.694 0.443 0.515
§ AR e o1
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Knowledge distillation

* Student-teacher-anomaly-detection

- Experiment
-Patch & 45 87t

- PixelQ| latent vectorE patch'E =2 F
20|st

- M2t N 2 AE SEE student network CHE
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Knowledge distillation

* Student-teacher-anomaly-detection

- Experiment

Category p=17 p=133 p=065 Multscale

Carpet (0.795 0.893 0.695 0.879

& Grid 0,920 0949  0.819 0,952
£ * Leather 0935 0956  0.819 0.945
A Tile 0036 0950 0.912 0.946
Wood 0943 0929 0725 0911
Bottle 0.814  0.890 0918 0,931
Cable 0.671 0764  0.865 0.818
Capsule 0935 0963 0916 0,968
, _ Hazelnut 0.97T 0965  0.937 0.965
i Metal nut (0.E9] (0,928 (.85 0,942
3 Pill 0931 0959 00935 0.961
Screw 0915 0937 0928 0,942
Toothbrush 0946  0.944  0.863 0.933
Transistor  0.540  0.611 0701 0.666
Zipper 0.848 0942 0933 0.951
Mean 0.866 0900  0.857 0.914
R 447 T 8k ”
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Visual transformer
» Background

= Transformer

~ Attention is all you needOi| A Lt 2 HAEE 1K
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Visual transformer

» Background

- BERT
— Transformer encoderTt =& A& 2 AHO| X 2| ZH

- Pretrain task = 25 ©F 2 fine-tuning
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*___® s * oo
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]

Masked Sentence A - Masked Sentence B Question * Paragraph
\ Unlabeled Sentence A and B Pair J \\\ Question Answer Pair /

Pre-training Fine-Tuning

[=a (] .. ['-'-]fml['-']--.[ ] [oa](m] .. [hu][m}[-'l-u[
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Visual transformer

» Background

- BERT
- CLSZ 5 EZ (vector) &
- CLSS| &4 vectors 0|85t 2%
' Encoderg AHX[HAM &
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Visual transformer

» Background
- BERT

- Position embedding
;'* BERTE FC layer=22F 71
vIG2tA RNNO|LE CNNA & &AM, /X SEE 7HX| 1 K| =
vO|& Z20f thole] =M 71 HH Ol = S 2ot 20| & 74X A &
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i L et o W bt N W Y e rg s e
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- -+ - + -* e - + -+ - -
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Visual transformer
* An Image 1s Worth 16X16 Words: Transformers for Image Recognition at Scale

- Transformer architecture= OF%| computer vison task Ol A| Af| 2+
- CNN architecture2| 58 &2 X5t= Z0||2 0|8
- 2 ==0| M= O|0|X[ & patchE 2 25t transformer0| & & [l image classification
task| M & +dE = A= EAF
- 2 2O HIO|E Of CHH A S5 2 =l SHA transfer learning= =2 St Vision
Transformer= ¥ &2 computational resourceE 7

- SA0f SotA CNN1t H| W5 I @0t Z1tE He= AS HO|F

RANK MODEL ror1 * 1Op 9 NL‘NVEER Tnt:|m:<3 PAPER CODE RESULT
ACCURACY ACCURACY ] _ )
PARAMS DATA

Meta Pseudo Labels

1 90.2% 98.8% 480M A Meta Pseudo Labels e 23
(EfficientNet-12)
Meta Pseudo Labels .

3 90% 98.7% 390M o Meta Pseudo Labels (9] 2

(EfficientNet-B6-Wide)

EfficientNet-L2-475 Sharpness-Aware
3 88.61% 480M o Minimization for Efficiently (9] 5

S, .

Ak Improving Generalization

An Image is Worth 16x16

4 ViT-H/14 88.55% 632M v Words: Transformers for (9] 2
Image Recognition at Scale
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Visual transformer

* An Image 1s Worth 16X16 Words: Transformers for Image Recognition at Scale

= Proposed method
- ™A O|O|X|Z p size2| patchZ =&
- Patch= transformer T+ 20| 28 7} SSIE 5 Linear projectiones &0l 1A 2| vecto2 HYH
S

7
- AT Y2 ZE pertl| CLS2 FAISHA &t& 7Hs Tt embedding= 7t

Vision Transformer (ViT) Transformer Encoder

Class

1
1
Bird MLP 1
G [ Hend | !
I
Transformer Encoder | :
1
- | :

P mmeaams > @5 @15515 @ﬁl E’IT] | Mot Head
|
1
1
1
1
1

* Extra learnable K R R
[class] embedding [ Linear Projection of Flattened Paiches J

SHE O
E;—r!liﬁﬁﬂﬁﬁﬂ

Embedded
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Visual transformer

* An Image 1s Worth 16X16 Words: Transformers for Image Recognition at Scale

- Experiment

SOGANG UNIVERSITY

Ours-JFT Ours-JFT QOurs-121K BiT-L Noisy Student

(ViT-H/14)  (ViT-L/16) (ViT-L/16) (ResNet152x4) (EfficientNet-L2)
ImageNet 88.55+0.04 87.76+0.03 85.30+0.02 87.54 +0.02 88.4/88.5"
ImageNet RealL 00.721005 90.54 L0033 88.62_L005 00.54 090.55
CIFAR-10 99.50+0.06 99.42+0.03 99.15+0.03 090.37 +0.06 —
CIFAR-100 94.55+0.04 93.90+005 93.25+0.05 03.51 £ 0.08 -
Oxford-1IIIT Pets 97.56 +0.03 97.32+011  94.67+0.15 96.62 +0.23 —
Oxford Flowers-102  99.68 +o.02  99.74+000 99.61 +0.02 99.63 +0.03 —
VTAB (19 tasks) 7T7.63+023 76284046 T2.72+0.21 76.29 +1.70 —
TPUv3-core-days 2.5k 0.68k 0.23k 9.9k 12.3k

g AT TNdED .



Visual transformer

» Transformer-Based Anomaly Segmentation

- Sub-Image Anomaly Detection with Deep Pyramid Correspondences
- Pretrain model2FE ARSI 2HIPEE AHX|X| B inference 22t anomaly detections =&
- Transformer-Based Anomaly Segmentation pretrain model2 VitE At&
- Detection 4}E 2 2EHA 2 19
;'t Train datag AFESFY pretrain & 220 M featureE T=
vEx) Average pooling X feature

s Test image2| featureE T2t train feature 2t H| 1w SHO| K71 2| nearest image featureE =
1 feature2}t2| B 72| S anomaly score = A&

ro
ot

W= 3 4P

feNk(fy)

A= k709 pixel featureS S 7t 7H7H2 pixel featureE F=
e ol 'l EH ol =] Xo)
aoT

9| pixel2 anomaly = £

ﬂf(y,;O)Zi > If-Fp)l

" feN(F(y.p))

R 42 oaista
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Visual transformer

» Transformer-Based Anomaly Segmentation

- Experiment

Original image CNN Context ViT attention CNN scores ViT scores Ground truth

-

g S4B TUSED .
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Visual transformer

» Transformer-Based Anomaly Segmentation

" EXP eriment Input Score Ground truth

A CTHEED
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Visual transformer

» Transformer-Based Anomaly Segmentation

- Experiment

Class Baselines Ours
OC-SVM I-NN  VAE CNN-Dict AE;, AFEggry  Student SPADE  MST
Carpet 35.5 51.2 50.1 46.9 45.6 64.7 69.5 95.4 97.8
Grid 12.5 22.8 22.4 18.3 58.2 84.9 81.9 92.9 96.3
Leather 30.6 44.6 63.5 64.1 81.9 56.1 81.9 O8.1 99.0
Tile 72.2 82.2 87.0 79.7 89.7 17.5 91.2 85.7 92.5
Wood 33.6 50.2 62.8 62.1 72.7 60.5 72.5 91.1 96.1
Bottle 85.0 ®O.8 89.7 74.2 91.0 834 91.8 Q4.7 96.4
Cable 43.1 R0.6 65.4 55.8 82.5 47.8 86.5 86.1 91.1
Capsule 55.4 63.1 52.6 30.6 86.2 86.0 91.6 94.4 91.3
Hazelnut 61.6 86.1 87.8 844 91.7 01.6 93.7 93.1 96.4
Metal nut 31.9 70.5 57.6 35.8 83.0 60.3 §9.5 94.1 95.5
Pill 54.4 72.5 76.9 46.0 89.3 83.0 93.5 95.4 95.6
Screw 64.4 60.4 55.9 27.7 75.4 38.7 92.8 96.2 953
Toothbrush 53.8 67.5 69.3 15.1 82.2 78.4 86.3 91.5 93.0
Transistor 49.6 68.0 62.6 62.8 T72.8 72.5 70.1 85.6 85.4
Zipper 35.5 51.2 549 70.3 83.9 66.5 93.3 94.4 94.5
Average 47.9 64 63.9 51.5 79 69.4 85.7 092.6 94.4
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Contrastive learning

» Background
Human supervision 910| effective visual representations= 6%&% A
- Effective visual representations 9|2+ 27 A| H 2 B EHO| B O| AL &

- Generative method: pixel level generation— computationally expensive

visual representationsOfl 3| HRSIX| Y=
2t-8 510 representations= &
[SIPNES

JFEF ZHEFSE (ask Q1 O] 0| K| 7} S A}SH

-

- Discriminative method: object functiona & =

- 7| & & E 0= CH= | Contrastive learning=
LHEESEO (binary) effective visual representations= ot = 7| &

Contrastive

Data ﬁ”” _ Data [Data zy | — Classification
T .y ’ T — i
LI G 1 ; (similar or not)

Generative / Predictive

N 447 T 8k .
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Contrastive learning
» Background

- Contrastive learning?| =& 2 st 1P°d 2 &9l O|0|X| & 71 & #oe = A&
vectors F=0t= A0 &

;B 2 oo

Representation

Image

g 4 TN .
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Contrastive learning
» Background

- Contrastive learning2| =% gt<== Noise Contrastive Estimator LossE A&

NCE. - 1 exp(sim(g(xg,y(f)))
exp(sim(g(x), g(x*))) + >_i_, exp(sim(g(x), g(x }))
- X+: positive sample, x-: negative sample
~ Positive sample — = O[O X| x@f H|==3t O[O]X|
- Negative sample — &1 & O|0|X| xo} C+Z O[O[X|

- Sim(.): cosine similarity &<
- NCEE X[zt A|7]7] IS M= positive?t2| FAHE 7} = Ot & OF &
- EEOF negative ZF2| RALE &= SA|O| HO{AOF &

- 0| & 0| &95}0] Contrastive learning= T

R 44 TH8E D
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Contrastive learning

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

- 7| = NCE loss& AFE5H7| f5fM= & & O| O] 5 0ff Ci 3t positive/negative sampleO|
TS E[00F &
- [0F2F A unsupervised learning= %/ A= positive/negative pairg TrE= 1HE §10]
THE[OF &
_o|2 ®H =

= X Z St data augmentation, learnable nonlinear transformations= Aot S| A5t 7| &=

. == - O =
supervised 2 Bt s ot 5= = 2= E¢

o= =

Method Architecture Param. Top 1 Top3
Metiods wsing KesNer-20):
Local Agg. ResMNei-50 24 6.2 .
MoCo ResNet-50 24 &6 ! #Suparvised L. *SimCLR [4x)
PIRL ResNet-50 24 636 - £ mMCLR {2
CPC w2 ResNet-50 24 638 833 g oCPCv2-L
SimCLR {ours) ResMNet-50 24 6.3 RO é OF 4simcLR «CME MaCo (4x)

& sPIRL-c2x
Methods using other architectires: < - | . eMaCo (2x) AMDIM
Rotation RevMet-50 (4= 86 55.4 - EL 9CPCy2 PIRL-ens.
BigBiGAN RevNet-50 (4x) 8 613 819 = PIRL oBigBIGAN
AMDIM Custom-ResNet h26 6.1 - - 1LA .
CMC ResNet-50(2x) 188 684 882 o
MoCo ResNet-50 (4x) 375 68.6 - E b ) sRotation
CPCv2 ResNet-161 () 305 715 90.1 b peamecl H | P
SImCLRE {ours)  ResMNet-500 (2 ) a4 742 920 a5 &0 100 200 400 E26
SIMCLE (ours)  ResMet-50 (4 75 76.5 93.2 Mumber of Parameters (Millions)

SOGANG UNIVERSITY
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Contrastive learning

» A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)
« Proposed method

- 1= 00| X| x& 27t X| augmentation (t, t")= O] &5t 2712 Y& O|O[X| & +
- Encoder f(.)E O] &350 O|O|X| 2| representations =

;= Resnet2| average pooling X 2| featureE AlE

Maximize agreement

h; +— Representation — h;

A B
S
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Contrastive learning

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

« Proposed method
- CHS 2 2 represent vector= non-linear fc2 FALEE T vectorE H et

- Positive paird ¢ FAL=E 3| St negative pairld 8¢ FAIEE Al &

Maximize agreement

D
'
4
[\

-

h; +— Representation — h;

SOGANG UNIVERSITY
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Contrastive learning

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

« Proposed method

SIimCLR Framework

Representation

Xj
|'li Zj
< a_._Encoder | — Dense Relu Dense -»[ [ | | —

Data Mfix_imi_ze
Augmentation similarity

Original _ﬂ — Encoder | Dense Relu Dense > 1] —
Image hi .

Xi l ?]

T 1
Transformed Base Encoder Projection Head
Images f(.) al)
Downstream
tasks

R 447 T 8k .
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Contrastive learning

» A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)
- Conclusion
- Data augmentation =22 52

;- Random cropping2} color distortion =7t X| Z=¢t0| 4&0| 7I& =&

(b) Crop and resize (¢} Crop, resize (and flip) (d) Color distort. (drop) (c) Color distort. {jitter)

(f) Rotate {90°, 180°, 270%} () Cutout (h) Gaussian noise (1) Gaussian blur (j) Sobel filtering

MY THED 4o
SOGANG UNIVERSITY




Contrastive learning

» A Simple Framework for Contrastive Learning of Visual Representations (SimCLR)
= Conclusion
- Non linear projection
;' CNNEH 29| vector/t SL€5H|= O{H=Z

=
;' (F2FA] Non linear projections &0 278

;- O| & S0l CHE task= TEHA|O 2

e
- Batch size
s M QHEl EHHOf| A= augmentationS O 238} positive pairft 0] €S 4= g2
< [[t2}A 2 batch sizeE T3St 1 batchLH O] BE-2 negative O|O|X| 7} ZX|StEF St= A O|
ds&ddo| ==0| &
NCEp., = —log exp(sim(g(x), g(x*)))

oxp(sim(g(x), g(x*))) + 24z, exp(sim(g(x), 9(x; )

A B
S
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Conclusion
« Anomaly detection2| 7H 21} 52 FX

|->+

| = computer vision =&

« CFE task?| 7| =2 Anomaly detection®| & &

R A TSR »
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