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Background

* Anomaly detection

- Binary classification problem
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Background

 Supervised and unsupervised approaches

= Supervised AD

e
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« Unsupervised AD
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Background
- 7|Z AD Y ¥ 0| St H

- Reconstruction based anomaly detection

~-Normal HIO|E{ B2 2 S5 Al anomal region= d & SHA| reconstruct & = 91

'« Pixel-wise reconstruction error= anomaly localization 2/} anomaly score 2 7t
:: [f 2 = anomal region= & reconstruct & = A O misdetection2 2 O[O &

- Synthesizing based anomaly detection

-Normal O|O|X|0f 4= 2t anomalyE SH&S+H0] normaldl abnormal AFO| 2| decision

boundary = estimate 2
- 21 anomaly= S&5| AF2 X O|X| @EOFA] normal featureO| A BE| IO E = US
;2 0| 24t defect == St Al normal feature space” loosely bounded & o+ U=

- Embedding based anomaly detection (X2 SOTA 452 W2 AHE)

o| -
AML- O

g = g . . o .
== 2 (istribution= embed &

-ImageNet pre-trained CNN= & -&5}0{ normal featureE T
- A1 0|0|X| = YHIR o2 ImageNetJ-|' =7t E 2}, ImageNet-specific feature =
2 A2 5HH mismatch =X 7F 2 = US
' Statistical algorithm= =& A4 &4 52 22| &H| 287t EXle
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« SimpleNet: A Simple Network for Image Anomaly Detection and Localization

- Unsupervised anomaly detection

- CVPR 2023
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Introduction

« Synthesizing-based and embedding-based & H= H-&

H =
- Feature adaptor& AF25}H0] target oriented feature= ‘e

- ImageOl| 21 HE 2 = anomalyE ‘8 ‘dSt= CH 4! feature space & Of A
normal featureOl| noiseE 7t

- Simple discriminator 2t&= &9l anomaly detection procedureE THE2tA| A

Bottle Metal_nul

Leather Lipper Capsule
R ST TN B [Anomaly localization result of MVTec AD]
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Methods

» Network architecture

- Feature extractor
- Pre-trained ResNet backboneOf| M featureE ==
- Feature Adaptor
- Training feature = target domain2 = transfer A| Z
- Anomalous Feature Generator & discriminator
- Normal featureOll Gaussian noise=S 3=7}5+0{ defect feature S ‘8
- DiscriminatorS S Sll normality score 0| &

Input Local Features Adapted Features

fr
‘_ | Feature Extractor l Feature Adaptor
4

| Gaussian noise ”’ -----é*--r- } |

| &ye~ N(uo®) ‘
’ i Anomaly Maps

Anomalous Feature Generator Anomalous Features

R s g R R [Overview of the SimpleNet] |V_DS|
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Methods

e Feature extractor

- Pretrained network=S A& S+0| =Z 3t patch featureO| adaptive average pooling= &
- Patch featureS J1CH 2 AL S A patch Z12ZH0| M2 ZX|X| £ M2 2 HET 74X 11 QL0

locally awareStX| Gt =

- High level feature/} Oftl mid level feature [2, 3] & AHE

- High level feature= ImageNet classification= ¢/ 52t " E (ImageNet specific o 2)
- High level 2 S2tZ £=% poolingS HA|H | X| 27} AF2tE

levell | level2 | level3 | I-AUROC% | P-AUROC%
Model I-AUROC% | P-AUROC% v 93.0 94.2
ResNet18 98.3 95.7 v 98.4 96.7
ResNet50 99.6 98.0 v 99.2 97.5
ResNet101 99.2 97.6 v v 96.7 96.7
WideResNet50 99.6 98.1 v v 99.6 98.1
v v v 99.1 98.1

[Performance under different combinations of

[Performance under different backbones] hierarchy levels of WideResNet50]
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Methods

» Feature adaptor
- Industrial O| O] X[(ex. MVTec)= backbone pre-training0l A& =l G|O|E MEQt 227t L&
- Feature adaptere & Off training feature = target domain2 2 H 'H
- Feature adaptor 2 single fully-connected layerg A&
» Anomalous feature generator
- Normal feature | gaussian noise = = randomS}tA 3|30 anomalous feature S A

- ‘84 =l anomalous feature2 t5 A| adapted feature space’t compactSif X| = 21} 7F LIEFE
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Methods

e Discriminator

- Discriminator= normal scoreE =& SIH O[O X[ 2| normalityE G| &

- Normal feature @} 7| ‘4 4 =l negative feature = discriminator 2t& A| Z gt

- LEA Ol classifier X & 2-layer multi-layer perceptron (MLP) structure & -&

» LLoss function

- Simple truncated 11 loss A& thw = max(0, th™ — Dy (gh,w)) +max(0, —th™ + Dy (4,))

- Overfitting 2 X| & 9|8l truncation term(th)= & &

Algorithm 1 SimpleNet training pseudo-code, Pytorch-like

# F: Feature Extractor

# G: Feature Adaptor

# N: i.i.d Gaussian noise
# D: Discriminator
pretrain init (F)
random_init (G, D)

for x in data_loader:

o = F(x) # normal features
qg = G(o) # adapted features
[Pseudo-code of training g_ = g + random(N) # anomalous features

procedure] loss = loss_func(D(g), D(g_)) .mean()

loss.backward() # back—-propagate

F = F.detach() # stop gradient
update (G, D) # Adam

# loss function
def loss_func(s, s_):
th = -th = 0.5

return max(0, th-s) + max(0, th_+s_)
R AT | VDS |
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Experimental results

« Baseline CHH| =2 ‘351t l}Z inference speed= 2 &

- PatchCore CHH| inference speed 7t <F 8HYf W=

3

AR N
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Experimental results

» Comparison with state-of-the-arts works on MVTec AD

1571 class & 97| classH Al 7t =2 ds= EH

Type Reconstruction-based Synthesizing-based Embedding-based Ours
Model AE-SSIM RIAD DRAM CutPaste | CS-Flow PaDiM RevDist PatchCore | SimpleNet
Carpet 87/64.7 8§4.2/96.3 | 97.0/95.5 | 93.9/98.3 100/- 99.8/99.1 | 98.9/98.9 | 98.7/99.0 99.7/98.2
Grid 94/84.9 99.6/98.8 | 99.9/99.7 | 100/97.5 99.0/- 96.7/97.3 | 100/99.3 98.2/98.7 99.7/98.8
Leather 78/56.1 100/99.4 100/98.6 100/99.5 100/- 100/99.2 100/99.4 100/99.3 100/99.2
Tile 59/17.5 98.7/89.1 | 99.6/99.2 | 94.6/90.5 100/- 98.1/94.1 | 99.3/95.6 | 98.7/95.6 99.8/97.0
Wood 73/60.3 93.0/85.8 | 99.1/96.4 | 99.1/95.5 100/- 99.2/94.9 | 99.2/95.3 | 99.2/95.0 100/94.5
Avg. Text. 78/56.7 95.1/93.9 | 99.1/97.9 | 97.5/96.3 99.8/- 95.5/96.9 | 99.5/97.7 | 99.0/97.5 99.8/97.5
Bottle 93/83.4 99.9/98.4 | 99.2/99.1 | 98.2/97.6 99.8/- 99.1/98.3 | 100/98.7 100/98.6 100/98.0
Cable 82/47.8 81.9/84.2 | 91.8/94.7 | 81.2/90.0 99.1/- 97.1/96.7 | 95.0/974 | 99.5/98.4 99.9/97.6
Capsule 94/86.0 88.4/92.8 | 98.5/94.3 | 98.2/974 97.1/- 87.5/98.5 | 96.3/98.7 | 98.1/98.8 97.7/198.9
Hazelhut 97/91.6 83.3/96.1 100/99.7 | 98.3/97.3 99.6/- 99.4/98.2 | 99.9/98.9 100/98.7 100/97.9
Metal Nut 89/60.3 88.5/92.5 | 98.7/99.5 | 99.9/93.1 99.1/- 96.2/97.2 | 100/97.3 100/98.4 100/98.8
Pill 91/83.0 83.8/95.7 | 98.9/97.6 | 94.9/95.7 98.6/- 90.1/95.7 | 96.6/98.2 | 96.6/97.4 99.0/98.6
Screw 96/88.7 84.5/98.8 | 93.9/97.6 | 88.7/96.7 97.6/- 97.5/98.5 | 97.0/99.6 | 98.1/99.4 98.2/99.3
Toothbrush 92/78.4 100/98.9 100/98.1 | 99.4/98.1 91.9/- 100/98.8 | 99.5/99.1 100/98.7 99.7/98.5
Transistor 90/72.5 90.9/87.7 | 93.1/909 | 96.1/93.0 99.3/- 94.4/97.5 | 96.7/92.5 100/96.3 100/97.6
Zipper 88/66.5 98.1/97.8 | 100/98.8 | 99.9/99.3 99.7/- 08.6/98.5 | 98.5/98.2 | 99.4/98.8 99.9/98.9
Avg. Obj. 91/75.8 8§9.9/94.3 | 97.4/97.0 | 95.5/95.8 98.2/- 96.0/97.8 98/97.9 99.2/98.4 99.5/98.4
Average 87/69.4 91.7/94.2 | 98.0/97.3 | 96.1/96.0 98.7/- 95.8/97.5 | 98.5/97.8 | 99.1/98.1 99.6/98.1
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Experimental results

 Qualitative results for each class in MVTec AD
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Conclusion

e SimpleotH M & efficient?} unsupervised anomaly detection 2 & A| F
- AN A =HE 0| SEA o 2] 71 2] simple®t neural network module =2 2F 78
- SimpleSHA| Bt 7| & SOTA HH'EH 2 CHH| 951 inference speed& 57

- Anomaly detection taskO| RO academic research®} industrial application AFO|2| gap=
=0[=0 7|0
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* Explicit Boundary Guided Semi-Push-Pull Contrastive Learning for
Supervised Anomaly Detection

- Supervised anomaly detection

- CVPR 2023

SOGANG UNIVERSITY 16

PR s1vansa
S

VDS

=
‘D
o



Introduction

e Unsupervised AD+ decision boundary”} implicitotH &+ 9| discriminative StX| ¥ =
- Normal ®Z 0| At St5 Al AD model2| discriminability7| X SHE = U=
- Anomaly score distribution usually has ambiguous regions
. . L L O =
e Semi-supervised AD= 22| anomaly= 220} detection ‘ds= TA|Z
- B = anomalyE represent & = 9111, known anomalyO| 2|5l biased & = U S
e Supervised AD 24 O £ discriminability 2} generalizability 255 A2 = U=
mmm) Explicit Boundary Generating Phase mmm)p Boundary Guided Optimizing Phase
Es AFinding Explicit Separating Boundary M
o [ =)
g B noma % %
=3 B sboommal Implicit g o
Boundaries Explicit
/\ Boundari
T 1
Eo o
| e
L.
I
Ambiguous Log-likelihood Log-likelihood Unambiguous  Log-likelihood
(a) (b) (c)
b) Normalized normal feature distribution
¢) BG-SPP loss= & Sl normald} abnormal distribution gap= 4 A
[Conceptual illustration of BG-SPP method]
R ST | VDS |
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Method

* Network architecture
= Feature extractor
- Efficientnet b6 & &
» Conditional normalizing flow (CNFlow)
- Normalizing flowS & Sl normal feature distribution St &

« Explicit boundary generating and boundary guided optimizing

R I O T R SR O AU U USSR o AU ————

| C—> Explicit Boundary Generating === Boundary Guided Optimizing =2 Pull €= pPush | | Explicit Boundary Gunsmting

I in
! Abnormal Distribution I Abnormal 'i-l' Normal
L-Nnrmar - Abnormal A Normal Distribution ‘ - el 'Buunda‘-

Ly,
________________ S B
I Feature Extractor h
I . N |
I3 Distribution Normalizing Bou ndary Setting
I gwa Yoo maERl e e m——— -
I F : Boundary Guided Optimizing
1 -"'b'F'"""":
' ) Y
I oy AL N
1 I | Positional 1 (=
[ | | Encoding -
b

l . BGSPP 3" .
L i v o e S M i et iiaal R e . . ot I e e 5

[Model overview]
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Method

» Learning normal feature distribution by normalizing flow
- Feature extractorO| A| =& &l feature= CNFlow2| input feature Z At-E
- Normalizing flow2| coupling layer®| 2D-aware position embedding= 7}
- Coupling layer= Y EtE © £ fully connected layerE T3 &

;= O] = 2D feature map= 1D flatten A|7| 2 £ spatial position relationship= destroyA| Z
- Positional informationg £ Z=5}7| 2|6l 2D-aware position embedding= 7t

. . . o, . . (=)
;= Sine & cosine positional encoding= M &

- Normalizing flows -2 5}0 maximum likelihood optimization= & Ol normal feature

distribution &
- Normal feature 2% Al latent variable distribution= multivariate gaussian distribution= [[tS
' Anomaly-independent separating boundary= &' 7| 2|3l normal feature distributionO| 4124

St5 E|O0{OF 2 (0 epochO| Al = normal sample 2t 2F5)

d 1
A e [Elog{er) + 5@99{;}:)T@3(£)

L
- Zi:l log|det.J,, (yx—l}l]

[Maximum likelihood loss function for learning normal feature distribution]

PR szusa
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Method

* Finding an explicit and compact separating boundary

- S5 =l normal feature distribution2 2§ E separating boundaryE &2 = US

=
- SHX| 2t feature2| high dimensional characteristic (= Of| anomal score distributiongs Z-&
da
Y

- CNFlows &0l °d‘d =l log-likelihood distribution= anomaly score2 'H2tS| 0] boundary 1 EH
;- Normalizing flow= 242+ 2| input feature CH 4} exact log-likelihood logp(x) 0| & 0| 7t

d 1
logp(z) = —5log(2m) — 5vu(z) wa(z)

L
+Y_ log|detJ, (yi-1)|

'+ Estimated ! log-likelihood logp(x)= exponential function= & ol likelihood 2 H 2S5}

. = o
normalityS measure & T U

s(x) =1 — exp(logp(zx)) - s(x)= anomaly score of x

'« BEM O Z | separating boundary in log-likelihood distribution+= boundary in anomaly score
dlstrlbutlom_f = aolst

R AT |VDS|
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Method

* Finding an explicit and compact separating boundary

- M H %t boundarys &= A2 dilemma )

- Boundary= distribution = ¥ 0| 5™ normal distribution tail0f| U= HEZ2 anomaly2 L=F =

- BoundaryE distribution &Y 0| A E 2| &M anomaly ES0| normal 2 L 257 &

- 0| = Sl Z37| {3l position hyperparameter(8)2} margin hyperparameter(7)S 8 -&

- Beta : control the distance from the distribution center

' f-th percentile of sorted normal log-likelihood distribution as the normal boundary, b,

- Abnormal boundary : b, = b, — 1

S S A S N S NS G S A S M e S

Explicit Boundary Generating
margin

Abnarmal Ll Ho

Boundary | Boy

I T ..

|
I -Norrnal . Abnormal A Nommal Distribution ‘ Abnormal Distribution
L

(=2
o TR A Boay g
[Finding explicit normal and abnormal boundary]
N MBIk I VDS |
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Method

* Learning More Discriminative Features by Boundary Guided Semi-Push-Pull

- Discriminative feature learning= /Sl boundary guided semi-push-pull (BG-SPP) loss & &

- Boundary bn= contrastive target 2 £ Z-8 610 log-likelihood 7} bn 2 CF ZF-2 normal feature= pull St
(semi-pull), log-likelihood7} ba B Ct & abnormal feature= margin tau(r) 5 2 2 push & (semi-push)

\T
Lag=sip = Z |min((logp; — by), 0)]
=1
M
83 Z |max((logp; — b, +7),0)|
J:

[Boundary guided semi-push-pull]

ﬂ S TN D | VDS |
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Method

« RandAugment-based Pseudo Anomaly Generation

- B SHA local irregularityS ‘8 A SHY irregular pattern2| =2t CIA 2 et Al

RandAugmented CutPaste

Nomal Image Foreground Mask
i Binarization
: _
|
|
Random Cutting
_ —

Augmentation

Abnormal Image Simulated Image |

[RPAG process]

bottle

capsule

[Generated abnormal samples by RPAG]
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Experimental results

» Quantitative results on MVTec AD compared to unsupervised and supervised methods

6 SOGANG UNIVERSITY 24
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s Unsupervised AD Methods Supervised AD Method
£ory DRAEM"* [2] PaDiM*[10] MSFD" [¢7] PatchCore* [*2] CFA® [20] NFAD!  BGAD"/® (Ours) BGAD (Ours)
Carpet 0.954/0.947 0.983/0.946  0.990/0.958 0.985/0.959 0.989/0.943  0.994/0.983 0.994/0.982 0.996-0.0002/0.989-L0.0004
E Grid 0.997/0.984 0.963/0.894 0.986/0.937 0.974/0.891 0.977/0.932 0.993/0.980 0.994/0.980 0.995-+0.0002/0.986-+0.0001
; Leather 0.992/0.981 0.984/0.966 0.978/0.924 0.992/0.974 0.991/0.958 0.997/0.994 0.997/0.994 0.998-0.0001/0.994-:0.0003
[t Tile (.994/0.949 0.958/0.884  (.952/0.841 0.960/0.939 0.960/0.860  0.969/0.929 0.968/0.927 0.994-+0.0077/0.978-+0.0021
Wood 0.962/0.935 0.963/0.891 0.953/0.925 0.968/0.857 0.948/0.882  0.969/0.957 0.970/0.957 0.982-+0.0053/0.970-£0.0007
Bottle 0.993/0.955 0.978/0.936 0.985/0.940 0.986/0.956 0.987/0.944  0.988/0.965 0.989/0.964 0.994-0.0009/0.971-+0.0011
Cable 0.961/0.910 0.979/0.973  0.972/0.922 0.986/0.980 0.987/0.931 0.975/0.944 0.980/0.968 0.9864+0.0010/0.977-£0.0030
Capsule 0.869/0.901 0.980/0.924 0.979/0.878 0.990/0.946 0.989/0.943 0.989/0.952 0.992/0.959 0.9924+0.0021/0.964--0.0033
- Hazelnut 0.997/0.985 0.980/0.951 (.982/0.968 0.988/0.924 0.986/0.953 0.984/0.976 0.985/0.976 0.9954+0.0040/0.982-£0.0028
E Metal nut 0.992/0.935 0.979/0.929 0.972/0.985 0.986/0.935 0.987/0918 0.971/0.942 0.976/0.948 0.996-+0.0003/0.970-£0.0012
g Pill 0.979/0.959 0.978/0.957 0.971/0.929 0.983/0.947 0.986/0.965 0.976/0.978 0.980/0.980 0.996-+0.0002/0.988-0.0005
Screw 0.992/0.965 0.974/0.923  0.983/0.924 0.984/0.928 0.985/0.944  0.988/0.945 (.992/0.960 0.993+0.0003/0.968-0.0010
Toothbrush 0.970/0.940 0.980/0.894 0.986/0.877 0.987/0.939 0.989/0.894 (.983/0.904 0.986/0.938 0.995+0.0003/0.961-0.0026
Transistor 0.970/0.935 0.983/0.967 0.886/0.781 0.964/0.967 0.985/0.960 0.923/0.788 0.940/0.830 0.983-+£0.0005/0.972-£0.0015
Zipper 0.984/0.966 0.978/0.948  0.981/0.935 0.986/0.963 0.988/0.944  0.986/0.957 0.987/0.957 0.9934+0.0003/0.977-+0.0002
Mean 0.969/0.947 0.976/0.932  0.970/0915 0.981/0.940 0.982/0.931 0.979/0.946 0.982/0.955 0.99240.0007/0.976-0.0006
Image-level Mean 0.978 0.975 0.964 0.988 (0.989 0.968 0.974 0.993+0.0012
;- Su ased AD Methods (Ten Abnormal Samples)
S-ategocy FCDD* [24] P[:ZNa- [27] DRA*[12] ac;:n {Ohurs)
Carpet 09810952 -4 4 099620 000240, 989 L0000
Gnd (L0490 507 4 -i- 0995 L0 0002098600001
Leather 09840973 - - 09980000 LAD S £ 00003
Tile 09770938 -4 4= 09940 00T 79T -L0. 0021
Wood (0500901 - -i- 098220005 30,970 -L£0.0007
Bottle [T TR E - 0994 S0 0008 AL ST L0001 1
Cable 09630980 -J- - 00862000 TN T T L0030
Capsule 09704922 & 4= 099220002 1AD 64 L0033
Hazelnut 0970958 = E - 0995 L0 0040/ B8 L0028
Metal nut 0,966,934 - I - 0996 L0003 9T0 L0001 2
Bill 0,97 540,960 A 4 0,996 000020, 988 00005
Screw (B30 925 = E - (9930 000368 00010
Toothbrush 0.96TH.907 - I - 0995000030961 L0026
Tramsiztor 094200 935 & 5 4- 0083000050 9T2-L0.0015
Zipper 0GR 048 4= - 09930 00030977 L 00002
) Mean (.56 0.05E - - 0992 0,007 M. 9T 60,0006
N HECHE D Tmage-level Mean | 0065 D098 (061 99300013 VDS



Experimental results

 Qualitative results on MVTec AD compared to unsupervised and supervised methods
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Experimental results

 Feature distributions learned by comparable methods

- Supervised DevNet= known anomaliesO| biased T| O] unseen anomalies& T+ ot= 0| & If
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» Log-likelihood histograms
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Conclusion

« Boundary guided AD& K| ¢t
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- Explicit separating boundary and semi-push-pull mechanism &= &0
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