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Introduction

% Anomaly Detection (AD)
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Introduction

% Anomaly Detection (AD)
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Introduction

% Seminar Goal: AD 12F MEHO| =3 LS| HXH

Unsupervised AD
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Introduction

% Seminar Goal: AD FI2F MEHo| == H5{HXH

«  Topic 1: FUELI AD G2 7t 582 — Supervised AD

Supervised AD : Unsupervised AD
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Introduction

% Seminar Goal: AD T 2F MEHo| 3 LS| HXH

«  Topic 2: 8%} HIO|E{ = 1 — Zero-shot AD
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Introduction

% Seminar Goal: AD T 2F MEHo| 3 LS| HXH
«  Topic 3:0|0|X| HETC 2= BIX|& 5= Q1= O|4X] - Multi-Modal AD

Supervised AD
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Supervised AD

%  Seminar Goal: AD 2F MEHO| =2 5| HXH
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Supervised AD

% Background
> B HO[E{R} O &A] 222 & et=
> 84 HIo|E{Q} O Y], ZFZoM F=Eet S ZH A}0|7t FEX| =& &5
Y5

E
> oHA: shEet Ol K| of| cHsHAM T 2 et & 7Hsd

® : Normal
@ : Seen anomaly
: Unseen anomaly
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Supervised AD

% Background
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Supervised AD

< Explicit Boundary Guided Semi-Push-Pull Contrastive Learning for Supervised Anomaly
Detection (CVPR'23)

> O[AMK| A% 28 — O|AMX|O| CHEH HE2] By
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BGAD

% Step 1. Explicit Boundary Generating

[

> U HOE| BX p,(0)E BEE ’E,ﬁ =X N(O 1)0f| Clict 4|2
+ 73 TH4 (CNFlow, 7} @iAto 2 31
> &8 &), —logpe(x) (MLE)

«  Goal: CNFlow7} 12 ™A H|O|E|E & LIEl= E2E L E S5

@ =X CNFlow

> Normalizing flow: ZA| 2’82 ¢l &4 O|o|E{of CHet E£ = THA|
=
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BGAD

% Step 1. Explicit Boundary Generating

> Normalizing flow: 24| 28 S 2l 4 HIO|E{0]l CHS =2 =78 THA|
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BGAD

% Step 1. Explicit Boundary Generating
> Finding Boundary: 8¢ H|O|E| E20] 7|51 O] &X| BiX| BA 473
> O|EX| Ba:s(x) =1—pp(x)
> ©ol0|m mt2td|E] F 71X| AE
e B:s(x) 7|F p-th percentiled] SHESH= log py(x)E 8 HIO|E AAIZ 4 - b,
« T 23U 0| YX| EX|F flet F7H oW / O|4X| BA b, = b, -7
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BGAD

% Step 1. Explicit Boundary Generating
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BGAD

% Step 1. Explicit Boundary Generating
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BGAD

% Step 2. Boundary guided semi-push-pull

>

>
>
>

Step 10 AHst A E BA|H 2R 0|2 (Boundary guided)
Step 11} E2| 0| 4X|E t=0f e A2
A HIO|E{= b, 2t 2 7|11 (Pull)
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BGAD

% Step 2. Boundary guided semi-push-pull
> TN &4 g YV min ((logp; — b,),0)| + Z]-’Zl Imax (log p; — b, +7),0)|
> B Ho|E AZL = GI|7|: T, imin ((logp; — by),0)|

> O|YX|HFZo 2 YU7|: 3}, imax ((logp; — b, +7),0)|

loss =0
loss >0
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BGAD

% Step 2. Boundary guided semi-push-pull
> TN &4 g YV min ((logp; — b,),0)| + Z]-’Zl Imax (log p; — b, +7),0)|
> B Ho|E AZL = GI|7|: T, imin ((logp; — by),0)|

> O|YX| HPZ2 2 YUT|: 32X, jmax ((log p; — by, +7),0)]

loss =0
loss >0
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BGAD

% Step 2. Boundary guided semi-push-pull
> TN &4 g YV min ((logp; — b,),0)| + Zj"il Imax (log p; — b, +7),0)|
> BYHo|E ZFL = HI|7]: 3 Y, Imin ((log p; — by),0)|

> O|YX|HFZo 2 ~7|: 3, imax ((logp; — b, +7),0)|

loss > 0 loss =0
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BGAD

% Step 2. Boundary guided semi-push-pull
> TN &4 g YV min ((logp; — b,),0)| + Zj"il Imax (log p; — b, +7),0)|
> BYHo|E ZFL = HI|7]: 3 Y, Imin ((log p; — by),0)|

> O|YX|HFZo 2 ~7|: 3, imax ((logp; — b, +7),0)|

loss > 0 loss =0
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BGAD

% Step 2. Boundary guided semi-push-pull

> TN &4 = YV | min ((logp; — b,),0)| + Z]-’Zl Imax (log p; — b, +7),0)|

> BYHo|E ZFL = HI|7]: 3 Y, Imin ((log p; — by),0)|

> O|YX| HPZ2 2 YUT|: 32X, jmax ((log p; — by, +7),0)]
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BGAD

% Step 2. Boundary guided semi-push-pull
> TN &4 = YV | min ((logp; — b,),0)| + Z]-’Zl Imax (log p; — b, +7),0)|
> B Ho[E AZ2z YI|7|: T, imin ((logp; — by),0)|

> O|YX|HFZo 2 YU7|: 3}, imax ((logp; — b, +7),0)|
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BGAD

% Experiments

> [L|O|E{4ll: MVTecAD Dataset AIE (Multi-category Image AD Dataset)
> Supervised AD: 7tE| 12| & 0] &X| 10
> B 7L M 7HK| 85 X & AHE

« Image level AUROC : 0|0|X|0f| CHEt anomaly detection s H7
* Pixel level AUROC : T}/20j| LTt anomaly detection
+ Per-Region-Overap (PRO) Curve : Pixel level AUROCO]| H|S

N5 7

e Sao 28

)
0

(An
|4 B 3710 et 7 x| =

omaly localization)

Category Unsupervised AD Methods Supervised AD Method
DRAEM* [52] PaDiM* [10] MSFD* [47] PatchCore* [ 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-+0.0004
8 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
5 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
& Tile 0.994/0.949 0.958/0.884  0.952/0.841 0.960/0.939 0.960/0.860  0.969/0.929 0.968/0.927 0.9944-0.0077/0.978-+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 0.98240.0053/0.970-£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-£0.001 1
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 0.986+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 0.99240.0021/0.964-+0.0033
“ Hazelnut 0.997/0.985 0.980/0.951  0.982/0.968 0.988/0.924 0.986/0.953  (0.984/0.976 0.985/0.976 0.995+0.0040/0.982+0.0028
3 Metal nut 0.992/0.935 0.979/0.929  0.972/0.985 0.986/0.935 0.987/0.918 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 0.974/0923  0.983/0.924 0.984/0.928 0.985/0.944 (0.988/0.945 0.992/0.960 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  (0.983/0.904 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 0.993-£0.0003/0.977+0.0002
Mean 0.969/0.947 0.976/0.932  0.970/0.915 0.981/0.940 0.982/0.931 0.979/0.946 0.982/0.955 0.9924-0.0007/0.976-£0.0006
Image-level Mean 0.978 0.975 0.964 0.988 0.989 0.968 0.974 0.993+0.0012
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BGAD

% Experiments

> [L|O|E{All: MVTecAD Dataset A2 (Multi-category Image AD Dataset)

> Supervised AD: 7IE| 2| &

> BEEL M 7HX| 45 X7 A

« Image level AUROC : 0]O|X|0]| CHSt anomaly detection ‘g
« Pixel level AUROC : Z|0]| LSt anomaly detection ‘35 &7t (An
« Per-Region-Overlap (PRO) Curve : Pixel level AUROCO]| H|5H O &}

O] %] 10E= =0l &8

=
o

ot

Anomaly localization)

Y 89 3710 Zdst 7L K|

Supervised AD Methods (Ten Abnormal Samples)

Category FCDD* [24] DevNet* [27] DRA* [12] BGAD (Ours)
Carpet 0.981/0.952 - - 0.996--0.0002/0.989+0.0004
Grid 0.949/0.897 /- /- 0.995--0.0002/0.986--0.0001
Leather 0.984/0.973 /- - 0.998--0.0001/0.994--0.0003
Tile 0.977/0.938 /- - 0.994--0.0077/0.978-0.0021
Wood 0.950/0.901 - /- 0.982--0.0053/0.970--0.0007
Bottle 0.966/0.939 - - 0.994--0.0009/0.971+0.001 1
Cable 0.963/0.980 A - 0.986--0.0010/0.977--0.0030
Capsule 0.970/0.922 A - 0.992--0.0021/0.964--0.0033
Hazelnut 0.970/0.958 /- /- 0.995--0.0040/0.982+0.0028
Metal nut 0.966/0.934 /- /- 0.996--0.0003/0.970--0.0012
Pill 0.975/0.960 A - 0.996--0.0002/0.988-0.0005
Screw 0.963/0.925 - - 0.993--0.0003/0.968--0.0010
Toothbrush 0.967/0.907 /- /- 0.995--0.0003/0.961--0.0026
Transistor 0.942/0.935 /- /- 0.983--0.0005/0.9720.0015
Zipper 0.968/0.948 /- /- 0.993--0.0003/0.977-0.0002
Mean 0.966/0.938 - - 0.992--0.0007/0.976-0.0006

Image-level Mean 0.965 0.948 0.961 0.993:0.0012

-26 -

KOREA

Lt [ )]

KOREA UNIVERSITY



BGAD

% Experiments
> PRO Curve 20| E} "7} X| & CHH| =0 =|A| T4 — Anomaly localization0f| 58

> A "It HA| 0t localization 52 B2
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BGAD

% Experiments
> O|XIE &% AR S W, 'S4 Cl|O|E{Qt 0| K| 2 Xto|7} FEZEE =
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i-NE.Ls i i . L i i
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;E;ﬂ"" SRR gE " RS Ns % %
it y : o _%j’

(a) Tile ® Normal /4 Seen Anomalies W Unseen Anomalies (b) Transistor
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Zero-shot AD
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Seminar Goal: AD Fgf MEHO| =F LS| HXH
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Zero-shot AD
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Zero-shot AD

/7

%  Zero-shot Learing
+  Goal 2E0| sh5oHA| G52 IHA|
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Zero-shot AD

0’0

WinCLIP: Zero-Shot Anomaly Classification and Segmentation (CVPR'23)
«  OiE2 4|0|E 2 &H&$t vision-language model (VLM)Q! CLIP AFE: (Zero-shot Classification)

Qo] ZET E BH3I0HO 2 zero-shot AD =3

Sk

@® Compositional Prompt Ensemble: £ 715 515

@ Window-based CLIP: Segmentation= ¢/t X |G H&E FEZ /3l windowing H&

2303.14814v1 [cs.CV] 26 Mar 2023

WinCLIP: Zero-/Few-Shot Anomaly Classification and Segmentation

Jongheon Jeong™'  Yang Zou'* Taewan Kim'
Dongging Zhang!  Avinash Ravichandran't  Onkar Dabeer!
! AWS AlLabs 2 KAIST

Abstract

Visual ly classi ion and ion are vi-
tal for automating industrial quality inspection. The fo-
cus of prior research in the field has been on training
custom models for each guality inspection task, which re-
guires task-specific images and annotation. In this paper
we move away from this regime, addressing zero-shot and
Sfew-normal-shot anomaly classification and segmentation.
Recently CLIP, a vision-language model, has shown rev-

luti g lity with competitive z ffew-shot per-
formance in comparison to full-supervision. But CLIP
falls short on anomaly classification and segmentation
tasks. Hence, we propose window-based CLIP {WinCLIP)
with (1) a compositional ensemble on state words and
prompt templates and (2) efficient extraction and aggre-
gation of window/patch/image-level features aligned with
text. We also propose its few-normal-shot extension Win-
CLIP+, which uses complementary information from nor-
mal images. In MVTec-AD {and VisA), without further tun-
ing, WinCLIP achieves 91.8% /85.1% (78.1%,/79.6%) AU-

waod screw Macananisl PCBS
) [viza) uisa)

Grownd truth
masl

WinCLP
1B-shot}

WinCLP+
11-shat}

Figure 1. Language puided zer shot' anomaly
from WinCLIP/WinCLIP+. Best viewed in color and zoom in.

training data. Consequently, existing works have mainly
focused on one-class or unsupervised anomaly detection
[2,7,8,20,29,31,53,59], which only requires normal images.
These methods typically fit a model to the normal images and

ROC in zero-shot anomaly classification and seg
while WinCLIP+ does 93.1% /95.2% (83.8%/96.4%) in 1-
normal-shot, surpassing state-of-the-art by large margins.

treat any deviations from it as anomalous. When hundreds
or thousands of normal images are available, many methods
hi high acy on public benct ks [3,8.31]. But
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WinCLIP

A/

% CLIP: Contrastive Language-Image Pre-Training Model

«  Zero-shot Classification: 0{& 2{|0|20| S0{et: 277} 7ot 2

. 7|EEZ D4 0[0|XE DHE Y020 CHSAIF St

«  CUP: O|O|X| 42 Zu} o]0y CHSH HH (X} 0) ZF Contrastive Leaming 3
— O[O X[} AtAHO] 7F 2|O] 2HAIE st=

=

A photo of Harry Potter —» = TetEncoder ——» A photo of Hary Potter

m

L

H[ot HIO|E| =
7R =& o5

v

Embedding Space
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WinCLIP

\/
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CLIP: Contrastive Language-Image Pre-Training Model

«  Zero-shot Classification: 0] 2{|0|20| S0{2te 277} 7ts%t 2
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WinCLIP

/

% CLIP: Contrastive Language-Image Pre-Training Model

«  Zero-shot Classification: Ot 2§|0|&0| S0t EF7} 7f=s%t 2 &

- 7|1E &R 22 0|0[X|E ngE 20|=0] ChEAlIF et

-  CLP: 0|OJX| 42 Zu} o]0y CHSH AH (X}0{) Zt Contrastive Leaming
— O[O[X|Qt X}10f 7k o|O] A E et=

=
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WinCLIP

/

% CLIP: Contrastive Language-Image Pre-Training Model
»  TextEncoder A0 2 F0{% FeiA FHE Q13T
+  Image Encoder. 2F5t11At St= O|0|X| HEE 12 E

. SAEHoR BE 4

Zero shot 852! Sa2iA 47H

[class 1]
[class 2] ————»

[class 3]

A photo of

|

7
/
|
|
!
/
/

E
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WinCLIP

/

% CLIP: Contrastive Language-Image Pre-Training Model

e Text Encoder: XA}EHO| 2 =0 Xl SejA HEHE Q1AL

«  Image Encoder: =& 5t0A} St= O|0|X| YEE Q1A
«  FARVHeE 2R

Zero shot QEE0| DA MY D
R °9
[Dod] : :
A photo of | [Cat] —> | Text Encoder —
[Snake] i ]
[| -
-
Snake
i “~q€? Cat
iimgeEmoder:
C
s
Embedding Space
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% CLIP: Contrastive Language-Image Pre-Training Model

e Text Encoder: XA}EHO| 2 =0 Xl SejA HEHE Q1AL

«  Image Encoder: =& 5t0A} St= O|0|X| YEE Q1A
«  FARVHeE 2R

Zero shot F-&XQl S2iA 47
[Harry Potter]

A photo of | [Iron Man] — > | TedEncoder —»
[James Bond]

Image Encoder

Harry Potter

James Bond

lron Man
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% CLIP: Contrastive Language-Image Pre-Training Model
»  TextEncoder A0 2 F0{% FeiA FHE Q13T
+  Image Encoder. 2F5t11At St= O|0|X| HEE 12 E

. SAEHoR BE 4

Zeroshor RERE 32 28 & Harry Potter
[Harry Potter]
A photo of | [Iron Man] — > | TedEncoder —»

[James Bond]

lron Man

James Bond

v

Embedding Space
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WinCLIP

/

. SAEHoR BE 4

Zero shot &5l S22 23

&

[Harry Potter]

A photo of | [Iron Man] — > | TedEncoder —»
[James Bond]

% CLIP: Contrastive Language-Image Pre-Training Model
»  TextEncoder A0 2 F0{% FeiA FHE Q13T

*  Image Encoder. ZF0t1At Sf= O|0|X| HEE

oz

—

Harry Potter

James Bond
Qassification: 715 QASH SejA2 22

lron Man

Embedding Space

v
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WinCLIP

% Problem Definition @

A photo of

OIAt| # OfLI2}, S8

Question: CLIPO| 7}X| 11 Q1= AFHX| A4S O| A BX|0f

[Normal] [Circuit]
[Abnormal] [Circuit]

Abnomal Image Normal Image

[e] .5

ot F HIOIE = Bl=

7

E

[

Abnormal Circuit
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WinCLIP

%+ Problem Definition @®
- Folo] d4o|n, HPEARI7F? — Task BHEt0]| [r}2} CtECH

. S O|MK| EIXIE QIS ol e WS HSS Tt S

O™ -
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/7

% Proposed Method @: Compositional Prompt Ensemble

- e Y HIEY S22 2T - WE YEE Brdot STA B 25
- OJof Z|Eket O] 4K BIX|

Step 1. Task0ll S| H4 E30} HIEH 5IS Ho|

A B A
HIA E3

A photo of metal-melted circuit

a8 HIAL B 4
N [y 8
I PerfeCt, I . ! I . . | 1
A photo of : : | [Circuit———» | TedEncoder 1 ——»
P U hwess || [Metak | : '
I AWIESS }I melted } | ”,I
\_—_—’ \————’ |’¢”
A photo of metal-melted circuit —
S
| |
| |
:ImageEmoderl
. !
| -
Lo
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% Proposed Method @: Compositional Prompt Ensemble

- e Y HIEY S22 2T - WE YEE Brdot STA B 25
- OJof Z|Eket O] 4K BIX|

Step 1. Task0ll S| H4 E30} HIEH 5IS Ho|

A B A
HIA E3

A photo of metal-melted circuit

My EH HIEA B 1
T TN, T T T T e
( Perfoct |( Damaged, /| : :g?
A photo of | . 5 | [Crcutl———» | TextEncoder | ——»
P I Flavd || Metal- | : |
I aAWIESS }I melted } I _ - 'I
\_—_—’ \————’ |’¢”
A photo of metal-melted circuit —
. BN
A photo of perfect dircuit : )
IImageEmoder:
| |
[| _ - -
Lo
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WinCLIP

o

c R EA HIEY S 9 -
«  O[0f 7|Hbot O| K| BX| A
e ud Y &9
Y
| Pefect, | TSl
A photo of I : I Me:rtal | [Circuitt———

I Flawless II It -I I
I

* Proposed Method @: Compositional Prompt Ensemble

WSt B BE B S2fA HH

o
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% Proposed Method @: Compositional Prompt Ensemble

- e Y HIEY S22 - WE YEE didot S2A B 25
- O[0f 7|2tk O] & K| BIX| =
A EH HIAL E3 I\
G Ty 8
| Pedect, | TS . |
A photo of I : I Me:rtal I [churt]—»: Text Encoder —
| Fawless |, - i ,
-____ )= | el o

Classification !!

Abnormal circuit

v

Embedding Space
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WinCLIP

* )
< Zero-shot Anomaly Classification ‘45 H|il a photo of a [normal] [object]
an image of a [normal] [object]
. CLIP-AC k= 4, [HI"H A Sella = O 257 A a close-up of a [normal] [object]

«  Prompt ensemble: ‘A/H|EY B2 17 + 2% B2 05 M& = ensemble
«  WinCLIP: Compositional Prompt Ensemble &
- ds X|H &5 1000 7PEE E3).

1. AUROC ZE0| EHHC =&/ 35 E7t

2. AUPR AUROC®t AL, O SX| BiX| SHO| H 2 HISS &
3. F1-max ThresholdOf| L F1-Score & 7

RN
Anomaly Classification MVTec-AD VisA
Setup  Method AUROC AUPR Fi-max  AUROC AUPR Fi-max
CLIP-AC [27] 74.0+£0.0 89.1+00 88.5+00 593400 67.0+£00 744100

O.shot +Promptens.[27] 74.1400 89.5:0.0 87.8400 582400 66.4+00 74.0+00
WinCLIP (ours)  91.8+0.0 96.5:0.0 92.940.0 78.1£0.0 812400 79.0+0.0
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% Zero-Shot Anomaly Segmentation
«  Anomaly segmentation(AS): O| & X|0f| 5{{Hot= QL2 £ (Pixel-wise dassification)
. AAAO| 1 X|FAM ol HE 21 (Local information)

«  CUP2 MY HHO| BF — Segmentation0i| F& gt

Anomaly Segmentation
Wood Screw Macaronis1 PCB3
(MVTec-AD) (MVTec-AD) (VisA) (VisA)

Ground truth
mask

| Loiiietn
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WinCLIP

% Window-based CLIP(WinCLIP) for zero-shot anomaly segmentation

*  Window 7|2 O|O|X| cropping X-& =, O|0|X| YH|T +&
e Crop H?| LHOA Tt E& FZ0| 7HSSHE R, local information = 7ts

*  Windowsize?t 225 E =22t EF F= 7t

O|ofX]| Fxof| cht |

. == Token
encoder [CLS]
Patch embedding map FF
'mm E -. = y 4“
encoder Window == ‘
embeddings 1
Binary mask w, Mid-scale window
¢ embedding map FY
; [ ]
Lo cup .'_ s
image :
encoder Window
mbeddings [ ]
Masked image Small-scale Small-st_ale windosx
as window f( ) embedding map F,

1= X2 E ofo|x|oj chet &
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Zero-shot AD

% Window-based CLIP(WinCLIP) for zero-shot anomaly segmentation
@ =7 UHIE B AL Ha Al
@ =R E RALE Ha 58 - Pixel level FALE B4 ALt

= 1T
B @ @HE L A2HLYN =W = BT — T pixel level FALT 4= A4t

CLIP
text
encoder

L]
; :
i Group
- — —
| Average i]
i
i L
_Meml melted | : .
I‘_E. ; Multi-scale
. Aggregation >

v
E Aphotoofa | [Acropped photo of
1

* {state} {circuit} | 7| a{state} {circuit}

Jupmpmpm——

""" - Class token Aggregated Pixel-level
anomaly score map prediction
(language-guided)
—_—
Small-scale window Mid-scale window Patch embedding map F?

uery image i
Query imag embedding map F! embedding map FY

OREA
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Zero-shot AD

% Window-based CLIP(WinCLIP) for zero-shot anomaly segmentation
@ =7 UHIE B AL Ha Al
@ =R E RALE Ha 58 - Pixel level FALE B4 ALt

= 1T
B @ @HE L A2HLYN =W = BT — T pixel level FALT 4= A4t

CLIP
text
encoder

L]
I
i Grtup
I — —
| Avefage i]
]
I H L
I‘._Eﬁ?...r:l_e.lffuj Multi-scale
Aggregation > |

v
E A photo of a .. | A cropped photo of
1

* {state} {circuit} | 7| a{state} {circuit}

Jupmpmpm——

""" - Class token Aggregated Pixel-level
anomaly score map prediction
(language-guided)
—_—
Small-scale window Mid-scale window Patch embedding map F?

uery image i
Query imag embedding map F! embedding map FY

OREA
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Zero-shot AD

% Window-based CLIP(WinCLIP) for zero-shot anomaly segmentation
@ =7 gHld B mALE AL
@ BER Y FALE B+ B — Pixel level FALE = ALt

=
® @ QHEZ 2H YN =8 = Fet — XI5 pixel level FALE F= AlLt

cLIP

- Grtup - ij
Avefage

r: text
encoder
L
Meml rrlelted ] .
Multi-scale
l‘___________________J ’ | |
¢ - Aggregation ﬂ_‘
E Aphotoofa | [Acropped photo of ! F 1
: {state} {circuit} a {SEEE_}_EL"EUIG .i
Class token Aggregated Pixel-level
anomaly score map prediction
(language-guided)
—
. Small-scale window Mid-scale window Patch embedding map F?
Query image embedding map F.” embedding map F¥

0.2 /0.4 = (0.2+0.6)/2

0.6

Snk[vj-lim]

KOREA UNIVERSITY
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Zero-shot AD

% Window-based CLIP(WinCLIP) for zero-shot anomaly segmentation

BES B FAE H A

AT Y QNE HH S

b — Pixel level SALE &

5, @M 2 Aol 42 = 32

4 7t

Z|F pixel level FAHE 4= A4t

| E—

4 N

f . 1
Perfect /
'
[ Flawless cLIP arhn
fE Rt - Aveta e -
{[oamaged ]| | encoder !
"
l
F

Metal melted ]

fp Srrr———

L.
Multi-scale

Aphotoofa |
{state} {circuit}

CLIP
— image —
encoder

Small-scale window
embedding map EY¥

A cropped photo of
a {state} {circuit}

——
Jupmpmpm——

Query image

.

Mid-scale window
embedding map ¥

Clts token
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Zero-shot AD

% Zero-shot AS s H|1
. Trans-MM: & MaskCLIP: Patch-wise feature®| 2|Z (Local information | )
«  WinCLIP: Compositional Prompt Ensemble + Window Mechanism &-&
- g X7 EF 10 IETE E3)

1. pAUROC pixel level AUROC (O] ZiM|7} 22 4%, 1iTH B7t (=)

2. PRO: pAUROCO]| H|SH, 212 O o X0 = et d5 A&
3. F1-max ThresholdOf| [[-2 F1-Score & 71 =2 4
Anomaly Segmentation MVTec-AD VisA
Setup  Method pAUROC PRO Fi-max  pAUROC PRO F-max
Trans-MM [5] 575400 219400 121400 494400 102400 31400
0-shot MaskCLIP [57] 63.74+00 405400 185400 609400 273200 7.3400
WinCLIP (ours) 851400 64.6:0.0 31.740.0 79.61L0.0 56.8L0.0 14.840.0
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Zero-shot AD

% Zero-shot AS Segmentation Mask

Anomaly GT WinCLIP Normal Anomaly WinCLIP

query (0-shot) query (0-shot)

Normal

Bottle i

Cable (ﬂt \\Q e =‘.
Capsule e ” 5
Carpet Transistor

y| et
KOREA UNIVERSITY
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Multi-Modal AD

% Seminar Goal: AD 12F MEHO| =3 LS| HXH

«  Topic 3:0|0|X| HERS 2= EIX|& = Ql= 0| &A| — Mult-Modal AD

Supervised AD

O|¥XI= 2 EE

O &X| && X HY HlojE{ 28

Zero-shot
AD

Y HIolE X

Multi-Modal AD
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Multi-Modal AD

Quiz: Olal ZEXts A ZEXIUNLR?

Top view
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Multi-Modal AD

Quiz: Olal ZEXts A ZEXIUNLR?

Top view
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Multi-Modal AD

Quiz: Olal ZEXts A ZEXIUNLR?

Frontal view
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Multi-Modal AD

Quiz: Olal ZEXts A ZEXIUNLR?

Frontal view

| Lcidisin
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Multi-Modal AD

2D O|0|X| SHA|: =X H& &4

Top view Frontal view
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Multi-Modal AD

2D O|0|X| SHA|: =X H& &4

Frontal view
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Multi-Modal AD

2D O|0|X| SHA|: =X H& &4

Top view
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Multi-Modal AD

% Multimodality in Anomaly Detection(AD)
« 2D RGBImage: 0| CtE O| K| EX[0]| 8O
3D Point Cloud: T-Z=7} CHE O|&X| & X| 0] &0
- 2D Mxjj ‘g&2e} 3D HEl HES &H g85h= 20| SCh!

KL

2D RGB Image 3D Point Cloud

y| L%
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Multi-Modal AD

% Multimodal Industrial Anomaly Detection via Hybrid Fusion (CVPR23)
+  Unsupenvised Anomaly Detection 2 2: S A| ‘JAF O|O|E{ 2 2HE

- 82D EFLI 3D EFE 08Y & @0|MA| B0 &2E

E - B . ";Jv - T - o . (1) Point Feature AllgnmentE
] ~ " <] :
' A y [ A 2 i
Y /S wes [ @ = F projection i
' g p g i e —p interpolation i
| , z ;
| : |
Bl e o s e e e Sl o s N DS e s e e s e s s s e i e s ST s v e ) i
5 J e (2) Unsupervised Feature Fusion |
1
1
1
: B =
N = j#gb'm‘ > Xrgb —|" Or > Leon 4 Op*1 Xpt
1
o 1
e e
Anomaly
score Da

¢l Ip ? ¢; IIJ ? ¢) ‘p Mpt ?
=@ -
(3) Decision Layer Fusion i

[ e ————

o

Pretrained Module Learnable Module Operation D Memory Bank ® Concatenating Point Group w Data Stream L D‘:i'sfr';:':nznly
OREA St
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@® 2D & 3D EX g¢t

<+ Step 1. 7|8 EH F&=
« 2D &3D 25 At ot transformer T ALE
» 2D RGB Image: Vision Transformer
» 3D Point Cloud: Point Transformer

Object

\ 4

o Eetn
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@® 2D & 3D EX g¢t

<+ Step 1. 708 SH F&
- 2D &3D 2F A S5 E transformer & AHE
» 2D RGB Image: Vision Transformer
» 3D Point Cloud: Point Transformer

E8F Sio1M ofel wato = masictad

Object

v

2D Image
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® 2D & 3D EX ¢t

<+ Step 1. 708 SH F&

« 2D &3D EF A S5 E transformer = AFR
» 2D RGB Image: Vision Transformer

> 3D Point Cloud: Point Transformer

o225 3D Point Cloud

v

2D Image

o Eetn
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@ 2D & 3D EX 83t

<+ Step1.70E SH F&
« 2D &3D EF APH o5& transformer T AHE

» 2D RGB Image: Vision Transformer

2D Image

- 69 -
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® 2D & 3D EX g¢t

<+ Step1.70E SH F&
« 2D &3D EF APH o5& transformer T AHE

» 2D RGB Image: Vision Transformer

N
PR Oo=UIS

2D Image Tokenization
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® 2D & 3D EX g¢t

<+ Step1.70E SH F&
« 2D &3D EF APH o5& transformer T AHE

» 2D RGB Image: Vision Transformer

.
» | :
1 | | O
} l. } " ViT | } ]
. : : o
- : !
K ]
2D Image Tokenization Output:

Token-wise Feature
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3D Point Cloud

-1 O
2D & 3D 25 AMH sh5E ¢

3D Point Cloud: Point Transformer

=| transformer T+ AL

Tokenization

| Nt
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=1 O
e 2D &3DEF AH SEE transformer X AR

>

3D Point Cloud: Point Transformer

A set of

Soeele :‘

seer
o
®
° ®
Input Token

Point 1: [xq, y1, Z1]
Point 2: [x5, V5, Z5]

Point S: [xs, ys, Zs]
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® 2D & 3D EX g%

<+ Step 1. 708 EH F&

« 2D & 3D 25 A g5 E transformer 7+ AME

> 3D Point Cloud: Point Transformer

A set of
o0 ® G ' ® o ©
o0, I : e® o °
0o ° ©.%° o 1 | o 0..... o o°
o ° 00 I ° o o 00°
... ¢ ¢ [ Point I o o °
) | 0o
o & o » : Transformer » o & o
oo 3o s SR S A
) o) 1 ® o
o0 %, bt L I o0 °,
ee® @  FTmTmE==== ® oo
Input Token Output:

Token-wise Feature
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® 2D & 3D EX g¢t

<+ Step 1. 7|8 EXH F&
- 2D &3D 25 AF™ St&El transformer THE AR
» 2D RGB Image: Vision Transformer
» 3D Point Cloud: Point Transformer

. e N
] ! 1
» . : o
) | : : [ |
’ [ ] ’ I ViT } [ |
L : |
. I 1 .
- | '
A ‘ |
2D Image Tokenization Output:
Token-wise Feature H I-E -ﬂ'g _¢_ 9A%7]|‘?
e e, ¢ i _"7_ _: ¢
oo .'. 4 .: o9 I I
.o:.oo.o.o: ® : 1 _ o
* o e®e | Point !
° O. :. XY ’ | Transformer : }
. ° oo |
Lol o °2° ® ; : ®
Baeeee ) - — : o
3D Point Cloud Tokenization Output:

Token-wise Feature
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® 2D & 3D EX g¢t

<+ Step 1. 7|8 EXH F&
- 2D &3D 25 AF™ St&El transformer THE AR
» 2D RGB Image: Vision Transformer
» 3D Point Cloud: Point Transformer

. - T -
- ! !
» . : ]
1 : ! =
’ e ’ 1 ViT } [
I : :
. I 1 .
- ] !
R ' |
2D Image Tokenization Output:
Token-wise Featue 2D & 3D Mismatch !!
e, S e
cslasis i ' o
.O.: [ : * ::.... ° : Point i .
.. ™ ....0 ’ : Transformer | }
R3S L © i : °
'.: .. .0.0:.: o’ ¢ !. ______ : ®
3D Point Cloud Tokenization Output:

Token-wise Feature
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® 2D & 3D EX g¢t

/7

% Step 2. Point Feature Alignment

o EfeatureE 88 4= AT E, 3D Point featureS 2DZ HESIAH!

A
° [ )
.0. .0 ° °
[ ]
o o °®
® 00
o 0g

[ ]
o o ®
fIKl: x,,z NS
EX|ZF
—|OI:IA-f

>
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® 2D & 3D EX g¢t

/7

% Step 2. Point Feature Alignment

o EfeatureE 88 4= AT E, 3D Point featureS 2DZ HESIAH!

A
° )
° oo .0 ° °
[ ]
o o °®
® 00
0 04
[ ]
o o ®
T|X|IX,)’,Z )
EX|ZF
= OI:IA-f
>
o
I f|X]: x,y,0
=
® :é‘ﬁ:f
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® 2D & 3D EX g%

/7

% Step 2. Point Feature Alignment

o EfeatureE 88 4= AT E, 3D Point featureS 2DZ HESIAH!

A
. 3D Point Feature
® 9
° oo [ J o’ o0
o o °®
® 00
0 04
[ ]
o o
o0
® .:.... 9 .' A . M
% ... Feature Projection
v
J}
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® 2D & 3D EX g¢t

/7

% Step 2. Point Feature Alignment

«  FfeatureE 82 5= UL E, 3D Point featureS 2DZ F ESFRHI

3D EHE 2D Image0f| HE

y| L%
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® 2D & 3D EX g¢t

/7

% Step 2. Point Feature Alignment

«  FfeatureE 82 5= UL E, 3D Point featureS 2DZ F ESFRHI

3D EHE 2D Image0f| HE
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® 2D & 3D EX g¢t

/7

% Step 2. Point Feature Alignment

o EfeatureE 88 4= AT E, 3D Point featureS 2DZ HESIAH!

~
FOERT o =wIA
~

2D Image Tokenization

2D Feature
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® 2D & 3D EX g¢t
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% Step 2. Point Feature Alignment

o EfeatureE 88 4= AT E, 3D Point featureS 2DZ HESIAH!
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@® 2D & 3D EX g¢t

J/

% Step 2. Point Feature Alignment

o = featureE 88 = A= 3D Point featureS 2DE M ESHAH!

1 L | _ g
-y 1 - st ]
eSlety ) [} » [ ]
-.' - ) | Poimt ! a Vo ]
ot o0 By 1 rvansormer | |» D= B vir, B u
e eelt ° ] | ° 7] !
a2l .t ' 1 - ' |
M Q-I-. o® [ ] i ] H
. ) ® @ - 1 P B - =
. = o
3D Point Cloud  Tokenization Output: o 2D Image Tokenization Output:

Token-wise Fealure

Token-wisc Feature

3D Feature 2D Feature
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® 2D & 3D £ 8¢

% Step 3. Unsupervised Feature Fusion
« 3D Feature?f 2D Featuree= S EEHLZ FF —» 228 112 X

«  [OEbM, ThX] & B A2 X

3D Feature 2D Feature

| Lt
KOREA UNIVERSITY
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® 2D & 3D £ 8¢

% Step 3. Unsupervised Feature Fusion
« 3D Feature?f 2D Featuree= S EEHLZ FF —» 228 112 X

« IRRA, THX] 8 e AR X

3D Feature 2D Feature
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® 2D & 3D EX g¢t
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% Step 3. Unsupervised Feature Fusion

Z} EZI0]| CHSH MLP2t FC Layer (o) X&

. SUsHIX|of sEt= 3D EXTL 2D EXO| SARHK| EE HS — Contrastive Leaming EH&
=]

gf Al =F 2|o[of o] SH= ME

____________________ |
(,\’ i, Fused_Feature
"""""""""" | @ :
...................... | I
& : -
H B EEEEN |
o )
| B Contrastive
S T Learning
Ce7- B 3 oaryo g
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® 2D & 3D EX g¢t
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% Step 3. Unsupervised Feature Fusion

- 2} S7E0i| ThsH MLPSt FC Layer (0) X8
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% Memory Bank
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% Memory Bank
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% Multi Memory Bank
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% Multi Memory Bank
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% Multi Memory Bank
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Experiments

< Anomaly Classification &
«  MVTec-3D H|O|E{ AtE
>  (Image, Point Cloud, Label) ¥ 2 2 /4
«  X[EAUROC- TMH =7 d= =2, 10l 7e+5 45 1

Method Bagel gfhmis Carrot Cookie Dowel Foam Peach Potato Rope Tire Mean
Depth GAN [7] 0.530 0.376 0.607 0.603 0.497 0.484 0.595 0.489 0.536 0.521 0.523
Depth AE [3] 0.468 0.731 0.497 0.673 0.534 0.417 0.485 0.549 0.564 0.546 0.546
Depth VM [3] 0.510 0.542 0.469 0.576 0.609 0.699 0.450 0.419 0.668 0.520 0.546
Voxel GAN [3] 0.383 0.623 0.474 0.639 0.564 0.409 0.617 0.427 0.663 0.577 0.537
o Voxel AE [3] 0,693 0.425 0.515 0.790 0.494 0.558 0.537 0.484 0.639 0.583 0.571
T Voxel VM [2] 0.750 0.747 0.613 0.738 0.823 0.693 0.679 0.652 0.609 0.690 0.699
3D-3T [4] 0.862 0.484 0.832 0.894 0.848 0.663 0.763 0.687 0.958 0.486 0.748
FPFH [17] 0.825 0.551 0.952 0.797 0.883 0.582 0.758 0.889 0.929 0.653 0.782

AST [25] 0.881 0.576 0.965 0.957 0.679 0.797 0.9%0 0.915 0.956 0.611 0.833

| Ours 0.941 0.651 0.965 0.969 0.905 0.760 0.880 0.974 0.926 0.765 0.874 |
DifferMNet [27] 0.859 0.703 0.643 0.435 0.797 0.790 0.787 0.643 0.715 0.590 0.696
PADIM [9] 0.975 0.775 0.698 0.582 0.959 0.663 0.858 0.535 0.832 0.760 0.764

g  PatchCore [26] 0.876 0.880 0.791 0.682 0.912 0.701 0.695 0.618 0.841 0.702 0.770
E STFPM [22] 0.930 0.847 0.890 0.575 0.947 0.766 0.710 0.598 0.965 0.701 0.793
CS-Flow [16] 0.941 0.930 0.827 0.795 0.990 0.886 0.731 0.471 0.986 0.745 0.830

AST [25] 0.947 0.928 0.851 0.825 0.981 0.951 0.895 0.613 0.992 0.821 0.880

| Ours 0.944 0.918 0.896 0.749 0.959 0.767 0.919 0.648 0.938 0.767 0.850 |
Depth GAN [7] 0.538 0.372 0.580 0.603 0.430 0.534 0.642 0.601 0.443 0.577 0.532
Depth AE [3] 0.648 0.502 0.650 0.488 0.805 0.522 0.712 0.529 0.540 0.552 0.595
Depth VM [3] 0.513 0.551 0.477 0.581 0.617 0.716 0.450 0.421 0.598 0.623 0.555

2 Voxel GAN [3] 0L680 0.324 0.565 0.399 0.497 0.482 0.566 0.579 0.601 0.482 0.517
+  Voxel AE [3] 0.510 0.540 0.384 0.693 0.446 0.632 0.550 0.494 0.721 0.413 0.538
g Voxel VM [7] 0.553 0.772 0.484 0.701 0.751 0.578 0.480 0.466 0.689 0.611 0.609
&  PatchCore + FPFH [17] 0.918 0.748 0.967 0.883 0.932 0.582 0.896 0.912 0.921 0.886 0.865
AST [28] 0.983 0.873 0.976 0.971 0.932 0.885 0.974 0.981 1.000 0.797 0.937

| Ours 0.994 0.909 0.972 0.976 0.960 0.942 0.973 0.899 0.972 0.850 0.945)
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Conclusion

< Seminar Goal: AD =} MEHO| =
«  Supervised AD: O| 4X| & 2T &850 5 T4
«  Zero-shot AD: &'50]| &8 7}5¢Tt H|0|E{7} S0 &, =X 71!

O] &% &
*  Mult-Modal AD: 0|0|X| &2to 2= 2olgh 4= Gl= O|&X|F EX|Sh= A0| 7HS!

Supervised AD

O|¥XI= 2 EE

Unsupervised AD

O[] 2E X 4 HoJE 28

Zero-shot
AD

Y HIolE X

Multi-Modal AD
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