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» Background

- Anomaly detection

- Unsupervised learning

- Zero-shot anomaly detection
 Paper 1

- AnomalyCLIP: Object-agnostic Prompt Learning for Zero-shot Anomaly Detection
(2024-ICLR)

 Paper 2

- AdaCLIP: Adapting CLIP with Hybrid Learnable Prompts for Zero-Shot Anomaly
Detection (2024-ECCV)
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Background

« Anomaly detection
- Normal ("3 &}) sample2} abnormal(H| 8%}, O| & X|, £ 0[X[) sample= T &5t

- Anomaly detection= X[ Z= G+ BF OFL| 2 CCTV, 2| = B4, Social Network
CiYot 20I0M SEEHA SR8t Z20F2 Q14

< ML anomaly dataset2| O A] >
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Background

» Unsupervised learning in anomaly detection
- Train
-Normal H[O|H 20t st
= Test
-Normal2} Anomal H|O|E{7} 440 20, Ot O|O|E{ 7} normal 21 K| BA| &[0 UK RS

-ot&5E HEE 7|89 2 normal, anomal G| O| Ef classification, segmentation

Model Model

N —— ——— — — — —
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Background

 Zero-shot learning in anomaly detection
= Train
-Q|E H|O|E{ Mo =20t st
- 2| & OO E{ 2 0f = target G| O| E{ 2 O] TS| S UX| BE=

Model
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Background

 Zero-shot learning in anomaly detection

Training Data

Chewing |'€apsulés | Leather
+ ! . f

Unsupervised
AD

Chewing
Semi-supervised

Normal Images on
Target Categories

Annotated Images

AD on Target Categories
Annotated Images
Zero-shot AD on Auxiliary Data
(optional)
All Paradigms Target categories
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Background

 Zero-shot learning in anomaly detection

.CLIP 2 &

- Text encoder2} Visual encoder2 -4

- & encoder2| output= fusionStO| anomaly scoring

- ImageNet2 2 pretrainEl weightE AFES}+0] anomaly detection taskOf| A feature =&

(1) Contrastive pre-training

e

Pepper the Text ‘

aussie pup

;

A B
S
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(2) Create dataset classifier from label text

A photo of
a ¢

T T, T3 TN
—>» I LTy | IyTy | 1T I'Ty
—» b LT | Ty | ITs Iy Ty
—>» I3 I3T) | 3Ty | 13T I3 Ty
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(3) Use for zero-shot prediction

Image
Encoder

A 4

Text

Encoder J
Y Y A 4 Y
T, T, | Ts Ty
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AnomalyCLIP: Object-agnostic Prompt Learning for
Zero-shot Anomaly Detection
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Paper 1

« Contribution
- Problem 1

- ImageNet2 £ pretrain=l CLIP2| encoder& A2
;= Normality/abnormality 0| &3

| 7] 2 L}, object2| semanticsOfl &&= AE0|
= Solution 1

- Object-agnostic text promptS A2 S0 normality/abnormality®f] 2 &55IEE R &
- Problem 2

_ S} prompting B 2HE2 £50 2 HO|E text prompt £ = learnable promptS
AFR S| T, global & & 0f | E8H= prompt2 MASH= ZSE0| U0, local HE O

X=X 2t
- Solution 2
- Normality/abnormality

- Image/pixel-level los
normality/abnormalit

= JHEESEDD HIH X Ol learnable prompt template A A|
=& Z8olA 2/ F ClO|E0f TSt global/local
5t
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Paper 1

» Overview
- Object-agnostic text prompt templates (Problem 1)
- Learning generic abnormality and normality prompts (Problem 2)

. Textual embedding

|
al al
™ =z Similarity
s 8§ 1
N

@b Ground truth
& L A 4 v

N ..[ object )

g, Normal text prompt

L
|
|* .m.[damaged objscq z
|

g, Anomalous text prompt
Object-agnostic learnable text prompt

F 3
e e R T TR
% $ % % Zﬁk }‘i: Similarity map
£ 2 g8 2=
Sl 0 |m I
Block 1 Block 2 Block 4
—» (- Y Local visual empeddin
4 R F ) ® R e
Agxiliary %...% @ ~ %...% @ > %...% '@
image
Block 1 Block 2 Block 4 Visual embedding

ﬂ Learnable Vision encoder
:{:{ Frozen = Layer DPAM layer Layer Original layer ® Cosine similarity @ Element-wise sum @Maximum
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Paper 1

» Object-agnostic text prompt templates

- Motivation
- A Ol CLIPL| text prompt templates
;' A photo of a [class name]

;= 2 template2 object semanticsOf| focusSt?| IH&=0]| anomaly/normalityOf CH et
text embedding= 4 d35t7| &=

-AnomalityS O & B345H7| 28l prompt0]| defect R =2 =7+
:'= A photo of a [class name] with scraches
SHX| Ot defect SH 2 LY defect HE 7} Q17| IR0 RE SW S FIt8H= A
=75
-[TtEkA Of2ffet 20| HEX S = AEY o= U= template 2A|

:= A photo of a [damaged] [class name]

SFX| Bt generic anomaly-discriminatig textual embedding= A 57| 2l &
| =

::CLIPO| image2| normal/abnormality &2 .C} object semanticsOl & 5}7| [ &

gl 1§ VDS

‘ SOGANG UNIVERSITY 11

-
‘b
m



Paper 1

» Object-agnostic text prompt templates

= Solution

- Learnable text prompt template & A| + auxiliary dataset= AFE S0 fine tuning

;= Fine tuning2’d Ol A learnable template= global, local 2 & 25 CHE o= Y2,

normality/abnormalityE G & Edg = U

V=1
- Motivation
-Ctst GOl Al2 CHE 7| 0] object semantics2| variationO| CHYFE 4= AS

;' OFK[ 2 defectl] 22X QI I EH2 FAIE = A&
vIF2FA] object semanticsOl| CHSH HE = EE Q%
- Object semantics & &£ M| 2| 5™ abnormality AHA|0| B = JACtD o=

= Solution

- Object-agnostic prompt learning= = €50 object semantics2t F2H5HA
normality/abnormality &

- A photo of a [damaged] [object]
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Paper 1

» Object-agnostic text prompt templates

= Summary
- A photo of a [class hame]
- A photo of a [class name] with scratches
- A photo of a [damaged] [class name]
- A photo of a [damaged] [object]

S
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Paper 1

« Learning generic abnormality and normality prompts
- Object-agnostic text promptsES & 0t& O 2 sh53517| Q|| K|t
- Joint optimization approach
- Global/Local 2t 0| Al normality/abnormality= &< + US
;= Global context optimization
v Object-agnostic textual embeddingO| Cr &St objectO| CHSF global visual
embeddingd} X[t E R
vCross entropy loss A&
. Text, visual embedding Z+2| cosine similarityS L X|A|7| 7| I8l At
' Local context optimization

vVisual encoder2| M7 2| intermediate layerOi| A] =% =l local abnormal regionj|
object-agnostic text prompt”f focusSt= & F

vFocal, Dice lossE AtE
- Class imbalanced =X & S 257 95l focal loss AFHZ
. D E0| H =5t decision boundaryE & A5H7| 218l dice loss A&

Ltotﬂ,f, =L lobal + )\E L
” ST g M.eM Iocai
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Paper 1

« Refinement of the textual space

- Motivation
- Discriminative textual spaceS 5 H&S| ¥4 5H7| IsH At
- CLIP2]| text encoderi| additional learnable token embedding= =7}+5}+0 original textual
space?f refinet| =& F &
' Text prompt tuning S
- Method
~Pretrained =l CLIP2| m-th layerQi| random init=l learnable token embedding t,, = &7}

~ Learnable token embedding t;,, 1 & 2} CLIP2| token embedding= concat(channel)

- ConcatZ! token embedding= m+1-th layerOf| 25X output 7,,, It 1= S

s 1= MZASHD A E rondom initE tm+1 SpS|
sert O H|AH K lﬂ 2= self-attention =20 update =l gradient= ¢/, 2 x| X 3}5}7|
23l backprop &
-2 IFE 2 CFS layer7HX| BHS

—
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1) CLIP Surgery for Better Explainability with Enhancement in Open-Vocabulary Tasks

Paper 1

» Refinement of the local visual space

- Motivation
- CLIP2 global object semanticsO| focusSt= % pretrain El
-CLIPO|A] A& SF= contrastive loss= classification task= 2|t global embedding=

g'lg'('jl-E% 'IC')I'EEI- /___Marker 1 A

~CLIP visual encoder?| self-attention2 & L}-2 attention map=
"Wt =Z0|M ZZE E78 tokenOf focuse

- 0| token=< global object recognition0fl 215 & 4= UX| 2
local visual semanticsOf] 4242 = — attention map

bird aeroplane

target
regions
. Input

q-k

self-attention
V-v

self-attention

imilarity map
R MBS \{AnomalyCLIP) /\/ DS
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Paper 1

» Refinement of the local visual space

/__Marker 1 \ /

-K attention map

3

Q-Q attention map
e M 4

-

45

"- “L L &
Similarity map

‘Similarity map

put CLIP CLIP)
v’—; %
: , r &
imilarity map imilarity map imilarity map imilarity map
\(AnomaIyCLIP)/ \(AnomaIyCLIP)/ \(AnomalyCLlP)/ \(AnomalyCLIP)/
(a) Input (b) Q-K attention (c) Q-Q attention (d) K-K attention (e) V-V attention
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Paper 1

» Experiments

LYY A

- Industrial domain

Task Category Datasets |C]| CLIP CLIP-AC WinCLIP VAND CoOp AnomalyCLIP
Obj &texture MVTec AD 15 (74.1, 87.6) (71.5, 86.4) (91.8, 9().5)T (86.1, 93.5)T (88.8, 94.8) (91.5,96.2)
VisA 12 (66.4, 71.5) (65.0, 70.1) (78.1, SI.Z]T (78.0, 81.4)1. (62.8,68.1) (82.1, 85.4)
Image-level Obi MPDD 6  (543,654) (562,66.0)  (63.6,69.9)  (73.0,802)  (55.1,64.2)  (77.0,82.0)
(AUROC. AP) BTAD 3 (345,525)  (51.0,62.1)  (682.709)  (73.6.68.6)  (66.8.774)  (88.3,873)
SDD 1 (65.7.452) (65.2.45.7)  (843.774)  (798.71.4)  (749.65.1)  (84.7,80.0)
Texture DAGM 10 (79.6, 59.0) (82.5,63.7) (91.8,79.5) (94.4, 83.8) (87.5,74.6) (97.5,92.3)
DTD-Synthetic 12 (71.6,85.7)  (66.8,83.2)  (93.2,926)  (86.4,95.0) -.-) (93.5, 97.0)
Obj &texture  MVTec AD 15  (384.113) (382.11.6) (85.1.646)1 (87.6.44.0)1  (333.6.7) ©1.1,81.4)
VisA 12 (46.6, 14.8) (47.8,17.3) (79.6, 56.8]T (94.2, Sﬁ.S]T (24.2,3.8) (95.5, 87.0)
Pixeldevel Ob MPDD 6  (62.1,33.0) (58.7.29.1)  (76.4.489)  (94.1,832)  (154.23) (96.5, 88.7)
(AUROC, PRO) BTAD 3 (306.44)  (328.83)  (727.273)  (60.8.250)  (28.6,3.8) (94.2,74.8)
SDD 1 (39.0,8.9) (32.5,5.8) (68.8, 24.2) (79.8, 65.1) (28.9,7.1) (90.6, 67.8)
Texture DAGM 10 (282,29) (327.48)  (87.6.657)  (824,662)  (17.5.2.1) (95.6, 91.0)
DTD-Synthetic 12 (33.9,12.5)  (23.7,55)  (83.9,578)  (95.3,86.9) .- (97.9,92.3)

A B VDS
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Paper 1

» Experiments
MY At

-Medical domain

Task Category Datasets |C| CLIP CLIP-AC WinCLIP VAND CoOp AnomalyCLIP
HeadCT 1 (56.5, 58.4) (60.0, 60.7) (81.8, 80.2) (89.1, 89.4) (78.4, 78.8) (93.4,91.6)
Image-level Brain BrainMRI 1 (739, 81.7) (80.6, 86.4) (86.6, 91.5) (89.3, 90.9) (61.3,44.9) (90.3,92.2)
(AURQC, AP) Bri5sH 1 (78.4, 78.8) (82.7,81.3) (80.5, 82.2) (93.1, 92.9) (86.0, 87.5) (94.6,94.7)
Chest COVID-19 1 (73.7,42.4) (75.0,45.9) (66.4,42.9) (15.5, 8.5) (25.3,9.2) (80.1, 58.7)
Skin ISIC 1 (33.1,5.8) (36.0,7.7) (83.3, 55.1) (89.4,77.2) (51.7, 15.9) (89.7,78.4)
CVC-ColonDB 1 (49.5, 15.8) (49.5,11.5) (70.3,32.5) (78.4, 64.6) (40.5, 2.6) (81.9,71.3)
Pixel-level Colon CVC-ClinicDB 1 (47.5, 18.9) (48.5, 12.6) (51.2,13.8) (80.5, 60.7) (34.8,2.4) (82.9, 67.8)
(AUROC, PRO) Kvasir 1 (44.6, 17.7) (45.0, 16.8) (69.7, 24.5) (75.0, 36.2) (44.1, 3.5) (78.9, 45.6)
Endo 1 (45.2,15.9) (46.6, 12.6) (68.2, 28.3) (81.9, 54.9) (40.6, 3.9) (84.1, 63.6)
Thyroid TN3K 1 (42.3,7.3) (35.6,5.2) (70.7, 39.8) (73.6, 37.8) (34.0,9.5) (81.5,50.4)

A B VDS
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Paper 1

» Experiments

YT A1)

(

Industrial domain

Ground ‘. g
Truth

ey <
wincLip| |

Vv

Screw Capsﬁle Metal plate /

- -

Brai J

Colon Thyroid
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AdaCLIP: Adapting CLIP with Hybrid Learnable
Prompts for Zero-Shot Anomaly Detection

AW U VDS
SOGANG UNIVERSITY 21

-
=
m



Paper 2

« Contribution
- 27t X| HER 9| lightweight learnable parameter T 2
-Projection layer
;' Patch token2f text embedding ZF2| dimension= alignot= & 78
-Prompting layer
;- CLIPL @] vision-transformer layerS CHA| &t
;= =78 21 prompting token1t layer input= concat
- Hybrid learnable prompt
- Static prompt
- Dynamic prompt
- Hybrid semantic fusion module

- Anomaly regionsOi| CH St region-level contextE FE510] d5 71 M

A szutta VDS
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Paper 2

e Qverview

T T W Promptine Laver [P
! Patch Embeddings F? iy  Prompting Layer L |
| i: Vanilla = :
: M Leamnable :l Token £ :
! =
i Frozen EE _T;- . '-E %_} 1}+1E
: ' Prompting | i
| , Anomaly 1 Z [
i Score i = :
! i - :
1 1
| I
1

i a photo of a normal {CLS} H

. 1
E o4 @photoofa broken {CLS) i
1
i a photo of a damaged {CLS} i
| i
1 .
| Textual Captions Text Encoder Anomaly Map i
L e o o o o e e e e e B B e e o e i
E . Normal/Abnormal Text Embedding . . Static/Dynamic Prompting Token F!| Semantic-Rich Image Embedding

R AT TUSED | VDS I
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Paper 2

* Lightweight learnable parameters
- Prompting layers (L;)
~CLIP encoder2| transformer layer i X
- Transformer2| weightS 2 Z3}0] generalization capabilityS SX| &

;' Transformer layer2| Self-attention == 01|, learnable prompt token output tokenOf =

contribute® = A2

- Input image, textO| A{ & O]l vanilla tokensO| learnable prompt token2 concatSt= T2

i

1

i E Prompting Layer L E
1 i

" ! Vanilla 5 i
El | Token £ E

' S

i MRS L
i i Prompting s 3 !
1 I Token : i
d  TYE | Ere

a photo of a normal {CLS}
h n a photo of a broken {CLS}

a photo of a damaged {CLS}

Textual Captions

g gL e N R it RN .. o S |V25 I

SOGANG UNIVERSITY 24



Paper 2

 Hybrid learnable prompts

- Motivation
-2282= QR HO|EHEZ &85t7| fle

- Static prompts (P?)
-pS= 2= O|0|X|0f]| 3K k| learnable token
~Train 2P HOM 2|2 HO|HERH HA[HL 2 st &

- Dynamic prompts (P?)
- CtFSt distribution=s 2 & &g 3= Q= capacity Z2t5H7| {8l PPE F7HH 2 2 H| Ot
- P52} E2| Dynamic Prompt Generator (DPG)O| 2|5l test imageDOtCt 4 & &

Image Image Encoder

___________________ -

}Lf rE i- 5
: P~ = DPG(I).

oma o B

----- p oy

-————: J-th Layer

d N N ) 5

a photo of a normal {CLS} : » Mo A :

R AT VDS
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Paper 2

 Hybrid learnable prompts
- Dynamic prompts (PP)

-DPGE= CLIPS A0 F=3t class tokenS PP £ projectiondt?| 1%t learnable linear
layer= T+

~LF, L2Of input2 2 27| 2/t dynamic prompte 25 test imageOfl A| A A =l

Image Image Encoder

L]

a photo of a normal {CLS}
E.F a photo of a broken {CLS}

a phntn of a damaged {CLS}

Textual Captions Text Encoder

S
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Paper 2

 Hybrid learnable prompts
- Hybrid prompts
- Static, dynamic promptsE 2t X A hybrid prompts 4 &
Ol LP, 1P 5 prompt layerO| A AtE !

- 7| ViTC| layer& prompt layer2 CHX{|SHO image encoder= input image2| patch
embedding F¥ =&

- Text encoder+= text captionOl| 2+ normal/abnormal text embedding FJ, FY, 4

Patch Embeddirks FP 1

M Leamnable
) Frozen

, Anomaly
Score

a photo of a normal {CLS}
a.p a photo of a broken {CLS}

a phntn of a damaged {CLS}

Textual Captions

R D A T T R VDS
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Paper 2

* Lightweight learnable parameters

- Projection layers

- Motivation
;= 7| & CLIP T+ Z& & patch embedding2f text embedding2| dimensionO| £ X| &
- Solution

;' Image encoderOfl linear layerS AH&3}0] patch embedding FP 1t FY, F 7t2
dimension= € X|A|Z

r
I Patch Embeddings F* |
|

"™ I_;E%mable
Frlizen

1

Score

a photo of a normal {CLS}
. F a photo of a broken {CLS}

a pl'nntn of a damaged {CLS}

Textual Captions

PR AT U b VDS
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Paper 2

« Anomaly scoring

- Pixel-level Anomaly Localization

~Patch embedding F” 1} text embedding F%, F; 2t2| cosine similarity =& 3t
anomaly score H| 4t

- OF2f £=A! 1t Z+0| anomaly mapS X 2

exp(cos(FF F1L)) )

M, = ¢ (
exp(cos(EF, FL)) + exp(cos(ET, FL))

- O 2 layer®| A 2] anomaly map= multi-hierarchy 24| S £ Z 350
Z|E prediction M 44

~Train 50| = %|Z prediction M-S optimizationst?| |3l 2|5 C|0|E & Ar&3}0
Dice loss, Focal loss AIE

ﬂ AW THEE D
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Paper 2

« Anomaly scoring

- Image-level Anomaly Detection
-Hybrid Semantic Fusion (HSF) Module
-+ 7| & image-level AUROC A A
vAnomaly map2| Z|CH €2 M EHSIO anomaly score A4k
vO|= noiseZt B2 O =0 Bl

- HSF module2 anomalityS LIEH
region-level2| BEE &gt

—_—

&°30| &2 patch embedding= aggregateStO

v 4%t image-level anomaly detection 7t &t

.................................................... _,._,.,_,.,_I.--------.

I Patch Embeddings F*

"™ Llamable
Fdbzen
|

, Ajpomaly
[core

a photo of a normal {CLS} |
) 1 a photo of a broken {CLS}

a i;l-'mnufa damaged {CLS}

Textual Captions Text Encoder Anomaly Ma
R M TSR LTt neoder 2 y Map | VDS
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Paper 2

« Anomaly scoring

- Image-level Anomaly Detection

-Hybrid Semantic Fusion (HSF) Module
-37}X| stepl 2 A5
' Kmeans= AFE9SL0] patch embedding= K71 2| group2 £ clustering
:- Anomaly map MO A SIS /X[ 9| scoreE "t LHO| 2t cluster2| anomaly score | At

2 71 =2 anomaly scoreE 7H clusterE MEASE, ST cluster2| Sl 4f2 Al Aot
5| Z[F image embedding F!0i| aggregate

rO

‘ SOGAN

:Patch Embeddings F¥ : ' i Hybrid Semantic F usion (HSF), |

M Lmable E 1 I

Flljzen i i g @ {Jﬂ %{l‘] E

__, Apomaly i i . H p “ ] :

I:'.cure i : g F i

P > — %.—_; b i

i 1 1

a photo of a normal {CLS} | i : E CI!S% A-ﬂ'ﬂmﬂ]-}" :
.1 aphoto of a broken (CLS) | T . — 8> .[.}EEEE:. -
Dl e i F'| Semantic-Rich Image Embedding

Textual Captions

gl 1§ VDS

G UNIVERSITY 31




Paper 2

» Experiments

M A1}
P w /0 supervised training w/ supervised training
Metric Dataset ! !

SAA [10] WinCLIP [24] DINOV2 [39] SAM [30] APRIL-GAN [14] AdaCLIP

MVTec AD (63.5, 87.4) (91.8, 92_9)T (74.4, 87.4) (70.8, 86.0) (82.3, 88.9) (89.2, 90.6)
VisA (67.1, 75.9) (78.1, 80.7)" (75.2, 78.5) (61.9, 73.9) (81.7, 80.7) (85.8, 83.1)
MPDD (42.7, 73.9) (61.4, 77.5) (62.4, 74.9) (63.0, 77.0) (66.0, 76.0) (76.0, 82.5)

Image-level BTAD (59.0, 89.7) (68.2,67.6) (79.3,69.3) (89.4, 85.7) (85.2, 82.0) (88.6, 88.2)
(AUROC, max-F1) KSDD (68.6, 37.6) (93.3, 79.0) (94.9, 77.5) (65.8, 37.9) (95.7, 85.2) (97.1, 90.7)
DAGM (87.1, 88.8) (91.7, 87.6) (90.7, 89.2) (82.7, 83.6) (93.5, 91.8) (99.1, 97.5)

DTD-Synthetic (94.4, 93.5) (95.1, 94.1) (85.8,93.5) (81.9,91.1) (98.1, 96.8) (95.5, 94.7)
Average (68.9, 78.1) (82.8, 82.8) (80.4, 81.5) (73.6, 76.4) (86.1, 85.9) |90.2,l89.6}

Rank (5.3, 4.4) (3.4, 3.4) (4.0, 4.1) (4.7, 5.0) (2.1, 2.6) 4 1.4)
MVTec AD (75.5, 38.1) (85.1, 31.6}1 (85.9, 39.6) (85.4, 29.4) (83.7, 39.8) (88.7,43.4)
VisA (76.5, 31.6) (79.6, 14.8}* (95.0, 30.3) (92.6, 18.2) (95.2, 32.3) (95.5, 37.7)
MPDD (81.7, 18.9) (71.2,15.4) (95.6, 31.1) (94.8, 22.1) (95.1, 30.6) (96.1, 34.9)
Pixel-level BTAD (65.8, 14.8) (72.6, 18.5) (91.9, 43.4) (93.8, 46.9) (89.5, 38.4) (92.1, 51.7)
(AUROC, max-F1) KSDD (78.8, 6.6) (95.8,21.3) (99.3, 50.6) (91.2, 18. 4} (98.2, 56.2) (97.7, 54.5)
DAGM (62.7, 32.6) (81.3, 13.9) (90.9, 52.0) (88.6, 40.7) (90.3, 57.9) (91.5, 57.5)
DTD-Synthetic (76.7, 60.6) (79.5, 16.1) (97.0, 63.4) (95.0, 56.7) (97.8, 72.7) (97.9, 71.6)
Average  (73.9,29.0) (80.7,18.8) (93.7,44.3) (91.7,33.2)  (92.8, 46.9)

Rank (5.9, 4.7) (4.9, 5.6) (2.3, 3.0) (3.6, 4.3) (3.0, 2.0) , 1. 4)
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Metric Dataset w /0 supervised training w/ supervised training

SAA [10] WinCLIP [24] DINOV?2 [39] SAM [30] APRIL-GAN [1/1] AdaCLIP

HeadCT (46.8, 68.0) (84.1, 79.8) (71.4, 72.4) (78.4, 76.4) (93.6, 86.4) (91.4, 85.2)

Image-level BrainMRI (34.4, 76.7) (89.8, 86.3) (78.3, 82.7) (71.5, 78.9) (89.7, 89.5)  (94.8, 91.2)
(AUROC, max-F1) Br35H (33.2, 67.3) (81.6, 74.4) (69.1, 70.5) (59.0, 67.2) (95.6, 91.0) (97.7,92.4)
Average (38.1, 70.7) (85.2,80.2) (72.9,75.2) (69.7, 74 1) (93.0, 89.0) I94.6I 89.6)

Rank (6.0, 5.7) (2.7, 3.0) (4.3, 4.3) (4.7, 5.0) (2.0, 1.7) 3, 1.3)

ISIC (83.8, 74.2) (67.1, 48.5) (94.2, 79.6) (94.2, 81.0) (92.1, 77.4) (89.3, 71.4)

Pixellevel ColonDB (71.8, 31.5) (61.1, 19. 6) (87.3, 56.5) (86.1, 45.7) (88.7, 52.6) (90.4, 58.2)
(AUROC, max-F1) ClinicDB (66.2, 29.1) (67.1, 24.4) (83.3, 56.2) (83.5, 43.0) (82.5, 51.8) (84.4, 58.2)
e TN3K (66.8, 32.6) (67.2, 30.0) (73.3,35.7) (70.1, 32.5) (75.9, 36.4) (77.2, 41.9)
Average (72.1, 41.8) (65.6, 30.6) (84.5, 57.0) (83.5, 50.5) (84.8, 54.6) |85.3I 57.4)

Rank (5.5, 4.5) (5.5, 6.0) (2.5, 2.3) (3.0, 3.5) (2.8, 2.8) .8, 2.0)
R BTN VDS
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Task Category Datasets |C| CLIP WinCLIP CoDp AnomalyCLIP AdaCLIP GlocalCLIP
Obj &texture MVTec AD 15 (83.3,924) (90.4.956) (821,914 [ (1.5 962) (91.2.959) | (9.7,9%.4)
VisA 12 (70.7,76.6) (75.6,78.8) (77.7.81.5) | (814,849) (817 84.0) | (83.7,86.2)
Image-level Obi MPDD 6 (71.2,782) (61.5.69.2) (76.0.783) | (76.9.8L4)  (72.1.76.0) | (77.6.82.0)
(AUROC, AP) ] BTAD 3 (827,86.5) (682.709) (T7.7.777) | (875.90.7)  (90.2,90.6) | (89.8 92.2)
SDD I (74.0,57.5) (843,774) (80.8,71.0) | (853.816)  (81.2,72.6) | (86.6,84.5)
Texture DTD-Synthetic 12 (73.7.89.7)  (95.1.97.7) (96.2.98.1) | (93.7.973)  (97.8.99.0) | (93.7.97.3)
Mean (76.1,802) (792 816) (818 830) | (86.1 88.7) (857 864) | (8.2 B9.8)
Obj &lexture MVTec AD 15 (38.2,88) (82.3.619) (44 1L1) [ (91.0.819) (894, 378) | (914, 828)
VisA 12 (479, 16.1)  (73.2,50.1) 421,122) | (953,851) (955 778) | (959,875
Pixel-level Obi MPDD 6 (425,198) (71.2,40.5) (337,140) | (96.2.87.5)  (96.4,62.2) | (96.6,89.0)
(AUROC, PRO) ] BTAD 3 (39.5,7.8)  (727.273)  (28.1,6.5) (94.5.73.6) (948,325 | (96.1,77.9)
SDD I (387,10.1) (68.8,242)  (244.83) (90.6, 67.0)  (71.7.17.6) | (93.1,72.4)
Texture DTD-Synthetic 12 (37.6,15.0) (79.5.51.5)  (14.8,3.0) (97.8.91.1)  (98.7.80.0) | (98.2 92.5)
Mean (@07, 129) (146.428) (31.3.85) (94.2 BLO)  (91.1,501.3) | (95.2,83.7)
A szutta | VDS I
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Industrial Domain Medical Domain

Image

GT

SAA
WinCLIP
DINOV2

SAM

APRIL-GAN

AdaCLIP

Hazelnut Metal Blotchy Tubes Capsules Chewing Macaroni Pipe Colon  Colon  Skin
Nut gum Fryum
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A

ABTNE-D
SOGANG UNIVERSITY

Anomaly WinCLIP Anomaly WinCLIP
Normal query GT (0-shot) Normal query GT (0-shot)
Cable Carpet
(MVTec-AD) (MVTec-AD)
Capsule Wood
(MVTec-AD) (MVTec-AD)
PCB1 Capsule
(VisA) (VisA)
PCB3 Macaronil
(VisA) (VisA)
(b) Tiny defect
Pill Bottle
(MVTec-AD) (MVTec-AD)
Hazelnut Tile
(MVTec-AD) (MVTec-AD) §
Cashew PCB4
(ViSA) (ViSA)
PCB2 Fryum
(VisA) (VisA)
(c) Deviation from normality (d) Misprediction around true positives
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