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Background

» What is anomaly detection

- Normal ("3 &) sampleZt abnormal(H|
- Anomaly detection= A|Z= G+ Bt OFL|2F CCTV, 2| = B4, Social Network &

Cret 2OF0AM SEEIBHA 2Tt Z0F2 214

gd, 0| K|, S0[X]) sampleS +E5t= = A
 —

< ML anomaly dataset2| O A] >
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Background

» Reconstruction-based anomaly detection

- Input O| 0| X| & reconstructot= 1t’E = &5l normal G| O| & Q| distribution=
traindt= 2B E= 0] trend

- Normal H| O] E{ 2| distribution2 =& model= normal G| O|E{ 2|
distribution2 2 £ & H2| E 0]l 5| O|E 2] reconstruct capability7t £ X| =2
Zd0|2t= 7+ S}Of| reconstruction error?t 2 sample= anomaly £ L 5t

- SFX| 2F reconstruction-based ¥ 2 =2 identical shortcut =X| 7 2 &t

- Identical shortcut : normal/ abnormal sample=2 25 & = 2St10 anomaly detectionOf|
AHIfidt= 2

:': Fully-connected layer in MLP
:'= Convolutional layer in CNN

;' Transformer with query embedding
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Background

» Reconstruction-based anomaly detection

. . o C X}t H 9| |.
- Identical shortcut : normal/ abnormal samples 25 & = & 5l1l anomaly
' A ot= =X
detectionO| 2 I 5t= &
AURDC Loss AURODC Loss AUROC Loss
1.00 30 100 30 1.00 30
— Pixel AUROC — Pixel AUROC = Pixel AURDC
—— Image AUROC —— Image AUROC —— Image AUROC
0.95 — Loss 25 0,951 — Loss F25 095 — Loss 25
0.90 20 0.904 M L20 0.0 20
0.85 N 15 085 L15 085 15
0.80 10 0.80 r10 O0.8O0 10
0.75 5 0.751 rs 0.751 5
0.70 0 0.70 0 70 [1]
o 200 400 600 800 1000 o 200 400 600 800 1000 V] 200 400 600 800 1000
Epoch Epoch Epoch
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Background

 Text-based anomaly detection

- Reconstruction-base2} = 2| text-based method= L} settingt method S A&t

~WinCLIPL state words2} text candidateS mixSt0] input image®l CH3H pre-text promptsS
A M 5}
O O O

-Binary mask& Sl mput imageOfl CHSt multi-scale featuresE &S+ M A =l prompt
7t2| similarity scoreg Al4t5+0{ anomalyE THE S

CLIP
tout
encoder

Group Anomaly
- - b l classification 7
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anomaly score map prediction

1
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1
1
1
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i Window embeddi ing mag wWindow emher.ldlnq MEP  patch embeddings
5mal| scale mld

s ;-;LJ-: ﬂ;;]"[};}i;;}% S Cay
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Text-Guided Variational Image Generation for
Industrial Anomaly Detection and Segmentation

ﬂ B THSD VDS

SOGANG UNIVERSITY 7

-
>
™



Paper 1

» Abstract & Introduction

- Problem

- Imbalanced non-defective(normal) data

' Normal data?f Cif £& *1§ 0§ A f FALE uniform®t §d 8 EO|=0, 0% %2
defect01| CHSF detection A =0f 2 H St

-Defecte] == EFot= 7|A 2 FF2r A7t A=
-Wrong labeling

;= Anomaly dataS normal dataZ & -E labeling2t

. Method Detection | Segmentation

\ Original Image 88.3 94.3

Web Image 84.8 93.1

(a) Original () Web Image (0 Midjourney (&) DALL-E Midjourney (by Generated Prompt) 82.7 93.3

e oy DALL-E (by Generated Prompt) 85.7 91.9

VQGAN-CLIP (by Only word) 64.8 86.8

VQGAN-CLIP (by Naive Prompt) 71.9 88.2

VQGAN-CLIP (by Generated Prompt) 81.4 91.7

VQGAN-CLIP (D VQGAN-CLIP (g) VQGAN-CLIP S— Ours 93.3 94.6

(Only word) (Naive prompt) (Generated Prompt)
R BTN | VDS
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Paper 1

» Abstract & Introduction

- Motivation
~ Industrial manufacturingOf| Af anomaly detection2 /%t clean datas & 7| 2|l Xt
= Summary

~Target objectOi| CH$ text H =2 £ extensive text libraryO| Al €& 8}10], input 0] 0| X| 2}
FAFSt normal O|0|X| & “4-4dt= O 28

EOO = O O

— 4 =l normal O| 0| X| 7} text & image-based knowledge Ol A| It =l Of| & distribution2t
O'II ot & HZSH stability, generality 2F 2

- i Method Detection | Segmentation

( \ Original Image 88.3 94.3

/ Web Image 84.8 93.1

(a) Original () Weblmage (0 Midjourney (@ DALL-E Midjourney (by Generated Prompt) 82.7 93.3

ef ;Lo N e DALL-E (by Generated Prompt) 85.7 91.9

! 7 VQGAN-CLIP (by Only word) 64.8 86.8

= VQGAN-CLIP (by Naive Prompt) 71.9 88.2

VQGAN-CLIP (by Generated Prompt) 81.4 91.7

(e) v&;&fup (f) VQGAN-CLIP  (g) VQGAN-CLIP ) s Ours 933 94.6

(Only word) (Naive prompt) (Generated Prompt)
R S TN 8D | VDS
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Paper 1

* Method

- Qverview
- Keyword-to-prompt generator
- Variance-aware image generator

- Text-guided knowledge integrator

Gradient Descent -
------------------------------------ GT Prediction

Random

Sampling

Input Image

lrannmg
~ Augmented Text-based
Generation Images Generation Images Non-Defective Data Pool
. @ : Non-Defective Image
Keyword-to-prompt Generator Text-guided Knowledge Integrator e : Generation Images
“Metal-nut” — — 33
Cosine . > | %%
3 . Cyu o0 00
Input Text Best Prompt Slmlllnnt_\ .':‘3.' i

Go to (Variance-aware Image Generator) 4 : Defective Images

<HQERFLE>
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Paper 1

» Method
- Keyword-to-prompt Generator
- Object name W2} original training image 12| 7+& X & st prompt P& X & &
-WordNetO| 7| 2t5H0, T-different wordE & A|SH0X| candidate promptsE €&

- 2| 5ot candidate promptsO| Al XX Of promptsE XS
s RE 7|E2 278K 7L B
v Distance-based outlier removal
. Candidate prompts2| latent features2} original imageZt 2| L2 distanceS A2t outlier
promptsE A| A&t
vEmbedding similarity estimation
- CLIP encoder& AFE5}H0] imagelf text embedding vectors& &&=
- Cosine similarityS Al 42t 5|, argmax 3 g
Table 4. Prompt examples by Keyword-to-prompt Generator.
Best prompt | Worst prompt
“a {hazelnut} with {cobnut}” “a {hazelnut} with {decantherous}”
“a {metalnut} with {metallical}” “a {metalnut} with {predegenerate}”
“a {zipper} with {metallization}” | “a {zipper} with {Echinops}”
“a {capsule} with {incapsulation}” | “a {capsule} with {perceptible }”
R S THE D “a {toothbrush} with {parazoan} “a {toothbrush} with {chaetopod} VDS
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Paper 1

* Method

- Variance-aware Image Generator
- &= 0[0|X| 2| visual variance2} FAtet O|O|X| F 44 -4 35l OF St7| =0, latent vector2|
distribution® E& M 222 A= VQGANS training image M4 BEHZ ALE
- OFX| 2 VQGANS latent vectorE AN 0| E 2| =l codeZ 2 AFSHY patch= 2|
diversityZ i X[= X7 U=
- 0| & EhX|8}7| I8l, 2t patch| latent vectorS code”} OF ! augmented image 2 5 E
22 latent vectorl| B = AFESH0] decoderd 22

. . = o Component Image-Level (%) | Gain (%) | Pixel-Level (%) | Gain (%)
\/Ol J_l—l'g o= dlver5|ty§ —b||— O:I %|- Baseline 74.5(L1.6) - 97.0(=0.1)

1) Text prompt
wio Text T7.6(£0.6) (+3.1%) 97.1(+0.0) (+0.1%)
wi Text (ours) 79.1(+0.6) (+4.6%) 96.9(+£0.0) (-0.1%)
2) N-Generated images
1-copy T8.6(£0.4) (+4.1%) 97.0(+£0.00 (+0.0%)
10-copy T7.9(£0.4) (+3.4%) 96.9(+£0.0) (-0.1%)
20-copy T8.4(£0.5) (+3.9%) 97.0(=0.0) (+0.0%)
30-copy 79.0(£+0.7) (+4.5%) 97.0(+£0.0) (+0.0%)
50-copy T8.5(£0.3) (+4.0%) 96.9(+0.1) (-0.1%%)
100-copy T8.4(£0.5) (+3.9%) 96.9(+0.0) (-0.1%%)
3) Variance-aware
wio Variance T4.3(£0.4) (-0.2%) 97.0(£0.0) (+0.0%)
wi Variance (ours) 78.9(+0.5) (+4.3%) 97.3(+0.0) (+0.3%)

w/o Variance
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Paper 1

» Method
- Text-guided Knowledge Integrator (1/2)

-7t A5t prompt P2L & St= non-defective imagesS A 3104, 0| £ anomaly detection
model & £/t normal data pool01| 7t

- Keyword-to-prompt generatorOf| A{ MEiSHPE B2 CLIP text encoderE &l text clip

featureES ==

- & A0 variance-aware image generatorE 0| &3}0] imageE ‘et
T O

'« 2= image featureS B 2}5H0] visual clip feature/t =78 &

- Image set= ‘8 dol= A= Ht5SHH, image feature expectation2} best prompt feature
AFO[ 2| cosine similarityOf| [Ch2F image set= scoring®2t

= Cosine similarityOl| 7|2tSH0], 44 =l image2| best set= M EHSEHL, O] = anomaly

detection training0f| At2 &

-_—
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Paper 1

* Method

- Text-guided Knowledge Integrator (2/2)

- M EZ-2 image set= M4 MO S A|Of| variance-aware image generatorS update®
29 A Y2 270K S0 AS

vNormal input2t S AFStimageS generator 7t A A&t

A 2 Y EE 37| 9B
v =l image set2| diversityS SFAAIH = AS
- Encoder, decoder, codebook vector parameters& 2L & ot

27 OF variance-aware image
generator2| 2 = parameter= update2!

~Inputt FAFSH imageE M ASH7| 25 MSE lossE E-235HH, Adam optimizer2 update®

A B
S
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Paper 1

» Experiments

- Adts M52 AZ817] 2|38, one-shot, few-shot, full-shot=2 A& XIH

o O
e =2 571X classOf| T 240] Zet =

—e
- One-shotO| Al & TFAHO|
o o O
Patchcore vs Ours Cflow vs Ours Reverse Distillation vs Ours Efficient-AD vs Ours
g - — — -
élun- +5.6% 5% | §1W +10.4% élw +14.1% élm- +2.7%
ﬁ fa) +7.0% s} +15.2% & +34,7% +33.7% & ol
i £ a0 g e g e £ o sem el
me = = = =
L] E = =4 = =
=% 5 & 5 & S B S 60
45 o o] v ]
s‘ a al 1] 7]
& a0 o4 o4 a0
E o [s] [=] [=]
" One-shot Few-shot Full-shot " One-shot Few-shat Full-shot " One-shot Few-shot Full-shat " One-shat Few-shot Full-shat
EE by ;é' -y +73.3% +62.7T% 453.9% +53.7% ;E
£z %1'3'3" +19.1% +1B.5% +13.3% ',;jm“ +39 8% §1W' +52.0% 2 s
g O =] +25.0% Q =]
=§§s° | gm szmon | 5 e £ m
of 2 F17.7% +8.1% = 7 2% e T a7 +20.6% +11.7%
§§ 5 &n 5 s 5 & 5 & +23 o +1z 1%
nE T £ g =
g2 2 8 g 2
35 o 40 W 40 L T 40
T o (] [a] =]
L 20+ 4 20+
O Cable Metal-nut Grid Zipper Capsule Capsule Zipper Grid Screw  Cable " Leather Hazel Bottle  Tile  Tooth- Metal- Tran Tooth- CBDSUhE Cable
brush nut sistor  brush

< MVTec-AD H|O|E{Aloj CHsF Y An} >
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Paper 1

» Experiments

- Optimizing results between our prompt and generated images (1/2)

- Keyword-to-prompt GeneratorZt XX 2| promptE 4&3H 2 2 &= Z 12} variance-aware
image generator X text-guided knowledge integrator 7t Z| % 2| prompt 7|2t Z M H ot
O|O|X| & AlZt=t gt

- %2t 2| prompt2t Z| M 2| prompt”Zt 315 X}O|E E ¢

-+ & promptZF2| 3 A2 cosine similarity score2 8%t

PCA visualization of generated prompt Cosine Similarity Score
« Al Text Prompt ==
»{ @ Anchor . - .
o~ $ g
i~ @ Only Word o ' -
o @ Best Prompt SR . °
g | ® NaivePrompt e, L, ° . o
o ® Worst Prompt  *e* 0.300
o i R
£ o Slogad s R e B ° 0278
o R LY . 8 .
O et B N .0 .
S | s L REE 2 R 0.250
© o AP T
A IR A e e Sl
'C et b #2% ot e e 0225
1 > ‘s Y . .
= Tl 3 e S
T -l TN Tk 0.200
N

Pnncnpal Component 1 Only word  Naive Prompt Our Prompt Worsl Prompt

Original Only word Naive prompt Worst prompt Our prompt

R 447 TSk | VDS \
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Paper 1

» Experiments
- Optimizing results between our prompt and generated images (2/2)
- %2t 9| prompt2t | & 2| prompt AHO|0f| = FEESISH Aot 2 Y
-Ofe2f ME-2 XA 9| prompt?Zt normal O|0|X| 2t FAtet EM2 7HX| 1L QL0 text-guided

JI

i OlAiQ"‘A |5’|A oleo =S
knowledge integratorl| ‘ds= FHAIZE = A= TFS
AHho | | | |-°E | | | |- |.I @) |-'6I-2 Ma2fk™H o =[HSh
-Table= ob O|O|X| 7} &l & O|O| X[} 7 TAIEE SH2E T8
PCA visualization of generated prompt Cosine Similarity Score Method Prompt IS(T) | SSIM(T) | PSNR(T) | LPIPS(])
L pre vl 6350 Original N/A 1.00 1.00 - 0.00
g . gmf:«).al pee ™ ers 0325 Only word a hazelnut 1.62 0.50 19.01 984.15
< est Prompt 5 .
Qi e Naive rompt TR WG i o Naive prompt “a photo of hazelnut” 1.34 0.78 2346 764.48
Qi |18 WOERE I e e, @ Worst prompt | “a {hazelnut} with {decantherous}” | 4.56 0.79 23.57 782.75
E'l  almiohs.y ] 0273 Our prompt “a {hazelnut} with {cobnut}” 22.59 0.90 28.39 701.84
8 o D X3 _. ae * 0250
8] s g
] .'h»;_ "8 s P . 2" o o® - 0225
= (R T S vl ety Similarity between Prompt and Images Similarity between Prompt and Images
a e S R 0,200 0250 0.2
Bl phe A~
. ° 0175 >, 0.245 / ,fn\l 2o .?/ -\‘
Pnnapal Component 1 “Onlyword Naive Prompt Our Prompt _ Worst Prompl E - /\'/_ \.\‘; II"'.I.'/.\‘ 5 . lﬁll If-'ll \".\.
E . A '.I g X .-‘:’ '-II /i/'ll /}
ﬁ 0.235 I'. ; ?\ ﬁ 0.23 \ ..fll "-.\ -.V .III ,-*,
c |/ £ ¥ j \ /
“tn n2se 7 w 037 ¥ f
g N 5 \
O ooazs Uon {
de— Qur method —&— Our method
¢ ‘5‘D‘57E75W1540455055§05573'-‘5505.’\%95 o 1>wumuuuw-t:suu;zfnos-’Drsuu!uuu'.m
Original Only word Naive prompt Worst prompt Our prompt Total Iteration Total Iteration
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Paper 1

» Experiments
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RealNet: A Feature Selection Network with Realistic
Synthetic Anomaly for Anomaly Detection
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Paper 2

» Abstract & Introduction

- Problem
7|Z 0| B =2 anomaly O| 0| X| 2t anomaly categoriesOl CHSF prior knowledge 7t £ &%t
.- Crafted data augmentation strategies B=+= external dataOfl 2| =350 Tt sl of &t
vO|= AX| o]0 X| 2} 24 0|0|X| 2| distribution?+2| & &t XO| 7t 5t
vIt2tA real-worldO| A S&0] 0{2E
- Solution (Contribution)
-2 2ME sl Z35}7| {5l Strength-controllable Diffusion Anomaly Synthesis (SDAS) H| F
- Natural distribution®fl & 7}7712 CtFot sample= A SF0 anomaly strengthS | O
= Normal sample2| distributiong £ & & 5l7| 2/sl, DDPME ALE

- Anomaly O| 0| X| £ normal 0|0|X| 2| featureZ reconstructSt 1l Xt0| XS O|- &3l anomaly
detection, localization =&

RealNet Multi-Scale Feature Reconstruction
: i Discriminator
P [
—o— |

R B NEan VDS
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Paper 2

» Method
- Strength-controllable Diffusion Anomaly Synthesis (SDAS)

-DDPM (forward process), Markov chain (reverse process)S AF2 340} normal 0]0|X| Q]
distribution St

- C}2FSE anomaly HEHE 2I3H, perlin noise generator AF2 3111 0| & binarizationS} O] mask
S AHA Y
ME oo

-OpX[gte = ofgf 2 2[FE st =F 6.=. O[O|X| &8

M =1-M,8= O|0[X|e] =&

SDAS
il N\ W
H—>
l o~ il
e~ A
~(=-E-Hll-I
SIA P M
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Paper 2

e Method

- Anomaly-aware Features Selection (AFS)

-ReconstructionO| A& 3StH7| 2[5 SDASO|| A &4/ ot O|O|X|-Z pretrained network ]| & Of
KW layer2| output= MERS O 2N featureE =

~Pretrained network 0| 2= O| 0| X| 2} A St anomalous O|0|X| & 2 11 Zt output Zt2]
XFO| 2 33 H|, mask MI} 22 resolutionS ZtE 2 SF0 M| X}O| 2 JossE AR

- O| Y layer= CtFt layerS MEHSEY| HZOf multi-scale &

- feature dimensionality= = 0|1, pre-training bias& X| 7SI, reconstruction cost=
2| 8= self-supervised method

B
RN | |
E EAFS* Cbﬁ.,z - ZHF Qbkz n) Qﬁk,t’(In)]z)_ﬂfnné
N -
x
Rﬁ b CH 8k VDS
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Paper 2

* Method

- Reconstruction Residuals Selection (RRS)

- 7} anomalous information2 Zt+= reconstruction residuals2| subset= 1 &5t

- Reconstruction residualsOi| global max pooling (GMP), global average pooling (GAP)= At&

=

;'+ O] = 22} top k reconstruction residuals&

o|0

:': GMP, GAP= ZtZ local, global propertiesE 2|0]g!

vGMP, GAP= ZtZt local anomalies, global anomaliesE Z2HSH=0H| 21t

s & case= & A various scales2| anomaliesE £ AIg!

- OFX| 25 2 2 image-level resolution2 Z reconstruction®t 5|, anomaly scoresE A| At

Global Max Pooling

RRS I
Max TopK
v Indexes

; Position ,
Indexes

; Position >
Indexes

A Max TopkK

i Indexes
....... ’ m
Global Average Pooling
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Paper 2

» Experiments

- SIA2} anomaly synthesis methodE At 3} realnet &

JOI‘

:+:DTD
vDTD 4| O|H Al =

Of
g Of| A OIE'IXI HEE T

IS O|0|X| HES ALE

;': Cutpaste

vrandomot | O|O|X| Xt27], &0 F7|

A&t
X

&0l AFE 2 anomaly synthesis method

MM El anomaly texture?t O|0|X|E =
H
o

otH, 2

Category SIA DTD [5] NSA [32] CutPaste [20]
Carpet (99.84,99.19, 96.41) (100.0, 99.27, 96.96) (99.80, 98.60, 88.77) (99.24, 08.42, 93 85)
Grid (100.0, 99.51, 97.28) (100.0, 99.57, 97.14) (100.0, 99.32, 91.31) (100.0, 99.18, 92.53)
Texture Leather (100.0, 99.76, 96.22) (100.0, 99.77, 96.41) (100.0, 99.24, 96.85) (100.0, 99.41, 92.12)
Tile (99.96.99.44. 97.70) (100.0, 99.35, 95.27) (100.0. 97.40, 86.45) (99.86, 97.63, 84.39)
Wood (99.21, 98.22, 90.59) (99.65, 98.28, 91.23) (97,63, 93.30, 87.20) (98.93, 95.29, 81.47)
AVG (99.80, 99.22, 95.63) (99.93, 99.25 95.40) (99.49, 97.57, 90.11) (99.61, 97.99, 88.87)
Bottle (100.0, 99.30, 95.62) (100.0, 99.35, 95.57) (100.0, 99.37, 93.49) (100.0, 99.14, 91.41)
Cable (99.19, 98.10, 93.38) (98.95, 97.84, 90.36) (99.33, 97.62,93.26) (96.33, 96.23, 86.05)
Capsule (99.56, 99.32, 8§4.48) (0932, 99.19, 82.78) (99.04,99.37,85.77) | (98.48 99.10, 79.55)
hazelnut (100.0, 99.68, 93.14) (100.0, 99.46, 93 .46) (100.0, 99.25, 94.41) (100.0, 99.03, 91.51)
Metal Nut (99.76, 98.58, 94.39) (99.90, 98.58, 96.49) (100.0, 99.11, 93.27) (99.90, 98.03, 89.09)
Object Pill (99.13, 99.02, 91.04) (08.36, 98.88, 84.44) (97.19, 98.28, 95.15) (97.22, 98.96, 86.48)
Screw (98.83, 00.45, §7.90) (97.72,99.36, 85.27) (98.79, 99.62, 93.74) (92.74, 98.53, 79.63)
Toothbrush (99.44, 98.71, 91.5T) (99.44, 98.69, 90.87) (100.0, 99.18, 89.20) (99.17, 98.85, 78.48)
Transistor (100.0, 98.00, 92.92) (99.71,97.15, 86.56) (98.54, 95.67, 79.09) (09.38, 96.32, 76.52)
zipper (99.82,99.17, 93.43) (99.68, 99.02, 88.77) (99.90, 98.91, 93.05) (99.61, 98.03, 92.26)
99.57, 98.93, 91.79) (99.31, 98.75, 89.40) (99.28, 98.63, 91.04) (98.29, 98.22, 85.16)

” HE TS [ AV

(99.65, 99.03, 93.07)

(99.52, 98.92, 91.40)

(99.35, 98.28, 90.73)

(98.73, 98.14, 86.40)
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Paper 2

» Experiments

- Comparison anomaly synthesis method

Original SDASis=0) SDASs=0.1) SDAS(s=02)

g AW THEE D i

SOGANG UNIVERSITY

CutPaste

VDS

LAB



Paper 2

» Experiments

- Comparison related models

-= Yot IS CFE model Of| A train
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Methods Image AUROC Pixel AUROC
DRAEM [45] RB.1 87.2
PaDiM (7] B4.2 29.5
UniAD [44] 96.5 96.8
OmniAL [54] 97.2 083

RealNet 97.3 98.4
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Methods FID [15] . LPIPS [51]
DTD [5] 120.524-0.63 0.1640.00
CutPaste [20] 77.344+0.09 0.1140.00
NSA [32] 68.761+0.16 0.0940.01
SIA 60.39+1.26 0.18+0.01
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