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Background

« Anomaly Detection (AD)

- Binary classification problem

~ Input O| O] X| 2| anomaly =g} O £ & L EHot= EX
: YHIM O 2 Abnormal &S 2 normal M= = CHH| &==0]7| W Z0f| XAt distribution=

t5ot7| ofdl =

: [hEfA], normal HE TS 28510 | S S22 EX A distributions 2HE SH= one-class
classification &A1 0] =2 A& &

- 0421 7§ 9] objectLt classE CHE£= 420l = 2 S22 H 2 normal HIO|HE HEE 35810
JHE A QI decision boundaryE &3 StH= one-class-one-model ¥ 2 10| =& 0|

=
(0) H1 4 =
5, 4 2el AT SHLES| 2 B2 S8l normal distributiong 2r& ot A 22 Y& 0| O] normal
distributionOf| A HHO{LITH S| R 2= anomaly = LHEHSH= 24|

® Normal A Anomaly ===
Bl Class1 M Class2

.....

R 4B CHBE D < One-class data distribution > < One-class-one-model scheme > | VDS |
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Background

« Anomaly Detection (AD)

- K| O] O] X| (Image-level)
-8 HolE 2t = ot Xt0| & HH K el o|0|X| 1d= 7| =22 O| X[ & HEhe
o+ O Al O|O|X| Ao MAH BQF S0| HetS| CHE AL

P (Pixel-level) — Anomaly segmentation

- d HIO|E 2] OjAM[eh A0 HE The|o| MEXH QI Bt E 7|E2 2 O| K|S Tt
s O Al OfO|X| L 52| 58 BHOM T dots K2 0l M=
anomaly
—
< Image-level > < Pixel-level >
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Background

 Vision-Language Model (VLM)

. X O|
o —
- A2 H & (Image)2t 210 FE (Text)= SA0| X 2| 75t Multi-modal AT 2 &
~Tmage®f Text 7t 2|0| X NS St&stn X2

- Image Encoder: O| 0| X| & vector2 H 2t (0|: ViT, ResNet)

- Text Encoder: =& 2 vector2 H2Z (0]|: BERT, GPT)

- Fusion mechanism: O| 0| X| 2} BIAE & Aot Bl 7H& (0]|: Cross-attention, Q-former)
- otE AL B =9 task

- Image-Text Matching: O| 0| X| 2} Z& 0| Hetd EhEh

- Image Captioning: O|0|X|& E11 & d

- Text-to-Image Retrieval: =&

- Visual QA: O|O|X| 7|8t HE &
g 2

- CLIP (OpenAl): O| 0| X| 2t HIAE & ZF2 embedding space= 3 &

-BLIP/BLIP-2: A E 44 VQA & CHYS task =
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Li, Junnan, et al. "Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large

models." International conference on machine learning. PMLR, 2023.

Background

« BLIP-2[1] paper review — Introduction
7| & S0 oA
- L{ 2= 2| Vision-Language Pre-training (VLP)< parameters =7 H2 2 &1} O # & Image-Text
HOJE Mo = Qo A4t H|EO| 02 &
- o O|0fX| 230 A0l BEZ 2N eh& T B2, catastrophic forgetting =&l 7 ‘24 Bt
_ E'('jl I"(frozen) | LL 2 Olljlxl ~ EE % S|

X0| g17] If-Z0]|, Image-Language alignmentO| 0] 2=
- 0|2 I8}, 7| & YR} =2 O ™ S| modality gap= 2N S| SHASHK| gt

- BLIP-22| X|OF &}

- 2EbA| pre-training 7 =F
s+ 1EHA[: Vision-Language Representation Learning

;' 2EHA|: Vision-to-Language Generative Learning
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[ conference on machine learning. PMLR, 2023

1) Li, Junnan, et al. "Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large models." Inter
« BLIP-2[1] paper review — Method
= Model Architecture
- & YTt Self-Attention Layerg & 19h= 27 2| Transformer sub-module 2 7' &
- Image Transformer & Text Transformer
;s Learnable query embeddings= ‘& 415} 04, Image Transformerl| Y EH 2 £ ALE St
;2 O] query=2 Self-Attention Layerg Soff MEL2| B Z XN JEZ S
vO|I, query= < Text Transformer2t & & ot Self-Attention Layers & 702 2, text token1t =
JE 20| 7tse
vats 580 el Query-Text 72| Attention 2 &2 37HX| masking T Ef 2 2 K| 0 &l
;= O| 2, Cross-Attention LayerE &0l query= Image Encoder2| image feature& & &5t 2[0|
X E E o= 2l
o = = = O
Ll Image-Text Image-Grounded
Matching Image-Text Text Generation
Input Image Contrastive -t
73 Feed Forward Learning
— for every r
i Oy
" Encoder gl Cross Attention Attention Masking
f- - bidirectional 4 -
| x N e enton I _xE‘IEI dm?mgd%?us—ax- T Bn n %N
Learned
Queries |2 OO0 Input Text [acat wearing sung!asses]
| VDS I
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1) Li, Junnan, et al. "Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large models." International conference on machine learning. PMLR, 2023.

Background

« BLIP-2[1] paper review — Method

- Bootstrap Vision-Language Representation Learning from a Frozen Image Encoder

- Q-former” 1178 =l | Image Encoder2F H text 2t A|Z} YEE QM2 FESIEE, M2 LHE
Attention Masking= ME32 37HX| S E 5& XM=&

- @ Image-Text Contrastive Learning (ITC)

s Image@} text 7F 20| FALE & Sh5ot7| @[of, 22| Wt S| A4S i XS0 HHEe
:: Query2t text= M E EX| ZSHEF maskingdt®] HE +F 10| S A E =52

- @ Image-Text Matching (ITM)
;= O T Image-Text W O| MZ o|0|H o 2 YX|SH=X|Z &FSt= Binary Classifier 2 & &
;s Query2t text/| YO = M S XESIH, X[F &2 Logistic Classifier= M 2 &
- ® Image-grounded Text Generation (ITG)
' ImageS 7P = textE M5 StHH, query”Zt Al Zf HEE =0l text0f TEHE
s Text= query2t O| ™ tokenTF & ZSFE & causal self-attention making= A& &t

Q: query token positions; T: text token positions.
[ masked [] unmasked

a T Q T Q T
Nmmy | U OO0 mE
‘O0mm oo oo e
. HE O I ey I N

-
'mE 00 NN oooo
Uni-modal Bi-directional Multi-modal Causal
Self-Attention Mask Self-Attention Mask  Self-Attention Mask
N 6" C“ &;"D‘ Image-Text J Image-Text [ Image-Grounded | VES |

SOGANG UNIVERSITY Contrastive Learning Matching Text Generation




1) Li, Junnan, et al. "Blip-2: Bootstrapping language-image pre-training with frozen image encoders and large models." International conference on machine learning. PMLR, 2023.

Background

« BLIP-2[1] paper review — Method

= Bootstrap Vision-to-Language Generative Learning from a Frozen LLM
- Q-Former2| & &(query embedding Z)= Fully-Connected LayerE S LLM & & X} &l

- HSHEl 7= text 20|l 20 soft visual prompt St =3H 3t

|0
I
e
o
oot

- Q-Formeri= 10] 2H&l A|2} R0 FECHE S pre-trained £|0f, Hi 2 B2 33

— o
s LLMO| ot 25 42 8! catastrophic forgetting =X & 2ttt
- 280 = 27HK| 1 EE LLME ArE
s Decoder 7| BF LLM: OPT A|2|=
v 28X Ol Language Modeling Loss £ 2t& 2
;= Encoder-Decoder 7|2t LLM: FlanT5 A| 2] = ALE

vPrefix + A|ZF HE > Encoder/ Suffix = Decoder 248 S H

Bootstrapping from a

Decoder-based ! g Image N ‘ y ’ Fully
Large Language Model Encoder @ Fortriac Connected
(e.g. OPT) F
EE-EE
Learned Queries
EE-E R Suffix Text f wearing sunglasses ]
Bootstrapping from an -

Encoder-Decoder-based a' Image =
Large Language Model . - e ‘ Q-Former Cohntadnd > LLM Encoder

(e.g. FlanT5) b
P sxus i @n-am) —E@Ea) (=) |VDs|
6 SOGANG UNIV exon x Input Image Learned Queries Prefix Text Las

Fully ] 3 LLM Decoder

Encoder
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Myriad:
A Large Multimodal Model Applying Vision Experts
for Industrial Anomaly Detection
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Introduction
* Industrial Anomaly Detection (IAD)
- ITADZH?

MR SHO A EHET
- 7| & 1AD 2Al o] BHAA

r|r

A
=

2 Al

AEotd, 1O K|S ohef

[ok
m|o

_ZHHi K| EHAOf e 2z o mEo| T QS
H =&}

T 1 3

A= YA0| nFEO FHEO
- CHE 22| A2 anomaly map =+ pixel score'ﬂ ZE5l0, 2 o st 40| 2755t
A& X} X| Al (instruction) = O] Sl Of_' E =93
« Vision-Language Model (VLM) 7|2t TAD
- LLM2| X[ 4] O[5} X|A| = sHE S8
|2 EEQF AtStY] 210 7[Hho| Agt dHO| 7hsdt
« 7|& VLM 7|2 IADS| oA
T2 50 VIME 2t domain SHs 7| B0 DR, Q) HBD ZE 4 KA Al
modality 2t HZSIA| gt
- Vision-Language & G|O|EH &

= O 2 OIS}, A fine-tuningO| Lt domain adaptationO| O] 2{=
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Method

* Overview

- Vision Expert-Guided Anomaly Detection

- 7|Z& LMM IAD 23 XA S textOf| BF LIS O, vision Y22 HZAL|X]

A = otA 7 Ex et
- 0| E sl Z4st7| s, 7| & 1AD 2 & Z Vision Expert (VE)Z2 =6t =3 =l anomaly map= S i
LMMZE| visual reasoning= 7}t &
= VE-Guided Vision Encoder
- Q-former & & &5H, visual feature 2} visual query 2t2| 24228 0| 7} sgt
-LoRRAE &l IADY| Mt visual feature 2 H 22O 2 M, domain 72| gap= 2tatet

= Textual Prompt Generator

- Anomaly map= text prompt JE{2| SIE = #H2IS0{, LLMO]| visual feature 2|0 S8 QE &5 27}

MBS oMY 4 T E Al
- Visual feature 2} 274 LLMOf| St &[0f HO 2 AE &
- Flexible & Instruction-Following AD

- Ch Yot VERQE A0 7S & (one-class / zero-sho

t/ few-shot & 278 X| &)
- AFERE X|AlOf b2t Of of @K, QI 2 & S5t S 480|758
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Method

» Model Architecture
- MiniGPT-4 7|EIC 2 TMM =535 L=t
- Vision modality + Bridge module + Language modality T3
- B = module pre-trained =l &= &%
:'+ Vision: EVA-CLIP 7|2F ViT
;= Bridge: BLIP-22| Q-former
SOl AHE

'+ Language: Vicuna (fine-tuning

S)
- SH:LLM Z| Y32 1AD &2 M A[Z|7] #2t vision modality & Vision-Language
7HO| X| Al MCHHFAIS X X3}

- Vision Expert (VE)
7| Z1AD HE 2 VEE 28510, 1 =3 @l anomaly map= vision modality L 2| A+
O|D|X|§$—E19| feature % o HrE g

- VE-Guided Vision Encoder
22 VIT + LORRA + Q-former T E &5l VEZ| 4’42t anomaly map= 7|2Bt2| IAD &3} visual
featureE T=

- Textual Prompt Generator

;- Anomaly map= text prompt= HZ2SI0, LLMO| X[ HE & F7HH QI ThA & QIAIGIE S
|o_|o|-

e K-k 1 |VDS|
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Method

 Model Architecture

= Ol ol oCt
'—j'c-lo Hajtlolzlgg

- LLM2| input
e AFE AL KA Z ¢
' VE-Guided Vision EncoderO| Al &2 visual & ¢,
'« Textual Prompt GeneratorO| Al ‘-4 El VE HE ¢,
-2F output
R = LLM(t;,t,, t.)

Ol =X A&, 2K, &2 HH 5= LS text response R= ‘8 -d et

Few-shot Inference Textual Prompt Generator Human: According to IAD expert
e

£ <. and image [SUNSEEEEAIISS . i

Qformer ]_,arg& Language

Model
: Answer:
E Yes, There exist anomalies
xW -

Visual Prompt Generator

Vision —
Expert

Pre-trained
Query inkens
LaRRA
= in the image. There is ane
T v defect at the lower right of
v the image. It is the broke
Input Image . . VE-G“lded] H \::rr'fl'::ll'al:.rj.f 5] :f'.u.'r:'r';"lm .
Vision En ’ *eassssmmmsssssamEEsnns ¢'.
ﬂ B TUdED VDS
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Method

 Vision Expert-Guided Vision Encoder

- S H: AR O|O[X| |28 H TADO]| ot visual feature t, = € 7| 2E

-

= Visual Prompt Generator
-4 = Go(VED; 66) (1)

3:Gg: Q-formerE ¢/ ¢t Visual Prompt Generator

= VE: Vision Expert
—> VE(I): Anomaly map

'+ I: Input Image
22 0 o Parameters
:': o Expert query tokens

- Anomaly map= & & 2O}, expert query token g, = ‘4 /d&t

Lm‘“‘_J

------------

G
r’ g q ; Qformer
VE() _Ammaly mapt| grreimsmessstessesesnas, e

»
= Visual Prompt Generator Ha .
= " tol .
o = Al -
- - _.’l
- .
- L =
- [ - : E
____________ e Yssssssssssssssssssssssn’ e
LoRRA

B
N ViT -©
Input Image VE-Guided
Vision Encoder
R 447 CH 8k
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Method

 Vision Expert-Guided Vision Encoder

= Vision Transformer (ViT) + Low-Rank Residual Adapter (LoRRA)
~Ve = v + A(v)) (2)
;= vp: pre-trained El ViTE &5l Input Image I 2§ E Z 9t visual feature
'+ A(+): LoORRA module
;' v,: X|E visual feature
- Input ImageE ViT2| Y HL2 Z AFESI, vision feature v, & T

- Z=Z =l vision feature v; & LoRRA A0 S1FA|71, IAD taskOl StAH 2=l residual & Gl H G| =
A2t Boio = Hetet

- MyriadOf| A |2t El LoRRA module 271 2| Convolution Layer= T3 &

s XM Layer= visual feature S 4XHR S 2 =St 2HRY Layer residual connections= & Sff
JIEXNEHCE E|EE|EE 2 E

40 il
... Qformer

; Anomaly map ks
v Visual Prompt Generator —
tol
Vision ‘
Expert .
: el N
QOEOONH00NO00N0000000000, G
H LoRRA . S
a L SR B N
H : .

— VE-Guided

t

Input Image

§~ = i .................. Vision Encoder
g B THEED A(I) > v, | VDS I
Uy Uy LaB
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Method

 Vision Expert-Guided Vision Encoder

= Q-former
= fp = Q(do, qe; Ve) 3)
32 @Q: Q-former

't qo: Q-former2| pre-trained =l query token

7

'+ f: visual expert2| AFE X| A4S BHH S Z[F visual feature

- Q-former2| pre-trained El query token gyt ‘3 =l Expert query token g, = visual feature v, 2F 7|

Cross-Attnetiong &0l & 22&5}0, Z|F visual feature f, & ‘4-J e

-----------------

4SO iy *

*
H Qformer H
Anomaly map de - pp—
Visual Prompt Generator RESSANAL, .
= Expes - .
H okens o] -
Pannmnnust .
; grEmEEEEy >
e L
. - ‘B
: : . > fp

Input Image : . VE-Guided
. S Vision Encoder
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Method

 Vision Expert-Guided Vision Encoder

= Projection

= MLP(f,) 4)

;= MLP: MiniGPT-4 LH Q| pre-trained =l Projection Layer
s+ f: visual expert2| AP X| 40| HFH E visual feature

te 5 XS YT B EF visual feature

s t,: LLMO| O[3 74579 2
SH, IAD taskO| Hgtst,

- A2 #9 f, = Projection Layer MLPE & A0 LLMO] O[3l 7}t visual
|

feature t, = H2tE
- Myriad= 1= & 2| anomaly map= Vision ExpertE—,— 2 Bt TIPNES Il 2 kel el J0
28O 2N, 7|E IAD R EC} I 243t visual feature ==0| 7t

i ianll

Anomaly map

Visual Prompt Generator

LoRRA E E
4 ' '
Input Image VE-Guided
Vision Encoder
R HAE U | VDS I
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Method

* Prompt Generator

- Textual Prompt Generator
- = H:LLMO| @{X| YE} €2 F/HHA A GEE S8 = UAF ¢
- Anomaly map= 7|22 £ TAD vision expert2| AFHM X| A2 2=0 prompt t, & S
= Prompt Generator (Textual & Visual)
-p. = G.(M; 6g,) (5)
;' G,: Prompt Generator (Gr 2= Gy)
;= M: Vision Expert2| output@! Input Image 12| Anomaly map, M € RF>*W

:'+ O, : Parameters

2Dt Pum BT po OB, 2424 LLMXf Q-formerd| & = E|+= prompt
Few-shot Inference g Textual Prompt Generator E J—> te

R B THED
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Method

e Prompt Generator

= Prompt Generator (Textual & Visual)

- MyriadO| M= LLM2} Q-former®i| 2+ Zt promptE XS St7| ?I5H, 271 2] Prompt Generator G2t G, &
ArEg

- Prompt Generator= 3x3 kernel2| Convolution Layer + ReLU 283} &%= + Max-Pooling = T3 &

0|t A BHQ 28 S9f, 88 2H2 anomaly map M= LLM E = Q-former2| & Xt 0
Ot = = U= prompt p*i ﬁ%@

- p, € RPvEXDin (6)
:'s Dyg: expert prompt2| 7 =
vAZ A LLMZ ®I8t Dyg= 9, Q-former= I8 D= 492 &
3t D o target module Ol LLM E+= Q-former2| &3 X}
vAHOIM Dy, .= 768K AL 2 4783

0z
oot

MAX-POOLING
.; sl L m 1|5 o7
54 | 84 [128| o a 5 1 " 1 3 4 2 5 8
o |80 |57 |115]| 69 |134| 0 ReLU 3 2 1 4 i 6 ‘
0 | 104|126 [123| 95 [130 | O maX(O’ a‘:)
o|lo|lo|o]|o]|o]o K- o 5 7 6 2

SOGANG UNIVERSITY 20
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Method

* Learning Objective
- 1THA|: Pre-training
- VE-guided Vision Encoder Text Prompt Generator2| weightE 7} 2 X 2 2 pre-training
= Lee = — Y= Yilog(LLM (t;,t.)) (1)
s Yy target text sequencesQ| GT
ety AEXC| & = prompt
it t, EE L,
2 Leo: Language B & Sh5 Al PHIH © 2 AL k[ = Cross-Entropy Loss
- 2EHA|: Fine-tuning
- 1EHAI0 A =t5 El 270 2] module2| weightE = 2{ 2, fine-tuning
- Myriad= Vision Expert2| CtL|E S A|Zf F & # Tt OfL| 2}, Expert/} ‘4 St anomaly map i A
CHEet I EE H=RHo2 28 7ts®
~Lee = — Xi=1Vilog(LLM(t;, t, o)) (8)

‘ — = 0 SkEAS
2 2= parameters& S22 S5

« 5, AFEAL & + visual feature + expert prompt 37HX| §EE SN, LLMO| 2T SH RS
RPN eI

g B THSED | VDS I
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Experiments

e Dataset

« MVTec-AD
-3,62970 9] train set, 1,72571 2] test setS ZE et
- 571 2] textual sub-dataset2t 1071 2| object sub-dataset2 2 /3 &
-1AD 2O0F0| A T E X Q! dataset 2 E ALE &

= VisA
-9,62171 2| normal sampleZt 1,20071 2| anomalous sample & E2tSHH, 1271 2| objectZ -8 &
A

-ChS AN, SEe o8, B n Y H2 59| 0|y #E0|2ts 5822 2o, MVTec-ADE Lt 2K
X

Macaronis1 Macaronis2

g ABTNE-D <MVTec >
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Experiments

 Evaluation Settings

- One-class setting

-Normal O|B|X|2tS AESH0] St 5 0hE SA 22, Zf objectO EHOH normal sample2H= 2

St =
~ Abnormal sample train THA| 0| M NS = =5(X| U=

= Zero-shot setting

- Test THA 0| Al S & SH= object?| train THA| O A= H5] SESHX| E2 ME2 class Y

-5, A2 ST objectOf| CHSH pre-training & 810[, abnormal= Ef K|S OF &t
- Few-shot setting
- N-shot &7d 2 2, Z} objectOl| CHSH normal O| O] X| N&EFO| reference = XS &l

- 0| & &9ff, &2 M=l reference B E TS 7|2 E abnormal 0| £ & THEH

g AW THEE D N
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Experiments

» Evaluation Metrics
» IJAUROC & P-AUROC

- Anomaly detection = Image-level
- Anomaly localization = Pixel-level
- Vision ExpertZ} 4 ‘4t anomaly map= 7| =2 2 B7t&
- Mean Accuracy
- LLMO| ‘445t text response = 7| BF2 2 abnormal {E & X H =X & = QIot7| &
-olf, "HEP o 2 EEte 7| F Q threshold= normal sample & max scores 7|22 2 2t
- R H O 2 = k-fold validation (k=3) 2 S At ¢
* Implementation Details
- MiniGPT-4& 7| & LLM2 £ A5} 37t X| A7 (one-class, zero-shot, few-shot) 0| A{ test 2
- O|If, 2t 2780OIE 2+ 5= A4 2 E40| Hglet M=z CHE VESE A ET
- One-class: Image Decoder, ImageBind Backbone, AnomalyGPT2| VEE A2 g
- Zero-shot: ApriGAN= baseline2 2 A ™HSIH, MuScE F7I2 =gt

- Few-shot: PatchCoreE 7|82 £ ImageBind Backbone= &%

_—

R AT THSED VDS
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Experiments

* Training Strategy
- 1 EFA: Pre-training
-2 32,000 step
- Batch size 16

- A2 normal O|O]X|, HHF-2 simulated abnormal O| 0| X| & A&

- AdamW optimizer, weight decay: 0.05
- 2EHA|: Fine-tuning
-3 16,000 step
- Batch size 16
- & Y%t normal / abnormal O|O|X| H| &2 A&
- Learning rate: 1 X 1071, weight decay: 0.01
- D E 352 4719 NVIDIA A100 GPUO| A =

g AW THEE D N
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Experiments

* Quantitative Results

» One-class IAD
- PatchCore CH{H| 94.2% 2 5.0%
- SimpleNet CHH| 94.2% 2 1.2%

EAL

ot

(o]
AL

oo 0

- AnomalyGPT2} & &8 anomaly map= AFE U S M= 94.2% = 0.9% &F
BCHE 940 BHES

- Myriad= MVTec-ADO| A 7| & SOTA &
= Zero-shot IAD

m|n

- Zero-shot Vision ExpertE 285 H, Myriad zero-shot O| & EIX|7| 2= &F 75

- MuSc AFE Al
- MVTec-ADO| M 86.8%, VisAO| A 78 7% 2 H =2 85 H4
- ApriGAN AHE Al
: MVTec-ADO||A| 72.2%2 2.9% 24t
o VisAOHH 63.2%2 1.4% B4t

At
o

E e~
=g

(=13
=

Method Image-AUC  Pixel- AUC ~ Accuracy MVTec-AD VisA

. — — Setup Method

95.3 974 76.5 Image-AUC  Pixel-AUC Accuracy  Image-AUC  Pixel-AUC Accuracy

99.0 98.1 89.2 MaS 978 71 926 Y

99.6 98.1 03.0 Mube 97 0.1) a7 [ 92.6 0.2 98.7 (+ 0.2

016 010 893 ot Myriad (MuSc) 978 (o 971 (son 868 (ro1) 926 (102 973 (io02 T8I sz

AnomalyGPT 97.4 93.1 93.3 AprilGAN 862 (105 8T6 (L0 60.3 (1o TR0 (o 942 com 618

Myriad (ours) 97.4 93.1 94.2 Myriad (AprilGAN) 862 (05 876 (0 T2.2 (t02) T80 (0 04.2 (103 63.2 (£ 02)

< One-class IAD Z1} >

R 41 TH8E D
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Experiments

Quantitative Results

» Few-shot IAD

. [ . o= -
- Myriad= AnomlayGPT2| &2 # 2| [[t2}, ImageBind BackboneE 289
et MZ 742 cosine similarity = anomaly scoreg A4St HAI S ALE
. - -
- Myriad + AnomalyGPT7} 7} =2 one-shot &= & 'é“é' ot
:': MVTec-ADO|| M 88.0% &= E-d
VisAO|A] 87.4% d& B
Setup Method MVTec-AD VisA
Tmage-AUC  Pixel- AUC Accuracy Image-AUC  Pixel-AUC Accuracy
SPADE 81.0 (+ 2.0) 91.2 (+ 0.4) 79.5 (& 4.0) 95.6 (+ 0.4)
PaDiM 75.5 (+ 1.0) 90.0 (+ 0.4y 574 (+1.6) 59.6 (+ 1.8) 91.3 (+ 03) 45.0 (+ 0.6)
PatchCore 84.2 (+ 1.2) 924 (+0.5) 65.0 (+ 1.8) 76.8 (+ 1.6) 93.5 (+ 0.6) 60.0 (+ 1.0)
Lshot WinCLIP 93.1 (+ 2.0) 95.2 (+ 0.5) 83.8 (+40)  96.4 (+ 0.9) -
AprilGAN 92.0 (+0.3) 95.1 (+ 01) 75.6 (+01)  91.2 (+0s8)  96.0 (+ 0.0) T0.0 (+ 02
AnomalyGPT 94.1 (+ 11) 95.3 (+o01) 86.1(+11) 874 (+o0s8) 962 (+o01 T74 (+ 1.0
Myriad (AprilGAN) 92.0 (+0.3) 95.1 (£ 0.1) T6.5 (+0.3) 91.2 (£ 0.8) 96.0 (+ 0.0) T2.7 (+0.1)
Myriad (AnomalyGPT) 94.1 (+ 1.1) 95.3 (+ 0.1) 87.4 (+09) 874 (+o08) 96201 80.0 (+0.4)
SPADE 82.9 (+ 2.6) 92.0 (+ 0.3) 80.7 (+5.0) 96.2 (+ 0.4) -
PaDiM 78.2 (+0.6) 92.1 (+0.4) 56.9 (+0.8) 65.5 (+1.3) 93.2 (+ 0.1) 46.4 (+0.7)
PatchCore 87.1 (+08) 94.1 (£ 0.2) 68.4 (+2.3) 804 (+0.7) 95.0 (+ 0.2) 61.8 (+ 1.2)
2 shot WinCLIP 94.4 (+ 13 96.0 (+ 0.3) 84.6 (+24) 96.8 (+ 0.3) -
AprilGAN 92.4 (+ 0.3) 95.5 (+ 0.0) 76.0 (+0.2) 92.2 (+ 0.3) 96.2 (+ 0.0) TLS (+0.1)
AnomalyGPT 95.5 (+ 0.8)  95.6 (+ 0.2y 84.8 (+ 0.8) 88.6 (+07) 964 (+0.1) T7.5 (+0.3)
Myriad (AprilGAN) 92.4 (+0.3) 95.5 (+ 0 7.1 (+02) 92.2 (+0.3) 96.2 (+ 0.0) 75.3 (+0.4)
Myriad (AnomalyGPT) 95.5 (+ 08) 95.6 (+ 02 86.2 (+ 0.7) 88.6 (+o07) 964 (+01) 823 (+o0.5)
SPADE 84.8 (+ 2.5 92.7 (£ 0.3) 81.7 (£34) 96.6 (+ 0.3)
PaDiM 80.9 (+ 0.9) 94.0 (+0.2) 57.9 (+ 1.9 69.6 (+ 1.5) 94.4 (+ 0.1) 480 (+ 1.4)
PatchCore 89.5 (+ 1.3) 94.9 (+0.2) 72.5 (+ 1.8) 82.2 (+0.8) 96.0 (+ 0.1) 63.1 (+ 0.4)
Lshot WinCLIP 95.2 (+ 1.3) 96.2 (+ 0.3) 873 (+1.8 9T.2 (+ 0.2) -
AprilGAN 92.8 (02  95.9 (£ 00) TT.2 (£01) 926 (£o04) 962 (x00) TL6 (+o01)
AnomalyGPT 96.3 (+ 0.3) 96.2 (+01) 85.0(+03  90.6 (+07) 96.7 (+01) T7.T (+0.4)
Myriad (AprilGAN) 92.8 (+0.2) 95.9 (+ 0.0) T7.8 (+02) 92.6 (+0.4) 96.2 (+ 0.0) T6.5 (+0.2)
Myriad (AnomalyGPT) 96.3 (+ 0.3) 96.2 (+0.1) 86.0 ( 90.6 (+ 07)  96.7 (+01) 83.5 (+03)
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Experiments

 Qualitative Examples
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The image shows a pcb with some components on |
a black background. Find out if there are defects in|

this image. If yes, describe the defects.

Yes, there exist anomalies in the image. The
components on the PCB appear to be misaligned,
and there are gaps between some of the
components. Additionally, there are some dark
spots on the PCB, which could indicate a lack of
continuity or a defect in the PCB material.

In summary, no physical defects are immediately
apparent from the image provided, but this does
not guarantee the PCB is free of defects without
further electrical testing.

Yes, there are visible defects in the image.
The top of the image shows a small amount
of the top left of the image is transparent.

The image shows a small printed circuit board
(PCB)...
There are no defects visible in the image....

SOGANG UNIVERSITY
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Yes, there exists anomalies in the image. The pins
on the PCB appear to be misaligned and some of
them are touching the edge of the PCB, while others
are not making contact. Additionally, there are some
gaps between the pins and the PCB, and some of the
pins appear to be bent or deformed.

I*m unable to provide real-time analysis of images
for defects such as quality control for physical
objects like PCBs...

Yes, there are defects in the image. The left and
center of the image are transparent, and the right
and bottom of the image are cut off.

The image shows a PCB on a green background.
There are no visible defects in this image. The
PCB appears to be well manufactured and has no
visible signs of damage or wear and tear.

" The image shows a pcb on a green background.
Find out if there are defects in this image. If
| yes, describe the defects.
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Conclusions
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