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Introduction

* Problem formulation

» Intra-class normal variation
- &Y class LHO| M = & (normal) &FE}f 7F CFASHA| LIEFE

- Few-shot ADO| Al = train set2| normal D} test set2| normalO| E 2t & N5IE S

-

= Inter-class normal variation
- ME CHE class 2H0l| = 34 2 Ef7F CEEA| LIEFS

- M2 CHE class 2| patchE H| W& I normal 1t anomaly S &

Existing prototype-based method |

Few-shot Train Test Multi-class Train Test

NN EEEEE B BN Bl
H ., B DN Fash

+~ HE NH HEN LA L‘
—>Il H B Il )
H B III

| e

____________ . — : ’ i

' Intra-class § : g Inter-class ; :
._normal variation :  (a)i ._normal-abnormal confusion | (b)!

(ONormal token /\ Abnormal token < Pre-stored prototype <> Intrinsic normal prototype _L_, Obtain pre-stored prototypes . Dynamically extract INPs

' (2): LSt hazelnur S| 20| M E traind} test ZF normal patch2| S40] EabdH = g
" (b): hazelnut =2 22| normal patch”| cable 22| 22| anomaly patchlt 22 = U=

R AW THEE D VDS

SOGANG UNIVERSITY 3 LAB



1) Luo, Wei, et al. "Exploring intrinsic normal prototypes within a single image for universal anomaly detection." Proceedings of the Computer Vision and Pattern Recognition Conference. 2025.

Introduction

* Problem formulation

= Intrinsic Normal Prototype (INP)
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Method

* Qverall architecture
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Method

* Overall architecture
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Method
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Method

 INP Extractor
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Method
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Experiment

* Implementation details
LS M E
- GPU: RTX 4090 174
- Resize: 448 x 448
- Learning rate: 1e-4
- Epochs: 200
- Scheduler: StableAdamW
» Universal anomaly detection
LA
- Single-class anomaly detection
- Multi-class anomaly detection
- Few/zero-shot anomaly detection

- Super-multi-class anomaly detection
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Experiment
 Single-class AD

Table 4. Single class anomaly detection performance on different AD datasets. The best in bold, the second-highest is underlined.

Dataset — | MVTec-AD [2] \ VisA [51] | Real-IAD [41]
Method | | IFAUROC P-AP  AUPRO | IFAUROC P-AP  AUPRO | I-AUROC P-AP  AUPRO
PatchCore [38] | 99.1 56.1 935 95.1 40.1 912 89.4 - 91.5
RD4AD [10] 98.5 580 939 960 277 709 87.1 - 93.8
SimpleNet [30] | 996 548  90.0 96.8 363 887 88.5 - 84.6
Dinomaly [17] | 997 689 950 989 507 951 920 452  95.1
INP-Former | 997 702 954 | 985 492 938 | 921 481 956

* Multi-class AD

Table 2. Multi-class anomaly detection performance on different AD datasets. The best in bold, the second-highest is underlined.

Dataset — | MVTec-AD [2] | VisA [51] \ Real-IAD [41]
Metric — ’ Image-level(I-AUROC/I-AP/I-F1_max) Pixel-level(P-AUROC/P-AP/P-F1_max/AUPRO)
Method | ‘ Image-level Pixel-level | Image-level Pixel-level ‘ Image-level Pixel-level

RD4AD [10] 94.6/96.5/95.2  96.1/48.6/53.8/91.1 | 92.4/92.4/89.6  98.1/38.0/42.6/91.8 | 82.4/79.0/73.9  97.3/25.0/32.7/89.6

UniAD [46] 96.5/98.8/96.2  96.8/43.4/49.5/90.7 | 88.8/90.8/85.8  98.3/33.7/39.0/85.5 | 83.0/80.9/74.3 97.3/21.1/29.2/86.7

SimpleNet [30] | 95.3/98.4/95.8 96.9/45.9/49.7/86.5 | 87.2/87.0/81.8 96.8/34.7/37.8/81.4 | 57.2/53.4/61.5  75.7/2.8/6.5/39.0

DeSTSeg [47] | 89.2/95.5/91.6  93.1/54.3/50.9/64.8 | 88.9/89.0/85.2  96.1/39.6/43.4/67.4 | 82.3/79.2/73.2 94.6/37.9/41.7/40.6

DiAD [19] 97.2/99.0/96.5  96.8/52.6/55.5/90.7 | 86.8/88.3/85.1 96.0/26.1/33.0/75.2 | 75.6/66.4/69.9  88.0/2.9/7.1/58.1

MambaAD [18] | 98.6/99.6/97.8 97.7/56.3/59.2/93.1 | 94.3/94.5/89.4  98.5/39.4/44.0/91.0 | 86.3/84.6/77.0  98.5/33.0/38.7/90.5

Dinomaly [17] | 99.6/99.8/99.0  98.4/69.3/69.2/94.8 | 98.7/98.9/96.2  98.7/53.2/55.7/94.5 | 89.3/86.8/80.2  98.8/42.8/47.1/93.9

INP-Former ’99.7/99.9/99.2 98.5/71.0/69.7/94.9 | 98.9/99.0/96.6 98.9/51.2/54.7/94.4 | 90.5/88.1/81.5 99.0/47.5/50.3/95.0
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Experiment

 Few/Zero-shot AD
- T O|O| X[ 0| A HA& I EHZ

- Test O| O] X|Of| A| INPsE

- Ol 4 HE0f few-shot

Table 3. Few-shot (4-shot) anomaly detection performance on different AD datasets. The best in bold, the second-highest is underlined.
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T indicates the results we reproduced using publicly available code.
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2! zero-shot 88 BEOM &8 T

SO defect

= o X
EHE

Dataset —

MVTec-AD [2]

VisA [51

Real-IAD [41

Method |

Image-level

Pixel-level

Image-level

Pixel-level

Image-level

Pixel-level

SPADE [7]
PaDiM [9]
PatchCore [38]
WinCLIP [24]
PromptAD [28]

84.8/92.5/91.5
80.4/90.5/90.2
88.8/94.5/92.6
95.2/97.3/94.7
96.6/-/-

92.7/-/46.2/87.0
92.6/-/46.1/81.3
94.3/-/55.0/84.3
96.2/-/59.5/89.0
96.5/-/-/90.5

81.7/83.4/82.1
72.8/75.6/78.0
85.3/87.5/84.3
87.3/88.8/84.2
89.1/-/-

96.6/-/43.6/87.3
93.2/-/24.6/72.6
96.8/-/43.9/84.9
97.2/-/47.0/87.6
97.4/-/-/86.2

50.81/45.8%/61.21
60.3%/53.51/64.0t
66.07/62.21/65.2F
73.07/61.87/61.01
59.71/43.5%/52.91

59.5%/0.21/0.5t119.21

90.91/2.11/5.11/67.61
92.91/9.8%/16.17/68.61
93.81/13.31/21.01/76.41

86.97/8.71/16.11/61.91

INP-Former \ 97.6/98.6/97.0

97.0/65.9/65.6/92.9 | 96.4/96.0/93.0

97.7/49.3/54.3/93.1

76.7/72.3/71.7

97.3/32.2/36.7/89.0

Table S8. Zero-shot anomaly detection performance on different AD datasets. The best in bold.

Dataset — | MVTec-AD [2] | VisA [51]
Metric — | Image-level(I-AUROC/I-AP/I-F1 _max) Pixel-level(P-AUROC/P-AP/P-F1_max/AUPRO)
Method | | Image-level Pixel-level ‘ Image-level Pixel-level
WinCLIP [24] | 91.8/96.5/92.9 85.1/-/131.7/64.6 78.1/81.2/79.0 79.6/-/14.8/56.8
INP-Former | 80.8/90.7/89.1 88.0/36.1/39.5/76.9 | 67.5/71.6/75.0 88.7/7.8/11.8/67.2
ﬂ 447 CH 8k
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Experiment

* Super-multi-class AD
-37HX| HIO|H A= Sedlf ot 8 BotE T
=)
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- INP extractorl| 27144 =40l
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Table S5. Super-multi-class anomaly detection performance on different AD datasets. A represents the performance change of INP-

Former in the super-multi-class setting relative to the multi-class setting.

Dataset — | MVTec-AD [2] VisA [51] | Real-IAD [41]
Metric — | Image-level(I-AUROC/I-AP/I-F1_max) Pixel-level(P-AUROC/P-AP/P-F1_max/AUPRO)
Setting | | Image-level Pixel-level ‘ Image-level Pixel-level | Image-level Pixel-level
90.5/88.1/81.5  99.0/47.5/50.3/95.0

99.7/99.9/99.2  98.5/71.0/69.7/94.9 | 98.9/99.0/96.6 98.9/51.2/54.7/94.4

Multi-Class
07.3/97.8/94.1 98.4/51.4/54.7/92.4 | 89.8/87.4/80.5 98.9/45.2/48.6/94.4

Super-Multi-Class | 99.5/99.8/98.9  98.1/69.2/68.1/94.2
A | 020/0.11/03) 04118116107} | 16112125, 0.51/021/0.0/2.01 | 0.70/0.74/1.0 0.11/231/1.71/0.6]
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Experiment

* Qualitative results
- M orot el Oy BX| d5= FIdH2 2 =0I5t7| 2lofl, Ml 7tX| Bl O] & A(MVTec-AD,
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SRR
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ESAlZS =0

MVTec-AD VisA Real-IAD

bottle  cable hazelnut metal nut bottle cap

capsules chewinggum macaronil pipe fryum

Figure 3. Qualitative results of anomaly localization on the MVTec-AD [2], VisA [51], and Real-IAD [41] datasets for multi-class
anomaly detection. The first row presents the input images with their ground truth, while the second row displays the corresponding

anomaly maps.
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Experiment

* Ablation
A

- Intrinsic normal prototype &1
Alztst
:« 6711 2| attention map =5 defectl}=
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P

(a) (b) (c) (d) (e) () (9)

Figure 7. Visualizations of INPs. (a) Input anomalous image and
ground truth. (b)-(g) Attention maps of six different INPs.
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Figure 6. Influence of the number of INPs A/ on model perfor-
mance across the MVTec-AD [2] and VisA [51] datasets. Pixel-
level AP and F1_max use the right vertical axis, while the other

metrics share the left vertical axis.
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Limitation
» Logical anomaly detection

= Defect type: misplaced
~CableX] & misplaced & & O| background distributiond} CtEH AE 7t5
- '<'5|'7(| Ot Transistor X & misplaced & < 0| background?t FAISIH AZE O F

< INP extractor”/} anomaly & %2 INPsE =0}, INP-guided decoder®| A O| & S & StH7| I 20
background9|' FAFSHIfE 2 L E2517| 0=

A successful case of
logical anomaly detection

Cable

A failed case of
logical anomaly detectlon

Transistor

Figure S2. Limitation of proposed method in detecting logi-
cal anomalies similar to the background. From left to right:
Normal Image, Input Anomaly, Ground Truth, Distance Map, and
Predicted Anomaly Map. VDS
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1) Sadikaj, Y1, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and
Segmentation in Zero-Shot Learning
[ICCV’25]
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Background

» CLIP-based Anomaly Detection

- Training phase
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Introduction

* Problem formulation

- Defect type estimation2| &2 d
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Introduction

* Problem formulation
- 0| ™ A=29] E.%' T 2N
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Method

 Overall architecture
- MNHE2Z CcLIp 7|8 Anomaly Detection 22 . X E [} =

- Few-shot 3! Zero-shot ADS E 5 P = Q=& inference THA 24
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1
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1) Sadikaj, Y1, et al. "MultiADS: Defect-aware Supervision for Multi-type Anomaly Detection and Segmentation in Zero-Shot Learning." arXiv preprint arXiv:2504.06740 (2025).

- Step 1. Text prompt T3
- HIOJE{ M0 M -l 7t ot
FE2 A0 E 2

- Z- At Q5 0f CisH of 2| HERO| text

promptS &4

F

|
HEZ

oot
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=
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- Training setd} test set2| prompt
Nz che A 4%

Text 3%

£Dice

-
|
|

Encoder

A photo of perfect [cls].

I
‘\A photo of [cls] without defect

£Focal

Image
Encoder

Adapter
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Defect Type | Defect-Aware Text Prompts || Defect Type | Defect-Aware Text Prompts
“[cls] has a bent defect™ “[cls] with a breakage defect”
“flawed [cls] with a bent lead” “broken [cls]"
“abend found in [cls]” “[cls] with broken defect”
Bent “[cls] has a slight curve defect” Broken “[cls] shows breakage™
“[cls] with noticeable bending” “broken or cracked areas on [cls[”
“a bent wire on [cls]” “visible breakage on [cls/*
“[cls] with bubbles defect™ “[cls] with a burnt defect™
“bubbles seen on [cls[” “[cls] shows burn marks™
Bubble “[cls] with bubble marks™ s “burnt areas on [cls]”
“air bubbles in [cls]” “[cls] with signs of burning”
“[cls] contains bubble defects™ “scorch marks on [cls[”
“small bubbles on [cls/ surface™ “[cls] appears slightly burnt*
“[cls] with chip defect” “[cls] with a crack defect™
“[cls] with fragment broken defect” “[cls] has a visible crack™
. “chipped areas on [cls]” “cracked areas on [cls["
Chip "[('Ix;"\):ilh chipped parts™ Crack “[cls] with surface cracking™
“broken fragments on [cls[” “fine cracks found on [cls]”
“chip marks found on [cls/* “[cls] shows crack lines™
“[cls] has a damaged defect™ “[cls] with extra thing™
“flawed [cls/ with damage” “[cls] has a defect with extra thing”
“[cls] shows signs of damage” . “extra material on [cls]”
Damage ! "d/umugc fo:nd on [cls] - Extra “[cls] contains uddilion[ul pieces”
“[cls] with visible wear and tear” “[cls] with extra component defect”
“[cls] with structural damage™ “unwanted additions on [cls[*
“[cls] has a hole defect™ “[cls] with melded defect™
“a hole on [cls]” “melded parts on [cls]”
“visible hole on [cls[” “[cls] has fused areas™
Hole “[cls] has small punctures™ Melded “fused spots on [cls[”
“[cls] shows perforations™ “melded areas on [cls[”
“hole present on [cls]* “[cls] with melded material*
“[cls] with melt defect”™ “[cls] with a missing defect”
“melted areas on [cls[” “flawed [cls] with something missing”
Melt . "'[flx/ shuw.'s melting” ) Missing ) -"[¢_'ls/ has missing parts” )
signs of melting on [cls/" ‘missing components on [cls/
“[cls] with melted spots™ “absent pieces in [cls[”
“[cls] has a melted appearance™ “[cls] is incomplete*™
“[cls] with particles defect” “[cls] has a scratch defect”
“[cls] has foreign particles™ “flawed [cls] with a scratch™
» “small particles on [cls[” coags “scratches visible on [cls]”
Kartical “[cls] with unwanted particles™ Seratch “[cls] has surface scratches™
“contaminants found on [cls/” “small scratches found on [cls[”
“[cls] with visible particles*™ “[cls] with scratch marks*
“[cls] with spot defect™ “[cls] with a stuck defect”
“spots visible on [cls[" “[cls] stuck together”
“flawed [cls/ with spots™ = “[cls] has stuck parts™
Spat “[cls] with visible spotting™ Stck “adhesive issue causing [cls] to stick™
“[cls] shows small spots™ “[cls] is partially stuck™
“surface spots on [cls[* “[cls] with adhesion defect*™
“[cls] with a weird wick defect™ “[cls] with defect that something on wrong place™
“[cls] has an unusual wick™ “[cls] has a misplaced defect”
Weird “the wick on [cls] appears odd™ Wrong “flawed [cls] with misplacing™
Wick “[cls] with a strangely shaped wick™ Place “misaligned part on [cls[”
“irregular wick found on [cls[” “[cls] shows parts out of place™
“odd wick defect on [cls]* “misplacement detected on /cls/*

< VisA dataset2| B
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. BFS TFA

- Step 2. Text/Image embedding
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Method

- Sh 2H

- Step 3. Aligning Image Patches and Text Prompts

- CLIP encoderE & Sl text embedding vector zt 2} image embedding z* elp EFE
ozt 2 A R Y E average pooling= M2l k, 7H 2| text embedding ‘8 &
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Method

- Sh 2H

- Step 4. Training objective

- CLIP encoderg & Sl text embedding vector zt 2} image embedding vector z*
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Method
- "7t
- Zero-shot AD
- Text embedding vector2} query image embedding vector 7t similarityS |+t anomaly map 4444
- anomaly map2| Z|SHZ} 1} B anomaly scoreE Z &6l Z|F anomaly scoreE AHE
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Experiment

* Implementation details
.21 M &
- CLIP: ViT-L-14-336 from OpenCLIP (LAION-400M E32)
- Learning rate: 1e-4
- Batch size: 8

- Features are selected from layers: 6, 12, 18, and 24.

* Anomaly detection
.43
- Few/zero-shot anomaly detection

- Super-multi-class anomaly detection

R A%l 3.',‘-‘1‘- VDS
S
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Experiment

» Few/zero-shot anomaly detection

- Few/Zero-shot ‘3 25 A D2 =0 H|
A, @48 452 =Y

-
S ds2 2= HO[HMOAM

S| Image-leve
o
|1 dss EY

Bt ]

Table 21. Few-shot anomaly detection and segmentation on the VisA Datasets. April-GAN baseline and our model are trained
on the MVTec-AD dataset. (- denotes the results for this metric are not reported in the original paper: bold represents the best

performer)
Settings k=1 k=2
VisA Pixel-Level Image-Level Pixel-Level Image-Level

Method Venue AUROC AUPRO | AUROC Fl-max AP | AUROC AUPRO | AUROC Fl-max AP
PaDiM ICPR21 89.9 643 62.8 753 68.3 92.0 70.1 674 75.7 71.6

CoOp ncv22 - - - - - - - 835 - -
PatchCore CVPR23 954 80.5 799 81.7 82.8 96.1 82.6 81.6 825 84.8
WinCLIP CVPR23 96.4 85.1 83.8 83.1 85.1 96.8 86.2 84.6 83.0 858
April-GAN CVPR23 96.0 90.0 91.2 86.9 933 96.2 90.1 922 87.7 942

PromptAD CVPR24 96.7 - 86.9 - - 97.1 - 88.3 - -

InCTRL CVPR24 - - - - - - - 87.7 - -

AnomalyGPT | AAAI24 96.2 - 87.4 - - 96.4 - 88.6 - -
MultiADS (ours) 97.1 92.7 919 88.3 93.1 97.2 93.1 933 89.5 939
MultiADS-F (ours) 96.6 91.7 92 88.1 93.9 96.7 919 928 88.5 944

Settings k=4 k=8
VisA Pixel-Level Image-Level Pixel-Level Image-Level

Method Venue AUROC AUPRO | AUROC Fl-max AP | AUROC AUPRO | AUROC Fl-max AP

PaDiM ICPR21 93.2 72.6 72.8 78.0 75.6 - - 78.1 - -

CoOp ucva2 - - 84.2% - - - - 84.8 - -

PatchCore CVPR23 96.8 849 853 843 87.5 - - 873 - -

WinCLIP CVPR23 97.2 87.6 87.3 842 88.8 - - 88.0 - -
April-GAN CVPR23 96.2 90.2 92.6 88.4 94.5 96.3 90.2 927 88.5 94.6

PromptAD CVPR24 974 - 89.1 - - - - - - -

InCTRL CVPR24 - - 90.2* - - - - 90.4 - -

AnomalyGPT | AAAI24 96.7 - 90.6 - - - - - - -
MultiADS (ours) 96.9 91.1 93.3 89.7 943 97.4 935 94.7 91.3 949
MultiADS-F (ours) 97.0 91.5 92.8 88.5 94.6 96.9 92.1 938 89.5 95.1

A e K-k
SOGANG UNIVERSITY 28

Table 4. Zero-shot anomaly detection and segmentation. (Bold
represents best performer; underline indicates second best per-

former, * means results are taken from papers)

ZSAD Pixel-Level Image-Level
Dataset Method Venue AUROC AUPRO | AUROC AP
CLIP* ICML21 46.6 14.8 66.4 71.5
CLIP-AC* ICML21 47.8 17.3 65.0 70.1
CoOp* ucv22 24.2 38 62.8 68.1
CoCoOp* CVPR22 93.6 - 78.1 -
VisA WinCLIP CVPR23 79.6 56.8 78.1 81.2
April-GAN CVPR23 094.2 86.8 78.0 81.4
AnomalyCLIP | CVPR24 95.5 87.0 82.1 85.4
AdaCLIP ECCV24 95 - 754 79.3
MultiADS (ours) 95 89.7 83.6 86.9
MultiADS-F (ours) 94.5 87.4 82.5  86.5
CLIP* ICML21 62.1 33.0 54.3 654
CLIP-AC* ICML21 58.7 29.1 56.2 66.0
CoOp* ncv22 154 23 55.1 64.2
CoCoOp* CVPR22 95.2 - 61 -
MPDD WinCLIP CVPR23 76.4 48.9 63.6 69.9
April-GAN CVPR23 94.1 83.2 73.0 80.2
AnomalyCLIP | CVPR24 96.5 88.7 77.0 82.0
AdaCLIP ECCV24 96.3 66.3 5
MultiADS (ours) 95.8 89.7 78.3 78.4
MultiADS-F (ours) 96.3 89.5 79.7 80.5
WinCLIP CVPR23 77.6 55.8 54.3 90.2
April-GAN CVPR23 80.4 61.5 56 91
MAD-sim AnomalyCLIP | CVPR24 77.9 40.1 54.6 90.9
AdaCLIP ECCV24 85.7 - 55.2 90.5
MultiADS (ours)
MultiADS-F (ours) 88.0 742 571 944
WinCLIP CVPR23 60.5 26.9 64.1 87.6
April-GAN CVPR23 88.2 69.5 62.9 87.7
AnomalyCLIP | CVPR24 88.3 65.1 66.8 90
MAD-real | "=, qacLIP | ECOV24 | 857 - 50 865
MulttADS (ours) 89.7 74.0 78.3 92,9
MultiADS-F (ours) 90.7 75.2 78.5 929
WinCLIP CVPR23 87.1 59.9 75 723
April-GAN CVPR23 96 86.8 75.7 73.5
Real-TAD AnomalyCLIP | CVPR24 96.2 85.7 784 76.7
AdaCLIP ECCV24 95.3 - 70.1 68.5
MultiADS (ours) 96.6 87.1 78.7 79.1
MultiADS-F (ours) 96.3 87.2 78.2 78.5

VDS
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Experiment
» Ablation

- Knowledge Base for Anomalies(KBA) &S & &

o
-KBAE 7|2 2 4t promptl| 21HE ASot= 2SS Y

-KBAE AE¢t 8%, AFESHA| B2 BRELH d50| 2 (VisAK M 6.6%, MAD-sim0{| Al 1.0%
%k)él-)
- Seen/Unseen defect type & d& =4
-otS A0 M BHE =l gt 3 (scratch, hole &)= &4 =&
_SkA
|

TT O
CEA O A 2HEHE|X] 2 A %@(mismatch stuck %)8 Aoz H2 H=E HY
L
=

~ 2Lt 8H GlO|E o ZRYBHK| &

= LS

96.72 36.06 8.33
96.67 26.99 20.26

v/ Missing | 8652 256  3.08 - Flattening
/  Stains | 98.19 1502 992 v Scrach

24>

<KBA H& O{£0f [E 45 Hlud >

olr

<Seen/Unseen 22 SH N2 M

i (a) VisA (b) Real-IAD
: : i Defects | ROC  Fl1-Score AP Defects | ROC Fl-Score AP
Table 3. Ablation studies on the role of KBA for MTAS | clects | ROC_FlScoe AP Defects | ROC FiScor AP
! Stuck | 91.54 1051  7.76 v/ Contamin. | 90.03 612 186
'/ Bent |9653 607 774 v Scrach | 9263 437 296
MVTec — VisA MVTec — MAD-sim ' v Hole |9955 1264 25.19 v Damage | 9661 631 975

KBA | AUROC Fl-score AP | AUROC Fl-score AP i (c) MAD-sim (d) MPDD

) 87.0 22.1 23.6 LI 25.1 26.5 | Defects | ROC  Fl-Score AP Defects | ROC Fl-Score AP
v 93.6 223 248 92.1 279 31.5 i Bums | 9356 113 1.67 ~ Mismatch | 8844 256 1.04
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Experiment

» Ablation
- TH O[O X| L multi-defect type A= Al 2=}

- StLto| O|O| X Qtof| EXfi5t= ME CHE Y2l 2252 SA0| 4= 7ts2 s 482z 2l

- Hlu 2ROl H Y s H|

- April-GAN & 7| & H& o] A| 21 A1HE H| W

- M otEl o] St H 0|1 O Mg At H AE5t= ’8%% Ho=
L
e

- Anomalous region 0|
acte 212 onjg

Image April-GAN Ours Image April-GAN Ours

Hole

(a) Broken and Hole defects. (b) Melded and Spot defects.

Scratch
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