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(d) Scaling Properties of Dinomaly on MVTec-AD. f: default setting.

Figure 1. Setting, benchmarking, and scaling of Dinomaly. (a) Task setting of class-separated UAD. (b) Task setting of MUAD. (c)
Comparison with previous SoTA methods on MVTec-AD [3], VisA [70], and Real-IAD [54]. (d) Scaling properties of Dinomaly.



MZIMB R

7] ;e

« MR 2KHLHEEA L
= ERRRIBAZILEET T,

(R

N OEAE

SHFEETEH “BZME

S EIREL Z T, ('

o [BFEIE | HTWZHEE IR, B EHIER{TEZ

Bl NFFIE, FEAMY
X1, RZ5|AFBERMER o

=fR: IAER MUAD B
BRI 3

T Y= 5

o MBFHLEM.
I BEUERY) 24K

1E4m4EE!

= EZHESS o

RESTREELE

—

X1, WRELTmEERN

(ISRIFE. BR0

FIIRITHRIS, RAERE

I=



Dinomaly 1% & & ZHEZL A

iZITHE: “VLREIRZE” , EREZXNIRIIES, TEHM
Transformer &R (Self-Attention 5 MLP) ¥4 IFEERKL o

e R EAIRIM: BSHLETIZGREEs (Encoder) « 7T #EZM

[E (Bottleneck) FEZ#ZIS2s (Decoder) o

o T{EM: FEMEZB IR ARURZIBINE, FIME RIS EHF
Nt




XX It b 7R N
Self-Supervised Pre-Trained Transformer ﬁ ' . _’é —»é

—-_g i : discard / MLP | f__,' MLP |
e | deeper / J ; |
= b layers / l / 1
- , ; /
: | ; LayerNorm | / LayerNorm |
T Tt == ' - :
T 3 - I ‘-_\ A
- i - a Fany
" J ) J ) J g >P >P
Input Image N Multi-Head ‘ Multi-Head
@ kY Attention Y Linear Attention |
layer group @ layer group AN A * A A ¥ A .
Noisy Vanilla Unfocused *
Loose Reconstruct. Loose Reconstruct. Bottleneck Attention Block ™. LayerNorm | Attention Block LayerNorm |
reconstruct. error MLP | j j

(test time)
+Dropout | if noisy

-

Linear

+Dropcut“ if noisy

PR ol sl a5l nl

Transformer Decoder

Linear

MLP +Dropout] if noisy

Figure 2. The framework of Dinomaly, built by simple and pure Transformer building blocks.
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Figure 2. The framework of Dinomaly, built by simple and pure Transformer building blocks.
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Figure 3. Softmax Attention vs. Linear Attention. (a) Visualization of attention maps. (b) Attention distribution.
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Table 1. Performance under multi-class UAD setting (%). 7: method designed for MUAD. Dinomaly?: training schedule is scaled up to
20,000, 20,000, and 100,000 iterations (original: 10,000/10,000/50,000).

Image-level Pixel-level
yyﬂ' Dateset Method
AUROC AP F'{ -max AUROC AP F'y -max AUPRO
RD4AD [10] 94.6 96.5 95.2 96.1 48.6 53.8 91.1
SimpleNet [34] 95.3 98.4 95.8 96.9 459 49.7 86.5
DeSTSeg [67] 89.2 95.5 91.6 93.1 54.3 509 64.8
UniAD [60]F 96.5 08.8 96.2 96.8 434 495 90.7
RXE MVTec-AD [3] ReContrast [14]7 98.3 99.4 97.6 97.1 60.2 61.5 93.2
DiAD [18]7 97.2 99.0 96.5 96.8 52.6 55.5 90.7
ViTAD [65]F 98.3 99.4 97.3 97.7 553 58.7 91.4
MambaAD [17]} 98.6 99.6 97.8 97.7 56.3 59.2 93.1
Dinomaly (Ours) 99.6 99.8 99.0 98.4 69.3 69.2 94.8
Dinomaly T 09.7 99.8 99.2 08.4 69.3 69.2 94.7
RD4AD [10] 92.4 924 89.6 98.1 38.0 42.6 91.8
SimpleNet [34] 87.2 87.0 81.8 96.8 34.7 37.8 81.4
DeSTSeg [67] 88.9 89.0 85.2 96.1 39.6 434 67.4
UniAD [60]F 88.8 90.8 85.8 98.3 33.7 39.0 85.5
VisA [70] ReContrast [14]7} 95.5 96.4 92.0 98.5 479 50.6 91.9
DIiAD [18]7 86.8 88.3 85.1 96.0 26.1 33.0 75.2
ViTAD [65]F 90.5 91.7 86.3 98.2 36.6 41.1 85.1
MambaAD [17]7} 94.3 94.5 89.4 98.5 394 44.0 91.0
Dinomaly (Ours) 98.7 98.9 96.2 98.7 53.2 55.7 94.5
Dinomaly T 98.9 99.0 96.4 98.8 53.8 55.8 94.5
RD4AD [10] 824 79.0 73.9 97.3 250 32.7 89.6
SimpleNet [34] 57.2 534 61.5 75.7 2.8 6.5 39.0
DeSTSeg [67] 82.3 79.2 73.2 94.6 379 41.7 40.6
UniAD [60]F 83.0 80.9 74.3 97.3 21.1 292 86.7
Real-IAD [54] ReContrast [14]7F 86.4 84.2 77.4 97.8 31.6 38.2 91.8
DiAD [18]7 75.6 66.4 69.9 88.0 29 7.1 58.1
ViTAD [65]F 82.7 80.2 73.7 97.2 243 323 84.8
MambaAD [17]} 86.3 84.6 77.0 98.5 33.0 38.7 90.5
Dinomaly (Ours) 89.3 86.8 80.2 98.8 42.8 47.1 93.9

DinomalyT 89.5 86.9 80.4 98.9 3.3 47.4 04.2
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Table 2. Performance under conventional class-separated UAD setting (%). n/a: not available.

MVTec-AD [3] VisA [70] Real-TAD [54]
Method
[-AUROC P-AUROC P-AUPRO I-AUROC P-AUROC P-AUPRO I-AUROC P-AUROC P-AUPRO
Dinomaly (MUAD) 99.6 98.4 94.8 98.7 98.7 94.5 89.3 98.8 93.9
Dinomaly 99.7 99.9 95.0 98.9 98.9 95.1 92.0 99.1 95.1
RD4AD [10] 98.5 97.8 93.9 96.0 90.1 70.9 87.1 n/a 93.8
PatchCore [45] 99.1 98.1 93.5 94.7 98.5 91.8 89.4 n/a 91.5
SimpleNet [34] 99.6 08.1 90.0 97.1 98.2 90.7 88.5 n/a 84.6

Table 4. Scaling of ViT model sizes on MVTec-AD (%). Im/s (Troughoutput, image per second) is measured on NVIDIA RTX3090 with
batch size=16. Results on VisA and Real-IAD are shown in Table A3. {:default.

Image-level Pixel-level
Arch. Params MACs Im/s
AUROC AP F1-max AUROC AP F1 -max AUPRO
ViT-Small 37.4M 26.3G 153.6 99.26 99.67 08.72 98.07 68.29 67.78 94.36
ViT-Base 148.0M 104.7G 58.1 99.60 99.78 99.04 98.35 69.29 69.17 94.79

ViT-Large 2753M  413.5G 24.2 99,77 99.92 99.45 98.54 70.53 70.04 95.09
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Table 3. Ablations of Dinomaly elements on MVTec-AD (%). NB: Noisy Bottleneck. LA: Linear Attention. LC: Loose Constraint (2
groups). LL: Loose Loss. As MVTec-AD has reached saturation, we also present the results on VisA (Table A4).

Image-level Pixel-level
NB LA LC LL
AUROC AP F'q -max AUROC AP F1 -max AUPRO

98.41 99.09 9741 97.18 62.96 63.82 92.95
v’ 99.06 99.54 98.31 97.62 66.22 66.70 93.71
v 98.54 99.21 97.62 97.20 62.94 63.73 93.09
v 98.35 99.04 97.43 97.10 61.05 62.73 92.60
v 99.03 99.45 98.19 97.62 64.10 64.96 93.34
v v 00 27 99.62 08.63 97.85 67.36 67.33 94.16
v v 99.50 99.72 98.87 98.14 68.16 68.24 94.23
v’ v 99.52 99.73 98.92 98.20 68.25 68.34 94.17
v’ v v 99.57 99.78 99.00 98.20 67.93 68.21 94.50
v v v v 99.60 99.78 99.04 98.35 69.29 69.17 94.79
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#iE5) (Category) #HEEIS5EEE (Model & Setting) BU&ZL I-AUROC BU&L I-AP {&&%k P-AUROC  {&&4 P-AP &&= P-AUPRO

Dinomaly (Sep) 0.9946 0.9982 0.9822 0.5843 0.9357
AT (Mean) Dinomaly (Uni) 0.9745 0.9889 0.9735 0.5629 0.9199
ReContrast (Uni) 0.9347 0.9763 0.945 0.51 0.8882

Dinomaly (Sep) 1 1 0.991 0.6097 0.9561

}6E% (Carpet) Dinomaly (Uni) 0.9996 0.9999 0.9903 0.6516 0.9491
ReContrast (Uni) 0.9992 0.9997 0.9896 0.6454 0.9613

Dinomaly (Sep) 1 1 0.9885 0.3904 0.9577

R4 (Grid) Dinomaly (Uni) 0.9983 0.9994 0.9843 0.2663 0.9411
ReContrast (Uni) 0.9031 0.9701 0.8748 0.2812 0.7792

Dinomaly (Sep) 1 1 0.99 0.3933 0.9675

RZiE (Leather) Dinomaly (Uni) 1 1 0.9898 0.4495 0.9493
ReContrast (Uni) 1 1 0.9927 0.5716 0.9833

Dinomaly (Sep) 1 1 0.9685 0.6105 0.8819

EHE (Tile) Dinomaly (Uni) 1 1 0.9688 0.6279 0.8857
ReContrast (Uni) 0.991 0.9967 0.9255 0.4795 0.8138

Dinomaly (Sep) 0.9833 0.9934 0.9879 0.4615 0.9241

oFRl (Toothbrush) Dinomaly (Uni) 1 1 0.9895 0.5523 0.9217

ReContrast (Uni) 0.9694 0.9885 0.986 0.5682 0.8904



