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to automatically identify and localize potential lesion regions without manual annotations. Current reconstruction-based
anomaly detection methods predominantly rely on features extracted from models pretrained on natural image datasets such
as ImageNet. While these approaches have demonstrated promising results, they face considerable limitations due to the
substantial domain shifts between natural and medical images. These domain discrepancies lead to semantic misalignments
during feature reconstruction, resulting in two primary issues: oversensitivity to normal anatomical variations and insuffi-
cient discriminative capability for detecting subtle or early-stage lesions. Such limitations substantially hinder the clinical
applicability of existing methods, particularly in screening scenarios where early detection is crucial. To address these chal-
lenges and to overcome the dilemma where fine-tuning pretrained encoders often leads to pattern collapse while keeping
them frozen limits domain adaptation, this study proposes a cross-domain self-supervised representation learning (CSRL)
framework , specifically designed to enhance both the accuracy and robustness of unsupervised medical image anomaly
detection through effective domain adaptation and multi-scale feature optimization. Method The proposed CSRL framework
operates through two carefully designed sequential learning stages, each targeting distinct aspects of the anomaly detection
pipeline while maintaining architectural coherence. In the first stage, a domain-adaptive contrastive learning (DACL) net-
work is constructed on the basis of the bootstrap your own latent architecture. This module employs an innovative dual-path
online-target network framework to facilitate robust cross-domain transfer of pretrained encoders. The online and target net-
works process different strongly augmented views of the same medical image through random cropping, color jittering, and
Gaussian blurring operations. The target network parameters are updated via an exponential moving average of the online
network, with a momentum coefficient of 0. 99 to ensure training stability. A symmetric negative cosine similarity loss func-
tion is employed to maximize feature consistency between the two views, effectively driving the encoder to learn
augmentation-invariant and domain-adaptive representations. This sophisticated learning mechanism enables the model to
capture essential medical image characteristics while discarding domain-specific artifacts from natural images, thereby
establishing a solid foundation for subsequent anomaly detection tasks. In the second stage, we construct an end-to-end fea-
ture reconstruction network specifically optimized for anomaly scoring and precise localization. The encoder component is
initialized with the adapted weights from the DACL module and remains completely frozen during this training phase to pre-
serve the learned domain-invariant representations. The network extracts multi-scale deep feature maps at three different
resolutions, which are subsequently processed by a specially designed bottleneck layer comprising three residual blocks
with skip connections for effective feature fusion. A symmetric decoder architecture with transposed convolutional layers
then reconstructs the features at corresponding scales, maintaining spatial integrity throughout the reconstruction process.
To enhance the model s focus on potential lesion regions further, we introduce a synergistic attention enhancement (SAE)
module that innovatively integrates three complementary attention branches: coordinate attention for precise spatial localiza-
tion, channel attention for feature recalibration, and spatial attention for regional emphasis. These attention mechanisms
are dynamically aggregated through learnable weighting coefficients to refine feature responses in an adaptive manner.
Additionally, a multi-scale anomaly fusion (MAF) module computes cosine distance-based anomaly maps at different
scales and employs learnable weights combined with spatial attention to generate the final optimized anomaly map. The
entire framework is optimized using a joint loss function that combines reconstruction error, fusion consistency, and spar-
sity constraints, ensuring comprehensive training supervision across multiple objectives. Result Comprehensive experi-
ments were conducted on three publicly available medical image datasets covering diverse modalities, i. e. , Asia Pacific
Tele-Ophthalmology Society (APTOS) , International Skin Imaging Collaboration (ISIC) , and BR35H, to evaluate the pro-
posed method rigorously under various clinical scenarios. The CSRL framework was compared with 10 state-of-the-art meth-
ods, including autoencoder-based models (AE, VAE) , generative approaches (GANomaly, f~-AnoGAN) , memory-based
models (PaDiM) , and recent pretraining-based methods (STFPM, MKD, EDC, EA2D). All experiments were performed
using consistent evaluation protocols and five independent runs to ensure statistical significance. Quantitative results dem-
onstrate that our method achieves optimal performance in image-level anomaly detection tasks. On the BR35H dataset,
CSRL achieved an AUC of 99.90%; on the ISIC dataset, an AUC of 91.79%; and on the APTOS dataset, an AUC of
97.71%. Compared with the current state-of-the-art method, the best AUC of our method is improved by 0. 35%, 3. 52%,
and 0. 02% on the APTOS, ISIC, and BR35H datasets, respectively. Extended ablation studies provided deeper insights



$£31% /% 108 /2026 £ 10 A

BRAE, KEE, REE, BHE, A%FE/ AREFEGREQNNEE A BERIEF

>

into the individual contributions of each module. The DACL module alone improved AUC from 88. 23% to 91. 72% on the
ISIC dataset, highlighting its crucial role in domain adaptation. The SAE module contributed considerably to precise local-
ization, while the MAF module effectively integrated multi-scale information for comprehensive anomaly detection. When
combined, the full model achieved 94. 74% AUC in its best run, demonstrating the synergistic effect of all components.
Qualitative visualization of anomaly localization maps revealed that CSRL produces highly concentrated and clinically inter-
pretable heatmaps that align well with actual lesion contours, outperforming comparison methods in spatial consistency and
anatomical plausibility. The generated activation maps show precise correspondence with pathological regions while main-
taining minimal responses in healthy tissues, substantially improving clinical interpretability for medical practitioners.
Conclusion This study presents a novel CSRL framework that effectively addresses the fundamental challenge of semantic
discrepancy in transferring pretrained models to medical image anomaly detection. By systematically integrating domain-
adaptive contrastive learning, synergistic attention enhancement, and intelligent multi-scale anomaly fusion, the frame-
work achieves remarkable improvements in both discriminative capability and spatial precision of anomaly detection. Exten-
sive experimental validation across multiple medical imaging modalities confirms the effectiveness and generalizability of
the proposed approach, establishing new state-of-the-art performance while maintaining clinical interpretability. The frame-
work provides a reliable and scalable solution for unsupervised anomaly detection in medical images , with immediate poten-
tial applications in early diagnosis and clinical screening programs. Future work will focus on three key directions: develop-
ing more efficient cross-domain adaptation strategies for few-shot and limited-data scenarios, optimizing model complexity
and inference speed for practical clinical deployment, and enhancing sensitivity to subtle anomalies through advanced fea-
ture alignment mechanisms. These research directions aim to strengthen both the theoretical foundations and practical
applicability of self-supervised learning in medical imaging, ultimately contributing to improved healthcare outcomes
through more accessible and accurate diagnostic tools.

Key words: medical image analysis; anomaly detection; self-supervised learning; cross-domain transfer; feature recon-

struction ; attention mechanism ; multi-scale fusion
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F e ROV Tl REF T CA B SR 575 12 437
i FRFRMF,, = CA(F),

2) 18 8 1T = 71 (channel attention, ChA) 73 % .
251 SR IR T 55—l I 28 i 2544 , 5 #
H5E 3 T [R) YR B AR OC AR , I Ak 1w b o A A 3
Sz S L S VAN = ol 1 P 0 9 1 53 1 S
B 45 246 R — A E AR AT . R’

1 H WI;—\' o

(14)

TR H 5 W S R AR B e B S8 . RS 8
IRV RAIE BT PR e 8 A — 38 46 L Rt 5, ML A 1 x 1 45 )2 F—> sigmoid I
{ASPRER ) (CA) I ® ERHAT @ EEEM
+ KFGAP 4 B & _ -+ £ -G, G +»®
i #]2 &2 T
— R
P | I
ZETER T (SA) G,
> EEGAP T % = _l
©_> = ﬁ) > G @_’ ¥
> mEomp —8 X 0@ O —
ol 1
HIETER T (ChA) .
= = =) F,,:
L amoar — E | . —_J b
- - G, ->®

GAP: FH)ibfk  GMP: Fokitiib
(a) TR SRR A AL

(b) ARG SR I P

K13 D) R R A5 s

Fig. 3 Schematic diagram of the synergistic attention enhancement module

((a) attention weight generation mechanism; (b) feature enhancement and fusion process)
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T PR, N AN T A R, LA

G =c(W,8(W,z)) (15)
K, W, e R, W, e R A% B4 ,6 N
ReLU P07 PREL, r MiB B RAA L . B8, liB R )
MR, = F ® G,.

3) %5 [A]{E 7 /1 (spatial attention, SA) 7332 o %43
XEE T RIFHEE R B G B RS R X, &
18 o A I B A 1) B AL (MaxPool ) FTE 343 4k
(AvgPool )5 B A i —A28 (Al B T KD, 2Ry

G. = o(Conv, ., ([ AvgPool(F); MaxPool(F)1)) (16)
o[ IFRR B LR PHE , Conv, , , E— K
INRT x THERZ, HTRA LTI UER . SENE
BHEHIHF, = F ® 6.

O BERE . B 3MNEE I kB T
BORF, A58 SAE B i e 28, FAR Ky

Fo,=a-F,+B-F,+y-F, (17)
A, o, B,y AN ) AR AL . 3G R I 2R
FE PRI hE S AT A7 IXUBS: , 38 4 softmax PR RN 1 B
B PATIH— AL 23, B A AR G LR 1, A
Y23t B il 2ok S 1) A5 4% R AT Ak, DT {75 19 4%
RENS 3l N IR = e

W4 SAE AR B 43571 7 FH F i A 2 i HH 119 3> T A
FRAE B, Ry, By, BIVAT 75380 28 3o 0 7 ) 30 00 00 7 el
fEFe, Fe, Fe,

1.3 ZREREHEER

T B B B 8 3 1O g A g R AR S 4
SAE M5 J5 () At 25 55 A RRAIE 22 (R A9 22 5ok AR il S
w L, H T e bn A T A w6 . AR
R A o2 0 B AT B o, B B R LR RRAE 1 B 1Y
AR ASEEURE , BE T G- sz Wi S ) i 5

A3 AEAS ) RUBE B R AiE b 384733 X 58 &
A SRR AR

A, =1 = Cosgpun, (Fiu F), ke{1,2,3) (18)
T, R R85 B B ARRAE , Ry 35 X Y
BERFIE , Cosgun, T8 A 5% AL EE THE A, (B BR (57
FoRIZALE 5 IEF A R 2 B . B S L f
JTA A, 38 o AR A (R 2 A BRI
2R H x W,

kAR ROBE 1) 5 AR AR B LA 7E B,
P SRR E B 23 R 200 25, A TSR E A TR
SRR 0 AR B T TR i 2 ) i

SCSHE o R T AT AN [ 2 A 1 2 PR oy ]
P L8 HAME B AR SCB T — R 2 JUE S RS
(MAF) BB, 38 3 50 85 AR A R AT A B 2 1) S
Pl i, LR AR AN IA] 4 BT 7R

A

2

3 x 3B 3x3HM 3x3HM
' ! }
w ><S1 w2><S2 \1/3><S3
| | s |
T
v v
3 x 3 M 3 x 3 B
ftya—1k ReLU
ReLU 1x 158
1 x 1 & sigmoid
I |
® #ItEHE

K4 ZRERERA SRR R
Fig. 4 Schematic diagram of the multi-scale anomaly

fusion module workflow

G 2 R S8 R o R A —
gz A . BR ML 0 3 x 3 BBk
B R I S35 P A, I — s = g 4
SSI RS, € RV Rl i 2 3T fY R
EBHA € (A, Ay A, ) 2 softmax I — )5 15 51
4 KB A T w0, LN

wk=M, kef{l,2,3) (19)
Zexp ()\j)
ROEMBAF AR5
F,=w,-S, (20)

BiIS , h 1 2P AR S A5 | e mAUE
1) 25 RURE RPAIF V0 3 4 3 P42, ]I
F. = Concat| F,, F,, F,] (21)
SRIG R F TR EERRIE AL G B
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BRAE, K, REE, BHE, 6%FE/ BREFEGRERNNES A RERIEFS

F.. = Conv, . ,(ReLU (BN (Convs+(F,,)))) (22)
AN F A — A5 0 28 ) ) 00
R —A S AAEE M, e RV BARN
M, = o(Conv, . ,(ReLU(Conv,.,(F.,)))) (23)
Ao FER sigmoid PREL ., A Z REmME S H
A BB F S [ AR M AR E] B
&K
Ay, =F, . .OM (24)
K, O FRB LR,
YE R X MAF BEH i 29 50, DLARIE & 55 151 hg
s A BA A RUBE B 5 B A b L A8 il s 0 )
H 52850 A — B0 S0 e AL a5 1 AR SCRHT T
RS R R, B
Lo = 5 DAy = Resize AN 3 (25)

Ly = 1Al (26)
KA L, FEE — BRI | Resize /R HE R
FN @A S5 BRI IR 2 A 5 5 TR A
S5 REMOIG S W EZEA2ES . L, %5
Bt L AR | 3 1 X A 4 SR L L, 1 )
b, B SRR = A T R S T X

B LR A A SCGA M EE T AR R T4
FCRRRRIE B R . IR Ry S A AT 55 (A%
O, BAED | T AR A T A 25 RUBE 9 1E 5 RAE , DA
7 3 5 X A v R 22, L B AR R /Mik
B 245 DU FRAE 5 A 28 B AR 2 R 25 5,
R

1 3
L =5 D ELA] (27)
k=1

2505 2 B BE I 2R ) b1 0 pR B Tk 3 10 Y
JINACER, B
Lii = Lo + Lo + AL (28)
A, A R Al 45 T4 K BT R A AR [ - dE i
156 P A2 408 2% pR R, DA T el 455 78 5 8 o i o 2
IEF R, R RE S I8 A 22 RUBE il FN2s [ 29 3, A=
B A B ) S e v

2 KWHERSH

2.1 HUEE
R T A TS A SCHTHE H CSRLHE 22 i) 46 0 4

g, 76 3 A TF B 2F AR B A L AT 5056

1) APTOS ( Asia Pacific Tele-Ophthalmology Soci-
ety ) B i 4E (Maggie Fll Dane, 2019) . 1% 0 45 4 th
2019 4 APTOS H i £  $k 68 58 B O & A6, I &
3 662 i BH IR 9 P AL 90 AR IS RGB R , i B (1E
) EME1 805 M ; 5 4% (58 ) EIMR 1857 MR . A SCAA
TEHREAS th LRI 1 000 1 BSAE il 448, g
2 662 I 1IF 5 5 5% BRI L R 41 & e . 7F
Ak B R e R G — L S 256 % 256 1R R 1Y
Rt

2)ISIC (International Skin Imaging Collaboration)
HE4E (Codella %, 2019) o 145 i 1S1C2018 $k
TR MAT 55 3 KA, f % 6 898 Il &2 Ik RGB &%, 4>
S 7RSI A SR ) 8 3 R IR R AE R OE
HREAR LAY 6 AN [RI 00 ) 5005 B2 ik TSR A Sk
WREAS . B IR 6 705 iR - EUR , BT iR
TESE PSR | b A4 123 i IE 5 R 5 70 I
SEE MG . TR BT AR v USRI R 256 % 256
1GF IO BY 2 224 x 224158 %

3)BR35H %454 (Hamada, 2020) . %8R4 %
i F Kaggle Pk ik FE , t1 M\ 3D B2 FE Hh U 2D
8 MR KB G fe s, e A 15 1 500 AR R
S HREAS 0 Brb R S LA B 1 500 g AR R 1E H R AR 1Y)
AR . A SCNIE & ER B ALIE HC 1 000 i 1A
1 AE N ZE , o4y 2 000 i B4 1R g ik 4E |, Br
ARG R 64 x 64153 .
2.2 EEE

A SC A 5K 5 34 3L T PyTorch HE 2R | 7 PR 5K
NVIDIA GeForce RTX 4090 & b 47 B AL i
Adam Ak 5 #4711 %5 , 72 APTOS . ISIC J BR35H i%
3B SE T, BYOL H B Fl Il 2R B isd AU () 5 2]
RPN E A S x 107, MY ZRAt R 58l
32, 43 B 25 50 .50 F1 100 4> 58 UK 5 4R AF 8 2 [ B s
BRI 2 2] 25050 R 11 x 1072, 1 x 107, 5x 107}, ¥
28 R R F 3% 8 R 16, 43 B 45 75 .15 11100
AEEUK . APTOS 5 ISIC %5408 4 14 995 A8 X 358 43 A ¢
SR RHEL, T BR35H U4 4R 10 kL 0 8 AR v
W, X TGP R Ay BB AR R UG S 8
AT, DA W A S 5 16 1 I 3 WSR FH A, 1 B
KABANE Fy R B 535 PF 43, DL SR A2 F Hoh i) Jsy

[ty
I o
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2.3 iFMIERR

AHIFFE R FH PTG A8 PR A 45 52108 TAERRE Hh
28 T~ 1 F (area under curve, AUC) | F1 43 %% (F1-
score)  MEHA K (accuracy, ACC) FBURE (sensitivity,
SEN) Fil4 5V (specificity, SPE) . Hirfr, AUC. F1 il
ACC RERE X BE AR PR REZEATIFAG , 1T SEN 1 SPE JUJ 73
SN T IEREAS M GREAS AR A 72 B (E h F 1R
AR E o AE R EUR ARG INAT: 55, AW 72K B
EURAVE A FEA AL, Ge it BB BB AR BE
AR A FEA B JT T T Bk 4 464
2.4 XPELELE

WA SCHE 1Y CSRL TV 5 28 005 125 K Y i e
Je kR R (state-of-the-art, SOTA) 7E 3 N B = 5 P 42
EHEAT TG Hrh R R TR d A A U v
H 3l 9 15 %% (autoencoder, AE) 5 78 43 H 2 15 4%
(variational autoencoder, VAE) ; J& F A= Bl XJ $T 9 4%
(generative adversarial network , GAN) {42 #1152 T
@A )7 % GANomaly (Akcay % , 2018) . f-AnoGAN
(Schlegl 45,2019 ) Fl1 SALAD ( Zhao 55,2021 ) ; 5% FH 3
FACAZE VL FE ML Y PaDiM J5 3% (Defard % ,2021) ;
SR I S5 G A5 8 09 J7 ¥, 0 Bk T R IR 25 1 Y
STFPM (Wang %5 , 2021) 1 MKD (Salehi %5 , 2021) J7
25, DA K E R IS SR A B Y S 1) 2 18 2 Uy
7 EDC (Guo %5 ,2024) 5 EA2D (Tang % ,2025) . X%}
S g 2ok A T 8 R RI1E SO A T, 508
i 2 IR RAS . 5 A WEFE R T 42 TG
Lo, AR SCIR] I 7R 1 22 UK S 36 11 - 2 45 2R Kl 2k
H BRI B ARG R . Hoh AR SO R T Y 4
N5 WS S e 2k AR A R A A 5 oAb
(RLibm s ) I 5% 7 0 25 F 39 N B v AUC R B X 3
2% TG
2.4.1 ALY HES

1) BR3SH i 4 v A5 D S 5 %) o 831X ek e =
PR B T A i st . SEIR A RNk 1 s, 1
Hh e T I g A i 1) 0 PR R B T Sk I 2
MR R EE T B, AE 1 AUC L 89. 57%,
1117 22 B FI 2126 Tk ) 4 A T 98% 1 =5 AUC,
B FTPERE I A 7L B ot — DR RE SR T 2 99%
DS QLR EPN L€ i STV TR
AT B RHOE B U ALYE B2 27 S R AT 55 vh HAA A
TR . AT BT AL CSRLTIETE
EIZ S AUC . F1 . ACC 5 SPE #5459 F- 45 5 5 5%

FELE R 28 8 Y 11 0 B ARAE, 530 R 99. 90%
(99.97%) .99. 63%(99. 70%) .99. 45%(99. 55%) 5
98. 16%(99. 20%) . X LEit b FEAr R, A S0 ik
TEIZEHRSE | BT T BRALIR GG T ARG e

&1 FEBRISHHFEE LMREWRNMEREXTLL

Table 1 Comparison of anomaly detection performance on

BR35H dataset
1%

Tk K  AUC Fl ACC SEN SPE
AE - 89.57 89.98 84.20 94.66 52.80
VAE - 91.36 91.24 86.80 91.73 72.00
GANomaly ~ ACCV’ 18 93.78 92.85 89.10 94.40 73.20
f-AnoGAN MIA’ 19 94.80 93.76 90.45 95.66 74.80
SALAD TMI 21 97.69 96.83 95.15 98.86 96.10
STFPM BMVC’ 21 93.11 93.46 89.80 97.20 67.60
MKD CVPR’ 21 98.70 94.30 96.26 98.06 83.00
PaDiM ICPR’ 21 98.19 98.00 96.95 99.80 88.40
EDC TMI’ 24 99.85 99.57 99.35 99.95 97.40
EA2D TMI’ 25 99.83 99.62 99.44 99.99 97.80
CSRL(A3C) - 99.90 99.63 99.45 99.88 98.16
EDC TMI’ 24 99.94 99.50 99.24 99.93 97.20
EA2D7} TMI’ 25 99.95 99.70 99.55 99.80 98.80
CSRL(A30) - 99.97 99.70 99.55 99.70 99.20

VE < L 1A 53301 25 F- 24 25 SR 20 Rl e AR 45 5 P a5 91 1 A
PLEs A RN Gl A b B R R RS 2R =" R T A
Ak, ACCV: Asian Conference on Computer Vision; MIA :
Medical Image Analysis; TMI: IEEE Transactions on Medical
Imaging; BMVC: British Machine Vision Conference; CVPR:
IEEE/CVF Conference on Computer Vision and Pattern Recogni-

tion; ICPR : International Conference on Pattern Recognition,

2)ISIC BHln SE W R R M T HOE AR (B R
SE) BT —F R AR, 5 58 FEA B 008 25 S 38
JIN DRI ARG T X B A v . 3R 2 B SRR s R SR
B, Z 80000 kA PR N RIMAE , P
AUC ik A T8 5 90% , £ I WU RS BE 19 F1 404K
WEMT 70%. HEZ T ,EDC . EA2D 574K SCHH
(1Y CSRL J7 i A BOR B PERE DL # | 45 WU 8 A 34 1
FETE 80% VA I, BB 7R %A 55 v i T S o L
o AR SCHR ) CSRL 7 iE R 78 ¥k g
|, HAUC.F1.ACC 55 SPE X 4 348 b5 43 51 ik £
91.79% . 83. 46% ., 88. 08% 5 90. 86%, 7& 4= )1 ¥
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WEREE, K, RBE,

BIE, A%iE/ AREFEGFERNNEE B EERIEFS)

x2 FEISICHEE LHRERUIERET

Table 2 Comparison of anomaly detection performance on

Fz3 TEAPTOSHIEE LR EH NIRRT L

Table 3 Comparison of anomaly detection performance on

ISIC dataset APTOS dataset
1% 1%

WIRZS P AUC  F1  ACC SEN SPE Tk P AUC  F1 ACC SEN SPE
AE - 80.72 69.23 75.13 77.14 62.79 AE - 76.91 83.61 74.07 94.83 26.21
VAE - 80.49 67.02 74.96 70.00 77.78 VAE - 77.21 85.04 77.12 93.26 39.87
GANomaly ~ ACCV’ 18 71.60 61.91 67.53 72.38 64.77 GANomaly ~ ACCV’ 18 83.72 85.85 79.37 89.71 55.52
f=AnoGAN MIA’ 19 75.90 65.06 69.95 77.14 65.85 f-AnoGAN MIA’ 19 89.64 89.71 85.23 9229 68.94
SALAD TMI 21 72.62 61.90 66.84 74.29 62.60 SALAD TMI’ 21 78.46 85.06 77.35 78.76 42.48
PaDiM ICPR’ 21 82.13 72.04 73.06 95.71 60.16 STFPM BMVC’ 21 93.59 91.86 88.35 94.23 74.78
EDC TMI 24 89.33 80.10 84.28 84.76 84.01 MKD CVPR’ 21 88.51 81.70 87.84 94.72 51.67
EA2D TMI’ 25 90.98 83.27 87.25 87.43 87.15 PaDiM ICPR’ 21 77.17 85.47 77.24 95.96 34.04
CSRL(A30) - 91.79 83.46 88.08 83.21 90.86 EDC TMI’ 24 95.84 93.49 90.93 93.34 85.36
EDCT TMI 24 90.53 81.94 86.53 84.29 87.80 EA2D TMI’ 25 97.53 95.95 94.35 95.91 90.95
EA2D TMI 25 9122 83.56 87.56 87.14 87.80 CSRL(A30) - 97.71 95.22 93.78 95.75 87.63
CSRL(AI) ¢ - 94.74 88.57 91.71 88.57 93.50 EDCY TMI’ 24 96.13 93.89 91.47 93.91 85.84
T IR AR 3mSR A RN S PR 5 R A b 491 1 et EA2D¥ TMI’ 25 97.59 96.01 94.40 96.55 89.44
ACTGRIINR A B P AU IO B B AR U -THOR R copiks)r - 97.94 95.36 93.54 95.15 89.81

A U SR DL 45 SR 7 AR RE U THT , CSRL SE 34>
454G, H AUC . F1 ,ACC .SEN 5 SPE 43 5l| i —
THZ94. 74% .88. 57%.91. 71% .88. 57% 5 93. 50%,
FHAE TR AL 5 % EA2D $2 T+ 50 35, 43 50l 386
3.52%.5.01%.4.15%. 1.43% 5 5.70%, £ W T
CSRL J7IETE S 2 AT 55 h B 1k

3) APTOS ZRAa4E (1) 5 1 A4 DR s 40 I g 22
HLH IR 2 0 1 AR AR BB R AR B
A X A Ry B, PRI I X ASE AR (%) R B REAE il 42
FERE . KRR WE IR, EREGEAR
TR AUCHE bR 5 T, AL 58 J7 12 0734 AUC A 5 38
T 90%, 1M SOTA J5%: EDC 5 EA2D W REMS 2T} =
95% LA o 52 AR AR SCHE %) CSRL 5 i Ui 1
JITA 7 R R I AUC S5 5, S 3514 51 97. 71%,
T R LM T 5 1 1 0. 18% 5 17 e A (B I 1K 5] 97. 94%,
FF0.35%. LU ELERAER T CSRL J7i47E APTOS
B A b 248 AT AR R A g
2.4.2  SE B AT g R

SR PAR 5 1 A0 AT A R T I O JRe R O ke
HRE, 2 T A SC CSRL 755 EDC . EA2D J7 16 %)
3FPEHE A S AREAR A T A 5 R LR T X H AT

T AL A S S5 R R B R S5 R h & S I e U4 2
AR R Rt U A e A AR - RN E R AR TR

R A S S IR AR SO R Y A
A ERER— b2 [0, ] IX ], I bR A 2 R E
BRSSP EEMTFRMARGZ E. fERXTE,EDC 5
EA2D J5 145 1 4 1 DU Fl 54 G A i) BRI T A A
. 45 BANK 5 Fros , CSRL 75 12 AE 18 78 9% 748 [X 45,
A R e AR A A I 7, ASASCAE 55 [E) 40 A b 59k i)
TS R B A 1) — 2k, HUH S MRS X
O ek A R AR R B AR T L vk . TR X
P25 32 B, CSRL 7 L FE A RDE 45 1 B2 24 U Z
BIfe A s g v BLIG R S 0 E 0 558
R IR ER TR AL S FEA B
2.5 HBERIE

H T EEA B UEAS SO B Y CSRLAE 22 (19 47 3%
PE AR T B 45 B EAT I ML, DATEAR CSRLHE
Zarp DACL SAE & MAF i 34N OB H i pa ik . 5K
B sk 145 I B AR U Zhad 72 rh BUS Y AR g L 4
RANF AR LI EE R R, R AL X B
for i P e A B T A4 VR, B = E B TAERT L
IR 3 T A
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K5 ARTrkSEE

Fig. 5 Visual comparison of anomaly localization results by different methods

AR AT X L

T4 HBMZELER
Table 4 Results of ablation studies

1%

APTOS ISIC BR35H
DACL  SAE  MAF

ACCH Flt AUCH  ACCH Flt AUC  ACCH Flt AUCH
- - - 9230 9452 9694 8135 7568 8823 9950  99.67  99.89
- N - 9240 9461  97.11 8549  80.82  91.16 9950  99.67  99.93
N - - 93.00 9499 9760  86.53  82.67 9172  99.60  99.73  99.96
- - N 9211 9441 9723 8290 7871 8852 9940  99.60  99.58
N N - 8920 9258 9566  87.05 8344 9343 9940  99.63  99.95
- N N 9132 9395 9712 8187 7771  89.19 9955 9970  99.84
N - N 9286 9493  97.17  89.64 8551 9231 9930  99.54  99.90
N N N 9378 9522 9771 9171 8857 9474 9955 9970  99.97

VL7 AR R A B e+ AR BN G B b (9 e B N o B PR B A, = Feom AR A

TE APTOS B 46 I, 7ESLR TR 5] A SAE #8
Hjm , AUC T2 97. 1%, W2 S pLH A R
SR TS RRIE R R . BN A DACL B 5, AUC
HE—2 T2 97. 60% ., B0 T B3, [ Wi B il ot
FEAE 8 NP B B 3 AR . MAT AR Bl 4 FH s
AUCE#)97. 23%, UFI 2 REERLA A B T4 AN
EE SUE B o 24 3 MBI R TAERT, B
57 &AM AUC 97.71% F1 ACC 93.78%, % W]
DACL .SAE 5 MAF = REWA &4 Wpla] , 26 R $2 7 %
0 AR BRI 5 A A6 B

FEISICE RS I, A B i srmk o o B 3 . Ok
Tl ASE R ) AUC Fe {8l 88. 23%, BT SAE 5§
DACLJ& , AUC /33 T+ 2 91. 16% F191. 72%, B /w
AR 200 25 AT 55 v, REAE 3G i 5 Sl Y )
SIAME o MAF Sl filf H 7R 47 ok 48 71, AUC 35 )
88.52%. DACL5 SAE M [E/EH IS, AUC #E— 254
T+ 2 93. 43% , KW E 1EIZAT 55 HAA A 5 A B IF]

RN o 3ABEREE GBI S T S AE /Y AUC
94. 74% M1 ACC 91. 71%, 53 3iF T CSRL HE 22 7¢ K ¥k
oI 7 55 v R A 0

FE BR3SH Bl 45 I, JEaf A O 5 &40 57 i 1
fie, AUC FeHEMH 531 99. 89% ., & BiHe 5] A Xk
FUERRTE, Ho 3B G J5 B T fie s i) AUC
99. 97%, Tk W] CSRL AE S 7E A [R] ¥ B2 A1 55 rh 4 e O
R ST AR I 1 BE

ZEA YBT3 A BN 4 1 T S SR 25 R nT DL 3
T BYOL Ay 55 [ W8 il I 5B e (DACL) 76 $2 7t
REAYVEBE U T R B W L F . 7E APTOS F1ISIC
KU B DACL 4> 91453k 0. 66% F13. 49% [ AUC
PeTt, HAR TR AR 3 b R IR R .
I e B Pk AR P Y 1SIC 048 4 [, DACL 5 SAE
B () PR RV T — 20 A MR R AR T 25 93. 43%, R
AR B R AR B OB ) B A SR 4G
FEor AP T BE I [ 38 I R4 ) BE S I D F AR
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18 r 0 38 AL 5 R TR G A% 28 1 2 U, AT
FARTE T RRS BEA7  W R AE A 351 E

F AR S WA INAT 55 #5671 A 2 o
PEAS BRI PRAN (L 2 G 2, O BOWL S B2 RO
Tk Rl A2 207 A DL S, AR SR X MAF BB AT T
AT R T

WnIE 6 JiT 7 , AR SCR LG T MAF Bl & 5 1 53
R 3NN TR OB R S 0 RS AL BE Sk
HORF , RIZFHIE A A 57 H P RE A8 R 1 22 (0
ot DX, 23 () A R 9 ST (E i
GBI RE AR , B S Y I A 2 5 R R AR AR

S PR R M A R 7 s Z LS T — 2 /Y
A EER I3 IR A A A IR O R 5 TRZ AR 57
i P B R BE RS 7 i 5 R B ke DX, (L s ) SR AR
B, AT L. Gt MAF BB S
AR SR ARG T 25 U RS, AR
T B A ) SR AR TR ST R A e kL
B, TR0 5 ek ) SR ) 8 W
AL SRR MAF B i A 38 N Rl 2 R
RFAE, 70 PR FRf RE 3 19 [] I  r H JRe B T o A
JE DT 4 T 1 S h R DN A o A P Sl PR AT i

K6 2 RUE SRl BEHuE A 3CR T AL

Fig. 6  Visualization of localization performance with the multi-scale anomaly fusion module

2.6 HFAERTMALS AR

H T iR GE AR SR Y CSRLAESR 1 FAE
% 3] fiE 11, fdi F] t-SNE (i-distributed stochastic neigh-
bor embedding ) % ISIC 4 5 v 1E % 5 5 AR A
FRAE S A AT T AL b . 7 JRR T & it
DACL AR AT , 2 A5 7 42 BURRAIE 75 — 2 25 [A]
R 3 A 1 O, e RS O R T IR v E R
SR FEABRRE . BT LAE WY ORI AT RRAE 25 (8] IE
W5 R REAFERRES , R AR EUR IR
RRHUME LIAT R0IK 43 B 2 UG T i AE R S 9 AR A
1M 285 DACL S J5 , PR ZRFEAS 78 4 ik 25 ] vp A2 91
H T I T (Y SRS A, LS R AR AR B 2 A N R
HIEWFEARMH R T RPN R, X#— PN
DACLEHREUE AT 2040 /N F AR UG 5 B 24 R A a1 1Y
BN 22 5 SR TR SR RRIE R B R T

ZiG AL S AR A BT, T RS 56 R4 TR T
DACL.SAE 5 MAF i% 3 MRLHAE CSRLHESE i (1) 14

FESEAME. DACLAEHE T #5I H & 4R T} T
FRAEFRAE Y9 HE 77, SAE A58 o BipIm] 11 2 77 0L
3G 5 1 ek DX P R ALE e 17 1T M A58 B U 3 3ok
Z LR AL T 5 RE RIS R I .l ad 248
By PR, SRR B T T e PR S A I Y £

AR,
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Fig. 7 t-SNE-based feature visualization of the cross-domain

self-supervised learning module ((a) feature distribution before
DACL fine-tuning; (b) feature distribution after DACL

fine-tuning )
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