AR O Bol{t Z1k

ACTA AUTOMATICA SINICA

T AR TR T A

2l T

Zero-shot Anomaly Detection via Textual Decoupling

ZHAO Meng-Yang, GUO Qiang

TELL AL View online:
http://www.aas.net.cn/article/current/250f47d68532¢630847ae92a35a5d59d4{7¢0382bf0323a355db178ec7{h8c78

L] RERGBR Y HAN S R

FeTF L ] R AR A 038 S5 o R A 5%

Research on Visual Anomaly Detection Based on Multi—scale Normalizing Flow

H 3 k2447 2024, 50(3): 640-648  https://doi.org/10.16383/j.aas.¢230476

PG S i AT IR 25k
Review of Image Anomaly Detection

A B1k2447. 2022, 48(6): 1402-1428  https:/doi.org/10.16383/j.aas.¢200956
R A T T ML 4 e DA 3 A7 A

Abnormal Behavior Detection Algorithm With Video—bag Attention Mechanism in Surveillance Video
H Zh 2447 2022, 48(12): 2951-2959  hitps://doi.org/10.16383/j.aas.c190805

5 R B A0 o 1 o 2% S ARG A A
Multi—view Outlier Detection for Attributed Network Based on Knowledge Fusion
H sl k244, 2023, 49(8): 1732-1744  https://doi.org/10.16383/j.aas.¢220629

FETFUE T BT Ho 2 > B RS AL TR s

Multi-modal Video Action Recognition Method Based on Language—visual Contrastive Learning

H 3 k2447, 2024, 50(2): 417430  https:/doi.org/10.16383/j.aas.¢230159

— LT IR BT A%~ > B TR Sl R P TR R e S A Ty
A New Deep Transfer Learning—based Online Detection Method of Rolling Bearing Early Fault
H sl fb2A4i. 2022, 48(1): 302-314  https://doi.org/10.16383/j.aas.c190593


http://www.aas.net.cn/article/current/250f47d68532c630847ae92a35a5d59d4f7c0382bf0323a355db178ec7fb8c78
http://www.aas.net.cn/article/doi/10.16383/j.aas.c230476
http://www.aas.net.cn/article/doi/10.16383/j.aas.c200956
http://www.aas.net.cn/article/doi/10.16383/j.aas.c190805
http://www.aas.net.cn/article/doi/10.16383/j.aas.c220629
http://www.aas.net.cn/article/doi/10.16383/j.aas.c230159
http://www.aas.net.cn/article/doi/10.16383/j.aas.c230159
http://www.aas.net.cn/article/doi/10.16383/j.aas.c190593

Fxx & B x H 3 tb % #k Vol. xx, No. x
xxxx F xx A ACTA AUTOMATICA SINICA XXXX XXXX

ET XA EBNTEEARRERN

MAEm S 5o

W OFE AR E S TR AN A 8, R AR 3 o A T 32 T iy — AN LI A 7 1) AT 45 TSR A
e % B e 2 5 AR B 1) 55 R AR AT A ORI 5 e A, T R RO AR U I SR . B TR E AR S R R AT S5
T A R R AN BB S XS B, IUA 5 1R S SO R B BT AR T T vk (R B 9 A o R R R, B0 e LA
JB. SN, BRI T SO ARAN A R A R A T, F O R N B ANME S o BT ST R SRR AT AL R,
T BT L S o AT 55 TP I 0 A2 A BB 1 e 59 1 1) 8, 4 R R X SRR B %R LI i R Ak R R R S R R 2 T ) B
B, BRTHREAL R E AL RE ST, IR, B RE B G Y 4 B R AR XE LSS A IR B AN R, BB B T R IR I 3R oK
W, O SR A T AE 10 R XA CABR T S A ) P R S gk AR HH, BT B U7 VETE MV Tec AD. ISIC. BrainMRI &4
HHEE L ES I R YR, 10 T A St S bE

KR SRR 6 HE - BTN BREAS; SO

IR RARE, FR0E. BT UMM B AR ERIN. BT, xxxx, xx(x): x—xx

DOI 10.16383/j.aas.c260031 CSTR 32138.14.j.aas.c260031

Zero-shot Anomaly Detection via Textual Decoupling
ZHAO Meng-Yang' GUO Qiang"?

Abstract With the continuous advancement of large pre-trained vision-language, zero-shot anomaly detection has
gradually emerged as a significant research direction. This task requires the models to effectively detect and localize
anomalies of unknown categories directly, without relying on training data from the target domain. Since anomaly
detection and anomaly localization tasks require semantic information of different granularity globally and locally,
the design of shared textual prompts in the existing methods makes it impossible for the model to satisfy the needs
of both at the same time, which makes it difficult to balance performance. To address this issue, this paper pro-
poses a text-decoupled zero-shot anomaly detection method. Its core lies in designing and optimizing independent
prompts for each task. Furthermore, to tackle the model's weak cross-dataset generalization in anomaly localization,
a prototype alignment module is introduced. This module enhances anomaly localization capabilities by optimizing
the distance between image patch features and prototypes. Finally, considering that relying solely on global image
features is insufficient for identifying subtle anomalies, an anomaly feature enhancement strategy is designed to im-
prove anomaly detection performance by focusing on potential anomalous regions. Experimental results demon-
strate that the proposed method achieves excellent performance on public datasets such as MVTec AD, ISIC, and
BrainMRI, validating its effectiveness and generalization capability.
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DAA T DEAS BT 3 th D7 5 B PR R IX SSB0HR SE i 25 T
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ADPL VisAB, MPDDP), BTADM, DAGM!"Y Fl
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ASCAS R e o Wl K4 £ TSTCH, 45 figp 2 P sl
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T 10 e R 4G M Aicd 42 Head  CT BrainMRIY Al
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T S50 R AT 55 IR Pl v, AR SCR H BHER G001
11523 E TAERME I 28 R I AY (area under the re-
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Xt R AE SO ST, T AEAIRLBE 1R S R L 8
G NF LW IAH SR SCA SRR, WinCLIP™ gef
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1E T A HR 4 B seIRas R, AU IALE
FREAR T AT 5 R I sk 25 & PERE. 7E
PG G0 e i Rn i 7 T8, A SCOTVEAE 78 AN ol # s 42
LHFE) AUROC Al AP 43511k 21 89.0% 1 91.2%,
FopAE DA ol 45 FHUIS e PR RE . R 2 AR
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Table 1  Key statistics the utilized datasets
e S Ak 5 B Bk AT RS 5 5 REA 114
MVTec AD Luusi el 15 (467, 1 258)
VisA Wik 12 (962, 1 200)
MPDD Yk 6 (176, 282) -
BTAD Tolk i Er3:2 5 (451, 200) SR 5 E AL
DAGM AELES 10 (6 996, 1 054)
DTD-Synthetic ESELIES 12 (357, 947)
ISIC Bk 4 (0, 379)
CVC-ClinicDB =2 ] SEoGr 1 (0, 612) S EANL
CVC-ColonDB 4 ok (0, 380)
Head CT BU (CT) (100, 100)
BrainMRI &2 v #48 TR (MRI) 1 (98, 155) S H R

Br35H JBEFA: (MRI)

(1 500, 1 500)
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Table 2 Comparison of the performance of different methods in the industrial domain (%)

5% iR CLIP™ CoOp™ WinCLIP"™  April-GAN™  AnomalyCLIP!" K

MVTec AD (74.1,87.6)  (88.8,94.8)  (91.8,96.5)  (86.1, 93.5) (91.5, 96.2) (92.0, 96.8)

VisA (66.4, 71.5)  (62.8,68.1)  (78.1,81.2)  (78.0, 81.4) (82.1, 85.4) (83.7, 85.8)

MPDD (54.3,65.4)  (55.1,64.2)  (63.6,69.9)  (73.0, 80.2) (77.0, 82.0) (76.0, 80.6)

B8 %% (AUROC, AP) BTAD (34.5,52.5)  (66.8,77.4)  (68.2, 70.9) (73.6, 68.6) (88.3, 87.3) (91.8, 94.8)
DACM (79.6,59.0)  (87.5, 74.6)  (91.8,79.5)  (94.4, 83.8) (97.5, 92.3) (97.9, 92.5)

DTD-Synthetic  (71.6, 85.7) - -) (93.2,92.6)  (86.4, 95.0) (93.5, 97.0) (93.1, 97.1)

SR (63.4,70.3)  (72.2,75.8)  (81.1,81.8) (826, 83.8) (88.3, 90.0) (89.0, 91.2)

MVTec AD (38.4,11.3)  (33.3,6.7)  (85.1,64.6)  (87.6, 44.0) (91.1, 81.4) (90.8, 83.2)

VisA (46.6, 14.8)  (24.2,3.8)  (79.6,56.8)  (94.2, 86.8) (95.5, 87.0) (95.3, 90.9)

MPDD (62.1,33.0)  (15.4,23)  (76.4,489) (941, 83.2) (96.5, 88.7) (97.4, 91.9)

1822 (AUROC, AUPRO) BTAD (30.6, 4.4) (28.6,3.8)  (72.7,27.3) (60.8, 25.0) 94.2, 74.8) (94.5, 80.0)
DAGM (28.2,2.9)  (17.5,2.1)  (87.6,65.7)  (82.4, 66.2) (95.6, 91.0) (95.6, 90.0)

DTD-Synthetic ~ (33.9, 12.5) (-, -) (83.9,57.8)  (95.3, 86.9) (97.9, 92.3) (98.4, 95.1)

S (40.0,13.2)  (23.8,3.7)  (80.9,53.5)  (85.7,65.4) (95.1, 85.9) (95.3, 88.5)

T I AR R Z T IR B g IS SRk RE, T RILSTR IR RE.

WERIE R, “F¥ AUROC #1 AUPRO BRSBTS, AR SCTTRAE ISIC B ke £

I3 Ak 2] 95.3% F188.5%, RIL 1A 7 11 J& i o o PEEEA CVC-ClinicDB 4517 5 P i 4 E 3R

X 3 AL M . 5 2 a0 s £ 77 7% Anomaly CLIP MR, ¥ AUROC f1 AUPRO 43 4% 3|

FHEG, RSO EAE EUE HAs M AP fabn B3R T 85.1% M1 74.1%, 5 Z 0T FAt 6 b 7 ik, X sesh

1.3%, TEAEZ R E N AUPRO #6845 L3EF 3.0%, I T A e e e e i e AL B
— W2 YRR IR T 7R UE B T AR SOV W95 A R

FAT 1.

4.3 EFHEETHEARERNER

SRR S [ R 032 (LB S, 2 3 TR
§ASOT B S RWIE S 53k
g Sy % .
EEAHERS, T AUROC I AP 4 §lik#] 0500,  DBrainMRIT.
1 95.7% , B2k 77 AnomalyCLIP 4 MR 7r 441 XAREHBHENM
2.6% Fil 3.1%, JEBLHH Ut 5% HO 5 1 A E W 68 0. 1612 % A JRR T SCARRRA BRIV R T S K 2

® 3 AFTHEEEAIERKIVER LR (%)

Table 3 ~Comparison of the performance of different methods in the medical domain (%)

4.4 HRRSCIE

RN VA AR TR P 5 A1 A R R, A SCHE 2
AR LT — KRR BRSREG, BT iR EHE AR
%Ijk‘é@ﬁéﬁﬂi, ,\14&@,% VisAP, BTADM I,

114 e CLIP!"™ CoOp WinCLIP"™  April-GAN™  AnomalyCLIP!"! R T5 i
Head CT (56.5, 58.4)  (78.4,78.8)  (81.8, 80.2) (89.1, 89.4) (93.4, 91.6) (94.1, 94.7)
BrainMRI (73.9,81.7)  (61.3,44.9)  (86.6, 91.5) (89.3, 90.9) (90.3, 92.2) (95.0, 95.9)
K54 (AUROC, AP)
Br35H (78.4,78.8)  (86.0,87.5)  (80.5, 82.2) (93.1, 92.9) (94.6, 94.7) (96.5, 96.5)
S (69.6, 73.0)  (75.2,70.4)  (83.0, 84.6) (90.5, 91.1) (92.8, 92.8) (95.2, 95.7)
ISIC (33.1,5.8)  (51.7,15.9)  (83.3,55.1) (89.4, 77.2) (89.7, 78.4) (90.5, 82.2)
) CVC-ColonDB  (49.5,15.8)  (40.5,2.6)  (70.3, 32.5) (78.4, 64.6) (81.9, 71.3) (80.0, 70.6)
1% %% (AUROC, AUPRO)
CVC-ClinicDB ~ (47.5,18.9)  (34.8,2.4)  (51.2, 13.8) (80.5, 60.7) (82.9, 67.8) (84.9, 69.4)
Sy (43.4,13.5)  (42.3,7.0)  (68.3, 33.8) (82.8, 67.5) (84.8, 72.5) (85.1, 74.1)

T I RN 2T IR S A I ek RE, T RILR IRk RE.
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TE U TR SR\ O E AL A R S R A R
TE R R L], 3 1 20 B AS ) Bl A7) X A 78 1 e
E’JE’/ ”ﬁ

FHER 4 AR, SCARFRSREE 1) 5l N BB T
R B A e P, AR SR AEAR A S8R E T
&5 RARFFAAL, T HEZR B A AE A A N HUE S 1R R
WA . 78 VisA M1 BTAD ¥4, BEE A 8
(/N R RS U 46 b B SR H2 T, SR A M 0.5
B% %2 0.25 B, (R R e A Re U HBLEH E R . X
— LRI, Af B — SUARSE R ME LU RO i
R 5 55 e SRS 2 R4 B br, S8
TR IA B v e

FE B e, A ST IR TR E M R

* 4

R T B R AR /). /£ BTAD %4
£ L BE% AUROC MWL ALY 63.8% 1T+ 4
91.6%, AP H 67.5% $2T+ 2 94.1%. 12 %% AUROC
M 93.3% 3 £ 93.6%, AUPRO H 78.2% T+ &
79.3%. [, 75 VisA $ii5E L, KGR 58 RK%
FRbr AW R 2SR T, T A LI 45 BRI, SR
o TR W AN AR R R R R e M) IR S T R A R
(ARSIt
AN, ARSGE BT AT AL SESS, BRI T 3k

AR SR PR I ), DL AR ST
AR RIS A . 5 LRSI W E AR, @
LI 8 K AL AR R AE S R R B IR R B\
SRS AL 43 ) o] A 58 A AT 55 AR I T 55
W SCARRRIE S5 SERFAE 2 TR AR 92 AU ] 2 J8
TN T AEENAT 5 SCR S A BUR S A LU RS, Bt
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Table 4  Ablation study results of text decoupling strategy

AN AERIPERERT EL

WARES K g
A=4 A=2 A=1 A=05 A=0.25

Vi (46.4, 57.0) (58.0, 65.1) (68.2, 72.6) (76.3, 79.6) (79.8, 82.3)

18.
(94.6, 90.1) (95.0, 90.1) (95.1, 89.8) (95.0, 88.9) (94.2, 85.0)

HELR Y

STAD (27.7,49.2) (32.3, 50.6) (42.5, 55.1) (52.0, 59.8) (63.8, 67.5)
(93.2, 78.2) (93.3, 78.1) (93.0, 77.3) (92.2, 74.8) (90.2, 69.3)
Vier (82.5, 84.5) (82.5, 84.5) (82.5, 84.5) (82.5, 84.5) (82.5, 84.5)

18.
(95.2, 90.6) (95.2, 90.6) (95.2, 90.6) (95.2, 90.6) (95.2, 90.6)

TR + USRS

STAD (91.6, 94.1) (91.6, 94.1) (91.6, 94.1) (91.6, 94.1) (91.6, 94.1)
(93.6, 79.3) (93.6, 79.3) (93.6, 79.3) (93.6, 79.3) (93.6, 79.3)

T 0T AN, MR INES 1 ATEE R BB R SR (AUROC, A

P), 3 2 78R 2B K HIEHR (AUROC, AUPRO).
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Table 5 Abnormal scores in the detection task 2 SR U BB o S A ol TR K AN URR
A=025 A=05 A=1 A=2 A=4 HA RAFmRGE . RO 4 AR 8, tReER

LR 0.0795 0.0447  0.0404  0.0177  0.0159 B5 16 NREBFET 1 RE.
SUKRARM 01308 01543 01289 0.1273  0.1273 P JERIE LBV T T, AR SORE BE = 5 20 g i

WE 2 fros, 408 SRR, BE A E A 7
RAUEE N IR, AR AR S I 5 DX 3k Fr v 1o 328 7 B AT
F O 7w B AL RS 1A Bl sk, SR, K 5 AR
WSR3l CLE B R4 B0 8 T I, BkE
FELTR PR S5 G 00 A 0 ZE AN IR 1 55 . 3K — 45 SR 75 Al b
R TR R IR L= SORSE R B8 [F i AR
25 FANFRLFE (3 SRR 2R, i ) I B DG VR A 5
(1) DLRFAE R, AU RERE 2 5288, L2 T, SRA
AT W SO R R SR S, RIS E AT S5 A
BUBEFEA [ N BUE R ¥R FEfR T, IXR ], M
ARSI BEH A RE R 5, (AT S H
e R R AR AR SO 5F, AT
4.4.2 FRBEFIFEROBEE

R 6 FT 7 (14 JER 70 Xof 5 A e 33 i s 56 &%
i 2 5 A0 s SR 7R 18 R e br LI AR
Tt TEBRZ AU, ZBHE CVC-ClinicDB #4554
) AUPRO 1BFr$27H4) 0.6%. 7€ ISIC #dkE 4 L,
AUPRO B33 TF4) 1.9%. 1£ TV, VisA ¥
%1 AUROC Al AUPRO 2 M2 7+45 0.1% £
0.3%. BTAD 441 AUROC 1 AUPRO 4>
AT 1.0% F1 0.9%. 45 RIGAUE 1 Z A B AE 18 5
TR TE SCHL R B8 7107 TH A R0 BRI A 5] N A4
(1) = 2= AR SR AT I 5, B A 95 3k 6 AT 55 R AT
RIS T3 £ 7 i M e IX 1 345 25 T AL w]

T B AL A6 A B ) & D B A e A ik
(tn“a normal colonoscopy image without polyps”)-
i B A A (40“a normal medical photo”). HM.
fSEge 45 R IR 8.

A 8 G5 IR H, BN G A0 IR AL B = 15
AR R, TE R BURF IE S A T SO 558 0
FEPEREEE AR T R AL JR BN SR i He 2, 22 W

BXH R AT RE S| AR RS PRI 25
Bk VR EASEER, MAMERRE. N
Hts B2 E ) H 08 A BE s IS B oy O M R, SR
ROR WA T3 P IR . LR R R R ik SR B
Wi Bya sk, E RSB E. JF HAZTHEAR
E T, MAASE 5 I RS G AT BEAFAE 22 57, s
IR S5 T PR A1) AT R iz A RE ). A
A DARAS B (R PR e, R PRI T 38 P A AN R BRT
IR, T A RAE T IR A X — A% 0 i X
FE TN HE 4 EFIER G, dE#8 3 B2 7 At AL 7
REDRAY R AP PERETE AR E 1.

4.4.3 REFEERRBHABNME

RIER 9 HIVHRLSLI0 45 R A, S Ry AL o
TG B3 AR R I B . AE SIS J5 B
AR Tl 5 By USRI A R R A W RAR T, G
HAEE RG89 YRR . Head _CT M
BrainMRI Z#5 £ 11 AP $8bx 0 AT+ T 2.8% 1

DA TS 58 ST FA) J 2 v 2 STAN [) 5L i, A 7 A SRS 4 R
T35 7 R 78 b AN ] ATk H TE 3 5 R B 0 24 ) Table 7 Experimental results for different
e H, BT T B REARE T I AR, umbers of prototypes
BEAN, 2R R 5 B M5 4 c-w6  _c-12 _o-s  c-u
JEFE AT SE e SR G IE i B (R AL i A S CVC-ClinicDB  (84.9, 69.4) (84.9, 69.4) (85.0, 69.2) (84.9, 69.4)
PP U F T 2R B A R P B S, A ST ISIC (90.5, 82.2) (90.6, 82.0) (90.5, 82.2) (90.5, 82.2)
HEAMR O e {4, 8, 12, 16} HHATI. Sub st R VisA (95.3,90.9) (95.4,90.9) (95.3,90.9) (95.3,90.9)
N 7 fior. BTAD (94.3,79.8) (94.3,80.0) (94.2,80.1) (94.5, 80.0)
® 6 RN Rl g6 45 R ® 8 ARG FENE T SIS R
Table 6  Ablation study results of prototype Table 8 Experimental results under different
alignment module construction strategies
PR [ 2 U A Tolb UK 4 FEHLBI AR L 8 R iR
o CVC-ClinicDB ISIC VisA BTAD CVC-ClinicDB  (84.1, 66.7) (85.0,69.3)  (84.9,69.4)
x (84.8,69.0)  (90.5,80.7) (95.2,90.6) (93.6, 79.3) ISIC (80.9,80.8)  (90.5,81.9)  (90.5, 82.2)
v (84.9, 69.4)  (90.5,82.2) (95.3,90.9) (94.5, 80.0) VisA (94.3, 90.2) (95.3,90.7)  (95.3,90.9)
A BuH T AR 2 B R PR (AUROC, AUPRO). BTAD (93.4, 79.6) (94.0, 79.5) (94.5, 80.0)
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Table 9  Ablation study results of anomaly feature

enhancement strategy

) B 2 A R 5 Tl AR
RFAE 48 5%
Head CT  BrainMRI VisA BTAD
x (92.3,92.1)  (92.7,93.5)  (82.5,84.5) (91.6, 94.1)
v (94.1,94.7)  (95.0,95.9)  (83.7,85.8) (91.8, 94.8)

i BIUHE P R BB gUERR (AUROC, AP).

2.6%, S H 1% SRS RE 05 G RO SR AR A X B 4 5
O AR R AE R R AT R B Rk
TR Stof S DX 3R PR RRURR S, % SRS 3R T 1 S R

F 10 JEoR TR Rl & BUE T 1926 45 3
25 T, Ml S BCE N 0.1 B, 78 Tl Zis 41
BE 22 B 4R R P MR A, M A ALE N 0.3
F10.5 I, 78 T4 b ke AR i, (EAEE 2
Bynde B S . R R A A S k3L
P AT TN 25, B AYE TV EE b AvEs f A
FEIE FC Tl G ) 5w B, 22 il B L s
TEP A 4R EVERE Y B3 TR LR R R m i
REE T 0 FE AR 57 8 DXIBARAE, 7T R 51 N s sl
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Table 10  Experimental results under different
fusion weights
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Table 11  Comparison of parameters and inference
speed of different methods
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