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Background
* What is the task?

- Anomaly detection
S WEM SHojLt= B S SH e HO|HE A 80t= 7|
~Vision, A| A€, 28, HIAE 52| 200 M AR =

- £ 79|, vision anomaly detection= 4t} S K=, | & 2t F 0| A AIE &

—

<Vision anomaly detection>
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Background

 What is the task?

= Multi-modal anomaly detection (CLIP-based)
- CLIP
;= Web T2 2| image-text Ol O| E{ 2 S5 9t pretrained model
. 4o itot 58 s CHASE downstream task 0| Al zero/few-shot & 8 &
- CLIP9| pretrained image-text representation &

- Normal/abnormal text prompt2} image2| similarity H| 1 & &2t anomaly & X|

= 0fl) WinCLIP, AnomalyCLIP, AdaCLIP...

Patch embedding map F'

LW .

Window
embeddings

o W
— —_ —
image

Mid-scale window
embedding map FY

Binary mask w;;

encoder Window
embeddings
Masked image Small-scale Small-scale window
as window f() embedding map F¥
<CLIP-based anomaly detection 04| A|>
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Background
e Why this topic?

- Unsupervised anomaly detection2| 4%, 0|0] &-50]
-MVTec, VisA H|O|E{All S0{|A{ 0]0O] 999, MEO| H& Hd
-7| B0l HHES SHLE o H7t= HA Ao =St

- CLIP-based anomaly detection =t ZS}0 7H Q!
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP: Enhancing Zero-Shot Anomaly Detection
via Anomaly-Aware CLIP (CVPR 2025)
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)

* Problem formulation

- Anomaly Unawareness in CLIP

-CLIPO|A{ 2| 7} 4]
;= Visual feature2} normal/anomaly prompt embedding 7+2| cosine similarity A4
;'s Anomaly prompt embedding 22| FAIE7} &2 M anomaly 2 73

~CLIP text encoder2| ©A|: anomaly unawareness
s AKX &8 Al, anomaly O| 0| X| 0| A{ £ normal prompt2t O &2 SALE £
;= General @ task O] &S & — text spaceOl| A normal, anomaly2| 2|0|7} M2 44
soaeff 20 el &/ XA 2 AKX T anomalyOf| CHSH X[A]0] gl

“Thisisa[ ] carpet.”

Semantics  Similarity Probability._
broken 0.18 0.22
normal 0.19 0.78

“Thisisa[ ] zipper.”

Semantics  Similarity Probability._
broken 0.20 0.38
normal 0.21 0.62
| 442 Cn 3. <Anomaly unawareness of CLIP text encoder> | VDS I
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)

* Problem formulation

- Anomaly Unawareness in CLIP
- Prior solution: embedding adaptation dilemma

:': Domain adaptation= & Off anomalyOf| Cli{ ek X[ A=
vLearnable token 2 2 S50t Lt adapterE &

R
vCLIPO| &&= unseen datalf| LT =2 LUz} H5
v 2{L} domain adaptation= M2 Al, overfitting 7ts°30| U=
veautzl 452 FXAI0HH Al anomaly 2 S Yt Y SH= refinement 30| 2R

___________________ Original CLIP

a photo of a cashew. 1 0.96 0.92 0.97 0.92 0.93 0.91 0.91 087r £:1:3 0.45 0.45 0.46 049

L%
x
1 g
>

After Text AdaPtatlon

TR 096 1 093 097 0.9 0.89 0.91 0.91

T 092 093 1 095088 086 0.88 0.9 1 0.830.36 0.31 (i)

PR S 0.97 0.97 0.95 1 0.93 0.91 0.92 0.93 §0.88 0.89 0.83 1 m

I a
a damaged i A 092 0.9 088 093 1 0.98 0.92 0.94 R 0.36@ 1 0.95 jNg .

BRI RN BRSO 0.93 0.89 0.86 091 098 1 09 092
ER DN VA 0.91 0.91 0.88 0.92 092 0.9 1 092

RV G4 0,91 091 0.9 0.93 0.94 092 0.92 1

<Anomaly unawareness of CLIP text encoder>
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)

* Method (contribution)
- CLIPS| EHt2t 55 FX| _5f':ﬂk| text, visual & ZHO| A anomaly HE 53 23}
- Residual adapter: CLIP2| & HH 53 EZE5HHAM anomaly detection s 3 E2
- Stage 1: text spaceOf| A| normal, anomaly o|0E iMoo 2 22|e

- Stage 2: text embedding 2| anchor®} patch feature ZF2| alignmentE W opAH =78

| Stagel: Disentangling Anomaly-Aware Text Anchors \

Adapter Adapter

B ieteistuieivininielnie ittt L fisentangle °
{ Normal Prompt \ 50 (Adapter | q_J’ = = o ~Q isentang
H 1 _Adater g 2 2 2
:[ A photo of [CLS] ]: E g Egli|Ex Egl |Es [<Tw, Ta>2-0
s = Tolg s 2 S 2L S =
' Anomaly Prompt :_ E = é =l - é 5 é 3 é 3
[ A photo of broken [CLS] J ! & = o (= (= L
s
““““““““““““ Shallow Layers of Text Encoder Deep Layers K
Voatch Vz}mrrrl lepatcr V4yatcﬁ =

. }’
Trainable js| 1- Anomaly :
Vlsual 8 Visual T a Visual a Visual 0 - Normal Lc[s
—» Freeze Blockl Block2 Block3 Block4

| Stage2: Aligning Patch Features According to Text Anchors ‘

i[ A photo of [CLS] }: JI & Adapted Text Encoder I—N . ————————————

[ AphotoofbrokenfcLs) |1  —————— LD UH
N i ’ ’V%pm(ﬁ v%pat(.ﬁ Vi “patch v4par(ﬁ ypat:ﬁ
] [ I 1 I > L,
1 = 1 — i
-=+Trainable I I 1 [
— Freeze 4 4 4 1 - Anomaly L
i . Projector - 0 - Normal
Blockl Ady Adupicr [ Blodd Blockd |
1 1 i H
5 0|] Adapter |+F1 5 ] g |1 g I 5 5
Ee o BRI ES LB B (Bl B |8
E- g E-| | E i| & g 5 g
= = = = HES] = = =
Shallow Layers of Visual Encoder ' -Deep Layers

ﬂ B TUdhD <Two-stage pipeline of AA-CLIP> VDS
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)

* Method
- Residual adapter

- Text encoder2} vision encoder?2| shallow layersOi| residual adapterE =

.- Shallow layer0ll &-& — anomaly aware®t 2 0 localStH =7, LHtst 53 X
~X}esiauar = Norm (Act(Wixi))
_xénhanced =1 x;esidual + (1 - A)xi

Stagel: Disentangling Anomaly-Aware Text Anchors

Adapter Adapter
==

_____

Transformer |
Transformer
Layer &
Transformer
Layer a

_____

Shallow Layers of Text Encoder

<Residual adapter of AA-CLIP>

. AW OUBED | VDS |
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)

* Method
- Stage 1: Disentangling Anomaly-Aware Text Anchors

- Vision encoderE freeze A|Z! A EJOI| A{ text encoder2| adapter, projectorTt= St&

-Normal, anomalyS 25 Z2St= promptE ALE, embedding®| B 4f= anchorZ 2|
'+ Normal/anomaly prompt embedding2| anchor: T,,, T,
' Text anchor= O| vision feature= 1} & & &

_Tn; Ta 7I_|- -IgrAl—Ejl- I-!‘Ol‘XlE% Ldisentangle% EOI:I — nOI‘mal, anomaly _O_l I:Il 7|- _E_El EI:II

Stagel: Disentangling Anomaly-Aware Text Anchors

Adapter Adapter

vieteiiuioiaininieieiieieil - L ficontanale -
[ Normal Prompt N = T (J_J, = O oy e isentang
! _Adater = o u o
( Aphowof[cLs] ]I |E 5 T E 5 E 5 E 3 E 3 : <Tw, Ta>|%2- 0
' Anomaly Prompt —E = @ Z2®1% 8 12 22 =5
: A P - g~ g ~ g - g-| £
:[ A photo of broken [CLS] ] E = = = = = I
~ 4 S
______________________ Shallow Layers of Text Encoder Deep Layers Y
Vyatcﬁ szarcﬁ V3 ‘patch v4patcﬁ =

.

b
b

Trainable ..»| 1-Anomaly )
a Visual T |8 Visual T A Visual T a Visual vV 0 - Normal Lf[s
— Freeze Block| Block2 Block3 Block4 image |

<Stage 1 pipeline of AA-CLIP>
ﬂ AT VDS
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via ano:

AA-CLIP (CVPR 2025)

* Method
- Stage 1: Disentangling Anomaly-Aware Text Anchors

- Vision, text alignment
5 Pets = CosSIM(Vimage, [Ty, Tal)
2 Dteg = CosSIMVpatcn, [Ty, Tal)
- Classification, segmentation loss
5 Lgs = BCE(Peis) ¥)
$ilgeg = Dice(pseg,S) + Focal(pseg,S)
5: Latign = Leis + Lseg
- Total

2 Leotar = Laigin + VLldisentangie

g ST .
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AA-CLIP (CVPR 2025)
 Method

D)

Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

= Stage 2: Aligning Patch Features According to Text Anchors

- Learnable projector= text anchor2| Xl ‘& 0| St A] vision featureE projection
= >
-47K2] vit block Ol M multi-level vision patch feature®! V.., & F=
‘ I_ —
2V} qeen, = multi-scale vision feature — segmentation & 0| 2F&f &
=X . . =
patch9|' text anchor 7 cosine similarity score= &9l A patch level prediction map =
. . e o = - = ) ==
~Multi-scale prediction map= & 45t Z|F prediction map ==
Stage2: Aligning Patch Features According to Text Anchors
{[ Aphotoof[CLS] ! I & oo e o) ]
! pted Text Encoder '——". f]" f]" s
:[ A photo of broken [CLS] ]E I \_-I
N e ! Vl}mrcﬁ V2 patch V3 “patch V4parcﬁ Ypatc h
-=+Trainable I 11 1
—> Freeze 4 4 4 ..p| 1 - Anomaly L
[ Projector ] [ Projector ] Projector 0 - Normal s
Blackl ."Ef"‘“;'l AdipEEE Blocka | | Block3 Blockd
E@M’\ 5O i ,E,q: i ECD 5 5@ ECEI 5 O "
s EY Splalisslaelil e feelldcel 1okl J8 (v -
u“‘—' el e a PR e TR El it
& E [1iE ||& E||E g || =

Shallow Layers of Visual Encoder Deep Layers

ﬂ B TUSED
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)

» Experiments

= Quantitative results
- ™ CLIP text encoder= AlE2%t HIHE
'« CLIP, WinCLIP, VAND, MVFA-AD
- Learnable prompt = {0t & H =
' AnomalyCLIP, AdaCLIP
~Full shotO{| A pixel-level AUROC SOTA 3= E¢

Dataset CLIP*  WinCLIP*  VAND*  MVFA-AD AnomalyCLIP* AdaCLIP Ours
Domain OpenCLIP  CVPR 2023 CVPRw 2023 CVPR 2024 ICLR2024 ECCV2024 -
Available training shots - - full full full full 2 16 64 full
BTAD 30.6 32.8 91.1 90.1 93.3 90.8 928 944 965 97.0
Industrial | MPDD 62.1 95.2 94.9 94.5 96.2 96.6 963 965 963 96.7
MVTec-AD 38.4 85.1 87.6 84.9 91.1 89.9 91.0 912 91.6 919
VisA 46.6 79.6 942 93.4 95.4 95.5 934 938 940 955
Brain MRI 68.3 86.0 945 95.6 96.2 93.9 963 964 965 955
Liver CT 90.5 96.2 95.6 96.8 93.9 94.5 973 977 97.7 971.8
Medicqs | Retina OCT 21.3 80.6 88.5 90.9 92.6 88.5 942 951 944 955
edical 1 colonDB 49.5 51.2 782 78.4 82.9 80.0 83.9 835 847 84.0
ClinicDB 475 70.3 85.1 83.9 85.0 85.9 802 87.6 87.8 89.9
Kvasir 44.6 69.7 80.3 81.9 81.9 86.4 82.1 846 852 8712
CVC-300 49.9 - 928 82.6 95.4 92.9 960 97.4 960 96.4
Average | 499 74.7 89.3 88.5 91.3 90.4 | 920 926 928 934
<Pi - - >
R M THE D Pixel-level AUROC of AA-CLIP VDS
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)

» Experiments

= Quantitative results

- Image-levelOf| A 2-shot A|, B X Ol -5, full shotO| A{ SOTA 5 E ¢

~OIO|E ¥O0| Z7tet+& CHE B2 E 2 underfitting =l HHH AA-CLIP H& &4
- Implementation detail

-Backbone: ViT-L/16 7|2t2| OpenCLIP

~Multi-scale feature == ¢Sl A vision encoder®| 6, 12, 18, 24 HM layer output AFHE

. Pixel-Level AUROC Image-Level AUROC
- Image I'eSOhltIOIl: (5 1 8, 5 1 8) . Average Performance - Average Performance
az-/’—/. o
SEA
~RTX 3090 1L} 2 &5 P —
Dataset CLIP&VAND* WinCLIP* MVFA-AD AnomalyCLIP* AdaCLIP Ours 3 F3 A
Domain | ¢ OpenCLIP  CVPR2023 CVPR2024  ICLR2024  ECCV2024 - "l pramescte |1 £, | e
Available training shots - - full full full 2 16 64 full o > o e
BTAD 736 682 943 853 909 880 909 947 94‘8 o ~PShotsz:f'Training Data Used ¢ o ~FShc.tsc;q:‘rrainmg Data Used ¢
Industrial | MPDD 73.0 63.6 70.9 73.7 72.1 63.6 783 757 751 100 _Performance on BTAD 100 _Performance on BTAD
MVTec-AD 86.1 91.8 86.6 90.9 90.0 859 89.7 92.0 905 -
VisA 66.4 78.0 76.5 82.1 843 | 784 840 841 846 /// . /\‘
Brain MRI 58.8 66.5 70.9 833 802 | 843 804 834 802 5= | -]
Medical | Liver CT 547 64.2 63.0 61.6 642 | 694 681 692 697 E. o IR o
Retina OCT 65.6 425 713 75.7 82.7 774 810 829 827 MVFA-AD P MVFA-AD
ol 4 +— VAND ,ﬂ #— CLIPEVAND
Average | 683 67.8 77.1 78.4 80.6 | 78.1 818 831 825 M oS [ WO e
\Sho(s D‘; Training Data Used = \SHO[S 0\; Training Data Used
—
<Image-level AUROC of AA-CLIP> <HOlHYE d& Hl >

ﬂ AW THEE D VDS
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via ano:

AA-CLIP (CVPR 2025)

» Experiments

= Qualitative results

-AA-CLIPO| CtE2 HHHE2Z0] H|S| A{ false negative 04| 0| M1

CLIP AnomalyCLIP VAND

Image Ground Truth

Yzt

R 4B CHBE D <Visualization of AA-CLIP>

SOGANG UNIVERSITY 16
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025

AA-CLIP (CVPR 2025)
 Ablation study

- Image space

- Linear projector &-&: CLIP2| Y&t} ds XSt — zero-shot AUROC &-& X|5t
~Residual adapter M -&: U2}t &2 7 XISt HAM anomaly detection &5 et

- Text space

-Residual adapter & I "8 &2t semantic £ & — zero-shot AUROC &5 24t

_Dlsentangle IOSS yS| —9—: See\;gClaSSizsses Unseel’rl]azcaiisses
‘ S peba sbrnorma diher
' Image-level 0| M S5 &S % le g T e @
— 2 E p # ;@2 zi[’z rb'me
'+ Normal, anomaly 72| = &4 =& g : g i S
o g
5 % fi mac&é\%mz tran\'s tor gfid Bt
Method __Avg. AUROC sty gP YR
Pixel-Level Image-Level . o nomal
CLIP | 503 69.3 t-SNE Componen 1 ? t—SNE;mDonent 1
CI:ZT:EI ndle . CI:::;I ule pilly
1.+ Linear Proj. (VAND [6]) 88.9 69.3 apnormal - mif o> abrormal
Image 2. + Adapter 48.9(-40.0)  53.4(-159) &% oy P g | o dpger oo
3.+ Residual Adapter 91.3(+2.4) 80.7(+114) G & (R -
i 29 71 g ; e Pipﬁﬂwﬁm F il 00 '3
Text 4. + Residual Adapter 92.1(+3.2) 82.6(+13.3) 7| spee 4 o [ - g
5. + Disentangle Loss 92.7(+3.8)  83.3(+14.0) < A
cq les wgd
<Ablation study of AA-CLIP> :NE o i t'siE Comm:
R AT TSR CLIPvs AA-CLIPt-SNE>  [vpg
SOGANG UNIVERSITY 17 Lap
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayesian Prompt Flow Learning for Zero-Shot
Anomaly Detection (CVPR 2025)

AW THdkn VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)

* Problem formulation

- Zero-shot anomaly detection & & = 2| oHA|
-TS2E A & promptZt AKX XA A|HE 0 A 2| &2t
- £t prompt representationO| =& ot ZWO|Lt B HEE EZASL7V| O] F

- M| 2= X| 2= learnable prompt spacel| B2, M E2 classOf| CHH YHtzt H 5 XSt

| [A bright photo of a ”[stale” |[c ass]| Text

Embeddings

l [The clear ph0t0 of a] ||[stale]| | Llass]l Text
= 2 — Eﬂﬁl
Prnmpt Optlmlzatlon Encoder

I
I
|
|
|
|
|
| i .
g | | Stat
B : V, v, : [state]||[class] (Static) ﬁ .
| | S | ] [ = :
: Lum tb]L Comaxl ‘\u,um batchlevel SlIl'lllal‘lty

tch-leve
| Input Image a A v M
| [sla[e] P g Feature ‘ nomaly ap'
|
; Elmaie :
: ‘ good ‘ ‘nonna ‘ |damaged‘ [ahnormall ficoder '
' I
I |

'====

<7|Z& CLIP 7|t g~

R AT THSED VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)

« Bayes-PFL2| contribution

M
Hl
Hu
Ko
M
o

- Text prompt space= Bayesian 2t & 0| Al et5 7ttt 2&

-

rob o> o
l
ne
rc
ot

10
=
M
Hl

Rl

~Prompt bank: normal/abnormal = 2f 2 0]l CH Bt learnable prompt
o & -

=5 T X S

0
0%

- Prompt flow module: text prompt L context, state
- Image agnostic distribution (IAD): normal/abnormal & E{ Of Cf
' Image specific distribution (ISD): image contextOf| [FE 2|0| E &

-RCA module: &% Q! text embedding, image feature ZF alignment 2F 2

I Text Updated Text
Prompt Bank (Normal / Abnormal) Embeddmgs Embeddlngs

eI S-S o “‘
(Dynamic)

]

]

]

]

I

I

]

]

]

£ 5 ]
Cosme !
(18D LCnn[cx[ {TAD .ll State Slmllal‘lty :
. S = l

]

]

]

]

]

]

]

]

I

]

I

amplin, ampling

O ~q.(p)|| © j
; ‘?x (") s "‘;]K (@) Image Averagel

Prompt Flow [Prompt Flow Encoder Patch-Tevel

4 Image 4 Learnable] Input Image Feature
Y {Feature & (9 Vector )

T Anomaly Map

ﬂ B THEED <M| Q8= Bayes PFL B> VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

= Overview
- Input image X-= patch TH ¥ E =& — image encoder= patch feature ==
- Patch feature”} linear layer 74 & A{ vision-text embedding Xt-& O0fl S Al projection
~ Prompt flow moduleO| image, text& %'5H context distribution2f state distribution®| CHSH St
~Monte carlo sampling SHA] 28 22 ZA1}7} prompt bank 2t 2 S — text prompt 4 A

- Text embeddingO| RCA module% %3H A image embeddingt & — anomaly map =&

______________________________________________________________________________ ]
I —_—
Prompt n Normal Prompt Bank . . T Normmal Text )
1 p Xj : Leamnable Normal Free Vector ' Pre-Trained Normal Text
istributionalizati E 1. L las] | & P . 2 (O0.92 |
: i Distributionalization 4, (;1qpa1 | age Feature 5 IE' 9 ..[’~ ass] 3 Vision-Language Embeddings | Z; e R™ ©— (Q0.85| Average O—D@—b Classification |
| “ . Leamable Abnormal Free Vector g 8 o ! Model 000 > Oﬂm > I |
o y carna bnorma! .E E. . felass) ! o ~ /0 PN anomaly score
w 6090 i !
[ ; (2 © 0o Onf)s [}
! o N e e e I”“’““ T ® | - S S\ 9, 5., !
| C )
(B 3 : Text > AA A " )
r [P = T | Encoder Saaaaat Max Segmentation |
: ind @ lempl Fusion ¢ ® ! a AAAA% A anomaly map |
| : I
[ i Abnormal Text | | | O F, 7 oy
[ I ]
: i - (o] .. . {@. .- @ sl 3 Embeddings | :
i : |
' class] : X I
i Sakan; o 5 .
1 N L T N - U B Y ) .
VT Input Image | Patches Image \
! | lm Encoder | | |=| [emmm—|l5l*EE=2— 7 | | rEmaT T R T |
: XeRM™ — [ > H
. MG :
| (LTI e 1
: "RCA ldenmy — l rompt Flow . Simple distribution @ D, _ |
1 Module Attention \ i1 Module o £ E i) O @) that is closer :
1 Map O & ‘ 4 O O posterior of prompts .
[ I ' | :
) j m : 1Eefx,xt,xd ) g ] S |
) gnﬂmax K | o X - . :
' i ¥ —| £ q )
) | G~ § @ S !
1 i
! [}

B L &i---------------"""“-----zlé;l-iés-i’-ﬁi-éf-fféﬁ{e-\;vb}i{; --------------------------- : VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

» Two-class prompt banks
- Text prompt= context, state, class THO] 2 =5
s=Context: K| S5, M2 2 E
‘= State: normal/abnormal & &
- Context2} stateO]| Cl{ o} token= learnable token2 2 A7
gy = [Eva][Es2] - - [Ey p][Sy ] - - [Sy l[class]
95 = [Ev][Esz2] - [Ep,p][SE ] - - - [Sp ol[class]
s': gi, g normal/abnormal prompt bank LH 2| SFLF2| prompt
't [Ep ;] : image2| context Of| {2t learnable token
s [Spal image9_| normal, abnormalO| Cl{ ot learnable token

~Loss 2 &9l &2 prompt bank2| embedding 7t &1/ ZX| — prompt bank L S= K| A

R AT THSED VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization
-~ Prompt flow module Z-E53H| A{ text promptE 2 & 2, 4 dot= ™H2 &EH
- Distribution 0| A| ME & El Z1Z prompt bank 2} fusion
- Prompt space= ISD, IADEZ X|| 2}

;= Unseen classOf| CHoF 2 & O LHtz} H5 SFal

Normal Prompt Bank
Di .bPl‘f)mplt. s X;: Learnable Normal Free Vector l: (a1
itchutonization X : Global Image Feature L |E"2 E.AS. .. g (clase]

‘ 5 : :
a =T ~ 11 © L ree S - & n ¢ n
%: Learnable Abnormal Free Vector E IEs,z"‘lEa,P S; 185 [class)

' I
| I
I I
: I
' I
I I
| I
: I
’ - ~ :
i o0 e — :
= n n
i X; (= ]RC_; .'-g' —p ! N E N @ Prompt Fusion? @ i
| 2| ol-a) |E e o |
a o | —0 g
E x e R€ E q : = | o) lPrompl Fusion ‘ @ E
: S~ ®€ - q we O 1
i A |z ' el :
a a a a cee a4 leee a |
ero— |l S @@ [ EIEL B Ees
i w S ) R EB.I EB.Z." EB,P Saﬂ',l i S:.Q [class] :
: Abnormal Prompt Bank i
I
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Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization
-Bayesian inference
22D =1{X,Y,, Y5}
vD: 22 H[O|H A
v X: input image
vY.: image level label (normal, anomaly label)
vYs: pixel level mask
5: @ = { @, @5, Dy}
v®,: context word embedding
v®Z: normal word embedding

v®Z: abnormal word embedding
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization

-Bayesian inference

;': Posterior probability
p(D|®)p(?)
p(®|D) =
(21D) p(D)
RS HEA
3
g(‘l.)-z.'oai
7 { Sa)+F0as)
! 9(%7—"‘_{_—
E : l nn ﬁikﬂ'
T w i %a > Mot - 450w
Ji oty gl P(hut Han )y TR

HED) > E[N0]
2 |
3 (EC9) 2E [log 09
Rﬁ STH k.

VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detect

Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization

- Lower bound: L (D)
log (D) = log. [ p(D|®)p(@)ae
> E, (ap)llogp(D, ®) —logq,(®|D)] = —L.(D)
::P(D)= Al 2715 — p(®|D)E learnable distribution g, (P) 2 At
0+ (®) = ¢7(¢°)a,(¢™) e, (¢")

vZf embedding@ E @2 FES0| 25 5EHHO|2t= 71
x

— = =
vLower bound?! L, (D)E Z| 225t E Sh5siA LA =

ﬂ 447 CH 8k
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Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization

- Lower bound: L, (D) d7H 1t8
,na_(ED(]) 2&[!2_0()] — (1)

[vaf (D) = ’ogf P (B)P (g 24P — (%)
Eplfo] = [fopwde —

)A 8
o3 P)=log [POIB) @) IP =l I %{g 3 BD) g 617

_ P(PIB) PP PO @) | () 4
“k3 Eqpp Wﬁﬂ 2 E%v""’)[l} %"(9’“’)]

= o gl leg POPIP(P) foa §,.(91D)]

- L%P (ID) C Iv& Py, $) "l°3- L.LP D)J':“ ~Le(D)

R B THSED
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization

-Prompt flow module
;' Simple distribution ‘et
vl 2] 71 9| Linear, Softplus layerE Bt5 M &
- Softplus —» & S0 BEHX & Y2
- Mo 2 Ht 20l simple distribution 44 S
' Distribution refinement
vDistribution0| linear, tanh H 4t Hh= M2, complex distribution g (D) &S

vLo(D) ZIHBZ QY g, (D)) 7t p(Dk|D)ON 7HIH E

Prompt Flow ~ — — — ) (— Simple distribution D, D, ©, by, 'I‘;; Complex distribution |
' Module 8_. g "Eg N E N é ) g -—h/(ﬁ{ 8 8 8 O O that is c_loscrfto the true i
| S| (3] (3] |5] |3 O O posterior of prompts
: - — — — \_J e L] L] L L %(q’) '
EexxLxil Y~ MmO : : i : - |
| - | |2 E W, __u W, _u |
l SN AN R NN —%{g{ —-0—-0-0-+0 QO :
= O FEHEE o O o © :
e W@)-N@OEQ)  a@)sp@ D)
R P <Prompt flow module>
S C
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization

- Prompt flow module

sz Distribution?| 2= HH

K
log qx (P ) = log qo(®o) — Y log |1+ uge(®y)|
k=1

vDistribution= refinementS} ™ S7+2| 20| HiP 22 H Hol HIH T

al
o
v& Ol AXH = ZOPX| 1, HOMX|H E=& =040k &

_
vJacobian =412 O| &3l M 27| distributionOf| A| jacobian &5 | A| =l

;' Input: global image feature 2! x 8%

vO|O|X| 7} context 2|0|= &1 U=

vOutput: Image Specific Distribution (ISD)

;= Input: trainable vector xf, xf 2| 8%

vNormal, abnormal stateO| CHSH & & =l state semanticsE St&St= G| At

2 5
o a
vOutput: Image Agnostic Distribution (IAD)

| 4% Tudhan VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization

-Prompt sampling and fusion
:': Monte carlo sampling= AFESH Al ZF xOLCE 70 2] vectorE =

v'Monte carlo sampling
LS8 WSS9 23S of2f ) MEY

HA = o
 Ci%ol BAjof M2t MBo| 47t 242 WR - 2uo W

=,

v'Vector: context vector, normal state vector, abnormal state vector

Prompt X"

g ol ble N 1 Free Vect
Y ¥ -
... (class)

Normal Prompt Bank

& B
: Learnable Abnormal Free Vector

e
~ 8

Abnormal Prompt Bank

i :
i :
i :
i !
i — 7 . ;
i / \ — 1
E x;eRC_, % — ‘ — %n —» o) TPromptFUSlOﬂT ® E
: 2| ®-da) |E ,
| : g —@ g
I
E X ERC —_— £ i . e_> _g = “.m @ lPrompt Fusmn z i
i = D, ~q,(¢°) C: :
N I
i X;GRC_’ E_ —:I)a ( a)—> g _> IE'. .. .[class] E
s o ¢ 1
W Y EE EE e |
' I
)

” Ay k-Ln <Prompt distri%%tionalization> | VDS |
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

- Prompt Distributionalization

-Prompt sampling and fusion

:'= Context vector, state vector, class token= & H A‘| _5fo9| prompti 478

vNormal state text prompt
* 9pr=lEp1 + @FEp2 + @7 ] [Epp + @7 1[Sp + @F] -+ [Sho + @7 ][class]
v'’Abnormal state text prompt
* 9pr=1Eps + @7 Ep2 + @F] - [Epp + @F1[Sh1 + @F] -+ [Spo + @rl[class]
o

+
2B x R 7H2| prompt 44 — #=Zt LA 2 Olst Xtel 284 S0

Prompt X"

Normal Prompt Bank
S nid R o 7+ Learnable Normal Free Vector £ B el
Distributionalization

X : Global Image Feature IE' el
x%: Learnable Abnormal Free Vector & (class)
——

4

Abnormal Prompt Bank

i i
‘ :
: !
: :
| 4 N (S— |
E X; cR¢—» :; e n‘,,_> _;E —> ® TPrompt FusionT i
E § D7 ~ gy (9" E E
! ; s & e = y ¢: i
i xcR¢ —» & —Pq) q e)—b T: — @ lPrompt Fusion@ i
: a e qK ¢ O (_H r_Aﬁ :
| E 3

e | El— ) (5| > @@ IR EE e |
: £ o e 2] 5 el Ll |
E w -y, X [class) E
i 1
1
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)

* Method
= Residual Cross-modal Attention (RCA) module

- Text feature
:': Random sampling@ £ QIS X 2 Hgt
<IAD, ISDE 25 2t 1 128 2 global Pt featureOf| 3§ et
-Image feature
'« PatchOf| CH 2} featureO| 2 2 fine-grained?t featureOi| Sff =gt
-Problem
'« & modal 7F2| modality gapte Bt OFL| 2t global®t "H &, localet H & AFO|2| gapO| E=XY

[ Identity | ——
!
/ Attention % Fb,r

\ Map
(Identity |

T Softmax

1 —»m/'@’

<Prompt distributionalization> VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)

* Method
= Residual Cross-modal Attention (RCA) module

-Solution
[iFyy = Zpy + softmax(Qyy (F)T/VC) F!
vZp . T H| text embedding, cross-attention AL M queryZ 273 &
- TH| text embedding 2| 0|7} 3| M E|X| RAH| residual 222 27H E
vF!: patch-level image embedding, cross-attention & 4t0|| A key, valueE &7 =l
vFf . patch-level O] Sl & St= text embedding

:'s Modality ZF gapt= Tt OFL| 2} global, localZt modality gap = Y — zero-shot && 2F4

™
-

[ Identity | ——
!
/ Attention % Fb,r

\ Map
(Identity |

T Softmax OA

1 —»m/'@’

. AW THED <Prompt distributionalization> | VDS |
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection.

Bayes-PFL (CVPR 2025)
* Method

- Anomaly scoring

- Patch-level anomaly map

SiMypy = softmax(Up(F/ lbr))
- Z 1219 12 1Ml,b,r

LBR
vPatch-level image embeddingd} text embedding Zf Zf= L2 norm
vL2 norm®t embedding 7} dot product A 2, H4f Al At
-Image-level anomaly map
‘ 1 ~ 5
,* Stext — (ﬁ) Zg 27}3 softmax(xZ,ﬁTr
VX = Xeis T Xpatch
vGlobal @t image feature X} global©t text feature 7F2| dot product &4t

::Stotal = Stext™ Simage

R 447 CH 8k
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
* Method

= Loss function

- Orthogonal loss

3 Lope = 12 1]¢z{(< t11’11>) + (< tl,th >)?)
v<>: cosine similarity &4t
vZ} normal prompt, anomaly prompt= UO|M S5 & HE7I QS R

- Prompt flow loss

L,(D) = Ey_(a|p)llog ¢,(®|D) — log p(D, ®)]
K

= Ey(@0) |108 q0(Po) Zlog|1+uk¢(q’k)|
k=1

— E4y(@0)[108 P(Pk)] — Eqo (@) [log p(D|P k)]
' @i (g )= initial distribution ! gy ()0l ot A= B
2 A 1t2tE 20l initial distributionS subtract
OFX[2} term data®i| CHBH loglikelihood
vFocal loss, dice loss, cross entropy loss & 2 2 CHA|

N AT TSk
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Bayes-PFL (CVPR 2025)

» Experiments

= Quantitative results

- Zero-shot AD task®| gt

;= Metric: I-AUROC, P-AUROC, AUPRO

1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

=1} Bayse-PFL2| d& H|u

E': |:-”O| E.I M 0-||A—| SOTA M M= '— El-kl

APRIL-GAN [9]

CLIP-AD [10]

AnomalyCLIP [49]

AdaCLIP [8]

Bayes-PFL

(86.1, 90.4, 93.5)
(78.0, 78.7, 81.4)
(74.2,70.0, 71.7)
(90.3,70.0, 74.4)
(73.1,59.7,50.5)
(904, 86.9, 90.1)
(83.9, 89.4, 93.6)

(89.8,91.1, 95.3)
(79.8,79.2, 84.3)
(85.8,81.7,85.2)
(95.2. 84.4, 88.2)
(88.3,74.1,73.9)
(90.8, 88.4, 90.5)
(91.5,91.8, 96.8)

(91.5,92.8,96.2)
(82.1, 80.4, 85.4)
(89.1, 86.0, 91.1)
(92.1,71.0,77.8)
(73.5,59.0, 55.0)
(95.6, 93.2, 94.6)
(94.5,94.5,97.7)

(92.0,92.7, 96.4)
(83.0, 81.6, 84.9)
(91.6, 88.9, 92.4)
(95.9, 84.5,95.9)
(89.1, 75.0, 70.8)
(96.5, 94.1, 95.7)
(92.8,92.2,97.0)

(92.3,93.1, 96.7)
(87.0, 84.1, 89.2)
(93.2,91.9, 96.5)
(97.3,92.3,97.9)
(94.1, 89.6, 92.3)
(97.7,95.7, 97.0)
(95.1,95.1, 98.4)

(87.6, 4.0, 40.8)
(94.2, 86.8, 25.7)
(91.3,23.0,32.9)
(97.9,51.1, 61.6)
(99.4, 64.9, 30.6)
(99.2, 447, 42.6)
(96.6, 41.6, 67.3)

(89.8, 70.6, 40.0)
(95.0, 86.9, 26.3)
(93.1,59.8,46.7)
(99.3. 85.4, 58.9)
(99.2,90.1, 31.9)
(99.0, 83.1, 40.7)
(97.1. 68.7, 62.3)

(91.1, 81.4,34.5)
(95.5, 87.0,21.3)
(933, 69.3, 42.0)
(99.4,92.7, 41.8)
(99.1,92.0, 19.1)
(99.1, 93.6, 29.5)
(97.6, 88.3, 52.4)

(86.8, 33.8,38.1)
(95.1,71.3,29.2)
(87.7,17.1,36.6)
(96.1,70.8, 56.4)
(99.5, 50.5, 38.2)
(97.0,40.9, 44.2)
(94.1,24.9,52.8)

(91.8, 87.4, 48.3)
(95.6, 88.9, 29.8)
(93.9, 76.6, 47.1)
(99.6, 97.6, 73.7)
(99.6, 98.0, 39.1)
(99.3, 98.0, 43.1)
(97.8, 94.3, 69.9)

(89.3, 82.0, 89.6)
(89.6, 85.3, 84.5)
(93.1, 85.4, 92.9)

(93.8,90.5, 92.2)
(92.8, 88.7, 85.5)
(96.0, 90.8, 95.5)

(95.3, 89.7,95.2)
(96.1, 92.3, 92.3)
(97.3,92.4,96.1)

(93.4, 86.5,92.2)
(94.9,90.4, 94.2)
(95.7,89.1,95.7)

(96.5,92.9, 95.5)
(96.2,92.8, 92.4)
(97.8, 93.6, 96.2)

Domain Metric Dataset WinCLIP [18]
MVTec-AD (91.8,92.9,95.1)
VisA (78.1,79.0,77.5)
Tmage-level BTAD (83.3,81.0, 84.1)
(AUROC, F1-Max, KSDD2 (93.5,71.4,77.9)
AP) RSDD (85.3,73.5,65.3)
DAGM (89.6, 86.4,90.4)
Industrial DTD-Synthetic ~ (95.0,94.3,97.9)
MVTec-AD (85.1, 64.6, 18.0)
VisA (79.6, 56.8, 5.0)
Pixel-level BTAD (71.4,32.8,11.2)
(AUROC, PRO, KSDD2 (979,912, 17.1)
AP) RSDD (95.1,754,2.1)
DAGM (83.2,554,3.1)
DTD-Synthetic  (82.5, 55.4, 11.6)
Image-level HeadCT (83.7, 78.8, 81.6)
(AUROC, F1-Max, BrainMRI (92.0, 84.2, 90.7)
AP) Br35H (80.5,74.1, 82.2)
Medical ISIC (83.3,55.1,62.4)

Pixel-level CVC-ColonDB
(AUROC, PRO, CVC-ClinicDB
AP) Endo
Kvasir

(64.8,28.4, 14.3)
(707, 32.5, 19.4)
(68.2, 28.3, 23.8)
(69.8, 31.0, 27.5)

(85.8, 13.7. 69.8)
(78.4, 280, 23.2)
(86.0, 412, 38.8)
(84.1,32.3,47.9)
(80.2,27.1, 42.4)

(81.6, 29.0, 65.5)
(80.3, 58.8,23.7)
(85.8, 69.7, 39.0)
(85.6,57.0,51.7)
(82.5,48.1, 46.2)

(88.4,78.1, 74.4)
(81.9,71.4,31.3)
(85.9, 69.6, 42.2)
(86.3, 67.3, 50.4)
(81.8,53.8,42.5)

(85.4,5.3,70.6)
(79.3,6.5,26.2)
(84.3, 14.6, 36.0)
(84.0, 10.5, 44.8)
(79.4,12.3,43.8)

(92.2, 87.6, 84.6)
(82.1,76.1, 31.9)
(89.6, 78.4, 53.2)
(89.2, 74.8, 58.6)
(85.4, 63.9, 54.2)
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)

» Experiments

= Qualitative results
-Anomaly 89 B A| 50| FO|LIH, °o|= E1I0IE1“'01I)\1 7tE B

WinCLIP

APRIL-GAN |

CLIP-AD

AnomalyCLIP

AdaCLIP

Bayes-PFL

p " p . - g
4 i - " : >
~ fel-t | = —

Capsule Wood Candle Fryum Skin Colon Colon

R 4B CHBE D <Zero-shot AD taskOf| A 2| HEdM H= H|uw > VDS
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1) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Bayes-PFL (CVPR 2025)
 Ablation study

- Components
-1SD M|A A, & St& — O[0| X|0f| =

A3= context 2 BEIZI0| =R
-Lor M7 Al, I-AUROC, P-AUROC 1%% Zt 4

- Monte carlo sampling

thol IS [t 0] 242 50| GAE

-RO| S5 450 X2 sampling A| 22 &[= A[ZHO] ZO{H

Image-level Pixel- level R Image-level Pixel-level Time
AUROC AP AUROC AP AUROC AP  AUROC AP (ms)
w/o ISD 89.1 945 883 465
Module w/o IAD 90.3 95.2 89.5 47.2 I 895+1.1 94.1+12 87.1+13 454406 132.2+1.6
Ablation wfo/ISgbI:D g?-g gg-g :;; jg-? 3 90.0+10 94.8409 88.2+12 46.1+06 200.3+1.4
’ wo : i : : 5 91.1+08 954+09 89.5£10 46.8£05 254.2+14
Loss Ablation ~ wioLorr 912 960 902 473 7 920407 96.3+08 90.9+08 47.5+05 297.4+17
Classifiead "/‘”0 Xels Sg-g gi—g — — 10 92.7+04 96.8405 91.8406 48.3+04 388.5+15
assification w/0 X040 A . — —
Ablation wio ;’t;:‘ 890 951 B B 13 92.7+04  96.9+05 91.9+05 48.4+04 467.5£15
W/O Simyg 909 953 — — 16 928403 96.9+04 92.0+04 48.6+03 621.6+1.6
Bayes-PFL 923 967 918 483 20 929+02 97.0£02 92.1x02 48901 726.1%1.7
<Bayes-PFL2] ablation study> <Monte Carlo Sampling =0 [[}2 &5 H2|>
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1) Ma, Wenxin, et al. "Aa-clip: Enhancing zero-shot anomaly detection via anomaly-aware clip." CVPR, 2025
2) Qu, Zhen, et al. "Bayesian Prompt Flow Learning for Zero-Shot Anomaly Detection." CVPR, 2025

Comparison & Analysis
* Problem

- CLIP text encoder2| domain specific®t task| A 2| & X5}

 Solution
Task Few-shot anomaly detection Zero-shot anomaly detection
M =f 2ok Lightweight Fine-tuning via Adapter Distribution-based Prompt Sampling
1. Normal text, anomaly text, image featureOf|
CHSE Z+Z2to )\H A
1. Text encoder, image encoder2| 2 layerOf| Jl = l d1str1but10;1_| NI soes =
s 2. 2t distribution O A 1 o= T=E T,
et B residual adapter 77} [image embedding][state token][class] =
2g)= Eya 2. Text encoder 2t5 Al, disentangle loss& romg  bank L= g
A28 M normal, anomaly 2|0 £ 2| prompt o - L
3. PromptE text encoder® EO{ A feature
= oo
T=
bR CLIPS| general?t ‘d&2 FXAISHHA, Prompt flow module= &3l context2f normal,
e = anomaly detection taskO| 7| &5 abnormalOf| CHSE 57+ 2 & &
SHA| Few-shot2 Ct= full-shotOf] X & o S 2 -
R AT B VDS
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