PromptAD: Learning Prompts with only Normal Samples for
Few-Shot Anomaly Detection

Supplementary Material

A. Experimental details

Data pre-processing. Referring to WinCLIP [7], we em-
ploy the data pre-processing pipeline specified in Open-
CLIP [6] for both the MVTec [1] and VisA [14] datasets
to mitigate potential train-test discrepancies. This in-
volves channel-wise standardization using precomputed
mean [0.48145466, 0.4578275, 0.40821073] and standard
deviation [0.26862954, 0.26130258, 0.27577711] after nor-
malizing each RGB image to [0, 1]. Subsequently, bicubic
resizing is performed based on the Pillow implementa-
tion. As a default, we set the input resolution to 240 for
the shorter edge resulting from resizing, aligning with ViT-
B/16+ in our experiments.

Hyper-parameter. The length of trainable tokens in normal
prompts (Ey) is set to 4, and the length of trainable tokens
in learnable anomaly prompts (£ 4) is set to 1. For each
detection object, the number of normal prompts (V) is set
to 1, the number of learnable anomaly suffixes (L) is set to
4, and the number of manual anomaly suffixes (M) depends
on the number of anomaly labels in the dataset. )\ is set to

1. Generic anomaly suffixes

0.001. Referring to CoOp [13], the optimizer parameters
of prompt learning: learning rate, momentum, and weight
decay are set to 0.002, 0.9, and 0.0005, respectively.

Manual anomaly suffixes. We used two kinds of man-
ual anomaly suffixes: generic anomaly suffixes and object-
customized anomaly suffixes. Generic anomaly suffixes are
manually designed and object-customized anomaly suffixes
are generated through anomaly labels in the datasets [ 1, 14].
The specific details are shown in Figure 1.

Evaluation metrics. In addition to the results for the Area
Under the Receiver Operator Curve documented in the body
of the paper, We also supplement the image-level Precision-
Recall (AUPR) results and pixel-level Per-region-overlap
(PRO) [1, 2] results.

Other details. Since model performance in the few-shot
setting is affected by random sampling, we report the mean
and standard deviation over 5 random seeds for each mea-
surement. In addition, the few-shot results of SPADE [4],
PaDiM [5], and PatchCore [ | ] in the experiments adopt the
results recorded in WinCLIP [7].

‘damaged {}', 'broken {}', '{} with flaw', '{} with defect', '{} with damage'

2. Object-customized anomaly suffixes (MVTec)

'bottle’: ['{} with large breakage', '{} with small breakage', '{} with contamination'],

'toothbrush': ['{} with defect', '{} with anomaly'],

‘carpet': ['{} with hole', '{} with color stain', '{} with metal contamination', '{} with thread residue', '{} with thread’,

"{} with cut'],

‘hazelnut': ['{} with crack', '{} with cut', '{} with hole', '{} with print'],
‘leather': ['{} with color stain', '{} with cut', '{} with fold', '{} with glue', '{} with poke'],
‘cable': ['{} with bent wire', '{} with missing part', '{} with missing wire', '{} with cut', '{} with poke'],

‘capsule': ['{} with crack', '{} with faulty imprint', '{} with poke',
‘grid': ['{} with breakage',

'{} with scratch', '{} squeezed with compression'],
‘{} with thread residue', '{} with thread',
'pill': ['{} with color stain', '{} with contamination', '{} with crack',
"transistor': ['{} with bent lead', '{} with cut lead', '{} with damage',

'{} with metal contamination', '{} with glue', '{} with a bent shape'],
'{} with faulty imprint', '{} with scratch', '{} with abnormal type'],
'{} with misplaced transistor'],

‘metal_nut': ['{} with a bent shape ', '{} with color stain', '{} with a flipped orientation', '{} with scratch'],

‘screw': ['{} with manipulated front',

'{} with scratch neck', '{} with scratch head'],

‘zipper': ['{} with broken teeth', '{} with fabric border', '{} with defect fabric', '{} with broken fabric', '{} with split teeth',

'{} with squeezed teeth'],
‘tile': ['{} with crack', '{} with glue strip', '{} with gray stroke',

"{} with oil', '{} with rough surface'],

‘wood': ['{} with color stain', '{} with hole', '{} with scratch', '{} with liquid'],

3. Object-customized anomaly suffixes (VisA)

‘candle': ['{} with melded wax', '{} with foreign particals', '{} with extra wax', '{} with chunk of wax missing', '{} with weird candle wick"',
‘{} with damaged corner of packaging', '{} with different colour spot'],

‘capsules': ['{} with scratch', '{} with discolor', '{} with misshape’,

‘cashew': ['{} with breakage', '{} with small scratches', '{} with burnt’,

"{} with leak', '{} with bubble'],

"{} with stuck together', '{} with spot'],

‘chewinggum': ['{} with corner missing', '{} with scratches', '{} with chunk of gum missing', '{} with colour spot', '{} with cracks'],

‘fryum': ['{} with breakage', '{} with scratches', '{} with burnt', '{} with colour spot', '{} with fryum stuck together', '{} with colour spot'],
‘macaronil’: ['{} with color spot', '{} with small chip around edge', '{} with small scratches', '{} with breakage', '{} with cracks'],
‘macaroni2’: ['{} with color spot', '{} with small chip around edge', '{} with small scratches', '{} with breakage', '{} with cracks'],

‘pcbl': ['{} with bent', '{} with scratch', '{} with missing', '{} with melt'],

‘pcb2': ['{} with bent', '{} with scratch', '{} with missing', '{} with melt'],

‘pcb3': ['{} with bent', '{} with scratch', '{} with missing', '{} with melt'],

‘pcba’: ['{} with scratch', '{} with extra', '{} with missing', '{} with wrong place', '{} with damage', '{} with burnt', '{} with dirt'],
‘pipe_fryum': ['{} with breakage', '{} with small scratches', '{} with burnt', '{} with stuck together', '{} with colour spot', '{} with cracks']

Figure 1. [llustration of manual anomaly suffixes.



MVTec VisA

Cable Capsule i Capsules Cashew  Chewinggum
o m
Anomaly
query v
GT m ‘ AI
Prompt
(1-shot)
Hazelnut Leather Fryum Macaronil
o m
Anomaly LA
auety v
L A
GT
L A
Prompt
(1-shot)
PCB3
Normal
Anomaly
query
GT
Prompt
(1-shot)

Figure 2. Additional qualitative results from PromptAD (1-shot), tested on MVTec [1] and VisA [14].
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Figure 3. Qualitative results of logical anomaly detection.

B. Additional Qualitative Results

In Figure 2, we provide further qualitative results obtained
from our (1-shot) PromtAD for pixel-level anomaly detec-
tionin MVTec [ 1] and VisA [14]. It can be seen that Promp-
tAD can accurately locate both large-area surface defects
and small-area surface defects. In addition, as shown in
Figure 3, we also provide quantitative results of PromptAD
on some logical anomalies. Logical anomalies are mainly
found in some industrial components in MVTec. It can be
seen that PromptAD has poor detection results on the swap
anomaly of “cable” and missing anomaly of “transistor”,
while PromptAD has good localization results on the flip
anomaly of “Metal nut” and misplaced anomaly of “Tran-
sistor”. Figure 4 shows PromptAD’s detection results for
extremely small anomalies, which are usually hard to de-
tect by humans. For the convenience of viewing, we circle
the anomaly positions in red circles, and it can be seen that
PromptAD has difficulty in completing the accurate local-
ization of extremely small anomalies.

C. Comparison with Other Prompt Learning
Methods

PromptAD is the first prompt design paradigm for one class
classification (OCC) promblem, which overcomes the poor
performance of other prompt learning methods in anomaly
detection. See Table I, the classical prompt learning meth-
ods (1-shot) perform relatively poorly in anomaly detec-
tion tasks, and except for the pixel-level results of CoOp
[13] on MVTec and VisA, the results of CoOp [13], Co-
CoOp [12] and Maple [9] are even worse than contex-
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Figure 4. Qualitative results of extremely small anomaly detection.
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tual prompt engineering (CPE). PromptAD not only out-
performs the classical prompt learning method in anomaly
detection tasks, but also, compared with CPE, brings im-
provements of 0.8%/5.8% and 5.0%/8.9% on MVTec and
VisA respectively (image-level/pixel-level).

Method MVTec VisA

image pixel image pixel

;:8 CPE+WinCLIP 91.8 85.1 78.1 79.6
& CPE+VV-CLIP 90.5 8.7 712 829
CoOp+VV-CLIP 815 878 726 855

g CoCoOp+VV-CLIP  60.6 52.1 61.6 723
i Maple 66.8 649 605 615
PromptAD 91.3 925 832 918

Table 1. Results (AUROC) of different methods (w/o VAD).

D. Ablation Study

We further evaluate the impact of MAPs and LAPs
on PromptAD, respectively. For better comparison, we
removed the effect of vision-guided anomaly detection
(VAD). Table 2 (second row) shows that without MAPs,
the performance degradation is more pronounced, but it is
still better than CPE, indicating that PromptAD can still au-
tomatically learn effective anomaly prompts even without
using any manually annotated anomaly description suffix.
Table 2 (third row) shows that there is also a slight decrease
in performance without LAPs, which indicates that LAPs
can expand the set of exception hints and thus improve the



Method MVTec VisA

image pixel image pixel

1 CPE+VV-CLIP 90.5 8.7 772 829
2 Prompt w/o MAPs 87.6 89.8 78.8  86.2
3 Promptw/oLAPs 905 913 825 903
4 PromptAD 91.3 925 832 918

Table 2. Effects (AUROC) of MAPs and LAPs (1-shot & w/o
VAD).

Backbone Dataset 1-shot 2-shot 4-shot
ResNet1l01 MVTec 85.8/93.0 87.6/94.3 90.3/94.8
ViT-L/14  MVTec 92.4/95.5 93.8/95.8 94.9/96.2
ViT-B/16+ MVTec 94.6/95.9 95.7/96.2 96.6/96.5
ResNet101 VisA 80.4/95.1 84.5/96.3 85.3/96.9
ViT-L/14 VisA 85.2/96.8 86.3/97.2 86.7/97.4
ViT-B/16+ VisA  86.9/96.7 88.3/97.1 89.1/97.4

Table 3. Image-level/pixel-level results (AUROC) with other
backbones.

Method Dataset 1-shot 2-shot 4-shot
PatchCore MPDD 59.2/78.5 59.6/79.2 79.9/79.8
WinCLIP+ MPDD 68.2/92.6 69.3/94.7 75.2/96.0
PromptAD MPDD 80.7/96.2 85.3/97.2 87.2/97.3
PatchCore LOCO 64.9/70.3 65.4/71.5 68.7/72.2
WinCLIP+ LOCO 68.0/71.2 69.7/71.9 71.3/72.8
PromptAD LOCO 71.2/73.0 72.6/74.1 73.5/74.5

Table 4. Image-level/pixel-level results (AUROC) on MPDD and
LOCO.

model performance.

In addition, we explore the impact of CLIP’s different vi-
sual backbones on PromptAD. The results of using different
backbones are recorded in Table 3, where the self-attention
modules of VIT add the vv-attention branches, and the at-
tention pooling of ResNet101 adopts V-V attention. All of
the backbones require no additional training. The overall
performance of ViT is better than ResNet, VIT-L/14 shows
better pixel-wise anomaly detection than VIT-B/16+.

E. Results on Other Benchmarks

In addition to the two datasets MVTec [ 1] and VisA [14], we
also evaluate PromptAD in the few-shot setting on MPDD
[8] and LOCO [3]. We reproduce the results of PatchCore
and WinCLIP+. As shown in Table 4, compared with Patch-
Core and WinCLIP+, PromptAD achieves the first place in
few-shot settings of both datasets

‘ screw  grid

6th4+9th | 917 588 84.9 92.0
3thygth | 89.6 81.8 87.2 93.2

transistor ‘ mean

Table 5. Pixel-level results (AUROC) of using different layer fea-
tures as the feature memory.

F. Detailed Comparison Results

In this section, we report the detailed subset-level results
of PromptAD. In addition, we evaluate PromptAD’s results
on Image-level AUPR and pixel-level PRO. Specifically, the
results for MVTec are recorded in Table 6,7,10,11 and the
results for VisA are recorded in Table 8,9,12,13 with the
first place marked in bold and the second place mean un-
derlined.

G. Visualization Results of Attention Map

To further analyze the working mechanism of CLIP [10],
we provide visualization results of the attention map in the
CLIP visual encoder (ViT-B/16+). Figure 5 is the visualiza-
tion result of the original QK attention map. It can be seen
that QK attention in the shallow layers focuses more on lo-
cal information (main diagonal activations). From layer 5,
QK attention starts to focus on more global information.
Both global and local information play an important role in
anomaly detection. Therefore, to preserve both local and
global information, PromptAD uses the features of the 3"
and 8" layers instead of the features of the 6" and 9'"
layers used by PatchCore [ 1 1] when storing visual features.
The comparison results are reported in Table 5, compared
with 6t"+9%" features, there is a 1.2% improvement using
the 3t"+8" features. Figure 6 shows the visualization re-
sults of the VV attention map, it can be seen that compared
with QK attention, VV attention focuses on local informa-
tion from the first layer to the last layer, which is more con-
ducive to completing the localization task. While, most lay-
ers of QK attention focus on global information, which is
more conducive to classification tasks.
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MVTec 1-shot 2-shot 4-shot
Image-AUROC SPADE PaDiM  PatchCore ~WinCLIP+ PromptAD SPADE PaDiM  PatchCore WinCLIP+ PromptAD SPADE PaDiM  PatchCore WinCLIP+ PromptAD
Bottle 98.740.6  97.440.7 99.44+0.4 98.240.9 99.84+0.3 99.5+0.1  98.5+£1.0 99.2+0.3 99.3+£0.3  100.04+0.1 | 99.540.2 98.840.2 99.2+0.3  99.3+0.4  100.0+0.2
Cable 712433 577446 88.84+4.2 88.9+1.9 94.2+1.2 762452 623459 91.0+£2.7 88.4+0.7 99.9+1.5 83.443.1 70.0£6.1 91.0+2.7  90.9+0.9 98.84+0.9
Capsule 70.243.0 57.7£73  67.842.9 72.3+6.8 84.6+6.7 70.9+6.1  64.3+3.0 72.8+£7.0 77.3£8.8  100.0£7.7 | 78.9+55 652425 72.8+7.0 82.3+89  100.0£1.5
Garpet 98.1£0.2  96.6+1.0 95.3+0.8 99.8+£0.3  100.0+£0.0 | 98.3£04 97.840.5 96.6+0.5 99.8+£0.3  100.0+£0.0 | 98.6£0.2 97.9+04 96.6+0.5 100.0£0.0  100.0£0.0
Grid 40.0+6.8 54246.7 63.6+103  99.5+0.3 99.8+0.9 413436 672442 67.7+8.3 99.440.2 98.7+1.2 44.6+6.6 68.1+3.8 67.74£83  99.6+0.1 98.6+0.5
Hazelnut 95.84+1.3 883426 88.3+2.7 97.5+1.4 99.8+0.8 96.24+2.1  90.84+0.8 93.2+3.8  98.3+0.7 99.4+0.6 98.4+1.3  91.9+1.2 932438  98.4+0.4 99.84+0.2
Leather 100.0£0.0  97.5+0.7  97.3+£0.7 99.94+0.0  100.0£0.0 | 100.0+£0.0 97.5£0.9 97.9+0.7  99.9+0.0 91.840.1 100.0£0.0 98.5+0.2 97.940.7 100.0£0.0 ~ 95.4+0.1
Metal nut 71.04£22  53.04£3.8 73.4429 98.7+0.8 99.1+0.5 77.0+£79 548438 777485 99.44+0.2 91.3+£0.7 77.8+5.7  60.7+£52  77.748.5  99.540.2 91.540.1
Pill 86.5+3.1 61.3+3.8 81.942.8 91.242.1 92.6+1.5 84.84+09 59.1+6.4 829429  923+0.7 100.0+0.8 | 86.7+0.3 54.9+2.7 829429  92.8+1.0 99.84+0.8
Screw 46.7+£2.5 550425 444146 86.440.9 65.0+2.9 46.6+22 54.0+4.4 49.0£3.8 86.0+2.1 98.6+2.0 50.5+54  50.0+4.1 49.0+3.8 87.9+1.2  100.0+2.3
Tile 99.94+0.1 922422  99.04+0.9 99.9+0.0  100.0£0.0 | 99.9+0.1 93.3+1.1 985+1.0  99.9+0.2 93.6+0.1 100.0£0.0 93.1+£0.6  98.5£1.0  99.940.1 92.940.1
Toothbursh 71.74£2.6 825412 83.3+3.8 92.24+4.9 98.9+1.0 78.6+£32 87.6+42 859435 97.5+1.6 71.0£1.5 78.8+5.2  89.2+25 859435  96.74+2.6 83.64+0.6
Transistor 772420 73.34+6.0 78.14+6.9 83.443.8 94.0+6.5 81.3+43.7 72.8463 90.0+4.3 85.3+1.7 97.5+4.0 81.442.1 824465 90.0+4.3 85.742.5 98.14+3.8
Wood 98.84+0.3 96.14+12 97.840.3 99.940.1 97.94+0.3 99.2404  96.94+0.5 98.3+0.6  99.940.1 97.440.1 98.9+0.6 97.0+0.2 98.3+0.6  99.840.3 95.6+0.3
Zipper 89.3+1.9 858427 923405 88.8+5.9 93.9+3.2 933429  86.3+2.6 94.0+2.1 94.0+1.4 95.8+1.7 95.1+1.3  88.3+2.0 94.0£2.1 94.5+0.5 95.0+2.3
Mean ‘ 81.04£2.0 76.64+3.1 83.443.0  93.142.0 94.6+1.7 ‘ 82.9+42.6 789+3.1 863433 944+1.3 95.7+1.5 ‘ 84.842.5 804425 888+2.6 952413  96.61+0.9

Table 6. Comparison of image-level anomaly detection in terms of subset-wise AUROC on MVTec.

MVTec 1-shot 2-shot 4-shot
Pixel-AUROC | SPADE PaDiM  PatchCore WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD
Bottle 95.3+0.2 96.1+£0.5 97.9+0.1 97.5+0.2 99.6+£0.2 | 95.7£0.2 96.9+0.1 98.1+£0.0  97.7+0.1 99.5+0.1 | 96.1+£0.0 97.1+0.1 98.24+0.0 97.8+0.0 99.5+0.1
Cable 86.4+0.2 88.4+12 955408  93.8+0.6  98.4+0.5 | 87.4+0.3 90.0+0.8 964403  943+04  97.6+03 | 88.2+02 92.1+04 97.5+0.3  94.9+0.1  98.2+0.2
Capsule 96.3+0.2 94.5+0.6 95.6+0.4 94.6+0.8 99.5+£0.7 | 96.7+0.1 952+0.5 96.5+0.4 96.4+0.3 99.3+0.5 | 97.0£0.2 96.2+0.4 96.84+0.6 96.2+0.5 99.3+0.3
Garpet 98.24+0.0 97.840.2 98.4+0.1 99.4+0.0 95.940.0 | 98.3+£0.0 98.2+£0.0 98.5+0.1 99.3+0.0 96.1£0.0 | 98.44+0.0 98.4+0.0 98.640.1 99.3+0.0 96.240.0
Grid 80.7+1.3 702428 588+49  96.8+1.0  95.1+0.5 | 83.5+1.0 70.8+2.0 62.6+3.2 97.7+0.8  955+0.4 | 87.2+1.1 77.0+1.8 69.4+1.3  98.0+02  952+0.3
Hazelnut 97.240.1 95.440.7 95.840.6 98.5+0.2 97.3+0.4 | 97.64+0.1 96.8+0.3 96.3+0.6 98.7+0.1 97.6+0.3 | 97.7+0.1 97.24+0.2  97.6+0.1 98.8+0.0 97.9+0.2
Leather 99.1+£0.0 98.5+0.1 98.8+0.2  99.3+0.0 ~ 93.3£0.0 | 99.1+£0.0 98.7+0.1  99.0+0.1 =~ 99.3+0.0 ~ 93.2+0.0 | 99.1+£0.0 98.8+0.0 99.1+0.0  99.3+0.0  93.9+0.0
Metal nut 83.8+0.7 74.6+1.1 89.3%1.4 90.01+0.6 97.3+£0.7 | 85.84+1.1 80.3+2.1 94.6+1.4 91.4+0.4 97.4+0.7 | 87.1£0.7 82.74£3.9 959+1.8 92.940.4 97.7£0.5
Pill 89.4+0.4 84.8+1.0 93.1£1.1 96.4+0.3 98.44+0.4 | 89.9+0.2 87.3+0.7 942403 97.0£0.2 98.5£0.3 | 90.7+0.2 88.94+0.5 94.84+0.4 97.1+£0.0 98.540.2
Screw 94.8+0.2 833+0.7 89.6+0.5 945404  91.4+0.5 | 95.6+04 89.8+0.8 90.0+0.7 952403  95.1+0.7 | 96.4+04 90.84£0.2 91.3£1.0 96.0+0.5  94.9+0.8
Tile 91.740.3 84.1+1.1  94.14+0.5 96.3+0.2 92.8+0.1 | 92.04+0.1 87.7+0.2 94.440.2 96.5+0.1 94.14£0.1 | 92.24+0.1 88.9+0.3 94.6+0.1 96.61+0.1 94.1+0.1
Toothbursh | 94.6+0.6 97.3+0.3 97.3+0.4  97.84£0.1 = 94.0+02 | 96.2+0.3 97.7+03 97.5+£0.2  98.1+0.1  955+0.1 | 97.0+£0.6 98.4+0.2 98.4+04 984405  96.2+0.0
Transistor 71.4+1.3 902428 84.9+2.7 85.0+1.8 99.1£1.9 | 72.840.9 923+2.1 89.6+0.9 88.3+1.0 99.0+£1.1 | 73.4+£0.7 94.0+£2.7 90.7+1.4 88.5+1.2 99.0+0.6
Wood 93.4+0.1 90.7£0.4  92.7+£0.9 94.6£1.0 89.4+0.3 | 93.840.1 91.9+0.1 93.24+0.7 95.3+0.4 89.1£0.2 | 93.940.1 92.240.1 93.5+0.3 95.4+0.2 90.640.1
Zipper 949403 93.94+0.8 97.4+0.4 93.9+0.8 96.6+0.5 | 95.8+0.2 954+0.3 98.0+0.1 94.1£0.7 95.5£0.4 | 96.24+0.1 96.1+£0.2  98.140.1 94.2+0.4 96.6+0.3
Mean 91.2+0.4 89.3+£0.9 92.0£1.0 95.240.5 95.9+0.5 ‘ 92.0+£0.3 91.3+£0.7 93.34+0.6 96.0+0.3 96.2+0.3 ‘ 92.740.3  92.6+0.7 94.3+0.5 96.240.3 96.5+0.2

Table 7. Comparison of pixel-level anomaly detection in terms of subset-wise AUROC on MVTec.

VisA 1-shot 2-shot 4-shot
Image-AUROC SPADE PaDiM PatchCore  WinCLIP+ PromptAD SPADE PaDiM PatchCore  WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD
Candle 86.1£5.6  70.84+4.1 85.1£1.4 934+1.4 90.3+2.7 91.3+33  75.842.1 85.3£1.5 94.8+1.0 91.0£1.2 | 92.8+£2.1 77.5+1.6 87.8+0.8 95.1+0.3 93.0£1.2
Capsules 73.3+7.5 51.0£7.8  60.0+£7.6  85.0+3.1 84.543.5 | 71.7£112  51.7446 578454 84.9+0.8 849437 | 73.4+7.1 527434 634454  86.8+1.7 80.6+2.1
Cashew 95.9+1.1 623499  89.5+44  94.0+04 95.64+1.0 97.3+1.4 746436  93.61+0.6 94.31+0.5 94.7+14 | 964+1.3 777432 93.0+1.5 95.240.8 93.6+2.2
Chewinggum 92.1£2.0  69.9+49  97.3+03  97.6+0.8 96.4+1.2 934+1.0  82.742.1 97.840.6 97.3+0.8 96.6+0.6 | 93.5+1.4 83.543.7 98.3+0.3 97.74£0.3 96.8+0.4
Fryum 81.1+4.0 583459  75.0+4.8 88.5+1.9 90.3+1.8 90.5+3.9  69.249.0  83.442.4 90.5+0.4 89.2+0.9 | 92.9+1.6 71.2+59 88.6+1.3 90.8+0.5 89.0£2.3
Macaronil 66.0£10.5 62.1+4.6  68.0+£3.4 82.9+1.5 88.6+3.1 69.1+£8.2 62.245.0 75.6+4.6 83.3£1.9 842425 | 658+1.2 65.9+3.9 829427 85.2+0.9 88.2+2.5
Macaroni2 55.846.1 475459  55.644.6  70.2+0.9 69.14+3.0 58.3+44 508429  57.34+5.6 71.8+2.0 82.6+0.9 | 56.7+3.2 55.0£29 61.7+1.8 709422 81.2+1.8
PCBI1 87.242.3 76.2+12  789+1.1 7564230 88.7+0.7 86.7t1.1  62.4+10.8 71.5+20.0 76.7£5.2 90.9+5.4 | 83.4+85 826415 84.7+6.7 883+1.7 90.9£2.5
PCB2 73.54£3.7 612420 81.5+0.8 622439 71.6+4.1 70.3+8.1 66.842.0  84.3+1.7 62.6+3.7 73.0+£3.0 | 71.7£7.0 735424 843+1.0 67.5+2.6 78.6+2.5
PCB3 72.241.0 51.4+12.2 827423  74.1+£1.1 79.14£3.6 758457  67.31+3.8 84.8+1.2 78.8+1.9 762422 | 79.0+4.1 659419 87.0+1.1 83.3+1.7 80.3£1.7
PCB4 93.4+1.3 76.1£3.6  93.9+2.8 85.2+8.9 91.4+3.2 86.1£8.2  69.3+13.7 94.3+32 82.3+£9.9 97.5+£24 | 954423 854420 95.6£1.6 87.6+8.0 97.8+1.4
Pipe fryum 779432  66.7422  90.7+1.7  97.2+1.1 96.9+0.2 78.143.0 753418  93.5+1.3 98.04+0.6 98.94+0.3 | 79.3+0.9 829422 96.4+0.7 98.5+0.4 98.6+0.2
Mean 79.54£4.0 628454  79.94+2.9 83.84+4.0 86.9+2.3 ‘ 80.74£5.0 674451 81.6+4.0 84.64+2.4 88.34+2.0 ‘ 81.743.4 728429 853+2.1 87.3+1.8 89.1+1.7

Table 8. Comparison of image-level anomaly detection in terms of subset-wise AUROC on VisA.

VisA 1-shot 2-shot 4-shot
Pixel-AUROC | SPADE PaDiM  PatchCore WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD
Candle 979403 91.742.2 97.24+0.2 97.4+0.2 95.840.2 | 98.1+£0.2 949+0.8 97.7+0.3 97.7+0.1 95.94£0.1 | 98.240.1 95.44+0.2 97.940.1 97.8+£0.2 96.040.1
Capsules 955+0.5 70.9+1.1 932409  96440.6 954409 | 96.5+£0.9 757+1.7 94.0+0.2  96.8+03  96.1+0.7 | 97.7+£0.1 79.1+£0.7 94.8+0.5 97.14£02  96.8+0.6
Cashew 95.9+0.5 95.540.6 98.1+0.1 98.5+0.2 99.1£0.2 | 959404 964+0.4 98.240.2 98.5+0.1 99.240.1 | 959+0.3 97.24+0.3 98.3+0.2 98.7+0.0 99.2+0.1
Chewinggum | 96.0+£0.4 90.1+0.4  96.9+0.3  98.6+0.1  99.1+0.1 | 96.0+0.3 93.1+0.7 96.6+0.1 ~ 98.6+0.1 ~ 99.2+0.1 | 95.7+0.3 94.4+0.5 96.8+0.1  98.5+0.1  99.240.2
Fryum 93.5+0.3 93.3+0.6 93.3+0.5 96.4+0.3 95.4+03 | 93.940.2 94.1£0.6 94.0+0.3 97.0+0.2 96.4+0.2 | 94.44+0.1 95.0+04 94.24+0.2 97.1+0.1 96.6+0.2
Macaronil 97.940.2 89.4+0.9 952404 96.4+0.6 97.840.1 | 98.5+£0.2 91.7+£0.3 96.0+1.3 96.5+0.7 98.3+£0.1 | 98.84+0.1 93.5+0.5 97.04+0.3 97.0+£0.2 98.240.1
Macaroni2 | 94.1+1.0 86.4+1.1 89.1+1.6  96.8+0.4  96.6+£0.5 | 952404 90.1+0.8 902419  96.8+0.6  97.2+0.3 | 96.4+0.2 90.2+0.3 939403  97.3+0.3  97.04+0.3
PCBI1 94.7+0.4 89.9+0.3 96.1£1.5 96.6+0.6 96.6+0.8 | 96.5+1.5 90.6+0.6 97.6+0.9 97.0+£0.9 96.9+0.4 | 96.8+1.5 932+1.5 98.1+1.0 98.1+0.9 98.2+0.3
PCB2 95.1+£0.2 90.9+1.4 954+02  93.04£04  93.5£0.9 | 95.7+0.1 93.9+0.9 96.0+£0.3  93.9+02  94.8+0.8 | 96.3+0.0 93.741.0 96.6+02  94.6+0.4  953+0.5
PCB3 96.0+0.1 939403 96.2+0.3 94.3+0.3 95.9+0.5 | 96.6+0.1 95.1+0.5 97.14+0.1 95.1+£0.2 96.1+0.4 | 96.9+0.0 95.7+0.1 97.44+0.2 95.840.1 96.8+0.2
PCB4 92.0+£0.6 89.6+£0.6 95.64+0.6 94.0+0.9  955+0.5 | 92.8+0.3 90.7+£0.9 962404 956403 956403 | 94.1+02 92.1£0.5 97.0+£02  96.1+£0.3  96.2+0.4
Pipe fryum | 98.44+0.2 97.2+0.6 98.840.2  983+02  99.1+0.2 | 98.7+0.1 98.1+04 99.1+0.1  98.5+0.2  99.4+0.2 | 98.8+0.0 98.5+0.1 99.1+0.0  98.7+0.1  99.340.3
Mean 95.6+0.4 89.9+0.8 95.4+0.6 96.41+0.4 96.7+0.4 ‘ 96.2+0.4 92.0+0.7 96.14+0.5 96.8+0.3 97.1+0.3 ‘ 96.6+0.3 93.2+0.5 96.84+0.3 97.240.2 97.4+0.3

Table 9. Comparison of pixel-level anomaly detection in terms of subset-wise AUROC on VisA.



MVTec 1-shot 2-shot 4-shot
Image-level AUPR SPADE PaDiM  PatchCore = WinCLIP+ PromptAD SPADE PaDiM  PatchCore  WinCLIP+ PromptAD SPADE PaDiM  PatchCore WinCLIP+ PromptAD
Bottle 99.64+0.1  99.240.2  99.8+0.1 99.440.3 99.8+0.1 99.84+0.0  99.6£0.3  99.8+0.1 99.8+0.1 99.940.1 99.94£0.0  99.7£0.0  99.8+£0.1 99.8+0.1 100.0+£0.1
Cable 79.6+2.3  64943.8 938422  93.2+%l1.1 95.540.7 84.5+3.1  69.6£6.6 95.1£1.3  92.9+0.6 96.9+0.7 88.8+1.9 76.1£5.6 97.1£0.7  94.4+0.3 97.440.5
Capsule 91.2+09 86.9+22 89.44+2.0  91.6+2.7 97.8+3.1 91.6+2.1 884408 91.0+£29 93.3+£3.6 97.0£3.0 | 94.4+19 87.8+0.8 949+1.1 95.1£3.3 98.6+2.2
Garpet 99.440.0  99.0+£0.2 98.7+£0.2  99.9+0.1 100.04£0.0 | 99.54+0.1  99.4£0.1  99.0+0.1 99.940.1  100.04£0.0 | 99.6+0.1  99.4£0.1 98.8+0.2 100.0+0.0  100.0+0.0
Grid 66.9+2.1  75.0+3.3 81.1+49 99.9+0.1 98.8+0.3 68.3+£2.1 825+23 84.1+4.0 99.8+0.1 99.9+0.3 68.8+4.2  83.0+1.8 86.4+4.0 99.9+0.0 99.740.1
Hazelnut 97.940.6 933+1.7 929422  98.6+0.7 99.7+0.3 98.0+1.1  94.1+0.5 96.0+2.0  99.1+0.4 99.8+0.2 99.14£0.7  94.84+0.6 97.0£1.2  99.1+0.2 99.94+0.2
Leather 100.04£0.0  99.240.2  99.1+0.2  100.0+£0.0  100.04£0.0 | 100.0+£0.0 99.2+0.3 99.3+0.2  100.0+0.0  100.0+0.0 | 100.0£0.0 99.6+0.1  99.6+£0.1  100.040.0  100.040.0
Metal nut 91.7£0.8  82.0£2.7 91.0%1.1 99.7+0.2 99.6+0.1 93.7+£2.4 822+14 92.3+4.0 99.9+0.0  100.0£0.1 94.1£1.8  855%+1.7 97.0£2.6 99.9+0.1 99.940.0
Pill 97.0+0.8 883%1.3 96.5+0.6  98.3%0.5 98.5+0.3 96.5+£0.4  87.9+2.6 96.6+0.7  98.6+0.1 97.8+0.2 97.0£0.2 87.0£1.2 96.9+04  98.6+0.2 98.540.1
Screw 713+1.8  78.1£1.0 714423  94240.6 785+3.0 | 71.0£14 77.3£13 729434  94.1+£L5 86.7+£1.9 737424 757428  T718£1.9  94.9+0.8 93.842.1
Tile 100.0£0.0 97.24£0.7 99.6+0.3  100.0+£0.0  100.0£0.0 | 100.0£0.0 97.6£0.4 99.4+04 100.0+£0.1  100.0£0.0 | 100.0£0.0 97.6+0.2 99.6+£0.1  100.0£0.0  100.0£0.0
Toothbursh 88.3+£0.6 93.7+£0.5 93.5f£14  96.7+£2.0 98.9+0.4 | 90.8£1.3 952+1.6 94.1£l14  99.0+0.6 99.3+0.4 | 91.3£2.6 95.8+0.7 94.84£0.7 98.7£l.1 99.740.1
Transistor 76.2+1.7 662475 777455  79.04+4.0 91.245.9 81.6+3.4  69.0£6.5 893439  80.742.3 922429 80.3+2.6  77.6+£84 84.5+£9.0  80.7£3.2 922412
‘Wood 99.6+0.1  98.8+0.3 99.3+0.1  100.0£0.0  99.6+0.3 99.7£0.1  99.0+0.1  99.5+0.2  100.0£0.0 ~ 99.7+0.1 99.7£0.2  99.1+£0.0 99.5£0.2  99.9+0.1 99.540.1
Zipper 96.94+0.5 955409 972403  96.8+1.8 99.0£0.6 | 982+0.8 954+1.0 97.8£1.0 98.3+0.4 99.3£0.5 98.6+0.4 96.2+0.8 99.1£0.7  98.5+0.2 98.5+0.3
Mean ‘ 90.6+0.8  88.1£1.7 922+1.5  96.540.9 97.1+1.0 ‘ 91.7£1.2  89.3%1.7 938%1.7 97.0£0.7 97.9+0.7 ‘ 925+£1.2  90.5£1.6 945£1.5 97.3£0.6  98.5£0.5

Table 10. Comparison of image-level anomaly detection in terms of subset-wise AUPR on MVTec.

MVTec 1-shot 2-shot 4-shot
Pixel-PRO SPADE PaDiM  PatchCore WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD
Bottle 91.1+:04 89.840.8 93.5+£0.3 91.2+0.4 93.64+0.1 | 91.8+£0.5 91.7+0.2 93.9£0.3 91.84+0.3 93.940.2 | 92.5+0.1 92.24+0.2 94.0£0.2 91.6+0.2 94.5+0.2
Cable 63.5+0.7 59.1£3.2  84.7+£1.0 725423 87.3+1.2 | 66.7£0.9 66.5+2.8 88.5+09  74.7+2.3 87.8+0.7 | 69.5+£04 742+18 91.7+0.6  77.0%1.1 88.9+0.3
Capsule | 92.7+04 80.0+2.0 83.9+0.9  85.6+2.7  80.1+1.7 | 934403 823421 86.6+£1.0 90.6£0.6  79.2+2.2 | 94.1+0.6 85.7+1.3 87819  90.1+1.5  88.7+2.0
Garpet 96.1£0.0 92.9+0.3 93.3+03  97.4+04 983403 | 96.24+0.0 93.9+02 93.7+04  97.3+0.3 982403 | 96.3+0.0 944402 93.9+0.4  97.0+£02  98.2+0.1
Grid 67.7+£1.9 412446 21.749.5  90.5+£27  94341.0 | 72.1£1.5 451436 237438  928+25  95.040.8 | 78.04+1.5 555434 304+4.6  93.6+£0.6  93.8+0.7
Hazelnut | 949403 85.7£19 88.3%1.3 93.7+0.9 92.940.5 | 95.6+0.2 89.4+0.9 89.8+1.3 94.240.3 93.440.5 | 95.6+0.1 90.4+0.7 92.0£0.3 94.240.3 95.240.5
Leather 98.740.0 95.6+0.2 952£1.0  98.6+0.0 98.740.5 | 98.8+£0.0 96.2+0.2 95.940.3 98.3+0.4 98.740.4 | 98.840.0 96.3+0.1 96.4+0.1 98.04+0.4 98.41+0.5
Metal nut | 73.4£1.1 38.1+1.6 66.7+2.9 84.7%1.1 83.1+0.6 | 78.1+£1.8 48.2+5.0 79.6+4.2 86.7+0.8 87.7+1.1 | 81.2+1.4 54.0+8.8 83.8+5.5 89.440.1 87.6+0.3
Pill 92.8+0.3 789+0.6 89.5+1.6  93.5+02  90.8+£04 | 93.3+0.2 84.3+04 91.6+0.5 94502  90.5+£04 | 93.94+0.2 86.6+04 92.5+0.4  94.6+£03  92.0+0.1
Screw 85.0+0.8 51.6+1.7 68.1+1.3  82.3+1.1 781£1.7 | 872412 69.5+2.1 69.0+2.1  84.1+0.5 747414 | 89.5+1.3 723408 724+3.1  863+1.8  86.7+2.5
Tile 842404 66.7+1.5 825+1.1 89.4+04  90.7+0.3 | 84.64£02 71.9+0.5 82.54+0.5 89.6+04  90.9+0.2 | 84.9+0.1 73.6+0.9 83.0+0.1  89.9+03  90.9+0.2
Toothbursh | 83.5+1.3 82.1+1.5 79.04+2.4 85.3£1.0 90.14+0.5 | 87.4+1.1 83.3+2.6 81.0+£0.7 84.7£1.4 91.64+0.5 | 89.0+1.1 87.1£1.7 85.5£3.0 86.0£3.3 91.3+£0.2
Transistor | 55.3+2.0 70.3+£7.0 70.9+4.6  65.0+1.8 67.5+3.7 | 57.6£1.4 765+55 78.8%1.5 68.611.1 68.1+2.1 | 58.5+£0.7 822474 79.5+2.8 69.0%1.1 73.0£1.2
Wood 929+0.1 86.5£0.6 87.1+41.0 91.0+0.6  92.4+0.8 | 93.1+0.1 88.0+0.2 86.8+1.4 91.8+0.6  91.6+0.6 | 93.24+0.1 88.4+0.2 87.7+0.4  91.7+0.3  91.4+0.5
Zipper 86.8+0.6 81.7+2.0 91.2+1.1 86.0+1.7 81.0£1.4 | 89.0+0.4 85.6+0.7 92.8+04 864+1.6  86.4+0.5 | 90.1+0.2 87.2+0.8 93.4+0.2 86.9+0.7  87.5+0.6
Mean 83.9+0.7 733420 797420 87.1+12  87.9+1.0 | 857407 782+1.8 823+13 884409  88.5+0.8 | 87.0405 81.3+19 843+16 89.0+0.8  90.5+0.7

Table 11. Comparison of pixel-level anomaly detection in terms of subset-wise PRO on MV Tec.
VisA 1-shot 2-shot 4-shot
Image-level AUPR SPADE PaDiM PatchCore  WinCLIP+ PromptAD SPADE PaDiM PatchCore  WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD
Candle 86.5+4.3 69.2+3.9  86.6£2.3 93.6x1.5 93.7+£2.9 90.7£3.2 72.8+1.0 86.8+1.7 95.1+1.1 93.6%1.1 92.6+1.9 725+1.1 88.9+l.1 95.3+£0.4 92.9+1.1
Capsules 79.4+4.9 63.4+5.7  72.3+53 89.9+2.5 90.1£1.9 79.9+5.8 63.4+2.0 73.6+4.7 88.9+0.7 88.34+2.6 | 81.1+4.5 63.0£2.3 78.4+3.1 91.5+1.4 89.8+1.0
Cashew 979404  782+5.7 94.6+2.0  97.2+0.2 97.6+0.7 | 98.6+0.6  86.1+22  96.9+03  97.3+0.2 97.4+0.5 | 98.3+0.6 88.4+20 96.5+0.7 977404  97.0+I1.1
Chewinggum 964409  79.843.6  98.9+0.1  99.0+0.3 99.1£0.7 | 97.1£0.4  89.5+1.9  99.1+£0.2  98.9+0.3 98.440.2 | 97.1+£0.6 88.5+£3.2 99.3+0.1  99.0+0.1 98.5+0.3
Fryum 89.8+1.8 745429  87.6+24  94.7+1.0  938+1.0 | 945423  81.0454  92.1+£13 958402 96.04£0.7 | 95.8+1.0 81.5+£3.0 95.04+0.6  96.0+0.3 93.6+0.5
Macaronil 61.9+11.2 604429 67.8+£3.4 84.9+1.2 86.3+1.9 64.5£9.5 63.1+4.3 74.94+5.2 84.7+1.5 91.1+1.7 | 60.24+2.7 64.9+2.1 82.1£3.5 86.5+0.6 89.2+1.3
Macaroni2 52.7+4.2 51.74£5.0  54.9+32 68.4+1.8 72.5+£2.5 55.943.1 52.7+1.5 57.242.6 70.4+1.8 84.7£1.6 | 519423 549425 60.2+3.0 69.6+2.8 82.2+1.0
PCBI 84.9+3.7  68.6+2.4  72.1+£25 76.5+£19.0 88.0+11.3 | 83.8%2.1 60.4+7.7 72.6+164  78.3+4.3 80.9+6.3 | 832472 77.4+29 81.0+92 87.7£1.7 90.1£3.6
PCB2 749429  633%1.2 844404  64.9+£33 754427 | 71.7£6.6  68.9+2.6  86.6%1.1 65.8+4.0  73.0+£4.8 | 742450 75.0&£1.7 86.2+1.0 71.3£34  75.3%£2.5
PCB3 75.542.1  52.3+10.8 84.6+1.5  73.5£1.6 752438 | 783+52 652438  86.140.5 80.9£1.6 828422 | 81.04£3.6 645424 883+£l.1 84.8+1.8 83.5£1.6
PCB4 929+1.6 747426  92.8+3.1 7854155  90.5+1.2 | 81.9£11.2 67.6+11.9 932434 7254162 945429 | 94.842.9 84.0+2.0 949+1.2  85.6+89 97.5+1.3
Pipe fryum 88.3+2.0 792415  95.4+0.6 98.6+0.5 98.3+0.1 88.1+1.7 84.5+1.7 96.84+0.7 99.0+0.3 99.1+0.1 | 88.8+1.0 89.8+1.7 98.3+0.3 99.2+0.2 99.3+0.1
Mean ‘ 82.0+£3.3  68.3+4.0 82.8423  85.144.0  88.4+2.6 ‘ 823443  71.6+£38  84.843.2  85.842.7 90.0+2.1 ‘ 83.442.7 75.642.2 87.5+2.1 88.8+1.8 90.8+1.3
Table 12. Comparison of image-level anomaly detection in terms of subset-wise AUPR on VisA.

VisA 1-shot 2-shot 4-shot
Pixel-PRO SPADE PaDiM  PatchCore ~ WinCLIP+ PromptAD | SPADE PaDiM  PatchCore WinCLIP+ PromptAD | SPADE PaDiM  PatchCore = WinCLIP+ PromptAD
Candle 95.64+0.5 81.5+£5.3  92.61+0.4 94.0+£0.4 91.8£1.2 | 95.6+04 87.3£1.2 934406 942402 91.64+0.7 | 95.7£0.1 88.3+0.7 94.1£0.4 944402 90.6£0.5
Capsules 83.1+1.1 30.6£1.1 66.6+4.5  73.6£35  70.0+£1.6 | 85443.1 384437 67.9+23  759+1.9  70.842.5 | 89.0+1.2 433420 69.0+£32 77.0+14  724+32
Cashew 89.8£1.1 734421 90.84£0.2 91.1£0.8 92.3+0.5 | 90.4+0.5 784+27 91.4£1.0 90.4+0.6 92.7+1.8 | 90.4+0.6 81.242.8 92.14+0.3 91.3£0.9 92.8+2.0
Chewinggum | 73.9+1.2 58.1+0.6 78.2+1.3  91.0+0.5  89.8+1.3 | 73.8+1.1 63.7+24 78.0+04  90.94+0.7  87.8+1.3 | 72.7+£0.9 67.2+1.8 79.3+£08 91.0+04  89.4+0.6
Fryum 83.7£1.2 71.1£1.6 78.7+23 89.1£1.0 83.5£3.1 | 84.5+0.9 71.2£0.8 81.4428 89.3+0.2 86.2+3.1 | 86.240.9 732+1.3 81.0£1.2  89.7+0.5 80.3£0.7
Macaronil | 92.0+0.6 622+44 834+13  84.6+23  87.5+19 | 93.94+0.8 71.8+24 86.2+4.6 852+14  90.6+1.5 | 95.1+0.4 76.6+2.1 89.6+0.7 86.8+0.8  91.5+1.3
Macaroni2 80.0£3.3 54.943.6 66.0£3.0 89.3+£2.4 80.6£1.5 | 81.7£1.5 65.6+£3.4 67.2£6.5 88.6£1.7 82.7£1.0 | 86.0+0.8 659+1.5 783+0.9 90.5£1.3 87.2+0.6
PCB1 81.3+57 63.9+1.8 79.0+10.7 825+6.0 89.2+13.1 | 87.242.3 68.4+4.1 86.1+1.7 83.8+50 902475 | 88.0+2.7 702433 88.1+£2.6  87.9+2.1 90.2+6.0
PCB2 83.7£0.6 644438  80.9+0.5 73.6£1.5 79.3£2.0 | 855£1.0 729434 829+1.8 762409 79.3+19 | 87.0£0.5 71.942.6 83.7£1.0  78.0£1.3 76.3£1.6
PCB3 843+1.0 69.0£12 78.1+2.0 79.5+25  84.0+14 | 86.1+0.6 74.0+2.3 82.2+1.1  82.3+1.8  84.7+1.1 | 87.7+£0.6 772408 84.4+19 842410  850+1.3
PCB4 66.9£2.0 59.1£1.8 77.9£3.1 76.614.1 78.842.3 | 69.3£1.1 62.64£3.6 79.544.8 81.7£1.2 78.342.6 | 747£1.0 67.942.6 83.5425 84.2+0.7 83.4+2.4
Pipe fryum | 94.34+0.5 83.9+0.8 93.6+0.5  96.1+£0.6 952404 | 95.0+£02 86.94+0.9 945404  96.2+0.6  948+0.5 | 95.0+0.3 88.7+13 950+0.5 96.6+£0.2  95.3+0.3
Mean 84.1£1.6 64.3+24 80.5+2.5 85.1+2.1 85.1+2.5 ‘ 85.7x1.1 70.1£2.6  82.642.3 86.2+1.4 85.8£2.1 ‘ 87.34+0.8 72.6+1.9 849+14  87.6+0.9 86.2£1.7

Table 13. Comparison of pixel-level anomaly detection in terms of subset-wise PRO on VisA.
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Figure 5. Visualization of the QK attention map in the vision encoder.
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Figure 6. Visualization of the VV attention map in the vision encoder.
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