Supplemental Material for PatchEAD: Unifying Industrial Visual Prompting
Frameworks for Patch-Exclusive Anomaly Detection

This supplementary material provides additional details
to support the findings of our paper on training-free indus-
trial anomaly detection with a patch-exclusive approach.
§ 1 includes information on the datasets used, detailing
the types of multimodal data, preprocessing steps, and
anomaly labeling. § 2 covers the architecture, feature ex-
traction methods, and experimental setup, including hard-
ware, software, and hyperparameters. § 3 introduce a in-
formation theory to analyze the information relevant to
the target task(anomaly detection) and the usage under
mutli-modality scenario and show some experiments on text
prompts compare to vision prompts. § 4 demonstrate the de-
tail of our alignment and masking strategy in PatchEAD™.
§ 5 present the evaluation process, including metrics and
baseline comparisons. § 6 provides visualizations that
demonstrate the effectiveness of our approach in detecting
anomalies. Finally, § 7 presents a case study to showcase
the practical application of our method in a real-world in-
dustrial scenario, highlighting its performance and potential
challenges.

1. Dataset Details

The experiments described in the main paper utilize seven
widely recognized industrial anomaly detection datasets:
MVTec [2], VisA [13], MPDD [5], BTAD [7], KSDD [10],
DAGM [12], and DTD-Synthetic [1]. For datasets that pro-
vide a predefined training and testing split, we exclusively
use the test data to evaluate the model’s performance. In
cases where no such split is provided, we allocate 25% of
the normal images and all the anomalous images as the test
set. For the KSDD dataset, each image is divided into three
parts to better align its aspect ratio with the other datasets.
Images containing a defect are labeled as anomalous, while
those without a defect are considered normal. A detailed
summary of the datasets, including key characteristics and
splits, is presented in Table 1.

2. Implementation Details

Across all experiments, we adopt base-size backbones to
keep parameter counts comparable. Our CLIP variant uses
ViT-B-16-plus-240 pretrained on laion400m_e32

. # of Samples
Dataset Type Categiries Normal Abnormal

MVTec [2] Obj & Texture 15 467 1,258
VisA [13] Obj 12 962 1,200
MPDD [5] Obj 6 176 282
BTAD [7] Obj 3 451 290

KSDD [10] Texture 1 286 54
DAGM [12] Texture 10 6,996 1,054
DTD-Synthetic [1] Texture 12 357 947

Table 1. Anomaly Detection Datasets in Industrial Domain.

from OpenCLIP [4], with inputs resized to 240 x 240
to match the checkpoint. The DINOv2 variant employs
dinov2_vitbl4_reg from the official codebase [8] at
its default 448 x 448 resolution. For PE_spatial, we load
PE-Spatial-B16-512; for DINOv3, we use the dis-
tilled ViT-B/16. These settings keep each method close
to its standard configuration and enable a fair comparison
across architectures.

3. Multimodal Information Analysis

Following the formulation in [6] for handling multimodal
information, we consider two input modalities, X;(i €
{1,2}), annotated with a label variable Y. The joint dis-
tribution of these inputs and Y can be expressed using con-
ditional mutual information:

I(X1,X2,Y) =8+ Uy + Uy, (D

where S = I(X1; X5;Y) denotes the task-relevant shared
information; Uy = I(X1;Y|X3) and Uy = I(X3; Y| X1)
denote the unique information of modalities X; and Xo,
respectively. Figure | provides a concept plot of the imbal-
anced shared v.s. unique information provided in different
modalities. Our hypothesis is that patch-level information
should be more important over the text information for in-
dustrial defect detection. Our aim is to uncover the imbal-
anced distribution of U; and Us across different modalities
of texts, patches, and whole images.

Loss functions in large multi-modality models, such as
CLIP [9], are often optimized to capture shared information
across modalities. Consequently, other anomaly detection
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Figure 1. (a) Existing anomaly detection methods using im-
age—text similarity often assume clean separation via simple posi-
tive/negative prompts. Our patch-only method detects anomalies
by comparing query patches with normal prompt patches, lever-
aging richer context. (b) Considering shared information S and
modality-unique information Uy, U2, task relevance varies; we ar-
gue patch-level information outweighs text information for indus-
trial defect detection.

methods tend to add additional modules to enhance infor-
mation. However, these additional modules may introduce
overlapping information between modalities. Our focus is
to examine the unique information provided by each modal-
ity (U1 and U2)

The unique information (U; and Us) can be challenging
to compute directly, so we approximate it using an upper-
bound, Icryp, as proposed in contrastive learning [3].
When Iy p is small, the unique information in a modality
is expected to be limited. For instance, we can estimate the
unique information U; as follows:

Uy = I(X1;Y|X3) < Icpup(X1;Y[Xa), (2)

where Io 1y p is given by:

IoLus(X1;Y|X2) = BIf*(X1, YT X2)] — BIf* (X1, Y| X2)], (3)

with f* as the optimal critic from a contrastive pre-trained
network. Icorpup represents the expected difference be-
tween positive and negative samples, X+ and X~ for a
given X. By applying an optimal augmentation assump-
tion [11], we replace Y with an augmented variable X’ of
X, assuming that only task-relevant information is shared
between X and X'. I~rup can then be calculated via this
adjustment as:

Icpup(X1;Y|Xo) = B[f*(X1, X171 X2)] — E[f* (X1, X'~ |X0)].
“4)
If the expected anomaly scores between positive and nega-
tive samples are not significantly different, this upper bound

will be small, suggesting limited unique information. Min-
imal differences in anomaly scores may also result if X5
provides sufficient information, thus reducing the reliance
on X|" and X|™.

Considering X for the patch modality and X» as the
text modality, we use Eq. (4) to derive the upper bounds for
Uy and Us. The upper bound for Us, Ioryp(Xa; Y| X1),
is expected to be small because augmenting text prompts
results in minimal changes in anomaly scores once patches
are already included. On the other hand, the upper bound
for Uy, IcLup(X1; Y| X2), can be large, as augmentations
like rotation, cropping, or noise perturbations cause notice-
able variations in the final anomaly scores. This larger up-
per bound for U; arises because the text prompts often fail
to capture details about missing objects or defects, which
are better represented in the patch modality.

3.1. Comparison of Text vs. Patch Information

Figure 2(a,b) compares the normal vs. abnormal text
prompts on the MVTec dataset. These plots explore how
different prompts affect the image-text similarity score his-
tograms for normal and abnormal samples. The informa-
tion upper bound of each modality, as described in Eq. (4),
is estimated based on the expected score difference between
positive and negative augmentations. By comparing the dis-
tributions of scores for positive and negative prompts in
panels (a) and (b), we illustrate how the text information
upper bound impacts the anomaly detection performance.

Figure 2(c,d) compares the text vs. patch modalities
by using the histogram of anomaly scores on the MVTec
dataset. (c) plots the anomaly score histogram using Win-
CLIP, a model featuring vision-text multimodal capability.
The scores were derived from the similarity between the
image and text prompt tokens. (d) plots the histogram us-
ing our PatchEAD, where only patch information is used.
Observe that (d) exhibits a more separable space than (c),
suggesting more discriminative results with only patch in-
formation.

Results show that the positive and negative prompts yield
a highly overlapped distribution regardless of normal or ab-
normal images. The upper bound of text information is lim-
ited, leading to inferior discriminative power than patches.

4. Details of Alignment and Masking

We introduce both alignment and masking to MVTec, VisA,
KSDD, DAGM, and DTD-Synthetic datasets, and only
masking applied on MPDD, and BTAD due to the object
is well-aligned(BTAD) or 3D rotation(MPDD).

Alignment: In the few-shot setting, we calculate the dis-
placement and rotation between each prompt image and the
query image. We then add the corrected images and their
180-degree rotations to the prompt list to ensure consistent
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Figure 2. Histogram plots summarizing experimental results on the MVTec dataset. (a) and (b) depict the image—text similarity scores
for normal and abnormal images under various text prompts. Ideally, normal images should exhibit high similarity with their corresponding
normal prompts and lower similarity when paired with abnormal prompts. (c) and (d) show the anomaly scores computed using text and

patch prompts, respectively.

positions and angles during patch matching. In the zero-
shot setting, we use the first image as the query and apply
the same process to all other images. For similarity calcula-
tion, we average the scores from the three images for each
sample to determine the final anomaly score.

Masking: We extract the final attention layer and average
all attention heads to get the [CLS] token’s attention scores
for each patch. After normalizing, patches with scores
above 0.05 are set to 1, and those below to 0.5. This re-
duces the incorrect activations in background areas.

5. Experimental Details

Our experiments entail few-shot and zero-shot settings with
various datasets and thus only present the average results in
the main manuscript under the page limitation. We report
the few-shot results with each category in the MVTec and
ViSA datasets in Table 2 and Table 3. The zero-shot results
are reported in Table 4 using seven datasets.

When we reveal the category-wise AUC in the few-shot
setting, we observe the capsule, screw, and transistor in
the MVTec dataset are harder categories with lower image-
level and pixel-level AUC. Using DINOvV2 significantly im-
proves PatchEAD in these categories compared to CLIP,
highlighting the benefits of vision purpose pretraining for
the patch-only method, even when performed in an unsu-
pervised manner. This improvement can consistently be
observed in 1-, 2-, and 4-shot results, especially on image-
level AUC. PatchEAD™ strengthening alignment and mask-
ing mainly facilitates the screw category in different few-
shot settings.

Similarly, the few-shot image-level AUC attains rela-
tively significant improvements on specific categories such
as capsules, fryum, macaronil, and pcb2 when comparing
DINOvV2 and CLIP in the VisA dataset. The improvement
using PatchEAD™ is eminent in the fryum, macaronil, and
pcb2 categories on both image-level and pixel-level AUC
over different few-shot settings. The enhanced categories
are generally aligned between few-shot and zero-shot set-
tings. Our proposed PatchEAD using only patch informa-

tion complements these hard cases with delicate visual ap-
pearances.

6. Visualization Results

Additionally, to demonstrate the defect localization capabil-
ity of our proposed PatchEAD framework, we conducted vi-
sualization on all test datasets. Specifically, we linearly in-
terpolated the predicted patch anomaly scores to match the
size of the original images, followed by normalization, re-
sulting in a heatmap for each image. In the few-shot setting,
we used the MVTec and VisA datasets for visualization,
with results shown in Figures 3 and 4. In the zero-shot set-
ting, we conducted experiments using seven datasets, with
results presented in Figures 5, 6, 7, 8, 9, 10, 11. These test
datasets encompass a wide variety of object types, and the
visualization results indicate that our method, even without
training, can accurately localize various defects under dif-
ferent settings, demonstrating the framework’s strong flexi-
bility and generalization capability.

7. Case Study

We conducted a visual comparison to evaluate the effective-
ness of alignment and masking in our method. As shown
in Figure 12, masking reduces the weight of background
regions, thereby decreasing the likelihood of misclassifica-
tion. Meanwhile, alignment addresses variations in object
orientation and displacement by aligning objects, enabling
the comparison of similar contours and significantly reduc-
ing misclassification at object edges.



Image-Level AUC Pixel-Level AUC
Calegory  patchEAD PatchEAD PatchEAD+ PatchEAD+ | PatchEAD PatchEAD PatchEAD+ PatchEAD+
ViT-B/16+ DINOV2-B ViT-B/16+ DINOV2-B |ViT-B/16+ DINOV2-B ViT-B/16+ DINOV2-B
1-shot

bottle 98.240.7 98.841.6 98.540.7 99.710.4 979401 98.340.1 98.0+0.1 98.140.1
cable 90.412_0 90.811_9 88.8:&2,0 92.5:&1,1 93.910,4 93.2:&0,5 93.910_3 93.410_4
capsule  80.81120 8241133 7824118  85.9i112 | 906407 974102 934106 98.0+0.2
carpet 99-9i0,1 98-5i1,4 IOO-OiO.O 99.6i0,3 99-3i0.1 98.710,1 99-3i0,0 98-7i0,1
grid 99-4i0,5 99-1i0.6 99-7i0.2 97-7i0.6 98.2i0,1 98.710,1 98.2i0.1 98.7i0.2
hazelnut 99-4i042 98.6i0.8 99-7i0.2 99-4i0.3 98.8i0,2 98.9i0,1 98.2i0.1 99-4i0.0
leather 100-0j:0.0 99.8i0.2 IOU.Oi0.0 IOU.Oi0.0 99-3j:[).0 98.8i041 99-4i0.0 99-0i0.1
metal_ nut  99.94¢.1 98.840.9 98.340.3 99.740.0 87.240.5 95.840.4 90.540.3 95.440.5
pill 96.3+02 914151 93.8106 93.7436 | 93.8404 938106  93.0x05 94.140.7
screw 62.845.5 774142 78.541.3 80.6+3.7 92.540.9 97.240.2 94.810.6 97.940.1
tile 99.5403 998401 984u07 100000 | 954102 944402 954101 99.0402
toothbrush  95.2110  94.0444 949409 944431 | 977103 988402 981402 98.240.3
transistor  75.647.5 76.347.0 81.544.6 82.0+6.1 86.741.7 86.741.4 84.541.7 85.841.5
wood 98-8j:044 99.3j:0,2 99.13:0,4 100-0i0.0 95.2;(:02 92.1j:0“q 94.9j:0.2 93-4j:1.0
zipper 941410 992402 922415 99.7401 | 90.7408 96.9404 919404 97.140.3

Average 92.8i0‘9 93.6i0.7 93-4i0.8 95~0i0.6 94.6i0,2 96.0i041 94-9i0.2 96.1i0.2
2-shot

bottle 98. 7108 99.2419 98.940.7 99.840.4 979401  98.4401 98.0+0.1 98.140.1
cable 91-4i2,2 91.6i2.0 90-0i2.5 93-3i1.7 94-3i0.5 93.8i0,7 94-3i0.6 93-9i0.5
capsule 76-5i1148 85.2i10.4 74-1i11.3 86.6i8.3 90.6i0,(5 97.6i0,2 93-2i0.7 98.1i0.2
carpet 99-9i041 99-0i1.1 IOU.Oi0.0 99.6i0.4 99-3ﬂ:0.1 98.7i040 99-2i0.0 98.7i0.1
grid 99.1406 994405 99.440.4 98.040.5 98.1402  99.040.1 98.240.1 98.940.2
hazelnut 99'3i044 97'6i2.0 99'7i0.2 987i13 98.8:&[),1 99.5i()‘1 98'5i0.1 99'4i0.0
leather 100.0£0.0  99.9+0.2 100.0+0.0 100.0+0.0 99.3+0.0 98.7+0.1 99.440.0 98.940.1
metal_nut 100.0:‘:()‘1 98.8i().6 99~0i0.8 99~9i0.2 885i1r, 96'4j:047 91'6i1.2 96~0i().8
pill 96.440.4 91.6137  93.7106 94.0426 | 942404 944108 933105 94.710.8
SCrew 67-3j:6‘4 79'4ﬂ:3.7 79.5;{:1,5 84.3:{:4'7 92.9;}:12 97.5:‘:0‘3 95~2j:0.6 98.03:0,2
tile 99.63:0‘3 99.93:0,1 98.73:0,7 100-0i0.0 95.5;}:()‘1 94.5j;0A2 95.4j:0.1 95.13:0.1
toothbrush 96.241 3 96.043.7 95.541.0 96.843.3 97.940.3 99.040.3 98.340.3 98.410.4
transistor  75.647.o 77.848.0 80.74+5.3 83.047.8 86.641.8 86.219.9 84.4490 85.342.3
wood 98.6i()‘5 99-5i0.3 99~0:t0,4 100-0i0.0 95~3i02 92~4i0A8 95.0i0.2 93-7i0.9
Zipper 92.7;&4(0 99.4;&0_3 90.7;&64 99.7;&()‘1 90.6:&()‘7 96.7;&04 92.010_5 97~0:k0.3

Average 928105 95.0400 931104  96.2104 | 948101 963100 952102  96.4101
4-shot

bottle 99.0408  99.5411 99.140.7 999403 979401 985401 98.040.1 98.210.1
cable 92-0i242 92-1i1.9 90.712'4 93.9i1'7 94-5j:0.6 94~0i0,7 94-5i0.6 94-1i0.6
capsule  78.61125 8421113 76.04122  86.1i93 | 908108 97.7103  93.3108 982402
carpet 99.91+02 991410 100.0101 99.610.4 99.3101  98.8+0.1 99.310.0 98.810.1
grid 99.010.5 99.610.5 99.410.2 98.210.5 98.210.2 98.8+0.3 98.310.1 98.9+0.2
hazelnut  99.5195 98.2419 99.840.2 99.141. 98.8401  99.540.1 98.540.1 994401
leather 100.0i()‘0 99.93:0,2 100-Oi0.0 100-Oi0.0 99~3;t0‘1 99.5j;()41 99-43:0,0 98.93:0,1
metal_nut 100.0400 99.040.6 994405 99.940.2 89.549.0 96.840.8 924415 96.540.9
pill 964404 925433 939408 94.740.4 945406 94.710s8 93.710.7 95.040.8
screw 713477 815445 80.6+2.4 86.245.0 93.8416 97.840.5 95.640.7 98.240.3
tile 99.7i()‘3 99.9i0,1 99~0:t0,8 100-0i0.0 95.5i02 94.5i02 95.5i0.2 95-1i0.2
toothbrush 96.34111  96.2434 95.741.2 97.043.0 979403  99.040.2 98.3+0.2 98.440.3
transistor  80.04g 5 82.1191 83.7+6.2 86.445.0 87.949.4 874495 85.949.7 86.649.7
wood 98.3108 99.64¢0.3 98.940.3 100.040.0 | 95.310.2 92.310.7 95.140.2 93.640.8
Zipper 93.613_5 99.5;&0_3 92.3;&5_7 99.810_1 904910_9 97.0:&0_5 92.3;&0_7 97.3;&0_4

Average 95-2j:049 96-03:1,2 952;{:0.8 97'0;{:0.8 ‘ 95.6;}:01 96.8j;041 95.93:0,1 96.9i0.1

Table 2. Comparison of image-level and pixel-level AUC for each category in MVTec using training-free few-shot methods.



Image-Level AUC Pixel-Level AUC
Calegory  pyichEAD PaichEAD PatchEAD+ PaichEAD+| PaichEAD PatchEAD PaichEAD+ PatchEAD+
ViT-B/16+ DINOV2-B ViT-B/16+ DINOV2-B | ViT-B/16+ DINOV2-B ViT-B/16+ DINOv2-B
1-shot

candle 92-0i1,6 86.21346 94.8110 90-7i1.1 96.8i0'0 98.7i0'1 97-0i0.1 98.7i0_1
capsules 79-2;{:1‘1 95-7:{:046 80.5:{:2‘4 93~1i0.3 94~7j:0.3 97~3i0.1 95.4j;0.1 96~7j:0.1
cashew 924415 86.241% 93.441.4 90.541.1 97.0403  99.040.1 97.540.1 98.440.1
chewinggum 97-4i0.0 98.2i0_7 97.9i0.1 98.7i0.l 98.7i0.l 99-4i0.0 98.9i0.1 99-4i0.0
fryum 93-7i243 94-2i140 92.6i1‘5 95~7i1.0 91~0i0.7 92‘7i0.2 93~1i0.4 93.8i0.3
macaronil  85.1437  88.6422 91.140.8 923411 96.7+04  99.240.0 97.640.3 99.340.0
macaroni2  63.5141 62.9139 73.342.4 67.449.9 91.2409 969402 94.610.1 98.340.1
pebl 66.3+178 75.6148  79.7186 821470 | 956111 99000  98.0+03 99.0+0.0
pcb2 T4.9429 750435 727434 823137 | 922403 95.7104 928103 959104
pCb3 79-714.6 77-51()‘8 73-5156 86‘8115 93‘3106 96.7102 934:&0‘7 96.210,2
pCb4 90.6i4_3 87-2i1_4 85.5i4_3 93-1i].3 89.8i]_0 94-4i0.6 92-1i0.8 94-7i0.6
pipefryum 994192 97.6109  99.610.2 95.840.7 | 97.0404 987101  96.6106 97.940.2

Average 84.5:&1_3 85.4:&0_3 86.210_6 89.110_4 94.510.2 97.3;&0.1 95.6;&0.1 97.4:&0_1
2-shot

candle 922414 889437 94.641.1 91.7414 | 970402 98.840.2 97.240.2 98.840.2
capsules 79.811_8 96.0:&1_3 80.7:&2_6 93.1:&0‘6 94.71()‘3 97.31()‘3 95.4:&02 96.7:&0_3
cashew 92.7117 87.81248 94.6117 91.6i1,7 97-2i0.3 99-1i0.1 97.6i0,2 98.6i0_2
chewinggum 97.13:0‘5 97.93:0‘7 97.53:0‘5 98~7i0.2 98~7i0.1 99~4i0.1 98.8i0.1 99.33:()'0
fryum 94.74109 955415 93.041.2 96.841.3 91.6408 934107 93.510.5 94.3106
macaronil 87-1i3.6 88.9i1_9 90-4i1.7 92.9i1.2 97'1i0.8 99-3i0_1 97-8i0.6 99-4i0.1
macaroni2 71.6i3‘7 66.5i4‘9 76.8i3‘9 69.6i3,2 92~9i1.9 97‘3i0.5 95~3i0.8 98.6i0.3
pebl 73.8+15.0 76.7136  81.716.9 83.5454 | 96.8414 991401 983104 99.140.1
pCb2 74.5:&2_7 75.714_1 71.4:&3_3 83.213_2 92.910_3 96.210_6 93~3:t0.7 96.4:&0_6
peb3 83.3450 80.1t3zs  TT.1iss 875419 | 93.7106 96.8+02  93.9+07 96.310.2
pcb4 8744124 873412 8521111 933412 | 909414 945405 929491 94.940.5
pipefryum 995102 975407  99.7402 95.9405 | 972405 98.740.1 96.840.6 98.010.2

Average 87.8i1‘4 87.7i0‘3 87.6i1‘2 90.6i0.5 95.6i0,1 97-7i0.1 96‘2i0,1 97~7i0.1
4-shot

candle 92.911_7 90-213.6 94-911_2 92-3:t1.5 97.210.4 98.9;t0.2 97.410.4 98.910_2
capsules 8().5i2‘2 96.2i1‘1 81.6i2‘5 93~4i0.7 95~0i0.6 97~4i0.3 95~7i0.5 96.8i0.3
cashew 928419 88.54256 94.7416 923417 972403  99.140.2 97.640.2 98.6+0.2
chewinggum 97.5107 98.2407 97.610.5 98.710.3 98.7+01 99.440.0 98.840.1 99.3+0.0
fryum 95.1117 95.91145 93.6114 97-0i1.1 92-2i1.0 93.8i0,9 94-0i0.8 94-7j:0.7
macaronil 87.3:&3‘0 89.1:&1‘7 90.3:&1‘4 93'2i1.1 97~2i0.7 99~4i0.1 97~9i0.5 99.43:()'1
macaroni2 73.0:&7,5 67.6144 77.0132 70.8:&33 93.6119 97.51()‘5 954:&0‘7 98.7:&0,3
pebl 7884142 791448 844470 859458 | 97113 992401 985404 99.2101
pcb2 76.6441 779147 745153 84.7434 | 935111 965107  93.9+10 96.7+0.7
pcb3 84.7446 804129  80.0t6.1 882419 | 941107 971p0a 944108 965404
pCb4 87.3:&10_3 87~6;tl.1 84.5;&9.2 93.611_1 91.811_3 949:&0.6 93.6;&1_3 952:&0.6
pipefryum  99.6102 975110  99.810:2 96.2409 | 973104 98.8+01  96.9105 98.140.2

Average 89.3:&0.5 88.910(0 89.510(3 91.91()‘3 ‘ 96.11()‘1 98~010,0 96.71()‘1 98.0:&0.0

Table 3. Comparison of image-level and pixel-level AUC for each category in VisA using training-free few-shot methods.



Image-Level AUC Pixel-Level AUC
Category  pyichEAD PatchEAD PatchEAD+ PatchEAD+ | PatchEAD PatchEAD PatchEAD+ PatchEAD+
ViT-B/16+ DINOv2-B ViT-B/16+ DINOV2-B | ViT-B/16+ DINOV2-B ViT-B/16+ DINOv2-B

MVTec
bottle 98.7 99.5 97.7 99.8 98.2 98.7 98.2 97.9
cable 93.5 96.4 92.4 95.1 95.2 95.3 94.3 93.0
capsule 88.0 86.9 91.1 89.1 92.8 97.7 92.1 98.5
carpet 98.2 98.6 99.1 99.9 98.9 98.3 99.0 98.6
grid 98.5 90.1 93.9 99.7 97.9 98.6 97.8 99.0
hazelnut 98.2 90.2 98.2 95.1 99.1 99.4 99.1 99.3
leather 99.4 95.1 96.9 100.0 98.9 98.5 99.0 99.3
metal_nut 95.4 96.2 97.1 95.4 79.4 87.6 78.4 85.4
pill 95.2 95.2 95.2 95.6 95.0 93.0 94.9 95.2
screw 80.9 81.1 82.5 87.0 97.0 97.0 93.6 97.3
tile 100.0 100.0 99.8 99.8 96.0 96.7 95.6 95.9
toothbrush 100.0 100.0 99.2 98.9 98.4 98.8 98.4 974
transistor 89.4 91.9 90.0 92.7 91.3 92.5 89.7 88.9
wood 92.2 93.9 94.9 97.3 96.1 92.8 96.0 91.0
zipper 90.3 98.7 91.3 93.9 90.1 93.2 90.1 97.1
Average 94.5 94.3 94.6 95.9 95.0 95.9 94.4 95.6

VisA

candle 93.1 90.8 93.3 89.8 97.7 98.2 97.7 99.0
capsules 80.7 92.5 81.7 94.6 96.2 96.0 95.7 97.0
cashew 86.0 88.7 84.3 93.7 97.9 99.4 97.7 98.5
chewinggum 97.7 97.7 98.1 98.8 98.5 98.8 98.6 99.0
fryum 95.6 92.7 92.3 96.0 94.1 92.7 93.1 94.6
macaronil 87.5 85.3 90.8 96.7 98.0 98.5 98.0 99.5
macaroni2 75.3 67.2 76.2 82.4 95.6 97.5 95.6 98.9
pebl 81.3 79.5 82.9 88.9 98.2 99.0 98.4 99.3
pcb2 81.4 81.6 81.7 87.3 95.0 95.8 95.0 97.2
pcb3 88.2 91.2 90.5 88.2 95.5 96.8 95.2 96.6
pcb4 78.3 87.9 75.0 93.8 93.3 90.9 92.6 94.8
pipe_fryum 96.8 94.5 96.4 96.4 97.9 99.0 97.8 98.0
Average 86.8 87.5 86.9 92.2 ‘ 96.5 96.9 96.3 97.7

MPDD
bracket_black 50.9 46.3 53.4 45.8 89.8 95.3 91.4 96.6
bracket_brown 50.5 50.7 51.7 59.7 93.8 94.0 93.8 94.3
bracket_white 43.1 35.7 45.0 43.2 92.2 97.6 92.8 98.6
connector 90.4 7.7 90.5 79.5 97.5 97.7 97.6 97.7
metal_plate 90.4 88.6 91.5 88.4 92.2 91.9 91.7 93.1
tubes 91.7 92.9 91.7 94.9 98.5 98.8 98.6 99.2
Average 69.5 65.3 70.6 68.6 94.0 95.9 94.3 96.6

Table 4. Comparison of image-level and pixel-level AUC for each category in MVTec, VisA, and MPDD using training-free zero-shot
methods.



Image-Level AUC Pixel-Level AUC

Calegory  pyichEAD PatchEAD PatchEAD+ PaichEAD+| PatchEAD PatchEAD PatchEAD+ PatchEAD+
ViT-B/16+ DINOv2-B ViT-B/16+ DINOv2-B |ViT-B/16+ DINOv2-B ViT-B/16+ DINOv2-B
BTAD
01 96.4 95.7 93.5 94.1 95.3 97.3 95.3 97.0
02 81.0 82.2 8L.7 81.4 94.6 95.3 95.0 94.4
03 99.5 99.2 99.2 98.1 99.4 99.6 99.4 99.5
Average 92.3 92.3 9L5 91.2 | 964 97.4 96.5 97.0
KSDD
KSDD 89.0 93.7 89.4 97.0 | 976 99.2 97.7 99.3
Average 89.0 93.7 89.4 97.0 | 976 99.2 97.7 99.3
DAGM
Class1 78.2 85.1 83.6 88.3 86.7 80.8 87.5 76.2
Class2 99.4 100.0 99.6 99.8 99.2 99.8 99.2 99.6
Class3 97.1 99.6 95.3 99.9 95.3 97.8 95.7 97.3
Class4 100.0 100.0 100.0 100.0 99.2 97.1 99.0 95.8
Class5 97.7 99.9 98.8 100.0 96.0 99.8 96.1 99.7
Class6 91.6 100.0 95.3 100.0 91.6 99.6 92.1 99.5
Class7 99.9 100.0 100.0 100.0 95.9 97.8 95.7 96.8
Class8 82.4 99.8 83.7 99.0 93.1 99.7 93.5 99.7
Class9 8.5 916 87.3 95.9 92.2 99.6 95.0 99.9
Class10 100.0 100.0 99.8 100.0 99.6 99.7 99.6 99.3
Average 92.5 97.6 94.3 983 | 949 97.2 95.3 96.4
DTD-Synthetic
Blotchy 099 93.7 94.1 97.6 99.3 99.0 97.8 99.0 99.0
Fibrous 183 97.6 90.4 98.1 96.7 98.7 98.7 98.6 99.1
Marbled 078 86.0 88.6 86.7 97.4 96.9 96.2 96.0 97.9
Matted 069 75.7 73.1 76.5 92.2 95.4 94.2 95.1 98.7
Mesh_114 88.2 95.6 87.4 95.9 97.7 98.4 97.1 97.1
Perforated 037~ 97.3 94.0 98.4 98.3 99.2 99.0 99.1 98.7
Stratified_154  90.6 98.5 84.9 98.8 99.2 99.3 99.2 99.8
Woven 001 98.9 97.5 98.5 99.6 99.4 99.8 99.2 99.8
Woven 068 94.4 913 94.5 95.4 98.7 98.7 98.3 98.1
Woven_104  96.5 85.5 90.9 98.9 97.2 97.4 97.6 98.6
Woven_125 949 91.8 94.2 99.2 99.0 99.0 98.8 98.5
Woven_ 127 95.1 95.9 94.7 99.0 94.2 95.7 94.3 94.9
Average 92.4 91.4 91.9 97.6 | 97.9 97.9 97.7 98.3

Table 5. Comparison of image-level and pixel-level AUC for each category in BTAD, KSDD, DAGM, and DTD-Synthetic using training-
free zero-shot methods.
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Figure 3. Additional visualization results from PatchEAD and PatchEAD+(4-shot), tested on MV Tec.
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Figure 4. Additional visualization results from PatchEAD and PatchEAD+(4-shot), tested on VisA.
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Figure 5. Additional visualization results from PatchEAD and PatchEAD+(0-shot), tested on MV Tec.
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Figure 6. Additional visualization results from PatchEAD and PatchEAD+(0-shot), tested on VisA.
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Figure 7. Additional visualization results from PatchEAD and PatchEAD+(0-shot), tested on MPDD.
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Figure 8. Additional visualization results from PatchEAD and PatchEAD+(0-shot), tested on BTAD.
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Figure 9. Additional visualization results from PatchEAD and PatchEAD+(0-shot), tested on KSDD.
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Figure 10. Additional visualization results from PatchEAD and PatchEAD+(0-shot), tested on DAGM.
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Figure 11. Additional visualization results from PatchEAD and PatchEAD+(0-shot), tested on DTD-Synthetic.
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Figure 12. Additional visualization results for the comparison to evaluate the effectiveness of Alignment and Masking.
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