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A Datasets

Here we show a set of normal and anomaly samples that can be used in our
experiments. As Figure [I] shows, we have conducted diverse and comprehensive
experiments across different datasets to support the generality of our approach.
Further details on the datasets are given below.

CIFAR |[7]: CIFAR-10 and CIFAR-100 consist of 60,000 natural color images
each, with a resolution of 32x32. These images are divided into a training set of
50,000 and a testing set of 10,000. CIFAR-10 is structured into 10 equally sized
classes, while CIFAR-100 is split into either 100 fine-grained or 20 coarse-grained
classes, with our experiments following the coarse-grained classification.

Fashion MNIST [10]: FMNIST comprises 60,000 training samples and 10,000
test samples, each being a 28 x28 grayscale image distributed among 10 unique
classes.

View [4]: The View dataset is a collection of natural scene images divided
into six classes, such as mountains and buildings. This dataset provides ap-
proximately ~2,300 images per class for training and ~500 images per class for
testing.

Dogs vs. Cats |3]: This simple visualization dataset contains 25,000 images of
dogs and cats.

Aircraft-FGVC |[8]: This dataset comprises 10,200 images, each representing
one of 102 different aircraft model variants, predominantly airplanes, with each
variant having 100 images. An 80-20 train-test split is used. We evaluated the
following ten classes: [91,96,59,19,37,45,90,68,74,89], aligning our approach with
19]-
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Stanford-Cars [6] This dataset includes 16,185 images spread across 196 car
classes. The dataset is divided into 8,144 training images and 8,041 testing im-
ages, with an approximately equal split for each class. We ran our experiments
on the first 20 classes and tested on the entire test set, aligning our approach
with [9].

MVTec-AD [2]: The MVTec Anomaly Detection dataset is recognized for its
collection of 5354 high-resolution images from 15 different categories of indus-
trial objects and textures, serving as the main testbed for anomaly detection
algorithms in manufacturing. The defects present in these anomalies are varied,
encompassing more than 70 different kinds, including scratches, dents, contam-
inations, and structural changes.

MVTec-LOCO |[1]: This dataset targets anomaly localization with images of
industrial products that contain logical and structural defects. It contains 3644
images from five different classes inspired by industrial inspection scenarios.

VisA |11]: The Visual Anomaly dataset is the largest industrial anomaly bench-
mark with images of various manufacturing anomalies. It contains 12 classes in
3 domains across 10,821 high-resolution images.

MPDD |5]: This smaller dataset is specifically designed to address the chal-
lenges of detecting defects in the fabrication of painted metal parts. It offers
a realistic testing environment with variable spatial orientations, multiple ob-
jects, and non-homogeneous backgrounds, diverging from traditional lab-based
AD datasets. It contains 1346 images across 6 categories.

B Extended Qualitative Results

We show more qualitative results of our method. shows the localiza-
tion results of our method on two classes of MVTec AD [2|. Our method can
accurately detect subtle defects in the dataset, such as in screw images.
shows the localization results of our method on the Dogs vs. Cats dataset |3].
As can be seen, our method consistently focuses on discriminative features like
the snout, whiskers, and ears.

C Per Class Results

Here we show the per-class results of our main results table. Table [I] shows the
results for the semantic anomaly detection datasets, Table [2| for near anomaly
detection datasets, and Table [3] for industrial anomaly detection datasets.
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Fig. 1: Normal and Anomaly samples from all datasets.
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Fig. 2: Extended qualitative localization results General AD on MV Tec-AD.
We train the method on the normal samples specified in the first column, then specify
the abnormality regions for each input pass at the test time.
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