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ARTICLE INFO ABSTRACT
Keywords: Due to the limitations of autoencoders and generative adversarial networks, the performance of reconstruction-
Anomaly detection based unsupervised image anomaly detection methods are not satisfactory. In this paper, we aim to explore
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Unsupervised learning

the potential of a more powerful generative model, the diffusion model, in the anomaly detection problem.
Specifically, we design a Reconstructed Diffusion Models (RecDMs) based on conditional denoising diffusion
implicit models for image reconstruction. To eliminate the stochastic nature of the generation process, our
key idea is to use a learnable encoder to extract meaningful semantic representations, which are then used as
signal conditions in an iterative denoising process to guide the model in recovering the image, while avoiding
falling into an "identical shortcut" to meaningless image reconstruction. To accurately locate anomaly regions,
we introduce a discriminative network to obtain the pixel-level anomaly segmentation map based on the
reconstructed image. Our experiments demonstrate the effectiveness of the proposed method, achieving a new
state-of-the-art image-level AUC score of 98.1% and a pixel-level AUC score of 94.6% on the MVTec AD dataset,
among all reconstruction-based methods. We also show the significant potential and promising future of our
method on the challenging real-world dataset, the CHL AD dataset.

1. Introduction with the objective of minimizing the volume of the hyper-sphere.
However, this method is unable to locate the anomalous regions,

Image anomaly detection is often defined as a method of utilizing and the algorithm lacks of interpretability. Similarly, by learning the
computer vision and machine learning techniques to detect anomalous ~ normal data distribution, the reconstruction-based method trains a
regions within an image. Anomalous regions typically refer to areas model (AE [3], GANs [4-7]) to reconstruct input images. However,
within the image that differ from or do not conform to expected norms these methods still have some issues, such as the potential blurred
when compared to other regions, such as defects, stains, damages etc and distorted images generated by autoencoders and the possibility of
(see Fig. 1). The primary objective of image anomaly detection is to mode collapse and unstable training with GANs [8,9]. Additionally,

determine whether an image is anomalous, and furthermore, to indicate
the anomalous regions. This technology can be applied to various ap-
plication fields, including industrial product quality inspection, medical
disease diagnosis [1] etc.

In recent years, anomaly detection methods based on deep learning
have become one of the hottest research topics. In practical appli-
cations, due to the difficulty of obtaining anomaly samples and the
impossibility of covering all anomaly patterns, it is usually assumed
that only normal samples are available for model training, and test
dataset containing few anomaly samples are used to verify the model’s
effectiveness. Therefore, anomaly detection actually can be treated as
one-class classification problems, and typically employs unsupervised
learning or semi-supervised learning techniques. For example, Lukas
Ruff et al. [2] proposed Deep SVDD, which trains an encoder that
attempts to map normal samples onto a hyper-spherical distribution, we design a novel diffusion model framework for image reconstruction,

due to the powerful feature extraction capabilities of convolutional
neural networks [10,11] and the significant differences between normal
and anomalous image features, embedding-based methods have shown
strong competitiveness in the field of image anomaly detection [12—
14]. However, their effectiveness cannot be guaranteed when a specific
task is concerned, since pre-trained models are not always adapted to
the task-specific dataset.

Recently, a new generative model, the Diffusion Model and its
conditional variants [15-17], have shown great potential in image gen-
eration capabilities and have achieved impressive results in fields such
as text-to-image [18,19], image super-resolution [20,21], and image
translation [22,23]. In this paper, we explore the possibility of using the
diffusion model in the field of image anomaly detection. Specifically,
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Fig. 1. Illustrations of image anomaly detection.

similar to the idea behind autoencoders, use a learnable encoder to
extract meaningful semantic representations, which are then used as
signal conditions in an iterative denoising process to guide the model in
recovering the image while avoiding falling into an “identical shortcut”
to meaningless image reconstruction. Clearly, after training on dataset
containing only normal samples, the model can be reconstructed well
for normal samples, while it will produce large reconstruction errors
for abnormal samples that have never been seen. However, detail loss
between reconstructed image and input image is still inevitable and
significant noise will be introduced in following anomaly regions seg-
mentation. To avoid possible noise produced in reconstruction step, we
introduce a discriminative network to identify the differences between
the input and reconstructed images. The end-to-end discriminative net-
work, inspired by DRAEM [24] and self-supervised learning technology,
can obtain accurate pixel-level segmentation map of anomaly regions.
Furthermore, we use simulated anomaly samples to encourage the
model to discover local irregularities in the anomaly samples. To val-
idate the proposed method, we conducted experiments on the MVTec
AD dataset [25], which includes 15 classes of industrial defect data in
two categories: texture and object. We merged data from all classes
to train an unified model. Compared to existing reconstruction-based
methods, our model achieved state-of-the-art (SOTA) performance with
an image-level AUROC score of 98.1% and a pixel-level AUROC score
of 94.6%.

In summary, our work has the following main contributions:

(1) We present a novel reconstruction-based unsupervised anomaly
detection framework, which applies a conditional diffusion model to
learn the data distribution of normal patterns. Our experiments demon-
strate that our method shows more powerful performance in unsuper-
vised anomaly detection tasks.

(2) We utilize an end-to-end discriminative network to locate ano
maly regions by comparing the input image and reconstructed image,
and achieve more precise segmentation results.

(3) The proposed method do not need to train separated model for
different domain, such as different category in a dataset, while keeps
the performance of the model. This significantly improves efficiency.

(4) Our method has achieved state-of-the-art performance on a new
and challenging defect detection dataset, demonstrating the promising
ability of proposed method for complex application with high sample
distribution variance.
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2. Related work

In order to provide a clearer description of existing researches
related to anomaly detection, we primarily divide the studies into three
major categories: Embedding-Based, Anomaly Simulation-Based and
Reconstruction-Based Methods as follows.

2.1. Embedding-based methods

The image features of normal and anomalous samples typically ex-
hibit significant differences, and convolutional neural network models
pre-trained on large external datasets, such as ImageNet [26], have
been demonstrated to possess powerful image feature extraction capa-
bilities [27]. This has been extensively applied to tasks that suffer from
data scarcity or extreme imbalance [10]. Based on the aforementioned
points, embedding-based image anomaly detection methods utilize a
pre-trained model to extract the features of normal samples, which
are then used to construct a feature library comprising all the normal
sample features. During the testing phase, the identical model is em-
ployed to extract the attributes of the testing sample. Subsequently,
machine learning algorithms such as K-nearest neighbors (KNN) and
distance metric functions like the Mahalanobis distance [28] are uti-
lized to compute the distance to the feature library. This distance then
serves as the metric for determining the anomaly score. Moreover, to
locate the anomalous regions, these methods first divide the image
into overlapping patches, calculate the anomaly score for each patch,
and then aggregate them to obtain an anomaly segmentation map.
Recently, these methods [13,14] have achieved high AUC scores on the
unsupervised anomaly detection dataset MVTec AD. However, due to
the need to store the feature library of normal samples, which can be
highly memory-consuming and result in slower inference speeds.

2.2. Anomaly simulation-based methods

As only normal samples are available as training data, Anomaly
Simulation-Based Methods propose to simulate anomalies as a data
augmentation technique to generate positive samples and train an
end-to-end image anomaly detection model based on the principle
of self-supervised learning. Specifically, CutPaste [29] cuts an image
patch and pastes it at a random location of a larger image, and then
trains a binary classification model based on the simulated anomalous
samples. Its drawback is that it requires the use of the gradCAM [30]
technique to obtain the heatmap of anomalous regions. DRAEM [24]
adds additional texture images as noise to normal images to generate
anomalous regions. This type of data augmentation method aims to
simulate texture anomalies. Although the Anomaly Simulation-Based
Methods aim to encourage the model to detect local irregularities based
on the simulated anomalous samples, in practice, the model assigns
higher anomaly scores to samples that are more similar to the simulated
anomalous samples, which requires the simulated anomalous samples
to be closer to the real distribution.

2.3. Reconstruction-based methods

Reconstruction-Based Methods learn the distribution of normal sam-
ples by training generative models to reconstruct input images, and
since the model produces larger reconstruction errors for anomalous re-
gions due to the difference in data distribution, the reconstruction error
can serve as the anomaly score. An et al. [3] first encode the image into
a low-dimensional manifold embedding using VAE, and then recon-
struct the input image from the low-dimensional representation, where
the reconstruction probability is used to determine whether it is anoma-
lous. Bergmann et al. [31] propose to use a structural similarity-based
perceptual loss function to examine the interdependence between local
image regions, while considering brightness, contrast, and structural
information, rather than simply comparing individual pixel values. For
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Fig. 2. (a) An overview of our framework. By feeding the input image x, into the reconstruction module, we obtain the reconstructed image x,,
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The Reconstructed Diffusion Models
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concatenated and fed as input to the discrimination network, which outputs the anomaly segmentation map. (b) Reconstruction Module. The Reconstructed Diffusion Models consists
of a conditional DDIM and a learnable encoder. The input image x, is first passed through the encoder to obtain the vector z, which is then used as a condition to guide the
reconstruction of x, using the conditional DDIM. Where, x; is obtained by diffusing x, through a diffusion process.

GAN-based methods, Xia et al. [6] propose a self-supervised learning
framework that combines generative and discriminative methods to
enhance the representation learning ability of the generator. Liang
et al. [7] propose a novel OCR-GAN network that processes the anomaly
detection task from a frequency perspective and achieves excellent
image-level AUC scores, its drawback is that it cannot locate anomalous
regions.

Diffusion models, as a new type of generative model, have been
applied to medical image anomaly detection. Based on DDPM [15], An-
oDDPM [32] proposes a novel local diffusion anomaly detection strat-
egy that can be scaled to high-resolution images and uses a new noise
source instead of Gaussian noise during the diffusion process. [33]
uses a classifier-guided diffusion model [17] as a weakly supervised
anomaly detection method, at the cost of training a classifier. However,
in practice, due to the randomness of the generation process of diffusion
models, the current diffusion-based methods cannot reconstruct input
images well. In this study, inspired by [19,34], we use a classifier-
free conditional diffusion model [35] for accurate image reconstruction
and complete the industrial image anomaly detection task based on the
reconstruction idea.

3. Proposed method

In this section, we present an unsupervised image anomaly de-
tection framework based on the Reconstructed Diffusion Models. An
overview of our framework is shown in Fig. 2 (a). Similar to typical
reconstruction-based methods, our two-stage framework constructs an
image anomaly detector. In the first stage, the input image is accurately
reconstructed (see Section 3.1). The second stage performs anomaly de-
tection and localization based on the input image and the reconstructed
image (see Section 3.2). We introduced a discriminative network to
obtain the anomaly segmentation map and trained it end-to-end in a
self-supervised manner using simulated anomaly samples.

3.1. The reconstructed diffusion models

The diffusion model consists of a forward process that adds Gaussian
noise N, defined as a Markov chain in DDPM [15], and a backward
process that iteratively removes the noise. In the backward process,
a neural network is trained to predict the noise, indirectly learning
the data distribution. Afterwards, the diffusion model can transform
samples from a standard Gaussian noise to samples from the empirical
data distribution through an iterative denoising process, which can
be used for image generation. To control the generated image, the
conditional diffusion model can introduce an input signal to guide the
denoising process. Following Diffusion Autoencoders(Diff-AE) [34], we
use DDIM [16] to accelerate the sampling process.

Inspired by autoencoders, we first use an encoder to extract mean-
ingful semantic representation z of x,;, which avoids falling into an
“identical shortcut” to meaningless image reconstruction. The semantic
representation z is then used as a conditional input to guide the
diffusion model for reconstructing x, (see Fig. 2 (b)). Unlike Dift-
AE, we do not use DDIM reverse sample to get the stochastic code
as xp, since it will enable Diff-AE to almost perfectly reconstruct the
input, regardless of whether the data is in the specified distribution or
not. Specifically, our RecDMs models p,(x,_; |x,, z) to approximate the
inference distribution g(x,_,|x;, x¢):
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Where ¢, and o, are hyperparameters, which are used to represent
the noise level and control the image generation process respectively.
X{,X,,...,xp are latent variables in the same sample space as x,. and
T is set to some large number, e.g. 1,000. The hyperparameter settings
and the definition of p, are kept consistent with DDIM [15].

The function f, is defined as the model prediction for x, and can
be further represented by a noise prediction network ¢,(x,, 1, z):
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We optimize the model parameters with the following loss function
[15]:
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Where ¢, € R»™ ~ N(0,1),x, = \/a;xo + /1 - a¢,. Note that this
simplified loss function has been shown to optimize both DDPM [15]
and DDIM [16], though not the actual variational lower bound.
Model Architecture: The encoder consists of the first half of a U-
Net [36] architecture with attention mechanisms, and a 512-dimensio
nal vector z is obtained by adaptive global pooling at the end. The
conditional DDIM architecture is based on the class-conditional U-Net
model [17], while we use z instead of class information as condition.

3.2. Discriminative network and anomaly simulation strategy

In reconstruction-based anomaly detection methods, the anomaly
map is obtained by comparing the original image with its reconstruc-
tion using similarity functions such as SSIM [37]. Due to the bottleneck
constraints, the images reconstructed by our RecDMs may lose some
details, which do not affect the image-level anomaly discrimination,
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Fig. 3. Simulated anomaly results. Ori: Original images. Aug: augmented images. Mask:
anomaly segmentation ground truth.

but can easily affect handcrafted similarity functions and lead to noisy
anomaly segmentation map, especially for normal samples. Therefore,
we design a end-to-end discriminative network to learn an adaptive
distance metric function between input image and reconstructed image.
The network is then used to obtain a noise-free anomaly segmentation
map.

Our discriminative network uses a U-Net architecture. The input of
the network is defined as the channel-wise concatenation of the output
of the conditional DDIM x,,. and the input image x,. The network
output is an anomaly segmentation map with the same size as the input
image x,. To address the issues of imbalanced positive and negative
samples, we define the training objective of the discriminative network
as Focal Loss [38], which is shown below:

—a(l = pY PFy =
Focal Loss(p,y) = { ol - pyloglp) ify=1 (5)
—(1—a)p'log(l-p), ify=0
Where y € {0,1} specifies the ground-truth class, p € [0,1] is the
model’s estimated probability for the class with label y = 1, « € [0,1]
is a weighting factor to balance positive and negative samples, y > 0 is
a tunable focusing parameter to balance hard and easy samples.

The output of the discriminative network can be directly used as
a pixel-level anomaly segmentation map. Similar to other anomaly
detection methods [3,7,39,40], we first apply Gaussian mean filter to
smooth the anomaly segmentation map and eliminate noise, and then
take the highest pixel value of that as the image-level anomaly score.

For the anomaly simulation strategy, our goal is to generate appear-
ances outside the distribution of normal samples, rather than simulating
real anomaly samples. This encourage the discriminative network to
learn a distance metric function that is specific to the current task based
on local irregularities. Following DRAEM [24] and MemSeg [41], the
noise images with various anomaly shapes are generated by Perlin noise
generator [42], and then thresholded by random uniform sampling to
obtain anomaly maps. The anomaly texture source images are sampled
from an anomaly source image dataset, DTD [43], which is indepen-
dent of the input image distribution. Fig. 3 shows some simulated
anomaly results. Since our discriminative network automatically learns
a suitable metric function based on image comparison, we have lower
requirements for the fidelity of simulated anomalies, compared with
anomaly simulation-based methods [24,41].

4. Experiment
4.1. Experimental setup

(1) Datasets.

The MVTec AD dataset [25] is a widely-used benchmark for semi-
supervised and unsupervised image anomaly detection tasks, consisting
of 5,354 high-resolution color images depicting 10 types of objects and
5 types of textures. These images have a resolution ranging from 700
to 1,024, and are downsampled to 256 x 256 resolution for all our
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Fig. 4. Some examples in the CHL AD dataset.
Table 1
The hyperparameters of our RecDMs.
Batch size 16
z-dim 512
p scheduler Linear
Learning rate le—4
Optimizer Adam(no weight decay)
DDPM.T 1000
Loss MSE with noise prediction e
Var No

experiments. Each object and texture category includes approximately
60 to 400 normal samples for training, along with a mixture of normal
and anomaly images for testing. The test set contains a diverse range
of realistic anomalies with different textures and scales, making it
a challenging and comprehensive benchmark for evaluating anomaly
detection algorithms.

The Crazy Horse Leather (CHL) AD dataset [44] consists of
104 color images showing variant colors and textures of Crazy Horse
leather, which is widely used in leather products. Due to the complex
manufacturing process, the images feature intricate backgrounds and a
high variance in appearance distribution, encompassing multiple defect
types such as steel stamps/brands, scars (healed wounds, knife marks),
and wormholes. It is a highly challenging defect detection dataset,
which contain only normal images in the training set as well. Images
in this dataset are downsampled to 256 x 256 as well. Some examples
in the dataset are given in Fig. 4.

(2) Implementation Details.

The baseline diffusion model and our RecDMs are based on the Diff-
AE model [34]. We use an Nvidia A100 GPU for all our experiments.
The hyperparameter settings are consistent with those of Diff-AE, as
shown in the Table 1. In order to increase the sampling speed without
compromising reconstruction quality, DDIM sampling step is set to
T=250. We trained a unified reconstruction model by merging the
training sets of all categories in the MVTec AD dataset.

The discriminative model utilizes the classic U-Net architecture with
an input channel of 6. Focal loss (y = 2) is used as the loss function, with
a learning rate of le — 4. In our experiments, a separate discriminative
model is trained for each category in the MVTec AD dataset to reduce
the impact caused by the differences between categories.

We divide the training phase into two stages. Firstly, we train the
reconstruction module using only normal samples in the training set.
Then, we freeze the parameters of reconstruction module and train the
discriminative network using simulated anomaly samples. Our code is
available at https://github.com/xhh12381/RecDMs-AD.

(3) Evaluation Metrics

Anomaly detection performance is commonly evaluated using The
Area Under the Curve (AUC) of the Receiver Operating Characteristic
(ROC) Curve metric [7,13,14,24,29,41]. Higher AUC scores indicate
better anomaly detection performance and are used as a standard
evaluation metric for anomaly detection.
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Table 2
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We compared our method with other existing methods on the MVTec AD dataset, evaluating their performance using ROC-AUC scores, presented with the format
of (Image-level, Pixel-level). Like us, the methods in three to five columns are reconstruction-based, while the following two columns are anomaly simulation-Based

and embedding-based methods. Bold represents optimal results.

Items Skip-GAN [39] Puzzle-AE [40] OCR-GAN [7] DRAEM [24] PatchCore [14] Ours
Carpet (70.9,-) (65.7,-) (98.9,-) (97.0,95.5) (98.7,99.0) (94.8,96.1)
Grid (47.7,-) (75.4,-) (99.6,-) (99.9,99.7) (98.2,98.7) (99.5,93.4)
Texture Leather (60.9,-) (72.9,-) 97.1,) (100,98.6) (100,99.3) (100,99.6)
Tile (29.9,-) (65.5,-) (92.2,-) (99.6,99.2) (98.7,95.6) (99.8,93.5)
Wood (19.9,-) (89.5,-) (95.8,-) (99.1,96.4) (99.2,95.0) (99.6,94.7)
Average (45.86,-) (73.8,-) (96.6,-) (99.1,97.9) (99.0,97.5) (98.7,95.5)
Bottle (85.2,-) (94.2,-) (99.6,-) (99.2,99.1) (100,98.6) (98.8,94.3)
Cable (54.4,-) (87.9,-) (99.2,-) (91.8,94.7) (99.5,98.4) (92.1,94.7)
Capsule (54.3,-) (66.9,-) (95.4,-) (98.5,94.3) (98.1,98.8) (97.9,97.2)
Hazelnut (24.5,-) 91.2,) (88.2,-) (100,99.7) (100,98.7) (98.9,95.0)
Object Metal nut (81.4,-) (66.3,-) (98.7,-) (98.7,99.5) (100,98.4) (96.6,92.7)
) pill (67.1,-) (71.6,-) (98.5,-) (98.9,97.6) (96.6,97.4) (95.3,95.6)
Screw (87.9,-) (57.8,-) (100.0,-) (93.9,97.6) (98.1,99.4) (99.8,93.9)
Toothbrush (58.6,-) (97.8,-) (98.2,-) (100,98.1) (100,98.7) (96.3,97.2)
Transistor (84.5,-) (86.0,-) (94.9,-) (93.1,90.9) (100,96.3) (99.5,86.4)
Zipper (76.1,) (75.7,7) (97.6,-) (100,98.8) (99.4,98.8) (98.8,88.5)
Average (67.4,-) (79.5,-) (97.0,-) (97.4,97.0) (99.2,98.4) (97.4,93.6)
All (60.2,-) (77.6,-) (96.9,-) (98.0,97.3) (99.1,98.1) (98.1,94.6)
= Qurs
Table 3 X 60000 Image size=256
The comparison between our method and patchcore 5 O A
[14] on the CHL AD dataset in terms of ROC-AUC % BE Image i
with the format of (Image-level, Pixel-level). 50000 9
Methods Results _
o
PatchCore [14] (0.77,0.54) = 40000
Ours (0.81,0.60) %
[2]
1
> 30000
o
£
£
4.2. Comparisons with existing methods 20000
For the MVTec AD dataset, Table 2 shows the AUC scores of 10000
different methods. Our method achieves a remarkable image-level AUC
score of 98.1%, which outperforms existing reconstruction-based meth- 0
ods. In addition, all the existing reconstruction-based methods are 0 2000 4000 6000 8000 10000

not capable of giving pixel-level AUC scores, whereas our method
achieves a highly competitive score of 94.6% at the pixel level in
all image anomaly detection methods. Although it may not be the
current state-of-the-art among all methods, as stated in earlier sections,
reconstruction-based methods hold better interpretability and wider
applicability than embedding-based methods in image anomaly detec-
tion. Nevertheless, our method exhibits relatively lower AUC scores
in certain categories, such as cable and carpet. We attribute this to
the significant semantic differences between the simulated anomalous
samples and the real anomalous samples.

For the Crazy Horse Leather(CHL) AD dataset, our method achieved
higher image-level and pixel-level AUC scores than PatchCore [14]
(see Table 3). This indicates that our reconstruction-based method
has an advantage for some applications with high sample distribution
variance.

Additionally, we compared the memory consumption between our
method and the embedding-based methods (taking PatchCore [14] as
an example) on datasets with different sample numbers and image
resolutions. Fig. 5 shows that our method has a lower memory con-
sumption and is more advantageous for applications that require higher
resolution images.

4.3. Ablation study

(1) reconstruction ability

The reconstruction capability of the model is the key factor in the
performance of the proposed method. The quality of image recon-
struction determines the accuracy of detecting and precisely localizing

number of samples

Fig. 5. Memory consumption comparisons between our model and PatchCore [12] on
datasets with different sample numbers and image resolutions.

Table 4
The reconstruction quality comparison between our method and different methods on
the MVTec AD dataset in terms of SSIM, LPIPS and MSE.

Models SSIM (1) LPIPS (1) MSE (})
Puzzle-AE [40] 0.592 0.187 0.153
Skip-GAN [39] 0.645 0.208 0.171
OCR-GAN [7] 0.766 0.158 0.049
Ours 0.857 0.141 0.012

anomalous regions. In Table 4, we evaluate the reconstruction quality
of four methods: 1) our RecDMs, 2) Puzzle-AE [40], 3) Skip-GAN [39],
4) OCR-GAN [7]. All these models are trained and tested on the MVTec
AD dataset. The evaluation metrics are SSIM [37] (1), LPIPS [45] (1),
and MSE(|).

Furthermore, we aim to demonstrate that our method is only ca-
pable of reconstructing normal samples, while producing significantly
larger reconstruction discrepancies for anomalous samples. As shown
in Fig. 6, we visualize the reconstructed images and the difference
images between the reconstructed and original images to explore the
reconstruction ability of different methods. The results clearly indicate
that the images reconstructed using Puzzle-AE [40] exhibit significant
distortion and blurring. Although OCR-GAN [7] is capable of gener-
ating high-quality reconstructions, its excessive model generalization
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Puzzle-AE
Diff

OCR-GAN
Diff

Fig. 6. Reconstruction results comparison of our method with other two reconstruction-
based methods. Ori: Original images with anomaly segmentation ground truth. Rec:
Reconstructed images. Diff: Differences between original and reconstructed images.

Dis_net

Rec |ori-Rec| output Mask

Fig. 7. The effect of the discriminative network on anomaly localization. Directly using
| Ori-Rec | as an anomaly segmentation map results in additional noise, while using
the discriminative network yields a more accurate segmentation map. Dis_net output:
Discriminative network output. Mask: Ground Truth.

capability leads to effective reconstruction of anomaly regions that
should not be accurately reconstructed. Reconstructed results indicate
that our RecDMs exhibits superior capability in preserving fine details,
while the difference images effectively highlight the anomaly regions,
outperforming other classical reconstruction-based methods.

(2) The discriminative network effectiveness

The discriminative network is responsible for generating accurate
and noise-free anomaly segmentation maps. In Fig. 7, we demonstrate
the difference between having and not having discriminative network.
It is evident that subtracting the reconstructed images directly from the
original ones as the anomaly segmentation map results in significant
noise due to the loss of some unnecessary details in the reconstruction
process. However, the discriminative network effectively removes this
noise.

5. Conclusion & limitations

In the field of unsupervised image anomaly detection, reconstruc
tion-based methods are a classic technique that has perfect theoret-
ical feasibility and good interpretability. However, their suboptimal
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reconstruction quality often leads to unsatisfactory performance. In
this paper, we propose a novel reconstruction-based unsupervised im-
age anomaly detection method by combining state-of-the-art gener-
ative models, specifically diffusion models, followed by an end-to-
end discriminative network to generate precise anomaly segmentation
map. Our experimental results demonstrate impressive performance,
indicating that reconstruction-based methods can also exhibit robust
capabilities.

Limitation 1: The inference speed of the diffusion model is hindered
by the requirement for a large number of sampling steps, even with the
use of DDIM to enhance sampling efficiency. As a result, our method
exhibits subpar performance in terms of time efficiency. Limitation
2: The involvement of a discriminative network in generating simu-
lated anomaly samples introduces additional training data and may
lead to domain shift problems. In future work, we intend to explore
improved post-processing methods, as this is a common challenge in
reconstruction-based approaches.

In the future, our work aims to discover better post-processing
methods, which is actually a common issue in the reconstruction-based
methods.
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