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Abstract

Recent advances in diffusion models have spurred research
into their application for Reconstruction-based unsuper-
vised anomaly detection. However, these methods may
struggle with maintaining structural integrity and recov-
ering the anomaly-free content of abnormal regions, es-
pecially in multi-class scenarios. Furthermore, diffusion
models are inherently designed to generate images from
pure noise and struggle to selectively alter anomalous re-
gions of an image while preserving normal ones. This leads
to potential degradation of normal regions during recon-
struction, hampering the effectiveness of anomaly detec-
tion. This paper introduces a reformulation of the stan-
dard diffusion model geared toward selective region alter-
ation, allowing the accurate identification of anomalies. By
modeling anomalies as noise in the latent space, our pro-
posed Deviation correction diffusion (DeCo-Diff) model
preserves the normal regions and encourages transforma-
tions exclusively on anomalous areas. This selective ap-
proach enhances the reconstruction quality, facilitating ef-
fective unsupervised detection and localization of anomaly
regions. Comprehensive evaluations demonstrate the supe-
riority of our method in accurately identifying and localiz-
ing anomalies in complex images, with pixel-level AUPRC
improvements of 11-14% over state-of-the-art models on
well-known anomaly detection datasets. The code is avail-
able at https://github.com/farzad-bz/DeCo-Diff

1. Introduction

Unsupervised anomaly detection (UAD) is paramount to a
wide span of computer vision problems across strategic and
high-impact domains, such as industrial inspection [2, 16],
video surveillance [19, 30], or medical imaging [24, 26].
The main goal of UAD is to identify corrupted images, as
well as anomalous pixels within these images, by leverag-
ing only normal images. This setting naturally arises in
many scenarios, where normal samples are readily available
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Figure 1. Diffusion model reconstruction vs. DeCo-Diff. Fine
details and patterns of a normal image are changed during the
standard forward-backward diffusion process: the “wood” image
becomes a “Tile” sample when T steps are applied. In contrast,
DeCo-Diff does not alter the details of the image using T correc-
tion steps, maintaining the appearance of the original input image.

but compiling a curated set of labeled abnormal images is
costly, due to the complexity of the annotation process as
well as the scarcity and high variability of potential abnor-
malities.

The prevailing approach to address UAD frames this task
as a cold-start1 anomaly detection problem, which is typi-
cally approached through three primary categories of meth-
ods: reconstruction [20, 24, 31], synthesizing [13, 25, 34,
35] and embedding [2, 3, 22, 23] based approaches. While
popular, single-class approaches hinder the scalability of
these strategies, as the amount of storage and training time
increases with the number of categories. Thus, there is a real
need for novel methods that can accommodate the multi-
class scenario in a robust and efficient manner.

Under the unified scenario, however, the distribution of
normal data becomes more complex. As a result, the suc-
cess of this task hinges on robust models capable of effec-
tively learning the joint distribution across diverse types of
objects. Diffusion models [27], and more particularly De-
noising Diffusion Probabilistic Models (DDPM) [10], have
emerged as strong candidates for this endeavor. Indeed,
diffusion models have demonstrated strong potential in re-
constructing the normal counterpart of an image to localize
anomalous regions [4, 38].

Diffusion models, though highly effective at generating
high-quality samples, are designed to generate images from
pure noise. Therefore, their direct application to modify

1Also commonly known as one-class classification (OCC).
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Figure 2. Overview of the proposed method. During training (top), normal images are partially diffused using random masks and
randomly sampled time-steps ([1,T ]). Then, our DeCo-Diff model is trained to predict the direction of deviation from the input image. At
inference (bottom) starting from time-step T for the target images, DeCo-Diff progressively corrects the deviation from normality.

the input images necessitates a forward diffusion process
followed by a backward denoising process. However, this
strategy imposes several limitations. First of all, directly
using DDPMs in the multi-class context may result in mis-
classifying generated images due to the loss of their orig-
inal category information [8], when a high number of dif-
fusion steps is applied. On the other hand, if we use lower
diffusion steps, the “identity shortcut” issue will emerge,
where the model tends to simply denoise the input regard-
less of whether the content is normal or anomalous, thus
preserving the anomalous regions[33]. A further problem
arises when forward and reverse diffusion steps are applied
indiscriminately across the entire image. In such cases,
the model may struggle to fully recover the normal pat-
terns leading to false identification of anomalies due to dis-
crepancies between the input image and its reconstruction.
This problem is more significant when the input image in-
volves random patterns and textures, such as “tile”. Lastly,
the model’s ability to accurately reconstruct the normal ap-
pearance of anomalous regions improves by leveraging the
contextual information from surrounding normal regions.
However, diffusion models introduce noise across the en-
tire image, leading to the loss of crucial details required for
reconstructing the normal counterpart of the image. These
limitations are depicted in Fig. 1.

To address these limitations, we propose a reformula-
tion of the standard diffusion models in such a way that
it corrects the deviation from normality. This new formu-
lation better suits our goal of reconstructing abnormal re-
gions into their normal counterpart, while preserving the
fine details of normal areas. Specifically, it enables us to

directly use the target anomalous image in the backward
correction process during inference, which eliminates the
need for forward diffusion process, prevents the degradation
of informative information, and enables selective correction
of abnormal regions.The proposed model also introduces a
random masking strategy for the added noise, which brings
two important benefits. First, it leaves portions of the im-
age untouched during the forward process, thus making the
correction process conditioned on those normal untouched
regions. Secondly, during the backward correction process,
using our reformulation, the model learns to selectively alter
abnormal regions of the image while keeping normal areas
unchanged. This leads to a more precise anomaly detection
and localization.

Our key contributions can be summarized as follows:

• We propose a novel reformulation of diffusion models
that learns to correct deviation from the learned distribu-
tion of normality to its normal counterparts, rather than
generating samples through denoising steps.

• We introduce a random masking strategy into the forward
diffusion process, which conditions the deviation correc-
tion of abnormal regions to surrounding areas while pre-
serving the fine details of normal regions.

• Furthermore, we reformulated the DDIM sampling [28]
to accommodate the deviation correction approach pre-
sented, enabling a faster, stable, and deterministic reverse
process for efficient sampling.

• Extensive results on popular anomaly detection bench-
marks demonstrate the superiority of our approach across
recent state-of-the-art methods and multiple metrics.

19089



2. Related work

2.1. Unsupervised Anomaly detection

Unsupervised anomaly detection has been studied from
multiple perspectives: 1) Reconstruction-based ap-

proaches rely on the assumption that a model trained on
normal data will fail to reconstruct anomalous regions,
leveraging the differences between the input and its recon-
structed image as an anomaly score. Generative Adversarial
Networks [20, 24, 31], Variational Auto-Encoders [15], and
Normalizing Flows [5], are typically used as the backbone
for reconstruction networks in this task. 2) Synthesizing-

based approaches typically introduce synthetic anomalies
in normal images used for training [13, 25, 34, 35]. For
example, DRÆM [34] trains a network on synthetically-
generated just-out-of-distribution patterns, whereas Cut-
Paste [13] introduces anomalies via a simple, yet efficient
strategy based on cutting-pasting image patches at random
locations on a normal image. 3) Embedding-based ap-

proaches focus on embedding the normal features into a
compressed space, relying on the assumption that anoma-
lous features are far from the normal clusters in this space.
These methods employ networks that are pre-trained on
large-scale datasets like ImageNet for feature extraction
[2, 3, 22, 23]. For instance, PaDiM [2] resorts to a mul-
tivariate Gaussian to model the distribution of normal patch
features at each position of the image, and then measures
the normality score using the Mahalanobis distance. Simi-
larly, PatchCore [22] employs a core set to encode the fea-
tures of normal patches, and finds anomalies at test time by
computing the distance from a new patch’s embedding and
its nearest element in the core set. More recently, [14] pro-
posed using the hyperbolic space to measure the distance
between feature representations. Despite the progress made
by these approaches in the single-class setting, their perfor-
mance in the unified scenario remains unsatisfactory.

2.2. Multi-class unsupervised anomaly detection

The direct application of above-mentioned methods to the
multi-class problem often leads to suboptimal performance.
Moreover, since each category needs a separate trained
model, the computational burden of these methods quickly
explodes as the number of classes increases.

Tackling this more realistic scenario, multi-class unsu-
pervised anomaly detection (Mc-UAD) approaches have re-
cently gained traction within the community [3, 6–8, 16, 33,
36, 39]. UniAD [33] proposes a series of modifications to
accommodate reconstruction-based networks for the chal-
lenging task of Mc-UAD. Observing the importance of the
query embedding module in transformers to model the nor-
mal distribution, a query decoder is integrated into each
layer, instead of only in the first layer as in vanilla trans-
formers. To alleviate the “identity shortcut” problem in

transformers, authors also introduce a neighbor mask at-
tention module preventing tokens to copy themselves via
self-attention. Last, a feature jittering strategy is employed
to help the model recover normal features from noisy ones.
Rd4AD [3] leverages a reverse distillation approach, where
a student network learns to restore the multi-scale represen-
tations of a teacher given the teacher one-class embeddings.
MambaAD [7] proposed a pyramidal autencoder framework
to reconstruct multi-scale features using recently proposed
Vision Mamba networks [40]. MoEAD [17] introduced
a Mixture-of-Experts architecture to transform single-class
models into a unified model. DiAD [8] leveraged diffusion
models for multi-class AD by integrating a semantic-guided
network that helps preserve semantic information in the re-
construction of a Latent Diffusion Model. More Recently,
GLAD [32] proposed combining the global and local adap-
tive mechanisms to improve the reconstruction performance
of diffusion models. However, diffusion-based methods in-
discriminately apply noise to the entire image and lack an
explicit mechanism for learning how to reconstruct abnor-
mal regions from their normal surrounding regions.

3. Preliminaries

Denoising Diffusion Probabilistic Models (DDPM) are
based on the idea of progressively perturbing data samples
into noise via a forward process, and reversing this pro-
cess to generate new data samples. This section introduces
the fundamental concepts and notations required for under-
standing and applying diffusion models introduced in [10]
and [28].

3.1. Forward Diffusion Process

Let X = {x(i)}N
i=1 denote the data samples (i.e., images),

where x(i) → RH→W→C is the i-th image, with H , W , and
C representing its height, width and number of channels, re-
spectively. The forward Markov diffusion process consists
in gradually corrupting data samples by adding Gaussian
noise for t time-steps where t → [1, T ]. Following [10], the
forward noising process can be characterized as follows:

q(xt|xt↑1) = N (xt;
√

1↑ ωtxt,ωtI). (1)

Here, ωi is a noise scheduling parameter that controls the
amount of noise added at each step, such that xT ↓ N (0, I)
for a sufficiently large T . The marginal distribution at the
moment t can then be explicitly defined from x0 as:

q(xt|x0) = N (xt;
↔
ε̄tx0, (1↑ ε̄t)I), (2)

where εt = 1↑ ωt and ε̄t =
∏

T

i=1 εi.

3.2. Reverse Diffusion Process

In the reverse process, which iteratively removes noise
through a series of denoising steps to generate new sam-
ples from Gaussian noise, the prior probability at each step
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Figure 3. Qualitative results. From top to bottom: the original input image (with anomalies), DeCo-Diff reconstruction, the ground truth
mask, and the predicted anomaly mask. Examples are depicted for two datasets (MVTec-AD on the left side and VisA on the right side)
and across multiple anomalies with diverse complexity.

can be modeled as a Gaussian distribution:

p(xt↑1|xt) = N (xt↑1;µω(xt, t),ωtI), (3)

in which ωt is fixed for each t, and the mean functions
µω(xt, t) parameterized by ϑ are trainable:

µω(xt, t) =
1↔
ε̄t

(
xt ↑

ωt↔
1↑ ε̄t

ωω(xt, t)
)
. (4)

This reverse process is trained with the variational lower
bound of the log-likelihood of x0, i.e.:

L(ϑ) = ↑ p(x0|x1)

+
∑

t

DKL

(
q
↓(xt↑1|xt,x0) ↗ pω(xt↑1|xt)

)
.

(5)
By applying the reparameterization trick (i.e., parameter-

izing the noise function ωω as a neural network), the model
can be trained using a simple mean-square error loss be-
tween the ground truth sampled Gaussian noise and the pre-
dicted noise:

min
ω

Ex0↔q(x0),ω,t

[
↗ω↑ ωω (xt, t)↗22

]
, (6)

with ω ↓ N (0, I). Thus, starting from a noise vector
xT ↓ N (0, I) sampling is achieved by iteratively apply-
ing the learned reverse process to gradually reconstruct a
clean sample x0.

4. Method

We resort to diffusion models to characterize the distribu-
tion of normal images, and reconstruct the normal coun-
terparts of target images to detect and localize anomalies.
However, standard diffusion models are inherently designed

to generate new samples starting from pure noise and not
altering selective regions of an input image. Moreover, by
applying the forward and then reverse diffusion processes to
reconstruct the normal counterpart of an anomalous image,
depending on time-step t, the information in the normal re-
gions can be partially degraded or lost. This degradation
leads to a suboptimal reconstruction of normal areas, which
is not ideal for unsupervised anomaly detection as input im-
ages and their reconstructed counterparts are compared to
detect abnormal regions.

To address this issue, we propose a modified diffusion
model (DeCo-Diff) that selectively alters only the anoma-
lous regions of an image, while leaving the normal areas
intact. This approach allows for preserving the normal
parts of anomalous images while altering abnormal regions,
based on the learned distribution of normal images. In this
section, we detail the different components of our approach,
whose overall pipeline is depicted in Fig. 2.

4.1. Modeling anomalies as noise in latent space

We employ a pre-trained Variational Auto-Encoder (VAE)
[21] to project images into a latent space where the diffu-
sion process is performed. We chose to work in this latent
space for five key reasons: i) anomalies in the image can
be effectively interpreted as noise within the latent space,
which aligns well with the operational framework of dif-
fusion models; it also ii) alleviates the problem of “iden-
tity shortcut” which causes anomalies to be preserved in the
reconstruction; iii) increases computational efficiency; iv)
enhances stability, especially when training data is limited;
and v) improves the quality of generated samples.

Denoting the encoder and decoder networks of the VAE
as ϖE and ϖD, an input image x(i) is projected into a la-
tent space representation z(i) = ϖE(x(i)), where z(i) →
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RH
→→W

→→C
→
. It is important to note that, due to the un-

supervised nature of this method, we only have access to
normal images during the training phase.
Limitations of standard diffusion models. There are certain
limitations to adding noise to the whole input image (or its
latent representation) as in standard diffusion models. First,
the added noise also affects normal regions. Consequently,
during the forward diffusion process, normal regions may
experience a partial or complete loss of information, mak-
ing it difficult to fully recover the input image and poten-
tially leading to their misinterpretation as anomalous areas
when compared to the input image. Furthermore, abnor-
mal regions should be reconstructed with respect to the sur-
rounding normal areas. However, if normal patches are al-
tered due to the forward diffusion process, they cannot be
fully exploited to reconstruct abnormal patches, a critical
step for anomaly detection.

To alleviate the aforementioned limitations, we pro-
pose to integrate random masking into the forward diffu-
sion process. Given the latent features of an input nor-
mal sample z0 ↓ p (z0), we spatially divide z0 into non-
overlapping noisy zn

0 (non-masked) and visible zv

0 patches
(masked) using a random mask with a random masking ra-
tio (rmask). Afterward, during the forward process, only the
noisy patches in zn

0 are gradually diffused, while the visible
patches zv

0 remain unchanged:

q(zk

t
|zk

0) =

{
N (zn

t
;
↔
ε̄tzn

0 , (1↑ ε̄t)I), if k = n

zv

0, otherwise.

(7)
This way, visible patches in the image can represent nor-

mal regions that have been unaltered during the forward
process, while noisy patches could mimic anomalous areas.

4.2. Deviation instead of Diffusion

While we motivated the use of a masking strategy (Eq. (7))
during the forward diffusion process, conditioning the re-
verse process and training objective on the masks used for
the forward pass is suboptimal and impractical. First, ac-
cessing to prior knowledge on the location of abnormal re-
gions during test time is unrealistic. Secondly, the denoising
operation in Eq. (3) is not applicable to non-noisy patches.
Thus, we need to integrate a mechanism that optimizes the
training objective and applies the reverse process to both
noisy and visible patches.

To achieve this, we reformulate the standard diffusion
model to better suit our needs. Let us first consider the noisy
patches. Based on Eq. (1), for noisy patches in the latent
space we have:

zn

t
=

√
1↑ ωtz

n

t↑1 +
√
ωtω (8)

Based on Eq. (2), zn

t
could be explicitly obtained with

zn

t
=

↔
ε̄tz

n

0 +
↔
1↑ ε̄tω (9)

We can then rewrite Eq. (9) as:

zn

t
= (1↑ (1↑

↔
ε̄t))z

n

0 +
↔
1↑ ε̄tω

= zn

0 +
↔
1↑ ε̄tω↑ (1↑

↔
ε̄t)z

n

0

= zn

0 +
↔
1↑ ε̄t

(
ω↑ 1↑

↔
ε̄t↔

1↑ ε̄t

zn

0

)

︸ ︷︷ 
“Deviation from Normality”

(10)

In the above equation, the second term measures the devi-
ation of zn

t
from zn

0 , which represents a normal image. In
summary, we have that:

zn

t
= zn

0 +
↔
1↑ ε̄tε

ε =

(
ω↑ 1↑

↔
ε̄t↔

1↑ ε̄t

zn

0

)
,

(11)

where ε is a term based on the time-step t, z0, and ω, which
points to the “Direction of Deviation” (DoD). One interest-
ing characteristic of this approach is that the patches will
remain untouched in the forward process if ε = 0.

The reverse process aims to correct the deviation from
a normal image by progressively removing noise through
a learned denoising function p(zt↑1|zt). This could be
achieved by training a neural network to closely approxi-
mate the true reverse path by predicting the DoD at each
time-step. The main objective can thus be defined as:

min
ω

Ez0↔q(z0),ω,t

[
↗ε ↑ ε

ω
(zt, t)↗22

]
. (12)

This approach encourages the model to predict the DoD
from normality at each time-step, facilitating accurate cor-
rection in the reverse process. As a result, our DoD predic-
tor (ε

ω
) learns a robust denoising trajectory that can correct

the noisy, abnormal patches with respect to the surrounding
normal ones, while keeping the normal patches untouched
by simply predicting zero as their DoD. Furthermore, to ex-
pose the model to more structured anomalies during train-
ing, we also propose to incorporate a strategy based on
patch shuffling. Since the latent space follows a normal dis-
tribution, for a portion of patches (specified with rshuffle),
instead of adding Gaussian noise, we can replace them with
other patches taken from images in the same batch. This
strategy could ultimately result in better localization of large
and structured anomalies.

4.3. Anomaly detection

In order to detect anomalies at inference time, we first need
to adapt the sampling of DDPM (Eq. (3)) to fit the proposed
configuration for correcting the deviation from normality.
However, before describing this step, it is worth mention-
ing that sampling with DDPMs requires many reverse sam-
pling steps until t = 0, leading to a significant computa-
tional burden. In addition, DDPMs introduce noise over the
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Table 1. Quantitatve evaluation on MVTec-AD. Image and Pixel-level results on multi-class anomaly detection. Best method (per metric)
is highlighted in blue, whereas red is used to denote the second-best approach. Differences with the second (or best) approach in (gray).

Method
Image-level Pixel-level

AUROC AUPRC f1max AUROC AUPRC f1max AUPRO

RD4AD CVPR’22 94.6 96.5 95.2 96.1 48.6 53.8 91.1
UniAD NeurIPS’22 96.5 98.8 96.2 96.8 43.4 49.5 90.7
SimpleNet CVPR’23 95.3 98.4 95.8 96.9 45.9 49.7 86.5
DeSTSeg CVPR’23 89.2 95.5 91.6 93.1 54.3 50.9 64.8
DiAD AAAI’24 97.2 99.0 96.5 96.8 52.6 55.5 90.7
MoEAD ECCV’24 98.0 99.3 97.5 96.9 49.8 43.5 91.0
GLAD ECCV’24 97.5 99.1 96.6 97.4 60.8 60.7 93.0
MambaAD NeurIPS’24 98.6 99.6 97.8 97.7 56.3 59.2 93.1

DeCo-Diff (Ours) 99.3+0.7 99.8+0.2 98.5+0.7 98.4+0.7 74.9+14.1 69.7+9.0 94.9+1.8

whole image at each step t, which goes against our objective
of keeping normal patches unchanged. Consequently, we
resort to the Denoising Diffusion Implicit Model (DDIM)
[28] during inference, which modifies the sampling process
by making it deterministic instead of stochastic. To correct
the deviation using DDIM sampling, with a trained model
ε
ω
, the predicted normal image (z̃0) at each time-step t is:

z̃0 = zt ↑
↔
1↑ ε̄tεω

(zt, t). (13)

Therefore, the reverse process becomes:

z̃t↑1 = z̃0 +
√
1↑ ε̄t↑1 ε

ω
(zt, t)︸ ︷︷ 

“Direction of deviation”

(14)

In the above equation, z̃0 is the predicted z0, and
ε
ω
(zt, t) the DoD. Note that Eq. (14) enables a determinis-

tic trajectory from zε to z0, which accommodates our set-
ting since it avoids introducing any noise. It is noteworthy
to mention that a key advantage of DDIM over DDPM is
that, by eliminating the noise at each step and making the
denoising process more direct, high-quality samples can be
generated in fewer steps. This results in a faster conver-
gence to normal samples.

Intuitively, as our DeCo-Diff model has been solely
trained using normal images, when an anomalous image is
provided the anomalous regions will fall outside the learned
distribution. Consequently, the model will consider them as
non-masked noisy patches, which will be denoised during
the reverse process. On the other hand, if the patches do not
correspond to anomalous regions, the model will consider
them as masked normal patches and they will remain un-
changed during the reconstruction. Furthermore, in contrast
to standard diffusion processes that add noise to the whole
image, the proposed model allows leveraging surrounding
normal information when reconstructing abnormal regions.
Leveraging multi-scale information. Pixel-level re-
construction discrepancy is widely used in reconstruction-
based UAD approaches mainly due to this ability to produce
detailed anomaly maps. Nevertheless, some anomalous re-

gions might not be revealed using this approach, for exam-
ple, if they only present small differences in color compared
to the normal ones. On the other hand, reconstruction dis-
crepancy measured in the latent space can capture more sub-
tle anomalies, however, it yields coarser anomaly maps due
to the reduced spatial dimension of the latent space.

Based on these observations, we propose a multi-scale
strategy where discrepancies at both pixel-space and latent-
space are leveraged jointly to localize potential anomalies.
More concretely, in addition to the reconstructed “normal”
feature embedding z̃0, we also generate a reconstructed nor-
mal sample in the image-space as x̃0 = ϖD(z̃0), where ϖD

is the pre-trained VAE decoder. The predicted anomaly map
can be thus obtained using the geometric mean of latent-
level and pixel-level discrepancies as:

a =


1

ϱl.ϱp
min(↗z̃0 ↑ z0↗, ϱl) ·min(↗x̃0 ↑ x0↗, ϱp).

(15)
Here, ϱl and ϱp respectively denote the latent-level and
pixel-level thresholds, which prevent assigning excessive
weight to patches with significant deviations in either the
image or the latent space. For instance, if a black patch
is reconstructed as white, this does not necessarily indicate
that the patch is more anomalous compared to a patch re-
constructed as red.

5. Experiments

5.1. Setting

Datasets. We evaluate our method on two well-known
anomaly detection datasets. MVTec-AD [1] simulates real-
world industrial production scenarios, filling the gap in un-
supervised anomaly detection. It consists of 5 types of tex-
tures and 10 types of objects, in 5,354 high-resolution im-
ages from different domains. VisA [41] consists of 10,821
high-resolution images, with 78 types of anomalies. It com-
prises 12 subsets corresponding to distinct objects cate-
gorized into three object types: Complex structure, Mul-
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Table 2. Quantitatve evaluation on VisA. Image and Pixel-level results on multi-class anomaly detection. The best method (per metric)
is highlighted in blue, whereas red is used to denote the second-best approach. Differences with second (or best) approach in (gray).

Method Image-level Pixel-level
AUROC AUPRC f1max AUROC AUPRC f1max AUPRO

RD4AD CVPR’22 92.4 92.4 89.6 98.1 38.0 42.6 91.8
UniAD NeurIPS’22 88.8 90.8 85.8 98.3 33.7 39.0 85.5
SimpleNet CVPR’23 87.2 87.0 81.8 96.8 34.7 37.8 81.4
DeSTSeg CVPR’23 88.9 89.0 85.2 96.1 39.6 43.4 67.4
DiAD AAAI’24 86.8 88.3 85.1 96.0 26.1 33.0 75.2
MoEAD ECCV’24 93.0 95.1 89.8 98.7 36.6 41.0 88.6
GLAD ECCV’24 91.8 92.9 88.0 97.4 34.6 40.3 92.0

MambaAD NeurIPS’24 94.3 94.5 89.4 98.5 39.4 44.0 91.0

DeCo-Diff (Ours) 96.4+2.1 96.8+1.7 92.22.4 98.5-0.2 51.3+11.7 51.2+7.2 92.1+0.1

tiple instances, and Single instance. Note that ablations
are performed on MVTec-AD. More information about the
datasets is provided in Appendix A.
Evaluation Metrics. Following prior literature [7, 8],
we use Area Under the Receiver Operating Characteris-
tic Curve (AUROC), Area Under Precision-Recall Curve
(AUPRC2), and f1-score-max (f1max) to measure per-
formance in both anomaly detection (i.e., image-level)
and anomaly localization (i.e., pixel-level). Furthermore,
Area Under Per-Region-Overlap (AUPRO) is employed for
pixel-level anomaly localization.
Baselines. We compare our approach to eight recently-
proposed approaches for multi-class UAD: RD4AD [3],
UniAD [33], SimpleNet [16], DeSTSeg [39], DiAD [8],
MoEAD[17], GLAD [32], and MambaAD [7].
Implementation Details. To map data into the latent space
using a pre-trained VAE, we used a pre-trained percep-
tual compression model [21], which consists of an auto-
encoder trained by a combination of a perceptual loss [37]
and a patch-based adversarial objective that down-samples
the image by a factor 8. Similar to VAEs[12], a regulariza-
tion loss measuring the KL divergence between latent fea-
tures and N (0, I) is used to avoid the latent space having
an arbitrarily high variance.

For our model ε
ω

predicting the direction of deviation
(DoD), following [21], we employed an attention UNet ar-
chitecture with timestep embedding and a squared-cosine-
beta scheduler [18]. At each iteration and for each training
sample, we first randomly select a timestep t from a uni-
form distribution between 1 and T (where T=10). Then,
we sample a masking ratio (rmask) from a uniform distribu-
tion U [0, 0.7] and a latent patch size from {1, 2, 4, 8} cor-
responding to pixel-wise patch sizes of {8↘8, 16↘16, 32↘
32, 64↘64}. Using these sampled values, we generate a
random mask with the specified ratio. Moreover, in our
implementation, the replacement ratio (rshuffle) is sam-
pled in each iteration from U [0, 0.3]. Finally, zt is ob-
tained using Eq. (7), and serves as input to train our model.

2Also called Average Precision(AP) or AUPR in the literature

This model was trained 800 epochs for experiments on the
MVTec dataset and 200 epochs for VisA, in both cases us-
ing a batch size of 128 and a single A6000 GPU. We used
the AdamW optimizer with a Cosine Annealing scheduler
with warm-up, with an initial learning rate set to 10↑4, de-
caying to a minimum of 10↑5. The VAE remained frozen
throughout training.

5.2. Results

5.2.1. Quantitative Results

MVTec-AD: Tab. 1 reports the performance for all meth-
ods, where we can see that the proposed DeCo-Diff ob-
tains the overall best performance across all metrics for both
image-wise and pixel-wise multi-class anomaly detection.
More concretely, DeCo-Diff achieves 0.7%, 0.2%, 0.7%
improvements over the second best approach, i.e., Mam-
baAD [7], for image-level AUROC, AUPRC, and f1max, re-
spectively. The boost in performance is even more notable
at pixel-level, an arguably more complex scenario. In par-
ticular, our method yields improvements of 0.2%, 14.1%,
9.0%, and 1.8% over the existing state-of-the-art multi-class
UAD models measured by pixel-level AUROC, AUPRC,
f1max, and AUPRO, respectively. VisA: Results in Tab. 2
confirm the trend observed in MVTec-AD, with our ap-
proach outperforming recent methods in both pixel-level
and image-level metrics. Particularly, DeCo-Diff obtains
around 2% performance gain over the second-best approach
in image-level metrics, and exhibits significant pixel-level
improvement over all methods in terms of AUPRC, f1max,
and AUPRO, yet ranking second for pixel-level AUROC.
Detailed per-category results are provided in Appendix B.

5.2.2. Qualitative Results

The quantitative results presented above are supported by
visual examples showcasing the effectiveness of our ap-
proach in identifying anomalous image regions. In Fig. 3,
we depict anomalous samples from both datasets and their
reconstruction using our model. As it can be observed, ab-
normal regions are properly modified during the deviation
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Figure 4. Visualization of deviation correction through the re-

verse process steps. Abnormal areas are progressively corrected,
while fine normal details are preserved during the reverse process.

correction process and replaced by their normal counterpart.
In contrast, the normal regions remained unchanged, our
model preserving the fine details in these regions. This en-
ables a precise detection and localization of abnormalities
when contrasting the input image to its reconstructed ver-
sion (Fig. 3, last row). Moreover, Fig. 4 visually depicts the
deviation correction reverse process from DeCo-Diff, which
showcases how abnormal areas are progressively removed,
until a cleaned version of the input image is generated.

5.2.3. Ablation Studies

Effect of backward deviation correction strategy and

number of time-steps. In this section, we explore different
strategies for the deviation correction process during infer-
ence. In Eq. (14), we explained how the proposed deviation
correction formulation can be used in the DDIM reverse
sampling to progressively correct the abnormalities in each
time-step t. An alternative strategy would be to directly re-
place zt↑1 with z̃0 at each time-step. This approach allows
the model to correct the input image based on its initial pre-
diction at the first time-step, and then continue refining any
remaining abnormalities in subsequent steps.

We evaluated the performance for different number of re-
verse steps using both approaches, where the first approach
is referred to as z̃t↑1 and the latter as z̃0 in Tab. 3. Note that,
for a single reverse step, both approaches are identical and
yield the same results. As reported in Tab. 3, the first strat-
egy (z̃t↑1) performs better in image-level metrics, while the
second yields slightly better performance in terms of pixel-
level metrics. Furthermore, the performance is generally
consistent as the number of reverse time-steps increases,
making a lower number of time-steps (but larger than 1)
more favorable due to its decreased computational cost.
Effect of leveraging discrepancies at pixel, latent, and

visual feature levels. In reconstruction-based anomaly de-
tection, mapping the differences between inputs and their
reconstructions to anomaly maps is essential. Thus, we now
investigate several alternatives to the proposed strategy, pre-
sented in Eq. (15). First, we consider using only the dif-
ference in pixel values, i.e., !x = |xT ↑ x0|, which are

Table 3. Impact of the correction strategy at each time-step and
number of reverse steps.

Correction Reverse Image-level Pixel-level
strategy steps AUROC /AUPRC /f1mask AUROC /AUPRC /f1mask /AUPRO

z̃0 1 98.4 / 99.3 / 97.9 98.4 / 72.9 / 68.8 / 94.3
z̃0 2 99.2 / 99.7 / 98.1 98.4 / 75.1 / 69.9 / 94.7
z̃0 5 99.2 / 99.7 / 97.9 98.2 / 74.3 / 69.3 / 94.6
z̃0 10 98.9 / 99.5 / 97.6 97.8 / 73.6 / 68.8 / 94.2

z̃t→1 2 99.3 / 99.8 / 98.3 98.4 / 75.0 / 69.8 / 94.4
z̃t→1 5 99.3 / 99.8 / 98.5 98.4 / 74.9 / 69.7 / 94.9

z̃t→1 10 99.3 / 99.8 / 98.5 98.4 / 74.9 / 69.8 / 95.0

clipped and scaled by ϱl = 0.4, as: 1
ϑl
min(!x, ϱl). How-

ever, this option may not be optimal, as anomalies might
appear with the same color as normal regions. Then, we re-
sort to the difference in the latent space (!z = |zT ↑ z0|),
which is similarly clipped and scaled by the same value,
and then resized to match the target image size. Addi-
tionally, we explored the impact of the arithmetic mean:
1

2ϑl
min(!z, ϱl) +

1
2ϑp

min(!x, ϱp). Finally, we extracted
the visual features from a pre-trained ResNet50 [9] for both
the input images and their reconstructions and compared
them using the cosine similarity to localize anomalies. The
results for anomaly detection and localization using differ-
ent levels of discrepancies are presented in Tab. 4. These re-
sults support our approach (i.e., Geometric mean, Eq. (15)),
and demonstrate that combining pixel- and latent-space dis-
crepancies with the geometric mean yields superior perfor-
mance to considering these discrepancies separately.

Table 4. Different levels of discrepancy. Results on MVTec-AD.

Dissimilarity Image-level Pixel-level
AUROC /AUPRC /f1mask AUROC /AUPRC /f1mask /AUPRO

Pixel diff. (!x) 98.9 / 99.6 / 97.7 97.5 / 68.0 / 63.7 / 92.1
Latent diff. (!z) 99.2 / 99.7 / 98.3 98.2 / 70.5 / 67.5 / 93.5
Arithmetic (!x, !z) 99.3 / 99.8 / 98.5 98.2 / 73.5 / 68.8 / 94.1
Geometric (!x, !z) 99.3 / 99.8 / 98.5 98.4 / 74.9 / 69.7 / 94.9

Features (ResNet50) 98.5 / 99.3 / 97.3 97.4 / 66.7 / 64.6 / 91.7

6. Conclusions

We proposed a reformulation of standard diffusion mod-
els, specifically designed to modify abnormal regions in tar-
get images without affecting normal areas. By integrating
masked strategy to the new formulation in the latent space,
DeCo-Diff progressively detects and corrects the deviations
from normality, enabling precise localization of abnormal-
ities. Our comprehensive Quantitative and Qualitative re-
sults demonstrate the superiority of our model compared
to state-of-art UAD methods in the unified multi-class con-
text.
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