
GLAD: Towards Better Reconstruction with
Global and Local Adaptive Diffusion Models for

Unsupervised Anomaly Detection

Hang Yao1, Ming Liu1,2(�), Zhicun Yin1,
Zifei Yan1,2, Xiaopeng Hong1, and Wangmeng Zuo1,2

1 Harbin Institute of Technology, Harbin, China
{yaohang_1,csmliu,cszcyin}@outlook.com, amber_1980@163.com,

hongxiaopeng@ieee.org, cswmzuo@gmail.com
2 Pazhou Lab Huangpu, Guangzhou, China

Abstract. Diffusion models have shown superior performance on unsu-
pervised anomaly detection tasks. Since trained with normal data only,
diffusion models tend to reconstruct normal counterparts of test im-
ages with certain noises added. However, these methods treat all po-
tential anomalies equally, which may cause two main problems. From
the global perspective, the difficulty of reconstructing images with dif-
ferent anomalies is uneven. For example, adding back a missing element
is harder than dealing with a scratch, thus requiring a larger number
of denoising steps. Therefore, instead of utilizing the same setting for
all samples, we propose to predict a particular denoising step for each
sample by evaluating the difference between image contents and the pri-
ors extracted from diffusion models. From the local perspective, recon-
structing abnormal regions differs from normal areas even in the same
image. Theoretically, the diffusion model predicts a noise for each step,
typically following a standard Gaussian distribution. However, due to
the difference between the anomaly and its potential normal counter-
part, the predicted noise in abnormal regions will inevitably deviate from
the standard Gaussian distribution. To this end, we propose introducing
synthetic abnormal samples in training to encourage the diffusion mod-
els to break through the limitation of standard Gaussian distribution,
and a spatial-adaptive feature fusion scheme is utilized during inference.
With the above modifications, we propose a global and local adaptive
diffusion model (abbreviated to GLAD) for unsupervised anomaly de-
tection, which introduces appealing flexibility and achieves anomaly-free
reconstruction while retaining as much normal information as possible.
Extensive experiments are conducted on three commonly used anomaly
detection datasets (MVTec-AD, MPDD, and VisA) and a printed cir-
cuit board dataset (PCB-Bank) we integrated, showing the effectiveness
of the proposed method. The source code and pre-trained models are
publicly available at https://github.com/hyao1/GLAD.

Keywords: Unsupervised Anomaly Detection · Diffusion Models · Adap-
tive Denoising Process
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1 Introduction

Anomaly detection (AD) aims to detect and locate abnormal patterns that in-
fluence the appearance and function of objects, which is vital for the quality
of products and has been widely used in industries [5, 16, 33]. In practice, the
prevalence of different anomaly types varies, making it challenging to collect
enough abnormal samples for all anomaly types in situations with high yield
rates. Furthermore, due to the ever-changing product design and production
processes, it is impossible to collect all anomalies in advance. Therefore, unsu-
pervised anomaly detection (UAD) has drawn much attention with only normal
samples required. To achieve unsupervised anomaly detection, reconstruction-
based methods generate a potential normal sample corresponding to the given
one, and the anomalies can be detected and located via the comparison between
the given sample and its normal counterpart. Due to the prominent modeling
ability, diffusion models are introduced for sample reconstruction and have shown
superior performance.

Existing diffusion model-based UAD methods [9, 17, 18, 27] typically follow
a common process to reconstruct the test samples. To begin with, a diffusion
model is trained with normal samples of certain objects or products (e.g ., bottles,
hazelnuts, etc.). Then, it can be deployed to reconstruct a sample with random
noise added. Note that during the training process, the diffusion model captures
the distribution of normal samples only, which implies that it will generate a
normal sample from any noise-contaminated inputs as long as the randomness
is strong enough3. Therefore, existing methods choose to set a sufficiently large
denoising step to guarantee the reconstruction ability.

However, setting the same denoising step for all samples is a sub-optimal
solution. As shown in Fig. 1, the difficulty of reconstructing images with different
anomalies is uneven. For example, 900 steps are required to add a missing element
back, while 300 steps are already enough to deal with a scratch. Besides, apart
from better reconstruction ability, a larger denoising step also means higher
randomness and uncertainty, leading to less preserved details of the original
test samples (see the areas bounded by the red lines in Fig. 1.) To this end,
we propose to set an Adaptive Denoising Step (ADP) for each sample, which
achieves a better trade-off between reconstruction quality and detail preservation
ability. In order to implement such an adaptive denoising step method, we take
advantage of the prior in the diffusion models. Specifically, we first add noise
to the test sample with a large enough noise weight, and perform the denoising
steps to gradually remove the noises and reconstruct a normal sample. During
the reconstruction procedure, we can compare the reconstructed sample with the
noise-contaminated input, where the difference reflects the existence of anomalies
and can help adaptively determine the denoising steps. Since this proper steps

3 In the setting of diffusion models, the randomness is equivalent to the weight of the
random noise, which is determined by the denoising step. In other words, a larger
denoising step means higher noise weight and stronger randomness.
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Fig. 1: Illustration of adaptive denoising process. For severe anomalies like missing
elements, it requires a large number of denoising steps (900) to add the element back,
while for small anomalies like scratch, 300 steps are already enough. Besides, setting a
large enough denoising step (e.g ., 900) for all samples will affect the detail preservation.
For example, in the area bounded by red lines, the position of the element is changed,
which will be marked as anomalies during the comparison process.

is used to add noise to the whole image, we can regard it as a global adaptive
setting.

Apart from the global denoising step, from a local perspective, we also find
that even in the same image, reconstructing the abnormal regions is different
from the normal areas. For normal areas, the diffusion model only needs to re-
move the added noise. It means that the noise to be predicted is exactly the
one added, both following the standard Gaussian distribution. However, for ab-
normal regions, in order to reconstruct their normal counterparts, the noise
to be predicted by the diffusion model inevitably deviates from the standard
Gaussian distribution, making the prediction more difficult than in the normal
areas. As a remedy, we propose Anomaly-oriented Training Paradigm (ATP),
which introduces synthetic abnormal samples when training the diffusion mod-
els and generalizes the loss function of the diffusion model to a more general
form. The proposed Anomaly-Oriented Training Paradigm encourages the diffu-
sion models to break through the limitation of standard Gaussian distribution
and promotes the ability to generate normal samples in the abnormal regions.
Besides, for better detail preservation, we introduce an Spatial-Adaptive Feature
Fusion (SAFF) scheme during inference by fusing sample features of the normal
regions and generated features in abnormal regions, which better preserves the
details in potential normal regions and alleviates the difficulty of the subsequent
comparison procedure. In this way, the diffusion model becomes flexible enough
to achieve a local adaptive inference for different regions (normal and abnormal
regions), with both reconstruction and detail preservation abilities equipped.

With the above two modifications, a global and local adaptive diffusion model
(abbreviated to GLAD) is presented. Extensive experiments are conducted on
four anomaly detection datasets (i.e., MVTec-AD [1], MPDD [11], VisA [33],
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and the PCB-Bank dataset4) to verify the effectiveness of the proposed method.
The experimental results show that our method achieves superior performance
on unsupervised anomaly detection tasks. The contributions of this paper are as
follows.

– For a better trade-off between reconstruction quality and detail preservation,
unlike existing diffusion model-based methods utilizing the same setting for
all samples, we propose to predict an Adaptive Denoising Step (ADP) as a
global adaptive setting for each sample to retain more normal information.

– Considering the difference between abnormal regions and normal areas, we
introduce Anomaly-oriented Training Paradigm (ATP) during training to
allow diffusion model to predict non-Gaussian noise at abnormal regions, and
propose a Spatial-Adaptive Feature Fusion (SAFF) scheme during inference
to avoid reconstruction of abnormal regions.

– The experiments on three commonly used datasets and our integrated PCB-
Bank show that the proposed global and local adaptive diffusion model
(GLAD) improves both reconstruction quality and anomaly detection ability.

2 Related Work

2.1 Anomaly Detection

Mainstream unsupervised anomaly detection methods can be divided into two
categories, i.e. reconstruction-based methods and embedding-based methods.

Reconstruction-based methods suppose that the model trained on normal
samples can only reconstruct normal images well, not abnormal areas. Anoma-
lies can be detected by comparing the samples before and after reconstruction.
Early methods [3,14,32] utilize variational auto-encoders [12] to reconstruct sam-
ples. OCR-GAN [13] decouples images into different frequency components and
models the reconstruction process as a combination of parallel omni-frequency
image restorations. DRAEM [28] synthesizes pseudo-anomaly images to train
a UNet for reconstruction. Recently, diffusion models [10, 24] are proposed and
achieve state-of-the-art performance. DiffAD [29] diffuses the test sample as noisy
condition to produce high-quality reconstructed images while retaining normal
information. DDAD [18] uses score-based function to reintegrate the information
of test samples during the denoising process. However, these methods add fixed
steps of noise for denoiseing, which is not suitable for various anomaly types.

Embedding-based methods extract feature of images to evaluate abnormal
areas. Knowledge distillation-based methods [2, 21] first train student network
with normal samples. Then, features from the pre-trained teacher network are
compared with features from the student network to detect and locate anomalies.
Reverse distillation [7] is developed to utilize different architectures of teacher

4 PCB-Bank is a printed circuit board dataset we integrated from existing datasets,
please refer to https://github.com/SSRheart/industrial-anomaly-detection-
dataset for more details.

https://github.com/SSRheart/industrial-anomaly-detection-dataset
https://github.com/SSRheart/industrial-anomaly-detection-dataset
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and student to maintain the distinction of anomaly. PaDiM [6] builds multi-
variate Gaussian distributions for patch features of normal samples and uses
Mahalanobis distance as the anomaly score. PatchCore [20] proposes a memory
bank to save features of normal images, which are compared with feature maps of
test images to distinguish the difference between normal and abnormal features.

2.2 Diffusion Model

Inspired by principles of nonequilibrium thermodynamics [23], diffusion model
(DM) [10] is proposed for image generation, and utilized in a variety of down-
stream tasks [15,25,30,31]. Denoising diffusion implicit models (DDIM) [24] con-
siders the the reverse process of DM as non-Markovian processes, which speeds
up the inference greatly. Latent diffusion model (LDM) [19] conducts training
and inference in latent space, further reducing the cost of resources and time.
Besides, Text inversion [8] and Dreambooth [22] learn the appearance of sub-
jects in a given reference set and synthesize novel renditions of them in different
contexts. These methods follow the training paradigm for predicting Gaussian
noise and start denoising from a Gaussian noise. Thus, these methods can not
achieve adaptive denoising.

3 Methodology

In this section, we start with the common practice of existing diffusion model-
based unsupervised anomaly detection methods. By transforming their working
processes into formal expressions of formulas, we naturally reveal the existing
problems and discover the corresponding solutions, which derive the global and
local adaptive diffusion model (i.e., GLAD) in this paper.

3.1 Preliminary

First, we provide preliminary knowledge of diffusion models for later analyses.
Diffusion Process. In the diffusion process, a random noise ϵ is added to the
sample x , and the result after t steps can be represented by,

x t =
√
ᾱtx 0 +

√
1− ᾱtϵ, (1)

where ᾱt is manually defined, which is negatively correlated with t , and x 0 = x .
Intermediate Result Visualization. Eq. (1) can be rewritten to obtain the
noise-free version of the intermediate result at the t-th step, i.e.,

x t→0 = 1√
ᾱt
(x t −

√
1− ᾱtϵθ(x t , t)), (2)

where ϵθ is from the pre-trained diffusion model for predicting the noise added.
Generation Process. Each step of the generation stage can be formulated by,

x̂ t−1 =
√
ᾱt−1x̂ t→0 +

√
1− ᾱt−1ϵθ(x̂ t , t). (3)
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Note that the variables predicted by the diffusion model are marked by ∧, for
example, x t is obtained by adding random noise directly (the diffusion process),
while x̂ t is obtained by denoising from a larger step (the generation process).

3.2 Formulaic Analysis on Reconstruction Errors.

In existing diffusion model-based unsupervised anomaly detection methods, the
common way of reconstructing the normal counterpart of a test sample is to
add certain noise to the given test sample and then execute the generation
process of the diffusion model. Denote the test sample with anomalies by xa ,
its potential normal counter part by x , then the process can be described by
xa diff−−→ xa

t
gen−−→ x̂a , and ideally we should have x̂a → x . Since the anomalies are

typically detected and located by comparison between x̂a and xa , we can require
that ∥x̂a − x∥∞ < τ , where τ is a threshold manually set for distinguishing
between normal and abnormal samples.

Since the diffusion model is pre-trained and fixed during the generation pro-
cess, we analyze in the t step. Denote the difference between xa and x by n ,
i.e., xa = x + n , and according to Eq. (1),

xa
t =

√
ᾱtx

a
0 +

√
1− ᾱtϵ

a

=
√
ᾱtx 0 +

√
1− ᾱtϵ

a +
√
ᾱtn ,

(4)

where ϵa is the noise added to xa . Denote the generation process from step t by
gt , by combining Eqs. (1) and (4), the error can be represented by,

x̂a − x = gt(x
a
t )− gt(x t)

= gt(
√
ᾱtx 0 +

√
1− ᾱtϵ

a +
√
ᾱtn)− gt(

√
ᾱtx 0 +

√
1− ᾱtϵ)

∝∼
√
1− ᾱt(ϵ

a − ϵ) +
√
ᾱtn ,

(5)

where ∝∼ means approximately proportional to, which is based on a reasonable
assumption that gt is smooth enough. In the following, we make our efforts to
reduce the errors in Eq. (5) for a better reconstruction quality.

3.3 Adaptive Denoising Steps

In existing methods, since the noise is always assumed to follow a standard
Gaussian distribution, the error between ϵa and ϵ are ignored, and then only√
ᾱtn leaves in Eq. (5). Considering the requirement ∥x̂a − x∥∞ < τ , for larger

n , a smaller
√
ᾱt is desired. Since ᾱt is negatively correlated with t , a smaller√

ᾱt means a larger t , which provides a formulaic explanation for our motivation
to set a proper denoising step for each sample.

With the above analysis, an intuitive way to determine the proper step is
by evaluating the value of n , which, however, is a concept we introduced and
is unavailable in practice. Actually, in the generation process, n is reflected in
ϵaθ = ϵθ(x

a
t , t), which can be used for comparison.
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Fig. 2: The reconstruction pipeline of the proposed GLAD, including the Adaptive
Denoising Steps (Sec. 3.3) and the Spatial-Adaptive Feature Fusion Scheme (Sec. 3.4).

As shown in the left part of Fig. 2, starting from the input sample xa , we
add sufficient noises (e.g ., T steps) and obtain xa

T . Then, in each step, we
compare xa

t and x̂a
t . Since x̂a

t is generated from xa
T , it follows the pipeline of

existing diffusion model-based methods and tends to be a normal sample. On the
contrary, xa

t is obtained by directly adding certain noises (i.e., t steps) to xa ,
and the anomalies will be preserved to some extent. In practice, considering that
both x̂a

t and xa
t are with noises, and the noises may deviate from each other due

to the denoising procedure, we propose to convert them to the noise-free version
via Eq. (2), i.e., x̂a

t→0 and xa
t→0. And the difference between x̂a

t→0 and xa
t→0

is measured by the anomaly score, which is calculated according to Sec. 3.6. As
shown in Fig. 2, if the difference is smaller than a threshold δ, then we continue
the denoising steps (as shown in the green part of Fig. 2). Otherwise, if the
difference appears (i.e., > δ) at the t-th step (see the red part of Fig. 2), we
can take xa

t+n as the starting point to take t + n step of denoising, where n is
a small number to preserve some redundancy. In this way, the details of normal
regions are best preserved, and the anomalies can be reconstructed.

3.4 Spatial-Adaptive Feature Fusion

However, setting the redundant denoising step (t + n) for the whole image is sub-
optimal. As analyzed in Sec. 3.2 and Eq. (5), we need only to set a larger step
for the abnormal regions. Therefore, for normal regions, we can safely reduce
the denoising step to t while keeping a large denoising step for the potential
abnormal regions. As shown in Fig. 2, we have already performed the denoising
steps from T , which can be reused in this procedure. Specifically, we can derive
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a mask m , which means the possibility for the pixels to be part of the anomalies.
We pass the anomaly map in measuring difference between x̂a

t→0 and xa
t→0, into

the Sigmod function as m . Then, we can combine the two features with m ,

x̂ f
t = m · x̂a

t + (1−m) · xa
t . (6)

Note that the deviated noise problem still exists in Eq. (6), and we follow the
strategy in Sec. 3.3 to add in the noise-free version and add the same noise ϵ
following Eq. (1) for a consistent noise, i.e.,

x̂ f
t =

√
ᾱt x̂

f
t→0 +

√
1− ᾱtϵ

=
√
ᾱt(m · x̂a

t→0 + (1−m) · xa
t→0) +

√
1− ᾱtϵ.

(7)

For a clear illustration, Fig. 2 is consistent with Eq. (6).

3.5 Anomaly-oriented Training Paradigm

With the modifications in Secs. 3.3 and 3.4, we have modulated the reconstruc-
tion process according to the properties of the anomaly detection task. However,
as we can recall from Eq. (5), there still exists an incompatibility remaining un-
solved. Particularly, better reconstruction quality implies a lower value of Eq. (5),

x̂a − x
∝∼
√
1− ᾱt(ϵ

a − ϵ) +
√
ᾱtn → 0. (8)

In Eq. (8), ᾱt , ϵ, and n are manually set values or inherent concepts. The only
value to be estimated by the model is ϵa . By rewriting Eq. (8), it should follow,

ϵa → ϵ−
√
ᾱt√

1−ᾱt
n . (9)

Following the setting of diffusion models, ϵ ∼ N (0, I) is a random noise following
standard Gaussian distribution. Once n is non-zero (i.e., anomalies exist), we
can draw a conclusion that ϵa deviates from the standard Gaussian distribution.

For a typical diffusion model (ϵθ) trained with normal samples only, the
noises in all steps follow the standard Gaussian distribution. In other words, it
is beyond the scope of ϵθ to predict such an ϵa . Therefore, we propose introducing
anomalies during training, which enables the diffusion models to break through
the limitation of the standard Gaussian distribution and fit Eq. (9). On the basis
of Eq. (9), the learning objective can be formulated by,

LATP = E(x ,xa)∼pdata ,ϵ∼N (0,I),t [∥(ϵ−
√
ᾱt√

1−ᾱt
n)− ϵa∥2]

= E(x ,xa)∼pdata ,ϵ∼N (0,I),t [∥(ϵ−
√
ᾱt√

1−ᾱt
(xa − x ))− ϵθ(x

a
t , t)∥2].

(10)

One can see that Eq. (10) places even higher demands on the datasets than
supervised anomaly detection since the corresponding normal sample is desired,
which is difficult or even infeasible to prepare. To remedy the dilemma, we follow
MemSeg [26] to synthesize abnormal samples with normal ones, which enables
the training to proceed in an unsupervised manner.

It is obvious that the Eq. (10) is a more general form. For the normal region,
the formula can degenerate to the original diffusion loss, while for the abnormal
region, the formula forces the model to predict non-Gaussian noise.
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3.6 Anomaly Scoring and Map Construction

Following AprilGAN [5], we regard reconstructed images as reference to compare
with test images to construct anomaly maps. A pre-trained DINO [4] is utilized to
extract the multi-layer features Ft of test images and Fr of reconstructed images,
respectively. The anomaly map Ml ∈ Ru×v of layer l are calculated based on the
cosine similarity between layer l features F l

t ∈ Rc×u×v and F l
r ∈ Rc×u×v , i.e.,

Ml
(i,j )(F l

t ,F
l
r ) = min(1− ⟨F l

t

(i,j )
,F l

r ⟩), (11)

where (i , j ) is the coordinate, ⟨x ,y⟩ calculates the cosine similarity between x
and all elements of y , and min(·) returns the minimal value. Finally, the anomaly
maps of different layers are added as the anomaly map M ∈ Ru×v , i.e.,

M =
∑

l
Ml(F

l
t ,F

l
r ), (12)

and the anomaly score is the average of the top K maximum values of M .

4 Experiments

In this section, we first introduce the experiment setup and details. Then, we
compare our method with state-of-the-art (SOTA) methods to show the supe-
riority of our method. In addition, To evaluate the effectiveness of our method,
we conduct ablation studies on for propsed components.

4.1 Experiments Setup

Datasets. We conduct experiments on MVTec-AD [1] MPDD [11], VisA [33],
and PCB-Bank datasets, to evaluate the effectiveness of our method.

MVTec-AD. MVTec-AD contains 10 objects and 5 texture classes of indus-
trial anomalous samples with mask annotations. There are 3,629 images for
training/validation and 1,725 images for testing.

MPDD. MPDD contains 6 classes of metal parts, comprising 888 normal
samples for training and 458 samples either normal or anomalous for testing.
Because of the variable spatial orientation, position, this dataset is challenging.

VisA. VisA is twice the size of MVTec, comprising 9,621 normal and 1,200
anomalous high-resolution images. This dataset exhibits objects of complex
structures placed in sporadic locations and multiple objects in one image.

PCB-Bank. PCB-Bank is a printed circuit board dataset we integrated, in-
cluding 7 different categories. There are 4214 normal samples for the training
set and 2253 samples that are either normal or anomalous in the test set. The
samples of the dataset have different clarity, resolution, and shooting angle.
Evaluation Metrics. Following prior works, we report on Area Under the Re-
ceiver Operating Curve (AUROC), Average Precision (AP) and F1-score-max
(F1-max) in both anomaly detection and anomaly localization, where the prefix
I- and prefix P- stand for anomaly detection and anomaly localization, respec-
tively. Also, Per-Region-Overlap (PRO) is used in anomaly localization.
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4.2 Implementation Details

We use the pre-trained latent diffusion model (LDM) [19] and fine-turn the UNet
to adapt data. DINO [4] with ViT-B/8 architectures is utilized as a feature
extraction model. To be consistent with the pre-trained VAE, images are resized
to resolutions of 512 × 512. We also report the results of 256 × 256 resolutions
in Tab. 2. More details and multi-category settings parameter are included in
the supplementary material.

4.3 Comparison with State-of-the-art Methods

Table 1: Comparison with SOTA methods on MVTec-AD dataset. I-AUROC and P-
AUROC are displayed in each entry. The best results among all methods are shown in
bold. The best results among reconstruction-based methods are underlined.

Category Embedding-based methods Reconstruction-based methods
PatchCore [20] RD4AD [7] SimpleNet [16] DRAEM [28] OCR-GAN [13] Lu et al . [17] DiffAD [29] DDAD [18] Ours

Carpet 98.7/99.0 98.9/98.8 99.7/98.2 97.0/95.5 99.4/- -/97.7 98.3/98.1 99.3/98.7 99.0/98.5
Grid 98.2/98.7 100/97.0 99.7/98.8 99.9/99.7 99.6/- -/95.6 100/99.7 100/99.4 100/99.6

Leather 100/99.3 100/98.6 100/99.2 100/98.5 97.1/- -/97.5 100/99.1 100/99.4 100/99.8
Tile 98.7/95.6 99.3/98.9 99.8/97.0 99.6/99.2 95.5/- -/98.9 100/99.4 100/98.2 100/98.7

Wood 99.2/95.0 99.2/99.3 100/94.5 99.1/96.4 95.7/- -/99.1 100/96.7 100/95.0 99.4/98.4
Bottle 100/98.6 100/99.0 100/98.0 99.2/99.1 99.6/- -/97.3 100/98.8 100/98.7 100/98.9
Cable 99.5/98.4 95.0/99.4 99.9/97.6 91.8/94.7 99.1/- -/99.5 94.6/96.8 99.4/98.1 99.9/98.1

Capsule 98.1/98.8 96.3/97.3 97.7/98.9 98.5/94.3 96.2/- -/96.8 97.5/98.2 99.4/95.7 99.5/98.5
Hazelnut 100/98.7 99.9/98.2 100/97.9 100/99.7 98.5/- -/92.5 100/99.4 100/98.4 100/99.5
Metal nut 100/98.4 100/99.6 100/98.8 98.7/99.5 99.5/- -/99.0 100/99.4 100/99.0 100/98.8

Pill 96.6/97.4 99.6/95.7 99.0/98.6 98.9/97.6 98.3/- -/92.1 97.7/97.7 100/99.1 98.1/97.9
Screw 98.1/99.4 97.0/99.1 98.2/99.3 93.9/97.6 100/- -/98.6 97.2/99.0 99.0/99.3 96.9/99.1

Toothbrush 100/98.7 99.5/93.0 99.7/98.5 100/98.1 98.7/- -/93.1 100/99.2 100/98.7 100/99.4
Transistor 100/96.3 96.7/95.4 100/97.6 93.1/90.9 98.3/- -/94.5 96.1/93.7 100/95.3 98.3/96.2

Zipper 99.4/98.8 98.5/98.2 99.9/98.9 100/98.8 99.0/- -/97.6 100/99.0 100/98.2 98.5/97.9
Average 99.1/98.1 98.5/97.8 99.6/98.1 98.0/97.3 98.3/- -/96.7 98.7/98.3 99.8/98.1 99.3/98.6

Comparisons with state-of-the-art (SOTA) methods on the MVTec-AD dataset
are shown in Tab. 1. The methods include embedding-based methods (Patch-
Core [20], RD4AD [7] and SimpleNet [16]), and reconstruction-based methods
(DRAEM [28], OCR-GAN [13], Lu et al . [17], DiffAD [29] and DDAD [18]). Lu et
al ., DiffAD, and DDAD are advanced diffusion-based methods. For image-level
anomaly detection tasks, our method achieves the highest I-AUROC on 9 out of
15 classes. Although the I-AUROC of our method is slightly lower than DDAD’s,
our method surpasses DDAD on I-AP and I-F1-max (99.7/98.4 VS 99.5/97.9)
in Tab. 2. For anomaly localization tasks, our method outperforms the SOTA
among all types of methods, and exceeds reconstruction based SOTA (DDAD)
by 11.9↑/9.6↑/3.0↑ in P-AP/P-F1-max/PRO.

We also conduct experiments on the MPDD dataset in Tab. 2. Our method
outperforms the SOTA among all methods, and surpasses the reconstruction-
based SOTA by 1.8↑/10.5↑/5.7↑/5.7↑ on P-AUROC/P-AP/P-F1-max/PRO. The
SOTA also achieved by GLAD on VisA and PCB-Bank datasets. On the average
of the four datasets, GLAD outperforms existing methods on all metrics.
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Table 2: Quantitative results on MVTec-AD, MPDD, VisA and PCB-Bank datasets.
Metrics are I-AUROC/I-AP/I-F1-max at first raw (for detection) and P-AUROC/P-
AP/P-F1-max/PRO at second raw (for localization).

Dataset MVTec-AD MPDD VisA PCB-Bank Avg

PatchCore [20] 99.1/99.6/98.1 91.3/95.1/91.3 91.0/92.7/88.7 94.2/95.6/90.3 93.9/95.8/92.1
98.1/55.9/57.6/93.4 98.5/38.4/40.7/92.9 98.1/38.5/40.5/88.3 99.1/46.0/48.5/90.8 98.5/44.7/46.9/91.4

RD4AD [7] 98.7/99.5/98.0 95.3/96.8/93.0 96.9/97.2/93.8 96.0/96.2/92.6 96.8/97.5/94.4
97.9/59.0/61.2/94.1 98.7/44.5/46.1/95.2 98.3/44.6/47.2/93.0 99.1/46.3/48.0/94.0 98.5/48.9/50.8/94.2

SimpleNet [16] 99.6/99.6/98.9 96.6/97.7/96.0 96.2/96.9/92.6 97.4/98.1/94.6 97.5/98.1/95.5
98.1/49.8/52.8/91.9 97.4/35.6/37.5/90.4 98.5/33.2/37.1/92.3 99.0/43.3/45.2/94.4 98.3/40.5/43.2/92.3

DRAEM [28] 98.0/99.0/96.9 94.3/95.8/93.0 92.4/93.4/87.9 91.5/91.8/88.2 94.1/95.0/91.5
97.3/68.4/66.7/91.3 90.7/28.3/29.8/78.0 92.0/28.8/36.1/78.7 96.4/32.2/38.0/80.9 94.1/39.4/42.7/82.2

OCR-GAN [13] 98.3/98.1/95.0 96.2/96.6/97.7 97.9/98.7/96.4 91.3/91.6/88.0 95.9/96.3/94.3
-/-/-/- -/-/-/- -/-/-/- -/-/-/- /-/-/-

DDAD [18] 99.8/99.5/97.9 97.2/95.5/95.1 98.9/98.6/96.2 97.4/96.1/95.2 98.3/97.4/96.1
98.1/59.0/59.4/92.3 96.9/34.8/43.5/91.6 97.6/27.9/34.6/92.7 96.5/28.1/33.6/91.1 97.3/37.5/42.8/91.9

Ours-256 99.0/99.7/98.2 97.3/98.4/95.4 99.3/99.6/97.6 98.1/98.4/96.7 98.4/98.8/97.0
98.7/63.8/63.7/95.2 98.5/41.5/43.9/94.2 98.3/35.8/42.4/94.1 98.8/42.0/47.5/93.8 98.6/44.5/48.6/94.3

Ours-512 99.3/99.7/98.4 97.5/98.5/96.0 99.5/99.4/98.3 98.7/99.0/97.3 98.8/99.2/97.5
98.6/70.9/69.0/95.3 98.7/45.3/49.2/96.3 98.6/39.1/45.4/94.3 99.3/48.9/52.2/95.1 98.8/51.1/54.0/95.3

Reconstructions and qualitative results on the MVTec-AD and MPDD datasets
are displayed in Fig. 3. More quantitative results are presented in supplementary
materials. Other methods usually fail to reconstruct large-scale anomalies into
normal regions and produce inaccurate locations. On the contrary, our method
can produce satisfactory reconstruction and accurately location.

More details and results of multi-class settings are in supplementary material.

4.4 Ablation Study

In this section, ablation studies are conducted to verify the effectiveness of our
proposed components: Adaptive Denoising Steps (ADS), Spatial-Adaptive Fea-
ture Fusion (SAFF) and Anomaly-oriented Training Paradigm (ATP). A discus-
sion of hyperparameters is presented in the supplementary materials.

Adaptive Denoising Steps With the ADS, LDM chooses the proper steps
and denoises from the corresponding noisy samples, which ensures anomaly-free
reconstruction and preserves as much normal information as possible. There is
the obvious improvement in Tab. 3. In Tab. 4, we compare ADS with other cases
which use different fixed steps. The results prove the superiority of ADS.

Table 3: Performance of each component on MVTec-AD dataset.

Method I-AUROC P-AUROC
Baseline (LDM) 98.3 98.0
Baseline + ADS 99.0 98.5
Baseline + ATP 98.7 98.5

Baseline + ADS + ATP w/o SAFF 99.2 98.3
Baseline + ADS + ATP with SAFF (Ours) 99.3 98.6



12 H. Yao et al.

Qualitative ResultsReconstructions

(c) OCR-GAN (d) DDAD(a) Inputs (b) DRAEM (e) Ours (f) DRAEM (g) SimpleNet (i) Ours (j) Ground Truth(h) DDAD

Qualitative ResultsReconstructions

(c) OCR-GAN (d) DDAD(a) Inputs (b) DRAEM (e) Ours (f) DRAEM (g) SimpleNet (i) Ours (j) Ground Truth(h) DDAD

Fig. 3: Reconstructions and qualitative comparisons with other methods. The first
four rows display examples of the MVTec-AD dataset, and the last row is for the
MPDD dataset. OCR-GAN only produces anomaly scores, and there is no anomaly
map. SimpleNet is the embedding-based method.

Table 4: Comparison of adaptive steps and different fixed steps on MVTec-AD dataset.

Denoising steps fixed steps Adaptive steps350 step 550 step 750 step
I-AUROC/P-AUROC 98.8/97.6 98.8/98.1 98.7/98.5 99.3/98.6

We display different types of anomaly and proper steps chosen by ADS in
Fig. 4. For anomalies that are not obvious, such as examples (a), (c), and (e),
ADS tends to select small steps that are enough for reconstruction. However, for
large-scale anomalies, such as examples (b), (d), and (f), ADS select larger step
noise to ensure the reconstruction of anomaly-free images.

Besides, we observed that ATP can further reduce the denoising steps. Fig. 4
displays the reconstructions of ADS and the combination of ADS and ATP. ATP
can help the model better remove anomalies during inference. Thus, the clear
image for comparison will contain less anomaly at each step, and the difference
is detected in smaller steps. This retains more normal details to produce a more
accurate reconstruction. The details are marked with red circles in Fig. 4. The
reconstruction of ADS with ATP is more similar with inputs at normal areas.
Performance can be further improved as shown in Tab. 3.

Spatial-Adaptive Feature Fusion In SAFF, we fuse the features from the
predicted sample and the test sample with a mask m , which is generated with
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Inputs ADS with ATPADS w/o ATP Ground Truth

661 step 481 step

631 step661 step

Inputs ADS with ATPADS w/o ATP Ground Truth

477 step 443 step477 step 443 step

421 step 331 step

(a)

(c)

(e)

(b)

(d)

(f)

361 step 331 step361 step 331 step

681 step 545 step

Fig. 4: Reconstructions of different types of anomaly and proper steps. Examples (a),
(c), and (e) contain small-scale anomalies, and (b), (d), and (f) are large-scale anoma-
lies. The numbers above the reconstructed images represent the proper steps. Differ-
ences in details of normal areas are marked in red circles.

the anomaly map at the proper denoising step. As shown in Tab. 3, SAFF can
further remove residual anomaly information and improve performance.

Anomaly-oriented Training Paradigm Because of adding synthesis anomaly
samples in training, the data distribution variance between the training and test
data is narrowed by our ATP. Thus, LDM can map abnormal regions as normal
regions as well. Performance of baseline and ATP are shown in Tab. 3. There
are visual comparisons in Fig. 5. For both baseline and ATP, samples are added
same noise and reconstructed without ADS. In the column (b) and (e), the re-
sults of the baseline still contain anomaly. This suggests that the reconstruction
ability of the baseline is limited. After training with ATP, as shown in column
(c) and (f), the model can map abnormal regions into normal regions well.

5 Social Impact, Limitations, and Future Work

This work studies the problem of unsupervised anomaly detection and achieves
SOTA performance on four datasets. Without the need for real-world abnormal
samples, this work has the potential to be efficiently utilized in real-world sce-
narios. Despite the appealing performance, our method introduces evaluation
comparison in inference, which causes extra time costs. Besides, to determine
the denoising step, we conduct the comparison step-by-step, and the denoising
steps are not actually reduced. In future work, we plan to design a lightweight
evaluation comparison and predict the denoising step with a limited number of
denoising steps, which has the potential to improve the efficiency of our method.
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(a) Inputs (b) Baseline  (c) ATP (d) Inputs (e) Baseline (f) ATP

Fig. 5: Qualitative comparisons between baseline and proposed ATP on MVTec-AD.
The same denoising steps are used for the two methods.

6 Conclusion

In this paper, a global and local adaptive diffusion model is presented to im-
prove reconstruction results. As a global configuration, an adaptive denoising
step is set for each sample to adapt to different anomalies. Moreover, consider-
ing that reconstructing the abnormal regions is different from the normal areas,
an adaptive feature fusion scheme is proposed to remove residual anomalies, and
an anomaly-oriented training paradigm is proposed to promote the reconstruc-
tion ability of DM, which achieves local adaptive reconstructions.We conduct
extensive experiments on MVTec-AD, MPDD, VisA, and PCB-Bank datasets.
Quantitative and qualitative results evaluate the superiority of our approach.
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