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Abstract

Unsupervised surface anomaly detection aims at dis-

covering and localizing anomalous patterns using only

anomaly-free training samples. Reconstruction-based mod-

els are among the most popular and successful methods,

which rely on the assumption that anomaly regions are more

difficult to reconstruct. However, there are three major chal-

lenges to the practical application of this approach: 1) the

reconstruction quality needs to be further improved since it

has a great impact on the final result, especially for images

with structural changes; 2) it is observed that for many neu-

ral networks, the anomalies can also be well reconstructed,

which severely violates the underlying assumption; 3) since

reconstruction is an ill-conditioned problem, a test instance

may correspond to multiple normal patterns, but most cur-

rent reconstruction-based methods have ignored this criti-

cal fact. In this paper, we propose DiffAD, a method for

unsupervised anomaly detection based on the latent diffu-

sion model, inspired by its ability to generate high-quality

and diverse images. We further propose noisy condition

embedding and interpolated channels to address the afore-

mentioned challenges in the general reconstruction-based

pipeline. Extensive experiments show that our method

achieves state-of-the-art performance on the challenging

MVTec dataset, especially in localization accuracy.

1. Introduction

With the great success of deep neural networks in various
computer vision tasks, their application in surface anomaly
detection, which aims to detect anomalous patterns that de-
viate from normal samples, has also received unprecedented
attention. However, unlike traditional supervised computer
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Figure 1. The reconstructed samples Ir of traditional autoencoder-
based methods often fail into direct copies of the anomalous inputs
Ia (medium), especially for samples with structural deformations
(top). With our DiffAD, the generated samples are semantically
anomaly-free while keeping consistent in other non-anomalous re-
gions (bottom), yielding pleasing detection and localization results
Mo, closely matching the ground truth (GT).

vision tasks such as image recognition, anomalous samples
are quite rare in real-world scenarios. Therefore, unsuper-
vised methods for anomaly detection are of great signifi-
cance in practice.

Reconstruction-based models are among the most pop-
ular and successful methods of unsupervised anomaly de-
tection. Based on the assumption that anomaly regions are
more difficult to reconstruct, they try to detect anomalies by
comparing the input images with their reconstructed coun-
terparts.

To address the absence of anomalous samples, data aug-
mentation techniques are widely used in the reconstruction-
based framework. For instance, DRAEM [32] synthesizes
anomalous samples by blending predefined texture images
with normal training instances. Utilizing the synthetic
anomalous samples, an autoencoder-based reconstructive
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Motivation 
• Reconstruction-based models rely on 

the assumption that anomaly regions 
are more difficult to reconstruct. 
However, many of them can also 
well reconstruct the anomalies, 
falling into “direct copy”. 

• An anomalous instance may 
correspond to multiple normal 
patterns, but most current methods 
ignore this fact. 

• We propose DiffAD, a method based 
on the latent diffusion model, 
inspired by its ability to generate 
high-quality and diverse images. 

• We further propose the noisy 
condition embedding and 
interpolated channels.

Method 
• Our method is composed of a reconstructive sub-network and a discriminative sub-network. 
• The reconstructive sub-network: a latent diffusion model accompanied by the noisy 

condition embedding, learning the distribution of normal samples. The noisy condition 
embedding helps to instruct sample generation while avoiding the diffusion model 
excessively relying on the condition.  

• The discriminative sub-network: a U-net-based segmentation network, taking the 
concatenation of the reconstruction, anomalous input and the interpolated intermediate 
states as input. Since some subtle differences in the normal pixels between the reconstructed 
and original images are inevitable, the interpolated channels help model recognize diversity 
during reconstruction and distinguish real anomalies. 
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Main Results 
• Reducing “direct copy”: we measure 

the degree of direct copy with PSNR 
on the GT anomaly-masked regions 
(A higher PSNR indicates a severer 
direct copy), and use FID score to 
evaluate the reconstruction quality.  

• Results for anomaly detection and 
localization  
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