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ABSTRACT

Diffusion models have proven to be highly effective in generating high-quality
reconstructed images, making them ideal for the rigorous requirements of
reconstruction-based anomaly detection systems. While continuous diffusion
models unify discrete implementations, existing methods predominantly rely on
denoising score matching (DSM), as directly acquiring explicit scores remains
challenging. In this study, we introduce a novel diffusion framework utilizing
explicit score matching (ESM) via a dual-stream neural network, trained by max-
imum likelihood estimation. Based on the first systematic comparison between
DSM and ESM paradigms, variance-guided diffusion process is developed to fur-
ther improve the performance. Comprehensive experimental evaluations confirm
the superior anomaly detection capabilities and computational efficiency of the
proposed system. The framework’s flexibility allows seamless integration with
existing diffusion models, offering a potential pathway for broader applications in
generative tasks.

1 INTRODUCTION

Unsupervised learning-based methods, trained solely on nondefective samples, are more effective in
recognizing unknown industrial defects to meet the high precision requirement, taking into special
account that defective samples usually are rare, unpredictable and have unclear defective patterns
Cao et al.| (2024); |Liu et al.| (2023)). Existing unsupervised anomaly detection methods can be cate-
gorized into three main types: sample synthesis methods, which generate artificial defective samples
from normal training data for training anomaly detectors; discriminative feature embedding strate-
gies identify anomalies by comparing discriminative feature representations; and image reconstruc-
tion paradigms are highly suitable for industrial applications as they achieve high pixel anomaly-
level localization accuracy by reconstructing defective inputs into normal ones and analyzing re-
construction errors. Before the appearance of diffusion model, most of these approaches typically
employ encoder-decoder architectures such as auto-encoders (AE)Rumelhart et al. (1986), varia-
tional auto-encoders (VAE)Kingmal(2013)), and generative adversarial networks (GAN)Goodfellow
et al.| (2020) for reconstruction. In comparison, recent advancements in generative modeling have
shown that diffusion models outperform traditional methods in many computer vision applications,
leading in both image generation fidelity and anomaly detection accuracy.

Currently, diffusion models are mainly divided into two types: discrete diffusion models, such as
denoising diffusion probabilistic modelsHo et al.| (2020) (DDPM), and continuous diffusion models,
namely score-based modelsSong et al.|(2021b). In practice, discrete diffusion models are predomi-
nantly used and achieve the best performance, while continuous diffusion models are less explored.
Actually, discrete diffusion models can be derived from continuous diffusion models. For example,
DDPM Ho et al.|(2020) can be considered a special form of score-based model Song et al.| (2021b).
However, nearly all existing diffusion models employ denoising score matching (DSM) to approx-
imate the explicit score matching (ESM), which will no doubt result in performance degradation.
This phenomenon originates from two aspects: there is no actual score for neural network train-
ing in present diffusion framework and ESM could not be calculated in the inference procedure for
nearly all existing diffusion models.
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To address this issue, we propose a new framework for diffusion models that simultaneously pre-
dicts the mean and variance via a dual-stream network, enabling the estimation of the actual score
(by assuming the feature vectors following Gaussian distribution with diagonal covariance, refer to
UAEMao et al.| (2020)). This framework solves the problem mentioned above and allows one to
obtain the true score. Unlike nearly all existing methods used in score-based models, we develop a
new training approach based on maximum likelihood estimation. The performance of our proposed
methods is verified using open datasets. Our contributions can be summarized as follows:

1. We propose an ESM-based diffusion framework for anomaly detection, with correspond-
ing loss function based on maximum likelihood estimation to train a dual-stream network,
which learns to predict the mean and variance to obtain the actual score for the continuous
diffusion model.

2. As our methods can estimate the actual score, we investigate the difference between ESM
and DSM through defect reconstruction for the first time, to the best of our knowledge. The
results turn out that the impact of approximation of ESM by DSM is not neglected.

3. We propose a new diffusion method that leverages variance in the diffusion process to
achive SOTA performance with low computation cost, leading to the emergence of new
diffusion methods.

4. Experiments on the MVTec-AD |Bergmann et al.[(2019)), VisA|[Zou et al.|(2022)), and MPDD
Jezek et al.|(2021)) datasets confirm the effectiveness and efficiency of our proposed meth-
ods.

2 RELATED WORK

Diffusion models have made significant advances in the field of image generation, demonstrating
exceptional performance in various downstream tasks. SGM Song et al.| (2021b) was proposed,
which unifies diffusion models using stochastic differential equations to represent diffusion and
denoising processes. However, SGM is trained by conditional denoising score matching(DSM) as
the actual score(ESM) could not be obtained. For simplicity, we use DSM to denote denoising score
matching and ESM to denote explicit score matching.

The diffusion model is composed of the diffusion process(i.e., the noising process) and the denoising
process. Taking the Score-Based Generative Model (SGM) [Song et al.| (2021b) as an example, it
introduces the diffusion process of stochastic differential equations (SDE) is as follows:

dz = —&x dt + /S dw,
2 N

S

(D

where ¢ € [0, 1], dw is a standard Wiener process, and the drift coefficient f(z, t) and the diffusion
coefficient ¢(t) are determined according to the chosen diffusion process. Through this process,
noise is gradually added to the original data, transforming it into Gaussian noise as t — 1.

The corresponding reverse process (i.e., denoising process) can be written as:

where dw is also a standard Wiener process and T represents the feature vector in denoising process.

9108(pe(%)) g the score of the marginal distribution p;(Z), and 3(t) € (0,1). Neural network is
trained by score estimation, which necessitates the use of score matching methods. Score matching
can be categorized into two main variants: explicit score matching (ESM) and denoising score
matching (DSM). The formula of score matching in the denoising process eq. (2) is known as explicit
score matching (ESM):

dlog (pe(Z)) _ T —pu
oz T o ®)
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where 1y and Uf are the mean and variance of z, here Z is assumed following Gaussian distribution,
ie. & ~ N(p, Uf), as the same as that of UAEMao et al.| (2020). even under Gaussian assump-
tion, DSMcould not estimate the ESM, as variance o7 is unknown. SGM |Song et al.| (2021b) uses
denoising score matching (DSM) with conditional probabilities instead:

Olog (pi(z | x)) _ T “4)

0% 1—ay’

where @, = e~2Jo #(5)4s_Thus, the difference between ESM and DSM is the denominator of eq.
and eq. (@), along with difference between the loss functions of ESM (eq. (I0)) and DSM (refer to
Song et al|(2021b)). Then, corresponding to the diffusion process (eq. (I))), the denoising process
formula based on ESM is as follows:

di = — (1) (I 2 _2‘”) dt, 5)

2 o

where the random noise W is omitted and the stochastic differential equation(SDE) is simplified into
ordinary differential equation(ODE).

3 METHOD

3.1 DIFFERENCE ANALYSIS
we define the [-difference as DSM; = [|E,,z2)[(s0(Z) — %’éﬂm”)l]ﬂl and ESM; =
1Ep, &) [(se (%) — W)l]lh, here the exponential / means element-wise exponential.
e Dlog(p(3]z)
- 0g\pi\T|T
DSM; = ||Ep, (3,0)[(s0(Z) — T)l]lll
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In comparison,
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It is obvious that only when k£ = 1 and k£ = 0, the corresponding components in the above equations
are equal for arbitrary p;(Z|z) and p;(Z) neglecting some functions not related to the neural network
0, and [ = 2 is just the case in|Vincent (2011)). For [ > 2, E'S M, usually is not equal to DS M for
the arbitrary distribution p;(Z) and p;(Z|x).

= 1By, @)D CF (=1 sa(@)! " - (
k

0%,

3.2 ESM BASED CONTINUOUS DIFFUSION MODEL

In this work, we propose the framework for the detection of anomalies with explicit score matching
(ESM) to improve performance, illustrated in fig.|l} This framework could be applied to nearly all
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Figure 1: The flowchart of the proposed framework. X, and X; represent the input image and
the noisy image, respectively. €, is the noise expectation, and o7 is the variance. X, denotes the
reconstructed image, and 0(2) is the variance image at time step t = 0. S¢os, Sk, Sre and Sy
stands for the four kinds of anomaly score generated by four detectors. The details are discussed in
section[3]

existing diffusion models, as follows: copy the structure of the existing neural network and combine
it with the original network to form a dual-stream network, where these two independent streams
predict y; and o, of the image X, respectively, where X, is assumed following Gaussian distribution
with diagonal covariance.

In training, Gaussian noise is added to defect-free images, which are then processed by the dual-
stream denoising network to predict both the mean and variance, thereby modeling the true data
distribution (see the upper part of fig.[I]). In testing, the input image X is fed into the trained dual-
stream denoising network, where diffusion process could use either a traditionally defined variance
B; or our extended approach with estimated variance o; as the diffusion parameter (see the mid-
dle part of fig. [T]). Finally, four detectors are employed for defect localization, among which a
newly proposed detection head explicitly leverages variance information for enhanced accuracy (the
bottom part of fig. [T)).

3.3 LOSS FUNCTION

Assuming that the feature vector X; following Gaussian distribution with diagonal covariance at
tlme t, the dual-stream network in fig. || IlS utilized to predict the expectation g, (X¢,t) and variance
09 (Xi,t) separately, where 6, and 6, are the parameters of stream 1 and stream 2, respectively.

In the text, we simplify pg, (X¢,t) and 0 (X;,t) as y; and o7 without confusion, t = 0,---, 1.
Here the dual-stream network structure is chosen as ji; and o7 are two independent parameters for
Gaussian distribution. Otherwise, additional loss should be applied to ensure this independence.

As there are no labels corresponding to oy for training, the neural network could learn to predict pi;
and at through maximum likelihood estlmatlon(UAEw M) as follows:

01,02 = argmaxg, g,p:(Xt). (8)

eq. (8) means that even for the noised image X, its probability should be higher than other feature
vectors, e.g. random noise. By taking the minus logarithm of p,(X;), the loss function Lossg, ¢, is
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as follows:
Lossg, 9, = —2logpi(Xy)
X, — 2
= % +logo? + C,
0}
where C is only a function of X; and can be omitted in training.

(©))

For computational implementation, the continuous diffusion process is typically discretized. Fol-
lowing the transformation in DDPM, we have the discrete form X; = /Xy + /1 — &€ and
Mt = \/O_étXO + \/1 — (i€, where ay = 1-— BtAt’ ay = HZZI Oé% and € ~ N(O,I) €t is the
noise expectation estimated by neural network. Then, the loss function Lg, 4, could be simplified
as follows:

1— )& —e)?
Lossg, 0, = ( tl(zt )” log o2 (10)
t
Compared with existing diffusion models (based on DSM), Lossg, ¢, includes a second-order term

o?, and it could be considered as the general form of the loss functions of existing diffusion models.

In test, y;(obtained from €;) and o2 are substituted into eq. to calculate ESM.

3.4 VARIANCE-GUIDED DIFFUSION METHOD

Nearly all existing diffusion models use the manual 3; for the diffusion and denoising process with-
out considering the characteristics of input image. Building on the ESM framework, we propose a
variance-guided diffusion process that dynamically adjusts the diffusion trajectory. Using the pro-
posed method as above, the estimated variance o2 could be incorporated into the diffusion process
and denoising process to replace [;, denoted as variance-guided diffusion process. The variance-
guided diffusion process is as follows:

o2
dz = —éxdt + o, dw. (11)

Here, 3(t) = o7 could be seen as the solution of the following differential function,
20;do; = —otdt + oldt. (12)

This function comes from the truth that the variance o7 at time ¢ could be estimated from the initial
variance o3 of the input and independent noise, under Gaussian assumption. The detail of the
function could be found in Appendix. Thus, the 3(t) is not stochastic and SDE holds for eq.
Then, the corresponding denoising process is
) -
i = o2 |2 4 208 Pe(2)] 4

2 oz (13)

x ~
20? + 2 — py)dt

= (

In this way, the variance o2 appears in the numerator instead of the denominator in eq. , making
the denoising process more stable, especially when o7 is small. Given the pseudo-random nature of
the stochastic noise and the estimation error in the initial variance, we employ the network-estimated
variance in the actual program rather than directly using the solution of eq as B(t).

3.5 ANOMALY DETECTION AND LOCALIZATION

To detect and localize the defects, four detectors are applied, and the anomaly score S is as follows:
S:USCos(XmXO)+USU+1USKL+TSRE~ (14)

Here, S, is the cosine similarity for multi-layer features F' (obtained by the pre-trained DINO
Zhang et al.| (2022) model) between the input image X, and reconstructed image X,. Sy =

(XO;% following the idea of UAE [Mao et al.| (2020). Sk, is the Kullback-Leibler (KL) di-
0
vergence between X, and Xy, with Si;, = K L(p(Xo)||p(Xo)) being the spatial restoration score
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(following the methodology presented in[Shin et al.| (2023a))). Note that Sy and Sk 1, could only be
applied by our proposed methods, which could provide o7 .

Finally, the final anomaly score S, is obtained to determine the existence of defects,

1
Sa=w D Si (15)

@ i€Topn,

where S; is the ith pixel value of S, and T'opy;, is the collection of the top N, = 250 maximum
pixel values of S.

4 EXPERIMENT

The experiments are conducted on three popular public datasets, MVTec-AD Bergmann et al.
(2019), VisA Zou et al.| (2022), and MPDD Jezek et al.| (2021) to verify the effectiveness of our
model.

4.1 IMPLEMENTATION DETAILS

The U-net backbone of SGMSong et al.| (2021b) is copied and combined to build the two-stream
network of the proposed method, refer to section [3.2] The input images are resized to 256 x 256
with normalization. In training, defect-free images were fed into a dual-stream denoising network,
where the two streams learned ¢; and o2 for 1000 epochs, with time step range 7' = 1000. The
loss function is defined in eq. , with a learning rate of 2¢ > for Adam optimizer. In testing,
both defective and defect-free samples are fed into the trained model to obtain reconstructed images
along with their corresponding variances. In ESM, the noise variance is manually set and follows
the same schedule as in SGM, whereas in ESM?, the variance is predicted by the model. The
time step 1y for diffusion process is manually set for each class object, as different classes have
different characteristics. For some object, e.g. capsule, even small 7; = 50 could achieve SOTA
performance.

Consistent with previous work |[He et al.| (2024])), the area under the receiver operating characteris-
tic(AUROC), is utilized for evaluating anomaly detection at both image and pixel levels. The ESM
denotes the proposed ESM-based anomaly detection method, while ESM? represents the ESM-
based anomaly detection method with variance-guided diffusion.

Note that DiADHe et al| (2024)) is a model for all categories. For fairness, its results are not in-
cluded in the tables for comparison, and only visual results are provided. Since the results of Zhang
et al. (2023b) and [Lu et al.| (2023) are both lower than GLADYao et al. (2024), neither of them is
considered for comparison. For ADSPRShin et al.|(2023b)), it just detect the anomaly without recon-
struction, which limit its application to other fields, such as image restoration. DDADMousakhan
et al.[(2024) is the most famous method with small model size, but its reconstruction process heavily
depends on the input image, referring to y; — z; in eq. (4), (5) and (6) of the DDAD paper. This
will introduce uncorrected defects, leading to unsatisfactory reconstruction, and some false samples
from DDAD paper are also shown in Appendix. For this reason, the result of DDAD is not included
in our comparisons.

4.2 COMPARISON WITH STATE-OF-THE-ART METHODS

The comparison of results for MVTec-AD is shown in table [T} which contains the results of both
discrete and continuous SOTA diffusion methods, along with SGMSong et al.| (2021b) being the
benchmark of continuous diffusion methods based on DSM. The proposed ESM (97.4/96.7) and
ESM? (98.7/97.2) methods outperform the continuous benchmark SGM (94.8,/96.7) in AUROC at
the image and pixel levels, approaching to that of GLAD(99.3/98.6). Considering the model size
of GLAD is about 3 times larger than ours, the proposed methods’ performance seem acceptable.
The comparison of our variance-guided diffusion method with other approaches on the MVTec-AD
Bergmann et al.[(2019) dataset is shown in fig.

In VisA dataset, the proposed methods, especially ESM? could surpass GLAD(99.5/98.6), achiev-
ing the best performance(99.7/98.7) in both image-level and pixel-level AUROC, not to mention far
more than the benchmark SGM, as shown in table
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Figure 2: The comparison of our methods with SOTA methods is shown in the figure. It is evident

that our methods can achieve SOTA perform in both reconstruction quality and defect localization.

Table 1: The detection results are reported with image-level AUROC/pixel-level metrics on the
MVTec-AD dataset. The best results across all methods are highlighted in bold.

c Non-Diffusion Method \ Discrete Diffusion Method \ Continuous Diffusion Method

ategory CutPaste DRAEM  PatchCore | GLAD | ADSPR SGM ESM ESM°
Bottle 98.2/97.6  99.2/99.1 100./98.6 100./98.9 100./95.9  99.4/98.7 100./98.4 100./98.2
Cable 81.2/97.6 91.8/94.7 99.5/98.4 99.9/98.1 94.2/96.9 99.2/97.0 99.0/98.2  99.8/96.4
Capsule 98.2/97.4 98.5/943 98.1/98.8 99.5/98.5 97.2/96.6  93.4/92.4  85.3/92.2 94.1/95.6
- Hazelnut  98.3/97.3 100./99.7  100./98.7 100./99.5 98.6/98.7  90.9/97.7 95.0/98.1 98.9/98.9
S Metal Nut  99.9/93.1 98.7/99.5 100./98.4 100./98.8 96.6/96.6  98.0/95.4 99.9/91.6 100./94.9
= Pill 94.9/95.7 98.9/97.6 96.7/97.1 98.1/97.9 96.1/98.2  79.6/97.0 95.6/91.2 97.5/91.7
S Screw 88.7/96.7 93.9/97.6 98.1/99.4 96.9/99.1 98.6/99.5 99.4/99.6 98.8/99.5 98.8/99.5
Toothbrush  99.4/98.1  100./98.1  100./98.7 100./99.4 98.1/97.8 97.8/99.3 99.7/98.2 100./98.8
Transistor  96.1/93.0  93.1/90.9  100./96.3 98.3/96.2 98.7/94.7 91.2/88.0  94.5/95.5 93.6/95.2
Zipper 99.9/99.3 100./98.8  98.8/98.8 98.5/97.9 99.9/98.8  99.3/98.5 97.6/97.7  97.6/97.7
Carpet 93.9/98.3 97.0/95.5 98.7/98.9 99.0/98.5 91.7/96.4 99.5/99.4 98.5/99.3 99.8/99.4
3] Grid 100./97.5 99.9/99.7 98.2/98.7 100./99.6 100./98.9  100./99.3  100./99.1 100./99.0
‘::: Leather 100./99.5 100./98.6  100./99.3 100./99.8 99.9/99.3 100./99.4 100./99.5 100./99.3
& Tile 94.6/90.5 99.6/99.2  98.7/95.6 100./98.7 99.8/96.8  99.9/98.5 99.4/98.2 100./98.2
Wood 99.1/95.5 99.1/96.4  99.2/95.0 99.4/98.4 96.1/95.4  73.7/90.7  97.9/94.0 100./95.0
Average 96.1/96.0  98.0/97.3  99.1/98.1 | 99.3/98.6 | 97.7/974 94.8/96.7 97.4/96.7 98.7/97.2

Table 2: The detection results are reported with image-level AUROC/pixel-level AUROC metrics
on the VisA dataset. The best results across all methods are highlighted in bold.

Non-Diffusion Method \ Discrete Diffusion Method \ Continuous Diffusion Method

Category
DRAEM  PatchCore ‘ GLAD ‘ SGM ESM ESM?
Candle 89.6/91.0  98.7/99.2 99.9/94.8 71.8/62.4  99.6/99.4 98.0/99.0
Capsules 89.2/99.0  68.8/96.5 99.1/99.6 57.6/75.5 99.4/99.7 99.6/99.6
Cashew 88.3/85.0  97.7/99.2 98.4/97.0 37.1/90.5 100./97.8 100./95.5
Chewinggum 96.4/97.7  99.1/98.9 99.6/99.1 96.4/98.0 99.9/99.6 99.6/99.4
Fryum 94.7/82.5  91.6/95.9 99.4/96.9 100./97.2  100./97.2 100./97.2
Macaronil ~ 93.9/99.4  90.1/98.5 99.9/99.8 86.9/97.2  99.8/98.0 99.8/98.6
Macaroni2 ~ 88.3/99.7  63.4/93.5 98.9/99.8 88.6/94.3 98.4/99.4 100./99.4
Pcbl 84.7/98.4  96.0/99.8 99.6/99.6 53.2/75.0 99.5/87.8 100./99.5
Pcb2 96.2/94.0  95.1/98.4 100./98.6 70.3/37.8  99.7/97.9 100./98.4
Pcb3 97.4/94.3  93.0/98.9 99.9/98.9 100./99.1  100./99.2 100./99.2
Pcb4 98.9/97.6  99.5/98.3 99.9/99.5 83.3/81.1 99.9/99.1 100./99.4
Pipe fryum  94.7/65.8  99.0/99.3 98.9/99.4 91.2/96.8 100./99.6 99.8/99.3
Average 92.4/92.0  91.0/98.1 | 99.5/98.6 | 78.0/83.7 99.7/97.9 99.7/98.7

The comparison between the proposed method and other SOTA methods on MPDD is shown in
table ESM? (97.9/96.8) outperforms GLAD(97.5/98.7) in image-level AUROC, while lower in
pixel-level AUROC.

As shown in table ] let alone SOTA performance, the proposed method is more efficient than
existing SOTA methods with smaller model size and fewer steps T,;. The selected values of T, are
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Table 3: The detection results are reported with image-level AUROC/pixel-level AUROC metrics
on the MPDD dataset. The best results across all methods are highlighted in bold.

c Non-Diffusion Method ‘ Discrete Diffusion Method ‘ Continuous Diffusion Method
1
ateeory DRAEM  PatchCore \ GLAD \ ADSPR SGM ESM ESM?
Bracket Black  91.8/98.2  85.3/97.6 98.0/99.4 -/99.0 94.5/75.7 97.2/97.8 98.3/97.5
Bracket Brown 90.3/63.7  92.5/98.1 90.7/97.5 -/97.7  98.3/36.9 98.0/95.4 99.6/95.1
Bracket White  88.8/98.9  92.3/99.7 98.3/99.7 -/86.2  91.4/37.5 91.3/97.1 91.7/97.2
Connector 100./91.2  100./99.4 100./98.2 -/99.4  100./99.7 99.8/92.4 100./92.6
Metal Plate 100./96.6  100./98.8 99.9/99.4 -/99.0  94.6/98.4 100./99.2 100./99.1
Tubes 94.7/95.9  77.4/97.2 98.1/97.8 -/99.4  97.5/97.7 97.6/99.1 98.0/99.1
Average 94.3/90.7  91.3/98.5 \ 97.5/98.7 \ -/96.8  96.1/74.3 97.3/96.8 97.9/96.8

Table 4: Model Size and Diffusion Steps. Compared to other methods, our approach achieves higher
efficiency.

Method  Model Size  Timestep

DiAD 11.3GB 1000
GLAD 3.2GB 1000
ESM 0.98GB <300
ESM? 0.98GB <600

detailed in the Appendix. ESM? need twice steps of ESM. Because ESM? requires recalculating
the image variance at each diffusion step. Even though, ESM? is faster than existing methods by
40%. Indeed, as Ty varies from object to object, its average value is about 80 for ESM, i.e. more
than 10 times faster compared to existing methods.

One core issue of this work is to investigate the distinctions between SGM and ESM. For compar-
ison, the denoising processes of SGM and ESM for one defective sample are shown in fig. [B{more
sample could be found in the Appendix). The intermediate results and corresponding variance range
are given at t = 200, 150, 100, 80, 50, 20, 0. The variance for SGM is /1 — &;, while the variance
of ESM is provided by neural network, denoted by (min(o?), max(a?)), refer to eq. (3) and eq. (4).
Here, the lower bound min(c?) of the ESM variance is set as 0.01 to avoid being divided by a too
small abnormal value. fig. [3|shows that the denoising process of ESM reconstructing the samples at
about ¢t = 100 versus ¢ = 20 for SGM (indicated by the red boxes), demonstrating higher efficiency,
which has the potential of early-stop in future research, with the range of ESM’s variance, i.e. the
value of max(af), being stable. In comparison, the variance of SGM changes from 0.341 to 10~4,
making the result of denoising process depends on the last stage ¢ = 50 to ¢t = 0, as variance ap-
pearing in the denominator of eq. ). Of course, this will not be a problem for the variance-guided
diffusion model, since the variance appearing in the numerator, refer to eq. (13).

4.3 ABLATION STUDY

The difference between the benchmark SGM and the proposed methods have been given out in above
tables. Also, the difference between ESM and its variance-guide version ESM? could be found in
section In this section, the ablation experiments for the four anomaly detectors are conducted
in challenging dataset MPDD using ESM?, and the results are shown in table[3] It could be found
that all detectors should be utilized to improve the performance. Notice that detectors for Sk, and
Sy depend on the predicted variance o7, which could only be provided by ESM or ESM?.

Table 5: The detection results of ESM? are reported with image-level AUROC/pixel-level AUROC
metrics on the MPDD dataset. The best results are highlighted in bold.

Scos Sre Su Skr  Average

v 4 93.8/93.5
4 v v 92.3/95.5
v v v 93.9/935
v v v 97.9/96.8
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t=200 t=150 t=100 t=80 t=50 t=20 t=0

02 0. 3410 0.2141 0. 1049 0.0701 0. 0300 0. 0063 1. 0000e-04 -

a2 (0.01,0.5) (0.01,0.9) (0.01,3.2) (0.01,1.9)  (0.01,2.7) (0.01,4.1)  (0.01,0.9)

SGM

Figure 3: The denoising process of SGMSong et al| (2021b) vs ESM. Intermediate de-
noising results are displayed with their corresponding variance under each image, at ¢ =
200, 150, 100, 80, 50,20, 0. It is easy to find that the denoising process of ESM is more efficient
than SGM, with the corresponding variance being stable.

5 DISCUSSION

In this work, it is assumed that the characteristic vector X; (including the input image X)) follows
the Gaussian distribution with diagonal covariancesMao et al.| (2020), which usually does not hold
for common images. This limitation can be solved by employing an image encoder to project images
into feature vectors, which could be considered following the Gaussian distribution with diagonal
covariance, as the same as that in DiADHe et al|(2024). In the other side, the images are usually
generated from Gaussian noise, by repeatedly adding Gaussian noise(refer to DDPM), and therefore
the final generated images are considered following Gaussian distribution.

6 CONCLUSION

As demonstrated by [Song et al.| (2021b) (ICLR 2021 Outstanding Paper Award), discrete diffu-
sion model is equivalent to continuous diffusion model. However, some fundamental issues remain
under-explored, one of which is the usage of DSM(denoising score match) instead of ESM(explicit
score matching), as ESM could not be obtained by modern diffusion models. Thus, in this work,
we proposed a variance-guided diffusion method that could estimate the true probability score (i.e.,
ESM) while achieving SOTA performance with high efficiency in defect detection task. Also, the
difference between ESM and DSM is investigated, and the experiment results show that there would
exist risk of performance downgrade in both accuracy and efficiency by using DSM instead of ESM,
which unfortunately is the most common way for recent diffusion models. Furthermore, the pro-
posed framework and methods(ESM and ESM?) could be easily applied to nearly all existing diffu-
sion models, such as stable diffusion Rombach et al.|(2022)) or even Sora etc. for kinds of tasks, e.g.
image generation Zhang et al.|(2023a); [Song et al.|(2021a).

REPRODUCIBILITY STATEMENT

We have made every effort to ensure the reproducibility of our work. All datasets used in our ex-
periments are publicly available and explicitly cited in the paper. Comprehensive details on data
preprocessing, model architectures, training procedures, evaluation protocols, and mathematical
derivations are provided in the main text and appendix. We report all key hyperparameters, op-
timization settings, and stopping criteria. To mitigate randomness, each experiment was repeated
with multiple random seeds, and average results are reported. We will release the source code,
trained models, and detailed instructions for reproducing our results upon publication.
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A APPENDIX

A.1 THE DERIVE OF 3(t) FOR VARIANCE-GUIDE DIFFUSION

For variance guide method, shown in eq. 11, the variance could be calculated as follows under
Gaussian distribution assumption: define a small time interval /At, we have

2
Xevor =X = =L XeDst+ 0, AW (16)
and by taking expectation,

2
B{Xiinit — B{X,} = E{—%XtAt} + o E{AW}

2
o
= it At — e = —éutﬁt a7

a;
= peyar = (1 - 7At)ut

Then, we have
ot e = E{(Xtsnt — pesne)’}

= E{Xt2+At} - M%+At (18)
2
o
= E{(X; — éXtAt + o AW)?} = i a

With E{(AW)?} = At, E{AW} = 0 and X, being independent with AW, the above equation
turns into

4
g
otran = B{XZ} + - (D B{XP} + o7 E{(AW)?} — o E{XT YAt — i g

0'4 0'2
=0f i + (D E{XT} + 0 St — 0 (0 + ) 5t — (1= -

=0} + pi + 0f Nt — 07 (07 + pd) At + o(At) — (1 — a7 At} 4
=02 + 02\t — ot Nt + o(At)
= 07 py — 0p = 07 At — 0t At + o(At)
where o(/At) is the high order element of At. Let At — 0, we get
20:doy = —det + 0't2dt (20)

with initial o as the boundary condition. Then o, could be obtained from the above differential
function. Thus, oy is just a function of time ¢ and o, not related to random variable X .

A.2  MORE EXPERIMENT RESULTS

One more example of the comparison between SGM and ESM during the denoising process is shown
in fig. ] The corresponding diffusion steps Ty for all dataset categories are listed in tables.

Also, fig.[5]and fig. [6| provide more visual comparisons between our methods and other state-of-the-
art approaches. The results demonstrate that our methods achieve high reconstruction fidelity and
defect localization performance. fig.[/|illustrates the reconstruction performance of DDAD, which
demonstrates suboptimal restoration results.
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t=200 t=150 t=100 t=80 t=50 t=20 t=0

SGM ¢

o 0.3410 0.2141 0. 1049 0. 0701 0. 0300 0. 0063 1. 0000e-04

ESM

o (0.01,1.2)  (0.01,2.6)  (0.01,4.4) (0.01,3.4)  (0.01,2.8) (0.01,2.6) (0.01,1.0)

Figure 4: The denoising process of SGM vs ESM on the transistor. Intermediate denoising results are
displayed with their corresponding variance under each image, at ¢ = 200, 150, 100, 80, 50, 20, 0.

Table 6: Categories and Corresponding T}; Values in the MVTec-AD Dataset.

Category Ty Category Ty Category Ty
Bottle 100 Pill 164  Carpet 250
Cable 200 Screw 45 Grid 100

Capsule 48  Toothbrush 200  Leather 49

Hazelnut 100  Transistor 100 Tile 200

Metal Nut 100 Zipper 280 Wood 20

Table 7: Categories and Corresponding 7T}; Values in the VisA Dataset.
Category Ty Category Ty  Category Ty
candle 3 Fryum 50 Pcb2 50
Capsules 50 Macaronil 50 Pcb3 50
Cashew 50 Macaroni2 50 Pcb4 50
Chewinggum 10 Pcbl 50 Pipe fryum 50
Table 8: Categories and Corresponding 7}; Values in the MPDD Dataset.

Category Ty Category Ty Category Ty

bracket black 2  bracket brown 3  bracket white 2

connector 3 metal plate 50 tubes 1

13
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DiAD GLAD SGM

Reconstructions

Ground Truth

Input

Qualitative Results
Figure 5: The comparison of our methods with SOTA approaches on the MVTec-AD dataset is

shown in the figure. It is evident that our methods can achieve SOTA perform in both reconstruction
quality and defect localization.

(N

Ground Truth

Reconstructions Qualitative Results

Figure 6: The comparison of our methods with SOTA approaches on the VisA dataset is shown in
the figure. It is evident that our methods can achieve SOTA perform in both reconstruction quality
and defect localization.

Figure 7: The reconstructed images of DDAD reveal that its effectiveness in defect restoration is
limited.
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