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Abstract
Knowledge Distillation (KD) is a promising approach for
unsupervised Anomaly Detection (AD). However, the stu-
dent network’s over-generalization often diminishes the cru-
cial representation differences between teacher and student in
anomalous regions, leading to detection failures. To address
this problem, the widely accepted Reverse Distillation (RD)
paradigm designs the asymmetry teacher and student, using
an encoder as teacher and a decoder as student. Yet, the design
of RD does not ensure that the teacher encoder effectively dis-
tinguishes between normal and abnormal features or that the
student decoder generates anomaly-free features. Addition-
ally, the absence of skip connections results in a loss of fine
details during feature reconstruction. To address these issues,
we propose RD with Expert, which introduces a novel Expert-
Teacher-Student network for simultaneous distillation of both
the teacher encoder and student decoder. The added expert
network enhances the student’s ability to generate normal fea-
tures and optimizes the teacher’s differentiation between nor-
mal and abnormal features, reducing missed detections. Ad-
ditionally, Guided Information Injection is designed to filter
and transfer features from teacher to student, improving detail
reconstruction and minimizing false positives. Experiments
on several benchmarks prove that our method outperforms
existing unsupervised AD methods under RD paradigm, fully
unlocking RD’s potential.

Code — https://github.com/hito2448/URD

Introduction
Anomaly Detection (AD) is one of the key tasks in industry.
Due to the difficulty in obtaining anomalous images and the
high cost of labeling, unsupervised Anomaly Detection has
been extensively studied. Unsupervised AD uses only nor-
mal images during training, enabling the model to detect and
localize anomalies in the test images. In recent years, thanks
to the application of techniques such as reconstruction mod-
els, diffusion models, normalizing flow, and knowledge dis-
tillation, unsupervised AD has seen rapid advancements.

Knowledge distillation is one of the common paradigms
for unsupervised AD (Bergmann et al. 2020). Similar to tra-
ditional knowledge distillation, KD-based AD methods typi-
cally rely on a teacher-student network, where an initialized
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Figure 1: Anomaly localization examples. Our method re-
duces missed detections and false positives in RD.

student network is distilled by the pre-trained teacher net-
work. Since the student network is trained only on normal
images, it is unable to obtain the teacher network’s anomaly
representation ability. Therefore, during inference, the dif-
ference in feature representations between the teacher and
student networks is used to determine whether there are
anomalies. Early KD-based AD methods (Bergmann et al.
2020; Salehi et al. 2021; Wang et al. 2021; Zhou et al. 2022)
use teacher and student networks with identical or simi-
lar architectures and data flow, leading to the student over-
generalizing the teacher’s anomaly representation ability. To
tackle this shortfall, Reverse Distillation (RD) (Deng and Li
2022) innovatively combines the concept of knowledge dis-
tillation with feature reconstruction, using a pre-trained en-
coder as the teacher and a decoder as the student. The asym-
metric network architectures and the reverse data flow of RD
results in better anomaly localization performance.

Although RD is simple and effective for unsupervised
AD, there exist some shortcomings in its architectural de-
sign: (1) RD’s bottleneck module claims to filter out ab-
normal information so that the student decoder generates
anomaly-free features. However, since there is only normal
supervision during training, the anomaly filtering is not ex-
plicitly guaranteed. Thus, in some cases, the decoder still
reconstructs features similar to the teacher encoder’s, giv-
ing rise to missed detections. (2) To inject encoder fea-
tures into the decoder for better detail reconstruction from
high-level representations, most reconstruction networks in-
troduce skip connection. To prevent anomaly leakage, RD,
though as a feature reconstruction network, discards skip
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Figure 2: Schematic diagram of the framework and data flow
of RD and its variants including our proposed method.

connections, limiting its ability to reconstruct fine details
and leading to false positives in normal regions.

To address the above issues of RD, recent methods pro-
pose improvements in two aspects: enriching supervision
information and expanding reconstruction information.
For the lack of anomaly supervision, some methods integrate
the denoising concept with anomaly synthesis, as shown in
Figure 2 (b) (Tien et al. 2023; Jiang, Cao, and Shen 2023).
For instance, the representative method RD++ (Tien et al.
2023) trains the bottleneck to reconstruct the normal fea-
ture space from the teacher encoder’s abnormal features,
thereby ensuring that the student decoder outputs normal
features. However, this denoising strategy is based on the
strong hypothesis that the features generated by the teacher
encoder in anomalous regions differ from the correspond-
ing normal features reconstructed by the student decoder.
When the proportion of normal pixels in the receptive field
is large, this hypothesis may not hold. For poor detail recon-
struction, other methods (Guo et al. 2023; Gu et al. 2023)
introduce the memory bank to store normal features of the
teacher encoder, thus expand the available information of
the student decoder during reconstruction, as in Figure 2
(c). However, the memory bank brings additional storage re-
quirements, and feature search and alignment also require
additional computing requirements.

To unlock the potential of the RD paradigm for unsu-
pervised AD task, we continue to innovate in comprehen-
sive supervision and detail reconstruction. First, to ensure
the efficacy of RD to a great extent, our idea is to incor-
porate synthetic anomalies to explicitly denoise the student
decoder’s features while also distill the teacher encoder’s
features. By enlarging the difference between features gen-
erated in normal and anomalous regions, the teacher’s
anomaly sensitivity is improved. Additionally, to better re-
construct detail information in lower-level features, our intu-
ition is to employ similarity attention to directly transfer the
teacher’s feature information into student, thereby straight-
forwardly enhancing detail reconstruction.

Unlike the previous RD framework, as illustrated in Fig-

ure 2 (d), we propose Reverse Distillation with Expert (RD-
E) based on an innovative Expert-Teacher-Student Network,
which leverages a frozen expert encoder to simultaneously
train the teacher encoder and student decoder, enhancing
their anomaly sensitivity and denoising capability. In addi-
tion, considering that skip connection may cause anomaly
leakage, we design Guided Information Injection, utiliz-
ing teacher’s selective information to aid the student de-
coder in reconstructing low-level feature details. Experimen-
tal results on widely benchmarked AD datasets demonstrate
that anomaly detection and localization performance of our
method surpasses that of RD and other mainstream KD-
based methods, achieving SOTA.

Related Works
As one of the crucial tasks in industrial quality inspection
(Bergmann et al. 2019), unsupervised Anomaly Detection
(AD) has earned increasing attention in recent years. Early
methods in unsupervised AD often relies on generative mod-
els (Bergmann et al. 2018; Akcay, Atapour-Abarghouei, and
Breckon 2019; Tang et al. 2020; Liu et al. 2023a; Zhang et al.
2023a), where the models are trained on normal samples to
learn how to reconstruct them and the reconstruction error is
used for inference. Other methods employ parametric den-
sity estimation (Defard et al. 2021; Gudovskiy, Ishizaka, and
Kozuka 2022; Hyun et al. 2024; Zhou et al. 2024), where
the parameters of normal distribution are calculated, and
anomalies are detected based on how well the samples fit
this distribution. Additionally, many methods incorporated
pre-trained models (Liu et al. 2023b; Li et al. 2023) and
memory banks (Roth et al. 2022; Bae, Lee, and Kim 2023),
comparing the input images to stored normal features. Re-
cently, synthetic anomalies have become a hot topic (Li et al.
2021; Lin and Yan 2024), with external datasets (Zavrtanik,
Kristan, and Skočaj 2021) or diffusion models (Zhang, Xu,
and Zhou 2024) being used to generate anomalies similar to
real-world scenarios, thus aiding unsupervised AD.

Besides, knowledge distillation (KD) based on teacher-
student networks has recently been applied to unsupervised
AD (Bergmann et al. 2020; Li et al. 2024), using differ-
ences in representation between the two networks to iden-
tify anomalies. A major concern in KD-based AD is stu-
dent’s over-generalization to teacher’s anomaly representa-
tions. Some methods (Salehi et al. 2021; Wang et al. 2021;
Rudolph et al. 2023; Liu et al. 2024) address this by us-
ing asymmetry teacher and student networks to differenti-
ate their representation abilities. Reverse Distillation (RD)
(Deng and Li 2022) follows this idea, proposing reverse net-
work architecture and data flow. Recently, several improve-
ments to RD have been explored (Tien et al. 2023; Guo et al.
2023; Gu et al. 2023; Zhang, Suganuma, and Okatani 2024).

Revisiting Reverse Distillation
RD (Deng and Li 2022) is a widely adopted unsupervised
AD paradigm based on KD. The primary components of RD
include a pre-trained teacher encoder E, a one-class bottle-
neck embedding (OCBE) module, and a student decoder D.

During training, only normal images are used as input.
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Figure 3: Overview of our proposed method. (a) shows the overall architecture and training process of our designed Expert-
Teacher-Student Network, where the expert is frozen and the teacher and student are trainable. Our proposed Guided Informa-
tion Injection module is inserted between the two blocks of the student. (b) shows how to distill the teacher and student with
the expert. The impact of distillation on the teacher and student features is visually represented. Through the two sub-tasks:
making the teacher encoder more sensitive to anomalies and better denoising the student features, differences between teacher
and student features are achieved in anomalous regions, while similarities in normal regions are maintained.

The teacher network is frozen, while the bottleneck and stu-
dent networks are trainable. The OCBE module compresses
multi-scale patterns into a low-dimensional space. The com-
pact embedding is then fed into the student network to re-
construct the teacher network’s features.

During inference, the teacher network can capture abnor-
mal features that deviate from the distribution of normal
samples. The OCBE module, by generating compact fea-
tures, prevents these abnormal perturbations from being in-
put into the student network. Therefore, the student network
can generate anomaly-free features regardless of whether
normal or abnormal samples are input. The discrepancy in
feature reconstruction, measured by their similarity, is used
to detect and localize anomalies.

However, the design of RD still has some limitations that
affect its anomaly detection performance:

(1) Miss Detection Issue: The effectiveness of RD re-
lies on two key premises, each with specific requirements
for the teacher and student. Firstly, the teacher should cap-
ture anomalies by generating abnormal features that differ
from normal ones in anomalous regions. RD assumes that
this premise is always valid. However, in some cases, such
as when the anomaly is small and normal pixels dominate
the receptive field, this assumption may not hold true. Sec-
ondly, the student is promised to generate anomaly-free fea-
tures. Since OCBE essentially performs only a downsam-

pling operation, the generated features used as student input
are not guaranteed to be compact and may still contain ab-
normal information. Additionally, the multi-layer convolu-
tional student decoder has strong generalization capabilities,
which means that even if only trained on normal samples, it
may still generate abnormal features similar to those of the
teacher due to over-generalization. Consequently, the inabil-
ity to meet these premises results in insufficient difference
between the features of teacher and student in anomalous
regions. Therefore, some anomalies are not detected.

(2) False Positive Issue: Since the teacher encoder per-
forms multi-step downsampling and multi-layer convolu-
tion, the output high-level features lose lots of details com-
pared with low-level features. Directly using high-level fea-
tures for low-level feature reconstruction results in recon-
struction errors. Most of previous reconstruction networks
utilize skip connections to directly pass encoder features to
the corresponding decoder layers. However, for RD, this
operation may introduce abnormal information from the
teacher encoder into the student decoder, making it difficult
to generate anomaly-free features. To overcome this chal-
lenge, RD designes MFF, which fuses multiple layers of en-
coder features as the input of the decoder. Although MFF
allows low-level features to be included in generating the de-
coder input, it still downsamples these features to a smaller
scale before feature fusion. Hence, some useful detail infor-
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mation is lost, which causes notable discrepancies between
student’s reconstructed features and teacher’s features even
in normal regions, thereby raising the false positive rate.

Method
The overall architecture of our proposed method is illus-
trated in Figure 3 (a). Based on the original teacher-student
framework of RD, we design an Expert-Teacher-Student (E-
T-S) Network, which retains the design of the teacher, bot-
tleneck, and student from RD. The teacher encoder T is
a WideResNet50 (Zagoruyko and Komodakis 2016) pre-
trained on ImageNet (Deng et al. 2009). The bottleneck,
named OCBE by RD, includes Multi-scale Feature Fusion
(MFF) and One-Class Embedding (OCE) modules. The stu-
dent decoder S is a symmetric network with T , differing in
that it replaces downsampling by upsampling. Additionally,
S includes Guided Information Injection (GII) to incorpo-
rate information from encoder. Besides, we innovatively in-
troduce an expert network E with the same architecture and
initial parameters as T .

During training, different from RD, the teacher, bottle-
neck, and student in E-T-S Network are all trainable. The
teacher uses a separate optimizer, while the bottleneck and
student share the same optimizer (with the bottleneck be-
ing considered part of the student in the following sections).
During inference, the frozen teacher and student are used for
anomaly detection and localization.

Reverse Distillation with Expert
The teacher network’s ability to perceive anomalies and the
student network’s capacity to generate anomaly-free fea-
tures are prerequisites for RD. Previous RD and its vari-
ants do not meet both of these two conditions, and trigger
missed detection issue. To tackle this problem, we propose
to introduce an expert network to distill both the teacher and
the student at the same time, and ensure the distillation pro-
cess covers enhancing the teacher’s anomaly sensitivity
and denoising the student’s features, as in Figure 3 (b).
The teacher network is optimized to be more sensitive to
anomalies and capable of generating differentiated abnormal
and normal features. Simultaneously, the student network is
trained with a denoising strategy to ensure normal features
are generated even when anomalous samples are input. This
dual strategy, based on the introduction of expert network,
ensures that the features of teacher and student are similar in
normal regions and dissimilar in anomalous regions, which
enables effective anomaly detection and localization.

For each normal image In in the training set, anomaly
synthesis operation is performed to generate a corresponding
synthetic anomalous image Ia. Here, we follow DRÆM (Za-
vrtanik, Kristan, and Skočaj 2021) for synthesizing anoma-
lies with a Perlin noise generator and the Describable Tex-
tures Dataset (Cimpoi et al. 2014). The teacher T receives a
pair of images I = {In, Ia} as input and outputs three lay-
ers of features: Fn

T = {Fn
T
1, Fn

T
2, Fn

T
3} = T (In) and F a

T =

{F a
T
1, F a

T
2, F a

T
3} = T (Ia). The student S takes the features

from the teacher network as input and reconstructs the corre-
sponding three features: Fn

S = {Fn
S
1, Fn

S
2, Fn

S
3} = S(Fn

T )

Figure 4: (a) Cosine distance maps between features of
teacher and student. (b) Guided Information Injection.

and F a
S = {F a

S
1, F a

S
2, F a

S
3} = S(F a

T ). The expert E, which
takes normal images as input, produces the features that cor-
respond to those: Fn

E = {Fn
E
1, Fn

E
2, Fn

E
3} = E(In).

To enhance the teacher’s sensitivity to anomalies, we ex-
plicitly guide the teacher’s feature extraction process using
ground truth anomaly masks Mgt. We maintain high cosine
similarity for normal regions. In the meantime, by increas-
ing the cosine distances between the teacher’s abnormal fea-
tures and the expert’s normal features in anomalous regions,
the teacher network is optimized to generate differentiated
abnormal and normal features. The teacher’s training loss
LTE is calculated using L1 distance as

D
n/a
TE

i
(h,w) = 1− F

n/a
T

i
(h,w) · Fn

E
i(h,w)

∥Fn/a
T

i
(h,w)∥∥Fn

E
i(h,w)∥

(1)

Ln/a
TE =

3∑
i=1

{ 1

HiWi

Hi∑
h=1

Wi∑
w=1

|Dn/a
TE

i
(h,w)−M i

gt|} (2)

LTE = Ln
TE + La

TE (3)

where Hi and Wi represent the height and width of the out-
put feature of the i-th encoding block. M i

gt is obtained by
downsampling Mgt to align the size of F i

T .
To denoise the student’s features, we use both the teacher

and expert networks to guide the student network, ensuring
that the student network generates normal features. To be
specific, the student network aims at reconstructing the nor-
mal features of the teacher and expert networks whether the
input images are normal or anomalous, which is optimized
based on cosine similarity with LS calculated as

f = F(F ) (4)

Li
SE/ST = (1−

fn
S

i · fn
E/T

i

∥fn
S

i∥∥fn
E/T

i∥
) + (1−

fa
S
i · fn

E/T
i

∥fa
S
i∥∥fn

E/T
i∥
) (5)

LS =

3∑
i=1

(Li
SE + Li

ST ) (6)

where F is the flatten operation introduced in ReContrast
(Guo et al. 2024).

Guided Information Injection
Considering that: (1) Higher-level features contain less tex-
ture details, making detail reconstruction less critical. (2)
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Forward Distillation Reverse Distillation
STPM DeSTSeg HypAD RD RD++ THFR MemKD Ours

Texture Average - 99.1/- - 99.7/99.9 99.8/99.9 99.7/- 99.8/- 99.8/100
Object Average - 98.3/- - 98.3/99.3 98.6/99.4 98.9/- 99.5/- 98.9/99.6

Total Average 95.5/- 98.6/- 99.2/99.5 98.8/99.5 99.0/99.6 99.2/- 99.6/- 99.2/99.7

Table 1: Image-level anomaly detection results I-AUC/I-AP (%) on MVTec AD with the best in bold.

Figure 5: Inference procedure of our proposed method. The
expert is removed and both teacher and student are frozen.

The shorter generation path for higher-level features nat-
urally leads to better reconstruction quality. The distance
maps calculated by the cosine similarity of higher-level fea-
tures in Figure 4 (a) are therefore believed to effectively lo-
cate anomalies and highlight anomalous regions.

Inspired by this, we propose Guided Information Injection
(GII), as shown in Figure 4 (b). By leveraging similarity-
based attention from higher layers to guide the information
injection from encoder to decoder, GII not only directly ad-
dresses the issue of the lack of low-level information during
reconstruction, but also filters out most of the anomalous in-
formation, preventing anomaly leakage. As a result, detail
information is introduced into the decoder in a more con-
trolled and softer manner compared to traditional skip con-
nections.

Specifically, GII is inserted before the student decoder
blocks S1 and S2. For the GII module before Si, the in-
put consists of the output features F i

T , F i+1
T , and F i+1

S from
T i, T i+1, and Si+1, respectively. First, F i

T and F i+1
T are

adjusted in dimension and combined to obtain the multi-
scale fused feature F i+1

Tfuse
. Then, the cosine similarity be-

tween the higher-level features Sim(F i+1
T , F i+1

S ) (hereafter
referred to as Sim) is calculated, where smaller values indi-
cate a higher likelihood of anomalies. Finally, Sim is used
to control the proportion of the fused feature F i+1

T fuse from
teacher encoder, and a feature with enriched details F i+1

SSA
is

obtained. The original feature F i+1
S and the detail-enriched

feature F i+1
SSA

are concatenated and passed to the decoder
block Si for subsequent reconstruction, outputting the final
feature F i

S with injected detail information. For more de-
tailed calculations, see Figure 4 (b).

Inference
Figure 5 illustrates the inference process. During inference,
the expert network E is removed, ensuring that our method
does not increase storage and computational overhead. The
approach for anomaly scoring follows RD. For anomaly lo-
calization, the score map is obtained by summing the cosine
distance maps between the three-layer features of the teacher
T and the student S which are upsampled to the input image
size. For anomaly detection, the image-level anomaly score
is represented by the maximum value in the score map.

Experiments
Experimental Setup
Datasets We conduct our experiments primarily on
MVTec AD (Bergmann et al. 2019) containing 5354 images
across 15 categories, MPDD (Jezek et al. 2021) containing
1346 images across 6 categories, and BTAD (Mishra et al.
2021), which includes 2540 images across 3 categories. All
datasets have only normal images in the training set, while
have both normal and anomalous images in the test set.

Implementation Details A separate detection model is
trained for each category. During both training and infer-
ence, all images are resized to 256×256. The training batch
size is 16, with an early stopping strategy for a maximum
of 10k iterations. Consistent with RD, the student decoder is
optimized using an Adam optimizer with a learning rate of
0.005, while the teacher encoder is trained with another one
at a learning rate of 0.0001. During inference, the anomaly
maps are smoothed using a Gaussian filter with σ = 4.

Evaluation Metrics For anomaly detection, the used eval-
uation metrics are area under the receiver operating charac-
teristic (AUROC) and average precision (AP). For anomaly
localization, in addition to AUROC and AP, we also report
per-region-overlap (PRO) (Bergmann et al. 2020).

Main Results
To demonstrate the superiority, we compare our method with
various KD-based unsupervised AD methods, including
STPM (Wang et al. 2021), DeSTSeg (Zhang et al. 2023b),
and HypAD (Li et al. 2024) under Forward Distillation (FD)
paradigm, as well as RD (Deng and Li 2022), RD++ (Tien
et al. 2023), THFR (Guo et al. 2023), and MemKD (Gu et al.
2023) under Reverse Distillation paradigm. For a fairer com-
parison, we retrain the main comparison methods RD and
RD++ under the same environment with our method.
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Category
Forward Distillation Reverse Distillation

STPM DeSTSeg HypAD RD RD++ THFR MemKD Ours
Te

xt
ur

es

Carpet 98.8/-/95.8 96.1/72.8/93.6 -/-/92.7 99.3/67.2/97.9 99.2/63.9/97.7 99.2/-/97.7 99.1/-/97.5 99.6/83.0/98.3
Grid 99.0/-/96.6 99.1/61.5/96.4 -/-/99.7 99.3/50.2/97.7 99.3/49.5/97.7 99.3/-/97.7 99.2/-/96.9 99.4/50.1/97.5

Leather 99.3/-/98.0 99.7/75.6/99.0 -/-/99.9 99.5/52.6/99.2 99.4/51.4/99.2 99.4/-/99.2 99.5/-/99.2 99.7/70.0/99.3
Tile 97.4/-/92.1 98.0/90.0/95.5 -/-/99.8 95.8/53.8/91.1 96.4/56.2/92.1 95.5/-/90.8 95.7/-/91.1 99.2/94.8/96.8

Wood 97.2/-/93.6 97.7/81.9/96.1 -/-/95.3 95.3/51.5/93.2 95.7/51.8/93.2 95.3/-/93.3 95.3/-/91.2 98.1/80.2/95.2

Average 98.3/-/95.2 98.1/76.4/96.1 -/-/97.5 97.8/55.1/95.8 98.0/54.6/96.0 97.7/-/95.7 97.8/-/95.2 99.2/75.6/97.4

O
bj

ec
ts

Bottle 98.8/-/95.1 99.2/90.3/96.6 -/-/100 98.8/78.4/96.9 98.7/80.0/96.9 98.9/-/97.2 98.8/-/97.1 99.3/91.6/97.9
Cable 95.5/-/87.7 97.3/60.4/86.4 -/-/93.3 97.8/59.6/92.6 98.4/63.6/93.9 98.5/-/94.8 98.3/-/93.4 98.7/73.1/94.9

Capsule 98.3/-/92.2 99.1/56.3/94.2 -/-/96.9 98.8/46.6/96.4 98.9/47.4/96.5 98.7/-/95.9 98.8/-/96.2 98.9/50.5/96.8
Hazelnut 98.5/-/94.3 99.6/88.4/97.6 -/-/99.7 99.2/67.9/96.0 99.2/66.5/96.3 99.2/-/96.2 99.1/-/95.7 99.2/68.0/96.1
Metal nut 97.6/-/94.5 98.6/93.5/95.0 -/-/98.0 97.5/81.8/93.3 98.0/83.9/93.2 97.4/-/90.5 97.2/-/90.8 98.4/83.7/93.7

Pill 97.8/-/96.5 98.7/83.1/95.3 -/-/98.4 98.4/80.2/96.9 98.4/79.6/97.1 98.0/-/96.4 98.3/-/96.6 98.7/83.7/97.5
Screw 98.3/-/93.0 98.5/58.7/92.5 -/-/95.6 99.6/54.9/98.4 99.6/55.5/98.3 99.5/-/98.2 99.6/-/98.2 99.6/48.8/98.3

Toothbrush 98.9/-/92.2 99.3/75.2/94.0 -/-/99.9 99.1/53.1/94.6 99.1/56.3/94.5 99.2/-/94.7 98.9/-/92.2 99.3/68.5/95.5
Transistor 82.5/-/69.5 89.1/64.8/85.7 -/-/100 93.1/55.9/79.6 94.4/58.3/82.8 95.9/-/85.9 96.4/-/85.3 97.5/70.3/90.2

Zipper 98.5/-/95.2 99.1/85.2/97.4 -/-/94.7 98.9/61.5/96.8 98.9/60.5/96.4 98.7/-/96.6 98.5/-/95.9 98.9/69.3/96.8

Average 96.5/-/90.9 97.9/75.6/93.5 -/-/97.6 98.1/64.0/94.2 98.4/65.2/94.6 98.4/-/94.6 98.4/-/94.1 98.9/70.8/95.8

Total Average 97.0/-/92.1 97.9/75.8/94.4 98.0/62.5/97.6 98.0/61.0/94.7 98.2/61.6/95.1 98.2/-/95.0 98.2/-/94.5 99.0/72.4/96.3

Table 2: Pixel-level anomaly localization results P-AUC/P-AP/P-PRO (%) on MVTec AD with the best KD-based results
underlined and the best RD-based results in bold.

Category Bracket Black Bracket Brown Bracket White Connector Metal Plate Tubes Average

RD 98.1/6.2/92.1 97.2/25.7/95.4 99.4/15.6/97.8 99.5/64.2/96.9 99.1/93.9/96.2 99.2/76.0/97.6 98.7/46.9/96.0
RD++ 98.2/9.8/92.8 97.1/25.6/94.9 99.5/12.8/97.2 99.3/61.3/96.0 99.1/93.3/96.1 99.2/74.8/97.4 98.7/46.3/95.7

MemKD 97.8/10.7/94.5 96.3/20.5/95.2 98.8/15.9/97.3 99.4/60.6/96.4 99.1/94.2/95.2 99.2/74.0/97.3 98.4/46.1/95.9
Ours 98.7/21.4/96.0 98.6/30.3/96.7 99.4/17.1/98.2 99.6/73.3/97.7 99.2/95.3/96.7 99.4/77.4/98.1 99.2/52.5/97.2

Table 3: Pixel-level anomaly localization results P-AUC/P-AP/P-PRO (%) on MPDD with the best in bold.

Category RD RD++ Ours

Class 01 96.7/50.0/77.7 96.1/48.3/71.7 97.2/55.0/78.6
Class 02 96.8/65.9/66.5 96.5/60.1/69.4 97.4/78.2/66.9
Class 03 99.1/53.5/87.3 99.7/59.2/87.2 99.8/62.5/90.0
Average 97.5/56.5/77.2 97.4/55.9/76.1 98.1/65.2/78.5

Table 4: Pixel-level anomaly localization results P-AUC/P-
AP/P-PRO (%) on BTAD with the best in bold.

Anomaly Detection Table 1 shows the image-level
anomaly detection results on MVTec AD (detailed per-
category results are provided in the supplementary mate-
rials). For AUC, our method is comparable to the leading
KD-based AD methods in overall average. Regarding AP,
our method achieves SOTA performance, with an average of
99.7% over all categories.

Anomaly Localization We conduct the quantitative com-
parison of anomaly localization results on MVTec AD in
Table 2. Our method surpasses previous KD-based SOTA in
pixel-level AUC, achieving 99.0%. While our method ranks
second in pixel-level AP and PRO metrics with 72.4% and

96.3%, it represents the best performance within the RD
paradigm. Qualitative visual results are shown in Figure 1.

Furthermore, we extend the quantitative comparison to
MPDD and BTAD datasets. Tables 3 and 4 respectively
present the anomaly localization results over all categories
on MPDD and BTAD. Our method achieves the best per-
formance in all metrics on the both datasets compared with
other RD-based methods, further validating its localization
capability.

Ablation Analysis
Ablation Study on Network Composition Our proposed
method primarily includes two innovative components: the
design of Reverse Distillation with Expert for distillation
supervision innovation and the design of Guided Informa-
tion Injection for network detail optimization. To demon-
strate the effectiveness and necessity of the components, we
conduct ablation experiments on MVTec AD, MPDD, and
BTAD datasets, as shown in Table 5. The quantitative results
indicate that when both RD-E and GII are applied simulta-
neously, the method achieves the best localization results.

In addition, Figure 6 illustrates the qualitative compari-
son results, where the baseline refers to the standard RD.
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Expert GII MVTec AD MPDD BTAD
P-AUC P-AP P-PRO P-AUC P-AP P-PRO P-AUC P-AP P-PRO

- - 98.02 61.01 94.70 98.75 46.95 95.99 97.53 55.45 77.17
✓ - 98.69 71.80 96.11 98.76 45.75 96.06 97.97 63.63 77.78
- ✓ 98.17 60.20 94.77 99.14 48.95 97.17 97.83 59.14 78.23
✓ ✓ 98.97 72.37 96.31 99.14 52.46 97.25 98.11 65.24 78.48

Table 5: Ablation localization results (%) of network composition on MVTec AD, MPDD, and BTAD.
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Figure 6: Visualization of ablation study on network composition. From top to bottom: the input image, the ground truth masks,
the output anomaly maps of Baseline (RD), Baseline+RD-E, and Baseline+RD-E+GII (Ours).

Den Sen I-AUC P-AUC I-AP P-AP P-PRO

Teacher-Student Network

- - 98.77 98.02 99.52 61.01 94.70
✓ - 98.62 98.29 99.47 61.56 95.39

Expert-Teacher-Student Network

✓ ✓ 98.72 98.69 99.48 71.80 96.11

Table 6: Ablation study results (%) of RD-E on MVTec AD.
(Den: Denoising. Sen: Sensitivity.)

It is evident that incorporating RD-E significantly enhances
anomaly localization capabilities, reducing the missed de-
tection rate. Furthermore, with the introduction of GII, back-
ground noise in obtained anomaly maps is greatly reduced,
leading to a lower false positive rate. These findings align
well with our previous analysis.

Ablation Study on Reverse Distillation with Expert In
Table 6, we compare the results on MVTec AD between
using only the teacher encoder for the student decoder’s
feature denoising (Den) and introducing an expert net-
work that enhances the teacher’s anomaly sensitivity while
also denoising the student’s features (Sen+Den). The re-
sults show a significant improvement in anomaly localiza-
tion when the expert network is added to aid the distillation.

Ablation Study on Guided Information Injection Table
7 presents the results of ablation experiments related to the
GII module on MVTec AD. The ”+SC” row indicates the

I-AUC P-AUC I-AP P-AP P-PRO

w/o GII 98.72 98.69 99.48 71.80 96.11

w/ GII + SC 98.96 98.86 99.56 71.14 96.19
+ SA 99.22 98.97 99.74 72.37 96.31

Table 7: Ablation study results (%) of GII on MVTec AD.
(SC: Naive skip connection. SA: Similarity attention.)

absence of similarity attention, where F i+1
SSA

= F i+1
Tfuse

. The
”+SA” row shows the results when similarity attention is in-
troduced to filter features. The overall results highlight the
effectiveness of GII and underscores the importance of the
similarity attention mechanism within it.

Conclusion
In this paper, we first improve Reverse Distillation with Ex-
pert for unsupervised AD. Building on the RD paradigm, we
introduce an expert network that distills both the teacher and
student networks, ensuring the effectiveness of RD by en-
hancing the teacher’s sensitivity to anomalies and maintain-
ing the student’s ability to produce normal features. Besides,
to address the challenge of detail reconstruction, we design
Guided Information Injection, which uses high-level feature
similarity as attention to guide the injection of teacher’s fea-
tures into the student. With these innovations, our method
effectively reduces missed detections and false positives in
RD, as confirmed by experimental results.
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