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Abstract

Industrial appearance anomaly detection (AD) focuses on accurately identify-
ing and locating abnormal regions in images. However, due to issues such as
scarce abnormal samples, complex abnormal manifestations, and difficult ab-
normal annotation, the detection accuracy is limited. To solve these problems,
based on the knowledge distillation framework, this paper proposes an unsu-
pervised anomaly detection algorithm—Bidirectional knowledge distillation
AD (BKD). This algorithm combines the advantages of forward and reverse
distillation, enabling efficient anomaly detection. Experimental results have
shown that the proposed method outperforms the state-of-the-art AD meth-
ods by 3% - 8% in AUC on the MVTec benchmarks.
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1. Introduction

Modern industrial products, such as aircraft wings and semiconductor wafers, are
widely used in social infrastructure. Their quality directly impacts production sta-
bility and safety. Industrial anomaly detection technology is a core component of
quality assurance. Its importance is increasingly recognized. Traditional manual
screening methods are inefficient, costly, and difficult to scale. Recently, unsuper-
vised anomaly detection techniques have emerged, requiring only normal samples
for model training. This approach improves detection accuracy while significantly
reducing the cost of collecting and annotating anomaly samples.

Unsupervised anomaly detection algorithms [1] identify and localize anomalies

without prior knowledge. Among them, based on deep learning methods [2] have
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achieved significant progress in anomaly detection tasks. However, their high
computational resource demands are often hard to meet in practice. Methods
based on One-Class Classification [3]-[5] have lower computational costs. Thus,
they are widely used in image-level anomaly detection. OCSVM (One-Class Sup-
port Vector Machine) [3] and Deep SVDD (Deep Support Vector Data Descrip-
tion) [5] are two typical approaches. These methods train feature extraction net-
works to map data into feature spaces. They construct hyperplanes or spheres in
the feature space. Data outside these boundaries are classified as anomalies, while
data inside are considered normal. Methods based on Feature embedding [6]-[8]
use networks to extract high-dimensional features from normal samples, analyze
the feature space, and minimize intra-class distances. Patchcore [6] extracts fea-
ture through a pre-trained network to build a feature memory bank, which is com-
pressed using a greedy coreset mechanism. Anomaly scores are obtained by meas-
uring distances between test image patch features and the memory bank. Padim
[7] leverages a pre-trained CNN to extract multi-scale features, constructs para-
metric Gaussian distributions, and detects anomalies using Mahalanobis distance
to measure deviations from normal feature distributions. SPADE [8] integrates
the KNN algorithm with a multi-scale feature pyramid, storing normal sample
features in a feature library. During testing, it retrieves k-nearest neighbors from
the library to compute anomaly scores. However, finding suitable feature spaces
and decision boundaries remains challenging in complex datasets.

To address this challenge, researchers resort to knowledge distillation (KD) [9]
to transfer the representational capacity of large pre-trained networks to light-
weight student networks, while leveraging the discrepancies between teacher and
student representations for anomaly detection. The Student-Teacher (S-T) para-
digm [10] achieves exceptional speed-accuracy trade-offs, enabling efficient infer-
ence without compromising performance, thus becoming a cornerstone of unsu-
pervised anomaly detection (AD). US [11] pioneered the integration of KD into
unsupervised AD frameworks. Subsequent innovations include MKD [12] and
STPM [13], which mitigate student network over-generalization through multi-
scale feature alignment and structurally asymmetric architectures. Similarly, RD
[14] introduced an inverse distillation framework, where the teacher and student
roles are assigned to encoder and decoder modules, respectively.

These KD-based methods exclusively train student networks on normal data,
premised on the hypothesis that student networks fail to replicate the teacher’s
representational capacity for anomalous regions. Consequently, they maintain
high feature consistency on normal samples but exhibit pronounced discrepancies
in anomalies. However, CNNs’ inherent inductive biases and data consistency
constraints may lead student networks to unintentionally learn anomalous feature
patterns in practice, contradicting the foundational assumption. Current ap-
proaches thus tackle over-generalization from two perspectives: architectural de-
sign and knowledge disentanglement.

1) From the perspective of network architecture, forward distillation [11] di-
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rectly mimics the output of the teacher network in Figure 1(a). Although simple,
this approach often leads to over-generalization in the student network, making
it difficult to exclude abnormal interference. Reverse distillation [14] recovers fea-
tures from the embeddings of the teacher network in Figure 1(b). It leverages
asymmetry to differentiate the information capacity between the teacher and stu-
dent networks. The OCBE module provides compact feature representations, re-
ducing inter-modal feature similarity and thereby preventing over-generalization.
However, due to capacity differences and the direction of abnormal information
transmission, reverse distillation may introduce pseudo abnormal features, caus-
ing the normal features of the student network to deviate from those of the teacher

network.

Stage; Stage; ; Stage;

Teacher Teacher

FL Fr EY 5
AD| |AD) 5
Student + * ‘ Student '
ES o ;
—>Encoder—> <—r)ecoder(— '
(a) Forward Distillation (b) Reverse Distillation (¢) Our Distillation
structure structure ' structure

Figure 1. (a) Forward distillation structure. (b) Reverse distillation structure. (c) Our pro-
posed bidirectional distillation method.

2) From the perspective of content information, some methods improve the
basic S-T network by extracting content from both normal and abnormal data.
Memory Knowledge Distillation (MemKD) [15] addresses the “normal forget-
ting” problem. It uses a memory bank to guide the student to generate normal
features with teacher features, indirectly amplifying feature differences in abnor-
mal regions. Decouple Distillation (DMDD) [16] introduces anomaly synthesis
into the Knowledge Distillation (KD) paradigm, explicitly distinguishing between
student and teacher features in abnormal regions. However, in this paradigm, the
student network merely imitates the current teacher network without fully con-
sidering the diversity of samples. This defect leads to a single form of knowledge
representation, and the learned knowledge lacks flexibility. As a result, when fac-
ing actual abnormal scenarios, especially those with rotation or complex back-
grounds, its performance is unsatisfactory.

To solve these problems, we make the following improvements:

1) In structure, we combine the advantages of forward and reverse distillation
to construct a bidirectional distillation network, as Figure 1(c). Forward distilla-
tion is used to detect region-level abnormalities, and reverse distillation is used to

detect pixel-level abnormalities. The bidirectional design effectively avoids the
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wrong injection of pseudo abnormal features.

2) In content, we propose an information alignment distillation method based
on few sample registration. By aligning normal features for distillation, we can
fully utilize the diversity of the teacher network and prevent the student network
from overgeneralizing. Meanwhile, we combine the memory module to alleviate
the “normal forgetting” problem. In summary, through comprehensive detection
at the regional (coarse) and pixel (fine) levels, our approach overcomes the limi-

tations of existing KD solutions.

2. Our Approach

We constructed a bidirectional knowledge distillation network (BKD) for unsu-

pervised anomaly detection (AD), and its architecture is shown in Figure 2.

N -

Lgnery

z
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Gradient flow
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Figure 2. The structure of bidirectional distillation network.

During training, only normal images are fed into the model. In contrast, the
test set contains both normal images and abnormal images unseen during train-
ing. The training objective of the unsupervised AD model is to enable it to detect

and locate abnormal regions during inference.

2.1. Framework Overview

The network mainly consists of three modules: the shared teacher encoder, the
feature bottleneck, and the student decoder.

The proposed framework operates through two core stages, as illustrated in Fig-
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ure 2. The forward distillation stage (yellow arrows) is executed within the shared
teacher encoder, where knowledge propagation and hierarchical feature learning
are achieved by jointly optimizing the fusion module and deformable convolution
network (DCN) [17] [18]. In contrast, the reverse distillation stage (blue arrows)
facilitates inverse performance optimization via coordinated training of the fea-
ture bottleneck module and the student decoder. Notably, the encoder utilizes a
pre-trained model with frozen parameters, while all other modules dynamically
update their parameters throughout the training process. The subsequent sections
elaborate on the implementation mechanisms of these dual-stage distillation par-
adigms, followed by a comprehensive description of the loss function design and

the anomaly localization methodology.

2.2. Forward Distillation

Forward distillation is carried out in the multi-teacher encoding part. Inspired by
the way humans detect anomalies in images, a simple and effective strategy is to
compare the samples to be detected with normal samples to find differences.
Therefore, we randomly select a pair of images (I query Isuppon) from the given
training set of normal samples in the same category, serving as the query set and
the support set respectively, with the number of the support set denoted by k-shot.

During training, the teacher encoder uses the first four stages of WideResNet50
pretrained on ImageNet as the teacher network. First, a query—support image
pair is input. The support set is randomly drawn from normal samples and un-
dergoes data augmentation through translation, rotation, scale transformation,
etc. Subsequently, these two groups of data are input into the teacher network
sharing the same network weights.

We extract the features of the query set and the support set through the shared
teacher network. Since the weights of the teacher network are frozen during train-
ing, its semantic information is consistent, only differing in spatial distribution.
Based on this, we propose an information alignment distillation method under
few shot registration to achieve semantic consistency between the support set and
the query set. During testing, the semantics of normal regions are easy to align,
while those of abnormal regions have large alignment errors. We can use this
characteristic to locate abnormal regions. This design not only provides con-
straints on abnormal regions for subsequent distillation but also effectively sup-
presses the over generalization of the student network. The feature alignment net-
work involves two key steps: feature fusion and feature alignment, which occur as
indicated by the yellow lines in Figure 2.

In the feature fusion part, the feature maps from the query set and the support
set at the same level are collected, denoted asQ" and S, respectively. Here, L
represents the feature maps generated by the encoder at different stages, and k
is the number of samples in the support set. The fusion operation of the feature
mabps is as follows:

Fho =T ([QL, SH) = Conv(Concat(QL,SkL),W), Le[l:3] (1)
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In the formula, [,] represents the concatenation operation of feature maps,
f represents the convolution operation, and W is the weight of the convolu-
tion kernel. The objective of the fusion stage is to obtain a deviation feature map
containing offset information. This feature map is helpful for identifying and lo-
cating the deviations between features in subsequent processing.

In the design of the feature alignment network, STN [19] is often the core mod-
ule. Yet, it has limitations in handling image edges and local details, and CNN also
struggles with geometric transformations. In this study, DCN [17] [18] is used to
replace STN. DCN introduces learnable offset parameters, which can dynamically
adjust the positions of convolutional kernels to achieve adaptive feature align-
ment. This overcomes the limitations of traditional convolution, improves the
ability to model geometric transformations, and enhances the accuracy and ro-
bustness of feature alignment.

More precisely, In this study, the support set S is regarded as the dataset to
be registered, and the query set Q" is taken as the reference dataset. The aim is
to precisely align the features between the support set and the query set.

To achieve this goal, a modulated deformable convolution module is adopted
and applied to each shot in the support set. Assume that the deformable convolu-
tional kernel has m sampling positions, and its weights and offsets are obtained
through pre-learning. The m-th position is represented as a,, ,

P, = {(—l, —1) (-1 0) (1 1)} . For a 3x3 convolutional kernel, the total
number of sampling points is defined as 9.

Based on this, the aligned feature S| at position P, in the feature map of

layer L can be calculated by the following formula:

kernel

St =DConv (s}, Apt )= Y- @, [ SF ®(py+ p, +apk)]-Am (@)
m=1

Among them, The symbol ® represents the convolution operation between
the convolutional kernel and the feature map. Am} is the modulation factor,
which is predicted together with Ap- by DCNvl [17]. Ap} represents the
learnable offset of the m -th sampling point in layer L, which is obtained by ac-
tivating the feature map Fr_., that is,

Aprlr_1 = SOﬁmaX(FUIFfset )’ Le [1 3] (3)

For simplicity, only the learnable offset Ap\ is considered, and the modula-
tion factor Am} is ignored. Since the position (po + Py +Ap;) in the offset
calculation may be a decimal, bilinear interpolation is used to obtain the actual
offset.

In the alignment task, to tackle complex motion and large parallax, models with
a large effective receptive field are found to perform better. Two improvements
are proposed:

First, construct an L -level pyramid using three downsampling layers of the
backbone network to capture long range dependencies and address large parallax.

Second, adopt a cascaded refinement strategy. In layer L, combine the x2 up-
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sampled offsets and features from the previous layer to predict the current layer

offsets and features. The specific formulas are as follows:
T2
apy = £([Q% s ])o(apy™) (4)
S¢ =DConv (S, Apy,) (5)

Here, (-)Ts represents the upsampling scale factor S, and x2 upsampling is
achieved through bilinear interpolation in this case. DConv is the deformable con-
volution operation defined in Equation (2). subsequent offsets are cascaded to fur-
ther refine the aligned features (as shown in the part of the green lines in the Fig-

ure 1).

2.3. Reverse Distillation

As shown in the figure, reverse distillation consists of the feature bottleneck mod-
ule and the student decoder module. The bottleneck module modulates the fea-
ture space using the memory-guided mechanism and fuses features with the
OCBE (Orthogonal Channel Bottleneck Embedding) method. The student de-
coder recovers the features embedded in the bottleneck during training.

To increase the feature differences in abnormal modalities between the student
and teacher networks, this study integrates a memory guided module into reverse

distillation. The structure of the module is shown in Figure 3.

/ (0] o' Memory Bank \
H |

L

Z ( Meniory‘ ( S[;arse | 7
E —> { (034 V4
ROtCE Process | Process 1 Decoder

Figure 3. The structure of memory module.

Define the vector space as R and introduce a memory matrix M e R"™".
Here, | isthe number of row vectorsin M . Each row vector is a memory unit,
and its dimension is the same as that of the latent feature vector z output by the
encoder.

The memory processing module generates the attention coefficient @ by cal-
culating the similarity between the query vector z and each memory unit. The

calculation formula is as follows:

@ =Softmax(d(z,m,)) (6)
d(zm)= 2" )
e
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where zeR™ is the query vector, m, € R®" is the i-th row vector of the
memory matrix M, d(z,m;) represents the cosine similarity between them,
and @, isthe i-th element of the attention coefficient @ .During the training
process, only normal samples are used to update the memory matrix M .

To avoid the small and dense attention coefficient @ interfering with the re-
construction of the features of abnormal samples, a sparsification strategy is
adopted to eliminate insignificant attention coefficients, which are finally ob-

tained after activation. The specific calculation formulas are as follows:

r_ @ @ > § (8)
' 10, otherwise
@/zw 9)
o —&|+6

where &=0.002, and & =10"". Finally, multiply the sparsely processed atten-
tion coefficient @ by the memory matrix to obtain the new latent feature z'.

The formula is as follows:
N
7'=o'M =) om (10)
i

Subsequently, a One-Class Bottleneck Embedding (OCBE) module is employed
to collect feature information, and its structure is shown in Figure 4. Before sin-
gle-stage embedding, OCBE enhances feature diversity with the aid of a Multi-
Scale Feature Fusion (MFF) block. First, the module uses a convolutional layer to
downsample the shallow layer features. Then, batch normalization and ReLU ac-
tivation are performed on the downsampled features to align the connected fea-
ture representations. Subsequently, a convolutional layer is used for feature di-
mensionality reduction. Finally, after batch normalization and ReLU activation, a

compact feature representation is generated and transmitted to the decoder.
A i e )

stride=2 | 2DConv-3x3

2DConv-3x3 :
stride=2

stride=2
Y Y

| |

MFF J

" OCE
ResBlock
[ |

\

. y

Figure 4. The structure of OCBE.
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During training, the OCBE module and the decoder are optimized collabora-
tively to improve the accuracy and robustness of feature representations.

2.4. Loss Function and Anomaly Graph Calculation

During the training stage, the loss value is calculated based on the loss constraints
of features from multiple intermediate layers to simulate the generalization rep-
resentation of the teacher network for normal samples. The formula for the total

loss is:

L = LOSS" + Loss® + Loss® (11)

Here, Loss',Loss® and Loss® correspond to the output features Q', QZ,
Q® of the query set and the distillation output features M', M?, M?® respec-
tively. The distillation output feature M i (i el 2,3) consists of the output fea-
ture S (i el, 2,3) of the support set after modulation and alignment and the
feature D'(iel, 2,3) output by the student decoder. The loss of the i -th layer
is:

Loss' = Loss(Qi D' )+ Loss(Qi , §i) (12)

Each loss term Loss' is composed of a value loss (L, ) and a direction loss
(Lap)-

During the testing stage, the anomaly map (Q ) is obtained through calculation,
with asize of Wxh. The pixel point X, ; in the input feature map represents the
feature value at the position (i, j) . The calculation formula for the anomaly map

is:
Q(x)= H:ﬂUpsameple(Q,'fj) (13)

where O, represents the degree to which the pixel point at the position (i, j)
in the output feature map of the N -th convolutional layer deviates from the nor-
mal data flow. Finally, the anomaly maps from three different layers are upsam-
pled to a unified size and then multiplied for fusion to generate a comprehensive
anomaly detection result.

3. Experimentation

3.1. Experimental Environment and Dataset

Our evaluation employs two widely-recognized anomaly detection (AD) bench-
marks derived from real industrial scenarios, both designed for defect identifica-
tion tasks.

e MVTec AD [20] dataset, a publicly available industrial quality inspection da-
taset, is specifically designed for training and evaluating unsupervised anomaly
detection algorithms. To verify the effectiveness of the model proposed in this
paper, this dataset is used for experimental validation.

e MPDD [21] dataset, a recently introduced benchmark, is tailored for detecting
surface defects in painted metal components during manufacturing processes,

covering six distinct categories. It comprises images captured under diverse
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spatial configurations (e.g., orientations, positions, distances) of objects,
alongside varying illumination conditions and non-uniform background en-

vironments.

3.2. Experimental Setting and Evaluation Criteria

In this study, the resolutions of all images in the MVTec AD [20] dataset were
adjusted to ensure consistent input. The experiments followed the common pro-
cedures in the field of anomaly detection, performing anomaly detection and lo-
calization tasks on the data category by category. To optimize memory usage, the
size of the memory cache item was set to M = 200. In terms of the optimization
strategy, the Adam optimizer was selected, with hyperparameters /3 =(0.5,0.999)

and an initial learning rate of 0.005. The model was trained for 200 epochs with a

batch size of 16.

For industrial image anomaly detection, it’s necessary not only to identify
anomalies but also to localize and segment abnormal regions. To comprehensively
evaluate the performance of the algorithm, we adopt the following evaluation met-
rics:
¢ ImageAUC is an image-level classification metric used to evaluate the algo-

rithm’s ability to detect anomalies in the whole image. Output is the anomaly
value matrix output by the algorithm for the whole image, Label is the ground-
truth defect label. as shown in Equation (14).

e PixelAUC is a pixel-level segmentation metric, it measures the precision of the
algorithm in segmenting abnormal regions. TP represents the number of pixel
values in the defect area correctly detected by the algorithm, and FP represents
the number of pixel values in the defect area that the algorithm fails to detect.
as shown in Equation (15).

e F1-Score combines the segmentation accuracy and false detection effect of the
algorithm. Precision in the formula is related to the pixel-level index, as Equa-
tion (15), and recall is related to the false-detection rate, as Equation (16). as

shown in Equation (17).

rank (Output N Label )

ImageAUC = (14)
Dn
Pixel AUC = Precision = l (15)
TP +FP
Recall = l (16)
TP+FN

F1-Score — 2Pre(.:|§|on x Recall (17)
Precision + Recall

3.3. Experimental Results and Analysis

To evaluate the effectiveness of the algorithm in this paper, the US [11] and MKD
[12] method based on distillation, and the DiffNet [22] method based on few shot
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registration are selected as comparative experiments.
According to the AUC index in Table 1, the BKD (Bidirectional Distillation)

algorithm has significant advantages over the MKD and US methods.

Table 1. Comparison of training results of different models in terms of AUC at image-

level/pixel-level on the MV Tec dataset.

Image Size
Category/Method
Carpet
Grid

Leather

Textures

Carpet tile
Grid wood
Average
Bottle
Cable
Capsule
Hazelnut
Metal nut

Pill

Objectes

Screw
Toothbrush
Transistor
Zipper
Average

Total average

128

256

US [11] MKD [12] BKD (ours) US[11] MKD [12] BKD (ours)

-/87.4
-/95.0
-/94.5
-/93.2
-/89.3
-/91.9
-192.3
-/181.6
-/95.5
-/93.3
-/92.0
-/95.3
-192.1
-/92.3
-/60.6
-194.4
-/88.9
-/90.4

95.7/-
92.8/-
96.9/-
90.0/-
85.8/-
92.2/-
96.3/-
92.5/-
95.9/-
96.6/-
95.4/-
92.6/-
96.0/-
96.1/-
90.6/-
93.9/-
94.6/-
93.5/-

95.7/94.8
96.7/92.7
96.8/98.4
93.2/90.8
92.6/89.0
95.0/93.1
97.8/95.1
96.8/91.3
96.4/87.6
98.3/90.9
95.9/89.0
96.9/92.0
97.8/94.6
98.0/86.6
95.5/86.0
93.0/91.6
96.6/90.4
95.8/91.8

-/89.9
-196.2
-195.5
-/94.6
-/91.1
-/93.5
-/193.1
-/86.8
-/96.8
-/96.5
-/94.2
-/96.1
-194.2
-/193.0
-166.6
-/95.1
-/91.2
-192.4

97.9/-
93.7/-
97.6/-
92.4/-
90.5/-
94.4/-
98.4/-
97.2/-
99.0/-
99.0/-
98.1/-
96.5/-
98.9/-
97.8/-
94.0/-
96.5/-
97.5/-
96.0/-

97.6/95.9
98.3/96.8
97.3/99.0
96.4/95.1
94.9/95.1
96.9/94.2
98.0/97.0
96.8/90.5
98.8/94.7
98.8/94.5
96.9/92.0
98.0/96.3
98.6/98.0
99.0/93.3
92.1/68.0
98.1/95.1
97.5/91.8
97.2/93.0

Figure 5. The result of our method on the MV Tec dataset.

Compared with other methods, our method improves the pixel-level and im-
age-level AUROC indices at resolutions of 128 and 256. At high resolutions, the

average indices perform well. Notably, at low resolutions, the image-level scores
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are more prominent. This is due to the fact that our method utilizes bidirectional
knowledge distillation, giving full play to the advantages of anomaly detection.
The experimental results are presented in Figure 5.

Meanwhile, to verify the effectiveness of the method using few shot support set
registration, the DiffNet [22] method based on few shot registration is selected for
comparative experiments. The MV Tec dataset is used for the F1-Score index test.
One target category is selected, and support sets of different sizes are used for
testing. The experimental results are shown in the following Table 2. Compared
with DiffNe [22], the F1-Score index of BKD on the MV Tec dataset has increased
by 3.2%, 4.1%, and 3.8% respectively.

Table 2. Comparison of results under different supported sets in terms of F1-Score on the
MVTec dataset.

k=2 k=4 k=38
Category DiffNet+ BKD DiffNet+ BKD DiffNet+ BKD
[22] (ours) [22] (ours) [22] (ours)
Carpet 56.3 61.4 59.0 68.9 69.5 69.0
Carpet tile 59.8 58.5 63.9 60.6 66.3 67.8
Grid wood 40.9 55.7 50.9 60.2 69.0 66.3
Toothbrush 54.0 74.8 54.8 79.3 54.5 83.8
Transistor 96.6 80.3 98.2 68.0 98.0 81.2
Zipper 48.8 68.9 49.9 70.4 52.5 74.5
Average 594 66.6 62.8 67.9 68.3 72.1

In cross-dataset benchmarking across MVTec AD and MPDD, we compared
the proposed algorithm with state-of-the-art methods, using average F1-Score as
the evaluation metric. Table 3 demonstrate that the synergistic optimization strat-
egy combining few-shot registration and bidirectional distillation achieves re-
markable robustness in complex industrial defect detection scenarios, particularly
maintaining stable classification boundaries under high-noise and multi-scale de-

formation conditions.

Table 3. Results of MVTec and MPDD dataset under the average F1-score index (k= 2).

Dataset US [11] MKD [12] DiffNet [22] BKD (ours)
MVTec [20] 66.4 73.6 80.6 87.4
MPDD [21] 50.6 57.7 59.4 62.8

3.4. Ablation Experiment

In this section, an ablation study of anomaly detection and localization is carried
out on the MVTEC dataset.
As shown in Table 4, the “Augment” module refers to support-set augmenta-

tion, the “Memory” module is the memory module, and the “DCN” is the feature
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alignment network. For all categories within the dataset, the macro average AUC
values are presented. The methods highlighted in bold demonstrate the best per-
formance.

The results in the table clearly indicate that these modules significantly enhance

the detection metrics.

Table 4. Ablation studies of anomaly detection.

MVTec [20]

Categor
sory image pixel

Augment Memory DCN k=2 k=4 k=8 k=2 k=4 k=8
75.0 77.8 79.1 89.0 91.2 94.5

v 792 834 882 924 956 976
v 803 824 860 912 945 970
v V 79.1 833 837 908 938 963
v v 824 867 878 947 956  97.1
v v y 845 883 90.0 946 954  97.9

A qualitative analysis from the perspective of the feature space was conducted
for the memory module. As shown in Figure 6, by visualizing the feature maps of
the student network, it can be observed that the introduction of the memory mod-
ule helps to increase the feature distance between anomalies, enabling better

anomaly responses.

(a) (b) ()

Figure 6. Test results comparison. (a) Original image and mask. (b) Memory module is not
configured. (c) Configure the memory module.

Additionally, an ablation study was performed on the data augmentation aspect
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for different transformation versions (when &= 2, T stands for shift, and R stands
for rotation). Table 5 shows the macro average AUC values under various data

augmentation methods. The best performing methods are shown in bold.

Table 5. Ablation studies of different transformation.

Data No DCN T R Scale Shear R+scale T+scale T+R T+ R+scale Affine
MVTec 82.8 83.2 85.5 84.2 83.8 85.9 84.8 84.0 84.3 84.6

Additionally, under unified conditions (MVTec dataset, 256 x 256 resolution,
RTX 4070 Ti GPU, WideResNet50 backbone), As is shown in Figure 7, BKD
achieves the highest F1-Score (87.5%) with 21.3 M parameters and 42.8 ms la-
tency, DiffNet maintains efficiency with 15.4 M parameters and 32.1 ms, while US
performs the worst (66.4%), and MKD sits in between with 13.5 M parameters
and 40.5 ms. In industrial inspection scenarios, BKD significantly improves de-
tection performance at an acceptable inference time cost, making it suitable for

applications sensitive to missed detection rates.

Model Performance Comparison

90 4
BKD(

85 4

Di

F1-Score
[es]
o

~
w
1

70 A

65
Bubble size of Parameters

0 10 20 30 40 50 60
Inference time (ms)

Figure 7. The structure of OCBE.

4. Conclusion

This study focuses on industrial visual anomaly detection, using anomaly image
datasets as the research object. Based on the theory of unsupervised knowledge
distillation, it makes improvements from two aspects: network structure and
memory information, aiming to enhance the performance and efficiency of anom-
aly detection. By optimizing the network architecture design and establishing rel-

evant theoretical models, a bidirectional distillation network architecture is pro-
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posed. This algorithm reduces misjudgments caused by pseudo anomalies and al-
leviates the “normalcy forgetting” problem. Extensive experiments on public da-
tasets have verified that it has significantly improved in terms of both accuracy
and speed, providing new ideas and references for industrial anomaly detection.
However, the study has limitations. For example, the adaptability of the algorithm
to multiple scenarios in actual industrial settings has not been fully verified. Fu-
ture research will focus on exploring more challenging multi-scenario anomaly
detection algorithms to validate and optimize the method proposed in this paper

further and unlock its potential in a wider range of industrial applications.
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