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ADVANTAGES OF THE END-TO-END
HYBRID AWRED ARCHITECTURE

IN TERMS OF THE EFFICIENCY OF
VISUAL ANOMALY DETECTION
UNDER CONDITIONS OF
TRAINING DATA DEFICIENCY
COMPARED WITH THE CLASSICAL
CNN + ONE-CLASS SVM ENSEMBLE

The object of research is the process of detecting visual anomalies in images under conditions of reduction of the training sample and

class imbalance, relevant for visual monitoring systems of IT infrastructure and telecommunication equipment, including recognition
of microcracks on printed circuit boards, corrosion on antennas, and damages of fiber-optic lines. The problem lies in the fact that with
asmall volume of training data two-stage approaches lose stability, reducing defect recognition accuracy. This concerns schemes in which
a convolutional autoencoder is combined with an external classifier One-Class SVM. Under such conditions, the latent representation

is formed with lower quality, and the ranking of anomalies becomes less reliable.
As an alternative, the Hybrid AWRED v4 architecture was used, in which anomaly detection is performed directly in the space of
reconstruction errors without an external classifier. The approach is based on an objective function that combines dynamic weighting

and an adaptive cutoff threshold.

The verification was carried out on three datasets of 800, 107, and 54 images. For each dataset, eight runs were performed. On the
sample N = 800, the CNN + AWRED architecture showed better Precision, F1-Score, and MCC than the CNN + SVM ensemble.
At N = 107, the advantage of the proposed approach was manifested in AUC-ROC and AP.

For the micro-sample N = 54, the threshold metrics of both approaches were close, while AUC-ROC and AP remained higher in the
baseline model. This indicates that with such a data volume both approaches approach the limit of their effectiveness without additional
expansion of the sample. It was established that Hybrid AWRED reaches the early stopping criterion earlier, and its heat maps form
clearer zones in defect areas. The approach is promising for automation of visual control under deficit of training data.
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1. Introduction

The effectiveness of modern convolutional neural networks in
computer vision tasks largely depends on the volume and representa-
tiveness of the training data. The areas of application of such systems, in
particular, automated visual monitoring of the condition of hardware in
data centers and telecommunications infrastructure facilities (automatic
detection of thermal damage to switching boards, cable insulation de-
fects or wear of external antennas), monitoring of infrastructure facili-
ties and industrial flaw detection, require reliable methods for detecting
deviations. In these tasks, the condition of having large data is often not
met, since defective samples occur less frequently. This creates a situa-
tion of significant class imbalance, where spatial and textural manifesta-
tions of anomalies can differ significantly even within the same type of
objects. Because of this, the formation of a full-fledged labeled sample

for a class of anomalies is difficult, and the use of classical supervised
learning approaches is limited.

For this reason, unsupervised anomaly detection methods have
become widespread in the practice of infrastructure and visual in-
spection. One typical approach is to use a convolutional autoencoder
trained only on normal samples, followed by an analysis of the recon-
struction error. In two-stage schemes, such errors or latent features are
passed to external classifiers, such as the One-Class Support Vector
Machine (One-Class SVM), Isolation Forest, or other metric algo-
rithms. This scheme can be effective on large samples, but its robustness
decreases when the data volume is sharply reduced.

Generalized approaches to anomaly detection using the isola-
tion mechanism were shown in [1]. In it, the authors analyzed the
effectiveness of using the Isolation Forest family in unsupervised tasks.
However, the conclusion they provided showed that the application
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to complex visual data has limitations, since it does not take into ac-
count the image structure.

Reconstructive models were considered in [2] as one of the basic
approaches to anomaly localization in industrial images. The analysis
of the work showed that when there is a small number of images, they
cannot always clearly distinguish local defects. These conclusions are
also confirmed by the results of [3]. In it, the authors concluded that
the autoencoder approach is practical for quality control. However,
they also noted that additional tools are needed to clearly distinguish
anomalous areas. It follows that minimizing only the standard error
of reconstruction is not enough to clearly detect small defects. Thus,
these limitations gave impetus to the spread of hybrid schemes. In them,
a neural network forms features, and an external single-class classifier
makes a decision about the presence of an anomaly. In [4], the authors
compared the use of single-class methods in industrial tasks. One-Class
SVM is considered as one of the basic tools for anomaly detection there.
But its result is not stable. Much depends on what features are fed to
it as input, what parameters of the model are used and under what
conditions it is used.

A scheme that uses a combination of a convolutional autoencoder
with a single-class classification [5] can improve the detection of defects
in industrial images. However, the problem of two separate stages re-
mains. The model first forms the features, and then another algorithm
makes the decision. Because of this, the quality of the entire approach
strongly depends on how successful the feature space turned out.

In [6], the authors showed that for single-class models it is very
important not only to have well-described normal features, but also
to clearly separate anomalous features from them.

In 7, 8], modern deep learning approaches for anomaly detection
were reviewed. They showed that the main difficulties
are associated with a small number of defective exam-
ples, class imbalance and the difficulty of finding small

l

sample and class imbalance, relevant for visual monitoring systems
of IT infrastructure and telecommunications equipment, in par-
ticular, the recognition of microcracks on printed circuit boards,
corrosion on base station antennas, or damage to fiber»optic com-
munication lines.

The aim of research is to determine the possibility of the end-to-end
Hybrid AWRED architecture to provide higher efficiency in detecting
visual anomalies with a shortage of training data compared to the clas-
sical CNN + One-Class SVM ensemble, which will allow to justify the
feasibility of its use in automated visual control systems with limited
training resources.

To achieve the aim, the following objectives were solved:

1) to analyze the limitations of the two-stage approach to anomaly
detection at different sample scales;

2) to apply the end-to-end Hybrid AWRED v4 architecture with
dynamic error weighting without involving an external metric classifier;

3) to experimentally evaluate the quality of ranking and localization
of defects on samples of different sizes and compare the results with the
basic CNN + One-Class SVM scheme.

2. Materials and Methods

2.1. Methodology, architecture and mathematical apparatus of
Hybrid AWRED

The basis of the proposed visual inspection system was a symmetric
neural network architecture of the encoder and decoder. This architec-
ture sequentially compressed the input image into the latent space, and
then recovered it. In classical two-stage schemes, the latent features were
then transferred to the external SVM classifier (Fig. 1).

defects. To improve the results, training with a small
number of samples, self-supervised learning, weak su-
pervision and reasoning are used, but the quality of the

Encoder level 1,
initial compression

Latent space,
hidden features

model still largely depends on the formed feature space. l ¥

Continuing the analysis of modern research, it can Decoder level 3, Outer SVM classifier,
be said that the limitation of reconstructive and two- Encoder level 2_’ initial recovery hidden feature
stage single-class approaches is based on a high depen- further compression l classification
dence on the quality of the latent feature space. l

An additional problem is that optimization by the Decoder level 2,
standard mean square error can weaken the local con- Encoderlevel 3, 1 | further recovery iy
trast of defects, as a result of which the boundaries of compact representation CPec.lglOItl‘/
anomalous areas in heat maps become less distinct. l assihication

One way to overcome these limitations is to move to
end-to-end architectures, in which the anomaly ranking
mechanism is built directly into the loss function. The
theoretical basis of this approach is the step-by-step learn-
ing mode. In [9] it is shown that learning according to the
principle of gradual complication contributes to better
convergence and stability of optimization, but in itself
does not specify a specialized mechanism of anomalous
ranking. Therefore, for the defect detection problem, it is
advisable to combine step-by-step learning with adaptive
error weighting directly in the loss function.

This approach is implemented in Hybrid AWRED. This paper consid-
ers the fourth modification of the method, which implements the mecha-
nism of dynamic error weighting within the step-by-step learning mode.
The new configuration is aimed at reducing the dependence on the external
classifier and transferring the decision-making to the reconstruction error
space. This made it possible to focus training on the largest deviations and
implement end-to-end ranking of anomalies on microsamples.

The object of research in this paper was the process of detect-
ing visual anomalies in images under conditions of reduced training

Decoder level 1,
parts recovery

Recovered
image

Fig. 1. Structural diagram of a visual inspection system based on a symmetric

encoder-decoder architecture

This step was not used in the research. The reason was that the
latent space was formed unstable on small samples, and this worsened
the further separation of normal and abnormal samples. Therefore, in
the developed end-to-end architecture, anomaly detection was per-
formed directly in the reconstruction error space.

To reduce the effect of spatial averaging and not lose local defect
features, the proposed model (Hybrid AWRED v4) used a soft clip-
ping mechanism. The basic mathematical apparatus of this mechanism
evolved from previous versions of the architecture. In particular, in pre-
vious researches by the authors [10-12], early versions of the method
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were considered, where the logistic function played an auxiliary role
and was used mainly for filtering visual noise before the spatial cluster-
ing stage or external threshold clipping.

In this work (version v4), its role was changed. Here, it was directly
included in the decision-making scheme and was used as an element of
end-to-end anomaly ranking. This made it possible to abandon SVM
at the final stage of classification (Fig. 2).

( Start )
v

Dynamic error weighting
/ Input image / > and soft clipping
Hybrid AWRED v4
Encoder: Image l
feature compression Calculation of integral
l anomaly score
S
Latent space

!

Decoder: Image

S > Threshold 1 ?

In the context of end-to-end classification under data scarcity,
the learning process was divided into three functional stages:

1. Structural absorption phase (¢ < T,,q): G(f) = 0, sample weight
w;~ 1. In conditions where the sample size is significantly limited, the
network learned the basic topology of the object without applying
penalties. This prevented the degradation of the optimization process
and false exclusion of complex features.

2. Selective divergence phase (Tyyam < t < Tyapp)-
The linear increase in the penalty G(7) initiated a smooth
stratification of the error space. In this case, the model
formed a metric interval between the norm and anoma-
lies (¢;> Q,), minimizing the influence of the latter on the
update of the weights.

3. Final ranking phase (¢ > Tp). In this phase,
the maximum penalty Gy, was applied. The weight
coeflicient of defective areas was leveled (w; — 0). The
autoencoder fully performed the function of a metric
classifier and the model generated high-contrast maps
of deviations, which allowed calculating the integral
score (Anomaly Score) without involving external algo-
rithms (in particular, SVM).

The final anomaly score (Anomaly Score) S for
the test image was calculated as the aggregated sum of
l deviations

reconstruction
l Yes No
Calculatllon of || Anomaly /
reconstruction error
Defect

/ / Normal / / S(X):il(ei>rh,ﬂ)«ei,
Legitimate relationship i=l

®)

End

Fig. 2. Block diagram of the end-to-end architecture for visual anomaly detection

The general loss function was as follows

mel(at):L Q,f)"'l 0

reg

g (1)

AWRED (

where A, - the L2-regularization coefficient, and the objective func-
tion of the proposed algorithm was calculated as the weighted sum of
spatial deviations

1 o~
L ymep (O’t) :EZW,. (t) “X; _X[z.

i=1

)

The weight wi(f) was calculated through the differentiable logistic
function

- 1+exp(G(t)~(€l —Qq)),

where ¢; - the current reconstruction error; Q, - the empirical quantile
of the level g1

The strategy for preventing overfitting on microsamples was imple-
mented through a dynamic regularization schedule that defines the
penalty steepness parameter G(t) and is based on the idea of curriculum
learning [9]:

©)

w (1)

0, (<T,
varm
(*(t) — C . = warm <t<T (4)
7 ) Ymax T ’ warm = Tramp’
ramp warm
G t>T

max’ ramp*

where I(-) - the indicator function, 7, — the threshold
that cut off the normal reconstruction noise.

This approach reduced the multidimensional opti-
mization problem to a unidimensional ranking, which
eliminated the dependence on SVM.

2.2. Methodology and conditions of experiments

The research materials were open sets of visual data, which were
used to test the models performance under conditions of limited train-
ing resources. The data source was the Caltech-101 set, freely available
on the Kaggle platform [13].

The assessment of the stability of the models was carried out on
three sets of visual data with spatial defects: set A (base scale, airplanes,
N = 800), set B (limited sample, chandelier, N = 107) and set C (mic-
rosample, bass, N = 54). 8-fold independent testing was used to ensure
statistical significance. The training of the neural network part of the model
was carried out using the Adam optimizer. [14] was used as a methodologj-
cal source on modern approaches to optimizing deep learning models.

The choice of methods was determined by the aim of research,
which was to evaluate the effectiveness of the end-to-end Hybrid
AWRED architecture in conditions of a shortage of training data and
its comparison with the basic CNN + One-Class SVM scheme.

Several methods were used in the research. Their choice depended
on how strong the class imbalance was and how small the number of
reference data was. It was important to check how the model works in
conditions of a limited sample.

First, the architectures were compared. For this, Hybrid AWRED
was compared with the basic CNN + One-Class SVM scheme. In Hybrid
AWRED, ranking was included directly in the training process, while in
the CNN + One-Class SVM scheme, features were first formed separately
and then the decision was made by an external classifier. Such a compari-
son made it possible to assess how both approaches remain stable with a
small amount of data. The evaluation conditions for them were the same.

Additionally, local density estimation based on k-nearest neigh-
bors was used. This made it possible to refine the description of the
feature space. With a small amount of data, conventional distances do
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not always reflect the placement of samples well. Therefore, the local
environment of each example was taken into account separately. This
helped to more accurately separate normal samples from abnormal ones.

The hyperparameters g and Gy, were tuned using Bayesian
optimization [15]. A complete search for parameters in such a problem
would be too expensive. Bayesian optimization allowed to reduce the
number of runs.

One-Class SVM was used as the basic reference approach. Its in-
clusion in the comparison was appropriate, because this method was
widely used in unsupervised anomaly detection problems. In such
a formulation, the model is trained only on normal samples. Then, the
normal class boundary was formed on their basis.

For quantitative analysis of the results, one overall accuracy was not
enough. Due to the strong imbalance of classes, it could look high even
when some of the defects remained undetected. Therefore, the result
was evaluated by several indicators. AUC-ROC and Average Precision
were used to assess the quality of the ranking. They allowed to see how
well the model separated defective samples from normal ones even
before choosing a specific threshold. After choosing a threshold, Recall,
Precision, and FI1-Score were additionally analyzed. Recall showed what
fraction of real defects the model found. Precision showed how reliable
the positive responses were. FI1-Score reconciled these two estimates.

The Matthews correlation coefficient MCC [16] was calculated
separately. It was useful for class imbalance because it took into account
all elements of the error matrix. All indicators were calculated using
standard formulas.

Numerical metrics show the overall result, but do not explain where
exactly the model finds the defect. Therefore, t-SNE was used to analyze
the latent feature space. Heat maps of the reconstruction error were also
constructed. They made it possible to check whether the model responds
to defect areas, and not to random background artifacts.

MATLAB R2025a from MathWorks, USA, was used for the ex-
periments. Deep Learning Toolbox was used to build and train CNN
architectures. Statistics and Machine Learning Toolbox was used for
One-Class SVM, Bayesian optimization, and metric calculation.

3. Results and Discussion

3.1. Analysis of the limitations of the two-stage approach to
anomaly detection at different sample scales

The results of the basic CNN + One-Class SVM scheme and the
end-to-end Hybrid AWRED architecture were compared on samples of
different sizes. To study anomaly detection, three data scarcity scenarios
were created. This made it possible to reproduce different levels of avail-
ability of reference samples in production conditions. The obtained
data were: sufficient volume (N = 800), limited sample (N = 107) and
critical microsample (N = 54). Such a comparison allowed to trace how
the stability of the models changed when the training set was reduced.
Table 1 shows the averaged results of 8-fold testing on six main metrics
for the three scenarios considered.

The data in Table 1 showed that for a sample size of N = 800,
the CNN + AWRED architecture had higher values for the Preci-

sion (0.891 vs. 0.832), F1-Score (0.509 vs. 0.475) and MCC (0391 vs.0.332)
metrics compared to the baseline architecture. This indicated a more
balanced model performance when the data in quantitative terms was suf-
ficient for stable training. At the same time, the AUC-ROC of the baseline
approach remained slightly higher (0.881 vs. 0.875).

For a limited sample size of N = 107, the ratio of results changed. In
this mode, CNN + AWRED outperformed CNN + SVM in terms of the
integral metrics AUC-ROC (0.803 vs. 0.728) and AP (0.702 vs. 0.647).
This meant that with a smaller amount of training data, the model
was better at distinguishing abnormal samples relative to normal ones.
However, there was no advantage over CNN + SVM in this scenario in
terms of Recall, Precision, F1-Score and MCC metrics (Table 1).

For the microsample at N = 54, both architectures showed the
same values in terms of Recall, Precision, F1-Score and MCC met-
rics. However, the baseline model remained slightly better in terms
of AUC-ROC and AP. The results shown are 0.713 vs. 0.692 and
0.542 vs. 0.513, respectively. Thus, this result can be considered as an
empirical limit for both approaches. This amount of data did not pro-
vide the models with enough information to support the stable forma-
tion of a norm representation.

These results showed that with a decrease in the amount of training
data, the two-stage approach gradually lost its stability. For the sample
at N = 800, the baseline scheme still maintained acceptable quality.
At the same time, for N = 107, its integral indicators were already no-
ticeably decreasing, and for the sample N = 54, both approaches actu-
ally reached the limit of efficiency. This confirmed the fact that the lack
of a sufficient amount of data is a decisive factor for classical schemes
with an external classifier.

3.2. Application of Hybrid AWRED v4 with dynamic error
weighting without an external metric classifier

The Hybrid AWRED v4 architecture was evaluated not only by the
final metrics. The model training process and the nature of its spatial
response were analyzed separately. At the same time, both the dynam-
ics of the loss function, t-SNE visualization, and heat maps of the re-
construction error were considered. Such an analysis was necessary
in order to show how the model worked without an external metric
classifier. And also whether its response was really concentrated in the
zones of anomalies.

The adaptation of the model was accompanied by modification of the
parameters in the loss space (Fig. 3). At the same time, the evaluation of
the optimization dynamics showed that thanks to the weighting mecha-
nism, Hybrid AWRED reached the convergence criterion faster than the
base architecture — at approximately the 67" epoch versus the 75" epoch.
This can be noted as a sign of faster adaptation to the data structure.
Although this does not mean an advantage in all quality metrics.

In Fig. 4 [17], t-SNE visualization showed that in the latent space,
normal samples formed a more compact region. Anomaly points were
located more isolated. This was consistent with the better AUC-ROC
and AP values for the N = 107 scenario. There, AWRED had a higher
ranking quality. However, it should be noted that +-SNE was used as an
auxiliary interpretation tool in this work.

Comprehensive defect detection efficiency at different sample scales (mean + Std) feblet

Sampling Method AUC-ROC AP Recall Precision F1-Score MCC
N = 800 CNN + SVM 0.881 £ 0.034 0.818 +0.055 0.333 £0.031 0.832+£0.076 0.475 £ 0.044 0.332£0.076
CNN + AWRED 0.875 +0.038 0.840 £ 0.050 0.356 £0.028 0.891 +£0.071 0.509 £ 0.040 0.391+£0.071
N=107 CNN + SVM 0.728 £ 0.106 0.647 £0.103 0.284 £ 0.076 0.781 +£0.209 0.417 £0.111 0.265 £0.197
CNN + AWRED 0.803 + 0.081 0.702 £ 0.099 0.273 £ 0.084 0.750 £ 0.231 0.400 £0.123 0.236+£0.218
CNN + SVM 0.713 £0.097 0.542 £ 0.054 0.300 £ 0.107 0.750 £ 0.267 0.429 £0.153 0.280 +£0.253
=54 CNN + AWRED 0.692 +0.099 0.513 £ 0.080 0.300 £ 0.107 0.750 £ 0.267 0.429 £0.153 0.280 +£0.253
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Fig. 3. 3D learning trajectory of Hybrid AWRED architecture
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The analysis of the heat maps in Fig. 5 showed that for Hy-
brid AWRED the response zones in the defect region were more
pronounced than for the base architecture. This suggested that the
dynamic error weighting helped the model to better focus on local
deviations. However, these conclusions regarding spatial localization
are mostly qualitative in nature.

Visual analysis showed results that were consistent with nu-
merical metrics. Thus, it indicated the feasibility of switching
to an end-to-end architecture in conditions of limited data. How-
ever, it should be borne in mind that the obtained localization
advantages were preliminary and therefore required further quan-
titative verification.

The use of Hybrid AWRED v4 showed that the dynamic error
weighting mechanism can be integrated directly into the training
process. This made it possible to abandon the external metric classi-
fier and maintain the performance of the model even in the absence
of sufficient data.

3.3. Experimental evaluation of defect ranking and localiza-
tion and comparison with CNN + SVM

The advantage of Hybrid AWRED was most noticeable in the
quality of anomaly ranking with a limited training resource. Unlike
the basic CNN + One-Class SVM scheme, in this architecture the
anomaly estimate was formed directly in the reconstruction error
space, without a separate external classifier. This is especially impor-
tant when the training sample size is no longer sufficient for stable
formation of the latent representation.

With sufficient data, Hybrid AWRED gave a more balanced re-
sult at the final solution level. When the sample size was reduced, the
advantage of the proposed method shifted towards integral metrics.
That is, in the data deficit mode (N = 107), the model better retained
the ability to separate anomalous samples from normal ones by the
anomaly score, even if this was not accompanied by an advantage in
all threshold indicators at the same time.

To clearly present these results, Fig. 4 shows a generalized
visualization of the experimental comparison of models.

The panels in Fig. 6, a, b show the change in the integral met-
rics AUC-ROC and AP when the sample size is reduced.

The panels in Fig. 6, ¢, d detail the behavior of the models for
the transitional sample N = 107 through PR curves and the distri-
bution of anomaly scores.

Hybrid HM

Fig. 5. Comparative analysis of defect localization heat maps
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a — AUC-ROC degradation; b — AP degradation; ¢ — comparative PR curves for N =

Such visualization complemented the numerical results given
in Table 1. It was clearly seen that Hybrid AWRED gave a more distinct
spatial separation of defective areas on heat maps. In general, the results
gave grounds to consider Hybrid AWRED as a promising approach for
detecting visual defects with a shortage of training data, although for
micro-samples (N = 54) an approach to the efficiency limit was observed.

3.4. Discussion of the obtained results

The results obtained during the experiments required a compre-
hensive discussion to determine their place in the general problems of
computer vision. The transition of the advantage from threshold met-
rics (N = 800) to integral indicators of AUC-ROC and AP (N = 107),
which is given in Table 1 and illustrated in Fig. 6, a, b, indicated that under
data scarcity conditions, end-to-end ranking turned out to be more stable
than the two-stage scheme. In the classical CNN + SVM model, the latent
space on small samples degraded, which led to errors of the external clas-
sifier. Its rejection in favor of the Hybrid AWRED loss function allowed
to preserve the quality of sorting (ranking) of normal and abnormal
samples. However, the alignment of the indicators of both models on
the sample N = 54, which is also visible from the data in Table 1 and
Fig. 6, a, b, means that under critical data scarcity, the neural network
lost the ability to learn even the basic structural regularities of the norm.

A distinctive feature of the proposed approach was the shift of de-
cision-making from the latent feature space directly to the reconstruc-
tion error space using dynamic weighting and an adaptive threshold.
This allowed to obtain a double effect: acceleration of model conver-
gence (67 epochs versus 75 in the base model, Fig. 3) and generation of
visually more contrasting and clear zones of response to defects on heat
maps without using additional clustering methods (Fig. 5).

107; d - distribution of AWRED anomaly scores

However, the research had certain limitations. First, the architec-
ture demonstrated reaching the limit of its efficiency on microsamples
of about 50 images, after which the recognition quality significantly
degraded regardless of the selected loss function, which was confirmed
by the results of Table 1 and Fig. 6, a, b. Secondly, the conclusions re-
garding the improvement of spatial localization of defects in this work
were based mainly on qualitative visual analysis of heat maps (Fig. 5),
without involving quantitative pixel segmentation metrics (such as
Intersection over Union).

Further development of the research should be focused on two direc-
tions. The first is the combination of the end-to-end Hybrid AWRED ar-
chitecture with generative methods (e. g., diffusion models) for synthetic
expansion of microsamples, which will allow overcoming the efficiency
barrier at N = 54, identified by the results of Table 1 and Fig. 6, a, b. The
second is the implementation of metrics for quantitative assessment of
spatial localization of defects, which will allow mathematically confirming
the visual contrast of the created heat maps, shown in Fig. 5.

4. Conclusions

1. The limitations of the two-stage approach to anomaly detection
at different sample scales were analyzed. As the amount of training data
decreased, the classical CNN + One-Class SVM scheme worked less
stably. For a sample of N = 800, it still gave an acceptable result, but
already at N = 107 the integral indicators decreased noticeably. For
N = 54, both approaches actually reached the limit of their capabilities.
This meant that in conditions of data scarcity, the two-stage scheme
became unstable, since the quality of the latent representation and
subsequent separation already strongly depended on the sample size.
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2. The research used the end-to-end Hybrid AWRED v4 archi-
tecture with dynamic error weighting without the involvement of an
external metric classifier. During training, the difference was notice-
able already in the number of epochs. Hybrid AWRED v4 reached
convergence at approximately the 67t epoch, the basic configuration -
at approximately the 75" This fact in itself does not mean the com-
plete superiority of the model, but for a small sample it is indicative.
In this variant, a separate metric classifier was not added after the CNN
features. One-Class SVM remained only in the basic scheme for com-
parison. The anomaly was taken from the reconstruction error, and
not from a separate boundary in the feature space. That is, it was deter-
mined by how much the reconstructed image differed from the input
one. If the reconstruction error was larger, the sample received a higher
anomaly score. This did not simplify the task, but it reduced the num-
ber of intermediate stages where instability could appear with a small
sample. On ¢-SNE visualization, the anomalous points were separated
more noticeably, although such visualization cannot be considered an
independent proof of quality. Heat maps gave a more practical sign:
in the areas of defects, the response was more contrasting. Therefore,
the effect of dynamic error weighting was manifested not only in the
metrics. But it should not be exaggerated: in this case, it is primarily
about better localization of problem areas, and not about completely
eliminating the limitations of a small sample.

3. Comparison with CNN + One-Class SVM showed that
the result of Hybrid AWRED depended on the size of the train-
ing sample. For N = 800, the CNN + AWRED model had bet-
ter values Precision = 0.891 vs. 0.832, F1-Score = 0.509 vs. 0.475 and
MCC = 0.391 vs. 0.332. But for AUC-ROC, the basic scheme remained
slightly higher: 0.881 vs. 0.875. Therefore, for this sample, it is not possible
to speak about the complete superiority of Hybrid AWRED in all indica-
tors. Rather, this indicates a better balance after choosing the threshold.

For N = 107, Hybrid AWRED was already better in terms of in-
tegral metrics: AUC-ROC = 0.803 vs. 0.728 and AP = 0.702 vs. 0.647.
Here, the quality of anomaly ranking was better preserved with a lim-
ited training resource. For a micro-sample of N = 54, both architec-
tures gave the same Recall, Precision, F1-Score, and MCC values, but for
AUC-ROC = 0.692 and AP = 0.513, Hybrid AWRED was already slightly
inferior to the base model, in which these values were 0.713 and 0.542.
Therefore, Hybrid AWRED can be considered a promising approach
for detecting visual anomalies with a shortage of training data. For very
small samples, however, the approach to the efficiency limit was already
noticeable, and without data expansion or additional training support,
further improving the quality turned out to be a difficult task.
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