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ABSTRACT

This article addresses the problem of class imbalance, which remains one of the key limitations in building image recognition
systems in computer vision applications. The imbalance between classes, in which some categories are represented by thousands of
samples while others contain only a few dozen, leads to a systematic bias of models towards dominant classes and to poor
recognition of rare categories, which is unacceptable in a clinical context. Generative models have become a common instrument for
addressing this problem, and diffusion models in particular now offer a more stable and higher-quality alternative to generative-
adversarial networks. However, one component of such pipelines has received considerably less attention than the generative part
itself: the criteria that decide how a limited number of synthetic images should be distributed among classes. Existing approaches
derive this decision from the accuracy of the classifier measured on a single epoch, which is unreliable for classes represented by a
few dozen samples and carries no information about which classes the errors are directed to. The article proposes improved adaptive
class-balancing criteria that address both shortcomings. The first component is an exponentially smoothed estimate of per-class
accuracy, which preserves sensitivity to persistent weakness of a class while suppressing fluctuations caused by measurement on very
few samples. The second component is an error-concentration term derived from the confusion matrix, which distinguishes a class
whose errors are directed almost entirely at one neighbouring category from a class whose errors are spread across many, and adjusts
its share of generated images accordingly. The proposed criteria were evaluated on the HAM10000 dataset, which contains over 10
000 dermatoscopic images of seven classes with an imbalance ratio of 58:1, using a class-conditional diffusion model as the
generator and a single shared pool of synthetic images, so that the criteria could be isolated from every other factor. The results
demonstrate that the proposed criteria improve balanced accuracy, macro-averaged F1-score and the Matthews correlation coefficient
compared with the accuracy-based criterion, with the improvement concentrated on the smallest classes and the recognition of the
dominant class left unchanged. The variability of the per-class allocation across update points is reduced by 63% on average and by
95% for the vascular lesion class, which confirms directly the instability of accuracy-based criteria. The results obtained show that
the way synthetic data is distributed among classes affects the outcome more than the fact of its addition, and that careful design of
the allocation criteria can compensate for a substantial part of the computational budget normally spent on generation.
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Introduction. Image classification is one of the most widely used tasks in modern computer
vision. It is applied in medical diagnostics, industrial quality control, agriculture, and remote
sensing. The performance of deep learning models on this task depends heavily on having enough
labeled data, spread evenly across all target classes.

In practice, this condition is rarely met. Many real-world datasets are strongly imbalanced: a
small number of classes holds most of the available samples, while other classes — often the most
important ones in practice, such as rare disease types or uncommon defect categories — have very
few. Classifiers trained on such data become biased toward the larger classes. They reach high
overall accuracy, but this number is misleading, because the models perform poorly on exactly the
classes that matter most.

To solve this problem, researchers increasingly use generative models to create synthetic
samples for the smaller classes. Generative adversarial networks were the main tool for this task for
a long time, but diffusion models have recently become a more stable alternative that produces
higher-quality images, and they are now actively used for class-imbalance correction.

One part of such pipelines has received little attention: the criteria that decide how many
synthetic samples each class should receive. Existing methods usually base this decision on the
classifier's accuracy for each class, recalculated after every training epoch. This idea is simple
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and reasonable, but it has two weaknesses. First, for classes with only a few dozen samples, a
single-epoch accuracy value changes a lot from one epoch to the next. Second, accuracy alone says
nothing about how the errors of a class are spread across the other classes.

The goal of this study is to find out whether improving these allocation criteria — by making the
accuracy signal more stable over time and by adding information about how a class's errors are
distributed — increases the effectiveness of diffusion-based class balancing, while the generative
model itself stays unchanged.

The research question is therefore: how much does the choice of adaptive sampling criteria
affect class-balancing effectiveness and the final classification performance on strongly imbalanced
image datasets.

The purpose of the study. The purpose of this study is to improve the criteria that govern the
allocation of synthetic images among classes in diffusion-based balancing pipelines, so that the
allocation remains stable for classes represented by a small number of samples and takes into
account the distribution of the classifier errors. To achieve this purpose, the following tasks are
addressed: to formalise an allocation criterion that combines a smoothed accuracy estimate with an
error-concentration term; to implement the criterion within a class-conditional diffusion pipeline;
and to evaluate it experimentally against the existing accuracy-based criterion under identical
conditions.

Analysis of recent research. Class imbalance is a long-standing obstacle to reliable image
classification, because standard classifiers fit the larger classes well and the smaller ones poorly.
Recent surveys give a broad overview of how the field addresses this: [1] reviews deep long-tailed
learning and groups existing methods into class re-balancing, information augmentation and module
improvement, [2] focuses specifically on class imbalance in computer vision tasks, and [3]
examines how far deep learning itself has actually solved the problem. Common solutions work
either at the data level, by resampling the training set, or at the loss level, by re-weighting the
contribution of each class, but both have limits when a class has only a few dozen samples.

A different data-level strategy is generative oversampling: instead of copying or interpolating
existing samples of a small class, a generative model creates new ones. Generative adversarial
networks were the standard tool for this task for several years [4], but their adversarial training is
unstable and prone to mode collapse, which hurts exactly those classes that already have few
samples. Diffusion models offer a more stable alternative, and their rapid growth in computer vision
and in medical imaging is documented in [5] and [6]. Later work made sampling much faster [7]
and improved the training objective [8], while classifier guidance [9] and classifier-free guidance
[10] made it possible to control which class is generated. Latent diffusion [11] reduced the cost of
producing high-resolution images, and diffusion models have also been shown to work well as a
general-purpose data augmentation tool [12].

Several recent studies adapt diffusion models directly to imbalanced data. Class-Balancing
Diffusion Models [13] adjust the conditional transfer probability during sampling so that the
generator itself is less biased toward the larger classes. Bias-aware prior adjusting [14] instead gives
each class its own noise-sampling prior during training, to counter the accumulation effect that
favours head classes. The Anisotropic Diffusion Probabilistic Model [15] sets the forward-process
noise level per class using error-analysis theory and reports gains on several imbalanced image
benchmarks. Overlap optimization [16] reduces the feature-space overlap between large and small
classes during training.

In medical image classification, the Iterative Online Image Synthesis framework [17] combines
classifier-guided generation with an accuracy-adaptive sampling module: the share of synthetic
images given to each class is proportional to one minus that class's accuracy, recalculated after
every training epoch. Other studies combine diffusion generation with multi-scale feature fusion
[18], prompt-driven joint image and mask synthesis [19], and detail-preserving augmentation for
skin images [20].

In almost all of this work, the criteria that decide how many synthetic samples each class
receives are taken for granted. They are usually based either on a fixed class frequency or on the
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accuracy from a single epoch. Neither option accounts for how unstable such an accuracy estimate
is when a class has only a few dozen samples, and neither uses information about which classes the
errors go to. This gap is the starting point of the present study.

Proposed method. This paper proposes a method for balancing imbalanced image datasets that
combines a class-conditional diffusion model with improved adaptive class-balancing criteria. The
central idea is that the effectiveness of generative balancing depends not only on the quality of the
synthetic images, but also on the rule that decides how the limited number of generated images is
divided between the classes. The proposed method consists of three components: class-conditional
synthetic image generation, improved criteria for estimating how much each class needs additional
data, and the distribution of the generated images according to these criteria. The second component
is the main contribution of this work, because it replaces a noisy single-epoch accuracy signal with
a stable estimate that also takes into account how the errors of a class are distributed across the
other classes.

Synthetic image generation. Synthetic images are produced by a class-conditional denoising
diffusion model trained once on the training part of the dataset. The network is a U-Net with three
resolution levels (64, 32 and 16 pixels) with 64, 128 and 128 channels, two residual blocks at each
level and a self-attention block at the lowest resolution, which gives approximately 5.1 million
parameters. The timestep is encoded with a sinusoidal embedding, and the class label is encoded
with a learned embedding that is added to the timestep embedding and passed to every residual
block. The model is trained to predict the noise added to an image, with the mean squared error
between the predicted and the true noise as the loss function and a cosine noise schedule over 1 000
steps. During training the class label is replaced with an empty label with a probability of 10%, so
that the same network learns both a conditional and an unconditional prediction. At sampling time,
an image of the chosen class is generated with 30 deterministic DDIM steps, and classifier-free
guidance with a scale of 2.0 combines the two predictions to strengthen the correspondence to the
target class; no external classifier is used during generation. Training images are downscaled to
64x64 pixels with random horizontal flipping, and the model is optimised with AdamW at a
learning rate of 2-107* and a batch size of 128 for 60 epochs. The generative part is kept identical in
all configurations considered below, so that any change in the final result can be attributed to the
balancing criteria and not to the generator. Improved adaptive class-balancing criteria.

The classifier is evaluated on a validation subset at fixed evaluation points t.

For a problem with K classes, the accuracy of class k at such a point is:

ak(t) = M, (1)
ng
where TP, (t) is the number of correctly recognised validation samples of class k and n,, is the total
number of validation samples of that class. A widely used adaptive weight is obtained directly from
this value:
wietS(1) =1 - a, (1), (2)

so that a class recognised worse receives a larger share of the generated images. For classes
represented by only a few dozen samples this weight is unreliable, because the accuracy is
computed on very few samples and changes strongly between neighbouring evaluation points.

To remove this instability, the raw accuracy is replaced by an exponentially smoothed estimate:

si(t) =yse(t —1) + (1 = y)a,(t), (3)

where y € (0,1) is a memory coefficient and the estimate is initialised as s, (0) = a;(0). Larger
values of y give a slower and more stable signal, smaller values follow the recent behaviour of the
classifier more closely but keep more of its noise.

The second improvement uses information that accuracy alone does not contain, namely the
direction of the errors. Let C,;(t) be the number of validation samples of class k that are assigned

to class ;.
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The total number of errors of the class and the largest number of errors falling on one single
other class are:

Xt (t) = Xjex Cij (0, 4)
i X (t) = max;,yCy; (1), ®)
and their ratio defines the concentration of the errors:
O] (6)
rk (t) c}(ot(t) "

A value of . (t) close to 1 means that the class is confused almost only with one similar class,
which is usually a local problem of two neighbouring categories. A low value means that the errors
are spread over many classes, which indicates a weaker representation of the class as a whole and a
stronger need for additional data.

The two parts are combined into the final criteria:

we() = (1= 5.0) (1+2(1 = (1)), (7)

where A1 > 0 controls the influence of the second term. With A = 0 the criteria reduce to a smoothed
accuracy rule, and if in addition the smoothing is disabled the expression becomes identical to (2),
which allows the schemes to be compared under otherwise equal conditions.

Distribution of synthetic images between classes.

The weights are normalised over all classes, and a fixed total number of synthetic images N is
distributed proportionally to them:

Ni (t) = round (N W"—(t)) (8)

T wi(t)
where rounding is applied to obtain integer counts, so that:

The generated images are added to the training set, the classifier is trained further on the
updated data, and at the next evaluation point the criteria are recomputed from the new accuracy
and confusion values.

Algorithm of the proposed method. The proposed approach is implemented as a cyclic multi-
stage process, in which generation and training are not separated but alternate with each other. The
algorithm is built so that the decision about the amount of additional data for every class is made
from the current behaviour of the classifier, and not fixed in advance from the initial class sizes.

At the first stage, the initial dataset is analysed and divided into a training, a validation and a
test part, and the class-conditional diffusion model is trained on the training part. In parallel, a
classifier is trained on the same original data; it provides the accuracy and confusion values from
which the criteria are computed and does not take part in the generation.

At the second stage, the classifier is evaluated on the validation part. For every class, the
accuracy from (1) and the confusion counts are obtained, the smoothed estimate (3) is updated, and
the concentration of the errors (6) is calculated. At the first evaluation point the smoothed value is
equal to the measured accuracy, so the criteria start from the real state of the model.

At the third stage, the weights (7) are computed for all classes and normalised, and the number
of images to be generated for each class is obtained from (8). Classes that are recognised poorly
and, at the same time, are confused with many different classes receive the largest share, while a
class that is confused mostly with one neighbouring class receives less, because for it the problem is
more likely to be the similarity of two categories than the lack of data.

At the fourth stage, the diffusion model generates the required number of images for each class
under the guidance of the classifier, and the generated images are added to the training set. The
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classifier is then trained further on this extended set until the next evaluation point, after which the
process returns to the second stage.

The cycle is repeated until all N synthetic images are generated or the training limit is reached,
after which the final model is evaluated on the test part, which is not used at any earlier stage. Since
the diffusion model, the total number of synthetic images and the interval between evaluation points
are the same in all compared configurations, the difference between the results reflects only the
balancing criteria.

Experimental setup. All experiments were carried out on the HAM10000 dermatoscopic
dataset, which contains 10 015 images distributed over seven diagnostic classes. The distribution is
strongly skewed: the largest class (melanocytic nevi) holds 6 705 images, while the smallest one
(dermatofibroma) holds only 115, giving an imbalance ratio of roughly 58:1.

The dataset was divided into training, validation and test parts in a 70/10/20 proportion using
sampling stratified by class, which yielded 7 010, 1 001 and 2 004 images respectively. The split
was performed at the level of individual images, following the protocol of the reference framework
[17], so that the class composition of the test part closely matches the one used there and the results
remain comparable with the published values. The same split, fixed by a single random seed, was
used in every configuration. HAMZ10000 contains several images of the same skin lesion, identified
by the lesion_id field, while patient identifiers are not provided; with an image-level split, images of
the same lesion may fall into different parts, which can make the absolute values of the metrics
somewhat optimistic. This effect, however, concerns all configurations in the same way, since they
were trained and evaluated on exactly the same partition, and it is not expected to favour one
allocation criterion over another. An evaluation with a lesion-level split is left for further research.
All images were resized to 256x256 pixels and cached once before training; the classifier receives
224x%224 crops.

ResNet-50 initialised with ImageNet weights was used as the classifier in every configuration.
Training was performed with SGD (momentum 0.9, weight decay 107*) at an initial learning rate of
0.0125, with a batch size of 32 and mixed-precision arithmetic. The learning rate was reduced by a
factor of ten after 30%, 60% and 90% of the training epochs. Geometric augmentation only was
applied: random resized cropping, horizontal and vertical flipping, and rotation within £30°. Each
configuration was trained for 60 epochs, and the checkpoint with the highest macro F1 on the
validation part was selected for the final evaluation on the test part.

Generative model. A compact class-conditional denoising diffusion model was trained to
produce the synthetic images. The network is a U-Net with approximately 5.1 million parameters
operating at a resolution of 64x64, with a cosine noise schedule over 1 000 steps. Class
conditioning was implemented through an embedding added to the timestep embedding, and the
model was trained with 10% label dropout so that classifier-free guidance could be applied at
sampling time. Optimisation used AdamW at a learning rate of 2-10~* with a batch size of 128.

The diffusion model was trained once, on the training part only, and the same trained model
was used in every configuration that involves synthesis. Sampling was performed with 30 DDIM
steps and a guidance scale of 2.0. Rather than generating images repeatedly during classifier
training, a single pool of 900 images per class was produced in advance and shared by all
configurations. This design choice is deliberate: because the generator, the sampling procedure and
the available synthetic images are identical across configurations, any observed difference in the
final result can be attributed to the allocation criteria alone, and not to variation in the generative
process.

The synthetic images serve only as additional training data: all evaluation is carried out
exclusively on real test images, so the usefulness of the synthetic data is assessed directly through
the classification quality on real data. The study does not claim that the generated images are
clinically realistic; at a resolution of 64x64 pixels the generator does not reproduce fine
dermatoscopic structures, and some generated samples deviate in colour from real dermatoscopic
images. Since the same pool of images is used in both synthesis configurations, these limitations
affect them in the same way and do not change the comparison between the allocation criteria. A
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detailed evaluation of the generator, including quality and diversity metrics, per-class analysis and a
check for memorised training images, is left for further research.

Configurations. Three configurations were compared. The first is a baseline in which the
classifier is trained on the original data with cross-entropy loss and no balancing of any kind. The
second applies the accuracy-adaptive criterion, in which the weight of a class is taken directly as
one minus its current accuracy. The third applies the criteria proposed in this work, combining the
exponentially smoothed accuracy estimate of (3) with the error-concentration term of (6), using y =
0.75 and A = 0.5. The set of configurations follows from the research question: the contribution of
this work is a criterion for allocating synthetic images, so it is compared with the existing allocation
criterion under identical conditions — the same generator, the same pool and the same number of
synthetic images. Balancing methods of other types, such as loss re-weighting or resampling, do not
allocate synthetic data and can be combined with any allocation criterion; results for cross-entropy,
focal and class-balanced losses, resampling and GAN-based synthesis under the same data protocol
are reported in the reference work [17]. Classical geometric augmentation is applied in all three
configurations. Since switching off both components of the proposed criteria yields exactly the
accuracy-based criterion, the comparison between the second and third configurations shows the
joint contribution of the two components; a separate evaluation of each component is left for further
research.

The classifier learns from the original data alone during the first ten epochs, after which the
first allocation is computed and synthetic images enter the training set. The short drop at that point
is followed by an immediate recovery, and from the twentieth epoch onwards the validation curve
settles into a narrow band, with the best value of 0.8111 reached at epoch 35. The validation curve
is shown in the Fig. 1.
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Fig. 1. Graph of validation curve
Source: compiled by authors

Quantitative results. The proposed criteria outperform the accuracy-based criterion on every
metric considered: balanced accuracy rises from 0.7810 to 0.7886, macro F1 from 0.8085 to 0.8182,
MCC from 0.7764 to 0.7846, and overall accuracy from 0.8857 to 0.8902. The comparison was
carried out as a paired experiment: all configurations used the same data split, the same random
seed, the same generator and the same pool of synthetic images, so that differences caused by the
data split, the initialisation of the classifier and the generative model are excluded, and the
configurations differ only in the allocation criteria. The improvement is consistent across all four
metrics and is most visible on the minority classes df and bcc, which is the behaviour expected from
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a better allocation of synthetic data. A formal assessment of statistical significance over repeated
runs with different random seeds is planned as further research.

The second observation is just as important. The accuracy-based criterion, applied to the same
generator and the same pool of synthetic images, does not improve on the baseline: its macro F1
(0.8085) and MCC (0.7764) are in fact slightly below the values obtained without any balancing at
all (0.8120 and 0.7776). This means that the gain reported here does not come from adding
synthetic data as such — it comes from the way that data is distributed among the classes. The
generative model, the sampling procedure, the synthetic pool, the total number of injected images,
the update interval, the training schedule and the random seed were the same in both synthesis
configurations, so the difference between them comes from the allocation criteria alone.

Stability of the allocation. The clearest confirmation of the hypothesis stated in the problem
formulation is found in the allocations themselves. Measured as the standard deviation of the per-
class allocation across the five update points, the proposed criteria reduce the variability of the
allocation by 63% on average compared with the accuracy-based criterion. The effect is strongest
exactly where it was expected to matter most, on the smallest classes: for the vascular lesion class
the variability falls by 95% (from 40.4 to 1.9 images), and for dermatofibroma by 74% (from 47.3
to 12.4 images). Under the accuracy-based criterion the allocation for the vascular class moved
between 197, 92, 93, 105 and 97 images at successive update points, while under the proposed
criteria it stayed within a range of five images over the whole training run. The instability described
in the problem formulation is therefore not only a theoretical concern but a measurable property of
the accuracy-based rule, and the exponential smoothing of the accuracy estimate removes it.

Comparison with the reference framework. The accuracy-adaptive sampling module
improved in this work was introduced as part of the 10IS framework [17], which reports results on
the same dataset and with the same three metrics. For its cross-entropy baseline that work reports a
macro F1 of 0.7778, a balanced accuracy of 0.7678 and an MCC of 0.7611, and for its best
configuration, combining online image synthesis with accuracy-adaptive sampling, 0.8197, 0.8150
and 0.8064 respectively.

Several points of comparison stand out. First, the baseline obtained in the present study is much
stronger: a macro F1 of 0.8120 against 0.7778, that is, 3.4 percentage points higher, and an MCC of
0.7776 against 0.7611. A stronger starting point leaves less room for improvement, so any gain
above it is achieved under harder conditions.

Second, the macro F1 of 0.8182 reached by the proposed criteria comes within 0.15 percentage
points of the best value reported for the reference framework, and it is obtained with far fewer
computational resources. The classifier here was trained for 60 epochs against 200 in the reference
work, a schedule shorter by a factor of 3.3. The generative model is a compact network of 5.1
million parameters working at a resolution of 64x64, and it was trained once and reused; the
synthetic images were produced in advance as a single shared pool instead of being regenerated
during training, which removes the repeated sampling cost of online synthesis. The remaining
difference in balanced accuracy and MCC should be read against this much shorter schedule and
smaller generator.

Third, and most relevant to the contribution claimed here, the reference framework does not
examine how stable its allocation is. Its sampling module recomputes the class distribution from
single-epoch accuracy after every epoch, and the effect of doing so on classes represented by a few
dozen samples is not measured. The present study measures this property directly and shows that it
can be improved by a wide margin without changing the generative component at all.

The overall performance of the three configurations on the test part is summarised below, with
the best value of each metric highlighted. The proposed criteria lead on all four measures, while the
accuracy-based criterion stays at the level of the baseline. Following metrics are shown in the
Fig. 2.
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Metric Baseline AAS Proposed
Accuracy 0.8872 0.8857 0.8902
Balanced accuracy 0.7785 0.7810 0.7886
Macro F1 0.8120 0.8085 0.8182
MCC 0.7776 0.7764 0.7846

Fig. 2. Overall performance of the three configurations on the test part
Source: compiled by authors

The row-normalised confusion matrices of the two synthesis configurations show where the
difference between the criteria actually appears. The proposed criteria improve recognition of the
two smallest classes — dermatofibroma rises from 0.59 to 0.68 and basal cell carcinoma from 0.83 to
0.87 — while the recall of the dominant class is left unchanged. The confusion matrix is shown in the
Fig. 3.
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Fig. 3. Confusion matrices for the accuracy adaptive sampling method and the

proposed criteria
Source: compiled by authors

Summary of the results. The experiments show that the way a fixed number of synthetic images
is distributed among classes matters more than the fact of adding them. With the generator, the
synthetic pool and every training setting held constant, replacing the accuracy-based criterion with the
proposed one raised balanced accuracy by 0.76 percentage points, macro F1 by 0.97 and MCC by
0.82, while the accuracy-based criterion by itself stayed at the level of the unbalanced baseline.

The improvement is concentrated on the smallest classes, which is where a balancing method is
expected to act. Alongside this, the proposed criteria made the allocation itself far steadier, reducing
its variability across update points by 63 % on average and by up to 95% for the vascular lesion
class, which confirms directly the weakness of single-epoch accuracy identified in the problem
formulation. These results were obtained with a training schedule 3.3 times shorter and a
considerably smaller generative model than in the reference framework, which suggests that careful
design of the allocation criteria can compensate for a substantial part of the computational budget
usually spent on generation.

Conclusions. This paper addressed the problem of classifying images under severe class
imbalance, focusing on a component of generative balancing pipelines that has received little
attention: the criteria that decide how a limited number of synthetic images should be distributed
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among classes. The generative side of such pipelines has advanced considerably in recent years,
from adversarial networks to diffusion models, and the quality of the images that can now be
synthesised is far higher than it was only a few years ago. The rule that decides how many of those
images each class should receive, however, has remained largely unchanged. Existing approaches
derive this decision from the classifier's accuracy on a single epoch, which is unreliable for classes
represented by a few dozen samples and carries no information about which classes the errors are
directed to. Both shortcomings act most strongly on exactly the categories that a balancing method
is supposed to help.

The main contribution of this work consists of two interrelated modifications of these criteria.
The first is an exponentially smoothed estimate of per-class accuracy, which retains the
responsiveness of the adaptive approach to genuine, persistent weakness of a class while
suppressing the fluctuations that arise when accuracy is measured on very few samples. The
memory coefficient of this estimate controls the trade-off between the two: larger values produce a
slower and steadier signal, smaller values follow recent behaviour more closely but retain more of
its noise. The second modification is an error-concentration term derived from the confusion matrix,
which distinguishes a class whose errors are directed almost entirely at one neighbouring category
from a class whose errors are spread across many, and adjusts its share of synthetic images
accordingly. The distinction matters because the two situations have different causes: errors
concentrated on a single neighbour usually indicate visual similarity between two categories,
whereas errors spread broadly point to a weaker representation of the class as a whole. Both terms
are combined into a single allocation weight, and the resulting criteria reduce exactly to the
accuracy-based rule when the smoothing is disabled and the confusion term is set to zero, which
allows the two schemes to be compared under fully identical conditions.The experimental design
was arranged so that the criteria could be isolated from every other factor. The diffusion model was
trained once and reused, the synthetic images were produced in advance as a single pool shared by
all configurations, and the total number of injected images, the update interval, the training schedule
and the random seed were kept identical. Any difference between the configurations therefore
reflects the allocation criteria and nothing else.

Experimental evaluation on the HAMZ10000 dataset confirmed the effectiveness of the
proposed approach. The proposed criteria improved balanced accuracy from 0.7810 to 0.7886,
macro F1 from 0.8085 to 0.8182 and MCC from 0.7764 to 0.7846 relative to the accuracy-based
criterion, with all four metrics moving in the same direction. The improvement is concentrated on
the smallest classes, while the recall of the dominant class remains unchanged, which is the
behaviour expected of a balancing method rather than of a method that simply shifts the decision
threshold. Notably, the accuracy-based criterion applied to the same generator did not improve on
the unbalanced baseline at all, and on two of the four metrics fell marginally below it. This shows
that the benefit reported here comes from the distribution of synthetic data and not from its addition,
and it suggests that a poorly chosen allocation can cancel out the advantage that synthesis is
expected to bring.
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AHOTAILIA

VY crarti po3misHyTO HpoOieMy He30alaHCOBAHOCTI KJIAciB, sSKa 3aIHIIAECTHCS OJHAM 13 KIIOUYOBHX OOMEXEHB M Yac
MoOYIOBY CHCTEM pO3ITi3HaBaHHS 300pakeHb. He30amaHcoBaHICTE, 3a SIKOI ONHI KaTeropii mpeacTaBieHi THCIYaMHy 3pa3KiB, a iHII
MICTSTH JIMIIE KiTbKA AECATKIB, MPU3BOANTH JI0 CHCTEMAaTHIHOrO 3MIIIEHHS MOJieNiel y OiK TOMIHYIOUHX KJIaciB i JO HU3BKOI SKOCTI
pO3Mi3HABaHHS PIAKICHUX KaTeropii, o € HeNpUIHATHUM y KJIHIYHOMY KOHTeKcTi. ['eHepaTWBHI Mojeni CTaiH IOMIMpPEHHM
IHCTPYMEHTOM pO3B'3aHHA wLi€l mpobiemu, i audysiliHi Mozmesi 30KpeMa HHMHI 3a0e3NedyroTh CTabiibHINIy Ta SKiCHIIIY
aNbTEPHATHBY T'€HEPATHBHO-3MaralibHUM MepexaM. [IpoTe OfHOMY 3 KOMIIOHEHTIB TAKMX KOHBEEPIB MPHUIICHO 3HAYHO MCHIIE
yBard, HiK BJIaCHE T'€HEpaTHBHIM YacTHHI, a caMe KPHUTEpisiM, SKi BU3HAYAIOTh, SIK OOMEXEHY KiIbKICTb CHHTETUYHHX 300pa’keHb
CJTiJI pO3NOIUINTH MIXK KJlacamy. HasiBHI i IX0M BUBOIATE 1€ PIllIeHHS 3 TOYHOCTI KJIacu(ikaTopa, BUMIPSHOI 3a OIHY €IoXY, IO €
HEHaJIHHUM I KJIAcCiB, NMpPEJCTABICHUX KiIbKOMa JIECSATKaMH 3pa3KiB, i He MIiCTHTH iH(poOpMalii mpo Te, 10 SKMX caMme KIaciB
CIPSIMOBaHi MOMWJIKH. Y poOOTi 3aIporOHOBAHO BJIOCKOHAJIEHI KpUTepii afanTUBHOro OamaHCYBaHHS KJIaciB, SIKi yCyBalOTh 0OMIBa
Henomiky. [lepmM KOMITOHEHTOM € eKCIIOHEHIIHO 3TJIaJKeHa OIiHKa TOYHOCTI 3a KilacaMy, sika 30epirae 4yTJIMBICTh JI0 CTIHKOI
crmabKocTi Kilacy Ta BOAHOYAC TPUTHIUYe KOJUBAHHS, CIPUYMHEHI BUMIDIOBAaHHSAM Ha IyXe Maiiil KibkocTi 3paskiB. pyrum
KOMITOHEHTOM € KOHIIEHTpALlis IOMHJIOK, OTPUMaHa 3 MaTPULI HEBIANOBIJHOCTEH, SIKUi BiAPIi3HA€E Ki1ac, OMUIKH SKOTO CIIPIMOBAaH1
MaihKe BUHATKOBO JI0 OZIHI€T CYCiZIHBOI KaTeropii, BiJ KJiacy, IOMIJIKH SIKOTO PO3MO/iIEH] Mixk OararbMa, i BiAMOBIAHO KOPUTye HOro
YacTKy 3TeHEpOBaHHMX 300pakeHb. 3amporOHOBaHI KPHUTEpii OLiHEHO Ha HaOOpi NaHWX, IO MICTUTh TIOHAJA MAECATh THUCTY
JePMAaTOCKOIIYHIX 300pakeHb CeMH KIaciB i3 Koe(illicHTOM He30aJlaHCOBAHOCTI M'ITHECAT BiCIM JO OIHOTO, 3 BHUKOPHCTaHHIM
KJ1acoBO-00yMOBIICHOT An(y3iiHOI MOzieNi K TeHepaTopa Ta €MHOrO CIUIBHOTO MyJly CHHTETHYHHMX 300pa)KeHb, IO JT03BOJIUIIO
BiJJOKPEMHTH BIUIUB KPUTEPIiiB Bil yCIX IHIIMX YMHHUKIB. Pe3ynbTaTé AEMOHCTPYIOTH, IO 3alPOIOHOBAHI KPUTEPIi IiJBUILYIOTH
30anaHcoBaHy TOYHICTh, MakpoycepeaHeny Mipy F1 Ta koegiuieHT kopensiii MeTbio3a HOpIBHSHO 3 KPUTEPiEM Ha OCHOBI TOYHOCTI,
MPUYOMY TOKpALEHHS 30Cepe/KeHe Ha HaMMEHIIMX KiacaX, a PO3Mi3HaBaHHS JOMIHYIOHOrO KJIacy 3ajMIIA€ThC HE3MiHHUM.
MiHJIMBICTh PO3MOALTY 32 KJIacaMH MiXK TOYKaMHU OHOBJICHHS 3MEHIICHO B CEPeIHbOMY Ha IIiCTIECAT TPU BIJICOTKHU, a IS KIacy
CYIMHHHUX ypaK€Hb Ha JEB'SIHOCTO IT'SITh BiJICOTKIB, 110 O€3M0CePeHbO MiATBEPKYE HECTaOUIbHICTh KPUTEPIiB HA OCHOBI TOYHOCTI.
OTpuMaHi pe3yNbTaTh MOKa3ykoTh, IO CIIOCIO PO3MOiy CHHTETHYHUX JaHUX MK KJIacaMH BIUIUBAE HA pe3yabTaT OUIbIIe, HiX caM
(axT 1X 1oAaBaHHsI.

KirouoBi ciioBa: He30anaHCOBaHICTh KiaciB; Audy3iliHi MOJeNi; aqanTHBHI KpUuTepii OanaHCyBaHHS; T€HEepallisi CHHTETUYHUX
JaHUX; PO3Mi3HaBaHH: 300pakeHb
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