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General description of the work
Relevance of the topic
In the twenty-first century, the rapid development of digital technologies, Artificial Intelligence, and

Machine Learning (ML) has significantly influenced the way visual information is processed, analyzed,
and used in decision-making systems. Digital images are now widely used in scientific research, medical
diagnosis, autonomous systems, remote sensing, surveillance, industrial inspection, and many other
applied domains. In these areas, image classification systems are expected not only to recognize visual
objects under ideal conditions, but also to remain reliable when the input data are affected by noise, blur,
compression artifacts, illumination changes, weather eftects, or other forms of degradation.

Deep Convolutional Neural Networks (CNN) have become the dominant approach for image
classification due to their ability to learn hierarchical representations directly from image data. Modern
CNN architectures can achieve high performance on standard benchmark datasets and have become the
basis of many visual recognition systems. However, their strong performance under clean benchmark
conditions does not guarantee reliable behavior in real-world environments. In practice, images may differ
from the training data distribution because of sensor limitations, environmental changes, motion,
compression, or corruption. Under such conditions, CNN classifiers may lose accuracy, become poorly
calibrated, or produce overconfident incorrect predictions. Therefore, robust image classification remains
an important and practically relevant problem.

The relevance of this problem is especially clear in application areas where incorrect visual decisions
may lead to serious consequences. In autonomous driving and driver-assistance systems, camera images
may be affected by rain, fog, snow, low illumination, or motion blur. In medical image analysis,
diagnostic images may contain acquisition noise, low contrast, or scanner-dependent artifacts. In remote
sensing and drone imagery, atmospheric effects, compression, and illumination changes may degrade
visual quality. Similar problems occur in surveillance, traffic monitoring, industrial visual inspection, and
edge-based vision systems. In all these cases, the reliability of image classification depends not only on
clean-data accuracy, but also on robustness under non-ideal visual conditions.

The need for robustness has led to the development of corruption-oriented benchmarks such as
CIFAR-10-C and CIFAR-100-C, where standard image datasets are extended with controlled corruptions.
These benchmarks make it possible to measure how much model performance degrades under different
types of image distortion. Such evaluation is important because it reveals weaknesses that are not visible
when only clean test accuracy is reported. A model that performs well on clean CIFAR-10 or CIFAR-100
may still be sensitive to Gaussian noise, impulse noise, motion blur, contrast changes, pixelation, or JPEG
compression. Thus, robustness-oriented evaluation has become a necessary part of studying the practical
reliability of CNN-based classifiers.

At the same time, improving robustness requires more than simply increasing model size or training
longer. Modern CNNs may learn representations that contain redundant, nuisance, or corruption-sensitive
information. Information-Theoretic tools provide a principled way to analyze and control such
representations. In particular, the Information Bottleneck (IB)! principle and its variational formulation
encourage a model to preserve task-relevant information while compressing irrelevant variability. This

1 Tishby N., Pereira F. C. and Bialek W., “The information bottleneck method”, arXiv:physics/0004057, 1999.
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makes the Variational Information Bottleneck (VIBY especially relevant for improving generalization,
calibration, and stability of neural-network representations.

However, Information-Theoretic compression alone does not explicitly impose spatial structure on
visual features. Image data have strong local spatial organization: neighboring pixels form edges, textures,
contours, and object parts. Therefore, robustness in image classification also depends on the stability of
early spatial feature extraction. Partial differential Equation (PDE)? based methods are relevant in this
context because they provide mathematically interpretable mechanisms for smoothing, diffusion, and
structural regularization. The work also develops PDE-based convolutional prior layers as front-end
components and extends them into a lightweight diffusion-based trainable PDE module with learnable
nonnegative channel-wise diffusion coefficients for improving low-level feature extraction in CNN-based
image classification.

Thus, the relevance of the dissertation is determined by the need to develop CNN-based image
classification models that are not only accurate on clean data, but also more stable, better calibrated, and
more robust under corrupted visual conditions. The work addresses this need by combining two
complementary principles: diffusion-based PDE regularization for stabilizing early spatial feature maps,
and VIB compression for controlling the information content of learned representations. This combination
provides a principled basis for improving the reliability of CNN classifiers under both clean and corrupted
input conditions.

The practical importance of the topic is also supported by the moderate computational cost of the
proposed approach. Since real-world systems often operate under resource constraints, robustness
improvements are most valuable when they do not require a substantial increase in model size or inference
latency. The PDE-CNN-VIB architecture developed in this dissertation is therefore relevant not only as
a theoretical and experimental contribution, but also as a step toward more reliable visual recognition
systems for practical applications.

Main Aim of the Work and Considered Problems
The main aim of this dissertation is to improve CNN-based image classification and to develop a

robust image classification architecture.
To achieve this aim, the following problems were considered.

1. Analyze and compare existing strategies for applying Information-Theoretic tools in ML,
identify their role, effectiveness, and limitations in solving problems related to feature
selection, representation learning, model regularization, generalization, calibration, and
robustness.

2. Integrate the two-dimensional predefined convolutional layers based on parabolic and
hyperbolic PDEs as front-end components in CNN-based image classification, to leam
low-level spatial abstractions before conventional feature extraction.

2 Alemi A. A, Fischer I, Dillon J. V. and Murphy K., “Deep variational information bottleneck”, arXiv:1612.00410, 2019.

3 Aubert, G. and Kornprobst, P., Mathematical Problems in Image Processing: Partial Differential Equations and the Calculus of
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3. Combine the Information-theoretic control of the learned representation with the spatial
structural regularization extracted by PDE based layers and develop a new hybrid
architecture for image classification.

4. Experimentally evaluate the effectiveness of new architecture's generalization, robustness,
callibration and computational overhead on several datasets and CNN backbones.

Research objects
The research objects of this dissertation are CNN architectures for image classification, the

representation learning processes within these architectures, PDE-based convolutional prior layers and
diffusion front-end modules for spatial structural regularization and information-theoretic bottleneck
mechanisms for controlling learned representations. These objects are studied in the context of clean and
corrupted image classification with attention to generalization, calibration, robustness, and dependence
on dataset setting and backbone architecture.

Research methods
The results of the dissertation are based on a combination of mathematical, information-theoretic,

numerical, and computational-experimental methods. The theoretical part of the work uses the basic tools
of Information Theory, including entropy, conditional entropy, joint entropy, Mutual Information,
normalized Mutual Information, cross-entropy, Kullback-Leibler divergence, the IB principle, and the
VIB framework. These methods are used to analyze uncertainty, dependence between variables,
representation compactness, probabilistic reliability, and the compression-prediction trade-off in ML
models.

To study structural regularization in image recognition, methods of PDE and finite-difference
approximation are used. In particular, parabolic and hyperbolic PDE-based formulations are considered
as mathematical foundations for predefined convolutional layers. For the final PDE-CNN-VIB
architecture, the PDE-based prior idea is adapted into a diffusion-based trainable front-end using residual
Laplacian updates with learnable nonnegative channel-wise diffusion coefficients. This makes it possible
to combine the interpretability of PDE-based smoothing with the flexibility of trainable CNN-based
feature extraction and Intormation-theoretic compression mechanism.

The computational part of the dissertation is based on Deep Learning methods for image
classification. CNN architectures and their representative backbone families, including ResNet, VGG,
and DenseNet, are used to study the behavior of the proposed models under clean and corrupted image
conditions.

Experiments

The experimental results are obtained using standard benchmark datasets for image classification and
robustness evaluation, including CIFAR-10, CIFAR-100, CIFAR-10-C, and CIFAR-100-C. Clean-data
performance is evaluated using classification accuracy, train-test generalization gap, Negative Log-
Likelihood, and Expected Calibration Error. Robustness under corrupted inputs is evaluated using
corruption-wise accuracy, corruption-category averages, and mean corruption accuracy.

In addition, computational efficiency is studied through the number of trainable parameters, average
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training time per epoch, inference latency, and robustness-cost trade-off.

Scientific novelty
The scientific novelty of the dissertation consists in the development of PDE-based convolutional

prior layers for learning low-level spatial abstractions in CNN-based image classification and their
transformation into a lightweight diffusion-based trainable front-end. The proposed front-end uses
repeated residual Laplacian diffusion updates with learnable nonnegative channel-wise diffusion
coefticients, which allows spatial structural regularization to be integrated into an end-to-end trainable
neural architecture. This construction preserves the interpretability of PDE-based smoothing while
making it compatible with convolutional feature adaptation, VIB compression, channel reconstruction,
and residual blending.

The new developed hybrid PDE-CNN-VIB architecture combines the adapted diffusion-based PDE
front-end with a VIB module. The architecture also includes channel reconstruction and learnable residual
feature blending, which allows deterministic PDE-enhanced features and stochastic VIB-compressed
features to be combined before classification. This forms a new modular approach for robust CNN-based
image classification, applicable to different CNN backbones rather than to one specific network only.

Practical significance
The practical significance of results consists in the development of a software and experimental

framework for studying robust image classification under clean and corrupted input conditions. The
implemented system allows training and evaluating baseline CNN, PDE-CNN, and PDE-CNN-VIB
models on standard image classification datasets, including CIFAR-10 and CIFAR-100, as well as their
corrupted variants CIFAR-10-C and CIFAR-100-C. The framework makes it possible to compare the
effect of diffusion-based PDE regularization and VIB compression under identical training and evaluation
conditions.

The software implementation was developed in Python using modern deep learning libraries, mainly
PyTorch and Torchvision. It supports the construction of different CNN backbone variants, including
ResNet, VGG, and DenseNet, and enables the proposed PDE-CNN-VIB front-end to be combined with
these architectures. This modular structure makes the implementation suitable not only for the
experiments presented in the dissertation, but also for further research involving other CNN backbones,
datasets, or robustness settings.

The developed experimental framework allows the calculation of several evaluation metrics that are
important for reliable image classification. In addition to standard classification accuracy, the system
computes Negative Log-Likelihood, Expected Calibration Error, train-test generalization gap, corruption-
wise accuracy, mean corruption accuracy, and computational-cost indicators such as training time and
inference latency. The obtained results can be exported in tabular formats such as CSV, which makes
them suitable for further statistical analysis, visualization, and comparison.

The practical value of the new PDE-CNN-VIB architecture is that it can serve as a basis for building
more reliable image classification systems in environments where visual inputs may be degraded. Such
conditions may occur in autonomous driving, medical image analysis, remote sensing, surveillance, traffic
monitoring, industrial visual inspection, and edge or mobile vision systems. In these scenarios, images
may be affected by noise, blur, compression artifacts, illumination changes, weather effects, or sensor-
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related distortions. The proposed architecture is designed to improve the stability of learned
representations under such non-ideal conditions while keeping computational overhead moderate.

The results of the dissertation may also be useful for future studies on robust neural-network design.
The developed framework demonstrates how structural regularization and information-theoretic
compression can be combined in a single trainable architecture. Therefore, the developed approach can
be extended to other image classification tasks, larger datasets, alternative PDE formulations, and
different information-theoretic regularization mechanisms.

Approbation and Testing of the Obtained Results

The main scientific and experimental results of the dissertation were presented at the International
Conference on Computer Science and Information Technologies, CSIT 2025, held in Yerevan, Armenia.
The presented work concerned the integration of PDE-based preprocessing with the Variational
Information Bottleneck framework for improving CNN-based image classification.

The results of the dissertation were also discussed at the general seminar of the Institute for
Informatics and Automation Problems of the National Academy of Sciences of the Republic of Armenia.

Publications
The main scientific and experimental results of the dissertation were published in 5 scientific papers,
the list of which is presented at the end of the synopsis.

Scope and Structure of the Work
The dissertation is 125 pages long and consists of an introduction, 4 chapters, a conclusion, and a
bibliography comprising 86 references.

Content of the work
The Introduction section substantiates the relevance of the dissertation topic, defines the main

objective of the research, outlines the problems under consideration, and presents the scientific novelty,
practical significance, and key propositions submitted for defense.

The first chapter has a foundational character. There was introduced the image classification
problem, the role of Convolutional Neural Networks, benchmark datasets for image classification, and
the Information-Theoretic tools used in the dissertation. Image classification is considered as the task of
learning a mapping from an input image to a finite set of class labels. CNNs are discussed as the main
architecture for this task, since they preserve the spatial structure of images and learn hierarchical feature
representations through local convolutional filters, nonlinear activation functions, pooling operations, and
deeper classification layers.

In the chapter the role of benchmark datasets is also described. CIFAR-10 and CIFAR-100 are
considered as standard clean-image classification datasets, while CIFAR-10-C and CIFAR-100-C are
discussed as corrupted-image benchmarks used to evaluate robustness under distribution shift. This
distinction is important because clean test accuracy alone is not sufficient to characterize the reliability of
CNN-based classifiers under real-world image degradations such as noise, blur, compression artifacts,
and contrast changes.



Then there are presented the main elements of Information Theory used in the dissertation. For a
discrete random variable X, entropy is defined as

HOX) = = ) p(x) log p(a),

XEX
where x € X is a possible outcome of the variable, p(x) is the possibility of observing outcome x. H(X) is

interpreted as a measure of uncertainty. Mutual Information between random variables X and Y is given
by
I(X;Y) = HX) + HY) — HX,Y),

where H(X) and H(Y) are the entropies of the random variables X and Y, H(X,Y) is their joint entropy.
I(X;Y) measures the amount of information shared between them. Kullback-Leibler divergence is
introduced as a measure of discrepancy between two probability distributions P and Q:

D (PIIQ) = Zp(x)log(”E §>

where p(x) and g(x) are the probabilities assigned to the outcome x by P and Q.
Special attention is given to the IB principle, where representation learning is formulated as a trade-
off between compression and predictive relevance:
Lig = ICGT) — BICT;Y),
where X represents the input variable or original data, T denotes the compressed representation or
bottleneck variable, Y represents the target variable or class label and f is a positive trade-oft parameter
that controls the balance between compressing the input information and preserving information relevant
to the target.
Its variational form, the VIB, introduces a stochastic latent representation Z
= u+ o0Q@e¢, e~N(0,D),
which is later used in the new PDE-CNN-VIB architecture. Here u represents the mean vector of the
latent distribution, o represents the standard deviation vector of the latent distribution, € is a random noise
vector sampled from a standard normal distribution with mean 0 and identity covariance matrix / and the
® denotes element-wise multiplication
Thus, in the first chapter the basic concepts required for the dissertation are established: CNNs as the
computational framework, CIFAR and CIFAR-C datasets as the evaluation environment, and
Information-Theoretic tools as the mathematical basis for studying uncertainty, representation
compactness, calibration, and robustness.

The second chapter is devoted to the analysis and comparison of existing Information-Theoretic
strategies used in ML. In particular, the applications of entropy, Mutual Information, Kullback—Leibler
divergence, cross-entropy, and bottleneck-based methods in ML were analyzed.

The discussions how Information-Theoretic tools are used in feature selection, dimensionality
reduction, decision ftrees, clustering, metric learning, neural-network regularization, and deep
representation learning. Special attention is given to the IB framework and its variational extension. The
IB principle describes representation learning as a trade-off between compression and predictive
relevance, while the VIB makes this principle applicable to neural networks through stochastic latent
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representations and KI.-divergence regularization.

The limitations of Information-Theoretic methods in modern ML are also analyzed in the chapter. In
high-dimensional settings, the estimation of entropy and Mutual Information becomes computationally
difficult, and approximation errors may reduce the reliability of information-based objectives. In addition,
modern CNN classifiers remain sensitive to distribution shifts, corrupted inputs, and shortcut learning,
even when they achieve high accuracy on clean benchmark data.

As a result of the analysis carried out in [1], it is concluded that Information-Theoretic methods,
especially the 1B and VIB, are powerful tools for improving representation compactness, generalization,
and calibration. However, these methods do not explicitly impose spatial structure on image features. This
conclusion motivates the use of VIB as the information-compression component of the later PDE-CNN-
VIB architecture, where it is combined with a separately developed PDE-based structural mechanism.

The third chapter is devoted to the work, where predefined convolutional layers derived from PDEs
were studied for image recognition. The chapter investigates how parabolic and hyperbolic PDE-based
operators can be inserted before standard CNN backbones in order to improve low-level feature
extraction. Here the structural-prior direction that is later adapted and combined with the VIB in the PDE-
CNN-VIB architecture is introduced.

In Section 3.1, the motivation for using PDE-based priors in image recognition is discussed. CNNs
usually learn their first convolutional filters entirely from data. Although this approach is flexible, it also
means that the network must learn low-level structures such as edges, local textures, and smooth regions
without any explicit mathematical prior. PDEs, on the other hand, have long been used in image
processing for smoothing, diffusion, propagation, and structural regularization. Therefore, finite-
difference approximations of PDEs can be interpreted as predefined convolutional operators that impose
meaningful local structure before the main trainable CNN begins its feature extraction process.

In Section 3.2, the mathematical construction of the predetined PDE layers are presented. Two types
of equations are considered. The parabolic case is based on the two-dimensional heat equation

u 0*u  0d%u

o "o Ty
which models diffusion-type smoothing. After finite-difference discretization, the update can be written
in a convolutional form, where the next feature state is obtained by applying predefined local kernels
corresponding to second-order spatial difterences.

The hyperbolic case is based on the two-dimensional wave equation

0’u  9%u  0%u
2 - a2 + a—yz .

Unlike the parabolic update, the hyperbolic formulation includes a second-order temporal
dependence and therefore uses information from both the current and previous feature states. This gives
the hyperbolic layer a propagation-like behavior, while the parabolic layer has a diffusion-like behavior.
Thus, the two PDE types introduce different structural transformations into the early stages of the neural
network.

In Section 3.3, the general PDE-CNN architecture is described. The input image is first passed
through a small number of predefined parabolic or hyperbolic convolutional layers. The resulting feature
maps are concatenated and then forwarded to a standard deep neural network for classification. The
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general architecture is shown in Fig. 3.1. The main advantage of this design is that the PDE-based block
acts as a lightweight structural front-end and can be attached to different CNN backbones without
redesigning the whole architecture.

Hyperbolic or Parabolic Layer

Figure 3.1. General architecture of the PDE-CNN model. The input image is first processed by
predefined parabolic or hyperbolic convolutional layers, and the resulting feature maps are passed to the
downstream CNN backbone for classification.

In Section 3.4 the experimental evaluation results on the CIFAR-10 dataset are summarized. The
predefined PDE layers were combined with several representative CNN architectures, including ResNet,
ResNeXt, VGG, and DenseNet. The experiments showed that the PDE-based layers improve image
recognition accuracy in many cases while adding only a very small number of additional trainable
parameters. This indicates that the improvement is not caused by a significant increase in model size, but
by the structural prior introduced at the beginning of the network.

A compact summary of representative results is given in Table 3.1.

Backbone Baseline Acc. (%) Best PDE-Enhanced Acc. (%)
ResNet-18 94.47 95.70
ResNet-34 95.20 95.85
ResNet-50 94.72 95.65
ResNext29 94.90 95.93
VGG-11 92.19 92.65
VGG-13 93.57 94.34
VGG-16 93.85 93.93
DenseNet-121 95.50 96.00

Table 3.1. Representative CIFAR-10 accuracy results for baseline and PDE-enhanced CNNs.

In the chapter there is also a comparison ofthe PDE-based method with PCFNet, a related predefined-
filter approach. The comparison shows that the PDE-based front-end achieves competitive or better
accuracy on selected backbones. In addition, the chapter studies the influence ofthe number of predefined
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layers. The results indicate that using a large number of PDE layers is not necessary; a small number of
parabolic or hyperbolic layers is usually sufficient to obtain the main improvement.

In the final part of the chapter the visualization of the learned predefined kernels is discussed.
Hyperbolic kernels often show more directional or polarized behavior, while parabolic kernels tend to
resemble Laplacian or cross-shaped smoothing patterns. This confirms that the two PDE families produce
different types of low-level structural transformations.

Thus, the results of the third chapter show that PDE-based predetined convolutional layers can serve
as lightweight and interpretable structural priors for image recognition. In the dissertation, these results
serve as the structural foundation for the next chapter. In Chapter 4, the PDE-based idea is adapted into a
diffusion-based trainable front-end and combined with VIB compression in the proposed PDE-CNN-VIB
architecture.

In the fourth chapter the main methodological and experimental results of the dissertation are
presented, the PDE-CNN-VIB architecture is developed and investigated here. The model combines a
diffusion-based PDE front-end, convolutional feature adaptation, a VIB module, residual feature
blending, and a CNN classification backbone. The initial idea of combining PDE preprocessing with VIB
was introduced in [3], the clean-data evaluation was presented in [4], and the robustness analysis under
common corruptions was extended in [5].

First in the chapter, the transition from PDE-based structural priors to the PDE-CNN-VIB
architecture are explained. The PDE-based convolutional prior framework used predefined parabolic and
hyperbolic PDE layers as front-end components for CNN image recognition. This idea is modified:
instead of directly using the full predefined parabolic/hyperbolic construction, the model uses a
lightweight diffusion-based parabolic PDE front-end. This front-end applies repeated residual Laplacian
updates with learnable nonnegative channel-wise diffusion coefficients. Thus, the PDE component
preserves the interpretation of heat-equation-type smoothing while becoming better suited for integration
with stochastic representation compression.

The main PDE update used in the architecture has the form

ut = 40 2 aul,

where uE” is the feature map of channel cat diffusion step 7, A is the discrete Laplacian operator, and A,

is a learnable nonnegative diffusion coefficient. This update corresponds to a parabolic diffusion process
and is used to stabilize early feature maps and reduce sensitivity to high-frequency perturbations.
The general architecture of the proposed PDE-CNN-VIB model is shown in Fig. 4.1.

After the PDE front-end and convolutional feature adaptation stage, the VIB module is applied to the
intermediate feature maps. The VIB module produces the parameters of a Gaussian latent representation
using two 1 X lconvolutional heads:

w=W,xg+b,, logo*=W;x*g+ b,

The stochastic representation is sampled by the reparameterization rule
t=u+cQ®e e~N(,I).

The sampled tensor is reconstructed to the original channel dimension and combined with the pre-
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bottleneck feature map f using a leamable residual blend, using a leamable parameter to control the
strength of the feature map /:
h =at + (1 —a)f.

The resulting representation is passed to a CNN backbone, such as ResNet-18, VGG-16, or
DenseNet-121, and then to the final classifier. The training objective combines the standard cross-entropy
classification loss with a KL-divergence regularization term:

L = LakyOgits) +p DKL(q(t Ix) Np(t)).

Here, p controls the strength of information compression. The role ofthe VIB module is to suppress
redundant and task-irrelevant information while preserving the information necessary for classification.

Fig. 4.1. PDE-CNN-VIB architecture used in CIFAR-based experiments. The input image is
processed by a diffusion-based PDE front-end and a convolutional stem. The resulting feature
representation is passed through a VIB branch and also preserved through a skip connection. The
reconstructed VIB representation and the skip representation are combined by a learnable residual blend
before being forwarded to the CNN backbone.
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The clean-data experiments first evaluate the proposed model on CIFAR-10. In the initial experiment,
three variants are compared: a baseline CNN, a PDE-enhanced model, and the full PDE-VIB model. The
results show that the PDE-VIB model gives the best balance between classification accuracy and
probabilistic reliability. In particular, it improves clean accuracy and reduces Expected Calibration Error
compared with the baseline and PDE-only variants. This indicates that PDE preprocessing improves
feature extraction, while VIB compression improves representation quality and calibration.

To study longer training behavior, an additional 100-epoch experiment was conducted using ResNet-
18 as the base architecture. The results are shown in Table 4.1.

Model Train Test Acc. | Gap (%) NLL ECE CIFAR-10-C
Acc. (%) (%) mCA (%)
ResNet-18 99.40 91.77 7.63 0.3281 0.0369 69.77
Baseline
ResNet-18 99.63 92.59 7.04 0.2998 0.0385 7527
PDE-CNN
ResNet-18 99.22 94.66 4.56 0.2113 0.0235 78.26
PDE-CNN-VIB
Table 4.1. Final clean CIFAR-10 and CIFAR-10-C results for the 100-epoch ResNet-18
experiment.

The results show that the PDE-CNN-VIB model achieves the highest test accuracy, the smallest train-
test gap, the lowest NLL, and the lowest ECE. Although its training accuracy is slightly lower than that
of PDE-CNN, its test accuracy is substantially higher. This indicates that the VIB component does not
simply increase memorization, but improves generalization by regulating the information flow through
the network.

Then robustness under common image corruptions is evaluated. Robustness is measured using mean

corruption accuracy:
5
1 1
mCA = 152 Acg;,
=

where Acc; is the classification accuracy for the i-th corruption type. The CIFAR-10-C and CIFAR-100-
C benchmarks are used at severity level 3.

Examples of clean and corrupted images used in the robustness evaluation are shown in Fig. 4.2. The
figure demonstrates how the same clean CIFAR image can be transformed by different corruption types,
including noise, blur, frost, and impulse noise. Although the semantic content of the image remains the
same, the visual appearance is degraded: local structures may become distorted, textures may be
weakened, color distributions may change, and important object boundaries may become less clear.

Therefore, corrupted-image evaluation is more challenging than standard clean-data testing. In this
setting, the model is expected not only to classify clean images correctly, but also to preserve stable
prediction behavior when the input is affected by common visual corruptions. This makes corrupted-
image benchmarks important for evaluating the robustness and practical reliability of image classification
models.
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Fig. 4.2. Examples of clean and corrupted CIFAR images used in the robustness evaluation.

First, the architecture is tested under a 20-epoch training protocol with three representative CNN
backbones: ResNet-18, VGG-16, and DenseNet-121. The results are summarized in Table 4.2.

Backbone Variant Accuracy (%) NLL ECE mCA (%)
ResNet-18 Baseline 86.23 0.4896 0.0323 60.80
ResNet-18 PDE-CNN 88.00 0.4042 0.0229 66.09
ResNet-18 PDE-CNN-VIB 89.44 0.3432 0.0206 71.24
VGG-16 Baseline 84.13 0.5146 0.0203 62.16
VGG-16 PDE-CNN 84.52 0.4998 0.0187 58.86
VGG-16 PDE-CNN-VIB 87.15 0.4121 0.0118 67.24
DenseNet-121 Baseline 85.65 0.3632 0.0333 65.48
DenseNet-121 PDE-CNN 89.56 0.3415 0.0283 68.84
DenseNet-121 ~ PDE-CNN-VIB 91.07 0.3284 0.0237 69.28

Table 4.2. Initial 15-epoch CIFAR-10 and CIFAR-10-C results across different CNN backbones.

The table shows that PDE-CNN-VIB gives the best overall result within each backbone family. This
is important because it shows that the proposed approach is not restricted to a single CNN architecture.
The VGG-16 case is especially informative: PDE-CNN alone reduces mCA, while PDE-CNN-VIB
improves it substantially. This confirms that the VIB module plays an important stabilizing role and helps
make the PDE-enhanced representation more robust.

The 100-epoch ResNet-18 experiment also confirms the robustness advantage of PDE-CNN-VIB. In
this setting, the model improves CIFAR-10-C mCA from 69.77% for the baseline to 78.26%. The
strongest gains are observed for corruptions that affect local image structure, especially Gaussian noise,
impulse noise, glass blur, zoom blur, snow, and frost. Category-wise analysis shows that PDE-CNN-VIB
improves all major corruption families: noise, blur, weather, and digital distortions.
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To verify that the method is not limited to CIFAR-10, the model is also evaluated on CIFAR-100 and
CIFAR-100-C. CIFAR-100 is more difficult because it contains 100 classes instead of 10, while
preserving the same 32 X 32 image format. The results are shown in Table 4.3.

Model Clean Acc. (%) NLL ECE mCA (%)
ResNet-18 Baseline 67.09 1.2892 0.0519 41.18
ResNet-18 PDE-CNN 66.91 12711 0.0482 43.86
ResNet-18 PDE-CNN-VIB 73.05 0.8023 0.0321 45.66

Table 4.3. CIFAR-100 and CIFAR-100-C results for ResNet-18-based models.

The CIFAR-100 results show that PDE-CNN-VIB improves clean accuracy from 67.09% to 73.05%,
while also reducing NLL and ECE. The CIFAR-100-C mCA also increases from 41.18% to 45.66%.
Thus, the proposed architecture improves both clean-data behavior and corrupted-data robustness even
when the classification problem becomes more fine-grained and difficult.

The computational cost of the new architecture is also considered in the chapter. The PDE-CNN-VIB
model introduces only a small increase in the number of parameters. In the ResNet-18-based setting, the
parameter count increases from 11.17 million to 11.20 million. The inference latency increases only
slightly, from 1.463 ms per image to 1.516 ms per image. In the 100-epoch experiment, the average epoch
time increases from 111.17 s for the baseline to 120.84 s for PDE-CNN-VIB. Therefore, the robustness
and calibration improvements are achieved with moderate computational overhead.

In the final part of the chapter possible practical use-case scenarios are discussed. Since the model
improves robustness under noise, blur, compression artifacts, and other non-ideal image conditions, it
may be useful in autonomous driving, medical image analysis, remote sensing, surveillance, industrial
visual inspection, and edge/mobile vision systems. In all these domains, visual inputs may be degraded,
and therefore classification reliability depends not only on clean accuracy, but also on robustness and
calibration.

Thus, the fourth chapter presents the main contribution of the dissertation. The previously studied
PDE-based structural prior is adapted into a lightweight diffusion-based trainable front-end, and this
front-end is integrated with VIB-based stochastic compression in the PDE-CNN-VIB architecture. The
obtained results show that the proposed architecture improves clean classification behavior, reduces
calibration error, increases mean corruption accuracy on CIFAR-10-C and CIFAR-100-C, and remains
applicable across several CNN backbones.

Main results of the work

1. A comprehensive analysis of the current implications of Information-Theoretic tools and
methods in ML was conducted, which highlighted the critical role of Information-Theoretic
methods in controlling representation quality, reducing redundancy, and improving
generalization, but also revealed that such methods alone do not explicitly impose spatial
structure on visual representations [1].

2. A PDE-based convolutional prior was introduced for CNN image classification by adding
two-dimensional predefined convolutional layers based on parabolic and hyperbolic PDEs
as front-end layers before standard CNN backbones. The method showed accuracy
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improvements across several architectures, while preserving low computational overhead
in terms of trainable parameters and FLOPs. [2].

3. A new hybrid PDE-CNN-VIB architecture was developed by integrating the adapted

diffusion-based PDE front-end with convolutional feature adaptation and a VIB module.
The resulting architecture combines two complementary mechanisms: PDE-based
structural regularization for stabilizing early spatial feature maps and VIB-based
information-theoretic compression for suppressing redundant and task-irrelevant
information. This integration forms a new CNN-based model for robust image
classification under clean and corrupted input conditions [3].

4. The eftectiveness of the new PDE-CNN-VIB architecture was substantiated through

experiments on multiple benchmark datasets and CNN backbones. Results provide
empirical evidence that the new model is not dependent on a particular benchmark or
underlying architecture. The experiments showed improved clean-data behavior,
calibration, generalization, and corruption robustness, while keeping the inference
overhead nearly unchanged compared with the baseline models [4, 5].
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BHEO,PEHVUE UHCTPYMEHTOB TEOPUU UHDOPMALLUUN B APXUTEKTYPY TMYBOKUX
HEMPOHHbIX CETEI 1A NOBLILLEHUA 3dbdbEKTUBHOCTU KNACCUDUKALLUM
N30BPAMEHUA

A6cTpakT

B ycmoBmsx ObIcTporo pasBUTHSL IM(POBBIX TEXHOJOTHM, HCKYCCTBEHHOIO HHTEIIEKTa U
MaIlMHHOTO OOY4eHMS 3ajlaud aHalM3a U KiaccuUKanud H300pakeHHil IIPHOOpETaloT 0co0yIo
HAyyHyI0 U TIPUKIQJHYIO 3HauMMocTh. [[udpoBple mM300pakeHUSI IMHMPOKO HCIONB3YIOTCS B
MEJMIMHCKOM ~ JMarHOCTUKE,  aBTOHOMHBIX  CHCTE€MaX,  JIUCTAHIMOHHOM  30H/[MPOBAaHUY,
BUJICOHAOITIO/IEHHUH, TIPOMBIIIIEHHOM KOHTPOJIE KadecTBa U APYIUX o0iacTsIxX. B TakuX IpHIOKEHMSIX
MOJIEY JIOJKHBI OBITH Ha/ISKHBIMU HE TOJIBKO Ha UKMCTBHIX TECTOBBIX JIAHHBIX, HO U B CUTYAISIX, KOT/Ia
M300pakeHUsT cojlepkar IIMyM, Pa3MbITHE, apTedakThl CKaTHsl, M3MEHEHUSI OCBEIEHUS WIH JIpyrue
HCKa KEHUS.

CBeprounble HelpoHHble cetd (CNN) SBISIOTCS OJHMM U3 OCHOBHBIX HMHCTPYMEHTOB
KIaccuuxarmy M300paKeHUH, ITOCKOJIBKY CIIOCOOHBI M3BJIEKaTh MEPAPXUYUECKUE IIPH3HAKU U3
BU3YIBHBIX JaHHBIX. OJHAKO BBICOKass TOYHOCTh Ha CTAaHJAPTHBIX STAIOHBIX Habopax He Bcerja
rapaHTHPYeT YCTOMYUBOCTH MO/JIETH B PEATIbHBIX YCIOBUSIX. [IpH M3MEHEHNH pacIpe/IeNieHUsT BXO/THBIX
JaHHpIX CNN-MOJIENH MOTIYT TepsITh TOUHOCTB, AE€MOHCTPHPOBaTh clla0yio KaduOPOBKY WM BBIJaBaTh
YpEe3MEPHO YBEPEHHBIE OIMMOOYHBIE Ipejickazanus. 1losToMy paszpaboTka Gojee yCTOHUMBBIX, XOPOIIO
KamuGpoBaHHBIX U oGobmaronmx CNN-kmaccupukatopoB ocTaeTes akTyalbHOM 3a/1aueid.

AXTyalIbHOCTh JAHHOM JHCCEpTalMM CBSI3aHA C WICCIIEAOBAHHEM JIBYX B3aMMOIOTIOIHSIONIMX
HarpapiieHuil. llepBoe HalpaBleHHE COCTOMT B WCIIOJIb30BAHHMU CBEPTOUHBIX M U(PQY3UOHHBIX
MOJyTel, OCHOBaHHBIX Ha JU(PepeHIMaTbHIX YpaBHEHMSIX B YacTHBIX TNpom3BoaHbX (PDE), misa
IIPOCTPAHCTBEHHOM CTPYKTYPHOH peryisipr3alii PaHHUX IIPU3HAKOB. Takyue KOMIIOHEHTHI IIO3BOJISIOT
YUHUTHIBATh JIOKAIBHYIO CTPYKTYPY H300paskeHUs U CTaOWIN3UPOBATh HI3KOYPOBHEBBIE IIPE/ICTABIICHHSL.
Bropoe HampaBiieHue cBs13aHO ¢ IIPUMEHEHHEM HHOOPMAIMOHHO-TEOPETHIECKHUX METO/IOB, B HACTHOCTH
Variational Information Bottleneck (VIB), mis ynpaBneHust komdecTBOM HHGOOPMAITHH, TlepefaBacMon
yepes Mojelb. JTO II03BOJSET YMEHBIIUTh W30BITOUHBIE M HeCTaOWIbHBIE IIPU3HAKY, YIIYUIIUTH
0606TIAIONTYIO CIOCOGHOCTD, KATUOPOBKY U YCTONUMBOCTE Kilaccudukaropa.

Taxum oOpazoM, jguccepTalsl HallpaBlieHa Ha pa3paloTKy M HCCIEAOBaHHE THUOPHIHOMN
apxXUTeKTYpsl, oOpepumsontei PDE-peryispusaipio 1 HHOOPMAIMOHHO-TEOPETHYECKOE CKaThe
IIpeJICTaBIIeHUH IS Goree Ha/leKHO KiaccuuKarmy n300pakeHui.

OcCHOBHbBIE Pe3yIbTaThl paGoThI
1. IIpoBejieH MHOT'OCTODOHHHI aHAIM3 COBPEMEHHBIX IIPUMEHEHMI HHCTPYMEHTOB M METOJIOB

TEOPUH MHPOPMATTUH B MAITMHHOM 0GYUSHHUH, KOTOPBIH MO TUEPKHYT PEMIAfONTyIO POIh METO 0B TEOPHH
nHpOpMAIY B KOHTpOJIE KadecTBa IIPECTABICHUH, CHIDKEHHM M30BITOYHOCTH ¥ YIYHUITICHUH
0606IIAIONIEH CIIOCOOHOCTH, HO TaKKe IIOKa3ajl, uTo caMH II0 ceOe Takue METOAbI HE HABS3BIBAIOT
BHU3YAaTHHBIM PECTABICHISIM SIBHOU IIPOCTPAHCTBEHHOU CTPYKTYPHI [1].

2. Jlns wraccudukarmu mzobpaxenuii ¢ momonpio CNN GbIT mpeyiokeH KOHBONIOIOHHBIN
aNPHOPHBIA pacTIpeieuTeNb Ha OCHOBe MUepeHITMATBHEIX YPaBHEHU B YACTHBIX IIPOM3BOIHBIX
(PDE): nepen cranapTHbIMU Oa30BbIMU ceTkaMyd CNN ObUTH JJOOABIIEHB! JIBY MEPHBIE 3apaHee 3a/[aHHbIE
KOHBOJIIOIIMOHHBIE CIIOM, OCHOBAaHHBIE Ha Iapabonnyeckux U runepOoimueckux PDE. JlaHHbII MeToR
TIPOIEMOHCTPHUPOBAT TIOBHITICHIE TOTHOCTH HA HECKOTBKUX apXUTEKTypax, COXPAHUB TIPY 3TOM HU3KHE
BBHIUHCITUTENLHBIE 3aTpaThl ¢ TOUKHA 3PEHHS KONMWYecTBA OOYYaeMBIX IApaMeTpoB W KOJIHYECTBa
oreparuii ¢ apatorieit zarsitoit (FLOP). [2].
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3. beumla paspaGoraHa HoBas ruOpujpHas apxurekrypa PDE-CNN-VIB myrem wuHTerparmmn
aJIalITHPOBaHHOTO (PPOHT-BH A Ha OCHOBE TU(DY3HOHHOTO YPaBHEHUS ¢ KOHBOTIOIMOHHON a/larTarmeit
IIpu3HAKoB U MojysieM VIB. IlomyumBImasicss apXuTekTypa codeTaeT B cebe J1Ba B3auMO[OTIOTHSIOIX
MEXaHU3Ma: CTPYKTYPHYIO PEryJLIpU3alliio Ha OCHOBE ypaBHeHus! PDE i craCwinsalii paHHUX
IIPOCTPAHCTBEHHBIX KapT IIPU3HAKOB M UH(OPMAITMOHHO-TEOPETHIECKOe CkKaTue Ha ocHoBe VIB mis
T10/TaBIeHNs. 30BITOUHON U HepeleBaHTHOM U1 3aiaun nHpopmarmu. Takas uHTErparus GopmMupyer
HOBYIO Mo/Jiellh Ha ocHOBe CNN s Ha/Ie:KHOH KaccubuKaimy n300pakeHui KaK IIPU YHCTOM, TaK U
IIpU TIOBPEXKJICHHOM BXOJIHOM CHTHAJE. [3].

4. DddextuBHocts HoBoM apxurekTypsl PDE-CNN-VIB Gpota ToATBepkIeHa B XoJe
SKCIIEPUMEHTOB C HCIIONB30BAHMEM HECKOIBKUX TECTOBBIX HabopoB JaHHBIX M 0a30BbIX CNN-
apXUTEKTYp. Pe3ynbTarsl SKCIIEPUMEHTOB CBHJICTEIHCTBYIOT O TOM, YTO HOBasl MOJIENb HE 3aBUCUT OT
KOHKPETHOTO TECTOBOTO Halopa WU 0a30BOH apXUTEKTYPhL OKCIIEPUMEHTHI IIPOJIEMOHCTPUPOBAIN
VIIyUIIICHHE XapaKTePUCTHUK IIPU paboTe C HUCTHIMU JAHHBIMU, KATUOPOBKY, CITIOCOOHOCTH K 000OITICHHIO
U YCTOMUYMBOCTh K MCKAKEHMSM JIAHHBIX, IIPU STOM HaKJIaJHbIE pacXojbl Ha BBHIUMCIECHHUS OCTAIUCH
TIPaKTUYECKU HEU3MEHHBIMU I10 CPaBHEHHUIO ¢ 0a30BBIMU MOJIETSIMH [4, 5].

hLBNNUUSPUSHh SEUNRESUL FNMrohLUuY“UlUh LeNHNRUE uNMfLRUShL
LE3MNLUSPL SULSh BUNSUNUMESNRG3NRLNRYT MUSUENLENh
ruuuwuNrauUUuL UPMSnNhLUYESNhe3UL AUMINUSUUL LNMUSUHMNY

Udthnthnud

(GJwjhtu  wbluuninghwubph, wphbunmwywt  pwuwlwunewu U dEpEuwywlwu
nnigdwi wpwg qupgqugdwi htin dblnbn ywwnlybpubph Jbpndniyegjwi b nuuwlwpgdwt
fuunhpubpp &tinp Gu pbpnwd wnwuduwhwwny ghnwlwu b gnpduwlwu Upwuwynieyniu:
([FJwhtu wwwlbpubpp jwunpbu Yhpwnynw 5u pdohulwt  wiuwnnpnadwu, wywnund
hwdwlwpgbiph, htinwquudwu, wnbuwhuydwu, wpryniiwpbpuwlywt npwyh Jepwhuydwu L
w)| ninpuubpnud: Wuwhuh Yhpwnnyeniuutipnd dnnbijutipp wytup £ hubu hnwwih ng dhwu
dwpnip  thnpdwpldwu  wdjuiubph nbwpnd,  wyle  wjuwhuh  hpwyhtwlyubpnd,  Gpp
wwwnybpubpp  wwpniwwynd G wndnly, ubnddwt  wnudwnnudubp,  nuwydnpniygjut
thnithntunigyniuubp Ywd wy) wnwywnnuiubn:

Unuynynighnu  ubjpnuwihu gwugbpp (CNN)}  wwwybph nwuwlwpgdwu  hhduwlwu
gnpdhpubiphg GU, pwuh np Jwpnn Gu wnbunnuijwu wnyjwiubphg hwub] hhpwpfuhy
wnwudtwhwwynieniuttp: Uwlhuwjiuy  unwinwpun  hnpdwpwpwlwt  wnyjuubnph
pwquntpinuutph ypw pwpdn Gognunnpiniup dhown sk, np Gpwatuwynpnd £ dnnbh hnwwih
wotuwwnwupp hpwywt wptuwphph wwjdwutbpnwt: Gpp dnunpuiht ndjuiubph pwgfunudp
thnfugnud £, CNN dnnbjubpp  Ywpnn Gu Ynpgub| Gogpuinueiniup, gnigwpbpbp enyl
Yuwipppwgnd b ww| swihwqwug huptwdunwh ufuw] Ywufuwnbunwiubp: Nwwnh wybh
nhdwgyniu, jwy Yuwihppwgywsd U Yuyntt CNN nwuwlwpghsubiph dowiynwp swpnibwynud £
duw) wpnhwlwt futnhp:

Wu wofuwwnwuph wpnhwlwunyegniup Yuywunwd £ Gpyne hwdwipnn ninnnigniautiph
nwnwbwuhpnigjut dbg: Unwoht ninnnigyniup ubipwnnd £ Ynuynynighwih b nhdnighwip
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dnnniubiph Yppwnnwip, npnup hpdudwsé U dwutwlyh wdwugwiubpny nhdbtiptughw
hwjwuwpndubph (PDE) Jpw' Jwn thnywiht wnwusuwhwnynipniuubph nwpwdwlwu
Yuwnnmgwsdpwihtu  Jupquynpdwu  hwdwp:  Spypnpn ninnnggnitip bpwnnd |
hubnpdwghwjh  wbunyeywt  Jdbpnnubph, dwutwynpwuwbtu dwphwghntu  hudnpdwghnu
Fugwuh (Variational Information Bottleneck, VIB), Uhpwnnwip dnnbih dhongny thnfuwugynn
wnbntlwwnynipiwt pwuwyp Ybpwhulybint hwdwp: Uw oqunud £ udwqgbgul Yplyuynn L
wuluwyns hwwnlwuhoubpp W pwpbuwdb) nwuwlwpgsh punhwupwgdwu  niuwynigyniun,
Yuwihppwynpnuwp W Yuwyniunieniun:

Wuwhuny, woluwwnwipp Uwywwnwl niuh dowlbp b nwnwduwuppbp  hhpphnwhtu
Swpunwpwwbnngniu, npp hwdwwbnnd £ PDE  Jwunuwynpnwip b hunpdwghwih
nbunyeyut  Jpw  hhdudwd  ubpluyugdwy  ubndndp' wydbih  hnwwih  wwanybpubph
nwuwywnpgnu wwwhnybint hwdwn:

Uzfuwwnwuph hhduwljwt wpnyniupubpp

1. Ywuwwpyb £ depfuwjuyut  nwnigdwt  dbe  hubnpdwghwih  nbunyeywu
dwdwuwlwlhg gnpdhpwlwgdh  Yhpwenigiwt  hwdwwwpthwy hGnwgnunggniu L
ybipnwdniginwu, pungéyb E npwug Yuplinp nbpp ubplujugnwdubph npuwyh ybpwhuydwu L
punhwipwgdwt pwpbjuddwt fuunhpubipnd, dhiuny dwdwuwly gnyg £ wipdb, np indjug
dbpnnutipp hupunipnyt s6U wwpwwnpnd wbunnuywu ubpyujwgnuiubph Ypw hunwy
wnwpwdwlwu Yunngywsp [1]:

2. Muwunlbpubiph nuuwlupgiwt hwdwp ubpnpdb) |odwutwlh wowugyuubpnyg
nhptipbkughw) hwjwuwpnuwubph Yypw hhdudws twhuwhwymwpwpyws uwtuwbpun, npp dh
owpp Gwpunwpwybnngniubpnud gnigwpbipbp £ degpuingguit pwpbjuynwdubp, gudn
wwhbny hwoynnulwl pwpnnipniup [2]:

3. Uswlytr & unp hhpphnwijhtu PDE-CNN-VIB dwpunwpwwbwnnyeiniu, npp hwdwwnbinnud £
wnwwwwgywsd  nhdnighnu PDE  uwfuwgbpunp,  UYnuynpgnighnt  hwnlwuppubph
hwpdwpbgnuwip L dwphwghnt hubnpdwghwih fugwuh dnnnyp: Swpunwpwwbnngeniap
hwdwwbnn £ Junwdwd nmwpwdwlwu wnwuduwhwinynygyniuubph PDE Ywunuwynpnuwp
U hubnpdwghnu-nbuwywt ubindnwp' wybinpn b ng hwdwwwwnwufuwy wbnblwwnynieniup
Guobnt uywwnwlyny [3]:

4. Lnp Gwpunwpuwbnnygyut wpryniwwydbnnyggniup hwuwnwngb) b hnpdwpynuiutpny’
ogunwgnndtiiny wmwppbkip wyjwiutph hwdwpwdniubp W CNN hpdptip: Upryniupubpp gnyg b
wwihu, np unp dnnbp Yufudwsd sk Ynuypbinn ndyuijubph hwjwpwdnithg Yud CNN hhdphg:
Pnpdwpynwiubipp gnyg Gu gt pwpbuynd dwpnip wjwiubph ypw dogpuniniyeniuncd,
Ywipppwghwih gnpdpupwgnid, punhwupwgdwu nuwynyenund b wnwdwnnuiubiph
Ujwwndwdp Yuwniunyeniund, dhtusnbn hwodupluiht pwpnnigniup duwgh) £ gpbipt
wuthnthnfu hwdbdwnwd hhduwwu dnnbjubph [4, 5]:
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