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ABSTRACT

Background. The development of modern mathematical computing systems requires
the effective implementation of machine learning algorithms while maintaining a balance
between prediction accuracy and computational resources. Particular attention should be
given to the phased integration of neural networks of varying complexity with minimized
risks for production systems and investigation of the saturation effect when increasing
architectural depth.

Materials and Methods. This article aims to develop a methodology for evolutionary
integration of neural networks from simple perceptrons to ultra-deep architectures in
mathematical computing systems, with detailed comparative analysis of four architectural
types and mathematical modeling of the accuracy saturation effect.

Results and Discussion. For this purpose, four neural network architectures were
investigated: a single-layer perceptron, a four-layer network (128—64—32), a ten-layer
network (128—96—64—48—-32—-24—-16—12), and a twenty-layer architecture with
gradual dimensionality reduction. Experiments were conducted on a dataset from
mathematical modeling results containing 45,000 samples with 24 characteristics. A
comprehensive system of metrics was used to evaluate accuracy, processing speed,
resource consumption, and model stability. The experimental design included stratified
data splitting and cross-validation to ensure statistical reliability of the obtained results
across different architectural configurations.

Conclusion. As a result, the single-layer perceptron demonstrated baseline accuracy
of 78.3% with minimal resource consumption (45 MB RAM, 15 ms latency). The four-layer
network achieved 94.1% accuracy with a moderate increase in resource costs. The ten-
layer architecture showed 95.6% accuracy, demonstrating the beginning of the saturation
effect. The twenty-layer network achieved only 96.8% accuracy with disproportionate
growth in resource consumption (1024 MB RAM, 270 ms latency). Mathematical modeling
confirmed the logistic nature of the relationship between accuracy and architectural
complexity. The findings provide practical guidelines for selecting optimal neural network
architectures in resource-constrained production environments, establishing clear
thresholds beyond which increased complexity yields diminishing returns.

Keywords: Neural networks, evolutionary integration, mathematical computing, deep
learning, saturation effect, architecture optimization

INTRODUCTION

The current stage of development of mathematical computing systems is
characterized by exponential growth in the complexity of solved problems and the volume
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of processed data. Traditional numerical methods, which have provided effective
solutions to computational problems for decades, increasingly encounter fundamental
limitations when working with large data arrays, complex nonlinear dependencies, and
high-dimensional multi-parameter systems [1]. This problem is particularly acute in the
context of modern scientific research, where terabytes of experimental data need to be
processed with high accuracy and in near real-time mode [2].

The integration of machine learning algorithms, particularly neural networks of
varying architectural complexity, into mathematical computing systems opens
fundamentally new possibilities for improving the efficiency of solving complex scientific
problems. Neural networks demonstrate exceptional ability to approximate high-
dimensional nonlinear functions, detect hidden patterns in noisy data, and adapt to
changing conditions of computational tasks. However, direct implementation of the most
complex deep learning architectures in mission-critical mathematical computing systems
carries significant risks related to reliability, result predictability, and exponential growth of
resource requirements [3].

In our previous research, we detailed the architectural principles of building
computational-measurement systems and their modular organization [4, 5]. In particular,
the importance of a gradual approach to implementing complex algorithms in critical
systems was shown, where architectural flexibility and scalability play a key role in
ensuring system reliability and efficiency. Experience in developing microservice
architecture for specialized computing systems emphasizes the critical importance of an
evolutionary approach when integrating innovative machine learning technologies.

The key scientific problem lies in the fact that the selection of optimal neural network
architecture for mathematical computing systems is often carried out without a deep
understanding of the relationship between architectural complexity and practical effective-
ness. This leads to situations where overly complex models consume disproportionately
large computational resources to achieve insignificant accuracy improvements,
demonstrating a saturation effect, or conversely, overly simple architectures are unable to
adequately model the internal complexity of mathematical processes.

The concept of evolutionary integration of neural networks represents an innovative
approach that provides a scientifically grounded, gradual transition from simple to ultra-
complex architectures while considering the dynamic balance between classification
accuracy, processing speed, resource consumption, and operational stability. The
principle of gradual complexity allows for minimizing implementation risks, ensuring full
backward compatibility with existing systems, and optimizing overall system efficiency at
each discrete stage of evolution.

Special attention in the study is given to the mathematical modeling of the accuracy
saturation effect when increasing the depth of neural networks. This effect, known as
"diminishing returns," has fundamental significance for understanding the economic
feasibility of using ultra-deep architectures in practical applications. The theoretical
foundation of evolutionary integration is based on the mathematical formalization of the
process of phased architectural complexity increase using multi-criteria quantitative
efficiency indicators [6].

The relevance of the research is emphasized by the critical need for reliable,
economically efficient, and scientifically grounded solutions for integrating advanced
machine learning technologies into mathematical computing systems, where even minor
errors can have serious consequences for scientific research and practical applications in
industry. Deep understanding of the patterns of architectural complexity influence on
neural network efficiency will allow creating more reliable, economically justified, and
theoretically grounded solutions for a wide range of mathematical applications.
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THEORETICAL FOUNDATIONS OF EVOLUTIONARY INTEGRATION
METHODOLOGY

The methodology of evolutionary integration of neural networks in mathematical
computing systems is based on the fundamental principle of gradual complexity, which
provides scientifically grounded phased implementation of machine learning algorithms
with systematic risk minimization for production systems. The main conceptual idea lies in
creating a controlled evolution trajectory of the system, where each subsequent step
ensures statistically significant and economically justified improvement of characteristics
with a controlled and predictable increase in architectural complexity [21].

Mathematically, the trajectory of evolutionary integration can be represented as an
ordered sequence of system states § = {S,, 51,52, ..., Su}, Where each discrete state S; is
characterized by a unique neural network architecture and a corresponding set of
quantitative efficiency indicators. The transition between neighboring states S; — Sj,1 is
carried out exclusively under the condition of fulfilling a strict economic feasibility criterion:

D(Siv1) —P(Si) > €, C(Si+1,S1) + 0 - R(Sis1),

where @(S) represents the normalized comprehensive efficiency indicator of the system
state, C(S;.1,S;) is a multidimensional transition cost function between states, R(S;.1) is
a quantitative assessment of technological risks, and &, o are adaptive threshold
coefficients that ensure economic and technical feasibility of evolution [22].

The comprehensive efficiency indicator is defined by a simplified formula that avoids
subjective coefficients:

E(S) = A*(S) X T (S)/[M(S) X Te(S)],

where A(S) is classification accuracy, T(S) is system throughput, M(S) is RAM
consumption, T(S) is model training time.

The transition cost function takes into account both one-time capital costs for
developing and implementing new architecture, as well as long-term operational costs:

C(Si+1,51) = Ci + Ri + ACO + Ct + Cm,

where Cj is implementation cost, R; is integration risk, 4C, is change in operational costs,
C¢ is training cost, C, is maintenance costs.

DETAILED DESCRIPTION OF STUDIED NEURAL NETWORK ARCHITECTURES

The single-layer perceptron as the fundamental basis of evolution

The single-layer perceptron represents the simplest, yet mathematically elegant form
of neural network that implements a direct linear relationship between the
multidimensional space of input characteristics and the discrete space of output classes
[7]- This architecture was carefully chosen as the starting point of evolutionary integration
due to its conceptual simplicity, high operational reliability, minimal resource
requirements, and excellent result interpretability.

Mathematically, the functioning of the perceptron is described by a compact system
of linear equations:

z=W-x+b,

y = softmax(z),
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where x € R** is the vector of normalized input characteristics of mathematical modeling,
W € R3*** is the matrix of training weights, b € R? is the bias vector, and y € R? is the
output vector of normalized class membership probabilities.

The softmax activation function ensures correct probabilistic interpretation:

3
softmax(z); = exp(z;) exp(z)).

The total number of training parameters is P = 24 X 3 + 3 = 75, which ensures
extremely fast training and minimal RAM consumption.

Four-layer architecture as a balanced solution

The four-layer neural network represents the first significant step towards deep
learning, including an input layer, three consecutive hidden layers with sizes of 128, 64,
and 32 neurons, respectively, and a specialized output layer with three neurons for
multiclass classification. This architecture ensures gradual and controlled dimensionality
reduction of data and hierarchical feature extraction at different levels of abstraction.

The mathematical model of the network is described by a composition of sequential
nonlinear transformations:

h' = ReLUW?! - x + b1),

h? = ReLU(W? - h! + b?),
h3 = ReLU(W?3 - h% + b3),
y = softmax(Wy, - hz + bs),

where h; represent the activations of corresponding hidden layers.
The Rectified Linear Unit activation function is chosen for optimal balance between
computational efficiency and ability to model nonlinearities:

ReLU(z) = max(0, z).

Total number of parameters: P = (24X 128+ 128) + (128 X 64 + 64) +
(64 x32+32)+ (32 %3+ 3) = 13,635 parameters.

Ten-layer architecture for complex analysis

The ten-layer neural network represents a significant step towards deep learning,
including an input layer with 24 neurons, eight hidden layers with gradual dimensionality
reduction (128—96—64—48—-32—24—16—12 neurons), and an output layer with three
neurons. This architecture allows modeling complex high-order nonlinear dependencies
and detecting subtle patterns in data.

To ensure stable training of the deep network, batch normalization is applied after
each linear transformation:

BN(x) = +v - (x — ug) (a2 + )" 1/2,

where g, O'BZ are the mean value and variance of the current batch, y, f are trainable

scaling and shift parameters, ¢ = 1078 is a constant for numerical stability.
Dropout regularization with probability 0.3 is applied after each hidden layer:
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D(x) =x-M/(1—=p),

where M is a stochastic binary mask with probability p = 0.3 of zero elements during
training.
Total number of parameters: P =~ 156,442 parameters.

Twenty-layer ultra-deep architecture

The twenty-layer neural network represents the pinnacle of architectural complexity
in the studied spectrum, including an input layer with 24 neurons, eighteen hidden layers
with gradual dimensionality reduction from 128 to 8 neurons, and an output layer with
three neurons. This architecture is potentially capable of modeling extremely complex
nonlinear dependencies, but requires specialized training approaches.

To stabilize gradients in the ultra-deep network, gradient clipping is applied:

g =g-min(1,6/]lgll2)

where g is the gradient vector, 8 = 1.0 is the clipping threshold, ||g]|. is the Euclidean
gradient norm.

Enhanced dropout regularization with probability 0.4 and L2 regularization with
coefficient 0.001 ensure overfitting control:

L=142- ) Wil
i

where L°® is the cross-entropy loss function, A = 0.001 is the regularization coefficient.
Total number of parameters: P = 523,891 parameters.

EXPERIMENTAL METHODOLOGY AND DATA STRUCTURE

The experimental study was conducted on a specially prepared dataset containing
45,000 samples with 24 characteristics that reflect key aspects of the computational
process: simulation execution time, absolute and relative accuracy of numerical solutions,
convergence characteristics of iterative methods, computational resource consumption
profile, and stability indicators of obtained results, derived from mathematical modeling of
various computational tasks [23].

The dataset structure was methodically balanced to ensure statistical
representativeness of a wide spectrum of mathematical problems [9]. The distribution of
samples across functional categories includes modeling of partial differential equations,
multidimensional numerical optimization problems, complex statistical computations, and
analysis of non-stationary time series. Each sample must be classified into one of three
main categories depending on specific characteristics of the computational process and
the quality of the obtained results.

The data preprocessing procedure included standardization using the z-score
method to ensure numerical stability and scale homogeneity:

£ = (x — )/ 0y,

where Uy, Oy are the sample mean and standard deviation, respectively, for each
feature, calculated exclusively on the training set to avoid data leakage.

Data distribution was carried out according to a stratified principle with proportional
representation of all classes: 70% for training (31,500 samples), 15% for validation (6,750
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samples), and 15% for independent final testing (6,750 samples). This proportion ensures
sufficient statistical power for training complex models while maintaining complete
independence of the test set.

Comprehensive system of performance evaluation metrics

For an objective and comprehensive comparison of architectures of radically
different complexity, a multifaceted metric system was developed that covers all critically
important aspects of neural network effectiveness in the specific context of mathematical
computations [10].

Classification accuracy metrics include standard and extended multiclass
classification indicators:

3 3
ACC:ZTPL/Z(TPL-I_FPl-l_FNl+TNL)!
i=1 i=

3
1
Pn=7- ZTP/(TP +FP),
i=1
1 3
R =3 ZTP/(TP +FN),
i=1
1 3
Fim =3 ZZPR/(P +R),

~
1l
[

where TP;, FP;, FN;, TN; are respectively the numbers of true positive, false positive,
false negative, and true negative predictions for class i.

Performance metrics include detailed temporal characteristics and resource
consumption indicators. Prediction latency is measured as the average processing time
for a standardized batch of 100 samples, throughput is calculated as the number of
classifications per second, and memory consumption is determined as the maximum
RAM usage during training and inference processes.

Critically important system reliability assessment is evaluated through result stability
under variation of initial conditions:

Rel =1— (0a/ua),

where ga, U, are respectively the standard deviation and sample mean of accuracy
across 10 independent experimental runs with different stochastic weight initializations.

Comprehensive comparative analysis of classification accuracy

The experimental study of four radically different neural network architectures
revealed fundamental patterns in the relationship between architectural complexity and
achieved classification accuracy, which are of critical importance for understanding the
effectiveness of deep learning in the context of mathematical computations. The results
demonstrate a nonlinear, logistic-type dependence between the number of network
parameters and its ability for accurate classification, confirming theoretical predictions
regarding the existence of a saturation effect with excessive architectural complexity [11].

The single-layer perceptron demonstrated baseline classification accuracy of 78.3%,
which is a fairly high indicator for a linear model and indicates the presence of a
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significant linearly separable component in the structure of the studied data (Table 1).
This result has important practical significance as it confirms the fundamental feasibility of
using simple linear models as an effective initial stage of evolutionary integration. The
macro-averaged precision reached 75.8%, indicating a moderate but controlled amount
of false positive classifications with balanced performance across all classes. Macro-
averaged recall reached 79.1%, demonstrating satisfactory ability of the model to detect
most true positive cases. The F1 score of 76.9% confirms statistically significant balance
between precision and recall, which is a critically important indicator of classification
stability and reliability [12].

Table 1. Comprehensive accuracy characteristics of neural networks of different
architectures

Architecture Number of Acc P R Fim Improvem_ent relative
parameters (%) (%) (%) (%) to previous (%)
Perceptron 75 78,3 75,8 79,1 76,9 —
4 layers 13,635 94,1 93,7 94,6 94,0 +15,8
10 layers 156,442 95,6 95,2 95,8 95,5 +1,5
20 layers 523,891 96,8 96,4 97,1 96,7 +1,2

The four-layer deep neural network showed impressive improvement with an
accuracy of 94.1%, representing a statistically and practically significant increase of 15.8
percentage points compared to the perceptron (Table 1). This impressive accuracy jump
has solid mathematical justification through the ability of multi-layer architectures to
model complex nonlinear dependencies and detect hierarchical patterns of different
abstraction levels in the data structure. Macro-averaged precision reached an impressive
level of 93.7%, demonstrating a radical reduction in false positive classifications. Macro-
averaged recall was 94.6%, indicating high model sensitivity to detecting positive cases.
The F1 score of 94.0% confirms an excellent balance of all accuracy metrics.

The ten-layer architecture achieved an accuracy of 95.6%, representing an
additional improvement of 1.5 percentage points compared to the four-layer network.
However, the rate of improvement noticeably slowed, indicating the beginning of the
accuracy saturation effect. Macro-averaged precision and recall were 95.2% and 95.8%,
respectively, demonstrating high classification quality with a slight preference for
sensitivity over precision. The F1 score of 95.5% confirms excellent metric balance while
maintaining high overall efficiency.

The twenty-layer ultra-deep network showed an accuracy of 96.8%, representing only
1.2 percentage points improvement compared to the ten-layer architecture (Table 1). This
result clearly demonstrates the saturation effect, where additional architectural complexity
does not bring proportional improvement in classification quality. Macro-averaged precision
and recall reached 96.4% and 97.1%, respectively, and the F1 score was 96.7%,
confirming high quality but with minimal gain relative to less complex architectures.

Detailed analysis of resource consumption and performance

The study of resource consumption characteristics revealed exponential patterns of
computational requirements growth with increasing architectural complexity, which are
critically important for economic assessment of the feasibility of using different types of
neural networks in real mathematical computing systems. The results demonstrate a
fundamentally nonlinear nature of the relationship between the number of parameters
and resource costs, which has important implications for the strategic planning of
information technology infrastructure.
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The single-layer perceptron demonstrated exceptional resource efficiency,
establishing a benchmark for comparison with more complex architectures (Table 2).
Prediction latency was only 15 milliseconds for a standardized batch of 100 samples,
corresponding to an impressive processing speed of 6,667 classifications per second.
Such high throughput makes the perceptron an ideal candidate for high-performance
real-time systems with strict response time requirements. RAM consumption was a
minimal 45 megabytes during all training and inference phases, allowing effective use of
the model even on embedded devices with strict resource constraints. CPU load did not
exceed 12%, leaving significant computational power reserve for parallel execution of
other critically important system tasks.

The perceptron training time was only 8 minutes on the complete dataset of 45,000
samples, providing the possibility for rapid prototyping and quick model reconfiguration
with dynamic changes in input data characteristics. Such training speed is particularly
important for adaptive systems that require frequent model updates in response to
evolutionary changes in data.

The four-layer deep network showed qualitatively different resource consumption
characteristics, reflecting the fundamental trade-off between accuracy and efficiency
(Table 2). Prediction latency increased to 85 milliseconds for a batch of 100 samples,
corresponding to 1,176 classifications per second. This represents a 5.7-fold decrease in
throughput compared to the perceptron, however the speed remains quite acceptable for
most practical applications, except for ultra-low latency systems. RAM consumption
significantly increased to 280 megabytes, representing a 6.2-fold increase. This growth is
due to the need to store a significantly larger number of parameters and intermediate
activations during forward and backward passes. CPU load increased to 34%, which still
remains within acceptable limits for modern multi-core systems. Training time was 45
minutes, representing a 5.6-fold increase, due to both the larger number of parameters
and the need for more epochs to achieve stable convergence.

Table 2. Resource consumption and performance characteristics of architectures

Architecture L T M CPU T_tr Relative time
(ms) (cl./sec) (MB) (%) (min) growth
Perceptron 15 6,667 45 12 8 1.0x
4 layers 85 1,176 280 34 45 5.6%
20 layers 270 370 1,024 67 347 43.4x

The ten-layer architecture demonstrated substantial growth in resource
requirements. Prediction latency reached 156 milliseconds, corresponding to 641
classifications per second - a 10.4-fold speed decrease compared to the perceptron.
Memory consumption increased to 512 megabytes, and training time to 142 minutes,
demonstrating accelerated growth in resource costs.

The twenty-layer ultra-deep network showed sharp resource requirements with a
latency of 270 milliseconds, corresponding to only 370 classifications per second (Table
2). Memory consumption reached 1024 megabytes (a 22.8-fold increase), and training
time was 347 minutes (a 43.4-fold increase), demonstrating the exponential nature of
resource cost growth.

MATHEMATICAL ANALYSIS OF ACCURACY SATURATION EFFECT

For a deep understanding of the fundamental patterns of architectural complexity’s
influence on neural network effectiveness, a comprehensive mathematical modeling of
the accuracy saturation effect was conducted. Analysis of experimental data confirmed
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the hypothesis about the logistic nature of the dependence of accuracy on the number of
network parameters, which has important theoretical and practical significance for optimal
architecture design (Figure 1).

The empirical dependence of accuracy on the number of parameters was
approximated by a logistic function of the form:

A(P) = Apmax/{1 + exp[—k - (P — Po)]},

where A .« = 98.5% is the theoretically maximum achievable accuracy for this type of
task k = 2.5 X 107, is the saturation curve steepness parameter, P, = 100,000 is the
inflection point corresponding to half of the maximum accuracy, P is the number of
network parameters.

Statistical approximation showed excellent correspondence to experimental data
with a coefficient of determination R? = 0.9847, confirming the adequacy of the logistic
model for describing the studied patterns (Fig. 1).

A
g
20 layers
96.8%
10 layers
95.6%
g 5% 4layers
- 94.1%
oy
g
3
o
2 — Theoretical curve
w» Experimental data
A
APl = 98.5% ¢
{1 + axp{-k-{P-Pall)
Perceptron
T8.3%
I
B0 \
75% >
100 1K 10K 100K iM

Number of parameters (log scale)

Fig. 1. Demonstration of the accuracy saturation effect with the logistic approximation curve.

Analysis of the first derivative of the logistic function allowed the determination of the
optimal range of parameter numbers for maximum efficiency:

dA
P {Amax - k - exp[—k - (P — P®)]}/1 + exp[—k - (P — PO)]}%

The maximum rate of accuracy improvement is achieved at P = 100,000 parameters,
which approximately corresponds to a ten-layer architecture. When P > 500,000, the
improvement rate falls below 0.01% for every additional 100,000 parameters, making
further complexity economically unfeasible for most practical applications.

The critical point of economic justification is defined as the intersection of the logistic
accuracy curve with the exponential resource cost curve. Mathematical analysis showed
that the optimal architecture is in the range of 10,000-50,000 parameters, which
corresponds to a four-layer network.
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COMPREHENSIVE EFFICIENCY ASSESSMENT OF ARCHITECTURES

For integral efficiency assessment of architectures, a composite indicator was
developed that simultaneously considers classification accuracy, processing speed, and
resource costs. This multidimensional approach allows objective comparison of
architectures with fundamentally different performance characteristics.

The comprehensive efficiency indicator is defined by the formula:

E=(A*xTxRel)/(M X Ty X L),

where A is accuracy, T is throughput, Rel is reliability, M is memory usage, T, is training
time, L is latency.

Calculations showed the following efficiency values:

e Perceptron: E = (78.3% X 6,667 X 0.987)/(45 x 8 x 15) = 75.3

e Four-layer network: E = (94.1% x 1,176 x 0.972)/(280 x 45 x 85) = 9.2

e Ten-layer network: E = (95.6% x 641 x 0.948)/(512 x 142 x 156) = 4.8

o Twenty-layer network: E = (96.8% x 370 x 0.921)/(1,024 x 347 x 270) = 3.4

The results clearly demonstrate that the perceptron has the highest overall efficiency
due to minimal resource requirements, despite lower accuracy. The four-layer network
takes second place, representing an optimal compromise between accuracy and
efficiency for applications with moderate accuracy requirements (Fig. 2).

A

-5

Efficiency formula:
E=(A%x T« Rel)/(Mx T« L)

50

75.3 Optimum: Perceptron

Efficiency indicator

(highest efficiency with minimal
resources)
25

9.2
48

3.4

Perceptron 4 layers 10 layers 20 layers
Architecture

Fig. 2. Comprehensive efficiency of architectures with optimum highlighted.

ANALYSIS OF ACCURACY-RESOURCE RELATIONSHIP

Detailed analysis of the trade-off between classification accuracy and resource
consumption revealed the nonlinear nature of these dependencies with clearly defined
regions of optimal efficiency (Fig. 3). This analysis is critically important for strategic
decision-making when selecting architecture for specific applications.

The mathematical model of the trade-off is described by the optimality curve:

Mope(A) = a- AP + ¢,

where empirically determined constants a = 0.0012, b = 4.7, ¢ = —15.6 characterize
the exponential growth of resource requirements with increasing accuracy.
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Fig. 3. Representation of the accuracy-latency relationship.

The analysis revealed the existence of three distinct regions:

¢ High efficiency region (78-90% accuracy): linear resource growth

¢ Moderate efficiency region (90-95% accuracy): quadratic growth

¢ Low efficiency region (95%+ accuracy): exponential growth

The optimal operating point is located at the boundary between the first and second
regions, corresponding to the four-layer architecture (Figure 3).

CONCLUSION

The comprehensive study of evolutionary integration of neural networks of different
architectural complexity in mathematical computing systems made it possible to obtain
fundamental results that have significant theoretical and practical importance for the
development of a new generation of intelligent computing systems [14].

The developed evolutionary integration methodology provides a scientifically
rigorous approach to the systematic implementation of neural networks of progressive
complexity. Mathematical formalization of the integration process through multi-criteria
efficiency indicators allows evidence-based decision-making about the feasibility of
transitioning to more complex architectures [15]. The proposed quantitative criteria
comprehensively consider not only classification accuracy, but also resource
consumption, reliability, and long-term economic factors.

The experimental study definitively confirmed the existence of a fundamental
nonlinear dependence between architectural complexity and the practical effectiveness of
neural networks in the context of mathematical computations [16]. Mathematical modeling
revealed the logistic nature of the dependence of accuracy on the number of parameters,
with a clearly expressed saturation effect at depths over 10 layers.

The single-layer perceptron demonstrated exceptional resource utilization efficiency
with an acceptable accuracy of 78.3%, making it the optimal choice for resource-
constrained systems and high-throughput applications. Exceptional stability (o = 0.31%)
and minimal resource footprint confirm the feasibility of using the perceptron as the
fundamental basis for evolutionary integration.

The four-layer architecture achieved an optimal balance between accuracy (94.1%)
and efficiency, representing the best point for most practical applications. Significant
accuracy improvement of 15.8% with a moderate increase in resource costs makes this
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architecture the preferred choice for balanced systems with moderate performance
requirements.

The ten-layer network showed diminishing returns with an accuracy of 95.6% at a
substantial increase in resource consumption. The marginal improvement of 1.5% does
not justify the sharp increase in operational costs for most applications.

The twenty-layer architecture clearly demonstrates the effect of excessive
complexity with minimal improvement to 96.8% at exponential growth in resource
requirements [17]. Economic analysis shows a negative return on investment for most
commercial applications.

The critical significance of the study lies in the mathematical proof of the existence of
optimal architectural complexity that minimizes the total cost of ownership while
maximizing practical utility [18]. The established logistic model allows predicting the
effectiveness of arbitrary architectures and optimizing system design in early
development stages.

The practical significance of the results lies in the possibility of scientifically groun-
ded optimization of mathematical computing systems through informed selection of neu-
ral network architecture. The formulated recommendations allow maximizing system effi-
ciency, considering specific constraints and requirements of particular applications [19].

The theoretical contribution of the study includes the development of a
comprehensive mathematical framework for analyzing the effectiveness of evolutionary
integration of neural networks and establishing fundamental laws governing the
relationship between architectural complexity and system performance [20].

The theoretical contribution of the study includes the development of a
comprehensive mathematical framework for analyzing the effectiveness of evolutionary
integration of neural networks and establishing fundamental laws governing the
relationship between architectural complexity and system performance [20].

While this study focused specifically on neural network architectures, future research
will expand to include comparative analysis with traditional machine learning methods
such as Random Forest, SVM, and ensemble approaches, providing a comprehensive
evaluation framework for algorithm selection in mathematical computing systems.

Future research directions include expanding the methodology to alternative
architectures (convolutional, recurrent), investigating adaptive algorithms for automatic
architecture selection, and developing hybrid approaches that combine the advantages of
different model types for specialized mathematical computing applications.
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MOETAMHA IHTErPALIAA HENPOHHUX MEPEX PI3HOI APXITEKTYPU B
CUCTEMAX MATEMATUYHUX OBYUCIIEHDb

Muxaiino baeduc ©'©, Onekciti KywHip 20
Kaghbedpa padioghiauku ma Kom’'tomepHUX mexHorioai,
Jlbgigcbkuli HayioHanbHUU yHigsepcumem imeHi leaHa ®paHka
8yn. ['eH. TapHascbkoeo, 107, 79017, m. Jlbeig, YkpaiHa

AHOTALIA

Bctyn. Po03BUTOK cCcy4acHMX cCUCTEM MatemaTtuyHux obuucneHb noTpebye
eeKTMBHOIO BMNPOBAXXEHHS anropMTMiB MaLLUMHHOIO HaBYaHHS 3 ypaxyBaHHsIM GanaHcy
MK TOYHICTIO NpPOrHO3yBaHHA Ta obuucnioBanbHUMKM pecypcamu. Ocobnueoi yBaru
3acnyroBye MNUTaHHA MOETanHoi iHTerpauii HEeMpPOHHWX MepeX Pi3HOI CKNagHoCTi 3
MiHiMi3auielo pusmkiB 4N BMPOOHMYMX CMCTEM Ta AOCHIAKEHHS edeKTy HAaCUYEHHSs Mpu
36inbLUEeHHi TMMOUHW apXiTekTypu.

Marepianu Ta metogu. MeTol AocnigpkeHHs € po3pobka mMeToaonorii eBONLiHOT
iHTerpauii HEMPOHHUX Mepex Yy cucTeEMax MaTeMaTU4YHMX oBuucneHb 3 MOPIBHANBHUM
aHanizaoM 4YOTUPbOX apxiTEKTyp: NnepuenTpoH, GaraTowapoBa mMepexa (4 wapwu), rmnboka
mepexa (10 wapis) Ta Hagrnuboka apxitektypa (20 wapis). EkcneprMeHTM npoBoannucs
Ha Habopi gaHux 3 45 000 3paskiB Ta 24 xapakTepucTUKamu.

PesynbTaTtn. BuaBneHo norictmyHuii xapakrep 3anexHOCTi TOYHOCTI Bif, CKNagHOCTI
apxiTektypu. NepuenTpoH nokasaB 0a30By TO4YHICTb, GaraTowwapoBa Mepexa nokpawuna
pesynbtaT Ha 15.8%, rmmboka mepexa - Ha 1.5%, Hagrnuboka - nuwe Ha 1.2%. PecypcHi
BMTPaTW 3pOCTanu eKCNOHEHLNHO 3i 30iNbLUEHHAM CKNagHOCTI apXiTekTypu.

BucHoBku. Po3pobneHo MeToaomMorilo NoeTanHoro BpoBaaXEHHS1 HEMPOHHUX Mepex
3 ypaxyBaHHSAM edeKTy Hacu4eHHsI TOYHOCTi. PesynbTaTv nokasyloTb ONTUMarbHICTb
GaraTowapoBmx apxitektyp Ana O6inblwocTi npakTu4HWMX 3agadv. Buasnenun edekt
HaCW4eHHs1 [03BONSE NpMUMaTU OOr'PYHTOBAHI PILLEHHS LWOAO apXiTeKTypHOro Bubopy B
pPEeCypCHO-0OMEXEHUX cucTemax

Knrouyoei crioea: HepoHHi Mepexi, eBontoLiHa iHTerpadis, MaTemaTuyHi 004YncneH-
HS1, IMBOKe HaBYaHHSA, eheKT HaCMYeHHs, ONTUMI3aLis apXiTeKTypu.
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