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Introduction

One of the pressing challenges in the scientific and
technical tasks of signal reconstruction in complex
radio environments is to ensure high accuracy and
model stability. Cognitive telecommunication
networks require adaptive solutions to guarantee
reliable operation in the face of limited spectral
resources and dynamic environments characterized
by not only interference but also signal fluctuations
and delays that can significantly impact data trans-
mission quality.

In practice, when the computational complexity of
a telecommunication system is high due to the
numerous parameters of Volterra kernels, optimi-
zation becomes necessary to enhance reconstruction
accuracy, interference resilience, and to account for
the orthogonality conditions of the parameters. One
effective approach for addressing this challenge is the
optimization of parameters using Lagrange multi-
pliers (or the method of undetermined Lagrange
multipliers) [1, 6-8, 13].

This method allows for the simultaneous consi-
deration of orthogonality, stability, and interference
resilience, ultimately reducing the mean squared error
(MSE) of signal reconstruction. This is particularly
important in nonlinear modeling problems, where the
number of model parameters grows exponentially
with increasing order of the Volterra series. Under
such conditions, ensuring algorithm convergence,
reducing the impact of nonessential components, and
achieving high accuracy of signal reconstruction
become crucial factors for the effective operation of
cognitive networks [4, 9, 12, 14].

In this study, a method for optimizing filtering
parameters using Lagrange multipliers is proposed,
along with an algorithm that includes an iterative
process for finding stationary points of the Lagrange
function and updating parameters using the gradient
descent method. Experimental calculations confirm

the effectiveness of the proposed approach: the use of
Lagrange multipliers significantly reduces the mean
squared error (MSE) of signal reconstruction, while
ensuring stable model operation and reducing the
influence of nonessential components. This improves
the overall efficiency of telecommunication systems
in dynamic and interference-prone environments,
which is characteristic of cognitive networks.

Analysis of recent research and publications

Recent studies have made a significant contri-
bution to the development of signal optimization,
spectrum balancing, and compensation for nonlinear
distortions in telecommunication systems. However,
several unresolved issues remain, including the
adaptability of methods to rapidly changing condi-
tions and their suitability for real-time signal process-
sing, particularly in the context of cognitive radio.

Works [1, 2] focus on optimization methods for
spectrum balancing and analytical signal modeling.
Specifically, [1] proposed the use of Lagrange
multipliers for optimal spectrum balancing in DSL
systems. However, the method is limited in its
applicability to cognitive radio due to insufficient
adaptability to dynamic conditions. Study [2] concen-
trates on the fundamental properties of Volterra
equations, laying the theoretical groundwork but
failing to address practical aspects of real-time signal
processing.

Study [3] analyzes methods for solving second-
kind Volterra integral equations. However, the
proposed approaches are tailored to theoretical
problems and do not consider the specifics of tele-
communication systems.

In [4, 5], approaches to compensating for
nonlinear distortions and creating schemes that
preserve structural properties of systems are explored.
While these works show significant potential, they
are focused on highly specialized tasks and are not
fully adapted for use in cognitive radio.
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Studies [6, 7] emphasize the mathematical aspects
of the Lagrange multiplier method. Despite the high
level of algorithm development, these works do not
provide solutions that could be directly integrated into
spectral analysis systems.

Papers [8, 9, 11] address theoretical and geometric
methods for applying Lagrange multipliers in various
problems, including mechanics and regression
models. These studies are essential for a broader
understanding of the method, but their contribution to
practical tasks in cognitive radio remains indirect.

Results in [10, 12, 15] focus on time-frequency
analysis and the creation of pseudo-random sequen-
ces for interference reduction. These works are pro-
mising for improving spectral efficiency but require
further research on integration into cognitive radio.

In study [13], the application of the Nelder-Mead
method for optimizing the parameters of synthesized
signals was proposed, which effectively reduced
errors during signal recovery. However, the method
has limitations in terms of adaptability to variable
spectral conditions and accounting for the impact of
interference, which diminishes its efficiency in
cognitive networks. Study [14] examined iterative
decoding of LDPC codes using differential evolution,
achieving a reduction in mean squared error and an
increase in decoding speed for short codes. However,
this work did not focus on optimization related to
spectral reconstruction or adaptation to cognitive
radio environment conditions, leaving the question of
the method’s effectiveness in complex radio-
frequency scenarios unresolved.

Thus, despite significant progress in studying
optimization methods and signal processing, the
problem of adapting to the dynamic conditions of
cognitive radio and ensuring real-time processing
remains insufficiently addressed.

Problem Statement

One of the key challenges in ensuring the effective
operation of cognitive telecommunication networks
is adapting models to dynamic spectral conditions,
high levels of interference, and nonlinear signal
distortions. This is particularly relevant for systems
with a large number of parameters, such as those
based on Volterra kernels, where computational
complexity grows exponentially with the order of the
model [2, 3, 6].

Despite advancements in optimization methods,
such as the Lagrange multiplier method, limitations
remain in their adaptability to real-world cognitive
radio conditions. Specifically, the need for rapid
algorithm convergence, reducing the impact of nones-
sential model components, and ensuring interference
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resilience in rapidly changing environments is
insufficiently addressed [1, 4, 7].

Another critical issue is balancing signal recon-
struction accuracy and model stability, especially as
signal fluctuations and delays in cognitive networks
increase. Research indicates that reducing the mean
squared error (MSE) while maintaining parameter
orthogonality are essential factors for improving
system performance under these conditions [5, 8, 12].

Thus, there is a need to develop approaches that
optimize model parameters while ensuring adapta-
bility to dynamic conditions, resilience to interfe-
rence, and minimizing the influence of nonessential
components. This will enhance the efficiency of
telecommunication systems in cognitive networks
[9, 10, 11].

The purpose of the article

The purpose of this article is to develop a method
for optimizing the parameters of signal models that
ensures high reconstruction accuracy and resilience to
interference in cognitive telecommunication networks.
The proposed approach accounts for adaptability to
dynamic environmental conditions, minimizes the
mean squared error (MSE), and reduces the influence
of nonessential model components.

Summary of the main material

To achieve this goal, the mathematical optimiza-
tion problem is formulated as [1, 2]:

min L(H,A) = min(J(H) + Xxlq Aegie (H)) - (1)

where J(H) —is a loss function defined based on the
mean squared error (MSE) [1,8]:

N
1
ja) = N(E(yi - y»Z) @
i=1

where N — is the set of Volterra kernel parameters;
v;,¥; — are the input and reconstructed signals,
respectively; L (H,A) — is the Lagrangian function,
where A, are Lagrange multipliers that account for
parameter constraints.

The constraint functions g,(H) =0 include
orthogonnality and interference resilience conditions
[4, 10].

To ensure the stable operation of the algorithm, a
normalization condition ||H||?> = 1 is also calculated.
This condition prevents excessive growth of the
Volterra kernel parameters, which can lead to
instability during optimization.

The optimization procedure consists of two main
stages:

1 Stage. Finding stationary points of the Lagrangian
function by solving a system of equations where the
gradient of the function equals zero, which is a
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necessary condition for locating the minimum of the
function [3, 4,10]:

(OL(H,X)
oH
OL(H,}) 0’ 3)
| o,
kk =1,2,...,m
OL(H,\) . . I
where —n is the partial derivative of the

Lagrangian function L with respect to the parameter
H, used to calculate stationary points of a multi-
variable function (ordinary derivatives are used for
single-variable functions).

2 Stage. Determining the values of the Volterra
kernel parameters H and the Lagrange multipliers A
that minimize the loss function while satisfying all
specified constraints.

To update the Volterra kernel parameters and
Lagrange multipliers in this study, the gradient
descent method is used [13, 14]:

dL(H,)\)
g+ — glo _ 20N 4)
naL(?JH)\) |

where 1 — is the optimization step size that determines
the rate of parameter updates.

The block diagram of the algorithm for optimizing
filtering parameters using Lagrange multipliers to
ensure orthogonality and stability of signal recons-
truction is presented in Fig. 1.

The main steps of the algorithm include the
following:

Stage |. Parameter initialization.

At this stage, the initial set of Volterra kernel
parameters Ho is selected, and initial values for the
Lagrange multipliers Ao and the convergence criteria
€0 are set. Initialization enables the optimization
process to start with initial approximations. Setting
the initial values of the Volterra kernel parameters Ho
allows the algorithm to iteratively refine these
parameters to minimize the signal reconstruction
error. The initial values of the Lagrange multipliers Ao
are necessary to account for orthogonality and
interference resilience conditions from the very first
iteration. The convergence criteria eo define the
accuracy threshold of the algorithm, upon reaching
which the iterations are terminated as convergence
(the optimal solution) is achieved.

Stage 1. Computation of the Lagrangian function
(formulas 1-2).

At this stage, the Lagrangian function is evaluated
to determine its current value. The function integrates
two critical aspects of the optimization process. First,
it considers the accuracy of signal reconstruction by
minimizing the mean squared error (MSE), ensuring
that the reconstructed signal closely approximates the
original input signal. Second, it incorporates additional
constraints, such as maintaining the orthogonality of
the Volterra kernel parameters, which helps prevent
redundancy and ensures better separation of frequency
components. Additionally, the function enforces resilience
to interference, ensuring that the reconstructed signal
remains stable and accurate even in the presence of
external noise.

Stage Ill. Computation of partial derivatives
(formula 3).

The goal of the third stage is to identify stationary
points where the gradient of the function equals zero,
which is a necessary condition for finding the minimum
of the function. While gradient-based methods are often
employed for parameter optimization tasks, alternative
methods may also be used, depending on the complexity
and nature of the problem.

1. Newton’s method. This approach involves
computing the Hessian matrix (a matrix of second
derivatives) to obtain more precise information about
the curvature of the function, thereby facilitating the
search for its minimum. Newton's method is
particularly effective for achieving convergence in
problems where the computation of second derivatives
is feasible and beneficial [1, 7, 9, 13].

2. Levenberg—Marquardt method. This hybrid
approach combines gradient descent with second-
order approximations, similar to Newton’s method. It
is particularly well-suited for nonlinear problems,
balancing convergence speed with robustness to local
minima [5, 11, 12, 13].

3. Optimization methods without derivative com-
putation. Techniques such as the Nelder—-Mead
method or differential evolution are applied in cases
where calculating derivatives is difficult or
impossible. These methods optimize the function
through iterative approximations and do not rely on
gradient information [6, 13].

The block diagram of the algorithm is presented in
Fig. 1
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Fig. 1. Block diagram of the optimization algorithm using Lagrange multipliers

Stage IV. Updating the Volterra kernel parameters
H and the Lagrange multipliers A. At this stage, the
parameters are updated based on the previously
computed partial derivatives. The updates are
performed using an optimization method (e.g.,
gradient descent) to minimize the loss function J(H).
This iterative process allows the error in signal
reconstruction to be reduced progressively with each
iteration while ensuring the constraints on the kernel
parameters are satisfied [1, 7, 13].

Stage V. Convergence condition check.

The convergence condition is verified using the
formula [6, 11]:

() —J(H )| < e ©)

where J(H*) - is the loss function value at the k-th
iteration, € — is the convergence criterion (accuracy
threshold).

This check evaluates the reduction in the loss
function value between consecutive iterations relative
to the set threshold. If the convergence condition is
satisfied, the iterations terminate as the algorithm has
reached its optimal solution. If the condition is not
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met, the process returns to Stage Il to recompute the
Lagrangian function.

The optimization of parameters using Lagrange
multipliers enables minimizing the reconstruction
error by incorporating the orthogonality of the \olterra
kernel parameters. This reduces mutual interference
among model components, thus impro-ving model
stability and resilience to interference [4, 10].

To verify the effectiveness of the proposed
optimization algorithm using Lagrange multipliers,
calculations were performed, and dependency
analyses were conducted. The purpose of the
experiment is to justify the efficiency of reducing the
mean squared error (MSE) during the optimization
process for different signal-to-noise ratio (SNR)
values using various optimization methods (Fig. 1).
Additionally, the calculations accounted for the
fulfillment of conditions ensuring stability and
orthogonality of the Volterra kernel parameters under
conditions of radio interference.

The experiment was conducted for 4G LTE and
5G NR technologies. For each technology, the
efficiency of error reduction was evaluated at various



HaykoemHi TexHonorii Ne 1(65), 2025

73

SNR values (ranging from -4 dB to 10 dB),
demonstrating the adaptability and robustness of the
proposed optimization algorithm (tabl. 1, 2; figs. 3, 4).
Each graph illustrates the dependence of the loss
function J(H), defined based on the mean squared

error (MSE), on SNR values when using the follo-
wing optimization methods: Lagrange multipliers,
Newton's method, Levenberg-Marquardt algorithm,
and Nelder-Mead method [13].

Table 1 — Comparison of optimization methods based on MSE performance (4G LTE)

SNR (dB) (MSE) Method
Lagrange Multipliers Newton’s Levenberg-Marquardt Nelder-Mead
-10 0,721 0,686 0,753 0,772
-6 0,585 0,552 0,612 0,645
-2 0,462 0,443 0,485 0,512
2 0,365 0,359 0,383 0,413
6 0,274 0,264 0,291 0,321
10 0,211 0,203 0,226 0,256
14 0,161 0,154 0,172 0,203

Table 2 — Comparison of optimization methods based on MSE performance MSE (5G NR)

SNR (dB) (MSE) Method
Lagrange Multipliers Newton’s Levenberg-Marquardt Nelder-Mead
-10 0,975 0,988 1,005 1,116
-6 0,783 0,795 0,812 0,935
-2 0,512 0,538 0,563 0,684
2 0,334 0,354 0,367 0,482
6 0,224 0,238 0,247 0,353
10 0,178 0,189 0,195 0,286
14 0,161 0,154 0,172 0,203

4G LTE: Loss Function J(H) vs. SNR
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Fig. 2. Comparison of Optimization Methods

for 4G LTE Technologies
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The analysis of Fig. 2 and Table 1 demonstrates
that the Lagrange multipliers method delivers the best
results for high SNR values (above 5 dB). The MSE
for the Lagrange method decreases more consistently
and achieves the lowest values compared to other
methods. At SNR = 20 dB, the mean squared error is
approximately 0,05, which is 15-20 % lower than that
of Newton's method and 30 % lower than that of the
Nelder-Mead method. This indicates that for 4G LTE,
the Lagrange multipliers method is an effective tool

5G NR: Loss Function J(H) vs. SNR
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Fig. 3. Comparison of Optimization Methods
for 5G NR Technologies

for ensuring high signal recovery accuracy, particularly
in conditions with a high signal-to-noise ratio.

Newton's method, however, outperforms the
Lagrange method in the SNR range of -5 to 5 dB. At
SNR = 0 dB, Newton's method achieves a mean
squared error of approximately 0,25, which is 10%
lower than that of the Lagrange method. This suggests
that Newton's method is more efficient in scenarios
with low signal-to-noise ratios for 4G LTE
technology.
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The Levenberg-Marquardt method demonstrates
similar results to the Lagrange method but shows
slightly lower stability at high SNR values. On
average, the efficiency of this method is 5-10 % worse
than the Lagrange method when SNR exceeds 10 dB.

The Nelder-Mead method shows the poorest
performance among the methods presented in the
experiment. It exhibits high mean squared error,
particularly at high SNR values. At SNR = 20 dB, the
error for the Nelder-Mead method is approximately
0,1, which is about 40-50 % higher than that of the
Lagrange method. This proves that the Nelder-Mead
method is inefficient under 4G LTE conditions.

Thus, for 4G LTE, the Lagrange multipliers
method is the most effective in ensuring signal
stability and reducing mean squared error at high
SNR values. The Levenberg-Marquardt method can
be used as an alternative when rapid convergence is
needed. However, due to its high error rates, the
Nelder-Mead method is suitable only for limited
cases where signal quality requirements are less
stringent.

Experimental calculations for 5G NR (Figs. 3 and
Table 2) confirm that the Lagrange multipliers
method achieves the best performance for high SNR
values exceeding 10 dB. Specifically, the mean
squared error (MSE) for the Lagrange method is
5,3-10,5 % lower than that of Newton's method and
10,3-15,7 % lower than that of the Levenberg-
Marquardt method. This demonstrates the high
robustness of the Lagrange method in noisy
conditions, which is critical for data transmission in
5G NR networks.

The Levenberg-Marquardt method produces
results close to those of the Lagrange method but
exhibits lower stability at high SNR values,
particularly above 15 dB. On average, its efficiency
is 5,5-10,5 % worse than that of the Lagrange method
under high SNR conditions.

Newton's method also performs reasonably well
but shows higher error rates at high SNR values
(above 10 dB), with MSE being 5,4-15,7 % greater
than that of the Lagrange method.

The Nelder-Mead method yields the worst results,
with significantly higher error rates, especially at high
SNR values. At SNR =20 dB, the mean squared error
is approximately 0,25, which is 40-50 % higher than
that of the Lagrange method. This indicates that the
Nelder-Mead method is insufficiently effective for
5G NR networks under conditions of high noise
levels.

Conclusions

The conducted calculations and comparative
analysis confirmed that optimization using the
Lagrange multiplier method is effective for both
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mobile communication standards, 4G LTE and
5G NR. Specifically, at high SNR values, this method
achieves a mean squared error (MSE) that is 10-15 %
lower than that of Newton’s and Levenberg-Marquardt
methods and 40-50 % lower than that of the Nelder-
Mead method.

For 4G LTE technology, the Lagrange method
provides high stability and optimization accuracy
even under significant interference conditions. It
effectively minimizes the mean squared error,
particularly at SNR>10 dB, and demonstrates
consistent error reduction even in adverse conditions.
In such scenarios, the error for the Lagrange method
is 15-20 % lower than for other methods, making it
areliable tool for ensuring data transmission accuracy
in 4G LTE.

For 5G NR, the conditions are significantly more
challenging due to higher demands for adaptability
and algorithm robustness in complex radio-frequency
environments. The Lagrange method exhibits
effectiveness at high SNR values; however, achieving
stability comparable to 4G LTE requires further
adaptation. For instance, at SNR > 10 dB, the error of
the Lagrange method is 5,3-15 % lower than that of
Newton’s and Levenberg-Marquardt methods. This
demonstrates its efficiency, yet the complexity of 5G
NR networks necessitates additional approaches to
account for the variable characteristics of the radio
environment.

Future research should focus on improving the
Lagrange method to adapt it to the challenges of 5G
NR networks, particularly addressing the higher data
transmission speed requirements and the increased
variability of radio-frequency characteristics. Studies
could also explore integrating the Lagrange method
with hybrid approaches that combine the strengths of
classical algorithms and modern optimization
methods, such as machine learning algorithms. Such
integration could ensure even greater efficiency and
accuracy in future telecommunication systems.
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Komap O. M., llepeus K. T'.
METO/ OITUMI3BAIIIL TIAPAMETPIB CUTHAJIIB 3 BAKOPUCTAHHSIM
MHOKHHUKIB JIAT'PAHXA

Y emammi pospobneno memoo onmumizayii napamempis CueHaie 3a 00NOMO2010 Memooy MHONCHUKIS Jlazpanca
onst  3a0e3neyeHHss  BUCOKOI  MOYHOCMI  PEKOHCMPYKYIL  CUeHANie ma  3a68a00CMIUKOCMI Y  KOSHIMUGHUX
menexoMyHikayitinux mepesicax. Poszensanymo ocnoeni npoonemu, nos a3ami 3 adanmayieio 00 OUHAMIYHUX CNEKMPATLHUX
VMO8, BUCOKUM pisHeM inmepghepenyii ma HeniHiliHuMu cnomeopenHamu cueanie. Ha ocnosi amanisy cyuachux
00CNiOdNCeHb  ODIPYHMOBAHO HEOOXIOHICIb  6NPOBAONCEHHS. 3ANPONOHOBAHO20 Memoody, SKUU 6paxosye YMOGU
opmozonanvnocmi napamempie siopa Bonemeppa ma 3abesneuye cmitikicmb anizcopummy 6 yM08aAX OUHAMIYHO2O
paodiocepedosuwya.

3anpononosanuti memoo onmumizayii 0036017€ MiHIMIZyeamu  cepeOHbokgaopamuuHy noxubky (MSE)
PDEKOHCMPYKYIT CUCHANIB, 3MEHWUMU 6NIUE HECYMMEBUX KOMNOHEeHmMie MoOeli ma Rniosuwumu CcmaobiibHicmy
aneopummy. Ha eiominy 6i0 mpaouyitinux memoodis, maxkux ax memoou Heromona, Jlesenbepea-Mapkeapoma ma
Henoepa-Mioa, memoo Jlacpansca 3abe3neuye egpexmusne 0ocacHenHs Hu3bKux suauenv MSE, ocobauso 3a sucoxux
3HAaueHsb iOHoweH s cueHan-uym (SNR).

Hosedeno, wo 6nposadscenns 3anponoHo8aHO20 Memody Onmumizayii cymmego nioguwye egexmusHicms
menexoMyHikayitinux cucmem sik onsi cmanoapmy 4G LTE, max i 0ns1 5G NR. J[nss 4G LTE memoo 3abe3neuye cmadinoHy
DEKOHCMPYKYIIo CUSHATY HABIMb 3a YMO8 3HAUHOT inmep@epenyii. Exchepumenmu nokazanu, o cepeoHboK8aopamuina
noxubka (MSE) snuocyemocs na 15-20 % y nopisusinui 3 memooamu Hviomona ma Jlesenbepea-Mapkeapoma i na
40-50 % y nopisnanui 3 memooom Hendepa-Mioa.

na 5G NR, Ode ymogu € 3HAYHO CKIAOHIWMUMU Uepe3 OUHAMIUHI CHeKMpANbHi 3MIHU MA 6UCOKULL piBeHb
iHmepgepenyii, memoo noOKaA3ye BUCOKY egexmusHicmsb npu eucoxomy pieni SNR, cepeoHbokgadpamuyna noxudKa
smenwyemscs na 10-15 % y nopienanni 3 memooamu Heiomona ma Jlegenbepea-Mapkeapoma. Ilpu Huzbkux sHaueHHsax
SNR epexmugnicmv 3HUHCEHHSA NOXUOKU 3MEHULYEMBbCS Yepe3 CKAAOHI YMO8U padiocepedosuiyd, XapaKxmepHi Oisi Mepexc
HOB020 NOKONIHHS.
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Excnepumenmanvha oyinka i nopieHsibHUull ananiz NOKA3amu, wo memoo Jlazpanica € Hatbinvu epexmugnum 0ns
00csieHeHHs. cmabOiibHOT PEKOHCMPYKYIL CUSHANIE Y KOSHIMUBHUX Mepedcax 3a sucokux pienie SNR. I[Ipome ons mepedic
5G NR, epaxoeyrouu ixni niosuugeHi sumocu 00 aA0ANMUBHOCHI, He0OXIOHO noOaibule 800CKOHANEHHI Memooy Ol
3abesneuenns cmabineHocmi, ananociynoi docsenymin y 4G LTE.

KnrouoBi cnoBa: KorHiTvBHe pagiocepeaoBulle, MiABULLEHHS 3aBagoCTiMKOCTi, MeToAn onTuMisauii, BigHOLEHHS
curHan-wym (SNR), pekoHCTpykuia curHanis, optoroHanbHicte, 4G LTE, 5G NR, metog MHoOxHwukiB JlarpaHxa,
cepefHboKkBagpaTuyHa noxubka (MSE).

Komar O., Perets K.
THE METHOD FOR OPTIMIZING SIGNAL PARAMETERS USING LAGRANGE
MULTIPLIERS

This article presents a method for optimizing signal parameters using the Lagrange multiplier method to ensure high
accuracy of signal reconstruction and interference resilience in cognitive telecommunication networks. The study
addresses key challenges related to adapting to dynamic spectral conditions, high levels of interference, and nonlinear
signal distortions. Based on an analysis of recent research, the necessity of implementing the proposed method is
substantiated. This method considers the orthogonality conditions of Volterra kernel parameters and ensures algorithm
stability in dynamic radio environments.

The proposed optimization method minimizes the mean squared error (MSE) of signal reconstruction, reduces the
influence of nonessential model components, and enhances algorithm stability. Unlike traditional methods, such as
Newton’s, Levenberg-Marquardt, and Nelder-Mead methods, the Lagrange multiplier method effectively achieves lower
MSE values, particularly at high signal-to-noise ratio (SNR) levels.

It has been demonstrated that the implementation of the proposed optimization method significantly improves the
efficiency of telecommunication systems for both 4G LTE and 5G NR standards. For 4G LTE, the method ensures stable
signal reconstruction even under significant interference. Experiments have shown that the MSE is reduced by 15-20 %
compared to Newton’s and Levenberg-Marquardt methods and by 40-50% compared to the Nelder-Mead method.

For 5G NR, where conditions are significantly more challenging due to dynamic spectral changes and high
interference levels, the method demonstrates high efficiency at high SNR values, reducing MSE by 10-15 % compared to
Newton’s and Levenberg-Marquardt methods. At lower SNR levels, the efficiency of error reduction decreases due to the
complex radio environment characteristic of next-generation networks.

Experimental evaluation and comparative analysis have confirmed that the Lagrange multiplier method is the most
effective for achieving stable signal reconstruction in cognitive networks under high SNR levels. However, further
refinement of the method is necessary for 5G NR networks to meet their heightened adaptability requirements and achieve
stability comparable to that in 4G LTE.

Keywords: cognitive radio environment, interference resilience enhancement, optimization methods, signal-to-noise
ratio (SNR), signal reconstruction, orthogonality, 4G LTE, 5G NR, Lagrange multiplier method, mean squared error (MSE).
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