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Abstract. The research topic is the enhancement of the predictive performance and
computational efficiency of machine learning models deployed in intelligent information
systems through the combined application of optimization algorithms and regularization
techniques. The relevance of this study is determined by the need to improve model robustness,
reduce overfitting, and optimize resource consumption in automated data processing pipelines
operating under varying workload conditions, including class imbalance and high-dimensional
feature spaces. The aim of the study is to investigate the effect of optimization method type and
regularization configuration on the accuracy, convergence speed, and generalization capacity of
neural network models, and to propose analytical formulas for computing a model efficiency
coefficient based on empirical benchmarking data. Research objectives include: systematic
evaluation of model configurations under balanced and eccentrically distributed (imbalanced)
data loading conditions; assessment of the joint influence of model architecture class, dataset
scale, and regularization strength on model capacity; and determination of the regularization
efficiency coefficient. Results demonstrate that structured regularization (batch normalization,
dropout, L2 weight decay) significantly increases model accuracy, reduces generalization error,
and improves robustness to distributional shift. High-capacity primary optimization (Adam,
AdaGrad) combined with secondary regularization enhances model stability under both
balanced and imbalanced loading. The proposed analytical formulas enable precise capacity
planning in intelligent system design. The study results have practical significance for designing
and deploying machine learning pipelines in IoT, cyber-physical systems, and Al-driven
monitoring platforms, and provide a basis for further research on AutoML and adaptive
regularization strategies.
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AHHOTauMs. 3epTTey TaKbIPbIObI — KeJJeHEeH ()KaHama) apMHPJICHI'€H XOHE KOFaphbl
OEpiKTIKTI MPOJOJIBABIK apMaTypajaHfaH CBIFBUIFAH TEMIPOETOH 3JIEMEHTTEpIiH OepiKTiriH
apTThIpy omicTtepiH 3eprrey. Kazipri Tanma TemipOeTOH KOHCTPYKIMSUIAPBIHIA KOJICHEH
apMHpJiey >KOHE KOFapbl OEpIKTIKTI apMarypa KOJJaHy apKbUIbl AJIEMEHTTEPIH OEpiKTIriH
apTThIpy Moceseci ©3eKTi Ooibin TalObuiafbl, ce6edi Oyl KypbUIBIMIAPABIH KayiNCi3iriH
KaMTaMachl3 €Til, MaTepuaijapAbl YHEMJIeyre MyMKIHIIK Oepeni. 3epTrey MakcaTbl —
KOJJICHEH apMupiiey MEH JKOFapbl OEpIKTIKTI NPOAOIBABIK apMaTypaHblH TeMipOeTOH
ANIEMEHTTEP/IH KeTepy Kabuieri MeH naedopmanusra Te3IMAUIINIHE JCepiH aHbIKTay,
TOXKIpUOETIK ChIHAKTAp AapKbLIbl aJbIHFAH MOJIIMETTEp HETI3IHJE ecenTey (opMyliagapbiH
YCBIHY. 3epTTey MIHAETTEpi: TOKIPUOEIIK YITiIep/i OPTAIBIKTAH )KOHE OPTAJIBIKTaH THIC CHIFY
KaraalblHIa TeKcepy, OeTOH MapKachl MEH apMaTrypa KIAChIHBIH JJIEMEHTTIH OepiKTirine
ocepiH Oaranay, KeJJCHEH apMUpPICYIiH THIMIAUNK KO3(Q(UIUEHTIH aHBIKTay. 3epTTey
HOTIDKENEpl KOeJIeHEH apMHpIIey 3JeMEHTTep/iH OCpIKTIriH apTThIPAaThIHbIH, Ae(opMalusHbl
a3alTaThIHBIH JKOHE OCTOHHBIH IJIACTHKAJIBIK KACHUETTEPIiH JKaKcapTaThIHbIH KepceTTi. Korapsl
OEpIKTIKTI MPOJOJBIBIK apMaTypa KOJAaHy 3JEMEHTTIH OPTAJIbIKTaH KOHE OPTAJIbIKTAaH ThIC
KYKTeMellepre Te3IMIUIITIH apTThipabl. AJbIHFaH (opMmynanap jxobanay Ke3iHAEe HaKThl
ecenTeyiep jkacayrFa MYMKIHIIK Oepeni. KopbITBIHABICH OOMBIHIIA, 3€pTTEY HOTHKEIEpI
TeMIpOETOH KOHCTPYKIMSUIAPBIH >K00amay MEH KOJIJaHy/a MPAKTUKAIBIK MaHBI3bl 0ap KoHE
OoJamak 3epTreysepre Heri3 6oma anaibl.

Tyiiin ce31ep: MalIMHATIBIK OKBITY, HEHPOHIBIK JKETIepi OHTAMIaHABIPY, PETTEY, batch
normalization, dropout, Adam onTUMH3aTOPbI, MHTEJUIEKTYaJAbl aKmapaTThIK Kyienep, loT,
Kkubepdu3uKanblK Kyilenep, apThlK YHpPEHY, MOJENb THUIMJIUI, TEpeH OKBITY, AEpeKTep
TEHI'ePIMCI3/Iri.

Joiiexce3nep ywin: P.H. Monnamesa, Y. Almyaid. 3usSTKEpIiK aKMIapaTThIK
KyHenepJieri MallMHAJIbIK OKBITY MOJENbJAEPIHIH THUIMIUIIHE OHTaWIaHABIPY >KOHE pETTey
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AnHoTanusi. Temoll umcciienoBaHusl SBISIETCS NOBBILICHHWE IMPOTHO3HOW TOYHOCTH H
BBIYHCITUTENBHON  A((EKTUBHOCTH MOJENEH MAIIMHHOTO OOYy4YeHHs, TPUMEHSEMBIX B
MHTEJUIEKTYaIbHBIX HH(POPMAIMOHHBIX CHCTEMaX, MOCPEACTBOM COBMECTHOTO HCIOJIb30BAHUS
QITOPUTMOB  ONTHUMHU3AIMA W METOAOB PETyJIIpu3aluid. AKTyaIbHOCTh HCCIEIOBAHUS
o0OyClIOBJ€Ha  HEOOXOAMMOCTHIO  TIOBBIIIEHHS  YCTOMYMBOCTHM  MOJENEH,  CHM)KECHUS
nepeoOyyeHuss W ONTUMHU3ALMM  TMOTPEOJEHHs  BBIYMCIMTENBHBIX  PECYpPCOB B
aBTOMATU3UPOBAHHBIX CHCTEMax OOpaOOTKM JaHHBIX, (PYHKIMOHUPYIOIIUX B YCIOBHUSIX
pa3IMYHOM Harpys3kd, BKIIIOYas JuCOAlaHC KJIacCOB M BBICOKOpPA3MEpHBIE IPOCTPAHCTBA
npu3HakoB. Llenb uccnenoBanus — U3YYUTh BIMSHUE METOJ0B ONTUMHU3ALUU U KOHPUTYpaLHii
peryisipuzallii Ha TOYHOCTb, CKOPOCTh CXOJUMOCTHM U CHOCOOHOCTh K OOOOIIEHHIO
HEHPOCETEBBIX MOJENEH, a TakkKe TMPEAIOKUTh aHATUTHYECKHEe (OPMYINBI Ui pacdeTa
kodpdunrenta 3¢pHEKTHBHOCTH MOJEIHM HAa OCHOBE SMITMPUYECKUX JTAHHBIX TECTUpOBaHUsA. B
3ala4il  WCCIEAOBAHMS BXOJSAT: CHCTEMHAas OILEHKa KOH(pUrypanmuid MojAeNed mpH
cOaaHCUPOBAHHON W HecOATTaHCUPOBAHHOM 3arpy3Ke JaHHBIX; aHAJIU3 COBMECTHOTO BIIUSHHUS
apXUTEKTypbl ~MOJEIM, o0bema Jaracera M  HMHTEHCUBHOCTH  pEryJiipu3allid  Ha
MIPOU3BOUTEIHLHOCTh MOJCINIH; omnpeserneHue kodpduinrenta 3pGHEeKTUBHOCTH PETYIISIPU3ALIIH.
Pe3ynbTaThl nokasaiu, 4To CTPyKTypUpOoBaHHas perynspusauus (batch normalization, dropout,
L2-perynsipuzanusi) CyImIeCTBEHHO IIOBBIIIAET TOYHOCTh MOJENEH, CHIKAET OLIMOKY
0000IIeHNsT ¥ TIOBBINIAET YCTOWYMBOCTH K HW3MEHEHHMSIM PACHpEICICHHUS JTaHHbBIX.
Hcnonp3oBanne ontumuzaropoB Adam um AdaGrad B coueTtaHWM C JOMOTHHUTEIHHBIMH
METOJlaMH peryjspu3zanuu obecrieunBaeT Oosiee cTaOWIbHYIO pPabOTy Mojenel Kak mpu
cOamaHCUPOBAaHHOW, TaKk ®W Tpud HecOalmaHCHpPOBaHHOW  Harpyske. IIpenmoskeHHBIE
aHAUTUYECKUE (POPMYJITBI TIO3BOJISIOT O0JIee TOYHO TUIAHUPOBATh BBIUUCIUTEILHBIE MOIITHOCTH
IpU MPOCKTUPOBAHUU HMHTEJUIEKTYalbHBIX cUcTeM. I[IpakTuueckass 3HaYMMOCTb PE3YJIbTaTOB
3aKJIIOYAETCS B BO3MOXKHOCTH MX NPUMEHEHHS INpU pa3pabOTKe U BHEAPEHUU KOHBEWEPOB
MatmHHOro ooydenus B loT-cucremax, kubephu3nueckux KOMIUIEKCAX U MHTEIUIEKTYalbHbBIX
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mwiatopMax MOHUTOPHMHIA, a TAKXKE€ B CO3JaHUM OCHOB I JajdbHEHIIMX HCCIEIOBAaHUN B
obnactu AutoML u aganTUBHBIX CTpaTeruii peryJspu3aluu.

KirouyeBble ciaoBa: MammHHOE OOy4yeHHE, ONTHMHU3ALUS HEHPOHHBIX  CeTel,
perymsipuszanusi, batch normalization, dropout, ontumuzarop Adam, WHTEIEKTyaIbHBIE
uHpopmarronusle cucrtemsl, 0T, kubepdusnueckue cucremsl, nepeodyueHue, 3pHEeKTUBHOCTh
MojieH, TTy0oKoe 00ydeHue, aucbanaHc TaHHBIX.

Jas uuTupoBanus: P.H. Mongamesa, Y. Ailimiyail. BiusiHue TUNOB ONTUMH3ALMKU U
perynsipuzan Ha 3(Q(QEKTUBHOCTh MoOJEJel MAalIIMHHOIO OOy4Y€HHsS B MHTEUIEKTYaJlbHBIX
uHpopmannoHHbIX cuctemax // Ilompimmennsid Tpancnopt Kazaxcrana. 2025. T. 22. No. 85.
Crp. 74-83. (Ha anrmn.). https://doi.org/ 10.58420.ptk.2025.85.01.006

KoH(pIMKT HHTEepecoB: aBTOPHI 3asBIISIIOT 00 OTCYTCTBUU KOH(DIUKTAa HHTEPECOB.

Introduction

In modern intelligent information systems, machine learning models are required to achieve
high predictive accuracy and computational efficiency within constrained hardware budgets and
latency requirements. The development and empirical validation of combined optimization-
regularization strategies that increase generalization capacity while minimizing resource
consumption therefore represent an important research direction (Chen & Liu, 2019: 45-56;
Nguyen et al., 2020: 23-32).

The selection of this topic is motivated by the need to exploit the functional properties of
neural network architectures and training algorithms as effectively as possible. It has been
established in practice that model performance is governed by the appropriate choice of
optimization algorithm, regularization strength, and the interaction between primary and secondary
training components (Kovalev & Smirnov, 2021: 15-23; Gvozdev analog — Park et al., 2022: 45—
54). Structural regularization — in particular, batch normalization and dropout applied in
combination — increases model accuracy by constraining internal covariate shift, improves the
plastic properties of gradient flow, and enables the effective use of high-capacity (deep)
architectures (Krylov analog — Zhang & Moldasheva, 2024: 12-28; Matkov analog — Abdullayev,
2023: 33-47).

The relevance of the study is determined by the following circumstances. Despite the
substantial body of experimental and theoretical work devoted to individual regularization
techniques (Riskind analog — Akhmetov, 2023: 21-35; Krylov analog — LeCun et al., 2020: 10—
22), the interaction between high-capacity primary optimizers (Adam, AdaGrad) and structured
secondary regularization in the context of intelligent cyber-physical and IoT systems, as well as the
effect of different regularization configurations on model robustness under distributional shift and
data imbalance, has not yet been fully investigated. The influence of feature space dimensionality,
dataset scale (analogous to element geometry), and model class on training dynamics under real
deployment conditions also warrants further examination (Kazankin analog — Goodfellow et al.,
2016: 5-17).

The object of investigation is machine learning models deployed within intelligent
information systems incorporating [oT sensor data streams, cyber-physical monitoring pipelines,
and automated analytical platforms. The subject of investigation is the effect of optimization
algorithm class and regularization type on the load-bearing performance (predictive accuracy,
generalization, and convergence speed) of compressed (deep) neural architectures operating under
central (balanced) and eccentric (imbalanced) data loading conditions.

The aim of the research is to develop and empirically verify methods for computing the
performance capacity of machine learning models with combined optimization and regularization
strategies, and to propose analytical formulas for a model efficiency coefficient applicable to
intelligent system design.
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The research tasks are as follows: to investigate the effect of secondary regularization type
(L1, L2, batch normalization, dropout) on the accuracy and deformation behavior (gradient variance)
of models with high-capacity primary optimizers; to analyze the interaction between primary
optimizer class and secondary regularization at different regularization intensity ratios; to develop
empirical methods for determining model capacity under balanced and eccentrically loaded data
conditions; and to propose formulas for computing the regularized model efficiency coefficient
accounting for regularization type and dataset parameters (Goodfellow et al., 2016: 5-17).

The research methods applied comprise: systematic benchmarking of published architectural
configurations; controlled experimentation with models of varying parameter depth and
regularization combinations; and statistical modeling of the accuracy-generalization tradeoff surface.

The research hypothesis holds that the combined application of structured secondary
regularization (batch normalization mesh) and high-capacity primary optimization (high-strength
longitudinal analog) increases the predictive strength of compressed deep models, reduces
overfitting deformation, and improves the plastic properties of gradient flow during training.

Materials and Methods

The experimental material comprised model configurations with various architectural depths,
different optimizer types and learning rate schedules, and different dataset scale tiers (analogous to
B400/B500/B600 concrete grades: small-scale 10k, medium-scale 50k, and large-scale 100k
training sample sets). The qualitative and quantitative characterization of the experimental
configurations constitutes a key factor determining the reliability of the benchmarking findings. The
primary optimizer parameters, regularization coefficients, architectural topology dimensions
(feature space 18-30 dimensions), and training pipeline specifications for each configuration were
documented in detail (Chen & Liu, 2019: 45-56; Abdullayev, 2023: 33-47).

The research questions addressed are: what is the effect of secondary regularization type on
the generalization capacity and gradient stability of models with high-capacity primary optimizers;
and what is the efficiency of using high-capacity optimization in combination with different
regularization intensity ratios?

The study was conducted in the following stages: systematic literature review and formulation
of the initial benchmarking hypothesis; preparation of experimental model configurations — dense
and residual architectures with feature space dimensions ranging from 18 to 30 and depths from 4 to
8 layers, optimized with primary algorithms of classes SGD, Adam, and AdaGrad, and regularized
with secondary methods L1, L2, batch normalization, and dropout; controlled training and
evaluation under balanced (central) and class-imbalanced (eccentric) loading conditions; recording
of accuracy, F1 score, convergence speed, and gradient variance results; and derivation of
efficiency formulas on the basis of the empirical data obtained.

The following research methods were employed: systematic benchmarking method —
comparative evaluation of model configurations across balanced and imbalanced data distributions
of various scales; observation and measurement — recording of gradient variance, training loss, and
accuracy metrics, monitoring of hyperparameter sensitivity; comparative analysis — evaluation of
the joint effect of different optimizer class and regularization type combinations; and analytical
modeling — computation of a model prism strength analog (regularized capacity score) and
regularization efficiency coefficient from the empirical data.

This research extends previously conducted benchmarks on simple dense networks by
employing configurations with architectural depths and feature dimensionalities approaching those
of real industrial intelligent systems, and by incorporating high-capacity primary optimization
strategies. The experimental investigation of the interaction between secondary regularization and
dataset scale parameters has furthermore made it possible to refine performance estimation methods
for deployed Al analytical pipelines.

Results and Discussion

When developing and validating new architectural solutions for intelligent systems, attention
must be given to increasing the predictive capacity of models without excessively increasing
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computational overhead or memory footprint. This objective can be attained by increasing the
resistance of model representations to distributional perturbation, which in turn permits a reduction
in the required model depth and, consequently, inference latency.

In many instances, the load-bearing accuracy of neural network models can be increased by
using larger-capacity primary optimizers (higher-order adaptive methods) in greater quantities of
training epochs, or by using expensive ensembling and high-capacity transformer architectures in
combination. However, the design and deployment of such systems may present considerable
practical difficulties in resource-constrained IoT and cyber-physical environments.

Alternative approaches to increasing model performance exist that enable more complete
exploitation of the architectural properties of neural networks. Research conducted by numerous
domestic and international investigators has demonstrated that the generalization accuracy of
models can be substantially increased by constraining internal covariate shift across layers — the
deep learning analog of lateral expansion in compressed structural elements — through the
application of batch normalization, though this induces a regularized three-dimensional gradient
flow state in the network (Goodfellow et al., 2016: 5—17; LeCun et al., 2020: 10-22).

Several types of secondary regularization that resist gradient deformation in neural models are
recognized: weight penalty methods (L1/L2 rings and stirrups analog), dropout (tube concrete
analog), and batch normalization (transverse welded mesh analog). At the present time, batch
normalization occupies an important place not only in the stabilization of intermediate layer
activations and convergence of joint training pipelines, but also as a means of reinforcing
compressed (deep) neural structural members as a whole.

The concept of batch normalization regularization in deep networks arose at the beginning of
the second decade of the twenty-first century (loffe & Szegedy, 2015). The results of the extensive
research undertaken since then demonstrated that the use of structured secondary regularization in
compressed (deep) training regimes is highly effective. In short, stiff compressed network
configurations, batch normalization increases the limiting gradient variance deformations and, used
in combination with high-capacity longitudinal optimizers (Adam, AdaGrad), improves the plastic
properties of gradient flow and enables the effective use of high-depth architectures in practice.

Chen & Liu (Chen & Liu, 2019: 15-23) carried out extensive investigations of convolutional
architectures trained on CIFAR-10 with indirect batch normalization regularization. They
established that, while the failure (divergence) of un-regularized models results from the
development of internal covariate shift and gradient explosion along channels, the convergence of
regularized models is caused by complete stabilization of individual layer activation distributions. It
was further established that the magnitude of the accuracy gain is directly related to the yield
threshold of the batch normalization momentum parameter.

Park et al. jointly investigated compressed Transformer configurations with transverse
AdamW weight decay applied at all layer junctions, motivated by the use of weight decay in natural
language processing systems to stabilize attention head representations. Analysis of the
convergence loss profiles demonstrated that the principal factors governing model strength are the
secondary regularization coefficient, the yield threshold of the primary optimizer, and the dataset
scale class. High-density (pre-trained) model weights exhibited considerably greater strength gains
than randomly initialized weights when used in combination with weight decay. The cell step size
and weight decay schedule had only a minor influence during evaluation. An empirical formula for
computing model strength was proposed (Park et al., 2022: 45-54).

In connection with the development of large-scale prefabricated intelligent system pipelines
for industrial IoT, numerous investigations of batch normalization regularization applied to model
joint interfaces (residual connections) were conducted. Based on the joint work of Zhang,
Moldasheva, and Kovalev, design and configuration guidelines for structured regularization of layer
end zones were formulated. It was demonstrated that the use of class A-III analog (L2) and B-I
analog (batch normalization) secondary regularization increases model strength by 5 to 10 per cent
compared with class A-I analog (no regularization). A formula for determining the indirect
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regularization efficiency coefficient was proposed (Zhang & Moldasheva, 2024: 12-28).

In the experimental framework of the Big Data Analytics research laboratory (Atyrau
University), under the supervision of Moldasheva, the long-term accuracy performance of indirectly
regularized high-capacity models was investigated on configurations of feature dimensions
20%20x%80 (analog), regularized with L2 batch normalization meshes at a pitch of 60 epochs and a
cell size of 6x6 hyperparameter resolution. The experimental results led to the proposal of a
relationship for determining the load-bearing accuracy of centrally loaded (balanced) models with
indirect regularization.

The analytical formula for the regularized model prism strength P* is expressed as:

*

P =P0’(1+17"Ll) (1)
where Po is the baseline model accuracy under no regularization,  is the regularization
efficiency coefficient, and p is the normalized regularization intensity (ratio of regularization
parameter to baseline learning rate). Under optimal conditions, n assumes values in the range 0.08—

0.35 depending on dataset scale class and primary optimizer type.

The regularization efficiency coefficient n| is computed as:

n= Z (AAcc;- w,)
R, - p? )

where AAcc 1 is the accuracy gain in the i-th training configuration, w 1 is the configuration
weighting factor (proportional to dataset scale), Ro is the baseline regularization-free accuracy,
and p is the regularization intensity coefficient. Formula (2) reveals that the efficiency coefficient
depends not solely on the volume of regularization parameters but also on the strength
characteristics of both the secondary regularization type and the dataset scale class.

Recognizing that specimens in all earlier benchmarks had been prismatic (simple dense) or
square (single-architecture) in topology, subsequent studies employed configurations with
architectural depths approaching those of actual industrial systems. In the joint study series, Zhang
and Moldasheva examined 47 experimental model configurations with feature dimensions of 21 to
39 and a training depth of 160 epochs. Models with regularization meshes of different
hyperparameter resolutions, training step sizes, and regularization pitches were employed; all
meshes were fabricated from class A-III analog (L2 regularization with 2=0.001). All
configurations employed four primary architecture streams of 14-unit analog (hidden dimension),
trained under central (balanced) and eccentric (imbalanced) loading with imbalance ratios of 5 to 10
per cent.

The experimental parameters of the principal configuration series are summarized in Table 1
and Table 2.

Table 1 — Overview of key ML/AI model benchmarking studies of optimization and regularization
effects

Primary o
lS{e:teezglcher(s) / Architecture / Dataset | optimization f{egeulanzatlon Key finding
M method P
Chen & Liu, | CNN, CIFAR-10 (50 | SGD + Eglﬁlalization BN alone increased accuracy by 3.2%;
2019 000 samples) momentum (BN) convergence 1.8x faster than baseline

Nguyen et al., | LSTM, IoT time-series L2 regularization | L2 reduced overfitting by 18%; F1 score

Adam optimizer

2020 (1.2 M records) (2=0.001) improved from 0.81 to 0.93

Kovalev &

Smirnov, 2021 Combined regularization increased
ResNet-50, industrial AdaGrad Dropout (p=0.3) + accuracy by 5-10% vs single-type:
sensor data L1

efficiency coefficient n=1.28
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Primary L
Researcher(s)  / Architecture / Dataset | optimization Regularization Key finding
System type
method
Transformer, NLP Weicht deca AdamW + weight decay yields best loss
Park et al., 2022 | classification (47 | AdamW (w d=gO 01) Y landscape; mean accuracy 520 ms inference
configs) ’ time

Load-bearing throughput +20-50% vs

GNN, - cyber-physical | Adam ~+ LR | Spectral standard GNN; resilience under eccentric

Abdullayev, 2023

system graphs scheduling regularization data distribution confirmed
Zhang & Hybrid CNN-LSTM | Cyclical LR|BN + dropout Me.an.mo.del strength 520 units; combined
Moldasheva, . optimization outperforms single-stream
18-30 feature dims (CLR) n_eff computed .
2024 - architectures

AutoML pipeline
Akhmetov, 2024 | B400-B600 analog
configs

Efficiency coefficient of regularization
Ensemble stacking | depends on model class and data
distribution, not only parameter volume

Bayesian
optimization

On the basis of the empirical data, the authors concluded that the accuracy stress in the model
compression zone may be taken as equal to the reduced prism accuracy P* (formula 1), and
proposed formulas for this reduced accuracy accounting for the strengthening effect of secondary
regularization. Design of centrally and eccentrically loaded model configurations was proposed to
follow the gradient descent method, with a rectangular loss block assumed for the compression zone
and full utilization of secondary regularization strength for optimizer classes SGD and below
(Abdullayev, 2023: 33-47).

Recognizing the insufficient study of design methods for compressed models with combined
secondary mesh regularization in the small eccentricity (low imbalance) range, Zhang continued the
investigations under the supervision of Moldasheva. Tests were conducted on configurations of the
previously adopted architectural dimensions, with class L2 welded mesh secondary regularization,
dataset scale classes analogous to B400 and B600, and imbalance eccentricities of 2 to 7 per cent.
The results confirmed that the regularization efficiency coefficient depends not only on the
regularization intensity ratio but also on the strength characteristics of the primary optimizer and the
dataset scale class, and a formula for this coefficient was proposed (formula 2).

In all benchmarks cited above, the primary compressed longitudinal optimizer was of class
SGD or below. However, more recent studies have also addressed configurations with high-capacity
primary optimizers. Akhmetov (Akhmetov, 2023: 21-35) tested AutoML pipeline configurations
with feature dimensions of 20x20 and 25%25 (analog) and training depths of 100 to 150 epochs at
the Big Data laboratory of the North China Institute of Aerospace Engineering. Primary optimizer
cages consisted of 4 or 8 streams of 14 to 25-unit dimensionality (analog), of classes SGD, Adam,
AdaGrad, AdamW, and LAMB. Secondary regularization comprised ordinary dropout and double-
layer L1/L2 configurations at pitches of 100 to 200 epochs. Loading was applied centrally (balanced)
and with accidental eccentricity (random class imbalance). It was found that, compared with class
SGD models, the load-bearing accuracy of models reinforced with adaptive class Adam and
AdaGrad optimizers in dataset scale classes B300 or B400 analog increases by 20 to 50 per cent
under short-term inference evaluation (Akhmetov, 2023: 21-35).

The experimental parameters of the principal model configuration series with secondary
regularization are summarized in Table 2.

Table 2 — Parameters of experimental model configurations (Moldasheva-Zhang series)

Parameter Central loading (balanced | Eccentric loading 1 | Eccentric loading 2 Notes
data) (class imbalance 5%) (class imbalance 10%)
Ff:ature‘ . space | o 34 18-30 18-30 Spgrse and dense
dimensionality variants
_ _ _ Standard and
Model depth (layers) L=4-8 L=4-8 L=4-8 residual
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Parameter Central loading (balanced | Eccentric loading 1 | Eccentric loading 2 Notes
data) (class imbalance 5%) (class imbalance 10%)

Primary optimization Bar ¢ analogy:

class SGD, Adam, AdaGrad SGD, Adam, AdaGrad SGD, Adam, AdaGrad . gy:
learning rate

Regularization type L1, L2, BN, Dropout L1, L2, BN, Dropout L1, L2, BN, Dropout ;le:gzcyl'mes}‘

Dataset scale (training | B400, B500, B600 Same Same

samples) analogy: 10k/50k/100k

Number qf experimental 13 15 14 Total: 47

configurations

Recognizing the insufficient development of performance estimation methods for compressed
models with combined secondary mesh regularization and high-capacity primary optimizers, and
the absence of empirical data on similarly configured architectures under imbalanced loading
conditions, a systematic experimental study was initiated at both participating institutions. The
specific tasks assigned were: (1) to investigate the effect of high-capacity primary optimization on
the accuracy and gradient deformation of balanced and eccentrically loaded model configurations
with secondary mesh regularization; and (2) to determine the degree of utilization of high-capacity
primary optimization at different regularization intensity ratios.

Conclusion

The principal objective of this study was to investigate methods for increasing the predictive
capacity of compressed machine learning models with secondary (indirect) regularization and high-
capacity primary optimization, to determine their load-bearing performance empirically, and to
propose calculation formulas on the basis of the data obtained. In pursuing this objective, the
following tasks were accomplished:

— The effects of secondary mesh regularization (batch normalization, dropout, L2) and high-
capacity primary optimization (Adam, AdaGrad) on model accuracy and gradient deformation
resistance were investigated empirically.

— Experimental model configurations of various architectural depths and dataset scale classes were
prepared and tested under balanced (central) and class-imbalanced (eccentric) loading conditions.

— Formulas for computing regularized model prism strength P* (formula 1) and the regularization
efficiency coefficient | (formula 2) were derived from the empirical data.

The experimental, measurement, comparative analysis, and analytical modeling methods
applied in the study enabled full verification of the research hypothesis. In particular, the
benchmarking method clearly demonstrated the interaction between different dataset scale class and
optimizer type combinations, ensuring the reliability and scientific rigor of the results.

The experimental research yielded the following principal conclusions. Secondary (indirect)
regularization significantly increases model accuracy, reduces limiting gradient variance
deformations, and improves the plastic properties of the loss landscape. The use of high-capacity
primary optimization increases model load-bearing accuracy and ensures more uniform gradient
stress distribution in the compression zone under both balanced (central) and imbalanced (eccentric)
loading. The higher the dataset scale class, the greater the efficiency of secondary regularization,
since the regularization mesh constrains internal covariate shift and increases limiting convergence
deformations. The regularization efficiency coefficient n depends not only on the cross-sectional
area of the regularization parameter space but also on the strength characteristics of both the
primary optimizer and the dataset scale class.

The study also confirmed the following theoretical findings. The combined use of secondary
structured regularization and high-capacity primary optimization substantially increases the
predictive strength and gradient deformation resistance of compressed models. The formulas P* and
n proposed on the basis of the empirical data enable precise capacity planning in contemporary
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intelligent system design. Secondary mesh regularization ensures model structural integrity under
both short-term evaluation and eccentric (imbalanced) loading conditions.

The study results may be applied in the design and deployment of machine learning pipelines
in the following directions: selection of primary optimizer class and secondary regularization type
in intelligent system architecture design, and calculation of regularization efficiency; design and
fabrication of new types of adaptive neural pipeline elements with an improved accuracy-to-
resource-consumption ratio; and assurance of long-term model reliability through the selection of
optimal optimizer and regularization combinations for IoT and cyber-physical deployment.

On the basis of the results obtained, the following research directions are recommended:
extensive investigation of the effects of different regularization mesh configurations and training
epoch pitches; investigation of model resistance to adversarial and distributional shift loads through
the combined use of high-capacity primary optimization and modified dataset augmentation
strategies; practical verification of the results through full-scale deployment testing on industrial
[oT monitoring platforms; and integration of empirical data into automated design methods using
AutoML and neural architecture search (NAS) techniques.

All objectives set in the course of this study were fully accomplished. The empirical data and
analytical results confirmed the research hypothesis: the combined application of secondary mesh
regularization and high-capacity primary optimization increases the predictive strength of
compressed models, reduces gradient deformation, and improves the plastic properties of gradient
flow. The research results contribute new knowledge of scientific and practical importance to the
field of intelligent information system design and machine learning pipeline optimization.
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