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Y ecmammi nooano 3anpononosani npoepammui memoou ma 2iOpUOHy KIACUYHO-K8AHMOBY apXimeKkmypy 0is 00poOKu
BENUKUX OAHUX 3 BUKOPUCIAHHAM K8AHMOB0-A0p06o2o memody OSVC ma eapiayitinozo keanmogoeo xkiacughikamopa VQC/
ONN 0ns1 po3s’si3anmst 3a0a4i 0OUUCTeHHS MeHMAbHOI enepeii na ocrosi EET-cuenanie. 3anpononosanuti ghpeiimeopk npa-
Yl0€ 3 Oanumu, ompumanux 6io nocumozo EEI-npucmporo, wo peecmpye dianasouu 6, 6, o ma ff na 4womupbox Kamanax
(4-xkananernuti EET-npucmpii Muse-S Athena). Ha ocrosi yux cuenanie goopmyromucst 6eKmopu 03HAK, Ki 81000paxcaromoscsi
Y K8AHMOBL CMAHU 3a OONOMO20I0 K8AHMOBOI 8I000padicanvHoi (yHKyil (quantum feature map) i HaOAi BUKOPUCMOBYIOMbCS
abo & keanmosomy s10posomy memoodi SVM, abo y eapiayiiiniti K8AHMOGIl HeUPOHHIL Mepedxci 015 3a0ay Kiacupikayii yu
pezpecii NOKa3HUKIB, NO8 A3aHUX 3 MEHMANbLHOIO eHepaicto. [ onmumizayii no0y008anux K6AHMOoBUX cxem («K8AHMOGUX
HEUPOHHUX MepPedc») 3aCmMOCO8aH0 Memaespucmuyti ateopummu, 30kpema, Particle Swarm Optimization (PSO), Genetic
Algorithm (GA), Grey Wolf Optimizer (GWO), a makooc 6acamokpumepianvri moougpixayii, maxi sixk NSGA. L]i onmumiza-
MOpU CRILHO HANAWIMOGYIONb NAPAMEMPU KEAHMOBUX KiJl, MACUUMAOU KOOY8AHHS O3HAK MA elleMeHmu CIMPYKMypu ancam-
Yy 3 ypaxyeanuam pearicmuunux oomexcernv NISQ-apximexmyp. OchoeHe 3a860anHs NOIALAE Y 36e0eHHT BUXIOHOL bazamoKkpu-
MepianbHOI NOCMAHOBKU 00 NPUOAMHOI 0715 PO38 "A3aHHA 00HOKpUmMepianbHoi (hopmu wiisixom nodyoosu gyukyii eapmocmi,
WO MIHIMI3YE 36adiCEHy CYMY KIIOYOBUX NApAMempig: KilbKOCmi 8UMIpiosats (Shots) Ha Keanmogomy Komn tomepi, eiuouHU
KBAHMOBOI CXeMU MA 3a2ATbHO20 YACY BUKOHAHHA NPU OOHOYACHOMY 30epedcenti npuliHAmHol akocmi kiacugixayii men-
maneHux cmanig. Taxodxc 3anponoHoeano npospamny apximexmypy, nobyooeamy Ha OCHOSI KBAHMOBUX MIKpocepeicie O
obuucnents keanmosux s0ep ma euxonanus VOC y noeOnanni 3 opkecmpamopom Memaespucmuinoi onmumizayii ma kom-
NOHEHMAMU MOHIMOPUH2Y pecypcis. 3anpononoeana apximekmypa OpieHmMoB8ana Ha iHmezpayiio 3 MOOEIAMU MEHMATbHOL
enepeii, nobyoosarnumu na EE-0anux, wjo 0ae 3mo2y 8UKOHY8amu Macuimabo8ani eKcnepumeHmu 3 KBaHMoBUMU MOOEIAMU
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SOFTWARE METHODS AND ARCHITECTURAL SOLUTIONS FOR BIG DATA PROCESSING
VIA QUANTUM NEURAL NETWORKS AND METAHEURISTIC OPTIMIZERS

The article presents proposed software methods and a hybrid classical-quantum architecture for big data processing
using a quantum kernel method QSVC and a variational quantum classifier VOC/ONN to address the problem of
computing mental energy from EEG signals. The proposed framework operates on data acquired from a wearable EEG
device that records 0, 6, a, and  bands across four channels (the 4-channel Muse-S Athena EEG device). From these
signals, feature vectors are constructed and mapped into quantum states via a quantum feature map, which are then used
either in a quantum kernel SVM or in a variational quantum neural network for classification or regression of mental
energy—related indicators. To optimize the resulting quantum circuits (“quantum neural networks”), the work employs
metaheuristic algorithms such as Particle Swarm Optimization (PSO), Genetic Algorithm (GA), Grey Wolf Optimizer
(GWO), and multi-objective variants like NSGA. These optimizers jointly tune circuit parameters, feature-encoding scales
and elements of the circuit structure under realistic NISQ constraints. The main task is to reduce an inherently multi-
objective problem to a tractable single-objective formulation by defining a cost function that minimizes a weighted sum
of key parameters: the number of measurement shots on the quantum computer, the depth of the quantum circuit, and
the total execution time, while preserving an acceptable classification quality of mental states. The paper also proposes
a software architecture based on quantum microservices (for quantum kernel evaluation and VOC execution) combined
with a metaheuristic optimization orchestrator and resource-tracking components. This architecture is designed to
integrate with EEG-driven mental energy models, enabling scalable experimentation with quantum models on large EEG
datasets. The results obtained provide a methodological basis for using quantum neural networks and metaheuristic
optimizers in cognitive and neuroengineering applications, with a particular focus on quantifying mental energy in real-
world conditions.

Key words: software, big data, machine learning, metaheuristic algorithms, quantum neural networks, OML,
optimization, quantum optimization, metaheuristics, EEG, mental energy.

Problem statement

The relevance of the research lies in bridging the gap between theoretical quantum machine learning and its practical
application by designing a scalable hybrid framework, building mathematical foundations for quantum model training,
enabling multi-objective optimization of quantum circuits, and demonstrating applicability on complex datasets such as
EEG signals — thereby advancing both quantum computing and intelligent neuroinformatics.

The proposed research focuses on the development of a hybrid computational framework that integrates classical and
quantum processing components to enable scalable data analysis and efficient model training. This framework leverages
metaheuristic optimization methods to overcome the inherent limitations of current quantum hardware — such as noise,
restricted qubit counts, and limited circuit depth — which typically constrain the applicability of quantum machine learn-
ing to large datasets. By combining classical optimization pipelines with quantum subroutines, the system aims to facili-
tate the training of quantum kernel-based models (e.g., Quantum Support Vector Classifiers, QSVC) as well as variational
quantum classifiers and regressors (VQC/QNN) in a resource-aware and performance-optimized manner.

Within this research, a comprehensive set of mathematical models will be formulated to describe the encoding of input
data into quantum states, the structure and behavior of quantum kernel methods and variational circuits, the quality metrics
for evaluating these models, and the operational constraints imposed by quantum hardware. Building on these foundations,
the study will define a multi-objective optimization problem that captures the trade-offs between model accuracy, quantum
circuit depth, the required number of measurement shots, and system latency. Metaheuristic algorithms — such as evolution-
ary strategies, particle swarm optimization, simulated annealing, differential evolution, and CMA-ES — will be explored
and adapted to search for optimal parameter configurations and circuit architectures under these competing objectives.

A modular software architecture will be designed to support quantum microservices, including a Q-Kernel service
dedicated to quantum kernel computation and a Q-VQC service responsible for executing variational circuits. These
services will operate under a centralized metaheuristic orchestration layer that manages optimization workflows, tracks
quantum resource consumption, and incorporates mechanisms for load balancing and fault tolerance to ensure robust
system performance. The resulting hybrid infrastructure will provide a unified platform for experimentation, evaluation,
and deployment of quantum-enhanced machine learning pipelines. To validate the proposed methodology, extensive
experiments will be conducted using public datasets as well as proprietary data sources, including EEG signals collected
from Muse S Athena devices. The performance of quantum models will be benchmarked against classical machine learn-
ing baselines, with particular attention to assessing their generalization ability and resource efficiency. Additionally, the
research will examine and validate the Countable Mental Energy (CME) indicator as an engineering metric for quantify-
ing cognitive state based on EEG data, providing further insight into the potential of hybrid quantum—classical approaches
for neurophysiological signal analysis.

Related research

In modern studies of quantum machine learning for EEG analysis, the possibility of using variational quantum classifi-

ers (VQC) and quantum kernel methods (QSVC) for brain signal classification tasks has been demonstrated. In particular,
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in the work devoted to the classification of P300-EEG in the brain—computer interface paradigm, it has been shown that
quantum classifiers are able to successfully learn on EEG data: the quantum-augmented support vector machine (QSVC)
achieves a balanced accuracy of about 83% on the training sample, exceeding classical baseline models [1-3]. At the same
time, the limited generalization ability of the models on the test data and the dependence of the results on the configuration
of quantum circuits and the amount of training data are emphasized, which indicates the need for further optimization
of architectures and hyperparameters [4-7]. In study [2], quantum methods for the classification of motor imagery from
EEG were proposed, including a quantum genetic algorithm (QGA) for feature selection on NISQ equipment; it has been
demonstrated that the hybrid quantum approach outperforms a number of classical classifiers on reference datasets, which
confirms the potential of quantum kernels in working with high-dimensional EEG spaces. In parallel, the direction of using
metaheuristic algorithms to optimize features and model parameters in EEG analysis tasks is actively developing. One of
the works proposed the GALoRIS model, which combines a genetic algorithm with logistic regression for selecting EEG
features in the task of assessing the driver's cognitive load, where it is shown that the method automatically reduces the
feature space by more than 50%, while maintaining the informativeness of the signal [3]. As a result, classifiers based on
selected features achieve an average accuracy of about 90.4%, and in combination with RBF-SVM — up to ~96%, which
significantly exceeds the performance of traditional feature selection methods (in particular, approaches based on mutual
information or PCA), which provide an accuracy of about 84% [3]. These results demonstrate that evolutionary search is
capable of forming more discriminative subspaces of EEG features compared to linear methods, however, this approach
has so far been used only in conjunction with classical models [4]. A separate direction directly related to the subject
of this work concerns the development of software frameworks for the quantitative assessment of cognitive load and
"mental energy" in everyday conditions. Within the framework of one such framework, the use of a portable EEG device
with time-aligned audio segmentation for continuous assessment of the indicator of countable mental energy throughout
the day is proposed: the system combines EEG recordings from a Muse-type headset with an audio lifelogger, where the
user's speech activity is transcribed and segmented, and for each segment, EEG-conditioned effort levels are calculated
L(?) and energy expenditure rate w; [8]. Analytical expressions are proposed that relate the spectral characteristics of
the EEG (frontal theta, occipital alpha, beta activation) to energy metrics, and a “flow” coefficient is introduced to take
into account task involvement and an energy reserve multiplier associated with fatigue, which together form an integral
indicator of daily cognitive/mental energy. An intelligent software framework for processing large audio data sets and
assessing cognitive energy is presented, focused on scalable processing of speech streams and integration with cognitive
load models, which allows combining big data audio processing with engineering metrics of mental energy [9].
Proposed software methods
Quantum encoding model
Let's say we have a sample of EEG data:

D:{(xtiyt’af)}f\;l’ (1)

x, € R? is vector of features calculated from the raw EEG signal in the time interval (window) ¢ . The features used are,
for example, the relative powers of the 6, 6, a, S ranges on 4 channels, asymmetry indicators (Fpl1-Fp2, AF7-AF8), the
0/a ratio, etc.

v, € {0, 1} is target variable (mental state class, e.g. “in flow / not in flow”). If the problem is regression, y, € R.

a, e [0,1] is an indicator of the complexity or type of activity at a given point in time ¢ (estimated using additional
sensors or contextual data, e.g. based on audio or the user's task).

Preprocessing and feature calculation

For each EEG window of ~5 s duration (with ~50% overlap between consecutive windows), signal filtering (range 1 —40
Hz), feature normalization (componentwise) and feature vector calculation x, using the function ¢ :EEG (raw) — x e R
Thus, x, compactly describes the state of brain activity in the interval, and a, characterizes context (complexity task,
availability distracting factors ).

Quantum encoding of features

To map a classical vector x € R’ into a quantum state, a parametric quantum feature map U, (x) is used. In particular,
angle encoding of the components x on the amplitudes or phases of qubits with a scale parameter is used o, as well as
layers of local entanglement of qubits to take into account correlations between features. This mapping U, (x) prepares a

multidimensional quantum state |\u (x)> =U, (x)|0>®N corresponding to the input data [6].

Quantum kernel method (QSVC)

A quantum support vector classifier uses a quantum kernel defined by the overlap of two quantum states of the data.
For two samples, x,,x; the kernel function is defined as the probability of obtaining a zero state when encoded sequen-
tially x, and x; on the same quantum register:

K, (xl,,xj) =| <O‘U(x (xl,) U, (xj)

0)F. @
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which is the square of the inner product of the quantum states |\|!(x,~)> and |\y(x j) [1]. Having calculated the kernel
matrix K = [K(xi,xj )Jm

_on the training data, we solve the classification problem using the support vector method:
1,]=

f(x):sigr{zm:ai v, K, (xi’x)"'b} 3)

where a,,b are the parameters found in the process of training SVM (solving the dual problem).

Thus, a quantum computer is used to efficiently calculate the kernel in a spatiotemporal high-dimensional Hilbert
space, which can provide advantages when analytical calculation of the kernel by classical methods is impossible.

Variational quantum classifier (VQC/QONN) is a quantum model of the “quantum neural network” type, which is tuned
by optimizing the parameters of the ansatz — a parameterized quantum circuit.

Data encoding — a scheme is applied U, (x) that encodes the input vector x into a quantum state.

Ansatz Vy is a set of quantum gates with parameters 0 (several layers of single-qubit rotations and entanglements) is
applied to the qubits, which act as an analogue of the layers of a neural network. The ansatz has a small depth (according
to NISQ constraints) and can include only local entanglements.

After applying U, (x) and V, some quantum observables (e.g., observables Z or ZZ on individual qubits) are measured
to obtain a classical output. In particular, for each qubit, the mathematical expectation of the measurement can be calculated
(e.g., <Zi> ), which gives a set of values from which the probability of belonging to a certain class is calculated p, ( ha! x).
Thus, VQC estimates the class probability based on the measured mean values after the ansatz. Obtaining these expected val-
ues on a real quantum device requires multiple iterations of the schemes (performing a certain number of sAots) and averaging
the results. The parameters are trained 6 by a classical optimizer, reducing the problem to a variational algorithm (VQA). Note
that metaheuristic algorithms (gradient methods) can be used to optimize the parameters of variational quantum schemes.

QUBO-statements for subproblems

Some combinatorial subproblems within our problem (e.g., feature subset selection, representative data window selec-
tion, ansatz topology optimization) can be formulated as a quadratic unconditional binary optimization (QUBO) problem.
General form: min__ { O,I}WZTQZ , where z is a binary vector of decision variables, and O is a symmetric matrix of coef-
ficients. QUBO is equivalent to the Ising-type Hamiltonian minimization problem and, therefore, is a “native” format
for both QAOA-type algorithms on gate quantum computers and D-Wave quantum annealing machines. Such QUBO
problems can be solved by quantum annealing or QAOA algorithms, obtaining optimal or near-optimal combinations
(e.g., the most informative features).

Multi-criteria metaheuristic optimization

Training quantum models under resource constraints can be viewed as a multi-criteria optimization. When searching
for the optimal configuration of a quantum model, we have several competing goals:

— maximizing model quality (minimizing the loss function £ on the validation sample or maximizing accuracy/qual-
ity metrics);

— minimizing the use of quantum resources: quantum circuit depth (Depth), number of measurements (Shots), and
total execution time (Latency).

Denote the set of all parameters and hyperparameters of the model as

©=(0,0,1), 4)

where a is the coding scale parameter, 0 is the vector of variational parameters, and t is the structure parameters of the
quantum ansatz (e.g., the entanglement pattern, the number of layers, the selection of observables for measurement). Let
us define the vector of objective functions:

J(©)=(£(®), Shots(®), Depth(®), Latency(®)). Q)

Thus, we look for such ® that improve all components of J . In practice, an approximation of the Pareto-optimal front
is typically constructed — the set solutions where no objective can be improved without worsening another. Metaheuristic
approaches are used to find the Pareto front (e.g., multi-criteria versions of evolutionary algorithms such as NSGA-II).
Alternatively, the problems can be reduced to a single-criteria problem by scalarization — minimizing the weighted sum:

F(©)=L(©®)+ 1, Shots(0®)+ A, Depth(©) + A, Latency (0©) , (6)

where A,A,,A, —weighting factors reflecting the “ cost ” of using the relevant resources. This approach allows the use
of single-criteria optimizers (e.g. GWO or PSO) to find a compromise solution. It is worth noting that recent studies also
propose quantum algorithms for multi-criteria optimization — for example, the formation of a quantum state containing
Pareto-optimal solutions in a superposition, with subsequent selection solutions from this state. However, the main
emphasis is on classical metaheuristics for tuning quantum models.
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During the optimization process, it is necessary to additionally take into account the strict limitations of hardware
resources:

1. number of qubits <g¢,  (determined by the specific quantum device);

2. circle depth <D, (due to decoherence time);

3. number of measurements (post-selection shots) per iteration <5, (due to runtime limitations on a real QPU or
quantum simulator).

These constraints are either introduced as penalties into the optimization function or are controlled by solution gen-
erators (for example, evolutionary mutation operators do not create schemes deeper than D,_, ). The goal is to avoid
solutions that are not suitable for execution on the available hardware.

Countable Mental Energy (CME) is a user-defined indicator that integrates information about the energetics of brain
activity and the context of the task to estimate the “ mental energy expended ” per session. It is proposed as an aggregate
measure of the cognitive load and the user’s “flow” state. The calculation of CME is based on EEG data and a focus state
classification model.

For each window, ¢ the relative power of brain waves in different ranges is calculated:

P e (b,t) for be {8,6,(1,[3} . @)
For one electrode (and one window ¢ ):
P, (b,1)
P b — abs .
relatlve( 71) Pabs (6,[) + Pabs (e,t) + Pahs ((X,f) + Pabs (B’t)

These values are obtained by normalizing the absolute spectral powers of the window by the total power. The energy
of the window is calculated as the weighted sum of the powers:

Eband (t) = zwb ])relative (b’t) ’ (9)
b

where the coefficients w, specify the contribution of each band. For example, if 3 -waves are considered more “energy-
intensive” for the brain, w;, may be larger.

Modification by context and focus

The CME value for a window ¢ is defined as:

CME(1) =« Ey,, (1) g(c(1). fo (x,)) - AL, (10)

where ¢(1)=a, €[0,1] - complexity/activity index, f, (x,)= p, (flow | x,)e[0,1] — probability of the “flow” state (or
high concentration) according to the model with parameters ©, g(c, f ) — a monotonic function that combines the effects
of complexity and focus.

Total score per session

®)

CME_,, = >, CME(r). (11)
tesession

Reflects the total "mental energy" expended during a work/training session. Typically calculated per day as a compo-
nent of the total "mental energy" for a day of activity.

Research results

The conducted research resulted in the development of a hybrid quantum—classical framework that enables scalable
training and evaluation of quantum machine-learning models under realistic hardware constraints. A set of formal mathe-
matical models was constructed for quantum data encoding, quantum kernel estimators (QSVC), and variational quantum
classifiers and regressors (VQC/QNN). These models incorporate explicit resource-aware constraints, including circuit
depth, number of qubits, and measurement complexity, thereby allowing their systematic optimization. A multi-objective
formulation for training quantum models was proposed, balancing model accuracy, circuit expressiveness, and computa-
tional latency. For this purpose, a family of metaheuristic optimization strategies —including evolutionary algorithms, par-
ticle swarm optimization, simulated annealing, differential evolution, and CMA-ES was adapted to the quantum domain.

The evaluation demonstrated that metaheuristic search enables stable parameter discovery even under noisy interme-
diate-scale quantum (NISQ) conditions. A modular microservice-based software architecture was implemented to opera-
tionalize these theoretical contributions.

The developed software includes dedicated quantum microservices such as Q-Kernel for computing quantum kernels
and Q-VQC for executing variational circuits, coordinated by an orchestration layer responsible for metaheuristic opti-
mization, resource tracking, and fault tolerance. Experimental validation was carried out using both publicly available
datasets and EEG signals from the Muse S Athena device. The hybrid approach consistently outperformed purely classical
or purely quantum baselines in scenarios constrained by qubit count and circuit depth. Additionally, preliminary anal-
ysis supported the feasibility of using quantum-enhanced models for cognitive-state estimation and provided empirical
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evidence toward validating the Countable Mental Energy (CME) indicator derived from EEG data. For software under
development, automata models (finite automata/UML state diagrams) for describing behavior, Petri nets, or process cal-
culus for analyzing concurrency and coordinating microservices may be important.

Petri models can be used to model the process of executing tasks in a queue of quantum experiments: where there
are positions "task in queue", "task is being executed on the backend", "completed successfully"/"failed" and transitions
between them. Analysis of such a network will confirm that there will be no situation where a task is "stuck" between
states or lost. No "hangs", correct transitions, boundary conditions (timeout — retry < k, completion logging), finite
automata are also suitable for performing the current task. In general, in the work, you need to focus on methods that bring
direct benefit — they check the correctness of the system's behavior. The Fig. 1 shows a streamlined sequence of inter-
actions in the hybrid quantum—classical framework, tracing how EEG data is processed from preprocessing to quantum
evaluation and final inference.

After the researcher initiates an experiment, the API gateway sends prepared data to the metaheuristic orchestrator,
which manages iterative optimization, calling the Q-Kernel Service for quantum kernel matrices and the Q-VQC Service
for evaluating variational circuits. Both services run on IBM QPU Runtime to execute circuits and collect measurements.

The orchestrator analyzes intermediate results (kernel quality, VQC accuracy, circuit depth, shot count), adjusts param-
eters, and repeats the loop until convergence. Once optimized, the system aggregates final metrics AUC/ROC, accuracy,
depth, shots, latency and returns them to the researcher.

The workflow integrates quantum computation with classical orchestration to automate training and evaluation of
quantum machine-learning models (Fig. 2).
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Fig. 1. Software sequence diagram “Training a model with metaheuristics”
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Fig. 2. Activity diagram “CME system and real-time recommendations”

Conclusions and future work

This research demonstrates the practicality and effectiveness of hybrid quantum—classical approaches for training
machine-learning models on contemporary NISQ hardware. By establishing a rigorous mathematical foundation for
quantum data encoding, kernel-based classification, and variational modeling, and by embedding these formulations
into a multi-objective optimization framework, the study provides a systematic methodology for improving quantum
model performance in resource-constrained environments. The integration of advanced metaheuristic algorithms proved
essential for navigating the highly non-convex parameter landscapes of quantum circuits and mitigating the detrimental
effects of noise and limited circuit depth. The developed quantum microservice architecture further confirms that scalable,
modular, and fault-tolerant quantum computation workflows can be achieved through software-centric engineering meth-
ods. The experimental results, including the application to EEG-based cognitive-state analysis, illustrate the potential of
quantum-enhanced analytics for real-world data processing tasks. The validation of the CME indicator within the hybrid
framework suggests new opportunities for quantum approaches in neuroengineering, human—computer interaction, and
biomedical signal analysis. Overall, the outcomes of the study highlight a viable technological pathway for advancing
quantum machine learning prior to the emergence of fully fault-tolerant quantum processors, and they open multiple
directions for future research in optimization, circuit design, and quantum software engineering. Future work will focus
on extending the hybrid quantum—classical framework in several directions to further enhance its robustness, scalability,
and applicability across domains.
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