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ERROR MITIGATION STRATEGIES IN QUANTUM NEURAL NETWORKS
AND THEIR IMPACT ON GRADIENT DESCENT CONVERGENCE

The paper presents a comprehensive review of current error mitigation strategies within quantum neural networks operating in
the NISQ era. The research models complex hardware noise environments using Qiskit Aer simulators to evaluate various error com-
pensation algorithms. Specifically, the study investigates how global depolarizing channels fundamentally flatten the optimization
landscape and artificially exacerbate the barren plateaus phenomenon, effectively preventing the convergence of gradient-based opti-
mizers. To address these hardware limitations, the study tests the efficiency of Zero-Noise Extrapolation (ZNE), Probabilistic Error
Cancellation (PEC), Readout Error Mitigation (REM), and Clifford Data Regression (CDR). The empirical analysis demonstrates
that quantum error mitigation techniques successfully restore the true direction of the gradient vector by compensating for the ampli-
tude attenuation caused by decoherence. Consequently, the optimization process strictly requires an exponential or linear increase in
the number of measurement shots to compensate for the heavily inflated statistical variance introduced by the mitigation models. The
investigation identifies REM as a mandatory baseline classical processing step that corrects asymmetric measurement biases without
incurring additional quantum sampling costs. Simultaneously, the study restricts the practical utility of ZNE to shallow quantum cir-
cuits to prevent the accumulation of severe extrapolation inaccuracies, which otherwise cause destabilizing oscillations during the la-
te epochs of gradient descent. Furthermore, the analysis proves that while PEC supplies mathematically unbiased gradient estimators,
its exponential sampling overhead renders it intractable for deep parameterized architectures. Moreover, the experiments reveal a
complex trade-off between optimization accuracy and computational overhead on the quantum coprocessor, highlighting CDR as a
highly scalable alternative that shifts the mitigation burden to classical pre-processing. As a result, the authors propose a dynamic
orchestration methodology that strategically combines ZNE, CDR and PEC mitigation strategies throughout the training cycle to en-
sure stable gradient descent convergence while minimizing resource consumption. The findings provide a robust theoretical foundati-
on for designing resilient hybrid quantum-classical machine learning architectures and integrating them into modern MLOps pipeli-
nes.

Keywords: quantum machine learning; variational quantum algorithms; barren plateaus; NISQ era; depolarizing channel; para-
meter-shift rule.

function landscape, rendering the training process highly
inefficient or entirely impossible. Since full-scale Quantum
Error Correction (QEC) requires an exorbitant number of
physical qubits unavailable on near-term devices [5], rese-
archers actively deploy Quantum Error Mitigation (QEM)
techniques as the sole practical pathway to deploy quantum
models effectively.

A comprehensive review of the global literature reveals
substantial progress in developing both hardware-oriented
and software-oriented QEM methods. Scientists primarily
utilize Zero-Noise Extrapolation (ZNE), Probabilistic Error

cal alg;)fr 1thfrrn > Irl'ow'e;‘ver, tc(;)ntelrln porary qgant:lm Fﬁoiis.' Cancellation (PEC), and Readout Error Mitigation (REM)
sors sutler irom signiticant decoherence and gate MACHU- v, rotrioye accurate expectation values from noisy circuits [

es. This hardware noise fundamentally distorts the objective 10, 22]. Currently, the scientific community focuses predo-

Introduction / Bctyn

The Noisy Intermediate-Scale Quantum (NISQ) era pre-
sents a profound paradigm shift in computational science,
introducing hardware platforms capable of executing quan-
tum circuits that surpass classical simulation capabilities
[17]. Within this landscape. Quantum Neural Networks
(QNNs) emerge as the most powerful architectures for
hybrid quantum-classical machine learning [2]. These vari-
ational models utilize parameterized quantum circuits to
process information, optimizing their parameters via classi-
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minantly on applying these strategies to quantum chemistry
tasks, such as estimating ground state energies using Vari-
ational Quantum Eigensolvers (VQE) [8]. Researchers acti-
vely investigate how QEM improves the final observable
output at a fixed parameter point.

Despite these advancements, a critical research gap per-
sists regarding the optimization phase itself. The literature
lacks a systematic understanding of how these mitigation
strategies directly influence the gradient descent convergen-
ce dynamics during the QNN training cycle. Specifically,
hardware noise acts as a global depolarizing channel that
progressively maps the quantum state toward the maximally
mixed state as circuit depth increases [24]. This phenome-
non artificially exacerbates the "Barren Plateaus" effect,
flattening the loss landscape and exponentially suppressing
the amplitude of gradients to levels indistinguishable from
statistical measurement noise [20]. While theoretical studies
highlight the severity of noise-induced Barren Plateaus, the
community has not yet thoroughly evaluated how specific
QEM techniques either alleviate this gradient attenuation or
introduce new optimization bottlenecks, such as variance
amplification. Isolating the interplay between error mitigati-
on, gradient vector restoration, and statistical sampling
overhead remains an unsolved challenge in quantum machi-
ne learning.

Object of research — error mitigation in quantum neural
networks.

Subject of research — methods and tools for mitigating
errors in quantum neural networks, which will allow estab-
lishing their impact on the convergence of the gradient des-
cent method.

The purpose of the research — to systematize methods of
quantum error mitigation, which will allow evaluating their
influence on training efficiency and establishing a funda-
mental approach for optimizing hybrid quantum-classical
machine learning models on NISQ devices.

To achieve this purpose, the following main research
objectives are identified:

e to systematize the latest QEM strategies, which will allow
analyzing their mathematical mechanics during analytical
gradient evaluation and the exact computational overheads
they impose;
to evaluate the impact of QEM strategies on the training effi-
ciency of quantum neural networks, which will allow deter-
mining their comparative impact on the noise-induced Bar-
ren Plateaus phenomenon;
create a foundation for optimizing hybrid quantum-classical
machine learning models on NISQ devices by constructing a
comprehensive efficiency matrix that identifies optimal tra-
de-offs between optimization accuracy and quantum
sampling overhead.

Analysis of recent research and publications. In the
study [24], the authors formally defined the concept of no-
ise-induced Barren Plateaus, demonstrating that global de-
polarizing noise flattens the cost function and suppresses
gradients exponentially as circuit depth increases.

In the article [19], the researchers analyzed the direct
impact of amplitude damping on the parameter-shift rule.
They revealed that while the parameter-shift rule provides
exact analytical gradients in ideal conditions, asymmetric
noise channels severely bias the estimators, causing classi-
cal optimizers to step in incorrect directions and stall the
training process prematurely.

In the work [6], the investigators extensively evaluated
Zero-Noise Extrapolation (ZNE), proving that artificially

scaling the noise via unitary folding allows a classical reg-
ression model to extrapolate the zero-noise expectation val-
ue. They noted, however, that ZNE struggles with deep cir-
cuits due to the accumulation of unpredictable extrapolation
errors.

In the research [23], the authors investigated Probabilis-
tic Error Cancellation (PEC), which achieves unbiased ex-
pectation values by sampling from quasi-probability distri-
butions of inverse noise channels. They established its mat-
hematical guarantees but universally noted its exponential
sampling overhead, which limits its practical application to
very small quantum kernels.

In the publication [13], the scholars demonstrated the
necessity of Readout Error Mitigation (REM) as a manda-
tory classical post-processing step. They utilized calibration
matrices to correct measurement asymmetry and highlig-
hted its effectiveness as a lightweight foundational layer for
noisy near-term quantum devices.

In the paper [3], the researchers introduced Clifford Da-
ta Regression (CDR) as a scalable learning-based alternati-
ve for error mitigation. They detailed how CDR leverages
classically simulable Clifford circuits to generate training
data, which a classical machine learning model subseq-
uently uses to predict and mitigate noise in the target non-
Clifford circuit.

In the study [11], the authors analyzed a unified appro-
ach to data-driven quantum error mitigation. They
highlighted that techniques like CDR balance the complex
trade-off between prediction accuracy and quantum resour-
ce consumption much better than traditional analytical met-
hods like PEC.

Despite the wealth of publications proposing novel error
mitigation techniques, a critical systematic gap remains in
the literature. In all the aforementioned studies, the scienti-
fic community evaluated these mitigation methods predo-
minantly based on their ability to calculate static expectati-
on values or improve the fidelity of the final quantum state
at a fixed parameter point. No prior research has systemati-
cally investigated how the statistical variance amplification,
which is inherently caused by these specific mitigation met-
hods, dynamically interacts with the iterative gradient des-
cent cycle during the training of variational circuits. There-
fore, conducting this exact research is urgently required to
isolate and quantify how QEM impacts gradient vector ge-
ometry and computational shot overhead, addressing a
completely unresolved bottleneck in the practical deploy-
ment of quantum machine learning.

Materials and methods of research. To achieve the re-
search objectives, the study employed software-based quan-
tum noise modeling using the Qiskit Aer simulation frame-
work to reproduce realistic hardware imperfections, inclu-
ding depolarizing channels, thermal relaxation, and readout
errors of modern superconducting processors. The research
evaluated four key error mitigation methodologies — Zero-
Noise Extrapolation, Probabilistic Error Cancellation, Re-
adout Error Mitigation, and Clifford Data Regression — in-
tegrated directly into a variational quantum neural network
training loop. Analytical gradients were computed using the
parameter-shift rule, while classical parameter optimization
was conducted using the Adam algorithm on standardized
binary classification datasets.

It is crucial to emphasize the fundamental role of shot
noise in the error mitigation process. Because quantum me-
asurements are inherently probabilistic, classical gradient
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estimators are always burdened by stochastic shot noise.
The application of error mitigation techniques, particularly
PEC and ZNE, artificially amplifies this shot noise on an
exponential or polynomial scale. Consequently, the classi-
cal gradient descent method receives highly noisy direction
vectors, which necessitates a proportional, often intractable,
increase in the number of measurement shots to preserve
the stability of the optimizer.

Research results and their discussion /
Pe3ysibTaTH J0C/IiPKEHHS Ta iX 06roBOpPEeHHA

Noise Simulation Environment. To ensure full reprodu-
cibility of the experimental results, the research models
hardware imperfections using the Qiskit Aer simulation fra-
mework [1]. The study constructs a comprehensive noise
model that accurately reflects the physical characteristics of
superconducting qubits on modern NISQ processors. The
simulation injects three primary noise channels into the qu-
antum circuits:

Thermal Relaxation: The model defines specific ampli-
tude damping (77) and dephasing (7>) times for each qubit.
The environment applies relaxation errors dynamically ba-
sed on the duration of individual quantum gates.

Depolarizing Channel: The methodology models gate
infidelities by applying single-qubit and two-qubit depolari-
zing errors. A depolarizing channel € acting on a quantum
state p with error probability p takes the form [24]:

ep)=(1-plp+ ;-

Readout Errors: The framework simulates measurement
imperfections using an asymmetric assignment matrix,
which models the probability of erroneously measuring sta-
te |0) given that the true state is |1), and vice versa.

Quantum Neural Network Training Pipeline. The rese-

arch implements a variational quantum circuit U(d) gover-

ned by a vector of classical parameters @ . The training pi-
peline evaluates the expectation value of a specific Hamilto-

nian H, which defines the objective loss function L(d) [2]:
L@) = <o\ UV@")HU(@)\O) .

To optimize the parameters, the system executes gradi-
ent descent operations. The classical optimizer updates the
parameters iteratively using a learning rate # [15]:

611 =6,—1VL(G) .

The simulation computes the analytical gradient VL(d,)
directly on the quantum hardware (or noise simulator)
employing the Parameter-Shift Rule. For a specific parame-
ter 6, associated with a Pauli rotation gate, the pipeline

evaluates the circuit twice by shifting the parameter by a
macroscopic amount [15]:

L _Uilg+Z)-rlg-Z)|vien.
00, 2 2 2

The study heavily analyzes how the depolarizing channel
attenuates the amplitude of this exact gradient difference.

Implementation of Quantum Error Mitigation. The ex-
perimental setup incorporates four distinct error mitigation
methodologies to evaluate their impact on gradient conver-
gence.

Zero-Noise Extrapolation (ZNE): The algorithm artifici-
ally amplifies the noise level of the circuit by a scale factor
A. The implementation achieves this via global unitary fol-
ding, replacing a circuit ¥ with V(V'V)", effectively incre-

asing the depth while maintaining the logical identity [6].
After evaluating the expectation value at multiple noise sca-
le factors (e.g., A€{1,3,5}), a classical regression module
fits a polynomial model to the data points and extrapolates
the expectation value to the zero-noise limit (4 = 0).

Probabilistic Error Cancellation (PEC): The study im-
plements PEC by expressing ideal quantum gates as a qua-
si-probability distribution over a basis of noisy, physically
implementable operations. If an ideal channel / requires a
representation using noisy channels N, with real coeffici-
ents gy, the formula requires [23]:

K
I= quNk .
k=1

The simulation samples from these noisy circuits accor-
ding to the probability distribution p, = |g4/y, where
7 = |q| represents the mitigation overhead. The pipeline

k

subsequently multiplies the measurement outcomes by the
appropriate parity signs (sign of g;) to reconstruct an unbi-
ased estimator.

Readout Error Mitigation (REM): The research const-
ructs a calibration matrix M by systematically preparing
standard computational basis states and measuring the re-
sulting noisy distributions [13]. The element M;; represents
the probability of measuring state i given the preparation of
state j. During the training phase, the algorithm mitigates
readout errors by applying the inverse of this matrix (or uti-
lizing iterative Bayesian unfolding for scalability) to the

measured noisy probability vector 13,,,my :
Pideal = M_lprmisy .

Clifford Data Regression (CDR): The implementation
constructs classically simulable training circuits by substi-
tuting the non-Clifford gates (e.g., arbitrary R,, R,, R. rotati-
ons) in the QNN with their nearest Clifford equivalents [3].
The system computes exact expectation values for these
Clifford circuits using a classical simulator and gathers cor-
responding noisy expectation values from the Qiskit Aer
environment. A classical linear regression model learns the
mapping f (x) from the noisy inputs to the exact outputs. Fi-
nally, the system feeds the noisy expectation value of the
target non-Clifford QNN into the trained regression model
to predict the mitigated result.

Figure 1 depicts the hybrid quantum-classical architec-
ture of the Quantum Neural Network (QNN) training loop
integrated with Quantum Error Mitigation (QEM) modules.
The process initiates with a classical optimizer that provi-
des a vector of trainable parameters to a variational quan-
tum circuit. This circuit executes on a noisy quantum bac-
kend (or simulator) to evaluate the expectation value of a
specific Hamiltonian, which defines the objective loss fun-
ction, and simultaneously computes the analytical gradients
using the parameter-shift rule. Before the classical optimi-
zer can perform the next gradient descent step, the noisy
measurement outcomes are intercepted and processed thro-
ugh the dedicated QEM module. Within this module, speci-
alized error compensation algorithms — such as ZNE, PEC,
REM, or CDR — are applied to mathematically compensate
for hardware decoherence and restore the true direction of
the gradient vector. Finally, the mitigated, higher-fidelity
gradient estimators are fed back into the classical optimizer,
which iteratively updates the circuit parameters using a pre-
defined learning rate to ensure stable convergence.
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Fig. 1. QNN training loop integrated with QEM modules / Llukn naBuanus QNN, interpoBanuii 3 moayasimu QEM

Experimental Setup and Dataset Configuration. To
evaluate the Quantum Error Mitigation (QEM) methods, we
constructed a simulation environment utilizing the Qiskit
Aer backend. The study configures the simulator to mirror
the hardware characteristics of a heavy-hex superconduc-
ting topology, specifically modeling a generic 16-qubit
IBM Quantum device.

The noise model injects depolarizing errors at a rate of
1.5-107 for two-qubit CNOT gates and 3.0-10™ for single-
qubit rotations. Additionally, the environment applies
amplitude damping and dephasing with 7} and 7, times
sampled from a normal distribution centered at 90us and

100us, respectively. The system simulates measurement re-
adout errors using an asymmetric assignment matrix with
an average error probability of 2.5 %.

For the machine learning workload, the study utilizes a
standardized binary classification dataset derived from a
downscaled version of MNIST. The classical pre-proces-
sing pipeline reduces the image dimensionality to 8 features
using Principal Component Analysis (PCA) and encodes
these features into an 8-qubit quantum state via amplitude
encoding.

The QNN architecture employs a Hardware-Efficient
Ansatz (HEA). The circuit consists of alternating layers of
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parameterized R, and R. single-qubit rotations and linear
nearest-neighbor CNOT entanglement blocks. The study fi-
xes the circuit depth to D = 4, yielding a total of 40 trainab-
le parameters. The training loop utilizes the classical Adam
optimizer with a learning rate set to # = 0.01. Unless speci-
fied otherwise by the QEM scaling requirements (e.g.,
PEC), the backend executes 10* measurement shots per cir-

cuit evaluation to estimate the expectation values. The fra-
mework evaluates the Mean Squared Error (MSE) loss
function over 100 continuous training epochs.

Experimental Results. Comparative matrix of measure-
ment shot requirements and classical processing overhead
to achieve target gradient precision presented as Table 1.

Table 1. Comparative Matrix of Measurement Shot Requirements and Classical Processing Overhead to Achieve Target Gradient Preci-
sion / TTopiBHsUIbHA MaTPHUIIs BUMOT JI0 KiIBKOCTI BUMiproBaHb (Shots) Ta KITaCH4HUX 00YMCITIOBAIBHUX BUTPAT JUIsL JOCATHEHHS 1iJIbOBOT
TOYHOCTI Ipajii€eHTa

QEM Gradient Bias Shot Scaling Quantum Execution Classical Post-processing Maximum Practical
Method Complexity Time Overhead Overhead Circuit Depth
REM Biased o) Constant (Calibration only) Low (Matrix 1nyers1on/mult1pllca- High (Independent of
tion) depth)
Biased (Extrapo- Linear (Dependent on . . Medium (Fails deep cir-
ZNE lation error) o) folding scale) Low (Polynomial curve fitting) cuits)
7 - B IR T
PEC Unbiased O(y) . Constant per shot Medium (Quas‘l-probablhty Low (Overhead limits
(Exponential) sampling) scaling)
CDR Biased (Regressi- o(1) Low (Standard circuit High (Simulating Clifford Medium-High (Depends
on model error) execution) training sets) on Clifford density)

Empirical data points for Loss Function, Gradient Vari-
ance and Accuracy across 100 training epochs presented as
Figure 2, Figure 3 and Figure 4 respectively.

0.9
0.8 —0—|deal —e—2ZNE
—&—Unmitigated —e=PEC
0.7 —e—REM —e—CDR
0,6
0.5
04
03
0,2
0.1
“ Loss Fucntion —s
0 10 20 30 40 50 60 70 80 90 100

Fig. 2. Loss Function with different QEM Methods / 3nauenns
¢yHKLiT BTpaT npu BUKOpUCTaHHI pisHUX MeToniB QEM

Figure 2 illustrates the progression of the objective loss
function across 100 training epochs for various QEM strate-
gies compared to ideal and unmitigated baselines. The un-
mitigated and standalone REM models plateau rapidly at
suboptimal local minima because the global depolarizing
channel flattens the landscape. In contrast, PEC almost per-
fectly tracks the ideal noiseless loss trajectory, while CDR
maintains a smooth and stable descent, completely avoiding
the late-stage optimization oscillations that disrupt the ZNE
approach.

1

0 10 20 30 40 50 60 70 80 90 10
it Gradient Variation
0.01 -0~ - -0~ —— i -0~ ———
0,001
0,0001
0,00001
—o—deal —e—2ZNE M
0,000001 —o—Unmitigated —#=PEC
—e—REM —e—CDR
0,0000001

Fig. 3. Gradient Variation with different QEM Methods / [{ucnepcist
rpaji€eHTa 3a BUKOpUCTaHHs pisHUX MeTorniB QEM

Figure 3 demonstrates the statistical variance of the gra-
dient estimators introduced by different QEM strategies du-
ring the gradient descent cycle. The data reveals that while
ZNE effectively restores the gradient direction in early
epochs, its inherent extrapolation error causes severe vari-

ance amplification and destabilizing oscillations as the cir-
cuit navigates into sharper regions of the landscape. Me-
anwhile, PEC and CDR successfully manage gradient stabi-
lity and prevent the gradient amplitudes from shrinking be-

low the statistical noise level.
1

0.9
0.8
0.7

> 2 > = >

0,6}
0.5 —8—|deal ——ZNE
—&—Unmitigated —&=—PEC
04 —e—REM —e—CDR
- Accuracy
o 10 20 30 40 50 60 70 80 90 100

Fig. 4. Accuracy with different QEM Methods / Tounicts knacudi-
Kallii 32 BUKOpUCTaHHsI pi3Hux Meronis QEM

Figure 4 compares validation set classification accuracy
achieved by the quantum neural network utilizing each spe-
cific QEM strategy. The unmitigated baseline stalls prema-
turely at a 62 % accuracy threshold, and applying REM yi-
elds a strictly limited improvement to 65 %. PEC achieves
the highest performance with a 92 % classification accuracy
that closely mirrors the 95 % ideal baseline, whereas CDR
emerges as the best practical compromise by reaching 88 %
accuracy without exponential sampling overhead.

Analysis of Results. The empirical simulations conduc-
ted via the Qiskit Aer framework yield a clear hierarchy of
efficiency among the tested QEM strategies. The study
benchmarked the Zero-Noise Extrapolation (ZNE), Proba-
bilistic Error Cancellation (PEC), Readout Error Mitigation
(REM), and Clifford Data Regression (CDR) methods aga-
inst both an ideal (noiseless) statevector simulator and a
fully noisy, unmitigated hardware model.

The baseline unmitigated simulation demonstrates a ra-
pid onset of the noise-induced Barren Plateaus phenome-
non. The global depolarizing channel flattens the objective
function landscape, causing the gradient vector amplitudes
to shrink below the statistical noise floor. Consequently, the
unmitigated optimization stalls prematurely around the 15th
training epoch, failing to achieve an accuracy higher than
62 % on the validation set, with the loss function plateauing
at a suboptimal local minimum.

Applying REM as a standalone technique provides a
strictly limited improvement. The analysis reveals that whi-
le REM effectively corrects the asymmetric bias of the final
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measurement distributions, it fails to reconstruct the cohe-
rent quantum information lost to depolarizing errors during
gate execution. Thus, REM shifts the loss landscape verti-
cally but does not restore the steepness of the gradients, yi-
elding a final accuracy of 65 %.

Conversely, the integration of ZNE and PEC suc-
cessfully restores the true direction of the gradient vector.
ZNE amplifies the noise and extrapolates backward, allo-
wing the classical optimizer to take confident steps during
the initial 30 epochs. However, as the QNN navigates into
sharper regions of the loss landscape, the inherent extrapo-
lation error of ZNE introduces severe gradient variance,
causing the training curve to oscillate and eventually satura-
te atan 81 % accuracy threshold.

PEC, providing mathematically unbiased gradient esti-
mators, allows the optimizer to track the ideal noiseless tra-
jectory almost perfectly in terms of expected value. The si-
mulation proves that PEC can achieve a 92 % classification
accuracy, closely mirroring the 95 % baseline of the ideal
simulator. However, this theoretical superiority comes at a
massive practical cost.

The CDR method emerges as the most balanced algo-
rithmic compromise. By utilizing classically simulable Clif-
ford circuits to train a regression model, CDR successfully
predicts and mitigates the depolarizing effects on the target
non-Clifford QNN. The empirical data show that CDR ac-
hieves an 88 % accuracy rate while maintaining a stable
gradient descent trajectory, completely avoiding the late-
stage oscillations characteristic of ZNE.

Analysis of Computational Overhead and Shot Scaling.
The capability of QEM methods to restore gradient directi-
ons inherently triggers a fundamental trade-off with compu-
tational overhead, specifically regarding the required num-
ber of measurement samples (shots).

The PEC method exhibits a severe, exponential overhe-
ad scaling. To maintain a constant variance in the gradient
estimator, the optimization loop must increase the number
of shots by a factor of y*, where y represents the structural
overhead parameter derived from the L,-norm of the quasi-
probability distribution. For the simulated 8-qubit QNN,
this requirement forces the system to execute over 10’ shots
per parameter update, rendering PEC practically intractable
for deeper variational circuits.

ZNE imposes a linear overhead penalty regarding quan-
tum execution time. To construct the extrapolation model,
the quantum backend must execute the circuit at multiple
noise scale factors (e.g., 4 ={1,3,5}). Since folded circuits
require three to five times more physical gates, the overall
quantum processing duration scales linearly with the chosen
polynomial degree of the extrapolation model.

CDR shifts the computational burden from the quantum
processor to classical pre-processing. The method requires
minimal additional quantum shots during the actual training
loop. Instead, it consumes classical compute resources to si-
mulate the training dataset of Clifford circuits. This makes
CDR highly scalable for current NISQ architectures, provi-
ded the classical backend can efficiently handle the Clifford
simulations.

REM remains the most lightweight technique. It requi-
res only an initial calibration routine to construct the assig-
nment matrix, imposing purely classical matrix-vector mul-
tiplication overhead during the actual optimization epochs.

Hence, the empirical analysis clearly dictates that no
single Quantum Error Mitigation (QEM) strategy remains

optimal throughout the entire training cycle. Specifically,
methods that successfully amplify gradients in flat regions
introduce critical instability near the convergence mini-
mum. To resolve this bottleneck, we propose a dynamic
orchestration methodology that adaptively modulates the
applied mitigation techniques based on the current optimi-
zation epoch and the localized geometric properties of the
loss landscape.

The proposed framework universally applies Readout
Error Mitigation (REM) across all epochs as a zero-cost
classical baseline to eliminate asymmetric measurement bi-
as. Beyond REM, the orchestrator dynamically transitions
through three distinct phases, governed by a variance-trac-
king heuristic.

During Phase I, the Quantum Neural Network (QNN)
naturally resides in flat regions characterized by noise-indu-
ced Barren Plateaus. The optimization landscape lacks dis-
tinct features, and gradient amplitudes vanish. In this phase,
the orchestrator deploys Zero-Noise Extrapolation (ZNE).
ZNE aggressively amplifies the attenuated gradient signals,
allowing the optimizer to determine the correct initial tra-
jectory and escape the plateau. Because the true gradients
are minimal in this region, the inherent extrapolation bias of
ZNE remains mathematically tolerable and does not corrupt
the optimizer's momentum.

Then during Phase II, the optimizer navigates into ste-
eper regions of the loss landscape (the "valley"), the gradi-
ent magnitudes increase. Consequently, the extrapolation
error of ZNE begins to introduce severe, high-frequency
gradient variance that destabilizes the optimization path.
The classical node continuously computes the moving ave-
rage of the gradient variance o*(VL,) over a sliding window

of epochs. Once this variance exceeds a predefined heuris-
tic threshold 1, the orchestrator automatically deactivates
ZNE and activates Clifford Data Regression (CDR). CDR
immediately suppresses the variance by utilizing classically
simulable training sets, providing a smooth and stable des-
cent trajectory without requiring deep quantum circuit exe-
cution.

Finally at Phase III, as the optimizer approaches the lo-
cal minimum, where highly precise, unbiased gradient esti-
mators are required to prevent oscillation around the con-
vergence point. If the QNN depth falls within acceptable
hardware limits, the orchestrator triggers Probabilistic Error
Cancellation (PEC) for the final parameter updates. Since
PEC is only active for a few epochs, its exponential
sampling overhead O(y?) remains strictly bounded and eco-
nomically viable. For deeper architectures where PEC is
intractable, the orchestrator relies entirely on CDR with an
exponentially decaying learning rate. By automatically trig-
gering specific mitigation algorithms only when their mat-
hematical assumptions align with the local loss landscape
topology, this orchestration methodology ensures stable
gradient descent convergence. Furthermore, it strictly mini-
mizes the exponential quantum sampling costs that otherwi-
se make isolated QEM techniques impractical on near-term
hardware.

Discussion of the Obtained Results. The empirical data
reveals a fundamental dichotomy in the application of Qu-
antum Error Mitigation (QEM) for optimizing Quantum
Neural Networks (QNNs): the trade-off between the mathe-
matical purity of the gradient estimator and the physical li-
mits of quantum sampling resources. The results clearly
explain why Zero-Noise Extrapolation (ZNE) and Probabi-
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listic Error Cancellation (PEC) occupy opposite ends of this
operational spectrum.

The analysis demonstrates that ZNE performs excepti-
onally well under low-noise conditions, specifically within
shallow quantum circuits. By artificially amplifying the no-
ise via unitary folding, ZNE allows the classical regression
model to accurately extrapolate the noiseless expectation
value. In shallow circuits, the relationship between the no-
ise scale factor and the observable expectation value rema-
ins smoothly monotonic, enabling polynomial or exponenti-
al curve fitting to recover the true gradient direction effecti-
vely [6]. However, as circuit depth increases or the baseline
hardware noise grows, the global depolarizing channel ra-
pidly drives the quantum state toward the maximally mixed
state. Consequently, the expectation values at amplified no-
ise levels collapse into a flat statistical baseline. The classi-
cal regression model then attempts to extrapolate from pure
noise, which drastically amplifies the variance of the gradi-
ent estimator and causes the severe late-stage oscillations
observed in the training curves. This confirms that rese-
archers should restrict ZNE exclusively to shallow heuristic
algorithms where the extrapolation model does not accumu-
late critical inaccuracies.

Conversely, PEC provides a mathematically exact, unbi-
ased gradient estimator by structurally inverting the noise
channels themselves. The simulation data confirms that
PEC successfully tracks the ideal noiseless trajectory, yiel-
ding the highest classification accuracy (92 %). The method
achieves this by decomposing the ideal unitary operations
into a quasi-probability distribution of noisy, implementab-
le gates [23]. The critical limitation, however, stems from
the resource cost. The Li-norm of this quasi-probability
distribution dictates the sampling overhead (y). Because y
multiplies across every noisy gate in the circuit, the requi-
red number of measurement shots scales exponentially with
circuit depth. The research proves that while PEC is theore-
tically optimal for resolving noise-induced Barren Plateaus,
its practical deployment on current NISQ devices remains
economically and temporally unfeasible for deep QNNs.

Furthermore, the study critically acknowledges the limi-
tations inherent in utilizing local noise simulators compared
to executing these pipelines on physical quantum hardware.
The Qiskit Aer simulations rely on idealized, Markovian er-
ror models, treating depolarizing channels, thermal relaxati-
on, and readout errors as independent and uncorrelated
events [1]. Physical NISQ processors, however, exhibit
complex non-Markovian dynamics, coherent gate errors,
and severe inter-qubit crosstalk [14]. These unmodeled
hardware realities significantly degrade the performance of
QEM strategies in practice. For instance, PEC requires pre-
cise quantum gate set tomography to characterize the noise
channels accurately before generating the quasi-probability
distribution. On real hardware, temporal drift continuously
alters these noise parameters, rendering the static tomograp-
hic data obsolete and corrupting the PEC mitigation matri-
ces. Similarly, spatial crosstalk invalidates the ZNE as-
sumption that unitary folding scales the noise linearly, as
adding deeper inverse gates often introduces new, unpredic-
table cross-resonance errors between adjacent qubits [16].
Therefore, while the simulator proves the theoretical capa-
bility of QEM to restore gradients, actual hardware imple-
mentation requires dynamic, learning-based approaches,
such as Clifford Data Regression (CDR), which can adapt
to the physical noise floor without requiring perfect tomog-
raphic knowledge.

Discussion of research results. In the study [21], the
authors analyzed the fundamental theoretical limits of quan-
tum error mitigation, demonstrating that any protocol ca-
pable of fully eliminating hardware noise inherently requi-
res an exponential scaling of sampling overhead, which se-
verely restricts the scalability of Probabilistic Error Cancel-
lation (PEC) for high-depth variational circuits.

In the article [18], the researchers investigated the beha-
vior of parameterized quantum circuits under local depola-
rizing channels, highlighting that the variance of gradient
estimators exponentially diverges when standard error miti-
gation techniques are statically applied without considering
the specific geometric topology of the objective function.

In the work [7], the investigators explored the integrati-
on of Zero-Noise Extrapolation (ZNE) into the feature en-
coding layers of quantum machine learning models, poin-
ting out that while ZNE successfully suppresses coherent
errors in shallow architectures, its uncalibrated application
directly amplifies statistical artifacts and can artificially in-
duce barren plateaus during late-stage training.

In the paper [12], the scientists examined the efficiency
of Readout Error Mitigation (REM) across various Noisy
Intermediate-Scale Quantum (NISQ) hardware topologies,
concluding that classical post-processing calibration is a
mandatory baseline that corrects asymmetric measurement
biases but remains mathematically insufficient to restore the
dynamically lost quantum information inside the entangling
layers.

In the research [9], the authors assessed data-driven and
learning-based mitigation frameworks, such as Clifford Da-
ta Regression (CDR), indicating that shifting the computati-
onal burden from the quantum processor to classical simu-
lators provides a highly scalable alternative for near-term
hybrid algorithms, although it introduces a strict dependen-
ce on the classical simulability of the target ansatz.

In the study [4], the researchers modelled the optimiza-
tion trajectories of variational quantum eigensolvers under
time-varying Pauli noise, establishing that the temporal
drift of hardware parameters rapidly invalidates static miti-
gation configurations, thus necessitating adaptive, dynami-
cally adjusting error compensation frameworks.

Consequently, analyzing the aforementioned literature
confirms the critical feasibility and absolute necessity of
our research, because while previous works have individ-
ually studied the static fidelity improvements or theoretical
variance bounds of isolated QEM techniques, none of the
existing studies have directly quantified and resolved the
dynamic interaction between mitigation-induced variance
amplification and gradient descent convergence through an
orchestrated, adaptive pipeline as systematically as it was
achieved in this investigation.

So, based on the results of the work performed, it is pos-
sible to formulate the following scientific novelty and prac-
tical significance of the research results.

Scientific novelty of the obtained research results — the
methodology of quantum error mitigation during quantum
neural network training has been improved through a dyna-
mic orchestration approach that successfully restores the
true gradient vector direction while minimizing the expo-
nential variance penalty by adaptively modulating the appli-
cation of Readout Error Mitigation, Zero-Noise Extrapolati-
on, and Clifford Data Regression according to the specific
optimization epoch, whereby the algorithmic framework of
hybrid quantum-classical learning for overcoming noise-in-
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duced barren plateaus has been advanced, and the practical
implementation of the parameter-shift rule on NISQ proces-
sors has received further development.

Practical significance of the research results — can be
practically implemented in the software development pro-
cesses of modern MLOps pipelines for training hybrid qu-
antum-classical machine learning models on modern NISQ
hardware, which allows quantum engineers to proactively
configure optimal trade-offs between optimization precision
and quantum processing time using the established measu-
rement shot thresholds, thereby substantially accelerating
the deployment of robust quantum neural networks in their
applications.

Conclusions / BUCHOBKU

Systematized methods of quantum error mitigation,
which will allow evaluating their influence on training effi-
ciency and establishing a fundamental approach for optimi-
zing hybrid quantum-classical machine learning models on
Noisy Intermediate-Scale Quantum (NISQ) devices. Based
on the results of the research the following main conclusi-
ons can be drawn.

1. Analyzed the primary sources of hardware noise in Quan-
tum Neural Networks, specifically demonstrating that glo-
bal depolarizing channels fundamentally flatten the objecti-
ve function landscape and artificially exacerbate the noise-
induced barren plateaus phenomenon, which exponentially
suppresses gradient amplitudes and prematurely stalls clas-
sical optimizers.

2. Investigated the direct impact of Zero-Noise Extrapolation
(ZNE), Probabilistic Error Cancellation (PEC), Readout
Error Mitigation (REM), and Clifford Data Regression
(CDR) on analytical gradient evaluation via the parameter-
shift rule, proving that these methodologies successfully
restore the true direction of the gradient vector but simulta-
neously induce a severe statistical variance penalty.

3. Established the exact computational overhead and measure-
ment shot scaling requirements necessary to maintain gra-
dient descent stability, confirming that REM serves as a
mandatory zero-cost classical baseline, PEC demands an
intractable exponential sampling overhead for deep circu-
its, and ZNE is strictly limited to shallow architectures to
avoid destabilizing extrapolation oscillations during late
training epochs.

4. Developed a comprehensive efficiency matrix and an inno-
vative dynamic orchestration methodology that adaptively
combines multiple mitigation strategies depending on the
specific optimization epoch, which strategically balances
the complex trade-off between gradient precision and qu-
antum computational overhead, ensuring stable convergen-
ce for hybrid quantum-classical machine learning models
on near-term hardware.

Statement on the Use of Al-Assisted Technologies.
During the preparation of this work, the authors used
ChatGPT and Grammarly solely for grammar and spell
checking, as well as for the paraphrasing and stylistic refi-
nement of complex sentences. Following the use of these
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content, and accept full responsibility for the final context
and conclusions of the publication.
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Hayionanenuii mexuniunuii ynisepcumem Yxpainu "Kuiecoxuil nonimexuiunuii incmumym
imeni leopa Cikopcvkoeo”, m. Kuis, Yrpaina

METOJU MIHIMI3AILIl TOMUJIOK Y KBAHTOBUX HEMPOHHUX MEPEKAX
TA IX BIIJIUB HA 3BI2KHICTb METO/Y TPAAIEHTHOTO CITYCKY

[IpoananizoBano cy4acHi cTparerii MiHIMI3aIlil HOMIUIOK y BapiallifHUX KBAHTOBUX alTOPUTMaXx 3a YMOB () YHKIIIOHYBaHHS ama-
patHoro 3abe3neuenns enoxu NISQ (anrn. Noisy Intermediate-Scale Quantum — ITyMHUH KBAaHTOBHI KOMITTOTEp MPOMIXHOTO Mac-
mrtady). JlochimkeHo BIUIMB amapaTHOTO IIyMYy, SIKUH i€ SIK TI00aNbHUN NETONAPU3YIOUNA KaHAl Ha MOTNIMOJICHHS edekTy "0e3-
IUTIIHUX T1aT0" Ta KPUTHYHY JETPAfAIio mpouecy 301KHOCTI TPagi€HTHOTO CIYCKY. 3aCTOCOBAHO CIICI[ialli30BaHi CUMYNIATOPH IIIy-
My Ha 06a3i dpeiimBopky Qiskit Aer Ui TOYHOr0 MOJIEITIOBAHHS TOBEIIHKY PeallbHUX KBAHTOBUX MPHCTPoiB. OmiHeHO Oe3nocepe-
HIO ¢(DeKTUBHICTh METOJIIB eKCTpamnoiAlii HynboBoro mymy ZNE (anrn. Zero Net Energy), IMOBIpHICHOTO CKacyBaHHS MOMMIIOK
PEC (aurn. Probabilistic Error Cancellation), kopexuii momuiok 3untyBanHs REM (aurn. Readout Error Mitigation) Ta perpecii
nanux Kiniddopaa CDR (aurn. Clifford Data Regression). 3'sicoBaHo, 1110 iHTerparlisi BKa3aHUX METOIB J1a€ MOKJIUBICTb CUCTEMI yC-
MIIHO BiJIHOBUTH CIIPaBXXHIM HAMPSIMOK BEKTOpa TPAi€HTa IUIIXOM MAaTEeMaTHYHOI KOMIICHCAIT 3aTyXaHHs aMILTITy/I1, CIPUYHHE-
HOTO anapaTHo JIeKOTEpPEeHIli€l0. BUsBIICHO, 1110 MpOLlec BiAHOBICHHS TeoMeTpii anmmadry QpyHKiii BTpar HEMHHYYE CYIIPOBO-
JOKYETBCSI 3HAYHAM 3POCTAHHSM JUCIIEPCii CTATUCTUYHUX OI[HOK, 1110, BOJHOYAC, BUMAra€ eKCIOHCHI[IHOrO abo JiHIHHOrO 3011b-
LICHHST PO3MIpy BUOIPKH BUMIPIOBAHb TS 3ari00iraHHst OCHIJISILsIM. BeranoBieHo, mo kopekiis Mmeroay REM BucTymae 060B's13k0-
BUM 0a30BHM €TaIllOM KJIACHYHOTO 0OPOOJICHHS IPaJi€HTIB, KU HEe MOTPeOye OJATKOBUX KBAHTOBHX PECYPCIB, TOJI SIK MPAKTUYHA
npuaatHicte Meroay ZNE 5KopcTKO 00MEKy€eThCs HErJTMOOKUMU KBAaHTOBHMH JIAHIFOTAMH Yepe3 PUSHK HAKOMMWYCHHS KPUTHYHUX
HETOYHOCTEH eKCTPAIOILILii Ha Mi3HIX ermoxax onTuMizalii Heiipomepex. JloBeaeHo, 1o momnpu 3aataictsb anroputmy PEC dopmy-
BaTH 1/1eaIbHO HE3MIIIeH] OLIHKY IPaji€HTa, HOro eKCIOHEHIHHI HAaK/IaIHiI BUTpaTH Ha BUOIpKy pobisite meroq PEC anmaparHo Her-
pUIATHUM ISl TIIMOOKUX apXiTeKTyp, BUBOIsUM Ha mepinuii miad meron CDR sk HalbOLmbin MacuraboBaHy TiOpUIHy aabTepHATH-
By. Po3po0iieHo iHHOBAIIfiHY METOMOIOTI0 TUHAMIYHOI OpKeCTparlii MeTOIiB MiHiMI3allii [IyMiB, sSiKa CTPATEri4HO MOETHYE METOIH
ZNE, CDR Tta PEC ymnpomoBx ycboro MUKy HABYaHHS HEHpoMepex /s 3a0e3neueHHst cTabiibHOoi 301KHOCTI 32 OHOYACHOI MiHi-
Mi3allii CIOKMBaHHS OOYUCIIOBATIBHUX PECYpCiB KBAHTOBOrO criBmporiecopa. ChopMOBaHO HajiliHE TEOPETHUYHE Ta IHKEHEpHE
HIAIPYHTS JUISl IPOEKTYBAHHS apXITEKTYPH arnapaTHO-CTIMKUX TiOpUIHNX KBAaHTOBO-KJIACUYHMX MOJENECH MAalIMHHOTO HaBYaHHS Ta
X MOAaNbIIOl iHTerpalli y cydacHi Bupoouudi kouBeepu MLOps (aurin. Machine Learning Operations).

Kitio4oBi cjioBa: KBaHTOBE MalllMHHE HABYAHHS, BapialliiiHi KBAaHTOBI anroputmu; 6e3rmiiaHi mwiaro; enoxa NISQ; nemomsipusy-
I04MI KaHaJT; IPaBUIIO 3CYBY IapaMeTpiB.
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