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Abstract: Noisy Intermediate-Scale Quantum (NISQ) devices can be used to solve classification problems using a
promising quantum machine learning technique called Variational Quantum Classifiers (VQC). The performance of
VQCs is highly dependent on classical optimizers, and the understanding of the optimizer behavior within a given
quantum architecture is limited. The proposed work is to present an Adaptive Optimizer-Enhanced Variational
Quantum Classifier, which is a combination of a ZZFeatureMap for quantum data encoding and TwoLocal ansatz for
variational learning, for solving non-linear binary classification problems. The proposed framework is tested using the
Two Moons benchmark dataset, which is a popular benchmark for evaluating the ability of machine learning models
to learn complex non-linear decision boundaries. The implementation is based on the Qiskit 1.2 and was run on a
noiseless state vector simulator to remove the effects of hardware noise and focus on the effects of optimization. The
three popular optimization techniques, namely ADAM, COBYLA and SPSA were explored under the same
experimental setups. Besides the classification accuracy, a callback-based loss tracking mechanism was added to
examine the speed of convergence, stability of optimization and evolution of losses during training. The experimental
results showed that the overall accuracy of ADAM is 84.2%, which is the best, followed by COBYLA (79.3%) and
SPSA (73.8%). Along with this, quantitative convergence analysis results showed that ADAM converged faster than
the other optimizers and had lesser loss variance. It is shown that, with a proper optimization routine, a shallow two-
qubit VQC can be used to successfully learn complex non-linear decision boundaries. The principal contribution of
this work is a controlled optimizer-aware evaluation framework that integrates a fixed ZZFeatureMap—TwoLocal VQC
architecture with callback-based convergence diagnostics to systematically analyse optimizer behaviour under
identical experimental conditions.

Keywords: Quantum Machine Learning, Variational Quantum Classifier, Quantum Feature Maps, Optimizer, Binary
Classification.

VQCs use a feature map where classical information
gets encoded into quantum states, and a corresponding
parameterized quantum circuit (ansatz). Each ansatz is
then subjected to value updates using classical
optimizers [2]. The hybrid nature of the architecture
allows the VQCs to exploit quantum feature spaces in
combination with the classical optimization routines,
thereby making them a likely candidate for most near-
term quantum computers. VQCs, however, are still
burdened with a number of practical issues that include

1. Introduction

Quantum machine learning (QML) is a
developing interdisciplinary field combining quantum
computing with classical machine learning. QML is
motivated by the learning, representational, and
processing power of quantum systems due to their
unique capabilities, including superposition,
entanglement, and accessibility to higher dimensional
Hilbert spaces. Among the other QML models generated

to date, the most interest has been in Variational
Quantum Circuits (VQCs) due to their NISQ (Noisy
Intermediate-Scale Quantum) device compatibility, as
well as their hybrid quantum-classical training
frameworks [1].

the finite number of obtainable qubits, a limited depth of
circuit layering, susceptibility to the circuit noise,
plateauing of barren gradients, and problems with
optimizer stability. These practical issues result in the
feature map structures, ansatz, and optimization layers
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needing to be designed in careful ways that foster
meaningful learning and stable convergence [3].

Optimizers play an essential role in determining
the success of ftraining in Variational Quantum
Classifiers (VQCs). During the training of VQCs, the cost
function using the measurement outputs is minimized,
resulting in the VQC training landscape being described
as non-convex, noisy, and sensitive to VQC structure
and parameterization. While some optimization
techniques, such as gradient-based optimizers, lack
efficiency and suffer from instability, gradient-based
optimizers tend to exhibit slow convergence and a lack
of efficiency in measurement noise. This demonstrates
the importance of understanding optimizers in VQC
training to develop useful and robust models in quantum
machine learning [4].

Recent studies have shown that it has also been
shown that the optimization strategy, expressibility of the
circuit, and the data encoding also play a significant role
in the trainability of variational quantum models. The
selection of the optimizer has become a key issue for the
convergence stability, barren plateau mitigation, and
learning efficiency of hybrid quantum-classical
architectures in particular. Therefore, it is essential to
systematically assess the optimization behavior when
implementing Variational Quantum Classifiers in
practical applications with NISQ devices.

For quantum variational algorithms, the
optimization techniques ADAM, COBYLA, and SPSA
have been adapted for quantum systems and are
described as adaptive and noise resilient. ADAM is an
adaptive gradient optimizer in which learning rates are
modified based on moment estimates, which is efficient
in complex optimization problems in which the objective
is to achieve gradient smoothness. COBYLA is a
gradient-less optimizer of the trust-region type, which
optimally balances noise and constraint satisfaction, and
SPSA works in stochastic optimization and perception-
efficient contexts, although in the current context it is
analyzed in the case of noiseless simulations. The
present study is one of the few examples in which these
optimizers are used in an integrated VQC framework and
addresses the convergence of non-linear classification
problems [5].

The feature map and ansatz choice is one of the
many leading design components of VQCs.
Entanglement-based feature maps, like the
ZZFeatureMap, are said to embed classical information
into quantum states in such a way that complex
correlations are created between qubits. This may
improve the expressivity and class separability of the
quantum feature space. There is a similar characteristic
for the TwolLocal ansatz, which consists of interleaving
parameterized rotations of single qubits and some
entangling gates. This provides depth control with
enough flexibility for shallow circuit design, which is a
good fit for the NISQ paradigm. The combination of

these components allows for the design of quantum
models that are expressive enough to learn non-linear
decision boundaries with a very small number of qubits

[6].

This work presents a controlled optimizer-aware
evaluation framework for Variational Quantum
Classifiers by integrating a fixed ZZFeatureMap and
TwolLocal ansatz with callback-based convergence
diagnostics. The objective is to systematically
investigate the influence of optimizer selection on
convergence behaviour, training stability and
classification performance under identical experimental
conditions. Using Qiskit v1.2 the VQC is simulated and
differences among the optimizers are quantified. ADAM,
COBYLA, and SPSA are the chosen optimizers and the
primary focus of research is on the disparity of these
optimizer on convergence, training stability, and
classification accuracy. In order to enhance
interpretability and training diagnostics, we incorporate a
loss metric and a visualization tool to track optimizer
progress over training iterations, augmenting Qiskit's
standard implementation of VQC [7]. This addition sheds
light on convergence behavior, the influence of noise,
and the stability of the optimization process—issues that
usually receive scant attention in opaque quantum
learning studies. By providing a comparative analysis of
optimizers within a single VQC framework, this study
expands the scope of QML research, and legitimizes the
use of VQC'’s for practical learning tasks during the NISQ
period.

Despite significant advances in variational
quantum classification, previous works focused mainly
on classification accuracy or on proof-of-concept
experiments on benchmark datasets. Comparatively
less research has focused on a systematic optimizer-
centric analysis, quantifying convergence speed,
training stability and evolution of loss for a fixed quantum
circuit configuration. Moreover, the corresponding
literature does not provide comprehensive comparisons
between frequently used optimizers, e.g. ADAM,
COBYLA and SPSA. The gap inspires the focus of the
present study: to understand the behaviour of the
optimiser within a controlled VQC context with a fixed
feature map, ansatz and evaluation protocol.

In this paper the term adaptive optimizer
enhanced Variational quantum Classifier (VQC) is used
to denote a structured design, in which various classical
optimizers ADAM, COBYLA, and SPSA are
systematically integrated into a fixed quantum circuit
architecture to examine their effect on convergence
behavior, stability and classification. In contrast to the
traditional implementation of VQC based on one
optimizer, the given research proposes an optimizer-
aware ftraining framework that allows the analysis of
comparative learning behavior in case of the same circuit
configuration. The framework is also complemented with
a loss-tracking mechanism that offers a fine-grained
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detail of the optimization paths, and thus enhances the
understanding of the training process.

The main contributions of this work are:

1. Offering a coherent and regulated comparison
of several optimizers in the identical VQC
structure,

2. Adding interpretability in optimizer level by
tracking of the losses and convergence
diagnostics,

3. Measuring the performance on a non-linear
benchmark (Two Moons dataset) that is difficult
to handle, and

4. Showing that shallow two-qubit circuits with an
appropriate optimizer can be useful to learn
complicated decision boundaries.

This is the distinguishing factor between the
proposed work and the existing body of literature which

mostly addresses feasibility or single-optimizer
performance without involving the convergence
analysis.

The main findings of this work can be summarized
as follows:

1. An integrated adaptive optimizer enhanced
VQC framework of ADAM, COBYLA and SPSA
using the same experimental conditions.

2. Loss convergence dynamics and training
stability analysis via loss-tracking a callback-
based framework.

3. A comparative analysis of optimizer
performance on a non-linear classification test
(Two Moons dataset).

4. Experimental evidence of effective non-linear
learning of decision boundaries with a shallow
two-qubit circuit.

This research shifts attention from typical
performance metrics to how optimizers behave inside a
fixed setup for quantum classification. Rather than
chasing higher scores, it shows changes in training
patterns based solely on which optimization method is
chosen. A single consistent structure and data set reveal
stark differences in learning paths across methods.
Depending on the optimizer, outcomes range from
smooth progression to erratic jumps during training.
Boundaries separating classes also shift noticeably in
shape and stability. Such variations emerge without
altering the model design or inputs. Results suggest that
choice of optimizer alone can reshape both speed and
outcome of learning. Not every method reaches similar
endpoints, despite starting under equal settings. Subtle
instabilities appear more tied to algorithmic mechanics
than circuit layout. Performance depends less on
hardware limits here, more on numerical strategies
guiding updates.

2. Related Works

2.1 Quantum Feature Spaces and Variational
Quantum Classifiers

Variational Quantum Classifiers (VQC) operate
on the principle that quantum circuits can use feature
maps quantum-enhanced feature spaces (a mechanism
where classical data is mapped to quantum states and
the calculations performed in the exponentially larger
dimension of Hilbert space). HAVLICEK et al. created a
model where quantum circuits can represent and solve
non-linear decision boundaries, thereby solving the
problems of supervised learning in ways that surpass
classical kernel techniques (USE). Their work provided
a basis to establish the viability of VQCs in performing
non-linear classification through the employment of
shallow quantum circuits, thereby making them
appropriate for the NISQ period [7]. Schuld and Killoran
expand on this, positing that quantum classifiers can be
likened to linear models in quantum feature Hilbert
spaces, similar to kernel machines [8]. The authors posit
that the expressiveness of a quantum model is a function
of the feature map, rather than the variational circuit.
This finding strongly supports the motivation for the
design of expressive feature maps for quantum
classification problems and justifies the use of
entanglement-based encodings in VQCs.

2.2 Entanglement-Based Feature Maps and ZZ
Encoding

Adding entanglement to feature maps
strengthens the quantum models’ ability to represent
more complex data points. In their study, Tomono et al.
look at Z and ZZ feature maps and how they affect the
learning performance in quantum kernel methods [9].
They show how ZZ-type encodings, which feature
entanglement interactions on pairs of qubits, improve the
separability of classes in the quantum feature space
compared to other encodings, especially in the case of
non-linear data sets.

In terms of end-user applications, the most
accessible version of an entanglement-based encoding
scheme is the ZZFeatureMap, which is available in
Qiskit. In their study, Naresh and Reddi used Qiskit to
analyze quantum machine learning workflows and found
that ZZFeatureMap performed well across classification
and regression tasks [10]. This body of work explains
why, for VQCs that aim to perform non-linear binary
classifications, ZZFeatureMap is an appropriate choice
of data-encoding scheme.

2.3 Ansatz Design and Twolocal Circuits for
NISQ Devices

In addition to feature maps, the architecture of
the ansatz is also integral to VQC success. Kandala et
al. first described hardware-efficient variational circuits
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and argued for shallow circuits with a pattern of
parameterized rotation and entanglement layers that is
aligned with the capabilities of near-term quantum
devices [11]. This design philosophy has become
dominant in the field and is reflected in many of the off-
the-shelf ansatz templates, including Qiskit's TwolLocal
circuit.

To support the proposed ansatz choices, Sim
and others constructed metrics for the Expressibility and
Entangling power of parameterized quantum circuits
[12]. Their analysis gives instructions for the preference
of straightforward ansatz frameworks that facilitate a
compromise between the competing metrics of
expressibility and trainability, and thus, champions the
use of shallow Twolocal circuits for lower qubit VQC
models.

2.4 The Problems of Optimization for Variational
Quantum Algorithms

Notwithstanding their expressive possibilities,
VQCs continue to battle serious issues of training that
are rooted in the noisy measurements, and the non-
convex nature of the loss landscapes, and the so-called
barren plateaus. Cerezo and others delivered a holistic
compendium of the literature on variational quantum
algorithms where they identified issues related to
optimization stability, noise, and the rapid scaling of the
problem [13]. Of significance is the assertion that the
choice of an optimizer is singular in importance for the
attainment of consistent convergence within the
variational frameworks.

2.5 The Use of SPSA, COBYLA and Adaptive
Techniques as Optimizers for VQC Training

Because of noise problems and the finite
number of measurements available, stochastic
optimization strategies have become common in
quantum contexts. Spall's Simultaneous Perturbation
Stochastic Approximation (SPSA) is a technique in
which estimation of the gradient is based on only two
evaluations of the objective function, thus it is appealing
for experiments on quantum hardware [14]. SPSA is now
regarded as the standard optimizer for quantum
variational algorithms. Singh et al. demonstrated that
optimizer performances differ based on the type of
problem and the amount of noise present in the system
when benchmarking variational quantum applications
with COBYLA and SPSA. This motivates the evaluation
of multiple optimizers for training VQCs in classification
contexts [15].

26 Recent Advances in
Robustness and Interpretability

Optimization

Recent work has focused on variational
quantum models with an emphasis on improving the
robustness and interpretability of optimisations. Shaffer
et al. proposed a technique of surrogate-based
optimisation that approximates cost landscapes to
decrease the number of quantum circuit evaluations and
to help convergence [16]. Notably, newer research
points to hybrid quantum-classical systems boosting
prediction accuracy by refining how adjustments are
made during training.

Table 1. Summary of Related Works in Variational Quantum Classification

Reference Feature Map/ Ansatz / Model Optimizer Key Contribution
Encoding
. - Demonstrated non-linear
Havlicek et al. Quantum kernel- Circuit-based . . .
: Classical classification using quantum
[71 based encoding model
feature space
Schuld & Quantum feature Linear model . Established connection between
. . . ) Classical quantum models and kernel
Killoran [8] Hilbert space interpretation
methods
Tomono et al. ZZ-based feature Kernel-based . Showed improved class
Classical . .
[9] map approach separability using entanglement
Kandala et al. Hardware-efficient Twolocal-type . Proposed shallow, hardware-
) Classical - e o
[11] encoding ansatz efficient variational circuits
Singh et al. Varlatlo_nal guantum Standard VQC COBYLA, Compa.red optimizer pgrformance
[15] circuits SPSA in quantum settings
Proposed ADAM, Optimizer-level convergence
P ZZFeatureMap Twolocal ansatz COBYLA, P o 9 .
Work SPSA analysis with loss-tracking
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Take, for example, deep learning setups
enhanced with quantum components - these have
shown faster progress toward accurate results within
real-world operational settings [17]. Notably, predictive
models built on quantum-safe methods - combined with
optimization approaches - highlight how strong training
tactics matter when applied outside controlled settings
[18].

These studies also emphasize the importance of
selecting optimizers carefully in variational quantum
algorithms.This type of work illustrates the increasing
importance of interpretability and diagnostics in hybrid
quantum-classical frameworks. The current work builds
on these studies and examines a VQC with a
ZZFeatureMap and TwoLocal ansatz enhanced with an
adaptive optimizer. A specific comparison of the ADAM,
COBYLA, and SPSA optimizers was conducted on the
non-linear Two Moons dataset. This work seeks to
enhance the interpretability of the specific optimizer
used, and provide practical insights for quantum
classifiers in the NISQ era, along with loss-tracking
callbacks to monitor and analyze convergence. Also,
summary of previous work related to VQC shown in
Table 1.

3. Preliminaries
3.1 Variational Quantum Circuits (VQCs)

Most near-term quantum machine learning
models utilize variational quantum circuits (VQCs) due
to their unique hybrid quantum-classical training
framework as well as their suitability to Noisy
Intermediate-Scale Quantum (NISQ) Devices. A VQC
consists of three core components: a quantum data
encoding circuit (also referred to as a feature map), a
parameterized variational ansatz, and a classical
optimizer which updates the circuit parameters based on
the measured output.

A VQC can be mathematically expressed as
preparing a quantum state of the form as in Eq. 1

¥ (x,60)) = U(O) Uy (x) 10)®" (1)
where,
e x € R? represents the classical input data,

e Ug(x) is the feature map that encodes classical
data into a quantum state,

e [U(B) is the variational ansatz with trainable
parameters 6,

e nis the number of qubits.

processing step assigns expectation values to class
labels.

Measuring one or more qubits in a specified basis
produces the circuit's output, and a classical post-

3.2 Quantum Data Encoding and Feature Maps

Quantum feature maps embed classical data
into the quantum states so that the quantum inner
products are represented with respect to some kernel
function. Given a feature map Uy (x), Eq. 2, the quantum
kernel is defined as

K@ x) = [(0|U} () Up()10)|] 2)

In this paper, we use the ZZFeatureMap
entangles qubits to create a greater degree of non-linear
separability. The ZZFeatureMap comprises of ZZ-
interactions and Z-rotations to enable pairwise feature
coupling.

ZZ-interactions are non-local operators that can
act between pairs of qubits. In Eq. 3, For a two-qubit
system, the ZZFeatureMap can be written as

U¢(x) = exp(i Z] XJZ] + i2j<k xjka]'Zk) (3)

This encoding allows classical data to control
single qubit phase shifts and create multi-qubit
entanglement, which is important in capturing non-linear
decision boundaries.

The corresponding two-qubit quantum data-
encoding circuit is shown in Figure 1.

3.3 Variational Ansatz: TwolLocal Circuit

The variational ansatz determines the quantum
model’s flexibility and capacity. In NISQ devices, the
Twolocal is a shallow circuit of choice to reduce the
impact of decoherence and gate errors. The TwoLocal
ansatz is a hardware-efficient, variational circuit
comprised of multiple rounds of single-qubit rotation and
entangling gates as in Eq. 4.

Any two-local ansatz can be formulated as
l i,k
U(©) = Ma(IM R0 My er Uont) (4)
Where,

1. Ri(ei(l)) are the rotation gates which are
parameterized (from RY, RZ),

2. UYY is the entangling gates (like CNOT, CZ),

ent
3. L is the total number of repetition layers,
4. E is the pair of qubits to be entangled.

The structure of the TwolLocal variational ansatz
is shown in Figure 2.

The Twolocal design is optimally structured for
low qubit VQC deployments owing to its balancing of
expressivity and circuit depth.
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Figure 1. Quantum Data Encoding Using the ZZFeatureMap.
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Figure 2. Variational Ansatz Using the TwolLocal Circuit.

3.4 Measurement Strategy and Loss Function

Once the variational quantum state is prepared,
the measurements happen in the computational basis.
Classically, for binary classification, the output of the
model is some function of the expectation value of a
Pauli observable (usually Z) as in Eq. 5:

§ = W(x, O1Z1Y(x;, 0)) (5)

A threshold function is applied to predict a class
label.

The model trains to minimize some loss function
over the data. In the case of supervised binary
classification, one typical loss is the mean squared error
(MSE) as in Eq. 6:

LO) = ¥ (i — 9 m (6)
Where
yi is the label, and
¥, is the output of the quantum circuit.

The loss used is the mean squared error (MSE),
because of the continuous-valued expectation values
that the quantum measurements give, which are in [- 1,
1]. Variational quantum circuits give the expectation

values of observables unlike the classical classifiers
which give probabilistic outputs which makes MSE an
ideal regression-style optimization in classification
problems. Furthermore, MSE guarantees constant
gradient during training of hybrids with quantum-
classical dynamics with respect to cross-entropy which
can be unstable when non-linear probability mappings
are used in quantum applications.

In the case of binary classification, the labels of
classes are transformed between {0, 1} to {-1, +1} in
order to fit the range of expectation values of the Pauli-
Z observable. Zero is used as a threshold and
predictions above or equal to 0 are classified as class +1
and those below 0 are classified as class -1.

Early tests using cross-entropy loss displayed
erratic convergence patterns within the present VQC
framework, highlighting MSE's better fit here. Though
less common in classification, MSE offered more
consistent training dynamics under these conditions.

3.5 Hybrid Quantum-Classical
Loop

Optimization

Using a hybrid optimization loop is how the VQC
is trained. In this loop, the quantum circuit computes the

Int. Res. J. Multidiscip. Technovation, 8(3) (2026) 307-325 | 312



Vol 8 Iss 4 Year 2026

D. Rajalakshmi et al., /2026

loss function, and a classical optimizer adjusts the
parameters 6.

The process involves the following steps:

e Data in its classical form is encoded with the
quantum feature map

e The variational ansatz with the parameters is
applied

e The expectation values are measured, and the
loss is calculated

e A classical optimizer is used to update the
parameters

e The loop is repeated until convergence is
reached

Such a hybrid system allows the incorporation of a
variety of adaptive and gradient-free optimizers like
ADAM, COBYLA, and SPSA, which tend to work best for
environments with significant quantum noise. This
section laid the groundwork for the proposed model by
building the foundational theory and explaining the
mathematics behind VQCs, quantum feature mapping
using the ZZFeatureMap, construction of the TwoLocal
ansatz, measurement methods, and the process of
hybrid optimization. These preliminaries inform the
proposed adaptive optimizer-enhanced VQC, which is
detailed in the following section.

4. Proposed Methodology

This section presents the implementation of the
proposed optimizer-aware evaluation framework based
on a fixed Variational Quantum Classifier architecture.
The objective is to analyse how different classical
optimizers influence convergence behaviour and
predictive performance while maintaining identical
quantum circuit configurations. While section 3
explained the theoretical foundations of variational

quantum circuits, feature maps, and ansatz structures,
the present section is narrowly focused on the
implementation and optimization strategies that serve
the primary contributions of this research. The entire
end-to-end architecture of the proposed model is shown
in Figure 3.

4.1 Problem Definition and Learning Objective

Consider a
represented as

D = {(x;, YD Hes (7)

In Eq. 7, where x; = x;1,x;; € R? represents a
2-dimensional input sample from the Two Moons dataset
and y; € {—1,+1} is the associated class label.

supervised learning dataset

The learning goal is to create a parameterized
quantum model f(x) such that the output prediction is as
close to the true class label as possible:

fo(x)) = y; (8)

As shown in Eq. 8, this is accomplished by
performing a quantum state vector measurement and
then adjusting the variational parameters 6 of the
quantum circuit via a classical optimization process
hybrid with quantum computation.

4.2 Integrated Two-Qubit VQC Architecture

A two-qubit quantum circuit implements the
proposed classifier because the number of qubits
corresponds to the dimensionality of the input feature
space. A classical feature component mapped to a qubit
provides the respective classical input space a direct
counterpart in the quantum computational space. A
single pair of qubits fits naturally with the Two Moons
data structure, since its inputs spread across two
dimensions.

Feature Map Ansatz Measurement
X =
H |— RZ(x;) — RY(x,) — RZ(6,) 5
2 <_‘ |Oorl|
RY(65) — RZ(6.) e —
0 Classical
RY(6,) |- RZ(6,) —(N Bost-
Processing
]. RY(es) = RZ(96) <> ei_xlxz Z®Z
- — - — >

Figure 3. Integrated Two-Qubit VQC Architecture.
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From each point rises a corresponding qubit
state, linking geometry to hardware without extra layers.
Circuit brevity follows as a consequence, yet entangled
states still form where needed. Deeper circuits or more
qubits could stretch representational power - though at a
cost. Optimization grows harder when parts multiply,
especially on today’s limited machines.

The entire VQC pipeline is implemented on one
quantum register as shown in Figure 3. It comprises
three steps: quantum data encoding, variational
transformation, and measurement-based prediction.
This integrated approach enables effortless circuit
execution without repeatedly initializing the quantum
state, thus saving processing cycles, and minimizing the
accumulation of noise. The fact that only two qubits are
utilized for the circuit further supports the idea that
modest quantum resources can sufficiently achieve non-
linear classification, thus validating the application of
VQCs in the NISQ era.

4.3 Quantum State Preparation and Forward
Model

Given an input sample x;, the quantum circuit
constructs a parameterized quantum state defined as in
Eq. 9,

[Y(x;, 6)) = UO) Uy (x;) 0)2° (9)

where Ug(x;) is the entanglement-based
ZZFeatureMap employed for the encoding of classical
data, and U(6) is the TwolLocal variational ansatz.

In order to obtain the model output, one has to
measure a Pauli-Z observable on one of the qubits as in
Eq. 10,

Ji = W, NI ZIP(x;, ) (10)

where (x;, 8) denotes the expectation value of
the observable Pauli-Z, resulting in a continuous
prediction over the interval [-1,1]. This number is then
converted to a class label through a mapping function
based on a class prediction threshold.

4.4 Loss Function and Optimization Objective

The training of the VQC involves the
optimization of a supervised loss function aimed at
quantifying the loss with respect to the predicted output
and the actual labeled output. In this context, the loss
function is the mean squared error (MSE) in Eq. 11,
which is selected for its ease of computation and
consistency when paired with quantum outputs based on
expectation values:

LO) =+ 21 (i = 90 (11)

The optimization problem is thus described as in
Eq. 12

0 = arg meinL(G) (12)

Where 0 represents the VQC parameters, and
this problem is addressed using classical optimization
techniques in a stepwise manner.

4.5 Adaptive Optimizer-Enhanced Training
Strategy

One of the pivotal parts of this study is the
comprehensive documentation and assessment of using
several different optimizers within the same VQC setup.
The training process is carried out separately for each of
the three selected optimizers: ADAM, COBYLA, and
SPSA. Every experiment is performed with complete
control over the parameters of the experiment, including
circuit layout, seeding for parameters, the data for
training, and the criteria for evaluating the model in order
to maintain compositional integrity.

The optimization procedure can be viewed as a
discrete-time dynamical system as in Eq. 13:

oD = g 4+ 7Y (13)

Here, A((,t) signifies the change in parameters
that the optimizer O makes. This structure gives us a
way to determine the different optimization methods,
how they converge, their stability, and how sensitive they
are to the noise produced in quantum evaluations.

4.6 Loss-Tracking and Convergence Analysis
Framework

For the sake of interpretability, we include a
custom loss-tracking callback in the training loop. We
define L(t) as the loss at optimization step t. We can then
build convergence trajectories for the various optimizers
and analyze the training process in detail, step by step,
in the loss-tracking callback.

The loss tracking provides information on the
speed of convergence, the presence of oscillations, and
the stability to stochastic noise, thereby providing an
optimizer-specific performance diagnostic in the context
of variational quantum learning.

Rather than just watching losses drop, this new
tracking method reveals how each optimizer behaves
during training, measured step by step. Because it
records these patterns, differences in how fast or
smoothly optimizers reach results become clear inside
the same quantum circuit setup. One way to measure
how quickly a model converges is by counting the steps
it takes to hit 95% of the lowest loss seen while training.
Stability during learning shows up in how much the loss
changes from step to step - less fluctuation means
steadier progress. While high swings suggest instability,
consistent drops point toward reliable improvement.
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4.7 Algorithmic Description

The complete training workflow of the proposed
Adaptive Optimizer-Enhanced VQC is summarized in
Algorithm 1.

Algorithm 1.  Adaptive
Variational Quantum Classifier

Optimizer-Enhanced

Input:

Training dataset D

Optimizer O

Output: Optimized parameters 6*
1. Initialize 6 randomly
2. Build VQC

3. Set | « Maximum iterations
4. While 1 > 0do

5.  Evaluate loss
6 Update 6 using optimizer O
7 Save loss

8 [—1-1

9. End while10. Return 6*

This section presented the methodology for the
Adaptive Optimizer-Enhanced VQC with a focus on two-
qubit constructions, integrated architecture,
mathematical learning objective, optimizer-driven
architecture, and convergence analysis. Combining a
resource-efficient quantum circuit with classical adaptive
optimization and loss-tracking for the given quantum
circuit, the methodology constructs a framework for a
lower NISQ-era quantum  machine learning
resource/classifier non-linear classification.

5. Experimental Setup

This section outlines the experimental setup
used to assess the proposed Adaptive Optimizer-
Enhanced Variational Quantum Classifier. Details of the
datasets, quantum simulation environments,
configurations for training and evaluation metrics
describe the experimental setup and enable other
researchers to reproduce the work and make
appropriate comparisons for other types of optimizers.

5.1 Dataset Description

The Two Moons dataset was selected to test the
model since it is a common dataset for testing models
designed for binary classification. The dataset contains
a two-dimensional feature space that has two concave
moon-shaped clusters which can be used for testing the
model’s ability to learn the complex shape decision
boundaries. The feature vector x = (x,,x,) captures
each of the samples in the dataset and can be used to
correlate primitives with the two-qubit structure used in

this work. The dataset is normalized and used for
training to eliminate any potential quantum state
preparation issues. The binary class labels in the dataset
arey € {—1,+1}.

5.1.1 Reproducibility and Dataset Configuration

The Two Moons data set was generated by
setting the random seed for its creation to be fixed. The
dataset was partitioned using repeated stratified 80:20
train-test splits (5 repetitions) to preserve class
distribution across all repetitions. Before state
preparation, all input features were normalized using
Min—Max scaling to ensure feature values lie in the range
[0, 1] to guarantee stability in the process of quantum
encoding and optimization. The following data partition,
parameter initialization strategy and evaluation settings
were used for all the optimizer experiments as used in
Table 2.

Table 2. Experimental Setup Used for All
Experiments

Parameter Value
Dataset Two Moons
Input Features 2
Qubits 2
Feature Map ZZFeatureMap
Ansatz Twolocal
Parameter 492

Initialization Seed

Normalization Min-Max Scaling [0,1]

Repeated Stratified 80:20
Split (400/100 per repetition)

Train-Test Split

Simulator Statevector Simulator

Qiskit Version 1.2

5.2 Quantum Simulation Environment

The experiments were conducted using Qiskit
1.2 running on a classical simulation backend. The
experiments were all performed on a noiseless
statevector simulator. Thus, the measurements
represent the ideal quantum behavior in the absence of
noise due to hardware. Any behavior of optimizers is
only discussed when convergence properties are in the
noiseless case and analysis in noisy or shot-based
simulations is regarded as a future task. The evaluation
of the algorithm in this simulation-based environment will
provide a detailed assessment of the behavior of
optimizers and will be helpful in evaluating optimizers on
classical systems prior to using the real quantum
systems.
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5.3 vQcC
Specifications

Arrangement and Circuit

A two-qubit quantum circuit consisting of a
ZZFeatureMap for data encoding and a Twolocal
ansatz for variational learning was used to implement
the Variational Quantum Classifier. The ZZFeatureMap
was configured with a feature dimension of 2 and two
repetition layers (reps = 2), using a linear entanglement
strategy between qubits. The TwolLocal ansatz was
comprised of parameterized RY and RZ rotation gates
with CNOT-based entanglement layers, two repetition
layers (reps = 2) and linear entanglement connectivity.

A common circuit architecture was used
throughout the experiments to ensure a fair comparison
among the different optimizers. The initial values of the
variational parameters were randomly generated from a
uniform distribution between 0 and 2m with a fixed
random seed. This setup has a balance between circuit
expressivity and trainability while being compatible with
the limitation of Noisy Intermediate-Scale Quantum
(NISQ) devices.

5.4 Optimizer Configuration

The performance of three classical optimizers
(ADAM, COBYLA and SPSA) was assessed in the
proposed Variational Quantum Classifier framework. For
an equitable comparison, all optimizers were run with the
same dataset partition, quantum circuit architecture,
initialization and evaluation metrics. The learning rates
used for the ADAM optimization were 3, = 0.9 and 3, =
0.999, and the learning rate was 0.01. The numerical
stability parameter € was set to be equal to 1 x 1078. The
initial value for the trust-region radius (rhobeg) was set
to 1.0, and the convergence tolerance (tgtol) in COBYLA
was set to 1 x 107®. For the stochastic gradient
approximation, SPSA used a perturbation coefficient of
0.1 and a learning rate of 0.01.

The number of optimization iterations was set to
100 for all the optimizers. The training took place until
either the maximum number of iterations was reached or
the difference between the loss of two successive
iterations was less than 1 x 107°. All experiments were
performed under identical stopping conditions to ensure
an unbiased comparison of convergence behavior,
training stability and classification performance.

5.5 Training Process

The training follows an integrated quantum-
classical approach model. During each iteration of
optimization, the quantum circuit is run for every training
sample, which gives us the expected values, which are
then used for the calculation of the loss function. Based
on the loss, the optimizer adjusts the variational
parameters, and the whole process continues until
convergence. To analyze convergence for each

optimizer, a custom callback function is used to track
loss values for every iteration.

Repeated trials with varied starting conditions
helped confirm consistency in outcomes. Across several
separate executions, measurements were collected to
support dependability of findings. Average values
appear in reports alongside typical fluctuations observed
during testing phases. Variance among optimizer
behaviors emerges clearly through such spreads.
Stability checks rely on these patterns seen throughout
repetitions.

To improve statistical reliability, each optimizer
was evaluated over five repeated stratified train-test
splits generated using different random seeds. For each
repetition, the train-test partition was varied while the
variational circuit parameter initialization was kept fixed
using a random seed of 42 to ensure reproducibility.
Performance metrics are reported as mean + standard
deviation and the 95% confidence intervals were
computed from the repeated experimental runs using the
t-distribution as Mean % t x (SD/\n), where n = 5.
Performance differences were analysed using repeated
runs and confidence intervals.

5.6 Metrics for Evaluation

Classification accuracy is the primary metric for
evaluating the model, which is the measure of the
number of instances that are correctly predicted.
Besides accuracy, loss trajectories that were
documented during training help analyze loss
convergence. Together these two metrics give an
understanding of how well a particular model predicts
and how well the optimizers are functioning.

This section described the experimental design
used to assess the VQC framework which includes the
selection of a dataset, the quantum circuit simulator, the
configuration of the quantum circuits, the parameters of
the optimizers, the training strategy, and the metrics
used for evaluation. The systematically designed
experiments provide a consistent and repeatable basis
for the comparison of optimizer performance on tasks
involving quantum classification with non-linear
boundaries.

6. Results and Performance Analysis

The analysis in this section is focused on
experimental analysis of the Adaptive Optimizer
Enhanced Variational Quantum Classifier (VQC). The
analysis focuses on classification analysis and the
balance of the optimizers and their behavior in the
controlled experiments. The focus will be on the analysis
of the impact of the different classical optimizers on the
training behavior of the shallow variational quantum
model.
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Although the Two Moons dataset is synthetic, it
is a well-established benchmark for machine-learning
classification, and it has been and remains more difficult
than the simple synthetic Data Set of the type used in
quantum classification studies. There is a quantitative
deficit and a lack of quality in the classification of the
variational quantum Classifier that provide analysis of
the Two Moons Data Set and that neglect to provide
analysis on the other simple synthetic Data Set. The
construction of the proposed work is made possible the
evaluation of the VQC on simple synthetic Data Set and
the Two Moons Data Set, thus making it possible to
construct a complement to the deficit in the evaluation of
the models in classifying more complex problems in
classification tasks.

The evaluation of the models is based on
classification metrics, the analysis of the training loss
trajectories, the analysis of the decision boundary
sketches, and the contextual analysis in relation to the
other studies quantified in quantum classification
models. The analysis framework achieved the desired
quantity and interpretability of the analysis of the models.

6.1 Assessment Instruments

The performance of variations of the Quantum
Classifier (VQC) will be examined using standard
classifying practices. These practices go beyond simple
accuracy and represent a more complete picture of the
model behavior, particularly considering that the data
lacks a clean linear separation, as is the case with Two
Moons.

Assume TP, TN, FP, and, FN are the true
positive, true negative, false positive, and false negative,
respectively. Then the classification accuracy (the
measure of how correctly the model makes predictions)
is defined as in Eq. 14.

TP+TN

Accuracy = ———
y TP+TN+FP+FN

(14)

Even though accuracy presents a picture of
overall performance, it does not take into consideration
the performance of predictions per class. Other
measures, therefore, have to be determined, starting
with measuring how reliable the predictions of positive
classes are. This is given as in Eqg. 15.

TP

Precision = ——
TP+FP

(15)

In Eq. 16, The measure of the classifier's ability
to positively identify positive classes is defined as the
recall measure:

TP
TP+FN

Recall = (16)

A measure that combines both the recall and
precision is the F1 as in Eq.17, which stands as the
harmonic mean of the two:

Precision - Recall

F1 — Score =2 - 17)

Precision+ Recall

In addition to the measures of performance
stated above, and in order to analyze the speed and
stability of convergence of the different optimizers, the
recorded values of training losses during the process of
optimizing are examined. These measures will provide a
comprehensive analysis and will cover both the
classification performance and the behavior of the
optimization of the proposed VQC.

6.2 Optimizer-Wise Classification Performance

This section describes the classification
performance of the proposed Variational Quantum
Classifier while trained with respect to different classical
optimizers. For a fair comparison, all the experiments
were done with the same circuit design, parameter
initialization, dataset, and circuit training stopping
criteria. The only differing factor was the training
optimizer

The results are reported in Table 3, which
presents the standard classification metrics calculated
on the test set. The results shown reflect average
outcomes from several trials, while the spread around
those averages reveals how steadily each optimizer
performed. Consistency varies between methods, visible
through deviations from the mean across repeated tests.

To verify that the observed performance
differences were not caused by random variation,
statistical analysis was performed across repeated
experimental runs. ADAM consistently achieved higher
accuracy with narrower confidence intervals than
COBYLA and SPSA, indicating more reliable
optimization behaviour. From the results in Table 3, it
can be seen that the metrics produced with the ADAM
optimizer are better than the results produced with
COBYLA and SPSA. The test set results with higher

accuracy are the results with higher balanced values of
precision and recall.
Table 3. Optimizer-Wise Classification Performance of the Proposed VQC
Optimizer | Accuracy (Mean * Std) (%) | 95% Cl | Precision | Recall | F1-Score
ADAM 84.2+1.5 82.9-85.5 0.85 0.83 0.84
COBYLA 79.3 £2.1 77.5-81.1 0.80 0.78 0.79
SPSA 73.8£3.5 70.7-76.9 0.74 0.72 0.73
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Figure 4. Radar chart comparing optimizer-wise performance of the proposed VQC across multiple evaluation
metrics.

These results indicate that ADAM was better at
optimizing the variational parameters of the quantum
circuit. This is likely due to the mechanism of an adaptive
learning rate and the momentum driven update
mechanism, which is better than the other optimizers at
traversing the complex loss landscape driven by the
variational parameters of quantum circuit.

COBYLA shows stable performance across all
metrics, although its values are lower than those of
ADAM. While the performance being worse, the
performance being stable is to be expected due to the
optimizer being gradient free and being driven by local
approximations of the objective which helps it to escape
the bad local minima in the large complex optimization
landscape. SPSA had the worst performance of the
three optimizers and this was due to the stochastic
gradient approximation, which is the reason for the
highest variance during training as in Figure 4. Overall,
these results indicate that the choice of optimizers is vital
for the predictive performance of variational quantum
classifiers, irrespective of the fixed quantum circuit
architecture and dataset.

6.3 Analysis of Convergence and Training
Stability

Aside from classification accuracy, the
effectiveness of a variational quantum classifier hinges
on convergence behavior and training stability. Recent
literature indicates that due to the existence of loss
landscapes that lack convexity, variational quantum
circuits must use classical optimizers in an iterative
fashion, and one must evaluate the effectiveness of a
given optimizer at every iteration. Thus, this sub-section
is devoted to studying the convergence behavior of the

VQC model in question, which uses the ADAM,
COBYLA, and SPSA optimizers.

The evaluation uses the loss values at each
iteration of the optimization process, as detailed in the
custom loss tracking callback in Section 4. Rather than
analyzing the final loss values alone, an analysis of the
entire loss trajectory provides insights into the speed,
smoothness, and robustness of convergence.

6.3.1 Speed of Convergence

Convergence speed is defined as the number of
iterations needed to enter a certain region of temporal
loss in which there is little or no reason to make further
updates. As reported in Table 4, ADAM reached 95% of
its minimum observed loss after only 29 optimization
steps and converged within 42 iterations. COBYLA
required 51 steps and 67 iterations, whereas SPSA
required 78 steps and 95 iterations. These results
quantitatively demonstrate the faster convergence
behavior of ADAM compared with the other optimizers
under identical experimental conditions.

6.3.2 Loss Smoothness and Stability

The term loss smoothness refers to how
consistent parameter updates are, over time, through
the training process. ADAM, for example, demonstrates
a consistent and smooth loss reduction, exhibiting very
little loss variation over the course of a training iteration.
Similarly, COBYLA shows stable loss reductions, but
does so with a less aggressive slope and tends to
saturate early. On the other hand, SPSA presents a
great loss variation (i.e. instability) brought about by the
stochastic gradient estimation inconsistency.
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Table 4. Convergence and Training Stability Characteristics
Optimizer | Relative Convergence Speed | Loss Smoothness | Variance Trend
ADAM Fast High (smooth decay) Low
COBYLA Moderate High Low
SPSA Slow Low (oscillatory) High
Table 5. Quantitative Convergence Comparison of Optimizers
Optimizer | Final Loss | Iterations to Convergence | Steps to Reach 95% Minimum Loss | Loss Variance
ADAM 0.118 42 29 0.004
COBYLA 0.146 67 51 0.006
SPSA 0.201 95 78 0.018

To summarize the observations made on loss
reduction, | have included Table 4, where | highlight and
compare benchmark loss reduction for the various
algorithms.

Computational expense, beyond just
performance scores, gets measured through iteration
counts, function calls, and time per optimizer. Though
ADAM reaches solutions quicker using less cycles,
SPSA takes longer routes, demanding extra steps along
the way. Reaching optimal points sooner often means
lower resource demands across runs.

The convergence statistics reported in Table 5
are used to quantitatively evaluate optimizer behaviour
in addition to classification accuracy. ADAM converged
most quickly, with the lowest final loss as well as needing
the least number of optimisation steps to reach 95% of
its observed minimum loss, suggesting it optimised
parameters in a stable manner. COBYLA had a slower
rate of convergence but relatively low variance in loss
values during training. The stochastic nature of the
gradient approximation algorithm in SPSA led to the
highest loss variance, as well as a much larger number
of iterations. The results quantitatively validate the
convergence, which was qualitatively concluded from
the loss trends of the algorithms, and also validate the
better optimization performance of ADAM in the
proposed VQC framework.

6.3.3 Interpretation of Convergence Behavior

The convergence metrics demonstrate how the
characteristics of different optimization algorithms
influence the training behaviour of variational quantum
classifiers. ADAM exhibits stable and consistent
convergence characteristics, demonstrating effective
gradient updates and parameter optimization, making it
highly suitable for training simulation-based VQCs.
While stable, COBYLA performs more conservative
optimization updates which may lead it to become
trapped in local minima. Although SPSA is theoretically

applicable in any condition (including the presence of
low quality measurements made by the hardware), in
ideal simulation environments it results in slower
convergence with greater SPSA convergence metrics.
This illustrates the large impact that selected optimizers
have in training time and the quality of the end model,
assuming that both the quantum circuit design and the
data set remain unchanged.

The convergence analysis confirms that
adaptive gradient-based optimization results in more
accelerated and dependable training dynamics for
shallow variational quantum classifiers. Of all optimizers
examined, ADAM revealed the highest convergence
velocity and stability, underpinning its efficiency in
training VQCs within specific experimental parameters.
Though ADAM reaches optimal values more quickly, its
path is smoother than those seen with COBYLA or SPSA
-loss fluctuations reveal this during tracking.
Performance gaps become visible not just in speed but
also through stability across iterations.

6.4 Analysis of Decision Boundaries

The use of quantitative metrics can help
ascertain how well the classifier works. However,
decision boundary analysis can help understand better
the expressive power of the proposed Variational
Quantum Classifier.

More specifically, the decision boundary
analysis can show the representational power of the
model when it comes to learning smooth and accurate
decision boundaries for models that deal with non-linear
and inseparable datasets, such as the Two Moons
dataset. In this case, the boundaries of the Two Moons
dataset as predicted by the VQC and the various
optimizers for the VQC are analyzed by assessing the
VQC model's prediction over a dense grid of points for
the feature space.
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6.4.1 Impact of Optimizer Selection on Decision
Boundary Shape

The non-linear decision boundary produced by
the ADAM VQC optimizes the boundary to the center of
the Two Moons. Then, the boundary optimally splits the
two interleaving classes with minimal misclassification.
This attribute of the boundary reflects the stable
convergence and optimal adjustment of the parameters
by ADAM during the training. The VQC also captures the
overall non-linear structure of the dataset when trained
with COBYLA, but there are some slight distortions
where the class-boundaries are closely spaced. These
distortions are attributed to the conservative settlement
of the parameters and early convergence of the
optimization process.

Differences in the shape and the variability of the
SPSA-trained VQC's decision boundary have been
observed. An SPSA decision boundary lacks
consistency and has been criticized for being poorly
formed. There is evidence of SPSA lacking optimization
predictability and having random fluctuations in bias; this
is parallel to the higher loss variance for the SPSA
observed in prior analyses.

6.4.2 Interpretation and Significance

The decision-boundary analysis shows that
optimizer stability affects the geometric quality of the
resulting boundary, and the final value of the accuracy is
secondary. Smooth decision boundaries represent
regions of quantum feature space that can be effectively
utilized by the VQC. A shallow two-qubit VQC, combined
with the right optimizer, is capable of approximating
highly complex non-linear decision boundaries. This is
indicative of the potential practical applicability of
quantum classifiers to non-linear machine learning
problems.

A detailed map of prediction outcomes emerges
when classifications are evaluated across tightly spaced
points in the feature domain. Instead of relying on
summary metrics, performance reveals itself through

spatial consistency in label assignments. Where
boundaries align with natural groupings, correct
classifications cluster visibly. Irregular or shifted

divisions scatter errors more widely. This pattern of right
and wrong predictions offers insight into boundary
precision. Accuracy across the grid reflects alignment

between model decisions and underlying data structure.
To complement the qualitative visual interpretation, a
simple Boundary Stability Index (BSI) was computed
from the predicted class labels over the dense decision
grid. BSI was computed by evaluating neighbouring
prediction consistency across the dense decision grid
generated for boundary visualization. Higher BSI values
indicate fewer abrupt class transitions and more stable
geometric separation. The proposed VQC trained using
ADAM achieved the highest boundary stability, followed
by COBYLA, whereas SPSA exhibited comparatively
lower stability because of irregular boundary
fluctuations. These quantitative observations are
consistent with the convergence analysis and the
corresponding classification performance discussed in
the previous sections.

The quantitative BSI values further support the
visual observations shown in the decision boundary
analysis in table 6, confirming that ADAM produces the
most geometrically consistent decision boundary among
the evaluated optimizers under identical experimental
conditions.

6.5 Comparison with Existing Variational
Quantum Classification Works

This subsection analyses the Adaptive
Optimizer-Enhanced Variational Quantum Classifier
relative to existing studies on Variational Quantum
Classification (VQC), where classification performance
has been reported. For fairness and integrity, only
studies reporting numerical values associated with the
correct classifications of binary outcomes resulting from
the application of a variational quantum circuit are cited.
Works focusing only on the demonstration of kernel
expressibility or feasibility without accuracy reporting are
not included.

Despite simpler design and reduced quantum
demands, the suggested VQC holds its ground against
traditional approaches. Evaluated alongside Logistic
Regression and SVM using identical data partitions, its
outcomes reveal a close match in effectiveness. Though
standard methods show slightly better precision here,
the gap does not outweigh the advantage in efficiency
offered by the new model. Performance stands
comparable, even when measured under equal
conditions.

Table 6. Boundary Stability Analysis of Decision Boundaries

Optimizer | Boundary Stability Index (BSI) Interpretation
ADAM 0.93 Highly smooth and stable boundary
COBYLA 0.86 Moderately smooth boundary
SPSA 0.72 Irregular boundary with higher fluctuations
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Table 7. Comparison with Existing Variational Quantum Classification Works Reporting Accuracy

Reference Dataset Qubits Feature Map / Optimizer Platform Reported
Ansatz Accuracy (%)
Maheshwari . . .
etal (2022) | Synihetic N | omplitude- | Slassical | simuiation 75.0
[19] inary specifie encoded VQ optimizer
Lin et al. binzynizzﬂ(s: 3 Photonic | Programmable | Evolutionary / Photonic 875 925 85.0
(2024) [20] v vQcC variational circuit heuristic hardware e
variants)
SG?]?r?e”t?c 86% = generic
Proposed Da%/aset and ° ZZFeatureMa + ADAM Statevector synthetic
Work Twolocal simulation dataset 84.2%
Two Moons -
= Two Moons
Dataset

Reported Accuracy Comparison of Variational Quantum Classifiers

Maheshwari et al. (2021)

Synthetic binary
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Figure 5. Accuracy Comparison of Variational Quantum Classifiers.

In addition to dataset type, types of quantum
resources, circuit configuration, optimization methods,
and reported accuracy of classification, Table 7 provides
a summary of the comparative data from these studies.
The corresponding classification-accuracy comparison
is shown in Figure 5.

Figure 5 explains a Classification accuracy
comparison of variational quantum classifiers reported in
Table 7. Maheshwari et al. report accuracy on a single
synthetic binary dataset. Lin et al. report task-wise
accuracy across three distinct synthetic binary
classification problems. The proposed method reports
accuracy on both generic synthetic data and the Two
Moons benchmark. Accuracy values are shown without
aggregation to preserve task-specific evaluation
integrity.

In contrast to task bound synthetic evaluations,
the Two Moons benchmark adds overlapping class
regions and challenging geometries, making the
classification task even more difficult. Therefore, the
results obtained with the proposed method demonstrate
only general non-linear modeling ability and not an
overfit to a specific synthetic boundary. This justification
shows that even though other VQC studies demonstrate
good results on task oriented synthetic datasets, the
proposed Adaptive Optimizer-Enhanced VQC manages
to obtain similar results, while providing an evaluation to
a more difficult standard non-linear problem using the
least amount of quantum resources. This demonstrates
the significance of the proposed method in the context of
practical quantum machine learning for the immediate
term.
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6.6 Scalability Analysis with Increasing Circuit
Depth

This section presents the analysis of circuit
depth. Another scalability analysis was performed, by
changing the number of reps in the Twolocal ansatz
while keeping the same dataset, feature map, optimizer
and evaluation protocol, to look at the influence of the
model complexity on the classification performance. The
goal was to determine if adding extra circuits to the
network would offer any benefits for the Two Moons task
classification problem. The observed classification
performance as circuit depth increases is summarized in
Table 8.

Table 8. Scalability Performance with Increasing
Two Local Circuit Depth

TwolLocal Accuracy Relative
Repetitions (reps) (%) Training Time
1 81.4 1.0x
2 84.2 1.6x
3 84.8 2.5x

The results show that increasing circuit depth
from one to two repetition layers improves classification
accuracy. However, each additional increase in circuit
depth provides only marginal improvement, with a
corresponding increase in computational cost. The
results obtained indicate that the proposed two-qubit
architecture that is composed of two repetition layers
provides an optimal expressivity and training efficiency
for the non-linear classification problem under study.

The observed behavior is reminiscent of other
variational quantum circuits where circuit depth is not
always a measure of optimization complexity, but can
generally be made small enough to offer enough
representational power. Therefore, this configuration
was retained for the remaining experiments.

7. Discussion

This section elaborates on the Adaptive
Optimizer-Enhanced Variational Quantum Classifier
(VQC) experimental results considering the behavior of
the optimizer, circuit expressiveness, the complexity of
the dataset, and the implications for quantum machine
learning in the near future.

7.1 Impact of Optimizer Selection on the
Performance of the VQC

The results confirm that the selection of the
classical optimizer impacts the success of the variational
quantum classifiers. Of all the optimizers tested, the
ADAM optimizer provided the most balanced and stable
results compared with COBYLA and SPSA, achieving

higher classification accuracy, quicker convergence, and
better overall training performance. This outcome can be
linked to the unique learning rate and momentum
differential for ADAM, which is able to transcend the
various quantum circuit landscape loss barriers.

In contrast, COBYLA, although stable, leads to
early convergence which results in losing optimal
positions. SPSA, even though deemed optimal for areas
of extreme circumstantial noise, ends up introducing far
more noise for the purposes of the simulation, which
results in a loss of classification for SPSA. These factors
highlight the impact of the selection of optimizers in the
application of variational quantum machine learning.

7.2 Expressive Power of Shallow Two-Qubit
Circuits

One of the most notable results of this study is
the calculation that a shallow two-qubit circuit is sufficient
to capture complex non-linear decision boundaries given
an expressive feature map and an effective optimizer.
The ZZFeatureMap is able to be used to perform feature-
based encoding of the input features and the TwolLocal
ansatz provides just the right amount of
parameterization to model non-linear dependencies
without having to add excessive depth to the circuit.

The decision boundaries learned on the dataset
known as Two Moons emphasize the fact that depth of
the circuit and the number of qubits used are not the
most important factors when designing circuits for
complex tasks. It drives the point home that the quantum
resources used to design the circuits are not the most
important when designing for complex tasks. This is
especially the case when considering devices that rely
on quantum properties to perform their computations.
The scalability analysis in Section 6.6 shows that an
additional layer of repetitions for the circuit does not
contribute significantly to the classification accuracy, but
does add significant computational cost. Hence the
chosen two-qubit, two-layer structure is a good
compromise between model expressivity and training
efficiency.

7.3 Benchmark
Generalization

Difficulty and Dataset

A number of prior VQC studies report results in
which the accuracy of the results obtained seem to be
higher than are warranted when used on task-specific
synthetic datasets. The decision boundaries of such
studies are, however, not realistic and are often
described as being simplistically aligned and as lacking
in depth. The Two Moons dataset is used because it
serves to provide a benchmark on inter-class separation
that presents as non-linear and a class of overlapping
regions and concise boundaries which is complex to
compute.
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The competitive accuracy on Two Moons indicates the
ability of the model to generalize better than just the
performance on the generic synthetic data. The fact that
the proposed model achieved high accuracy on both the
generic synthetic data and the Two Moons shows that
the model’'s high accuracy did not solely rely on task-
specific structures, rather the model learned a better
representation of the quantum feature space.

7.4 Existing Works on VQC

Having compared the proposed approach to
existing VQC literature that provides explicit details on
the classification accuracy, the proposed approach
offers a competitive performance while using far less
quantum resources. Although some previous studies
provide better accuracy on some specific synthetic
assignments, they rely on custom made computing
platforms, circuit design specific to the task, or non-
standard evaluation settings. The proposed approach,
on the other hand, uses a general, gate model VQC that
is applicable to the existing NISQ quantum computing
and provides performance evaluation on a commonly
accepted benchmark.

This highlights the originality of the present
work. Instead of focusing on optimizing a single synthetic
task, the proposed approach centers on generality,
reproducibility, and providing benchmark evaluations, all
of which are particularly important to the practical
development of quantum machine learning.

7.5 Implications for Near-Term Quantum

Machine Learning

The study's findings have several implications
for near-term quantum machine learning. Most
importantly, they show that meaningful, non-linear
classification is possible with a shallow circuit using a
small number of qubits, which fits the current quantum
computing framework. Second, the results confirm the
inefficient use of classical optimization in the hybrid
quantum—classical learning process and indicate that for
these models, classical optimization must be
strategically selected to better leverage the potential of
the variational models. Finally, the adaptive optimizer-
enhanced VQC framework sets a practical baseline for
larger scale future research utilizing larger datasets,
greater dimensionality in feature spaces, and the noisy
quantum hardware paradigm.

The success of variational quantum classifiers is
influenced by factors such as circuit design, optimizer
selection, the degree of difficulty of the dataset, and the
evaluation process. The proposed work shows that a
shallow VQC, with adaptive optimization, a non-linear
benchmark of moderate difficulty may be promising for
potential applications in quantum machine learning.

8. Conclusions and Future Directions

This study presented an Adaptive Optimizer-
Enhanced Variational Quantum Classifier (VQC) that
integrates a fixed ZZFeatureMap and TwolLocal ansatz
within a controlled optimizer-aware evaluation
framework for non-linear binary classification. Using the
Two Moons benchmark dataset and a noiseless Qiskit
statevector simulator, the proposed framework
systematically investigated the influence of classical
optimizers on convergence behaviour, training stability,
and predictive performance under identical experimental
conditions. In addition to classification accuracy, a
callback-based loss-tracking mechanism was
incorporated to provide detailed convergence
diagnostics and improve the interpretability of the
optimization process.

The experimental results demonstrate that the
choice of optimizer has a significant influence on the
performance of variational quantum classifiers. Among
the evaluated optimizers, ADAM consistently achieved
the best performance with an average classification
accuracy of 84.2%, the fastest convergence, the lowest
final training loss, and the smallest loss variance.
COBYLA exhibited stable but slower convergence,
whereas SPSA showed comparatively larger
fluctuations and reduced classification performance
under the noiseless simulation setting. Furthermore, the
scalability analysis indicated that increasing the circuit
depth beyond the selected two-layer architecture
produced only marginal accuracy improvements while
substantially increasing computational cost, confirming
that the proposed shallow two-qubit architecture
provides an effective balance between expressivity and
computational efficiency.

The principal contribution of this work is not the
introduction of a new quantum classifier architecture, but
the development of a controlled optimizer-aware
evaluation framework that enables systematic
comparison of optimizer behaviour using identical
quantum circuit configurations together with quantitative
convergence diagnostics. The results demonstrate that
carefully selecting the classical optimization strategy can
substantially improve the training efficiency and
predictive capability of resource-efficient variational
quantum classifiers, providing practical guidance for the
design of hybrid quantum—classical learning systems in
the NISQ era.

The present study has certain limitations. All
experiments were conducted using a noiseless
statevector simulator, and the evaluation was limited to
low-dimensional binary classification problems using a
shallow two-qubit circuit. Consequently, the reported
results represent ideal simulation conditions and may
not fully capture the effects of hardware noise, finite-shot
measurements, and larger-scale quantum
implementations.
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Future research will focus on extending the
proposed framework to noisy quantum simulators and
real quantum hardware to evaluate optimizer behaviour
under realistic execution conditions. Additional
investigations will consider higher-dimensional and
multi-class datasets, deeper variational circuit
architectures, alternative feature maps, advanced
quantum-aware optimization strategies, and larger
quantum systems to improve scalability and
generalization. Furthermore, comprehensive
comparisons with both state-of-the-art classical machine
learning models and emerging quantum learning
frameworks will be conducted to further establish the
practical applicability and robustness of the proposed
optimizer-aware VQC framework for real-world quantum
machine learning applications.
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