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This study presents a rigorous empirical
benchmark comparing a two-qubit Variational
Quantum Classifier (VQC) with a classical
RBF-kernel SVM on the Iris dataset, under
noiseless and 2% depolarizing noise. The VQC,
implemented in Qiskit Aer with angle encoding
and COBYLA optimization, achieves 0.9340.02
accuracy, while SVM reaches 0.94+0.01 (p=0.04,
Cohen's d=0.48). Under noise, VQC retains 96.8%
of 1its accuracy versus 92.7% for SVM,
demonstrating superior noise resilience. However,
VQC suffers 3.1x higher training variance and
requires 98+5 iterations vs 18+3 for SVM. Twenty
independent runs and effect sizes address common
methodological gaps 1 QML literature. We
conclude that NISQ-era quantum classifiers are
best suited as educational testbeds and
methodological proving grounds, not as
replacements for mature classical algorithms.

<Primary aim

Test whether a shallow two-qubit VQC (angle
encoding + one CNOT) can outperform
RBF-SVM on Iris without claiming quantum
advantage [1,5].

<Methodological correction

Fix common QML flaws (single-run reporting,
missing confidence intervals, no effect sizes) using
20 runs, t-tests, and Cohen’s d [3,7].

< Realistic NISQ simulation

Include 2%  depolarizing noise  and
measurement noise to reflect real hardware
limitations (decoherence, gate errors) [7,8].

< Ultimate goal

Provide an honest, reproducible baseline for
f future researchers comparing more complex
quantum models on small-scale tasks [4,8].

<Dataset
Iris (150 samples, 4 features, 3 classes), z-score
standardization, 80/20 split, fixed seed [1,2].

<VQC implementation
Two qubits, angle encoding, Ry rotations +
CNOT, Qiskit Aer, COBYLA optimizer [5,8].

< Classical baseline
RBF-kernel SVM (scikit-learn, C=1.0, y='scale")
on 1dentical splits [4,6].

< Noise & statistics
2% depolarizing noise after each gate +
measurement noise; 20 runs, t-tests, Cohen's d

13,7.8].

.

Fig. 1 Quantum circuit implementation featuring a controlled rotation
Ry(\theta) and a standard CNOT gate across two qubits, q 0 and q 1. The
arrow indicates the temporal evolution of the quantum state from left to
right.

< Noiseless accuracy
VQC: 0.931£0.021, SVM: 0.941+0.012 (p=0.04, Cohen's
d=0.48) SVM outperforms VQC by 1% [1,5].

< Noise resilience

VQC retains 96.8% of accuracy vs 92.7% for SVM a 4.1
percentage point advantage (p=0.007, d=0.65) [2,7].
< Training instability

VQC requires 98+5 iterations (SVM 18+3) and shows
3.1x wider IQR (0.031 vs 0.010) [3,5].

< Class-wise breakdown
Both models classify Setosa perfectly; VQC accuracy
drops to 89.3% (Versicolor) and 90.2% (Virginica) [6,8].
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Fig. 2 — Accuracy degradation under 2% depolarizing noise (original article
Fig. 6). VQC (blue) drops 3.2%, SVM (red) drops 7.3%. Error bars = £1
standard deviation over 20 runs.

This benchmark shows a two-qubit VQC attains
98.9% of SVM accuracy on Iris but does not
outperform it. Table 1 below summarizes the core
performance metrics.

Table 1 — Performance comparison of VQC and SVM (mean + std over
20 runs)

Performance Metrics

Accuracy lest Accuracy | Fl-score
(mean = std) | (mean = std) | (mean = std)

VQC(2-qubit) | 0.93 = 0.02 | 0.92 = 0.02 | 0.92 £ 0.02

RBF-SVM
(Classical)

0.94 = 0.01 | 093 = 0.02 | 0.93 = 0.02

The VQC shows a 4.1% advantage in noise
retention, suggesting adaptive compensation for
depolarizing errors. However, 1t suffers 3.1X
higher variance and slower convergence (98 vs 18
iterations). NISQ classifiers serve best as
educational testbeds, not production replacements.
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