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Abstract:  This work investigates quantum kernel methods for classification on unbalanced
datasets. The study considers the effect of techniques commonly used in classical machine
learning, such as kernel centering and cost-sensitive learning, when applied to quantum mod-
els. Experiments are conducted on five datasets, including MNIST-1D, the real-world dataset
Glass6, and synthetic datasets tailored for quantum classifiers. Results indicate that quantum
kernel methods can address unbalanced classification tasks albeit none of the techniques stud-
ied showed a statistically significant improvement of the scoring metrics. Results also highlight
the influence of hyperparameterization and in particular, quantum bandwidth is identified as a
critical hyperparameter for the performance of quantum models.

1 Introduction

The steadfast growth of Quantum Computing has fueled the search for fields where its unique
properties can provide an advantage. Such is the field of Quantum Machine Learning (QML).
In this work, we explore the application of QML to solve classification tasks on unbalanced
datasets. These datasets are prevalent in critical domains such as medical diagnosis or fraud
detection, motivating the development of more effective solutions.

With that goal in mind, we carry out a benchmarking study comparing the performance
of classical support vector machines (SVM) with that of quantum support vector machines
(qSVM).We investigate the impact of techniques such as kernel centering and cost-sensitive
learning, both individually and in combination, to improve the base models. Furthermore, this
study aims to delve deeper the quantum kernel methods, focusing on the model’s hyperparam-
eters, such as the feature maps used to encode the data into quantum states, and the scaling
factor, which tries to concentrate the data in the induced space to facilitate linear separation.

2 Methods

This section introduces the theoretical background of the study. It covers quantum kernels,
quantum bandwidth hyperparameter, and the techniques studied to improve classifiers on un-
balanced data.

2.1 Quantum kernels

Quantum kernel methods rely on the idea of embedding classical data into a high-dimensional
Hilbert space through the use of parameterized quantum circuits that act as feature maps
(Havlicek et al., 2019).

For this work we used two quantum feature maps, namely the ZZFeatureMap and the Covari-
antFeatureMap.
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The ZZFeatureMap is a general-purpose and widely-used feature mapping that results in rel-
atively shallow quantum circuits, ideal to execute on current quantum hardware. In addition,
it has been conjectured to be hard to estimate classically (Havlicek et al., 2019).

The CovariantFeatureMap has been designed to solve the synthetic labeling cosets with error
(LCE) problem discussed in Glick et al. (2024). It can provide a provable quantum advantage
over classical machine learning algorithms for problems with specific symmetries or group
structure. More specifically, in this work we use the modified circuit described in Alvarez-
Estevez (2025).

2.2 Kernel bandwidth

This section introduces the quantum bandwidth hyperparameter for quantum kernels, recently
developed in (Shaydulin and Wild, 2022). This hyperparameter acts as a scaling factor (A e
[0,1]) on the input data, concentrating it into certain regions of the induced Hilbert space so
that they can be easier to separate linearly in that space (Canatar et al., 2022). In practice, models
with bigger bandwidths tend to underfit while models with smaller bandwidth are prone to
overfiting. The usefulness of such hyperparameter remains under debate, as recent studies
like Slattery et al. (2023) points at a trade-off as models lose their quantum expressiveness and
become easier to simulate classically.

2.3 Kernel Centering

Kernel centering is a technique used to adjust the kernel values in the transformed space with
the objective to normalize the data, thereby mitigating the influence of a global phase as a con-
sequence of class imbalance. It is commonly employed when working with non linear kernels
(Scholkopf et al., 1998).

Kernel centering is defined as follows.

K, =K-1,K—-K1, +1,K1, (19.1)

This adjustment helps to reduce bias when samples are not symmetrically distributed. As a
consequence of that, models tend to generalize better, reducing overfitting. Moreover, models
become more stable and less sensitive to little variations in the input data. It’s important to note
that the same transformation applied to the training kernel must be applied to the test kernel,
such that:

Ke test (X, Y) = Kiest — 13 Kirgin — Krest1n + 15 Kirain 1n (19.2)

2.4 Cost-sensitive learning

Cost-sensitive learning addresses the problem of working with unbalanced datasets by chang-
ing the SVM loss function to take into account different penalties when penalizing misclassifi-
cation of each class (Ling and Sheng, 2011). To achieve that, it suffices to modify the constraints
of standard SVM loss function,

n

non
max Z o — % Z Z ijyiy;K (xi, x ) (19.3)
i=1 i=1j=1

n
Subjectto: 0<a; <C, Z ay; =0

resulting in:
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n 1 n n
max (Zzl =5 2 ociac]-yiy]-K(xi,xj)) (19.4)
1=

i=1j=1

1
Subject to : Zy,-a,-=0, 0<a<CT, 0<a - <C, Vi=1,...,1
i=1

This leaves open the selection of C* and C™. For the study at hand, we have chosen a bal-
anced aproach where C* is assigned by multiplying each class frecuency by parameter C.

3 Experiments

To study the aspects mentioned in the section before, we conducted a benchmarking study com-
paring the quantum kernels to their classical counterparts. Specifically we train SVMs with with
linear, polynomial and radial basis function (RBF) kernels. Adittionally we included a Logistic Re-
gression classifier for further reference. All models were fitted by exploring the regularization
parameter C in the range [0.01, 0.1, 1, 10, 100]. For polynomial kernels the selection of the de-
gree was given by the following rule of thumb: set k to the closest natural number such that
(1) < 22", i.e., the space of density matrices for an n-qubit system. This hyperparameter was
chosen to match the dimensionality of the induced space achieved by the quantum models. For
RBF models, a range of [0.001, 0.001, 0.01, 1, 10] was tested to select the gamma parameter and
for the quantum bandwidth, a range of scaling factors [0.001, 0.01, 0.1, 0.5, 1.0] was explored.

The selection of datasets required particular care as they needed to be meaningful , as dis-
cussed by Bowles et al. (2024), while also being sufficiently simple to fit the limitations of quan-
tum computing simulations. The real datasets selected where the MNIST-1D (Greydanus and
Kobak, 2020) which was transformed into 2 simplified versions by performing PCA and the
Glass6 (Purnama, 2023), also simplified in the same way. Alongside the real datasets selected,
we also run the experiment over some ad-hoc quantum datasets created to be easily classified
by each one of the quantum feature maps. To evaluate the kernel centering and cost-sensitive
techniques, four different experimental setups have been designed: baseline models, applying
each of the techniques individually and applying both simultaneously. Each experiment fol-
lowed the same procedure; first, we sampled the corresponding dataset to get an unbalanced
subset to work with, then we trained and evaluated the models, with the appropriate tech-
niques applied depending on the experiment iteration and model (e.g.,Logistic Regression is
not compatible with kernel centering). Table 1 summarizes the characteristics of the samples
taken. For a more detailed explanation of each dataset, see Fernando Mondragén (2025).

Cohen’s Kappa was the evaluation metric selected to score the models as it takes into account
the class imbalance. It does so by considering the probability of correctly guessing each class
by chance.

Each experiment was then performed 30 times to gain a statistically significant result.

Table 1: Sample size for each run of the experiment and the class imbalance used.

Dataset Training sample size Testing sample size Class imbalance
MNIST-1D-PCA-4 250 100 85%
MNIST-1D-PCA-8 250 100 85 %
Adhoc-ZZ 100 100 85%
Adhoc-COV 52 23 85%

Glass6-PCA-8 149 65 ~ 86.5%
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Figure 2: Paired t-test results (a) the ZZFeatureMap and (b) the CovariantFeatureMap.

4 Results

Figure 1 reports the average kappa for each experiment grouped by model. Due to space con-
straints, the results presented here aggregate the outcomes across all datasets. For a more de-
tailed dataset-by-dataset analysis, refer to (Fernando Mondragén, 2025).

The results indicate that the kernel centering technique does not exhibit an improvement in
the achieved performance, regardless of the model. For the cost-sensitive technique, the results
are marginally better for the CovariantFeatureMap and the polynomial kernels, albeit the other
models decreased their scores.
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Figure 1: Average Kappa for each technique grouped by model.

Paired t-tests were performed to assess the influence of the techniques, and Figure 2 shows
the p-values for each of the quantum models. The results indicate that none of the techniques
resulted in significant changes in the achieved performance using a significance threshold of
p < 0.05 as a reference.

Figure 3 represents the performance of the models, this time grouped by the explored tech-
nique. As shown in Figure 3, quantum models using the ZZFeatureMap outperform the rest,
being closely followed by the classical models with the RBF kernel. The differences between
the ZZFeatureMap and CovariantFeatureMap highlight the importance of choosing the right fea-
ture map to encode the data.

When examining the experiments without considering the quantum bandwidth (i.e. scaling
factor « = 1), quantum models showed no ability to learn. This is shown in Figure 4. These
findings highlight the importance of tuning this hyperparameter in the training of quantum
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Figure 3: Average Kappa for each model and technique.
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Figure 4: Performance of the quantum models with and without considering hyperparameterization of the
kernel bandwidth. In (a) the results obtained by the ZZFeatureMap. In (b) the results for the
CovariantFeatureMap.

models.

5 Conclusions

Although quantum kernels have proven competitive in the classification of unbalanced
datasets, the techniques studied did not yield improvements in the overall classification score.
Further research is needed to better understand these results, as the techniques also failed to
improve the results with classical models. We cannot discard a possible bias in our results due
to the limited sample sizes used for each dataset, which was constrained by the available com-
putational resources to perform the quantum simulations. Future work could focus on datasets
where the techniques are known to improve classical models, to properly assess their applica-
bility to quantum models.

Importantly, our results have shown that the use of quantum bandwidth as a hyperparameter
in quantum kernels can give place to significant improvements in the achieved classification.
This indicates that, even with the caveat of limiting the “quantumness” of the models, the trade-
off can, and in this case does, result in better solutions, highlighting the importance of fine-
tuning the value of this hyperparameter.
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