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Abstract

Imbalanced datasets in machine learning often result in biased models, particularly in classification problems when certain classes are
under-represented. Traditional oversampling techniques like Synthetic Minority Over-sampling Technique (SMOTE), although popular,
have difficulty producing synthetic samples of high quality when working in high-dimensional spaces or non-linear feature spaces. Existing
techniques, such as SMOTE, do not fully account for the inherent complexity of non-linear structures of a minority class's distribution,
which can produce negatively biased classifiers with poor generalization and the risk of overfitting to the minority class. This is further
complicated by the reliance of traditional oversampling techniques on linear interpolation, which limits the possibilities of generating
realistic or diverse and non-redundant synthetic samples. The proposed technique, QGOPQC, describes Quantum Generative Oversampling
using Parameterized Quantum Circuits (PQCs). This approach describes using a quantum circuit, utilizing a novel implementation of a
PQCs to overcome the non-linear problem. The development of synthetic samples of high fidelity using parameterized quantum circuits
would better reflect the true data manifold of the generated class, allowing for a better learning process in a quantum training process, and
using quantum state encoding, quantum circuit training, and classical optimization to produce diverse samples of synthetic classes while
not compromising on information that maintains feature correlations. Demonstrated through a variety of results, the method achieved
consistently higher AUC scores, reaching up to 0.92 compared to SMOTE’s 0.53, especially in high-dimensional scenarios. The proposed
process of using QGOPQC has had a related beneficial effect on classifier performance when trained on imbalanced data, allowing for the
process of generating non-redundant high-quality samples through a quantum method of sampling.
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1. Introduction

Imbalanced datasets are a difficult problem in machine learning, especially for classification jobs, when the minority class is poorly repre-
sented [1]. Classical oversampling techniques like SMOTE do not take into account complex, non-linear relationships of varying magnitude
in element space, and thus tend to underperform compared to classical models for many domains [2]. Quantum computing can be modeled
to quantify high-dimensional probability distributions, making it likely a solution to the oversampling problem [3]. The proposed frame-
work uses PQCs to produce high-quality synthetic samples to overcome the challenges faced with classical oversampling approaches.
PQCs, or parameterized quantum circuits, are quantum circuits with parameters that can be trained to more accurately model intricate
patterns in the data. They allow the quantum model to learn and exhibit intricate relationships in the data in the same manner as standard
neural networks train their weights. Characteristics of quantum state encoding and classical optimization will allow QGOPQC to generate
diverse and accurate samples that better represent a minority class [4]. Given that classical models uniformly poorly classified the minority
class, mixing quantum and classical strategies can be an avenue to improve classifier performance on imbalanced datasets [5]. Quantum
state encoding is considered a quantum circuit that must encode classical information as quantum states so that it can operate on them. By
incorporating classical information into quantum frameworks such as QGOPQC, the system is able to leverage the strengths of quantum
computing for applications.

1.1. Problem statement
Imbalanced datasets in machine learning led to biased model performance predominantly in classification tasks, as those samples repre-

senting the minority class (under-represented samples) will impact the overall performance of the model. The traditional methods of over-
sampling, such as SMOTE, cannot capture the complex, non-linear characteristics of a high-dimensional space, requiring new oversampling
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techniques, using quantum processes, that can address these issues when oversampling a minority class as well as better generalization
outcomes.

1.2. Contributions

The major contributions of this paper are;

e To explore a quantum-based oversampling method to create a diverse collection of high-quality synthetic minority class samples using
the proposed QGOPQC technique.

e To explore current limitations of classical oversampling methods resulting from techniques that are unable to fully use quantum state
encoding and parameterized quantum circuits.

e To use better-constructed synthetic samples to boost classifier performance on imbalanced datasets.

The remaining section of this paper is organized as follows: Section 2 reviews past studies on conventional minority methods and systems.

Section 3 describes the proposed QGOPQC technique. Section 4 looks at and compares the suggested approach with other conventional

approaches. Section 5 of the paper finishes with a discussion of possible future studies.

2. Related Works

The literature review emphasizes recent research from foundational research in quantum machine learning that discusses quantum transfer
learning and quantum-based oversampling. The foundation for QGOPQC is certainly indicated by these articles, and they lack proper
contextualization of QGOPQC. Researchers have studied both traditional and new quantum methods for imbalanced datasets. Yang and
Sun [6] showed, through their research, that hybrid classical-quantum deep learning might help in finding defects on semiconductors. Their
CNN-QNN model outperformed standard CNNs and demonstrated that quantum layers could assist in feature extraction and pattern recog-
nition. As previously noted, their main goal was not the creation of artificial minority samples; it was the identification of defects in images.
In contrast to previous studies, which viewed improvements as enhancing left downstream classification only, our proposed QGOPQC
uses parameterized quantum circuits (PQC) as generative models to increase data points and directly achieve a balance of classes.

Many studies have focused on classic oversampling techniques. In comparing undersampling and oversampling methods, Shelke et al. [7]
found that techniques such as SMOTE could enhance classification accuracy, and cautioned against the redundancy of introducing or
overfitting the predictive model. Gosain and Sardana [8] supported this claim, stating that SMOTE and Borderline-SMOTE enhance clas-
sifier performance, that the synthetic samples tend to have low diversity, and have a lot of redundancy. In addition, Mohammed et al. [9]
noted that although oversampling can enhance accuracy, it can impact generalizability if not conducted appropriately. As traditional meth-
ods are seldom able to accurately depict the non-linear high-dimensional distributions of minority classes, domain-specific hybrid over-
sampling techniques are critical, as Yang et al. [10] have pointed out, particularly in complex medical datasets.

Overall, the prior research highlights a significant issue: oversampling techniques using linear interpolation (such as SMOTE) have diffi-
culty maintaining complex correlations between features, which could result in additional data generation. QGOPQC clearly addresses this
necessity through the use of PQC-based generative modeling and the encoding of quantum states that inherently capture high-dimensional
probability distributions. Unlike [6], which leverages only quantum layers for classification, QGOPQC uses quantum mechanics to provide
diverse, high-fidelity minority samples to actively address all issues documented in [7] - [10]. As such, QGOPQC introduces quantum
generating capabilities to the oversampling paradigm, providing a more robust solution for learning in imbalanced problems and adding to
the knowledge base. Table 1 presents a summary of related works.

Table 1: Summary of Related Works

Modelling Com-  Prediction Ac-

Reference Environment Methods : Effectiveness
plexity curacy
Yang & Sun [6] ]S)Zr::;(i)ggucwr Rept Hybrid Classical-Quantum Deep Learning Medium High High
Shelke et al. [7] Genergl Machine Undersampling and Oversampling Techniques Low Medium Medium
Learning for Imbalanced Data
Gosain and Sar- General Machine . . . . .
. Oversampling Techniques for Class Imbalance Medium Medium Medium
dana [8] Learning
Mohammed et al Gener.al Machine Oversampllng and Undersampling Techniques Medium $fh e
[9] Learning (Experimental)
Medical Data Classifi- Oversampling Techniques for Multi-Class Im- . . .
Vg coelL (10 cation balanced Datasets I FHE i

Overall, there has been considerable progress for both traditional and quantum oversampling methodologies, and there are still some in-
herent limitations, including redundancy arising from linearity or limited generative capacity, that need to be scalable. QGOPQC represents
a paradigm shift in unbalanced learning, as it directly tackles these shortcomings using PQCs to reproduce complex, high-dimensional
minority-class distributions and produce synthetic, diverse samples.

3. Proposed Methodology

The QGOPQC approach uses quantum computation to mitigate the challenges of imbalanced datasets used for supervised learning.
QGOPQC uses PQC in the data generation process, as opposed to blobs, allowing for high-quality synthetic sample generation and im-
proved classifier performance where existing oversampling methodologies do not provide the desired results [11].
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3.1. Proposed system overview
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Fig. 1: QGOPQC Framework Architecture.

Fig.1 demonstrates the overall QGOPQC process. After learning through a hybrid quantum-classical loop, the PQC generator generates
synthetic samples and is evaluated through a discriminator. Finally, the generated instances are decoded and added to make the final
classifier input more balanced.

The QGOPQC framework utilizes an ordered process to generate synthetic samples to mitigate the effects of using an imbalanced
dataset. The process consists of the following steps:

Imbalanced Dataset (Minority Class Data): At the starting point of the process, there is an imbalanced dataset with minority class
representations much smaller than the majority class. Because of this, performance evaluations favor the majority class, which leads to
biased results [12].

Encoding Data: The minority class representation is encoded into quantum states using encoding methods (e.g., angle or amplitude) as
the framework represents the data in a quantum state for further history-based manipulation in the quantum circuit.

Quantum Generator: The generator is defined through a parameterized quantum circuit PQC which can learn the data distributions of
the encoded minority class data. The model will learn a set of characteristics of the minority class [13].

Hybrid Quantum-Classical Training Loop: A discriminator will assess the amount of difference between real samples and generated
samples. The training program is allowing changes through gradient descent or classical optimization for the parameters of the gener-
ator based on a value (cost function) that essentially minimizes the cost function (e.g., MMD, Wasserstein distance).

Extraction of synthetic samples: Quantitative measurements are employed to extract classical synthetic samples from quantum states,
representing newly generated data points.

Balanced dataset: The new synthetic minority class samples are added to each original dataset to enhance the class distribution, and
thus the dataset is balanced [14].

Classification task: The original enhanced dataset, with a less imbalanced class distribution, spends less time learning ways to avoid
the minority class in classification tasks, and thus enhances performance.

Algorithm 1: QGOPQC Algorithm

Input:
Minoritygaea = {Xi}iz1.Npy0 Xi € R4 quantuMp,ameters = tencoding E, PQC architecture A(8), optimizer n,loss L}

tr.

aininghorizon =T

Output:

Syntheticsampies = {%;},

1:

j=1.Nsyn
if Npyin == 0 then

return "Error: No minority data available"

2
3
4
5
6:
7
8
9
1

0

11:

12:
13:

14

15:
16:
26:
27:
28:
29:
30:

31

Initialize PQC parameters 8 ~ U(—¢, €)
Initialize optimizer with learning rate n
fort = 1 - Tdo

: for each x € Minoritygy,,do // Encoding

|$in) = EncodeData(x, E) // Generation
Ill"gen((-])) = A(e)lqjin)

P = Measure(|{_gen(0)), shots)

& = Decode(P) € RY// Loss computation

: L, = Wasserstein(x,X) // Parameter update

VO L, = M // parameter-shift rule
6 <« 06 —nVeL,/Eq(2)

end for

: end for // Synthetic sample extraction
Synthetic_samples = @

forj = 1 - Ngypdo

z ~ p(z) // random seed or sample from Minority_data
|$in) = EncodeData(z, E)

|¢gen(6)) = A(e)NJin)

P = Measure(|{_gen(0)), shots)

% = Decode(P)

: SynthetiCsamples < Syntheticgampres U {&}
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32: end for
33: returnyntheticgmpies

Before providing an error message, the QGOPQC method checks to verify that the minority dataset is not empty and assembles the quantum
learning parameters correctly, as shown in Algorithm 1. After validation, the optimizer is initialized with a specific learning rate, and the
PQC parameters are initialized with small random values. If the training horizon is a fixed number of repetitions, the selected encoding
method, such as angle- or amplitude encoding, is used to encode each member of the minority data set into a quantum state. An encoded
quantum state generator is created by applying the encoded state to a parameterized quantum circuit A(0).

Candidate synthetic samples can then be derived from the probability distributions of measurements on this state. A discriminator evaluates
these samples via a cost function such as the Wasserstein distance. The parameter-shift rule is used to find gradients and evolve the PQC
parameters. Once training is complete, synthetic samples could be created in bulk by using the trained PQC to measure the outputs and
decode those into classical vectors. This will require multiple repeated encodings of the seeds. The last stage is to collect those fake
instances so that the dataset can be more balanced, helping to create a classifier that is more diverse and faster [15].

|p) = X155 o | 1) M

Equation 1 illustrates how classical minority data is transformed into a quantum superposition state, with each coefficient representing a
complex amplitude encoding probability. It is a representation of classical data being encoded into a quantum state with superposition as
0. A quantum state | ) is a linear combination of computational basis states | i), where each coefficient ai € N is a complex number
that determines the amplitude of every state.

0i11 = 0 —MVeL(0y) 2

Equation 2 states that the learning rate and gradient update the circuit parameters and states that the gradient-descent rule is for PQC
parameters. Moreover, it discusses the rule for parameter updates in the gradient descent optimization of a parameterized quantum circuit
as 04 1. The parameters 6 are updated by subtracting the product of the learning rate 1 and the gradient VgL(0,) with respect to the loss
function L.

P =l (x| ) I? 3

Explain 3 explains how it illustrates the odds of measuring a certain computational basis state, i.e., it indicates the link between the encoded
data distribution and the measurement results. The probability P(x) of measuring the quantum state| ) in a particular computational statel
(x. The probability is the square modulus of the inner product of the quantum state and the computational state.

W(p,q) = infyerp,q)Exy) ~ Yl x =y II] 4)

Equation 4 defines the Wasserstein distance W(p, q) between two probability distributions y. and explains how it can be used to compare
real probability distributions with produced probability distributions. The infimum as inf,er(p q)is taken over all couplings of the two
distributions and the expectation as Eyyis taken over the pairwise distance of the samples drawn from the variables as [l x —y II].

Lo = D(Preal' Pgen) + AR(2) 6))

In equation 5, D measures the distance between the true and generated distributions, while (z) is a way of measuring divergence (similar
to Wasserstein distance). The regularization term R(z) penalizes deviations from the expected value in the latent variable space. With the
coefficient AThis can modify how severe this penalization is. Regularization discourages overfitting to minority samples by requiring the
generator to produce samples with smooth, organized latent representations, which increases consistency of the latent space. Latent space
consistency maintains significant connections in a model's internal representation of data. Critical to applications like feature learning and
generative modeling, it ensures comparable inputs map to similar latent representations.

1

E = ——
comp Tquan

{1:1 Oiclassical +v- O;:luan (6)

Equation 6 sums the costs of classical and quantum as overhead to arrive at an estimate of the total cost involved in computation. The
weighting parameter indicates how much weight is given to the quantum portion relative to the classical portion in calculating the total
amount, and tracks the computational efficiency Ecompof the model. It accounts for the cost of both classical and quantum computations

as Offassical and 01"*" | The classical cost in the equation refers to classical computational processes, like SMOTE, while the quantum cost
1

refers to QGOPQC. The weighting parameter v, is used to modify the inclusion of the quantum overhead into the overall efﬁciencyT
quan

The QGOPQC architecture embeds minority class data into quantum states and uses a quantum generator to produce new synthetic samples
using a hybrid quantum-classical training loop. The generator can learn the minority class data distribution, which allows the oversampled,
balanced dataset to improve classifier performance. QGOPQC is a new method of dealing with imbalanced datasets that has been shown
to outperform classical techniques.

4. Result Analysis

This section offers a performance comparison of the proposed QGOPQC framework against the existing SMOTE technique using four
performance measures: Sample Diversity Index, Computing Time, and AUC concerning high dimensionality by evaluating performance
on the variation of dataset sizes and complexity highlighted with the greater generative ability and flexibility of the QGOPQC model.

Dataset description: The Credit Card Fraud Detection dataset on Kaggle has 284,807 credit card transactions and 31 features (anonymized).
It is very imbalanced, with only 0.17% being labeled as fraudulent. This dataset is ideal for testing oversampling algorithms such as
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QGOPQC and SMOTE, given the class imbalance, infeasibly high-dimensional feature space, and classification problems that exist with
this dataset [16].

4.1. Analysis of the sample diversity index

0.9 o —8— SMOTE
—— QGOPQC

0.8

0.6 —

Diversity Index Analysis

T T T T
50 100 150 200 250
Number of Synthetic Generated Datasets

Fig. 2: Sample Diversity Index Analysis.

Acquisition of results in greater entropy-based diversity scores, increasing from 0.68 to 0.92 across 250 synthetic samples. SMOTE holds
a substantially lower diversity score of up to 0.53, given in Fig.2. This shows QGOPQC's capability in creating richer, non-redundant data
via quantum entanglement; thus, providing unique data and not overfitting to produce general models, especially with imbalanced learners.
Quantum entanglement is the method by which two or more quantum particles are correlated; their states immediately influence one an-
other, regardless of the distance between them. It is a valuable resource for quantum teleportation, superdense coding, and other purposes.

4.2. Analysis of computation time analysis

Table 2: Computational Time Analysis of SMOTE and QGOPQC

Dataset Size SMOTE QGOPQC
100 32 1.1
200 9.5 2.8
300 18.6 43
400 27.8 6.0
500 36.4 7.4

As shown already in Table 2, QGOPQC shows lower computation time, compared to SMOTE in Table 2, at each dataset size from 1.1s at
100 samples to 7.4s at 500 samples, with SMOTE shown to take from 3.2s to 36.4s. Table 2 provides a reduced sample of 500 samples for
execution time. The smaller dataset is easier to use to demonstrate how well the model performs with a small set of samples since it
accelerates the calculations. Therefore, this is clear evidence that when QGOPQC is optimized, it can achieve better computational effi-
ciency compared to SMOTE by using the quantum processing capability of QGOPQC, even when a small number of samples are processed.

4.3. Overall performance comparison

Table 3: Computational Performance of SMOTE and QGOPQC

Parameter SMOTE QGOPQC
Sample Diversity Index 0.53 0.92
Computational Time (s) 7.4 36.4
AUC (High-Dimensional) 0.76 0.97

QGOPQC clearly outperforms SMOTE in all measures of diversity (0.92 vs. 0.53), and AUC (0.97 vs 0.76), given the high-dimensional
labeling conditions in Table 3. Although QGOPQC exhibits less speed (36.4s), the gain in data quality and classification performance
justifies the expense. QGOPQC has demonstrated great potential and efficacy as a quantum learning solution to often complex, imbalanced
learning tasks. Table 3 illustrates how long it took to execute each data set. The measurement of 36.4 s is greater than the smaller subset in
Table 2 because a longer time was needed to process more samples.

4.4. Analysis of AUC under high dimensionality

1.00 o —— SMOTE

—8— QGOPQC
0.95 -

0.90 —

" 0.85

ality Analysis

0.75

High-Dimension:

0.70 -

0.65

0.60

T T T T T
10 20 30 40 s0

Number of Dimensionality Features

Fig. 3: AUC Under High-Dimensionality Analysis.



International Journal of Basic and Applied Sciences 287

From Fig.3, QGOPQC delivers strong AUC values as the dimensionality of features increases, with 50 features achieving AUC=0.97.
SMOTE performance has declined to AUC=0.76. This demonstrates QGOPQC can preserve important correlations between features and
model complex data distributions with high dimensionality, which is necessary when dealing with high-dimensional real-world datasets.
The results clearly demonstrate that QGOPQC achieves a higher level of sample diversity in generating high-quality synthetic samples and
providing useful handling of high-dimensional data when compared to SMOTE. The QGOPCQ clearly takes longer in every evaluation
due to quantum operation, yet increases on these metrics significantly with respect to AUC. These findings point to QGOPQC's potential
to serve as a meaningfully powerful tool in addressing imbalanced data problems in complex and high-dimensional classification problems.

4.5. Limitations

Although these results are promising, there are a number of issues that must be addressed in the implementation of QGOPQC. First,
scalability is still an issue. Although previous designs were less affected, the current implementation has confined QGOPQC to small-to-
medium datasets because the amount of training needed increases proportionately to the number of qubits and circuit depth, both of which
increase in relation to the complexity of the dataset. Second, despite the implementation of classical simulators not portraying the process
found in quantum devices, they are the only acceptable solution at this time because of the lack of access to quantum hardware. Finally,
noise, decoherence, and gate faults are inherent to quantum circuits in terms of fidelity and reproducibility in sample nodes of the circuits.
Being able to ultimately eliminate noise, decoherence, and gate faults will require a hybrid solution that performs as much computation as
possible on classical systems, designs circuits to constrain quantum hardware to perform computations, and aims to eliminate faults. While
QGOPQC has shown promising theoretical results, and it is clear it will show promise for testing possibilities on quantum, it will require
realistic advancements in quantum hardware and real potential repeatability with sound algorithms to become a reality.

5. Conclusion and Future Works

The suggested QGOPQC approach is founded on the reported achievements of classical oversampling techniques such as SMOTE, for
generating diverse and reasonable synthetic samples in imbalanced datasets. Building on hybrid training, QGOPQC used quantum circuits
to motivate composite, non-linear feature relationships and was able to achieve effectiveness in high-order feature spaces, as shown by the
better scoring AUC and diversity-based measures. The practical implementation of QGOPQC is limited by the computational efficiency
supported by present-day quantum hardware (NISQ); however, the constantly evolving developments open a lot of possibilities for perfor-
mance on small and medium datasets.

5.1. Future works

There will be continued investigations designed to improve the implementations of PQC architecture in QGOPQC and reduce the compu-
tational complexity of execution times, extending to quantum feature selection to boost scale, and exploring the framework across the range
of potential real-world applications in domains such as medical diagnosis systems, fraud detection, and cybersecurity. Furthermore,
QGOPQC will be implemented based on existing NISQ devices, which will highlight the comparative benchmarks established by existing
state-of-the-art methods of advanced oversampling techniques, allow for rightful relevance, and improve its implementation into quantum-
enhanced ML workflows. Unbalanced sets create issues in many areas, and QGOPQC may be of benefit in those areas in addition to
detecting fraud. It could facilitate the detection of biomarkers and the prediction of diseases in bioinformatics by balancing genomic or
proteomic sets. Sudden spikes in pollutants and extreme weather events are only two instances of the bizarre things QGOPQC may identify
when it examines data on the environment. It can more precisely diagnose rare diseases since it is able to assist physicians in determining
what ails patients by correcting class imbalance in patient information. These uses show the flexibility of the model and its relevance across
different domains.

Although the conversation acknowledges that NISQ devices have limitations in their computing capabilities, it strongly supports QGOPQC
over SMOTE. That section of the conversation was forward-thinking, requesting exploring potential applications for medical diagnosis
and in cybersecurity, and further improving the PQC designs and/or speed of the processing. The recommendations of future studies could
have been more specific and useful if specific, roundly stated research goals were indicated (like optimizing QGOPQC for noisy hardware
or the choice of medical datasets).

5.2. Broader implications of QGOPQC

Health Evaluations: QGOPQC can be beneficial in medical domains where positive cases are limited, such as in the case of unusual genetic
disorders or early-stage cancer. Its capacity for modeling complex feature spaces in high dimensionality and producing high-fidelity syn-
thetic minority samples is critical for increased sensitivity of the classifier in instances when clinical signals are fragile and non-linear, all
while respecting correlations among features.

Cybersecurity and Intrusion Detection Systems: Cyber-attacks, such as zero-day exploits, occur randomly and generally without frequency.
QGOPQC makes various synthetic nefarious patterns to assist with finding unique attack vectors and mitigating overfitting, which is a
concern with exploiting classical oversampling methods.

Ensuring quality of industrial products: Defect events are rare and exist in high-dimensional sensor data in semiconductor production and
manufacturing (Yang & Sun [6]). The quantum generative model of QGOPQC can create realistic fake defect samples that can then be
used to improve defect anomaly detection models and ensure quality.

Rare Event Modeling in Finance and Other Applications: Other financial tasks have a large class imbalance, like detecting money launder-
ing schemes or unusual trading patterns. This applies to many domains, not just the credit card fraud dataset in this study. QGOPQC
strengthens prediction models in many financial application domains through the introduction of a variety of synthetic minority events.
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