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Abstract—This study introduces the Quantum Federated
Neural Network for Financial Fraud Detection (QFNN-
FFD), a cutting-edge framework merging Quantum Machine
Learning (QML) and quantum computing with Federated
Learning (FL) for financial fraud detection. Using quantum
technologies’ computational power and the robust data privacy
protections offered by FL, QFNN-FFD emerges as a secure
and efficient method for identifying fraudulent transactions
within the financial sector. Implementing a dual-phase training
model across distributed clients enhances data integrity and
enables superior performance metrics, achieving precision rates
consistently above 95%. Additionally, QFNN-FFD demonstrates
exceptional resilience by maintaining an impressive 80%
accuracy, highlighting its robustness and readiness for real-world
applications. This combination of high performance, security, and
robustness against noise positions QFNN-FFD as a transformative
advancement in financial technology solutions and establishes
it as a new benchmark for privacy-focused fraud detection
systems. This framework facilitates the broader adoption of
secure, quantum-enhanced financial services and inspires future
innovations that could use QML to tackle complex challenges in
other areas requiring high confidentiality and accuracy.

Index Terms—Quantum Neural Network, Quantum Federated
Learning, Quantum Machine Learning, Fraud Detection, Finance

I. INTRODUCTION

In the rapidly evolving financial technology landscape,
privacy is a fundamental pillar, crucial for upholding the
trust and integrity of financial transactions and services [1].
As digital transactions become more prevalent, the volume
of sensitive data handled by financial institutions grows
exponentially, making robust privacy measures indispensable
[2]. The emergence of Quantum Machine Learning (QML)
marks a transformative era [3]–[5], promising unprecedented
computational capabilities by exploiting quantum physics [6],
while simultaneously raising pivotal concerns about privacy
and data security. This paper introduces the Quantum
Federated Neural Network for Financial Fraud Detection
(QFNN-FFD), a pioneering framework that influences the
quantum-enhanced processing power of Quantum Computing
(QC) with the privacy-preserving attributes of Federated
Learning (FL). The synergy of QML with FL jointly improves
the efficiency and accuracy of detecting fraudulent activities,

while safeguarding sensitive financial data against the ever-
looming threats of breaches and unauthorized access.

QFNN-FFD represents a significant leap forward in
applying quantum technologies to real-world economic
challenges and sets a new benchmark for privacy-centric
approaches in the fintech domain. By deploying this
framework, financial institutions can potentially harness the
unique advantages of QC—such as rapid processing of large
datasets—while also benefiting from the decentralized nature
of FL, which keeps sensitive data localized and reduces the
risk of central points of failure. As shown in Fig. 1, Quantum
Federated Learning (QFL) has shown superior performance in
various fields [7]–[9], prompting our decision to implement
it in finance. Our framework has demonstrated its capability
to enhance both accuracy and privacy protection through
comparative analysis with existing models works [10]–
[12]. This approach meets and often surpasses current
industry standards, providing a scalable, secure framework that
adapts seamlessly to diverse operational environments while
maintaining high accuracy in fraud detection under various
conditions. Our contributions significantly impact the fintech
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Fig. 1: Comparison of ML and FL accuracies in classical and QC
contexts across various fields and experiments. Panel (a)illustrates
the performance of different experiments within the finance sector.
Panel (b) compares QML with QFL across four domains: healthcare,
IoT, computer v, and finance. In classical computing contexts, FL
generally demonstrates superior performance compared to ML [13],
[14]. In QC contexts, QFL exhibits slight improvements over QML
[15]–[17]. These findings highlight the potential of QFL and provide
a compelling rationale for its adoption, particularly in the finance
sector.

sector by providing a scalable, secure framework that adapts
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to various operational environments while maintaining high
accuracy in fraud detection under different conditions.
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Fig. 2: The QFNN-FFD process flow. The diagram outlines the end-
to-end workflow from input through to output. Datasets are processed
and fed into the QFNN-FFD, built upon the PennyLane library. The
model undergoes training and testing for 100 iterations, incorporating
a variety of noise models using noise simulators from IBM’s Qiskit.
The quantum simulator within PennyLane is utilized to emulate a
quantum environment. The output is evaluated based on performance
metrics, including accuracy, precision, recall, F1 score, and mean
squared error loss, providing a comprehensive assessment of the
model’s capability to detect fraudulent transactions.

Our novel contributions, encapsulating a comprehensive
workflow that significantly enhances fintech security
measures, are listed as follows and shown in Fig. 2:

• Introducing a novel QFNN-FFD that uniquely combines
QML algorithms with FL architecture to enhance both
the computational capabilities and the privacy aspects of
fraud detection systems, ensuring that sensitive financial
data remains within its local environment.

• Demonstrating superior analytical capabilities by
analyzing complex transaction patterns more effectively
than traditional models, comparative experimental results
reveal that QFNN-FFD consistently outperforms existing
fraud detection systems in terms of accuracy, thereby
establishing a new benchmark for the industry.

• Recognizing the challenges posed by quantum
decoherence and noise by testing our QFNN-FFD
across six different quantum noise models to validate
its robustness ensures that our framework is not only
theoretically but also practically viable in real-world
QC environments, maintaining high performance under
various noise conditions.

II. BACKGROUND AND RELATED WORKS

FL is a Machine Learning (ML) paradigm in which
multiple parties [18]–[20], termed clients, collaborate under
the oversight of a central server to address an ML task without
exchanging their raw data.

As illustrated in Fig. 3, clients contribute model
updates, computed from their local datasets, to the server.
Mathematically, each client i computes an update ∆θi based
on its local data Di:

∆θi = −η∇L(θ;Di), (1)

where η is the learning rate and L is the loss function evaluated
with the ML model parameters θ. These updates ∆θi are then
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Fig. 3: Schematic representation of the FL architecture. The
diagram shows multiple users (clients), each with their local
dataset, independently training local models. These models are then
transmitted as model updates to a central server. The server aggregates
these updates to improve the global model, which is then distributed
back to the users for further refinement. This cycle ensures data
privacy and security, as raw data never leaves the local premises
of each user.

sent to the central server, which aggregates them to update the
global model using a weighted average:

θ ← θ +

n∑
i=1

|Di|
D

∆θi, (2)

where D =
∑n

i=1 |Di| represents the total size of data across
all clients, and |Di| is the size of the local dataset of client i.
This aggregation method effectively mitigates concerns related
to privacy, data security, and data access rights, which are
particularly pertinent when dealing with sensitive information
scattered across disparate locations.

The progression of FL into the QC domain has precipitated
the inception of QFL [17], [21]. This methodology exploits
quantum mechanics’ distinctive properties to augment privacy
and computational efficiency. In [22], the study delineated the
first fully operational QFL framework capable of processing
exclusively quantum data. This innovation indicated the
establishment of the inaugural quantum federated dataset,
facilitating the collaborative learning of quantum circuit
parameters by quantum clients in a decentralized manner—a
cornerstone in adapting quantum technologies to federated
contexts.

Subsequently, the notion of dynamic QFL frameworks
was advanced in [8], which introduced the Slimmable
QFL. This framework was designed to adapt to varying
network conditions and constraints on computing resources by
dynamically modulating the training parameters of Quantum
Neural Networks (QNNs). Empirical studies demonstrated
that SlimQFL sustained superior classification accuracy under
fluctuating conditions compared to conventional static QFL
methods. Moreover, integrating secure protocols, such as blind



quantum computation, into distributed learning environments
enhanced the confidentiality aspect of QFL.

The research outlined in [23] proposed a quantum protocol
that leveraged the computational capacities of remote quantum
servers while safeguarding the privacy of the underlying data.
This protocol proved its robustness against prevalent security
threats, including gradient attacks, rendering it especially
beneficial in domains that demand boosted security for
distributed learning tasks.

It is essential to recognize the expansive applications of
QFL across various industries and how these applications
introduce specialized implementations in sectors requiring
high data privacy and computational precision. Particularly in
the financial industry, where the confidentiality and integrity of
data are paramount, the transition from general data protection
to targeted fraud detection represents a critical evolution of
QFL capabilities.

The effectiveness of QFL in securely managing and
processing data within healthcare and genomics, as explored
in [24], serves as a foundation for its application in the
more complex and sensitive realm of financial transactions.
This broad applicability underscores the potential of QFL
to enhance privacy and computational efficiency in highly
effective scenarios.

Advancing into financial fraud, significant research has
been conducted to apply QC and QML in detecting
financial fraud. In [12], they developed quantum protocols
for anomaly detection, applying them to credit card fraud.
They compared quantum kernel methods to classical ML
benchmarks, revealing the potential for quantum approaches
to achieve superior precision significantly as the number of
qubits increased. This demonstrated that quantum methods can
become increasingly advantageous with the scaling of quantum
systems.

Furthermore, in [25], they explored using a Quantum
Support Vector Machine (QSVM) for real-world financial
data, presenting one of the first end-to-end applications of
QML in the financial sector. Their findings highlighted the
complementary nature of QSVM to classical techniques,
offering new methods for feature exploration that enhanced
fraud detection accuracy.

As the application of QML in fraud detection advances,
several innovative approaches have emerged. For instance,
in [26], they explored using QML models, including the
Variational Quantum Classifier (VQC) and different QNNs.
These models showed promising results in classifying fraud
and non-fraud transactions, demonstrating QML’s potential
in financial applications. Despite their success, these models
faced challenges such as needing more efficient quantum
algorithms and the ability to handle larger and more complex
datasets.

In [27], the study addressed the latency in traditional fraud
detection systems by implementing a QML approach using
a Support Vector Machine (SVM) enhanced with quantum
annealing solvers. This approach significantly outperformed
traditional models’ speed and accuracy, particularly on time-

series data from bank loans, which are typically highly
imbalanced.

In [28], they discussed a hybrid model that combines QNNs
with classical neural networks to enhance fraud detection
capabilities. This study implemented two distinct methods:
a hybrid quantum-classical neural network and topological
data analysis for noise reduction and improved classification
accuracy. Such hybrid models leverage the computational
power of quantum devices while maintaining the versatility
and robustness of classical ML frameworks.

Generative adversarial networks (GANs) have also been
adapted to quantum settings to tackle the instability and
inefficiency of classical sampling methods. [29] introduced
variational quantum-classical Wasserstein GANs (WGANs),
which incorporated a hybrid quantum-classical generator with
a classical discriminator. This model was effective on a credit
card fraud dataset, providing competitive performance with
classical counterparts in terms of F1 score.

Further advancing the field, in [30], they presented an
approach using data re-uploading techniques to train single-
qubit classifiers that perform comparably to classical models
under similar training conditions. This study highlights the
potential for QML to achieve significant results with minimal
quantum resources, opening new avenues for efficient quantum
computations.

Moreover, in [31] and [32], they highlighted the real-
time challenges in fraud detection. They utilized quantum
annealing to develop frameworks that enhance the speed of
fraud detection, addressing the critical issue of timely response
in fraudulent transaction identification.

These studies collectively demonstrate the growing
capability of QML to enhance fraud detection but often neglect
the aspect of data privacy in their computational frameworks.
Most QML models focus primarily on computational
advantages without integrating robust privacy measures. Our
QFNN-FFD framework addresses this gap by combining the
privacy-preserving features of FL with the power of QC. By
ensuring that data remains local and only aggregate updates are
shared, our framework enhances the security and privacy of the
distributed learning process, setting a new standard in applying
quantum technologies to sensitive financial operations.

III. QFNN-FFD FRAMEWORK DESIGN

In this section, we introduce a novel QFNN-FFD framework
that integrates the quantum computational capabilities of QML
with the distributed, privacy-preserving nature of FL, as
described in Algorithm 1.

A. QNN Circuit Design and QFL Integration

Central to this approach is a QNN circuit, shown in Fig. 5.
The QNN model has demonstrated its powerful capabilities
in various applications, particularly fraud detection. Like
typical QML models, as shown in Fig. 4, it begins with data
encoding, followed by a sequence of quantum operations that
form the core of the processing circuit, and concludes with
measurement to extract actionable insights [33]–[36].



Algorithm 1: QFNN-FFD Framework
Data: QNN circuit, dataset split among N clients,

learning rate η = 0.1, maximum local iterations
T .

Result: Accuracy, precision, recall, F1 score, and loss
Initialization: Parameters θ randomly initialized in
[0, 1];

for each client i = 1 to N do
Initialize local model parameters θi ← θ;
for each local iteration t = 1 to T do

foreach batch in local dataset do
Encode data into quantum states;
Apply QNN circuit with current parameters
θi;

Perform quantum measurements to obtain
classical outputs;

Calculate loss using MSE;
Optimize θi using Adam optimizer with

learning rate η;
Evaluate local model on validation set and

adjust θi;
If convergence criteria are met, exit loop early;

Synchronize and send optimized local parameters
θi to central server;

On central server:;
Aggregate local parameters to update global model;
Broadcast updated global parameters θ back to each
client;

for each client i = 1 to N do
Update local model parameters θi ← θ;

Evaluate model performance on a global validation set
to ensure generalization;

The QFNN-FFD framework operates on data distributed
across N clients, each possessing a subset of the overall
dataset, thereby preventing the need for central data
aggregation and enhancing data privacy. Training of the
QFNN-FFD is directed in a federated manner, where local
models on each client are independently trained using their
data subsets.

In the local model, the first step is to encode classical data
into quantum states through angle encoding. Each data feature
xi,j from the vector xi of client i is mapped onto two rotation
angles, θi,j for the Ry rotation and ϕi,j for the Rz rotation.
These rotations are then applied to the qubits sequentially to
modify both their phase and orientation:

R(θi,j , ϕi,j) = Ry(θi,j)Rz(ϕi,j), (3)

where Ry(θi,j) = e−iθi,jY/2 and Rz(ϕi,j) = e−iϕi,jZ/2,
with Y and Z representing the Pauli-Y and Pauli-Z matrices,
respectively.

We apply a series of controlled operations to achieve an
entangled quantum state that captures correlations between
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Fig. 4: General schematic of a QML model workflow. The process
begins with qubits in the zero state (|0⟩). The qubits undergo data
encoding to represent the input data in quantum form. Then, a
parametrized quantum circuit, U(θ), transforms the qubit states,
where θ represents tunable parameters. The transformed quantum
states are measured, converting quantum information into classical
output. This output is evaluated using a predefined loss function, and
a classical optimization algorithm iteratively adjusts θ to minimize
the loss, thereby refining the QML model’s performance.

different features. One effective method is using a sequence of
CNOT gates, which create entanglements between successive
qubits:

Uent =

n−1∏
k=1

CNOTk,k+1, (4)

where CNOTk,k+1 applies a CNOT gate between the k-
th and (k + 1)-th qubits. This sequence creates a chain of
entanglements across the qubit register, which is crucial for
leveraging quantum correlations.

This setup ensures that the quantum states are intricately
linked, which is crucial for capturing complex correlations in
the dataset. The full quantum state preparation for client i is
thus represented by:

|ψi⟩ =

 n⊗
j=1

Ry(θi,j)Rz(ϕi,j)

 · CNOT |0⟩⊗n
. (5)
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Fig. 5: An overview of the QFNN-FFD framework. This flowchart
presents the multi-stage process, beginning with data preprocessing
and distribution to various users. Each user independently conducts
a local training phase on a QNN circuit, followed by an optimization
stage. The optimized local models are then transmitted to a central
cloud server for global aggregation, culminating in an enhanced
federated model. The lower part of the figure illustrates the quantum
circuit’s structure, showcasing the intricate interplay of qubits and
quantum gates (rotations and CNOT gates) during the computation
process.



B. Optimization and Training Process

The Adam optimizer is integral to the training process
of our QFNN-FFD framework due to its adaptive learning
rate capabilities, which significantly enhance convergence
speed and efficiency. The Adam optimizer’s update rule is
particularly well-suited for the demands of quantum circuit
training and is defined as follows:

θt+1 = θt −
η√
v̂t + ϵ

m̂t, (6)

where η represents the learning rate, m̂t and v̂t are the
estimates of the first and second moments of the gradients,
respectively, and ϵ is a small constant to avoid division by zero.
This configuration allows each parameter update to be adjusted
dynamically based on the individual gradients’ variability,
providing a tailored approach to parameter optimization.

In the context of our QFNN-FFD, the Adam optimizer’s
role extends to effectively minimizing the Mean Squared Error
(MSE) loss function during the training process. The MSE
loss function is crucial for calibrating the model’s predictive
accuracy and is expressed as:

L(θ) =
1

m

m∑
j=1

(yj − ŷj(θ))2, (7)

where m is the batch size, yj are the actual labels of
transactions, and ŷj(θ) represents the predicted labels output
by the model. This loss function quantifies the error between
the model’s predictions and the true labels, guiding the
optimizer to focus on reducing these discrepancies. The
optimization process iterates through a maximum of T local
iterations, refining the model’s ability to discern fraudulent
transactions accurately.

C. Parameter Aggregation and Model Evaluation

Following local optimization, each client’s parameters θi
are transmitted to a central server. They are aggregated
through a simple averaging process to update the global
model parameters θ. This cyclic process of local optimization
and global aggregation iteratively enhances the QFNN-
FFD’s performance, evaluated on a global validation set for
generalizability and efficacy. The mathematical foundation of
parameter optimization within the QFNN-FFD employs the
Adam optimizer, adjusting θ as

θt+1 = θt − η · Adam(∇θL(θt)) (8)

where Adam(∇θL(θt)) calculates the adjustment based on the
gradient of the loss function with respect to the parameters θ
at iteration t. This optimization ensures a gradual refinement
of the model’s parameters.

After the local training phases, the optimized parameters θi
from each client are securely aggregated at a central server
using a federated averaging algorithm:

θglobal =
1

N

N∑
i=1

θi, (9)

This aggregation step effectively combines insights from
all the distributed models, enhancing the global model’s
generalizability and robustness, steering the QFNN-FFD
towards higher accuracy in fraud detection (see Algorithm 1).

The globally updated parameters are redistributed to all
clients for further training, cycling through local optimization
and global aggregation to progressively improve the
QFNN-FFD’s performance. This iterative process enhances
computational efficiency and maintains strict privacy
standards.

Integrating QML with FL in our QFNN-FFD framework
fosters the high-efficiency processing of complex financial
data and upholds stringent data privacy standards. This dual
advantage, coupled with the model’s mathematical rigor and
strategic parameter optimization, positions the QFNN-FFD as
an effective tool in the fight against financial fraud, marking
a significant leap forward in applying QC to real-world
challenges in the financial sector.

IV. RESULTS AND DISCUSSION

A. Experimental Setup

In our study, we utilize the IEEE-CIS Fraud Detection
dataset [37]. It is divided into two primary files: identity
and transaction, linked by TransactionID. It encompasses both
numerical and categorical features essential for identifying
fraudulent activities. The preprocessing steps begin with
optimizing the dataset’s memory usage by refining data types,
significantly reducing its memory footprint. This is followed
by a detailed analysis of missing values, which helps identify
and quantify missing data to inform our approach to managing
these instances. Subsequently, features are categorized and
processed: categorical variables undergo one-hot encoding,
while numerical variables are standardized. To counteract
the class imbalance between fraud and non-fraud instances,
an up-sampling technique is employed to ensure equitable
representation of both classes.

Our QFNN-FFD is implemented using PennyLane for
model architecture and Qiskit for simulating quantum
noise [38], [39], enabling a realistic QC environment.
The framework, structured around four qubits, employs the
Adam optimizer (η=0.1) across dual training phases—local
and global—with up to 100 iterations for each across 15
clients. This setup is characterized by 32 initially random
parameters, which are optimized through evaluations on
a training set comprising 115,386 instances (80% of the
total dataset of 144,233 instances) and a validation set
comprising 28,847 instances, which is 20% of the total
dataset. We focus on binary classification accuracy and MSE
as key metrics. Operational deployment occurs within an
environment characterized by a configuration consisting of
4 virtual CPUs (vCPUs), 25 gigabytes (GB) of RAM, and
a single NVIDIA Tesla V100 virtual GPU (vGPU). This
setup offers a balance of processing power, memory capacity,
and advanced GPU acceleration—crucial factors for efficiently
handling the intensive computations required by our QFNN-
FFD framework.



B. Accuracy and Loss Analysis

The validation accuracy and loss trends for the QFNN-
FFD, as shown in Fig. 6, provide valuable insights into the
model’s performance over iterations, which is the average
outcome of 10 trials of QFNN, which ensures the reliability
of the results by accounting for variability in the model’s
performance. Initially, the model’s accuracy begins at 0.735
and demonstrates a steady upward trend, culminating in a
plateau of 0.95 at 1⃝, consistently maintained from iteration
35 onwards. This performance plateau signifies that the
framework not only swiftly attains a high confidence level in
its fraud detection capabilities but also sustains this efficacy
over time. Alongside, the validation loss diminishes from an
initial 0.275 to 0.02, reflecting the model’s enhanced precision
in identifying fraudulent transactions.

This reduction in validation loss is significant as it
suggests a substantial enhancement in the model’s ability to
differentiate between fraudulent and legitimate transactions
with minimal error, thereby reducing the likelihood of costly
false positives. The pronounced improvement in accuracy and
reduction in loss observed between iterations 10 and 20 at 2⃝
marks a critical learning phase for the model. By iteration 35,
the model achieves and upholds a state of high accuracy and
minimal loss at 3⃝, indicative of its robust learning mechanism
and stability. This phase showcases the effective convergence
of the quantum and FL components, optimizing the model’s
parameters for high-stakes decision-making environments.
The sustained model performance beyond the 35th iteration
underscores the QFNN-FFD’s ability for dependable and
steady fraud prediction within QC environments.

Moreover, the robust validation performance of QFNN-
FFD highlights its practical applicability. The high validation
accuracy suggests effective pattern recognition is crucial for
fraud detection, while the low and stable loss indicates
minimized rates of false positives and negatives—essential for
the operational deployment of any fraud detection system. This
balance is particularly important in financial contexts where
the cost of false negatives can be extraordinarily high. Given
the observed performance plateau, implementing an early
exit strategy in training could economize on computational
resources without compromising effectiveness, optimizing
overall efficiency. This strategy underscores the framework’s
capability to deliver high performance while efficiently
managing computational demands, setting a new standard for
privacy-focused, quantum-enhanced financial services.

C. Quantum Noise Analysis

In our experiments, we expose the QFNN-FFD framework
to a spectrum of quantum noise models [40], aiming to
simulate the challenging conditions of near-term QC devices.
As presented in Fig. 7, under the depolarizing noise model,
accuracy remains high at 0.97 but plummets to 0 when
the noise parameter reaches 1, indicating the model’s noise
tolerance limit. In the bitflip noise, the QFNN-FFD shows
resilience, maintaining a 0.97 accuracy until the noise
parameter hits 0.3 at 1⃝, after which it significantly drops to
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Count. The plot illustrates the optimization trajectory over 100
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indicative of the model’s improving generalization on unseen data.
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Fig. 7: Comparative Impact of quantum noise models on QFNN-
FFD Framework Accuracy. The graph systematically evaluates the
framework’s accuracy under the influence of six quantum noise
models: depolarizing, phase damping, amplitude damping, bitflip,
phaseflip, and bitphaseflip. The noise parameters are adjusted
from 0 (indicating no noise) to 1 (signifying maximum noise
interference), providing insights into the relative performance stability
of the QFNN-FFD framework across a spectrum of quantum noise
intensities.

0.2 at a noise level of 1, marking the model’s performance
threshold. This illustrates how bitflip errors, which flip the
state of a qubit, begin to degrade the system’s performance
only at higher noise levels, demonstrating a strong error
tolerance up to a critical point. The amplitude damping
noise leads to a less severe decrease in accuracy, from
0.97 to 0.4 at 2⃝ as noise increases, while phase damping
impacts it more, reducing accuracy to 0.09, highlighting
sensitivity to phase perturbations. These results underscore



the QFNN-FFD’s varying sensitivity to different types of
quantum noise, with phase damping proving particularly
detrimental. This sensitivity is crucial for understanding which
quantum error correction techniques might be most effective
in enhancing the robustness of the model. Remarkably,
against phaseflip and bitphaseflip noises, the QFNN-FFD
maintains over 0.9 accuracy up to a noise parameter of
0.7 at 3⃝, only dropping to 0.74, demonstrating significant
robustness and potential compatibility with existing quantum
technologies. This resilience against phaseflip and bitphaseflip
noises suggests that the model’s quantum circuitry may be
naturally more protected against these types of errors, possibly
due to the nature of the quantum gates used or the initial state
preparation.

Such robustness implies the QFNN-FFD’s potential
compatibility with current quantum technology, where such
noise is prevalent. The robust performance of the QFNN-
FFD across these diverse noise profiles strongly indicates its
applicability in quantum-enhanced fraud detection systems.
The data clearly illustrates how the QFNN-FFD could
provide reliable performance, guiding future enhancements
in quantum error correction to fortify the model against the
most vulnerable types of noise. These findings are pivotal,
as they demonstrate the framework’s current efficacy and its
potential for adaptation and improvement with the maturation
of quantum technologies.

D. Comparison with Existing Works

TABLE I: Comparison of QML frameworks on different financial
fraud datasets.

Reference Precision Recall F1-Score Accuracy

[10] 84 84.44 75.68 83.92

[11] 96.1 79.5 86 94.5

[12] 90 – – –

Our QFNN-FFD 95 96 95 95

Compared to the results in Table I, our QFNN-FFD
outperforms other QML models applied to similar datasets,
achieving superior performance metrics. These metrics include
precision, recall, F1-score, and accuracy, where QFNN-FFD
demonstrates comprehensive superiority across all fronts. This
performance is a testament to the model’s efficacy and
highlights its ability to effectively integrate complex quantum
computations within an FL framework. Unlike the existing
models [10]–[12], which focus solely on performance, QFNN-
FFD additionally integrates a privacy-preserving FL approach.
This ensures high detection accuracy of 95% and enhanced
data privacy, establishing QFNN-FFD as a leading solution
for secure and efficient fraud detection in fintech.

E. Discussion

Our results show that the framework achieves high
validation accuracy, maintains low loss across various
operational conditions, and exhibits resilience against diverse
quantum noise models. Such robustness underlines the

framework’s suitability for real-world QC environments
known for their integral noise issues. In direct comparison with
existing quantum and classical models, QFNN-FFD surpasses
typical performance metrics, making it a superior choice
for fraud detection. This performance is particularly notable
given the framework’s integration of privacy-preserving FL,
which safeguards sensitive financial data during detection. This
dual benefit of enhanced accuracy and increased data privacy
sets QFNN-FFD apart as a leading solution for secure and
effective fraud detection in the fintech industry. Furthermore,
the framework’s ability to maintain high performance under
various noise conditions suggests its potential for broader
applications beyond financial services, including sectors where
data sensitivity and security are paramount. Integrating
advanced quantum computational capabilities with robust
privacy features positions QFNN-FFD as a scalable solution
for future challenges in secure data processing and analysis.

V. CONCLUSION

Our research successfully demonstrates the potential of
QFNN-FFD in enhancing fraud detection within the financial
sector. By integrating advanced QC techniques with FL,
we present a novel approach that significantly improves
accuracy and efficiency compared to conventional methods.
Our findings reveal that the QFNN-FFD framework, supported
by a robust computational infrastructure and optimized
through sophisticated preprocessing techniques, can effectively
identify fraudulent transactions with high precision. Its
resilience against various quantum noise models is particularly
noteworthy, indicating its suitability for real-world application
in the near-term QC landscape. This resilience, coupled
with the model’s ability to maintain high performance under
different noise conditions, underscores the practical value
of our approach. Furthermore, the QFNN-FFD’s adaptability
to quantum noise suggests a promising direction for future
research in quantum error correction and noise mitigation
strategies. Our study contributes to the emerging field of
QC by providing an efficient framework for applying QML
while ensuring privacy to solve complex problems in finance.
Expanding beyond finance, this framework has the potential
to revolutionize fields such as healthcare and cybersecurity,
where privacy and data sensitivity are paramount, thus marking
a significant milestone in the interdisciplinary application of
QML. In conclusion, the QFNN-FFD framework addresses
key challenges in the fintech sector and also sets a precedent
for the deployment of quantum technologies in privacy-
critical applications, offering substantial implications for both
academic research and industry practices. It encourages further
exploration and development within the QC, QML, and FL
communities, aiming to unlock new possibilities for handling
complex, large-scale data analysis tasks in an increasingly
digital and interconnected world.
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J. Nüßlein., L. Sünkel., O. Salomon., and C. Linnhoff-Popien.,
“Exploring unsupervised anomaly detection with quantum boltzmann
machines in fraud detection,” in Proceedings of the 16th International
Conference on Agents and Artificial Intelligence - Volume 2: ICAART,
INSTICC. SciTePress, 2024, pp. 177–185. [Online]. Available:
https://doi.org/10.5220/0012326100003636

[33] M. Schuld, I. Sinayskiy, and F. Petruccione, “The quest for a
quantum neural network,” Quantum Information Processing, vol. 13,
pp. 2567–2586, 2014. [Online]. Available: https://doi.org/10.1007/
s11128-014-0809-8

[34] M. Kashif and M. Shafique, “Hqnet: Harnessing quantum noise
for effective training of quantum neural networks in nisq era,”
arXiv preprint arXiv:2402.08475, 2024. [Online]. Available: https:
//doi.org/10.48550/arXiv.2402.08475

[35] K. Beer, D. Bondarenko, T. Farrelly, T. J. Osborne, R. Salzmann,
D. Scheiermann, and R. Wolf, “Training deep quantum neural
networks,” Nature communications, vol. 11, no. 1, p. 808, 2020.
[Online]. Available: https://doi.org/10.1038/s41467-020-14454-2

https://doi.org/10.1016/j.dcan.2020.05.008
https://doi.org/10.1007/978-981-97-0052-3_23
https://doi.org/10.1038/nature23474
https://doi.org/10.1080/00107514.2014.964942
https://doi.org/10.1080/00107514.2014.964942
https://doi.org/10.1038/s41467-021-22539-9
https://doi.org/10.48550/arXiv.2310.10315
https://doi.org/10.48550/arXiv.2207.07444
https://doi.org/10.48550/arXiv.2207.07444
https://doi.org/10.48550/arXiv.2207.10221
https://doi.org/10.1007/s42484-022-00091-z
https://doi.org/10.1007/s42484-022-00091-z
https://doi.org/10.3390/e24111656
https://doi.org/10.1007/s42484-024-00143-6
https://doi.org/10.48550/arXiv.2208.01203
https://doi.org/10.1109/ICDMW51313.2020.00057
https://doi.org/10.1016/j.dss.2023.114084
https://doi.org/10.1109/JBHI.2023.3303401
https://doi.org/10.1109/TIV.2024.3370398
https://doi.org/10.3390/e23040460
https://doi.org/10.3390/e23040460
https://proceedings.mlr.press/v54/mcmahan17a.html
https://doi.org/10.48550/arXiv.1610.02527
https://doi.org/10.48550/arXiv.1610.02527
https://doi.org/10.1016/j.knosys.2021.106775
https://doi.org/10.1016/B978-0-44-319037-7.00027-2
https://doi.org/10.1109/ICASSP43922.2022.9746622
https://doi.org/10.1109/ICASSP43922.2022.9746622
https://doi.org/10.1007/s11433-021-1753-3
https://arxiv.org/abs/2403.10861
https://doi.org/10.1109/TQE.2022.3213474
https://doi.org/10.1109/TQE.2022.3213474
https://doi.org/10.1142/S0219749923500442
https://doi.org/10.1109/ACCESS.2022.3190897
https://doi.org/10.1109/QCE52317.2021.00083
https://doi.org/10.1088/2058-9565/ac0d4d
https://hdl.handle.net/20.500.14352/72764
https://doi.org/10.1109/ICONSTEM56934.2023.10142247
https://doi.org/10.5220/0012326100003636
https://doi.org/10.1007/s11128-014-0809-8
https://doi.org/10.1007/s11128-014-0809-8
https://doi.org/10.48550/arXiv.2402.08475
https://doi.org/10.48550/arXiv.2402.08475
https://doi.org/10.1038/s41467-020-14454-2


[36] A. Abbas, D. Sutter, C. Zoufal, A. Lucchi, A. Figalli, and S. Woerner,
“The power of quantum neural networks,” Nature Computational
Science, vol. 1, no. 6, pp. 403–409, 2021. [Online]. Available:
https://doi.org/10.1038/s43588-021-00084-1

[37] “Ieee-cis fraud detection.” [Online]. Available: https://www.kaggle.com/
competitions/ieee-fraud-detection/data

[38] V. Bergholm, J. Izaac, M. Schuld, C. Gogolin, S. Ahmed, V. Ajith,
M. S. Alam, G. Alonso-Linaje, B. AkashNarayanan, A. Asadi et al.,
“Pennylane: Automatic differentiation of hybrid quantum-classical
computations,” arXiv preprint arXiv:1811.04968, 2018. [Online].
Available: https://doi.org/10.48550/arXiv.1811.04968

[39] “Ibm quantum.” [Online]. Available: https://quantum.ibm.com/
[40] E. Fontana, N. Fitzpatrick, D. M. Ramo, R. Duncan, and I. Rungger,

“Evaluating the noise resilience of variational quantum algorithms,”
Physical Review A, vol. 104, no. 2, 2021. [Online]. Available:
https://doi.org/10.1103/PhysRevA.104.022403

https://doi.org/10.1038/s43588-021-00084-1
https://www.kaggle.com/competitions/ieee-fraud-detection/data
https://www.kaggle.com/competitions/ieee-fraud-detection/data
https://doi.org/10.48550/arXiv.1811.04968
https://quantum.ibm.com/
https://doi.org/10.1103/PhysRevA.104.022403

	Introduction
	Background and Related Works
	QFNN-FFD Framework Design
	QNN Circuit Design and QFL Integration
	Optimization and Training Process
	Parameter Aggregation and Model Evaluation

	Results and Discussion
	Experimental Setup
	Accuracy and Loss Analysis
	Quantum Noise Analysis
	Comparison with Existing Works
	Discussion

	Conclusion
	References

