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Abstract. The emergence of quantum computing introduces significant
challenges to traditional cybersecurity mechanisms, requiring innovative
approaches for post-quantum environments. The main purpose of the study
is to design a Quantum-Enhanced Adversarial Defense (QEAD) framework
that integrates Quantum Machine Learning (QML) with Adversarial Deep
Learning (ADL) to detect both classical and quantum-level cyberattacks.
The research utilizes a simulated dataset containing post-quantum attack
vectors and evaluates three models: Classical Deep Learning (DL), Quantum
ML, and the proposed Hybrid QEAD. The experimental results show that
the Hybrid QEAD model achieves the highest detection accuracy (91.44%),
outperforming Classical DL and Quantum ML in energy efficiency, with
statistically significant improvements (ANOVA, p < 0.05). The quantum
properties of superposition and entanglement enhance feature representation
and parallel computation, resulting in faster and more accurate threat
detection. To address current hardware limitations such as circuit depth and
quantum noise, the framework explores practical mitigation strategies
including zero-noise extrapolation (ZNE), probabilistic error cancellation
(PEC), and noise-aware variational circuit training. Despite these
constraints, QEAD demonstrates viable deployment potential in pre-
quantum transition infrastructures. The findings establish QEAD as a
scalable solution for post-quantum cybersecurity, with future applications in
Quantum Blockchain, Federated Quantum Learning, and Quantum IoT
Security.

1 Introduction

The rapid growth of quantum computing represents a revolutionary milestone in
computational science, enabling the solution of multifaceted problems beyond the
capabilities of classical machines [1]. However, this unprecedented computational power
poses a substantial cybersecurity challenge. Existing cryptographic algorithms based on
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integer factorization and elliptic curve cryptography are vulnerable to quantum attacks.
Algorithms such as Shor's and Grover's have the theoretical capability to compromise
classical encryption schemes in polynomial time, posing a direct threat to global digital
infrastructure [2].

The transition toward post-quantum security mechanisms is essential to ensure resilience
against quantum-enabled adversaries. Artificial intelligence and machine learning have
become fundamental to cybersecurity, enabling automation of intrusion detection, anomaly
analysis, and real-time threat prediction. However, classical ML systems remain susceptible
to adversarial attacks, where maliciously crafted inputs mislead Al models into incorrect
classifications or overlooking intrusions [3]. As cyber threats evolve to exploit both Al
vulnerabilities and quantum computational capabilities, there is a critical need to design
defense systems that integrate quantum intelligence with adversarial robustness [4].

1.1 Problem Context

Current cybersecurity architectures relying on classical encryption methods and deep
learning-based intrusion detection systems face fundamental limitations. Although effective
against conventional threats, these systems are not inherently designed to resist quantum-
accelerated attack vectors or quantum noise patterns expected in near-future computational
environments [5]. Existing adversarial defense studies typically improve Al model stability
in isolation, without considering quantum-level vulnerabilities in communication and
encryption layers. As quantum processors compromise classical key exchange by
accelerating decryption, current adversarial learning strategies remain focused on exploiting
Al weaknesses to evade detection.

Despite substantial progress in quantum-safe cryptography and adversarial deep learning,
integration between these domains remains underexplored [21]. Existing research typically
falls into two categories:

e Quantum cryptography research: Focuses primarily on secure key distribution (e.g.,
QKD) without integrating Al-based intrusion detection for resilience.

e Adversarial Al research: Emphasizes data-driven robustness while overlooking
quantum-level computational vulnerabilities.

There is a lack of experimental work bridging Quantum Machine Learning (QML) with
adversarial defense mechanisms to form a sustainable cybersecurity framework. Few studies
benchmark energy efficiency, robustness, and speed trade-offs between classical and
quantum-enhanced models in pre-quantum transition environments simulating partial
quantum computational attack conditions [6].

1.2 Research Objectives

The overarching objective of this study is to develop a Quantum-Enhanced Adversarial
Defense (QEAD) framework by integrating quantum-machine learning techniques with
adversarial deep learning to detect and neutralize post-quantum cyberattacks [22]. The
specific objectives of the research are as follows:
e Design a hybrid machine learning framework integrating Quantum Neural
Networks (QNNs) with adversarially trained deep learning models.
e Implement and simulate quantum-resilient and hybrid attack vectors applicable to
classical Al-based security systems.
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e Experimentally evaluate the proposed framework against conventional deep
learning defenses using computational effi-ciency metrics.

e Apply statistical tests, including ANOVA and t-tests, to validate performance
differences and measure the significance of observed improvements [23].

1.3 Research Significance

This research is significant for proposing a novel hybrid approach that combines two frontier
technologies—Quantum Computing and Adversarial Al—in the domain of cybersecurity. It
contributes to developing sustainable and explainable post-quantum security solutions that
ensure efficiency and transparency in threat detection [24]. The proposed framework
benchmarks the transition from classical to quantum-resilient defense in measurable, data-
driven terms. The findings will offer valuable insights to policymakers and cybersecurity
engineers, supporting the practical implementation of hybrid quantum—AI defense models in
pre-quantum infrastructure deployments.

2 Literature Review

2.1 Overview of Post-Quantum Cybersecurity

Quantum computing introduces extraordinary computational potential but also
unprecedented vulnerabilities in modern cryptographic systems. Classical systems process
information in binary bits (0Os and 1s), whereas quantum computers use quantum bits, or
qubits, which can exist in multiple states simultaneously through superposition and
entanglement [25]. These properties allow quantum systems to perform certain computations
far faster than traditional machines. While this capability promises advancements in
optimization, chemistry, and artificial intelligence, it also presents critical threats to existing
cryptographic standards used in global digital communication and banking systems [7].

Quantum Computing's Threat to RSA Encryption: The Rivest-Shamir-Adleman (RSA)
algorithm is widely used in public-key encryption systems and relies on the computational
difficulty of prime factorization. Classical algorithms require impractically long times to
factorize large numbers. However, Shor's algorithm enables a sufficiently powerful quantum
computer to factorize large integers in polynomial time, nullifying RSA's security assumption
[26]. This exponential speed-up allows a quantum processor to break down a 2048-bit RSA
key, rendering classical encryption useless against quantum adversaries [8]. This realization
has prompted the need to replace RSA encryption with post-quantum cryptographic (PQC)
alternative solutions.

Quantum Computing and the Vulnerability of Elliptic Curve Cryptography (ECC): Similar
to RSA, ECC is used for secure communications in blockchain technologies, secure sockets
layer (SSL), and mobile applications. ECC's security relies on the Elliptic-Curve Discrete-
Logarithm Problem (ECDLP), which is computationally intractable for classical systems.
However, quantum-based algorithms derived from Shor's method can exploit superposition
to test multiple curvature arguments, compromising ECC despite its advantage of shorter key
lengths for equivalent security [9].

Impact on Symmetric Encryption and Key Exchange Protocols: Symmetric encryption
algorithms like the Advanced Encryption Standard (AES) and Triple Data Encryption
Standard (3DES) are not immune to quantum attacks, although they are less vulnerable than
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asymmetric systems. Grover's algorithm provides a quadratic speed-up for searching possible
encryption keys, reducing the effective key strength of symmetric algorithms by half. For
example, a 256-bit AES key offers only 128 bits of effective security against a quantum
threat. While key sizes can be doubled, this increases computational and energy costs,
particularly for embedded IoT devices. Hash-based protocols and key exchange algorithms
also experience quantum-related weaknesses, requiring an incremental algorithmic paradigm
shift in cryptography designed for deployment and defense [4]-[10].

2.2 Adversarial Deep Learning in Cyber Defense

The exponential growth of cyber threats in digital infrastructures has driven the adoption of
artificial intelligence for adaptive security paradigms [11]. Adversarial Deep Learning (ADL)
represents an advanced approach where neural networks are trained on maliciously perturbed
inputs to build resilience against attacks. Adversarial training exposes models to perturbed
data during learning, enhancing their robustness and ability to detect complex intrusions
beyond traditional rule-based systems [12].
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Fig. 1. Deep Learning in Cyber Defense [12].

The framework then transitions into the "Data Denoising with UDDN" phase. This block
uses an Unsupervised Deep Denoising Network (UDDN) to filter and remove adversarial
perturbations from the generated data [27]. The UDDN receives original and adversarial
images as inputs, distinguishes features, and reconstructs a denoised version that is closer to
the authentic data distribution. This process defends against adversarial attacks that use
imperceptible perturbations to deceive machine learning models. The UDDN model's input
robustness improves when confronted with corrupted or manipulated data, producing
meaningful and accurate information. The output of this phase is a denoised image dataset
that provides a cleaner foundation for model training [14].

The final stage is the "Training Method Based on Knowledge Transfer," which introduces a
Teacher-Student architecture using a knowledge distillation approach. The teacher DNN is
first trained on augmented and denoised data obtained from previous stages. The red arrow
between the Teacher and Student DNNs represents knowledge transfer, while the blue dashed
line connecting the Student DNN to "Queries" represents the prediction phase. The student
model performs real-time inference on new or unknown data. The knowledge transfer
mechanism allows the Student DNN to inherit the teacher's capabilities without requiring
extensive retraining on adversarial examples, reducing computational costs and improving
deployment efficiency [28].
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2.3 Quantum Machine Learning (QML) Methods

Quantum Machine Learning (QML) combines quantum computation with classical ML
techniques to exploit quantum phenomena such as superposition, entanglement, and
interference. This fusion allows algorithms to process exponentially larger feature spaces and
achieve higher accuracy and speed in cryptographic and adversarial contexts. Prominent
QML architectures include Quantum Support Vector Machines (QSVMs), Quantum Neural
Networks (QNNs), and Variational Quantum Circuits (VQCs) [15].

QSVMs extend classical SVMs using quantum kernels that map data into high-dimensional
Hilbert spaces, enabling faster training and superior pattern separation. QNNs leverage
quantum gates and entangled qubits to model nonlinear functions with higher expressive
power, supporting adaptive threat detection and post-quantum encryption validation. VQCs,
which integrate parameterized quantum circuits with classical optimization, provide hybrid
flexibility suitable for near-term quantum hardware [29]. Although sensitive to noise and
optimization constraints, these methods form the foundation of hybrid defense systems that
combine quantum classification efficiency with adversarial robustness.

The proposed Quantum-Enhanced Adversarial Defense (QEAD) framework builds on these
QML approaches, integrating QSVMs for anomaly detection, QNNs for adaptive learning,
and VQCs for hybrid optimization. Together, they enable faster detection, enhanced
resilience, and improved energy efficiency compared to classical deep learning models.

3 Methodology

3.1 Conceptual Framework Design

This section aims to present the proposed methodology in which to design a Quantum-
Enhanced Adversarial Defense (QEAD) framework towards safeguarding machine learning
systems from adversarial and quantum-level attacks. The framework is used in classical deep
learning, quantum neural computations, and hybrid optimization loops to detect threats, as
well as in the measurement of energy-efficient computation and adaptive learning systems.

The conceptual structure of QEAD is organized into five layers as shown in Figure 2: (1)
Data Input Layer, (2) Adversarial Attack Simulation Layer, (3) Quantum Processing Layer,
(4) Hybrid Defense Model Layer, and (5) Detection and Validation Layer.

3.2 Data Input and Preprocessing

The data pipeline begins with network or data acquisition, where each record represents an
encoded system event pair as the following equation:

D={(xi, yi)} i=1"xi€R" (1)
Here, xi denotes the normalized feature vector, and yi represents the target label (attack /
normal). Quantum encoding maps these classical features into qubit amplitudes as:

yy=izxi'li) 2
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Fig. 2. Proposed Quantum-Enhanced Adversarial Defense (QEAD) Framework.

3.3 Adversarial Simulation (GNR / GAN-based)

The Gradient-Noise Reproduction (GNR) and Generative Adversarial Network (GAN)
models are used to generate realistic post-quantum threat samples in adversarial data [16].

1) Gradient-Noise Reproduction (GNR):

Xadv=x+Aq,Eq~N(0,02) 3)
2) GAN-based Adversarial Generator:
mgl m&x (D,G)=Ex~pdata[logD(x)]+Ex~px[log(1-D(G(2)))] “4)
3) Classical Attack Variants :
FGSM: xuav = x + €sign(V.J(6, x, y)) )
PGD: x/1 = Is(x: + a sign(VyJ)) (6)

The dual approach (classical + quantum-noise) ensures that defenses are trained on
multimodal threat vectors, enhancing overall robustness [17].

3.4 Hybrid Defense Model Layer

This layer processes both genuine and adversarial samples using three models:
- Classical Deep Learning (DL): Standard CNN/DNN trained via back-propagation.
Ve =fo.(0) @)

- Quantum Machine Learning (QML): Variational Quantum Circuit
(VQC) applying quantum gates U(6,) to encoded inputs.

Y'q=M(U(0)) ®)

- Hybrid QEAD Model: Fuses classical and quantum outputs using a weighted
hybrid loss function.

Lhybrid =alc +ﬁLq (9)
0*=arg rgig Lhybrid (10)

cUq
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3.5 Quantum Processing Layer

The quantum layer encodes classical features using Hadamard (H) and rotational gates (Rx,
Ry, Rz) with entanglement via CNOT operations. For a 3-qubit configuration:

U (09) = (Ry(01) ® Ry®:) ® Ry(63)) - CNOT12 - CNOT2s (11)

The quantum expectation values are computed and forwarded to decision modules for
classification and fusion.

3.6 Decision and Response Module

This final module integrates classical and quantum predictions into a unified detection output.
The fusion mechanism adaptively learns weights for combining both predictions:

y'final = o(wly"c + ©2y"q) (12)

where o represents the sigmoid activation function. The resulting score provides a
probabilistic decision of attack detection.

3.7 Statistical Validation

In which testing is applied for robustness of results is based on statistical analyses are
performed using t-tests and One-Way ANOVA implementations of three defense models
[17]-[19]:

- t-test compares mean accuracies between Classical Deep Learning (DL) and
Quantum Machine Learning (QML). The test statistics are calculated as:

t=(X_1-X 2)"N(s_12n_1+s 2%n 2)

where X 1 and X_2 represent the sample means, s2 and s2 denote the variances, and nl, n2
are the sample sizes for each 1 2 model.

- ANOVA: checks the overall significance of differences among model
performances. The F-statistics are computed as:
SSe/(k—1)
F = @
SSw/(N—k)

In both tests, if the p-value < 0.05, the difference in detection performance is considered
statistically significant.
3.8 Experimental Setup

The experiments were conducted using both classical and quantum simulation environments.
The configuration is summarized below [20]:

Programming Environment: Python 3.10 Libraries: Pandas, NumPy (data preprocessing,
statistics), TensorFlow/Keras (DL + Hybrid models), Qiskit (quantum circuits),
Matplotlib/Seaborn (visualization). Defense Models: Classical DL, Hybrid QEAD (VQC +
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ANN), Quantum ML (VQC-only). Hardware (Classical): Intel Core i7/ AMD Ryzen 7 CPU,
NVIDIA RTX 3060 GPU (6 GB), 16 GB RAM, Windows 11 / Ubuntu 22.04. Hardware
(Quantum): IBM Q Experience Simulator (32 qubits) using Qiskit Runtime Environment.
Training Parameters: Batch Size = 32; Epochs = 50—-100; Optimizer = Adam; Loss = Binary
Cross-Entropy; Learning Rate = 0.001; Activation = Sigmoid (o). Performance Metrics:

Energy consumption (during quantum execution) and inference latency of the hybrid model
[35].

4 Results And Analysis

This section evaluates the performance of the proposed Quantum-Enhanced Adversarial
Defense (QEAD) framework com-pared of comparison of outcomes of classical deep
learning models. The comparison focuses on models’ detection accuracy, quantum
advantage, adversarial robustness, and computational efficiency. Statistical tests such as t-
tests and One-Way ANOVA are used for validation, supported by visualizations.

Table 1. Model performance comparison

Defense Model | Detection Accuracy (%) | Energy Consumption (J) | Response Time (ms)
Classical DL 75.36 83.56 39.84
Hybrid QEAD | 91.44 64.83 24.95
Quantum ML 84.68 55.33 24.79

The experimental results from Table 1, show that the Hybrid QEAD model significantly
outperforms both Classical Deep Learning and Quantum Machine Learning models across
all key metrics. QEAD achieves the highest detection accuracy of 91.44%, which is superior
to identifying adversarial deviations, a 22% reduction in energy consumption, and a 37%
decrease in response time compared to the classical model’s baseline, demonstrating superior
computational efficiency and faster adaptability under threat conditions.

Table 2. Quantum Advantage Analysis

Model Type Accuracy Gain over Classical DL (%)
Quantum ML 12.37%
Hybrid QEAD 21.34%

Quantum Advantage (% Improvement over Classical DL)

10.0 A

Accuracy Gain (%)

7.5

5.0 1

2.5

Quantum ML Hybrid QEAD

Fig. 3. Quantum Advantage Distribution Comparison
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From the Figure 3, the quantum integration within the hybrid model provides measurable
performance advantages. QML exceeds the classical DL baseline by 12.37% due to improved
feature representation in quantum space. In contrast, the Hybrid QEAD model achieves a
21.34% accuracy gain by combining variational quantum circuits with classical adversarial
defense networks, resulting in higher robustness and adaptability to post-quantum threat

environments.
Table 3. Adversarial Robustness Evaluation
Attack Type DL QEAD | QML
Adversarial 69.23 87.13 79.76
Hybrid Attack 71.20 86.10 79.22
No Attack 82.28 97.75 92.21
Quantum Injection 70.73 87.90 78.73
Adversarial Robustness: Accuracy by Attack Type and Defense Model
100 1 Defense_Model
Classical DL
Hybrid QEAD
Quantum ML
80
g 60
$ o
g
20

a p,\\a‘-“ wo ;.,\\ad‘ " “\ec\\o“
o

2\

otV
er e
e wy® a ot

Attack_Type
Fig. 4. Adversarial Robustness Comparison by Attack Type.

The Hybrid QEAD model achieves the highest detection accuracy across all attack scenarios.
Under adversarial and quantum injection conditions, QEAD maintains over 8§7% accuracy,
demonstrating strong adaptability through its dual-layer fusion. QML shows moderate
resilience, improving by approximately 10% over DL, while classical DL remains weakest
against quantum-based perturbations.

The energy-efficiency analysis shows that the Quantum ML model consumes the least energy
(55.33 J) with a fast response time (24.78 ms). The Hybrid QEAD model balances speed and
energy efficiency while maintaining superior accuracy, highlighting the advantages of hybrid
optimization. In contrast, Classical DL exhibits the highest energy usage and latency due to
greater computational overhead.
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Fig. 5. Energy Consumption vs. Computational Efficiency

The One-Way ANOVA results confirm a statistically significant difference among the three
models, with /7 =745.619 and p < 0.05. This validates that the improvements in detection
accuracy, energy efficiency, and robustness achieved by QEAD are not due to random
variations but stem from its hybrid quantum—classical architecture.

Table 4. Statistical validation using one-way ANOVA

Metric F-Statistic | p-Value | Significance

Model Performance Comparison | 745.619 0.00000 | Statistically Significant (p < 0.05)

5 Discussion And Conclusion

5.1 Interpretation of Findings

The results of the study explore key findings produced by the Hybrid Quantum-Enhanced
Adversarial Defense (QEAD) framework that significantly outperform models like Classical
Deep Learning (DL) and standalone Quantum Machine Learning (QML) models [22]. The
improvement stems from the unique quantum properties of superposition and entanglement,
which are being used to parallel feature mapping and correlation learning across multiple
types of input states. In which the superposition of the model represents numerous possible
ways towards detecting threat configurations in a single quantum state for detection coverage.
The basis of entanglement facilitates interdependent attack patterns across data dimensions
of the implemented model’s sensitivity to adversarial perturbations. The Hybrid QEAD
model benefits from classical ANN-based gradient-based learning with quantum variational
circuits of interpretability and non-linear scalability [30]. The table of combinations results
in enhanced detection accuracy, reduced energy consumption, and greater robustness, in
which adaptive and quantum-generated attacks are validated with the help of testing for the
success of the proposed framework of cybersecurity.

5.2 Practical Implications

The practical implications for organizations are to prepare for pre-quantum transition
infrastructures based on systems to coexist with both classical and quantum computational
processes. In addition, an advanced level of deploying QEAD in such environments will be

10
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helpful in a sustainable defense mechanism that is low in adapting to evolving threat
landscapes. The system of integration into real-world systems poses a lack of challenges
towards the need for specialized quantum-—classical interfaces, which are associated with
higher computational synchronization costs, and continuous retraining to accommodate
quantum noise variations. The system model uses a hybrid approach, provides a scalable
cybersecurity model for use in cloud data centers and in blockchain nodes, and Al-driven
solutions for intrusion detection systems, in both speed and resilience are essential.

5.3 Limitations and Constraints

The QEAD framework, despite achieving strong performance, is constrained by several
limitations that affect its current deployability.

The foremost issue is limited access to practical quantum hardware. In this study, quantum
simulations were conducted using cloud-based emulators such as the IBM Q Experience.
While useful for prototyping, these simulators cannot fully replicate hardware noise,
decoherence effects, and qubit connectivity constraints inherent in physical quantum
processors [31].

To mitigate quantum noise instability during real-world training iterations, future
implementations could incorporate several established error mitigation techniques. Zero-
noise extrapolation (ZNE) allows the model to estimate noise-free expectations by running
circuits at varied noise levels and extrapolating back to the zero-noise limit [32]. Probabilistic
error cancellation (PEC) effectively inverts known noise channels through quasi-probability
sampling. Additionally, dynamical decoupling sequences can suppress qubit decoherence
during idle periods, and noise-aware variational circuit training adapts circuit parameters to
be robust against specific hardware noise profiles. These strategies help bridge the
performance gap between quantum simulators and actual quantum hardware [33].

Additionally, quantum circuit depth and qubit count limitations restrict the scalability of
quantum layers for large datasets. Current noisy intermediate-scale quantum (NISQ) devices
support only limited qubit coherence times, which constrains the complexity of variational
circuits that can be executed before decoherence corrupts the computation [34].

The presence of quantum noise also produces instability in variational parameter
optimization, affecting consistency across multiple training iterations. Hybrid integration
increases computational complexity, as it requires powerful GPUs and quantum back-ends,
which may not be suitable for real-time deployment in resource-constrained environments
[35].

These targeted constraints require continued advances in quantum error correction, hardware
optimization, and hybrid scheduling algorithms before fully operational post-quantum
defense systems can be realized for widespread cybersecurity protection.

5.4 Future Work

Future work will extend QEAD into multi-layered post-quantum ecosystems integrating
complementary technologies such as Quantum Blockchain, Federated Quantum Learning
(FQL), and Quantum IoT Security. Quantum Blockchain can generate verifiable defense logs
to enhance transparency and trust. Federated Quantum Learning will allow distributed
quantum nodes to collaboratively train defense models without centralizing sensitive data,

11
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improving privacy and scalability. Applying QEAD principles to Quantum IoT networks
could secure interconnected sensors and edge devices, advancing toward self-learning,
decentralized, and quantum-secure cybersecurity architectures.

6 Conclusion

This study successfully developed and validated a Quantum-Enhanced Adversarial Defense
(QEAD) framework that bridges the gap between classical adversarial learning and quantum
computation energy in cyber systems. The hybrid architecture gives superior accuracy
(91.44%)), efficiency, and resilience amongst those in adversarial and quantum-based attacks,
being able to outperform conventional models with statistically significant results (p < 0.05).
The findings are to be shown clearly to produce quantum principles such as superposition
and entanglement, which give improved detection capability and system reliability in post-
quantum cybersecurity. Current quantum hardware imposes practical limitations on the
practical deployment of the QEAD framework in forward-looking models for sustainable,
interpretable, and energy-efficient defense models in forthcoming quantum system models.
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