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Abstract 

With the rapid advancement of artificial intelligence (AI) and quantum computing, cybersecurity 

threats have evolved, giving rise to adversarial quantum attacks. These attacks exploit the 

vulnerabilities of AI models using quantum algorithms, posing a significant risk to data security, 

model robustness, and decision-making systems. This paper presents a comprehensive review of 

adversarial quantum attacks on AI, analyzing their mechanisms, potential impacts, and 

countermeasures. It explores how quantum computing can enhance adversarial attacks by 

accelerating the generation of adversarial examples, breaking cryptographic protections, and 

undermining AI model integrity. Additionally, the study examines different attack vectors, 

including quantum-enhanced adversarial perturbations, quantum machine learning (QML) 

vulnerabilities, and quantum decryption threats. The paper also discusses defensive strategies such 

as quantum-resistant AI models, quantum cryptographic defenses, and hybrid quantum-classical 

security frameworks that can mitigate these risks. By evaluating existing research and emerging 

trends, this review provides insights into the growing intersection of AI security and quantum 

computing. The findings emphasize the urgent need for robust quantum-aware AI security 

frameworks to safeguard AI-driven systems in the quantum era. Future research directions include 

developing quantum-adaptive AI models, post-quantum cryptographic techniques, and real-world 

applications of quantum-safe AI architectures. This review aims to contribute to the ongoing 

discourse on ensuring AI resilience against adversarial quantum threats, paving the way for a 

secure and quantum-resistant future. 

 

Keywords: Cryptographic, vulnerabilities, quantum machine learning, architectures, artificial 

intelligence. 
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INTRODUCTION 

Quantum Computing: 

Quantum computing is a cutting-edge field of technology that leverages the principles of quantum 

mechanics, the branch of physics that deals with the behavior of particles at the atomic and 

subatomic levels. Unlike classical computing, which uses binary bits (0 or 1) to represent data, 

quantum computing uses quantum bits or qubits, which can represent both 0 and 1 simultaneously 

through a phenomenon known as superposition. 

 

Key Concepts in Quantum Computing 

Qubits: The fundamental unit of information in a quantum computer. Unlike classical bits, qubits 

can exist in multiple states at once. 

Superposition: A qubit can exist in a combination of states, enabling parallel computations. 

Entanglement: A strong correlation between qubits, where the state of one qubit is directly related 

to the state of another, regardless of distance. 

Quantum Interference: Utilizes wave-like properties to enhance correct solutions while 

canceling out errors. 

How Quantum Computing Works: Quantum computers perform computations by manipulating 

qubits using quantum gates, which alter their quantum states. Algorithms designed for quantum 

systems exploit superposition, entanglement, and interference to solve problems more efficiently 

than classical computers in certain domains. 

1. Artificial Intelligence: Artificial Intelligence (AI) refers to the simulation of human 

intelligence in machines programmed to think, learn, and make decisions. These machines are 

designed to perform tasks that typically require human intelligence, such as problem-solving, 

reasoning, understanding natural language, and visual perception.  

2. Adversarial quantum attacks on AI refer to the use of quantum computing principles or 

quantum-enhanced techniques to exploit vulnerabilities in AI systems. These attacks are designed 

to deceive AI models (like machine learning classifiers or neural networks) by introducing subtle 

perturbations or exploiting computational weaknesses that are amplified by the power of quantum 

algorithms. 
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RESEARCH QUESTION 

How can quantum computing techniques be leveraged to design and execute adversarial attacks 

on artificial intelligence systems, and what strategies can be developed to detect and mitigate these 

quantum-enhanced threats effectively?  

 

TARGETED AUDIENANCE 

1. Academics and Researchers: 

- Quantum Computing Researchers: Interested in the intersection of quantum algorithms and 

security. 

- AI and Machine Learning Experts: Focused on adversarial attacks and AI robustness. 

- Cybersecurity Researchers: Investigating emerging threats in quantum and AI domains. 

2. Industry Professionals: 

- AI Developers and Engineers: Working on deploying robust AI systems in real-world 

applications. 

- Cybersecurity Practitioners: Focused on protecting AI systems from quantum-enhanced attacks. 

- Quantum Computing Specialists: Exploring practical applications and risks of quantum 

technologies. 

3. Policymakers and Regulators 

- Technology Policymakers: Interested in developing frameworks to address quantum-AI threats. 

- Ethics Committees: Exploring the societal implications of adversarial attacks on AI. 

4. Business Leaders and Decision-Makers 

- Tech Companies: Innovators in AI or quantum computing interested in risk mitigation. 

- Financial Institutions: Concerned about the security of AI-driven financial systems. 

- Healthcare Organizations: Using AI for critical tasks like diagnosis and drug discovery. 

5. Educators and Students 

- Graduate and Ph.D. Students: Studying topics in AI, quantum computing, or cybersecurity. 

- Educators in Computer Science and Physics: Teaching about cutting-edge topics in emerging 

technologies. 

6. General Tech Enthusiasts and Futurists 
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Individuals or groups curious about the implications of combining quantum computing with AI 

and its security challenges. 

OBJECTIVES OF THE STUDY 

❖ To explain in details various types of Quantum Adversarial Attacks with key concepts, 

Mechanisms, Real-Time Examples, challenges and remedies. 

❖ To explore the role of quantum-specific vulnerabilities on AI and remedies and mitigation 

to address these vulnerabilities 

❖ Suggest countermeasures against adversarial quantum attacks and vulnerabilities.  

I. RESEARCH METHODOLOGY AND DATA COLLECTION METHOD 

Conceptual Research Methodology and secondary data are used for this study 

 

REVIEW OF LITERATURE 

No. Author’s 

Name 

Year    Focus of 

Study 

Algorithms/Tools 

used 

Key Findings   Research Gap 

1 Lu and 

Zhang  

2020 Susceptibility 

of quantum 

classifiers to 

adversarial 

attacks. 

Quantum Support 

Vector Machines 

(QSVMs) 

Quantum 

classifiers are 

vulnerable to 

adversarial 

examples, 

much like 

classical 

systems. 

Limited 

exploration of 

quantum-

specific defense 

strategies.  
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2 Chen et 

al.  

2022 Experimental 

validation of 

adversarial 

attacks on 

quantum 

systems. 

Superconducting 

qubits, Quantum 

Neural Networks 

(QNNs)  

Adversarial 

training 

improves 

robustness; 

experimental 

results 

confirm 

susceptibility 

to minor 

perturbations.  

Scalability of 

defense 

mechanisms to 

larger datasets 

and systems 

remains 

untested.  

3 Singh et 

al.  

2023 Leveraging 

inherent 

quantum 

properties as a 

defense 

mechanism. 

Quantum chaotic 

systems, 

Perturbation 

analysis  

Quantum 

chaotic 

behavior 

enhances 

resilience to 

universal 

adversarial 

attacks. 

Insufficient 

real-world 

validation of 

quantum chaos-

based defense 

strategies.  

4 Taylor 

and Wu  

2024 Evaluating the 

impact of 

quantum 

noise-assisted 

defenses  

Quantum noise 

injection, 

Adversarial 

training 

integration  

Controlled 

quantum 

noise reduces 

the effects of 

adversarial 

attacks.  

Further research 

needed for 

practical 

implementation 

on near-term 

quantum 

devices.  

 

Common Research Gaps Identified: 

- Scalability of Defenses: Many studies focus on small-scale systems, leaving the 

effectiveness of proposed defenses for larger and more complex quantum models untested. 
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- Real-World Validation: Experimental validation of defense mechanisms under realistic, 

practical conditions is often lacking. 

- Integration Challenges: Combining multiple defense strategies, such as quantum noise 

and adversarial training, requires further exploration to determine their compatibility and 

effectiveness. 

- Focus on Near-Term Devices: Most proposed solutions do not address the limitations of 

current noisy intermediate-scale quantum (NISQ) devices. 

- Generalizability Across Domains: The applicability of quantum-specific defense 

strategies across diverse AI applications has not been thoroughly investigated. 

 

VARIOUS TYPES OF ADVERSARIAL QUANTUM ATTACKS ON AI 

1. QUANTUM-SUPPORTED SIDE-CHANNEL ATTACKS (QS-SCA) 

Quantum-supported side-channel attacks are a class of attacks where quantum computing or 

quantum-enhanced techniques are used to exploit side-channel information leaked by 

cryptographic implementations, such as timing information, power consumption, electromagnetic 

emissions, or even acoustic signals. These attacks leverage the computational power of quantum 

algorithms to analyze and interpret the leaked side-channel data more efficiently or effectively 

than classical methods.  

Key Concepts  

Side-Channel Attacks: 

Side-channel attacks exploit implementation flaws rather than theoretical weaknesses in 

cryptographic algorithms. Examples include: 

Timing Attacks: Exploiting variations in execution time. 

Power Analysis: Using power consumption patterns (e.g., Differential Power Analysis, or DPA). 

Electromagnetic Attacks: Analyzing emitted electromagnetic signals. 

Acoustic Attacks: Leveraging sound patterns, such as keyboard noise or vibrations. 

Quantum-Supported Enhancement: 

• Faster data processing and analysis using quantum algorithms like Grover's search and 

Shor's algorithm. 

• Better pattern recognition through quantum machine learning. 



  

Edumania-An International Multidisciplinary Journal    
 

@2025 International Council for Education Research and Training 2025, Vol. 03, Issue 02, 3-32 
ISSN: 2960-0006  DOI: https: https://doi.org/10.59231/edumania/9114 

Ganapathy, V.  9 

• More efficient simulations and correlations of leaked data. 

Examples of Quantum-Supported Side-Channel Attacks 

❖ Timing Analysis with Quantum Grover’s Search: 

A quantum-enhanced timing attack could use Grover's algorithm to speed up the search for a 

key by reducing the classical O(2n) brute-force complexity to O(2n/2). Leaked timing 

information narrows the search space, and Grover's algorithm efficiently identifies the correct key. 

Leaked timing information narrows the search space, and Grover's algorithm efficiently identifies 

the correct key. 

❖ Quantum Machine Learning for Pattern Recognition: 

Quantum machine learning models can analyze large datasets of power or electromagnetic traces 

more efficiently than classical machine learning models. For instance, a quantum-support vector 

machine (QSVM) could classify patterns in power traces faster, enabling quicker extraction of 

cryptographic keys. 

❖ Quantum Fourier Transform for Signal Analysis: 

Quantum Fourier Transform (QFT) can decompose electromagnetic signals or acoustic vibrations 

more precisely, isolating critical information hidden in noisy side-channel data.  

 

Mechanisms of Quantum-Supported SCAs  

- Data Acquisition: Collect side-channel data (e.g., power traces, timing variations) from a 

target device during cryptographic operations.   

- Preprocessing: Clean and preprocess the collected data to filter noise and focus on relevant 

patterns.   

- Quantum Processing: 

Use quantum algorithms for:  

• Searching (e.g., Grover’s algorithm). 

• Decrypting or factoring (e.g., Shor’s algorithm for RSA-based systems). 

• Pattern recognition (e.g., quantum neural networks). 

Key Recovery or Exploitation: Analyze the results to extract the cryptographic key or infer 

sensitive information about the system. 
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Challenges in Quantum-Supported SCAs 

- Access to Quantum Resources: Quantum computers with enough qubits and low error 

rates are still in early development, limiting practical use. 

- Noise in Side-Channel Data: Side-channel data often contains a lot of noise, making 

accurate analysis challenging, even with quantum tools.  

- Device-Specific Variability: 

Variations in device behavior can complicate the design of universally effective quantum-

supported side-channel attacks. 

- Scalability of Quantum Algorithms: Many quantum algorithms are difficult to scale to 

real-world problems due to qubit limitations and decoherence. 

- Ethical and Legal Concerns: The use of quantum tools for side-channel attacks raises 

questions about cybersecurity ethics and legality.  

Remedies Against Quantum-Supported SCAs 

Algorithmic Defenses:  

- Use post-quantum cryptography (PQC) algorithms resistant to quantum attacks, such as 

lattice-based or code-based cryptography. 

- Employ constant-time algorithms to eliminate timing side-channels. 

Physical Protections:  

- Shield devices against electromagnetic emissions. 

- Add noise to power consumption patterns to obfuscate side-channel signals. 

Secure Architectures: 

- Implement hardware countermeasures like current flattening or randomization of 

operations. 

- Use secure enclaves or hardware security modules (HSMs). 

Quantum-Resistant Designs:  

- Develop cryptographic hardware that incorporates randomness and obfuscation strategies 

resistant to quantum-enhanced analysis. 

Continuous Monitoring: 

- Regularly audit and test cryptographic implementations for side-channel vulnerabilities. 

- Stay updated with advancements in quantum technology to anticipate emerging threats. 
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The chart compares the effectiveness of different types of side-channel attacks in classical and 

quantum-supported contexts: 

Timing Analysis: Quantum enhancements significantly improve the analysis of timing variations, 

increasing effectiveness by leveraging algorithms like Grover's for faster search through possible 

key spaces. 

Power Analysis: Quantum techniques amplify the ability to detect patterns in power traces, 

making attacks like Differential Power Analysis (DPA) more precise and efficient. 

Electromagnetic Analysis: Using quantum Fourier transforms and quantum-assisted signal 

processing, attackers can extract meaningful information from noisy electromagnetic emissions 

with greater accuracy. 

Acoustic Analysis: Quantum machine learning models enable better recognition of subtle acoustic 

variations, increasing effectiveness in attacks that exploit sound emissions.  
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 QUANTUM-ENABLED EVASION ATTACKS: 

Quantum-enabled evasion attacks are a form of adversarial machine learning where quantum 

computing is used to generate or amplify adversarial inputs. These inputs are crafted to deceive 

machine learning (ML) models into misclassifying or misinterpreting data, thereby evading 

detection or causing erroneous predictions.   

These attacks leverage the computational power of quantum algorithms to optimize and craft 

adversarial perturbations efficiently and effectively, potentially outperforming classical 

techniques. 

 

Key Concepts 

Evasion Attacks in Machine Learning: 

Evasion attacks focus on manipulating inputs to fool ML models during inference. The attacker 

perturbs the input slightly so that: 

• The modification is imperceptible to humans. 

• The model makes a wrong prediction or classification. 

Quantum-Enabled Evasion: 

Quantum computing enhances evasion attacks by: 

• Accelerating the generation of adversarial examples. 

• Increasing the precision of perturbation calculations. 

• Exploiting quantum-based optimization algorithms for adversarial input crafting. 

Mechanisms of Quantum-Enabled Evasion Attacks 

Quantum-Assisted Adversarial Example Generation: 

• Use quantum optimization algorithms, such as the Quantum Approximate Optimization 

Algorithm (QAOA), to find the optimal perturbation that fools the target ML model. 

• Leverage quantum gradient descent to identify the minimal perturbation required to alter 

the model’s output. 

Quantum-Enhanced Search for Vulnerabilities: 

⚫ Use Grover’s search algorithm to efficiently explore the model’s input space and identify 

points of vulnerability. 
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• This approach reduces the complexity of identifying weak spots in the ML model. 

Adversarial Inputs via Quantum Machine Learning: 

• Quantum machine learning models can generate adversarial inputs that classical models 

might struggle to identify or resist. 

• Quantum Variational Circuits (QVCs) can simulate complex perturbations that are 

challenging for classical defenses to anticipate. 

Subverting Quantum-Resistant Models: 

• Quantum computing can also help identify vulnerabilities in ML models designed with 

classical defenses against adversarial attacks, undermining the model’s robustness. 

 

Examples of Quantum-Enabled Evasion Attacks 

➢ Adversarial Image Classification: 

A quantum algorithm crafts adversarial perturbations to an image, such as imperceptible noise 

added to a photo of a cat, causing an ML model to classify it as a dog. Quantum optimization 

reduces the time required to generate such perturbations compared to classical methods. 

➢ Quantum-Facilitated Malware Evasion: 

Attackers use quantum algorithms to create malware variants that evade detection by ML-based 

antivirus systems. The adversarial perturbations in the malware’s code make it look benign to the 

model while retaining its malicious functionality. 

➢ Natural Language Processing (NLP) Attacks: 

Quantum computing is used to modify text inputs, such as changing specific words or phrases, to 

trick sentiment analysis or spam detection systems. For instance, a spam email could be subtly 

altered to evade detection while preserving its content and intent. 

Challenges in Quantum-Enabled Evasion Attacks 

▪ Access to Quantum Hardware: 

High-performance quantum computers are still not widely available. Most current quantum 

systems are noisy and have limited qubits, constraining practical attack implementation. 

▪ Noise and Decoherence: 

Quantum algorithms are sensitive to noise and errors. Crafting precise adversarial inputs may 

require error-corrected quantum computers, which are not yet mainstream. 
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▪ Complexity of ML Models: 

Modern ML models, such as deep neural networks, have high-dimensional input spaces, making 

it challenging to identify optimal perturbations even with quantum algorithms. 

▪ Defense Advancements: 

The development of robust ML models and quantum-resilient defenses could mitigate the 

effectiveness of quantum-enabled attacks. 

▪ Ethical and Legal Constraints: 

Quantum-enabled evasion attacks raise significant ethical and legal concerns. Misuse could lead 

to severe consequences in areas like healthcare, finance, and autonomous systems. 

 

Remedies Against Quantum-Enabled Evasion Attacks 

Adversarial Training:  

• Train ML models with adversarial examples, including quantum-generated ones, to 

improve robustness. 

• Incorporate diverse perturbation techniques to prepare the model for a wide range of 

adversarial scenarios. 

Quantum-Aware Defenses: 

• Develop defenses specifically designed to counteract quantum-crafted perturbations, such 

as: 

• Quantum secure kernels for kernel-based learning methods. 

• Quantum-resistant architectures for neural networks. 

Robust Model Architectures: 

• Use defensive distillation techniques to reduce the model’s sensitivity to small 

perturbations. 

• Apply regularization methods to minimize vulnerability to adversarial inputs. 

Dynamic and Ensemble Methods: 

• Employ ensemble learning to aggregate predictions from multiple models, reducing the 

likelihood of consistent misclassification. 

• Use dynamic defenses that adapt to changing adversarial techniques. 
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Quantum-Resistant Cryptographic Protocols: 

• Secure the training and inference phases of ML systems using quantum-resistant 

cryptographic protocols to prevent tampering or exploitation. 

Post-Quantum Defenses: 

• Incorporate quantum machine learning models that are robust against adversarial 

perturbations. 

 

• Use quantum simulators to test and enhance classical defenses.  

 

 

The visualizations depict the differences between classical and quantum-enabled evasion attacks: 

Effort Comparison (Left Chart): 

Classical Effort: Increases significantly as the complexity of the target (e.g., ML model size or 

robustness) grows. 

Quantum Effort: Increases at a slower rate due to the computational efficiency of quantum 

algorithms, making evasion attacks on complex systems more feasible. 

Steps in Evasion Attack Mechanism (Right Chart): 

The steps in classical attacks (blue) often require more effort in perturbation crafting and model 

querying compared to quantum-enabled attacks (red). 
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Quantum techniques reduce the effort at each stage, particularly in generating optimal 

perturbations and querying the model effectively. 

These charts highlight the efficiency gains offered by quantum computing in enabling evasion 

attacks.  

 

QUANTUM-POWERED POSIONING ATTACKS 

Quantum-powered poisoning attacks are a theoretical extension of traditional data poisoning 

attacks, where quantum algorithms or quantum computing resources enhance the efficiency, 

stealth, or impact of the attack. Poisoning attacks involve injecting manipulated or malicious data 

into a system, such as machine learning models, to degrade their performance or cause 

misclassification. In a quantum-powered context, these attacks leverage the capabilities of 

quantum computing to amplify their efficacy and bypass traditional defenses. 

Key Concepts 

▪ Quantum Computing Basics: 

Superposition: Quantum bits (qubits) can represent multiple states simultaneously, allowing 

parallel computation. 

Entanglement: Correlation between qubits enables faster and more complex data manipulation. 

Quantum Speedup: Certain algorithms (e.g., Grover's and Shor's) outperform classical 

counterparts, making them ideal for computationally hard problems. 

▪ Data Poisoning in Machine Learning: 

Malicious actors introduce corrupted data into the training set to compromise the model’s accuracy 

or reliability. 

Two main types: 

Targeted Poisoning: Designed to degrade performance on specific inputs. 

Indiscriminate Poisoning: Degrades the overall model performance. 

▪ Quantum-Specific Capabilities: 

Quantum algorithms can generate adversarial data faster or more effectively by exploring the 

solution space in ways classical methods cannot. 

Enhanced stealth via quantum cryptographic methods to conceal the malicious payload. 
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Mechanisms 

Quantum-Assisted Adversarial Data Generation: 

Quantum algorithms, such as Grover's search, can efficiently identify vulnerabilities in a machine 

learning model by searching for sensitive data points or parameters. 

Quantum GANs (Generative Adversarial Networks) can create highly realistic poisoned data. 

▪ Quantum Computing in Optimization: 

- Poisoning attacks often rely on solving optimization problems to maximize their impact.  

- Quantum optimization (e.g., Quantum Approximate Optimization Algorithm, QAOA) 

accelerates this process, enabling more potent attacks. 

▪ Bypassing Detection: 

- Quantum cryptographic techniques can obfuscate the injected data, making it harder for 

traditional defenses to detect anomalies. 

▪ Quantum-Enhanced Reverse Engineering: 

- Adversaries can use quantum computing to reverse engineer models more efficiently, 

identifying vulnerabilities and crafting targeted poisoning strategies. 

Examples 

- Model Misclassification: 

Quantum-powered poisoning introduces adversarial samples into an image classification model, 

causing it to misclassify specific images (e.g., mislabelling a "cat" as "dog"). 

- Cybersecurity Attacks: 

Poisoning intrusion detection systems (IDS) with manipulated data to bypass detection 

mechanisms. For instance, introducing adversarial network traffic patterns that are misclassified 

as benign. 

- Financial Systems: 

Manipulating a stock prediction model by injecting biased market data, leading to incorrect 

predictions and potential market manipulation. 

Challenges 

▪ Resource Requirements: 

- Quantum computers with sufficient qubits and error correction capabilities are still in the 

developmental phase, limiting the feasibility of large-scale attacks. 
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▪ Quantum Noise and Decoherence: 

- Quantum systems are prone to errors due to noise, which can reduce the precision of the 

generated poisoned data. 

▪ Defensive Advancements: 

- Development of quantum-resistant machine learning models and improved anomaly 

detection systems. 

▪ Ethical and Legal Barriers: 

- Quantum-powered attacks, if conducted, are highly illegal and subject to severe penalties 

under cybersecurity laws. 

 

Remedies 

❖ Quantum-Resistant Defenses: 

- Develop machine learning models that are robust against both classical and quantum-

powered attacks using quantum adversarial training. 

❖ Enhanced Data Validation: 

- Employ advanced data auditing techniques to detect anomalies in the training dataset. 

 

❖ Hybrid Defense Mechanisms: 

- Combine quantum and classical algorithms for real-time anomaly detection to counter 

quantum-powered poisoning attacks. 

❖ Secure Data Provenance:  
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- Implement cryptographic methods (classical and quantum) to verify the integrity and 

authenticity of data. 

❖ Continuous Monitoring:  

- Monitor models post-deployment for unexpected behavior, using explainable AI to 

understand the cause of errors.  

 

QUANTUM EAVESDROPPING ATTACKS: 

Quantum eavesdropping refers to the interception of quantum communication, particularly in 

scenarios where secure keys are distributed using quantum states. The fundamental principle of 

quantum mechanics states that measuring a quantum system inevitably alters it. This means that if 

an eavesdropper (commonly referred to as "Eve") attempts to measure the quantum states being 

transmitted between two parties (commonly referred to as "Alice" and "Bob"), it will 

introduce detectable anomalies. 

 

Key Concepts  

o Quantum Key Distribution (QKD): This is the process of securely distributing 

encryption keys using quantum mechanics. An example protocol is BB84, proposed by Charles 

Bennett and Gilles Brassard in 1984. 

o Quantum States: Information in quantum systems is often represented in quantum bits or 

qubits, which can exist in superposition and entanglement states. 

o Heisenberg Uncertainty Principle: This principle states that certain properties of a 

quantum system, such as position and momentum, cannot be simultaneously known to arbitrary 

precision. It implies that any measurement will disturb the system. 

o No-Cloning Theorem: This theorem posits that it is impossible to create an identical copy 

of an arbitrary unknown quantum state. This is crucial for ensuring that eavesdropping cannot 

duplicate the quantum information without detection. 

Mechanisms 

The mechanisms behind quantum eavesdropping typically involve the use of quantum 

measurement and information theory.  
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❖ QKD Protocol Steps: 

Initialization: Alice sends qubits to Bob encoded with information using a chosen basis. 

Measurement: Bob measures the received qubits using random bases. 

Parameter Sharing: After transmission, Alice and Bob communicate over a classical channel to 

compare their bases and keep only the measurements where their bases matched. 

❖ Eavesdropping Detection: During the process, if Eve intercepts the qubits, her 

measurements will disturb the sent states, leading to discrepancies that Alice and Bob can detect. 

Types of Eavesdropping: 

• Intercept-Relay Attack: Eve intercepts the qubits, measures them to obtain information, 

and sends her altered version to Bob. 

• Direct Measurement: Eve measures the qubits directly, causing disturbances in the 

quantum states that can be detected. 

 

Real-World Examples 

▪ BB84 Protocol: The first and one of the most widely cited examples of QKD. 

Experimental demonstrations have been conducted over Fiber optics and free-space 

communication, successfully illustrating how quantum eavesdropping can be detected through 

discrepancies. 

▪ Commercial Implementations: Companies like ID Quantique have commercialized 

quantum-safe solutions leveraging QKD to protect sensitive data in banking and governmental 

communication sectors. 

▪ Quantum Secure Network: Researchers have developed prototype networks 

incorporating QKD, showing practical deployment in scenarios like between multiple buildings in 

a spatial network. 

Challenges: 

- Technological Limitations: Quantum technologies are still developing and face 

challenges like transmission losses and environmental interference. 

- Distance Limitations: Current QKD systems are limited in range. The longer the distance, 

the more difficult it is to maintain quantum coherence and reduce losses. 
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- Cost and Complexity: The setup for quantum communication can be expensive and 

complicated, limiting widespread adoption. 

- Advanced Eavesdropping Techniques: As quantum technology evolves, so do methods 

to circumvent existing QKD defenses.   
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Experimental results of the eavesdropping attack (a) showing the probability for detecting 

blinding pulse photons in zero, one, two, three or four detectors depending on the effective mean 

photon number per blinding pulse. (b) shows the quantum bit error ration (QBER) of Alice's and 

Bob's key and the information about this key gained by Eve. By using different combinations of 

neutral density filters, the mean photon number per blinding pulse was changed, while keeping the 

signal pulse intensity constant. With increasing number of photons per blinding pulse the 

probability that three detectors are blinded increases rapidly resulting in an information of > 0.9 

bit for about 17 photons, while the QBER does not increase and leaves Alice and Bob ignorant 

about the attack.  

Remedies 

❖ Quantum Repeaters: These are devices that can extend the range of quantum 

communication by enabling the transmission of quantum states over longer distances without 

degradation. 

❖ Entangled QKD: Leveraging entangled states can enhance security and efficiency in 

transmission. 

❖ Hybrid Protocols: Integrating classical and quantum systems to maximize the advantages 

of both, especially in environments where pure quantum infrastructure is challenging to 

implement. 

❖ Regular Security Audits: Continuous evaluation and improvement of quantum 

communication systems are crucial to stay ahead of potential eavesdropping techniques. 

 

QUANTUM NOICE EXPLOITATION ATTACKS 

Quantum noise exploitation attacks refer to adversarial strategies that deliberately take advantage 

of the inherent noise present in quantum systems to compromise their functionality, reliability, or 

security. Noise is a natural characteristic of quantum systems, arising from environmental 

interference, decoherence, and imperfections in quantum operations. While noise is usually 

considered a drawback to be mitigated, attackers can exploit it to achieve malicious goals. 

Such attacks can disrupt quantum communication protocols, quantum cryptographic schemes, or 

even quantum computations, undermining the integrity and security of quantum systems. This 
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emerging threat highlights the dual nature of quantum noise: as both an obstacle for legitimate 

operations and a potential tool for attackers. 

Key Concepts: 

• Quantum Noise: 

- Noise in quantum systems refers to unintended disturbances that alter the quantum state. 

- Common types of noise include depolarizing noise, dephasing noise, and amplitude 

damping. 

- Quantum Vulnerabilities:  Quantum protocols rely on properties like superposition, 

entanglement, and measurement collapse. Noise can interfere with these properties, creating 

vulnerabilities. 

 

• Adversarial Exploitation: Attackers can intentionally introduce noise or manipulate 

existing noise sources to degrade quantum systems' performance or extract sensitive information. 

• Quantum Error Correction (QEC): QEC is a mechanism designed to detect and correct 

quantum errors. However, sophisticated noise exploitation attacks can bypass or overwhelm these 

protections. 

• Noisy Intermediate-Scale Quantum (NISQ) Devices: Current quantum devices operate 

in the noisy regime, making them particularly susceptible to noise exploitation attacks due to 

limited error correction capabilities. 

Mechanism of Quantum Noise Exploitation Attacks 

o Noise Injection: An attacker introduces artificial noise into the quantum system. This can 

be achieved by interfering with quantum channels or manipulating hardware components. 

o Eavesdropping (Quantum Cryptography): By leveraging noise, attackers can mask their 

activities, making it difficult for protocols like BB84 (quantum key distribution) to detect 

intrusions. 

o Noise Amplification: Existing environmental noise can be amplified deliberately to cause 

computational errors or disrupt quantum communication.  

o Exploiting Error Correction: Attackers can manipulate noise patterns to exploit 

weaknesses in quantum error correction codes, leading to undetected errors or data corruption.  
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o Side-Channel Attacks: Quantum noise can leak information about quantum states or 

operations, which attackers can exploit to infer sensitive data. 

Real-World Examples 

▪ Attacks on Quantum Key Distribution (QKD): In QKD protocols like BB84, noise 

exploitation can reduce the signal-to-noise ratio, forcing a higher error rate. This may compel 

legitimate parties to discard keys, leading to a denial-of-service attack.  

▪ Manipulating Quantum Sensors: Quantum sensors are highly sensitive devices. By 

injecting noise, attackers can corrupt the measurements or cause false readings in applications like 

navigation or medical imaging. 

▪ Disrupting Quantum Computation: Attackers can exploit noise to induce errors in 

quantum gates or disrupt the execution of quantum algorithms, potentially sabotaging 

computations.  

▪ Tampering with Quantum Communication: In quantum communication networks, 

attackers can exploit noise to obscure their activities or prevent the reliable transmission of 

quantum states. 

Challenges in Addressing Quantum Noise Exploitation Attacks 

❖ Intrinsic Nature of Noise: Noise is a fundamental part of quantum systems, making it 

challenging to eliminate or distinguish between natural and malicious noise.  

❖ Limited Error Correction: Current quantum systems have limited error correction 

capabilities, leaving them vulnerable to sophisticated noise-based attacks.  

❖ Detection Complexity: Identifying malicious noise requires advanced monitoring and 

differentiation from environmental noise.  

❖ Resource Constraints: Implementing robust countermeasures requires additional 

computational and quantum resources, which are scarce in NISQ devices.  

❖ Lack of Standards: There is no universal standard for securing quantum systems against 

noise exploitation, making defenses inconsistent across platforms. 

Remedies for Quantum Noise Exploitation Attacks 

➢ Enhanced Quantum Error Correction: Develop and implement advanced QEC codes 

that are resilient to both natural and adversarial noise.  



  

Edumania-An International Multidisciplinary Journal    
 

@2025 International Council for Education Research and Training 2025, Vol. 03, Issue 02, 3-32 
ISSN: 2960-0006  DOI: https: https://doi.org/10.59231/edumania/9114 

Ganapathy, V.  25 

➢ Noise Profiling and Monitoring: Establish baseline noise profiles for quantum systems 

and continuously monitor deviations to detect malicious activity.  

➢ Redundant Protocols: Use redundancy in quantum protocols to verify the integrity of 

operations, making it harder for attackers to exploit noise.  

➢ Hybrid Systems: Combine classical and quantum security mechanisms to detect and 

mitigate noise exploitation attacks.  

➢ Robust Quantum Hardware: Improve the quality and stability of quantum hardware to 

minimize susceptibility to noise and make exploitation more difficult.  

➢ Standardization and Guidelines: Develop industry-wide standards for quantum security, 

specifically addressing noise-related vulnerabilities.  

➢ Machine Learning-Based Defense: Employ machine learning algorithms to analyze 

quantum system behavior in real-time and identify signs of malicious noise exploitation.  

➢ Authentication and Secure Channels: Ensure that quantum systems and channels are 

authenticated and secure, reducing the risk of noise injection by external attackers. 

 

chart illustrating quantum noise exploitation attacks. It shows the central quantum system, 

different exploitation mechanisms, their impacts, and potential remedies. 
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Quantum-Specific Vulnerabilities on AI 

1. Quantum Neural Networks (QNN) Vulnerabilities 

Quantum neural networks leverage the principles of quantum mechanics to process information in 

ways that classical neural networks cannot. However, they come with their own set of 

vulnerabilities: 

Superposition and Entanglement Risks: The reliance on quantum states means that any errors 

can lead to significant miscalculations. Superposition can result in unintended interference if not 

managed properly, potentially impacting the learning and decision-making processes. 

Training Data Sensitivity: QNNs can be highly sensitive to the data used for training. If 

adversarial samples are introduced, the quantum states may be manipulated, leading to incorrect 

outputs. Vulnerabilities in training data management must be addressed to prevent such issues. 

2. Quantum Support Vector Machines (QSVM) Vulnerabilities 

QSVMs utilize quantum mechanics to enhance the performance of classical SVMs, but they also 

carry risks: 

Complexity in Kernel Functions: The quantum advantage often comes from complex kernel 

functions. If these functions are improperly defined or exploited by an attacker, it can lead to 

inaccurate classification and compromised model integrity. 

Noise Sensitivity: Quantum computations are prone to noise, which can affect the stability and 

accuracy of QSVMs. Noise can lead to incorrect predictions, especially in critical applications. 

3. Quantum Optimization Vulnerabilities 

Quantum optimization algorithms, such as the Quantum Approximate Optimization Algorithm 

(QAOA), are designed to solve problems more efficiently than classical counterparts. However, 

they also face specific vulnerabilities: 

Solution Space Exploration: While quantum algorithms can explore large solution spaces 

efficiently, they can also be misled by local minima. This can be exploited by adversaries to 

manipulate outcomes. 

Resource Limitations: The physical limitations of quantum systems can affect the performance 

of optimization algorithms. Systematic errors in quantum gates can lead to suboptimal solutions. 

4. Quantum Error Correction and Vulnerabilities 
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Quantum error correction (QEC) is essential for maintaining the integrity of quantum 

computations. However, it introduces certain vulnerabilities: 

Complexity of Error Correction Codes: Implementing QEC requires intricate coding schemes 

that can introduce their own vulnerabilities. If attackers understand the error correction protocols, 

they may find ways to bypass them. 

Resource Intensive: QEC is resource-intensive, requiring additional qubits and operations. 

Resource management is crucial, as inadequate resources can lead to insufficient error correction. 

5. Quantum Circuit Manipulations 

Manipulations of quantum circuits can pose significant threats to QNNs and QSVMs: 

Circuit Attacks: Attackers may manipulate the quantum circuit design or execution order, leading 

to incorrect outputs. This highlights the need for secure circuit designs and protocols. 

Gate Vulnerabilities: The individual quantum gates used in circuits can be susceptible to timing 

attacks, where the timing of gate operations is exploited to induce errors. 

6. Cybersecurity Implications 

The vulnerabilities present in quantum AI technologies have significant implications for 

cybersecurity: 

Data Integrity Risks: The sensitive nature of quantum states means that any unauthorized access 

or manipulation could lead to data integrity issues. 

Adversarial Attacks: The potential for adversarial attacks on QNNs and QSVMs can compromise 

the security of systems relying on these technologies. 

Remedies and Mitigations 

To address these vulnerabilities, several strategies can be employed: 

Robust Training Protocols: Developing robust training protocols that include adversarial training 

can help mitigate the risks associated with sensitive training data. 

Noise Reduction Techniques: Implementing error mitigation techniques and noise reduction 

strategies can enhance the stability of quantum computations. 

Secure Circuit Design: Creating secure quantum circuit designs that are resistant to manipulation 

is essential. This includes using randomized circuit execution orders to thwart timing attacks. 

Regular Auditing and Testing: Conducting regular security audits and testing for vulnerabilities 

can help organizations stay ahead of potential threats in quantum AI systems. 
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KEY FINDINGS 

❖ Enhanced Adversarial Attack Capabilities: 

Quantum Speedup: Quantum algorithms, such as Grover's and amplitude amplification 

techniques, can accelerate the search for adversarial examples. This reduces the computational cost 

of generating adversarial inputs for machine learning models. 

Quantum Variational Techniques: Variational quantum algorithms (VQAs) can create 

optimized adversarial perturbations by leveraging quantum-classical hybrid models. 

Gradient-Free Attacks: Quantum systems are effective at executing gradient-free optimization, 

bypassing common defenses like gradient masking. 

❖ Vulnerabilities of Quantum Machine Learning (QML): 

Adversarial Susceptibility: QML models, including quantum neural networks (QNNs), exhibit 

vulnerabilities similar to classical models, such as susceptibility to adversarial examples and 

poisoning attacks. 

New Attack Vectors: Quantum systems introduce unique attack vectors like coherence 

manipulation, exploiting quantum noise, or tampering with qubit operations. 

❖ Quantum Defense Limitations: 

While quantum defenses (e.g., quantum cryptography or entanglement-based verification) are 

promising, they are not foolproof and can be circumvented using advanced quantum strategies. 

❖ Hybrid Threats: 

The integration of quantum and classical systems creates hybrid vulnerabilities where adversaries 

exploit weak points in the classical-quantum interface. 

 

RECOMMENDATIONS 

▪ Develop Quantum-Resilient Models: 

Design machine learning models that are inherently robust against quantum-enhanced adversarial 

attacks. 

Use randomness or quantum-inspired methods to increase unpredictability and resilience. 

▪ Strengthen Hybrid Systems: 

Ensure robust security protocols at classical-quantum interfaces to prevent hybrid attacks. 

Use quantum-secure encryption for data transferred between classical and quantum components. 
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▪ Build Quantum Defenses: 

Quantum Cryptographic Protocols: Implement quantum key distribution (QKD) and post-quantum 

cryptographic schemes to secure data and communications. 

Adversarial Detection: Use quantum-enhanced algorithms to detect adversarial behavior in real-

time. 

▪ Use Quantum Adversarial Training: 

Incorporate adversarial examples generated using quantum algorithms during model training to 

enhance robustness. 

▪ Policy and Standards Development: 

Collaborate internationally to develop standards and frameworks for quantum-safe AI/ML 

systems. 

Conduct risk assessments to evaluate quantum-enabled attack impacts on critical systems. 

▪ Invest in Quantum-Safe Cybersecurity Research: 

Fund research to study the implications of quantum computing in adversarial AI/ML. 

Explore the potential of quantum technologies to mitigate risks posed by adversarial attacks. 

▪ Continuous Monitoring and Adaptation: 

Implement ongoing vulnerability assessments, focusing on emerging quantum attack techniques. 

Adapt existing systems to be quantum-ready before large-scale quantum computing becomes 

practical. 

 

FUTURE RESEARCH 

➢ Improved Quantum Algorithms for Adversarial Attacks 

Efficient Adversarial Example Generation: Explore quantum-enhanced algorithms for 

generating adversarial inputs, such as those based on Grover’s search or quantum optimization 

techniques, to identify vulnerabilities in classical and quantum machine learning models more 

effectively. 

Quantum Variational Adversarial Attacks: Develop quantum-classical hybrid algorithms for 

fine-tuning adversarial perturbations using variational quantum circuits. 

➢ Vulnerability Analysis of Quantum Machine Learning (QML) Models 
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Characterizing QML Vulnerabilities: Study the specific ways QML models, such as quantum 

neural networks (QNNs) and quantum support vector machines (QSVMs), are susceptible to 

adversarial attacks. 

Adversarial Robustness of Quantum Circuits: Investigate how noise, decoherence, and other 

quantum effects can be exploited to create adversarial conditions in QML systems. 

➢ Hybrid Threats in Classical-Quantum Systems 

Interface Security: Analyze vulnerabilities at the classical-quantum interface, where adversaries 

might exploit data encoding, classical preprocessing, or result interpretation steps. 

Hybrid Attack Strategies: Research hybrid attack vectors that combine quantum algorithms with 

classical methods for more efficient adversarial attacks. 

➢ Quantum-Adaptive Defensive Mechanisms 

Quantum Adversarial Training: Extend adversarial training techniques to QML systems using 

quantum-generated adversarial examples. 

Quantum Noise and Randomness: Investigate the use of quantum noise or randomness as a 

natural defense mechanism against adversarial attacks. 

Quantum Cryptography in AI Security: Explore how quantum cryptographic techniques, such 

as quantum key distribution (QKD), can secure data pipelines and models against adversarial 

tampering. 

➢ Theoretical Foundations of Quantum Adversarial AI 

Complexity Analysis: Study the theoretical computational advantages of quantum systems in 

generating or defending against adversarial examples. 

Information-Theoretic Limits: Investigate the limits of adversarial attacks and defenses in 

quantum contexts, particularly regarding quantum information security principles. 

➢ Adversarial Attacks in Quantum Networks 

Quantum Communication Networks: Examine how adversarial strategies could disrupt 

quantum communication systems, such as quantum key distribution (QKD) networks. 

Quantum Internet Security: Research adversarial threats to the emerging quantum internet, 

including attacks on distributed quantum machine learning and networked quantum systems. 

➢ Post-Quantum Security for AI Models 
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Post-Quantum Cryptography for AI: Investigate cryptographic schemes that protect AI/ML 

models from quantum-enhanced adversarial attacks. 

Quantum-Resilient Model Architectures: Design AI/ML architectures with built-in defenses 

against both classical and quantum adversarial threats. 

➢ Simulation and Experimentation in Quantum Adversarial Contexts 

Quantum Simulators for Adversarial Studies: Use quantum simulators to test the practicality 

and effectiveness of quantum-enabled adversarial attacks in controlled environments. 

Benchmarking Tools: Develop benchmarks and datasets to evaluate the performance of quantum 

adversarial attacks and defenses. 

➢ Interdisciplinary Approaches 

Cognitive and Ethical Studies: Explore the ethical implications and societal impacts of quantum-

enabled adversarial attacks in critical applications like healthcare, finance, and defense. 

Collaboration Across Fields: Foster collaboration between quantum computing, AI, and 

cybersecurity experts to tackle complex adversarial challenges. 

➢ Long-Term Goals: 

Quantum-Only Adversarial Models: Investigate the potential of purely quantum adversarial 

models that operate entirely within quantum computing paradigms. 

AI-Driven Quantum Threat Analysis: Use AI to predict and mitigate future quantum adversarial 

threats dynamically. 

Regulatory Frameworks: Develop policies and guidelines for mitigating risks posed by quantum-

enabled adversarial technologies.  

 

CONCLUSION 

 The exploration of quantum-enabled adversarial attacks on artificial intelligence highlights the 

transformative potential and challenges at the intersection of quantum computing and AI security. 

By leveraging quantum algorithms, such as Grover’s search or quantum optimization techniques, 

attackers could significantly enhance their capability to generate highly effective adversarial 

examples or evade AI-based defenses. This dual-edged sword underscores the urgency of 

developing quantum-resilient AI models and defenses to safeguard critical applications in 

cybersecurity, healthcare, and autonomous systems. Furthermore, our findings emphasize the 
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importance of proactive research in quantum adversarial strategies to anticipate emerging threats 

and foster robust AI frameworks. As quantum computing advances, a collaborative effort across 

academia, industry, and policy-makers will be essential to mitigate risks and ensure AI 

technologies remain secure in the quantum era.  
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