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 The field of Quantum Artificial Intelligence (Quantum AI) has emerged as a 

promising interdisciplinary research area where the computational power of 

quantum computing is merged with the learning and decision-making power 

of AI. The application of quantum principles such as superposition, 

entanglement and quantum interference to machine learning algorithms has 

created new possibilities for solving problems that may be difficult to solve 

by classical machines. In the last few years, advances in Noisy Intermediate-

Scale Quantum (NISQ) devices have helped to speed advances in Quantum 

Machine Learning (QML) algorithms, Quantum Neural Networks (QNNs), 

Quantum Support Vector Machines (QSVMs), Quantum Convolutional 

Neural Networks (QCNNs) and hybrid learning algorithms. This review 

provides a comprehensive overview of the research in the field of Quantum 

AI from 2020 to 2026, covering the key concepts, novel architectures, 

algorithmic advancements, and practical applications. A critical assessment of 

the application of Quantum AI in fields such as healthcare, finance, 

cybersecurity, scientific computing and optimization problems is provided, 

and the benefits of quantum-enhanced learning models are discussed. In 

addition, common difficulties such as quantum hardware limitations, 

sensitivity to noise, encoding of data, scalability constraints and a lack of 

speed in training variational quantum circuits are discussed. The review also 

covers new avenues of research, including trustworthy quantum machine 

learning, explainable Quantum AI, quantum federated learning, and fault-

tolerant quantum computing. The results suggest while practical large-scale 

deployment is currently limited by existing hardware capabilities, hybrid 

quantum-classical systems have great potential to rapidly move intelligent 

data processing and develop next-generation AI systems. 
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1. INTRODUCTION 

Artificial Intelligence (AI) is one of the most promising technologies of the twenty first century, allowing major 

strides to be taken to the areas of healthcare, finance, cybersecurity, transportation, robotics and scientific 

computing. The advent of machine learning and deep learning approaches is no exception to being fueled by vast 

amounts of data and computing power. As the complexity of AI models and the number of data points scales up 

quickly, classical computing architectures have significant problems with optimizing models, efficiency, and 

energy usage. These constraints have inspired researchers to look for alternative computing paradigms that can 

help to reduce the time required for intelligent data processing and decision-making tasks. The integration of 
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quantum computing with AI is one of the most promising ideas that could come to fruition, as it promises to create 

Quantum Artificial Intelligence (Quantum AI) [1]. 

The quantum computing revolution relies on the basic principles of quantum mechanics: superposition, 

entanglement, and quantum interference, which enable quantum computers to conduct computations that are 

fundamentally different from those of classical computers. Quantum bits (qubits) can be in more than one state at 

the same time, whereas classical bits can only be in a 0 or 1. This has resulted in much interest in the creation of 

quantum machine learning algorithms that could perform some tasks better than classical machine learning 

algorithms [2]. With the advent of quantum computing and AI, there has emerged a newly emerging 

interdisciplinary domain that aims to utilize quantum resources to maximize the efficiency of learning, 

optimization capabilities and predictive power. 

Quantum AI theoretical foundations can be attributed to the field of Quantum Machine Learning (QML), which 

studies the use of quantum algorithms in machine learning problems [3]. Initial experiments showed that a 

quantum system could readily encode a high-dimensional feature space and manipulate complex data by using 

the quantum states. Then, several hybrid quantum-classical models have been suggested that are capable of 

leveraging the benefits of classical machine learning methods and quantum computing. With the advent of the 

recently introduced hybrid strategies, such as Noisy Intermediate-Scale Quantum (NISQ) devices, where the 

limitations of hardware impose the restriction of implementing large-scale quantum fault-tolerant algorithms [4]. 

 

Fig. 1. Quantum AI and its applications 

In recent years, many Quantum AI architectures have been introduced, such as Quantum Neural Networks 

(QNNs), Quantum Support Vector Machines (QSVMs), Quantum Convolutional Neural Networks (QCNNs), 

Quantum Reinforcement Learning models and Quantum Transfer Learning frameworks [5] and [6]. Variational 

Quantum Algorithms (VQAs) are among the most promising candidates for near-term quantum machine learning 

due to their use of parameterized quantum circuits and classical optimization algorithms [6]. These methods can 
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be used to learn and optimize quantum tasks on hardware that is already in existence while dealing with the 

limitations of noise and qubit availability. 

The trend of focusing on real-world applications is another major leap forward in Quantum AI. Researchers have 

explored quantum enhanced applications in classification, clustering, pattern recognition, natural language 

processing and optimization [7]. In fields that demand intensive analysis, such as quantum algorithms for 

efficiently sampling large solution spaces have garnered interest. Quantum machine learning has also been 

discussed in the field of healthcare for disease diagnosis, drug discovery, medical image analysis, and genomic 

data processing [8]. Likewise, in the field of finance, quantum optimization algorithms have shown promise in 

applications such as portfolio optimization, risk analysis, and fraud detection. The advancements made toward 

Quantum AI could have a transformative impact on the future of intelligent systems in various industries. 

Many quantum learning models are closely related to quantum feature mapping and kernel-based learning 

methods. For some datasets, it is demonstrated that one can exploit properties of quantum-enhanced feature spaces 

that are hard to achieve classically to gain an advantage in classification accuracy [9]. In addition, quantum 

representation learning and quantum shadow techniques have made it easier for quantum systems to learn useful 

information in high-dimensional data [10]. Extensive surveys have identified the field's maturity and the number 

of practical demonstration made over the last few years [11], [13]. 

Although Quantum AI shows great promise, there are currently some technical hurdles to overcome. Decoherence, 

gate errors, limited number of qubits, and noise accumulation are problems when scaling up quantum learning 

algorithms in current quantum hardware [2], [18]. Another significant bottlenecks are data encoding and quantum 

state preparation, which is the need to convert large classical datasets into quantum representations can be costly 

[16]. Furthermore, finding a solution to deep quantum neural networks can be challenging because of optimization 

issues like barren plates that have null gradients as the number of circuits grows [6]. These restrictions have 

sparked continued interest in error mitigation, hardware efficient quantum circuits and fault-tolerant quantum 

architectures. 

There have also been recent studies that investigated new directions like trustworthy quantum machine learning, 

explainable Quantum AI and quantum federated learning to comply with security, transparency, privacy, and 

scalability concerns [5], [17]. With the advancement of quantum processors and the development of quantum 

software ecosystems, researchers are excited to see Quantum AI move from proof-of-concept to real-world 

applications. Therefore the research on Quantum AI has emerged as one of the most promising fields for 

intersection of the two domains of quantum computing and AI, with potential to transform the computational 

intelligence and to drive scientific innovations at a faster pace [11, 18]. 

This literature survey aims to give a thorough overview of the recent progress in Quantum AI between 2020 and 

2026. It presents some key concepts, paradigm-leading learning architectures, application areas, current trends 

and challenges, and outlines future research directions which could be relevant for the next generation of 

intelligent quantum systems. 

2. LITERATURE SURVEY 

2.1 Quantum Machine Learning Primitives 

Advances in quantum computing hardware and machine learning methodologies have greatly influenced the 

evolution of Quantum AI. The demonstrations of efficient representation of complex feature spaces that are not 

efficiently representable classically led to the foundations of quantum machine learning [3]. Classical kernel 

learning methods were further extended to feature mapping in high dimensional Hilbert spaces to improve the 

classification performance by quantum kernel methods [16]. 

Variational Quantum Algorithms (VQAs) came up as a realistic approach for Noisy Intermediate-Scale Quantum 

(NISQ) devices. Recently, Cerezo et al. have shown that hybrid quantum-classical optimization methods can be 

used to take advantage of existing quantum devices while overcoming some of the limitations of quantum devices 

[6]. Later, Bharti et al. gave an exhaustive survey of NISQ algorithms and discussed its usage in machine learning 

and optimization problems [2]. 

The systematic reviews have recently shown an exponential growth in Quantum AI research since 2020. Peral-

García et al. have reported that the most investigated field of Quantum Machine Learning (QML) are 

classification, optimization and predictive analytics [13]. Likewise, Klusch et al. gave a comprehensive overview 
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of Quantum Artificial Intelligence, focusing on machine learning, reasoning, planning and intelligent autonomous 

systems [11]. In addition, Wang and Liu classified current QML techniques into two classes: NISQ-compatible 

and fault-tolerant paradigm, and suggested the future research directions toward scalable quantum intelligence 

[18]. 

Table 1. Comparison of Foundational Quantum AI Studies 

Study Year Focus Area Key Contribution Limitation 

Biamonte et al. 2020 Quantum ML Established QML foundations Limited practical validation 

Schuld & Killoran 2020 Quantum Kernels Quantum feature mapping Hardware constraints 

Cerezo et al. 2021 Variational 

Algorithms 

Hybrid optimization models Barren plateau problem 

Bharti et al. 2022 VQAs NISQ implementation strategies Scalability issues 

Klusch et al. 2024 Quantum AI Survey Comprehensive QAI overview Limited real-world 

deployment 

Wang & Liu 2024 QML Review NISQ-to-fault-tolerant roadmap Hardware dependency 

 

2.2 Quantum Machine Learning Architectures and Algorithms 

Quantum Machine Learning is the computational backbone of Quantum AI. One of the first successful 

applications was Quantum Support Vector Machines (QSVMs) which showed how to use a quantum information-

enhanced feature space to classify [9],[14]. These methods take advantage of quantum kernels to enhance 

separability in intricate data sets. 

Recently, Quantum Neural Networks (QNNs) are proposed as a viable architecture that allows to make use of 

Variational Quantum Circuits for representation learning. Abbas et al. demonstrated that the QNNs can produce 

more expressive feature maps than conventional neural networks, which could provide better expressive power 

[1]. Likewise, quantum deep learning models have been suggested for deep neural network architectures in the 

quantum world [19]. 

The last few developments have been oriented towards shadow-based learning approaches. In learning tasks, Jerbi 

et al. presented quantum shadow techniques to simplify measurement complexity but not affect the predictability 

of a learning model [10]. Furthermore, quantum transfer learning has gained much interest in the field of natural 

language processing (NLP) and classification tasks. Buonaiuto et al. showed that a hybrid transfer learning 

architecture can be used to enhance the performance of linguistic acceptability judgment tasks and reduce the 

complexity of the model [4]. 

In comprehensive reviews, Devadas and Sowmya found that hybrid quantum-classical methods are now the most 

feasible way to deploy Quantum AI, due to the limitations of hardware [7]. Similarly, Revythi and Koukiou 

proposed the image classification and pattern recognition applications of quantum deep learning models like 

Quantum Convolutional Neural Networks (QCNNs) [15]. 

Table 2. Comparison of Quantum Machine Learning Architectures 

Architecture Quantum Property 

Used 

Major 

Application 

Advantages Challenges 

QSVM Quantum Kernels Classification Improved feature 

mapping 

Encoding overhead 

QNN Variational Circuits Pattern 

Recognition 

High-dimensional 

representation 

Training instability 

QCNN Entanglement Image Analysis Reduced parameters Noise sensitivity 

Quantum Transfer 

Learning 

Hybrid Learning NLP Better generalization Circuit depth 

limitations 

Quantum Clustering Superposition Data Mining Faster similarity search Scalability 

concerns 

 

2.3 Domain-Specific Applications of Quantum AI 

From healthcare to finance, cybersecurity to scientific computing, Quantum AI has come under growing scrutiny 

for its practical applications in various fields. In the medical field, quantum machine learning has demonstrated 

potential in the diagnosis of diseases, analysis of medical images, drug discovery, and processing of genomics. In 
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a systematic review on digital health applications, a number of studies indicated performance improvements; 

however many studies were conducted in simulated environments and small datasets [8]. 

Another research area is the financial applications. Applications of quantum optimization to portfolio 

management, credit-risk assessment, fraud detection and financial forecasting have been developed. Some 

combinatorial optimization problems are hard to solve efficiently with classical computers, but can be solved 

efficiently with quantum enhanced optimization algorithms [2, 18]. 

Quantum AI has been used in cybersecurity applications such as anomaly detection, malware analysis, intrusion 

detection, and secure communications. Recently, trustworthy Quantum Machine Learning frameworks have been 

proposed to enhance the robustness, security, explainability and resistance to adversarial attacks in quantum 

learning systems [5]. 

The innovations brought by Quantum AI have also had an impact on engineering and scientific computing. There 

are also reports that quantum machine learning models and quantum inspired tensor networks can be used to speed 

up the computational fluid dynamics simulation of processes and complex scientific computations [20]. The 

studies indicate that Quantum AI might have a major impact on the computational complexity in large-scale 

engineering applications. 

Table 3. Comparison of Quantum AI Applications 

Domain Quantum AI Technique Benefits Current Maturity 

Healthcare QNN, QSVM Disease prediction, diagnostics Experimental 

Drug Discovery Quantum Optimization Molecular simulation Emerging 

Finance Quantum Annealing Portfolio optimization Pilot Stage 

Cybersecurity Quantum Classification Threat detection Emerging 

Engineering Quantum PINNs Faster simulations Research Stage 

NLP Quantum Transfer Learning Improved representations Experimental 

 

2.4 Emerging Trends, Challenges and Future Directions 

However, Quantum AI still has a long way to go before it can become a reality, with some technical and practical 

hurdles that need to be addressed. However, there are several challenges with current NISQ devices: decoherence, 

noise, gate errors, and limited number of qubits, all of which severely limit the ability to implement large-scale 

learning algorithms [2, 18]. So the ability to produce fault-tolerant quantum computing continues to be one of the 

greatest aims of quantum computing. 

One of the other difficulties is the effective transfer of classical information into quantum state. The speed-up in 

theory for quantum algorithms can often be undermined by the overhead of data loading [16]. In addition, deep 

quantum neural network frequently suffers from vanishing optimization gradient as circuit depth grows, which is 

called the barren plateau problem [6] and causes the training of the network to be difficult. 

Some new research areas are Quantum Federated Learning (QFL), a hybrid of distributed machine learning and 

quantum computing that aims to improve privacy and scalability. Some recent studies have pointed out that 

effective communication, security and scalability are among the most important issues that need to be addressed 

for QFL deployment [17]. 

In addition, researchers are turning to Explainable and Trustworthy Quantum AI, which will guarantee 

transparency, fairness, and strength in crucial fields like healthcare and finance, where trustworthiness is 

paramount [5]. With continuous advancements in quantum hardware, future Quantum AI systems will begin to be 

deployed in real-world applications, with the potential to revolutionize machine learning, optimization, and 

intelligent decision-making in many fields [11], [18]. 

Table 4. Key Challenges and Future Research Directions in Quantum AI 

Challenge Impact Proposed Solution Future Scope 

Quantum Noise Reduced accuracy Error mitigation Fault-tolerant systems 

Limited Qubits Scalability issues Hardware scaling Large-scale QAI 

Data Encoding Cost Performance bottleneck Efficient embeddings Quantum-native datasets 

Barren Plateaus Training difficulty Advanced optimization Deep QNNs 

Security Concerns Reliability risks Trustworthy QML frameworks Secure Quantum AI 

Explainability Low transparency Explainable QAI models Human-centric AI 
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3. CONCLUSION 

Quantum Artificial Intelligence (Quantum AI) is an emerging science that merges the tremendous power of 

quantum computing with the learning ability of artificial intelligence. In 2020 to 2026, the basic concepts of 

Quantum AI, quantum machine learning architectures, application areas, and the new research fields have been 

reviewed. According to the literature, Quantum Machine Learning (QML), such as Quantum Neural Networks 

(QNN), Quantum Support Vector Machines (QSVM), Quantum Convolutional Neural Networks (QCNN), and 

Variational Quantum Algorithms (VQA), presents great promise in improving classification, optimization, pattern 

recognition, and decision-making tasks. In addition, the applications in healthcare, finance, cyber security and 

scientific computing exemplify the quantum-powered intelligent systems' transformative potential. While these 

developments seem highly promising, Quantum AI still has to deal with several hurdles such as the scarcity of 

qubits, the presence of quantum noise, decoherence, data encoding complexity, instability of training, and the 

absence of large-scale quantum hardware that is fault-tolerant. In practice, most modern applications are hybrid 

quantum-classical algorithms that are a mixture of the two. These limitations must be overcome to make 

meaningful progress towards quantum advantage in practical applications. To improve scalable fault-tolerant 

quantum architectures, efficient quantum data encoding techniques, and robust optimization methods for deep 

quantum learning models should be developed. Moreover, users are looking for reliable and explainable Quantum 

AI models to ensure transparency, reliability, fairness, and security in critical applications. Promising directions 

for future exploration include emerging technologies like quantum federated learning, quantum reinforcement 

learning, quantum generative models and quantum-enhanced large language models. The emergence of Quantum 

AI systems is poised to transform the landscape of future intelligent systems and drive scientific and technological 

advancements in various fields as the quantum hardware and software ecosystems evolve. 
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