Quantum Machine Learning: A Comprehensive Review of Integrating AI with Quantum Computing for Computational Advancements

The rapid advancements in quantum computing and artificial intelligence (AI) have positioned them as transformative technologies with the potential to address computational challenges that are intractable for classical systems. Quantum Machine Learning (QML) lies at the intersection of these fields, leveraging the unique principles of quantum mechanics—such as superposition, entanglement, and quantum interference—to redefine the capabilities of machine learning models and algorithms.
Quantum computing introduces new paradigms for processing information, where quantum bits (qubits) can exist in multiple states simultaneously. This enables quantum systems to perform calculations across vast solution spaces in parallel, offering an exponential speedup for certain classes of problems compared to classical systems. These capabilities, when combined with the adaptive and data-driven nature of AI, pave the way for innovative solutions in optimization, pattern recognition, and generative modeling across various industries, including healthcare, finance, cryptography, and logistics.
The current state of QML is defined by two complementary approaches: quantum-enhanced classical machine learning and native quantum machine learning algorithms. Quantum-enhanced classical models utilize quantum systems to optimize or accelerate classical ML techniques, such as training deep neural networks or performing support vector machine (SVM) classification. Meanwhile, native QML algorithms, such as quantum variational classifiers and quantum Boltzmann machines, fully exploit quantum mechanical principles for novel forms of data representation and learning.
Recent studies highlight both the opportunities and challenges in this field. Researchers have demonstrated quantum supremacy in tasks such as quantum feature space encoding, allowing quantum systems to identify patterns in high-dimensional datasets that classical systems struggle to analyze. However, practical challenges remain, including the need for error correction in quantum systems, limited qubit coherence times, and difficulties in interfacing classical data with quantum systems



The study introduced two data encoding techniques, QCrank and QBArt, which achieved significant quantum parallelism using controlled rotation gates. QCrank enhanced storage by encoding real-valued data as rotations, while QBArt utilized binary data within the computational basis, reducing measurement requirements. Various applications were demonstrated, such as DNA pattern matching and Hamming weight computation on the Quantinuum trapped-ion QPU. Additionally, benchmarking experiments were conducted with IBMQ and IonQ's cloud-accessible QPUs [1]. The review paper [2] examined the intersection of data science and quantum computing, highlighting the importance of data analytics in enhancing quantum applications. It covered quantum computing fundamentals, including principles and algorithms, as well as quantum data representation and error correction strategies
