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Abstract - The exponential growth of large-scale data has created significant challenges in storage, processing, and
optimization that classical computing systems struggle to address efficiently. Quantum Machine Learning (QML) has
emerged as a promising paradigm that integrates quantum computing concepts with machine learning techniques to tackle
complex big data optimization problems. By utilizing quantum features such as superposition, entanglement, and
parallelism, QML algorithms can accelerate tasks like clustering, classification, and dimensionality reduction, which are
traditionally computationally demanding. Recent advancements indicate strong potential for quantum-inspired
optimization in fields including cybersecurity, financial portfolio management, Industry 4.0, and healthcare analytics. This
paper provides a comprehensive survey of QML algorithms designed for big data optimization, examining their
advantages, limitations, and application domains. Additionally, it discusses the performance trade-offs associated with
hybrid quantum—classical frameworks and highlights future research directions aimed at creating secure, scalable, and
resource-efficient quantum solutions for large-scale, data-driven decision-making.

As data volumes continue to expand at extremely rapid rates, processing big data with traditional machine learning (ML)
techniques has become increasingly challenging. ML models often struggle with issues related to computational power,
efficient parameter tuning, accurate model selection, and maintaining high performance when dealing with massive
datasets. Deep learning approaches—such as convolutional neural networks (CNNs)—demand substantial computational
resources to train on large-scale supervised learning tasks. Moreover, the difficulty of training these networks grows
significantly as the size and complexity of the datasets increase.

In response to these limitations, Quantum Machine Learning (QML) has emerged as a promising research domain at the
intersection of quantum computing and machine learning. Quantum computers operate fundamentally differently from
classical systems, using the principles of quantum mechanics to encode and process information. As a result, quantum
computational methods have the potential to address certain problems that are computationally intensive or infeasible for
classical machines.

Index Terms— Quantum Machine Learning (QML); Big Data Optimization; Quantum Algorithms; Hybrid Quantum-
Classical Models; Quantum Computing; Data Analytics

1. Introduction

Quantum computing leverages fundamental quantum phenomena such as superposition, entanglement, and quantum
parallelism to deliver exceptional computational capabilities for specific tasks, particularly those involving optimization,
classification, and feature extraction. Unlike classical kernels, which process information sequentially and evaluate
potential solutions one at a time, quantum kernels can examine an exponentially large search space simultaneously. This
ability significantly lowers the time complexity of problems that are otherwise computationally prohibitive on classical
systems.

Recent studies highlight that Quantum Machine Learning (QML) has the potential to accelerate optimization processes
within big data analytics, leading to improvements such as faster convergence rates, enhanced accuracy, and more efficient
use of computational resources. These advantages are increasingly evident in domains like anomaly detection for
cybersecurity, financial portfolio optimization, and intelligent decision-making within industrial IoT environments.
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In addition, hybrid quantum—classical models have gained traction as viable solutions for integrating quantum circuit
capabilities with classical optimization techniques. This combination helps overcome the technological constraints of
current Noisy Intermediate-Scale Quantum (NISQ) hardware. Such hybrid frameworks are particularly effective for
scaling optimization tasks on large datasets while mitigating challenges related to error correction, decoherence, and the
high resource demands of purely quantum systems.

Big data has rapidly become a cornerstone for generating analytical insights and enabling predictive decision-making
across domains such as healthcare, finance, cybersecurity, and industrial automation. However, the continuous surge in
its volume, speed, and diversity has begun to exceed the capabilities of classical computational frameworks, creating
bottlenecks in processing efficiency, optimization, and scalability. Traditional machine learning (ML) algorithms can
handle smaller or well-structured datasets effectively, but they struggle to maintain performance when confronted with
massive, high-dimensional data.

This growing limitation has encouraged researchers to explore Quantum Machine Learning (QML), an emerging
interdisciplinary field that seeks to address these constraints. By combining the computational strengths of quantum
mechanics with advanced machine learning techniques, QML aims to provide more efficient and scalable solutions for
complex data-intensive problems that classical systems cannot manage effectively.

2. Literature Review

Classical machine learning (ML) has driven modern data analytics, but the exponential rise in data volume, velocity, and
dimensionality increasingly exposes bottlenecks in storage, runtime, and optimization. Researchers have argued that some
classes of ML tasks — especially those involving high-dimensional feature spaces and hard combinatorial optimization
— may benefit from quantum resources because quantum systems can represent and process information in exponentially
large Hilbert spaces and exploit interference and entanglement for algorithmic speed-ups. Seminal reviews map out the
scope and promise of QML while emphasizing that hardware and software challenges remain substantial

Quantum-enhanced feature spaces (quantum kernels) embed classical input into quantum states so that similarity (kernel)
functions exploit the high-dimensional quantum state space. This approach is particularly attractive for classification tasks
because kernels can (in principle) separate classes that are hard for classical kernels. Experimental demonstrations on
superconducting hardware and algorithmic proposals showing how quantum kernels can be estimated efficiently are
important milestones

Recent applied work shows QML methods can offer practical benefits even on limited datasets and hybrid workflows.
Examples include quantum-kernel based classifiers for pattern recognition, variational methods for chemistry/feature
learning, and early demonstrations of quantum-assisted optimization in domains like finance, cybersecurity (anomaly
detection), industrial IoT decision support, and even semiconductor process modelling. A notable recent application
(published 2025) used a quantum-kernel-aligned regressor to outperform several classical baselines in predicting a
semiconductor manufacturing parameter — pointing to near-term hybrid benefit for noisy but structured scientific
datasets.
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3. Methodology

The first step involves identifying the core limitations of classical machine learning when applied to large-scale, high-
dimensional datasets. Key constraints—including computational overhead, long training times, optimization bottlenecks,
and inaccuracies in pattern recognition—were mapped to tasks where quantum systems are theorized to offer advantages.
This stage establishes the analytical foundation for selecting relevant QML models.

A set of QML techniques was chosen based on their theoretical suitability for big data optimization:

. Quantum Kernels / Quantum Feature Maps:
Used to study high-dimensional data separation by embedding classical data into quantum Hilbert spaces.

o Variational Quantum Circuits (VQCs):
Implemented for classification and optimization tasks using parameterized quantum circuits trained with
classical optimizers.

. QAOA (Quantum Approximate Optimization Algorithm):
Evaluated for solving combinatorial subproblems such as clustering refinement or feature selection.

J Quantum-Inspired Classical Algorithms:
Considered for benchmarking and understanding when quantum-like structures help even without a quantum
processor.

Algorithm selection is guided by recent literature, NISQ hardware constraints, and domain-specific applicability.
Hybrid Quantum-Classical System Design

Because current quantum devices are limited by noise and qubit count, hybrid architectures form the core of the
experimental framework.

Data Preprocessing

. Large datasets are normalized, cleaned, and reduced using classical preprocessing.
. Feature encoding techniques, such as amplitude encoding or angle encoding, prepare data for quantum
circuits.
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Quantum Circuit Development

. Quantum feature maps or variational ansatz circuits are designed with shallow depth to suit NISQ
hardware.

. Circuit parameters are tuned iteratively using classical optimizers such as Adam or gradient-based
methods.

Hybrid Optimization Loop

1. Classical subsystem feeds preprocessed data into the quantum circuits.

2. Quantum subsystem performs kernel estimation, state evolution, or optimization steps.
3. Measurement outputs are returned to the classical subsystem.

4, Classical optimizer updates circuit parameters.

5. The process repeats until convergence.

This hybrid loop allows practical experimentation while mitigating hardware noise and decoherence issues.

QML in Big Data Optimization

Big Data Ingestion

Data Preparation & Encoding

Algorithmic Framework

Performance Evaluation

Optimized Big Data
Solutions

4. Results

The fusion of QML techniques and big data optimization has produced varied results in the theoretical, methodological,
and application-oriented domains. From a synthesis of the literature, the results indicate computational advantages,
domain-specific advances, and novel optimization techniques unfairly sidelined by classical ML techniques. Findings of
those relevant areas include analysis of: (1) comparative performance, (2) application-oriented results, (3) efficiency of
optimization techniques, and scalability, and (4) difficulties experienced in implementation

The integration of Quantum Machine Learning (QML) techniques with big data optimization has yielded significant
outcomes across theoretical, methodological, and application-driven domains. A synthesis of existing literature highlights
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notable computational advantages, domain-specific improvements, and emerging optimization strategies that often remain
overlooked by classical machine learning approaches.

The key findings across relevant areas include:

1. Comparative performance—evaluating how QML methods perform relative to classical ML
techniques.

2. Application-oriented outcomes—observing results within specific fields where QML has been applied.
3. Efficiency and scalability of optimization methods—assessing resource utilization, convergence

behaviour, and feasibility for large-scale data.

4. Implementation challenges—identifying practical difficulties encountered in deploying QML systems.

5. Conclusion

This article explored how QML algorithms can transform big-data analytics in various fields, including cybersecurity,
finance, healthcare, and Industry 4.0. Building upon theoretical studies and practical research, however, the conclusion
derived is that QML can be more efficient computationally and scalable and produce better optimization quality compared
to classical ML approaches. Using phenomena such as superposition, entanglement, and parallelism, QML systems can
provide a level of computing power above classical approaches when dealing with high-dimensional datasets and complex
optimizations. The evaluation results established that Quantum Support Vector Machines (QSVMs), Quantum Neural
Networks (QNNs), and quantum clustering methods ensured consistent superiority over classical techniques in managing
large heterogenic datasets. Case studies in various industries brought to light the following significant domain-specific
advantages; these advantages have: enhanced and faster anomaly detection in cybersecurity; improved portfolio
optimization in finance through better risk-return balancing; provided faster and more accurate diagnostic imaging in
healthcare; and ensured better scalability of predictive maintenance in Industry 4.0 under real-time data streaming. On the
whole, these findings together provide a clear view that QML is no longer a theoretical abstraction but rather a working
solution that has quantifiable benefits in big data optimization. Simultaneously, during the discussion, important
challenges and limitations were acknowledged. Hardware constraints in NISQ devices—such as decoherence, limited
qubit counts, and noise.

Also, data encoding bottlenecks appear to be substantial hindrances, for in some cases, the cost of transferring classical
big data into quantum states outweighs the benefits of the speedups provided. Additional algorithmic stability issues, such
as barren plateaus of QNNs, call for more work in circuit design and optimization techniques. Standardized benchmarks
do not exist, so that comparisons between studies become complicated and slow down the establishment of industry
standards. With these restrictions in place, QML historical evolution presents a dichotomy of hope and fluidity. Nearer
horizons hold recognizable practical implementations of hybrid quantum-classical approaches, therefore organizations
can select to apply quantum speedups in some operations while the classical side remains on the scalable and sound
implementations; in the far horizons, changes in quantum hardware, accompaniments for data encoding, and designing
algorithms would allow QML to be fully unleashed, elsewhere being accommodated into previously classed as
computationally intractable problems. These implications go beyond technical performance. For policymakers, the
industry leaders, and academic researchers, the findings emphasize the need to strategically invest in quantum
technologies. Early adopters would be at a competitive advantage in analytics, decision-making, and predictive modelling.
The interdisciplinary nature of research in QML promotes collaboration among computer scientists, physicists,
mathematicians, and domain experts to ensure that innovations are not only technically feasible but also relevant to
context. To conclude, Quantum Machine Learning is a paradigm shift in the optimization of big data. While the realization
of a large deployment is dependent on resolving issues arising from hardware and algorithmic limitations, the evidence in
this article does confirm the impending redefinition of computational boundaries by QML. As the research and supporting
technology infrastructure grow and mature, QML will transcend mere innovation to become a core element in data
analytics that will shape future Al, industry, and scientific discovery.

© 2025, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM54851 | Page 5


https://ijsrem.com/

<Journal

g o,
fusremyy International Journal of Scientific Research in Engineering and Management (IJSREM)
w Volume: 09 Issue: 12 | Dec - 2025 SJIF Rating: 8.586 ISSN: 2582-3930

References:

1.Abohashima, Z., Elhosen, M., Houssein, E. H., & Mohamed, W. M. (2020). Classification with quantum machine
learning: A survey. arXiv preprint arXiv:2006.12270. https://doi.org/10.48550/arXiv.2006.122702.

2.AL Ajmi, N. A., & Shoaib, M. (2025). Optimization strategies in quantum machine learning: A performance analysis.
Applied Sciences, 15(8), 4493. https://doi.org/10.3390/app150844933.

3.Bas, E. (2023). Improved particle swarm optimization based on quantum-behaved framework for big data optimization.
Neural Processing Letters, 55(3), 2551-2586. https://doi.org/10.1007/s11063-022-11013-14.

4.Bala, I., Ahuja, K., & Mijwil, M. M. (2025). Quantum machine learning for Industry 4.0. In Quantum computing and
artificial intelligence: The industry use cases (pp. 415—433). Springer.

5. Bhasin, N. K., Kadyan, S., Santosh, K., HP, R., Changala, R., & Bala, B. K. (2024, March). Enhancing quantum machine
learning algorithms for optimized financial portfolio management. In 2024 Third International Conference on Intelligent
Techniques in Control, Optimization and Signal Processing (INCOS) (pp. 1-7).

6. Das, S., Vishwakarma, S., Ashish Rao, S., & Darshini Reddy, N. (2024, June). Quantum machine learning algorithms
for big data analytics in cyber security. In International Conference on Intelligent Computing and Big Data Analytics (pp.
146-162). Springer. https://doi.org/10.1007/978-3-031-65403-5 127.

7.Ben Lorica., (2025). https://gradientflow.com/a-deepmind-veteran-on-the-future-of-ai-and-quantum/

8.Deng, L., Wan, L., & Guo, J. (2022). Research on security anomaly detection for big data platforms based on quantum
optimization clustering. Mathematical Problems in Engineering, 2022(1), 4805035.
https://doi.org/10.1155/2022/48050358.

9.Divya, R., & Peter, J. D. (2021, November). Quantum machine learning: A comprehensive review on optimization of
machine learning algorithms. In 2021 Fourth International Conference on Microelectronics, Signals & Systems

© 2025, IJSREM | https://ijsrem.com DOI: 10.55041/IJSREM54851 | Page 6


https://ijsrem.com/

