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Abstract 
Quantum machine learning (QML) represents an emerging interdisciplinary field at the 

intersection of quantum computing, artificial intelligence and mathematical optimisation. As 

industrial and scientific problems become increasingly complex, conventional optimisation 

approaches can face challenges associated with large search spaces, nonlinear relationships, 

combinatorial complexity and computational scalability. Quantum machine learning 

introduces quantum computational principles such as superposition, entanglement and 

quantum interference into machine-learning and optimisation workflows, creating new 

approaches for addressing selected classes of complex problems. This paper examines the 

foundations of QML for complex optimisation and investigates emerging applications across 

industrial and scientific domains. It proposes an integrated Quantum Optimisation 

Intelligence Framework consisting of problem formulation, classical preprocessing, quantum 

representation, hybrid quantum-classical optimisation, solution evaluation and iterative 

refinement. Applications in logistics, supply-chain optimisation, portfolio optimisation, 

energy systems, manufacturing, drug discovery, materials science, traffic management and 

scientific simulation are examined. Particular attention is given to variational quantum 

algorithms, quantum approximate optimisation algorithms, quantum kernels, quantum neural 

networks and hybrid optimisation architectures. The paper also evaluates current limitations, 

including noisy intermediate-scale quantum hardware, limited qubit availability, data-loading 

challenges, optimisation landscapes, measurement overhead, error mitigation and uncertainty 

concerning practical quantum advantage. The study argues that near-term QML is most 

realistically positioned as a hybrid computational paradigm rather than a complete 

replacement for classical machine learning and optimisation. Future progress will depend on 

advances in quantum hardware, algorithms, error correction, quantum-aware data 

representation and benchmark development. The paper concludes that QML offers promising 

new research directions for complex optimisation, particularly where quantum algorithms can 

be closely matched with problem structure and integrated with powerful classical computing 

resources. 
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1. Introduction 
Optimisation is fundamental to modern industry and scientific research. 

Organisations continuously attempt to answer questions such as: 

 What is the shortest delivery route?  

 How should limited resources be allocated?  

 Which production schedule minimises cost?  

 How should energy be distributed?  

 Which investment portfolio provides an appropriate risk-return balance?  

 Which molecular structure provides the desired properties?  

Many of these problems become extremely difficult as the number of variables increases. 

Traditional optimisation methods remain highly effective for many applications, but some 

combinatorial and high-dimensional problems can become computationally demanding. 

Quantum computing introduces a fundamentally different computational paradigm. 

Quantum machine learning combines quantum computing with machine-learning 

methodologies and may provide new approaches to selected optimisation problems. 

 

2. Quantum Computing Fundamentals 
Quantum computing uses qubits rather than classical bits. 

A classical bit can represent: 

0 or 1 

A qubit can exist in a quantum superposition of states. 

Conceptually: 

|ψ⟩  = α|0⟩  + β|1⟩  

where the amplitudes determine measurement probabilities. 

Quantum systems can also exploit: 

 Superposition.  

 Entanglement.  

 Quantum interference.  

These properties form the foundation of quantum algorithms. 

 

3. Quantum Machine Learning 
QML combines quantum computational processes with machine-learning techniques. 

A simplified architecture is: 
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Classical Data 

↓ 

Quantum Encoding 

↓ 

Quantum Circuit 

↓ 

Measurement 

↓ 

Classical Optimisation 

↓ 

Updated Quantum Circuit 

 

This creates a hybrid quantum-classical learning loop. 

 

4. Why Optimisation Matters 
Optimisation problems occur throughout industry. 

Examples include: 

 Scheduling.  

 Routing.  

 Resource allocation.  

 Portfolio construction.  

 Production planning.  

 Network design.  

Scientific research also contains optimisation problems involving: 

 Molecular structures.  

 Experimental design.  

 Materials.  

 Parameter estimation.  

 Scientific models.  

 

5. Complexity of Optimisation 
Some optimisation problems have enormous search spaces. 

For example, a routing problem involving many locations can generate an extremely large 

number of possible routes. 

The challenge is not necessarily finding a solution. 

It is finding a sufficiently good solution efficiently. 

 

6. Classical Optimisation 
Traditional approaches include: 

 Linear programming.  
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 Integer programming.  

 Dynamic programming.  

 Genetic algorithms.  

 Simulated annealing.  

 Gradient-based optimisation.  

These remain essential tools. 

Quantum approaches should therefore be viewed as complementary rather than automatically 

superior. 

 

7. Quantum Optimisation 
Quantum optimisation seeks to exploit quantum computation to solve or approximate 

difficult optimisation problems. 

A typical workflow is: 

Problem 

↓ 

Mathematical Formulation 

↓ 

Quantum Encoding 

↓ 

Quantum Algorithm 

↓ 

Measurement 

↓ 

Candidate Solution 

 

. Quantum Approximate Optimisation Algorithm 
The Quantum Approximate Optimisation Algorithm (QAOA) is one of the most widely 

studied approaches for combinatorial optimisation. 

QAOA alternates between: 

 A cost Hamiltonian.  

 A mixing Hamiltonian.  

The parameters are optimised to increase the probability of measuring high-quality solutions. 

 

9. Variational Quantum Algorithms 
Variational quantum algorithms use parameterised quantum circuits. 

The general structure is: 

Parameterised Quantum Circuit 

↓ 

Measurement 

↓ 
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Objective Function 

↓ 

Classical Optimiser 

↓ 

Updated Parameters 

 

The process repeats until a satisfactory solution is obtained. 

 

10. Hybrid Quantum-Classical Computing 
Near-term quantum computers are generally limited by noise and hardware constraints. 

Consequently, hybrid approaches are particularly important. 

A hybrid architecture can be represented as: 

Classical Computer 

↕ 

Quantum Processor 

The classical computer handles optimisation and preprocessing while the quantum processor 

performs selected computational tasks. 

 

11. Quantum Machine-Learning Models 
Major QML approaches include: 

 Quantum neural networks.  

 Quantum kernels.  

 Variational quantum circuits.  

 Quantum support-vector methods.  

 Quantum generative models.  

Their usefulness depends strongly on the problem and available hardware. 

 

12. Quantum Neural Networks 
Quantum neural networks use parameterised quantum circuits as computational models. 

A conceptual workflow is: 

Input 

↓ 

Quantum Encoding 

↓ 

Parameterized Circuit 

↓ 

Measurement 

↓ 

Prediction 

Classical optimisation can update circuit parameters. 
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13. Quantum Kernels 
Quantum kernels attempt to map data into quantum feature spaces. 

A quantum kernel can measure similarities between encoded data points. 

Potential applications include: 

 Classification.  

 Clustering.  

 Feature analysis.  

 Optimisation-related learning tasks.  

 

14. Quantum Data Encoding 
Classical information must be represented in quantum states. 

Possible methods include: 

 Amplitude encoding.  

 Angle encoding.  

 Basis encoding.  

Data encoding can itself become a computational bottleneck. 

This is one of the important challenges in practical QML. 

 

15. Optimisation Landscape 
Variational quantum algorithms may encounter difficult optimisation landscapes. 

Problems can include: 

 Flat gradients.  

 Local minima.  

 Noise.  

 Parameter instability.  

Efficient parameter optimisation is therefore a major research topic. 

 

16. Combinatorial Optimisation 
Many industrial optimisation problems are combinatorial. 

Examples include: 

 Travelling salesman problems.  

 Vehicle routing.  

 Scheduling.  

 Assignment.  

 Graph partitioning.  

QAOA and related methods are frequently investigated for such applications. 

 

17. Logistics Optimisation 
Logistics companies must optimise: 

 Routes.  
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 Vehicle assignments.  

 Delivery schedules.  

 Warehouse operations.  

Quantum optimisation could potentially assist with complex routing problems. 

 

18. Supply-Chain Optimisation 
Supply chains involve decisions across: 

 

Suppliers → Manufacturing → Warehousing → Distribution → Customers 

Optimisation objectives may include: 

 Cost reduction.  

 Delivery time.  

 Inventory management.  

 Risk reduction.  

Quantum-enhanced methods may become useful for selected large-scale optimisation 

problems. 

 

19. Vehicle Routing 
Vehicle-routing problems become increasingly difficult as: 

 Number of vehicles increases.  

 Number of destinations increases.  

 Time constraints increase.  

Quantum optimisation approaches may provide approximate solutions to selected routing 

formulations. 

 

20. Scheduling 
Scheduling problems occur in: 

 Manufacturing.  

 Aviation.  

 Healthcare.  

 Data centres.  

 Transportation.  

The objective may be to minimise: 

 Idle time.  

 Cost.  

 Delays.  

 Resource conflicts.  

 

21. Manufacturing Optimisation 
Smart manufacturing creates complex optimisation problems involving: 
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 Machine scheduling.  

 Production sequencing.  

 Resource allocation.  

 Maintenance planning.  

Hybrid quantum-classical optimisation could potentially assist with selected scheduling 

problems. 

 

22. Energy Systems 
Modern power grids contain: 

 Renewable generation.  

 Batteries.  

 Electric vehicles.  

 Distributed energy resources.  

Optimisation is required to balance: 

 

Generation + Storage + Demand + Grid Constraints 

23. Renewable Energy Integration 
Renewable generation is variable. 

Optimisation systems must account for: 

 Solar availability.  

 Wind conditions.  

 Demand.  

 Storage capacity.  

Quantum optimisation may eventually support selected grid-management problems. 

 

24. Battery Optimisation 
Battery systems require decisions regarding: 

 Charging.  

 Discharging.  

 Energy allocation.  

 Lifetime management.  

Optimisation can help balance cost, performance and battery degradation. 

 

25. Financial Portfolio Optimisation 
Portfolio optimisation attempts to balance: 

 

Expected Return + Risk + Constraints 

Quantum algorithms have been explored for portfolio-selection and related combinatorial 

financial problems. 
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26. Risk Management 
Financial institutions must optimise decisions under uncertainty. 

Potential applications include: 

 Asset allocation.  

 Hedging.  

 Scenario analysis.  

 Risk optimisation.  

Quantum approaches remain an active research area rather than a mature industry standard. 

 

27. Drug Discovery 
Drug discovery involves searching large molecular spaces. 

Researchers need to identify compounds with desirable: 

 Binding properties.  

 Stability.  

 Selectivity.  

 Safety profiles.  

Quantum methods may eventually assist with molecular optimisation and simulation. 

 

28. Molecular Optimisation 
A molecular design problem can be represented as: 

Molecular Structure 

↓ 

Quantum/Chemical Representation 

↓ 

Property Prediction 

↓ 

Optimisation 

↓ 

Candidate Molecule 

 

Hybrid classical-quantum methods may contribute to parts of this workflow. 

 

29. Materials Science 
Materials discovery requires searching among enormous combinations of: 

 Elements.  

 Structures.  

 Processing conditions.  

Potential applications include: 

 Battery materials.  

 Semiconductors.  
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 Catalysts.  

 Photovoltaic materials.  

 

30. Scientific Optimisation 
Scientific research frequently involves optimisation of parameters. 

Examples include: 

 Experimental design.  

 Model calibration.  

 Parameter estimation.  

 Resource allocation.  

QML may provide alternative optimisation approaches for selected problems. 

 

31. Traffic Optimisation 
Urban transportation systems require optimisation of: 

 Traffic signals.  

 Vehicle routing.  

 Public transportation.  

 Road capacity.  

Quantum optimisation could potentially contribute to large graph-based traffic problems. 

 

32. Network Optimisation 
Network problems occur in: 

 Telecommunications.  

 Transportation.  

 Energy.  

 Computing.  

Examples include: 

 Routing.  

 Network design.  

 Resource allocation.  

Graph-based quantum algorithms are therefore particularly relevant. 

 

33. Quantum Graph Optimisation 
Many real-world optimisation problems can be represented as graphs. 

For example: 

 

Nodes = Locations 

Edges = Connections 

Weights = Costs 
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Quantum algorithms can then operate on mathematical representations of these graphs. 

 

34. Scientific Machine Learning 
QML can also interact with scientific machine learning. 

Potential applications include: 

 Physics simulations.  

 Differential-equation modelling.  

 Parameter optimisation.  

 Complex system modelling.  

 

35. Quantum Simulation 
Quantum computers are naturally suited to representing quantum systems. 

Potential applications include: 

 Molecular simulation.  

 Materials science.  

 Quantum chemistry.  

 Condensed-matter physics.  

 

36. Quantum Chemistry 
Molecular systems can require highly complex computational calculations. 

Quantum algorithms such as variational approaches have been investigated for estimating 

molecular energies. 

This represents one of the major scientific motivations for quantum computing. 

 

37. Quantum Advantage 
A critical question is: 

Can a quantum system solve a useful problem better than the best classical alternative? 

This is referred to broadly as quantum advantage. 

It should not be assumed simply because a problem is implemented on a quantum computer. 

Rigorous benchmarking is necessary. 

 

38. Current Hardware Limitations 
Current quantum processors face challenges involving: 

 Noise.  

 Limited qubit counts.  

 Gate errors.  

 Decoherence.  

 Connectivity constraints.  

These limitations affect practical optimisation. 
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39. Noisy Intermediate-Scale Quantum Systems 
Near-term systems are often described as NISQ devices. 

They can perform useful experiments but generally lack the extensive error correction 

expected in large-scale fault-tolerant quantum computing. 

Therefore, near-term QML research focuses heavily on hybrid methods. 

 

40. Error Mitigation 
Researchers investigate techniques that reduce the effects of quantum noise. 

Examples include: 

 Zero-noise extrapolation.  

 Probabilistic error cancellation.  

 Measurement-error mitigation.  

Error mitigation can improve results but may introduce additional computational overhead. 

 

41. Scalability 
A method that works on a small quantum processor may not necessarily scale effectively. 

Important questions include: 

 How many qubits are required?  

 How deep is the circuit?  

 How many measurements are needed?  

 How does performance change with problem size?  

 

42. Classical-Quantum Comparison 
Every quantum optimisation method should ideally be compared against strong classical 

baselines. 

Relevant baselines may include: 

 Exact solvers.  

 Heuristic methods.  

 Metaheuristics.  

 Machine-learning optimisers.  

This is essential for evaluating practical value. 

 

43. Quantum Resource Requirements 
QML performance depends on: 

 Number of qubits.  

 Circuit depth.  

 Connectivity.  

 Error rates.  

 Measurement cost.  

 Classical optimisation time.  
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A theoretically promising algorithm may therefore be impractical on current hardware. 

 

44. Industry Adoption 
Organisations interested in quantum optimisation should initially focus on: 

 Clearly defined optimisation problems.  

 Small pilot projects.  

 Hybrid workflows.  

 Benchmarking.  

 Workforce development.  

Immediate wholesale replacement of classical systems is generally unrealistic. 

 

45. Quantum Software Ecosystems 
QML development increasingly relies on software frameworks that allow researchers to: 

 Design quantum circuits.  

 Simulate quantum systems.  

 Run algorithms on quantum hardware.  

 Integrate classical optimisation.  

This software layer is essential for experimentation. 

 

46. Hybrid Optimisation Architecture 
A practical architecture can be represented as: 

Industrial Problem 

↓ 

Classical Preprocessing 

↓ 

Quantum Encoding 

↓ 

Quantum Circuit 

↓ 

Measurement 

↓ 

Classical Optimiser 

↓ 

Updated Parameters 

↓ 

Final Solution 

 

47. Proposed Quantum Optimisation Intelligence Framework 
The framework consists of six stages: 
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Stage 1 — Problem Formulation 

Convert a real-world problem into a mathematical optimisation model. 

 

Stage 2 — Classical Reduction 

Simplify and preprocess the problem. 

 

Stage 3 — Quantum Encoding 

Represent the optimisation problem using quantum states or operators. 

 

Stage 4 — Hybrid Optimisation 

Run a quantum circuit with classical parameter optimisation. 

 

Stage 5 — Solution Evaluation 

Compare candidate solutions against constraints and classical baselines. 

 

Stage 6 — Iterative Refinement 

Improve the algorithm and parameters. 

 

48. QML Maturity Model 
Level Capability 

Level 1 Classical optimisation 

Level 2 Quantum simulation 

Level 3 Hybrid quantum-classical experimentation 

Level 4 Problem-specific quantum optimisation 

Level 5 Demonstrated practical quantum advantage 

 

49. Benefits 
Potential benefits include: 

 New optimisation strategies.  

 Exploration of large solution spaces.  

 Hybrid computational architectures.  

 Novel scientific modelling.  

 Potential future computational advantage.  

However, these benefits remain highly problem-dependent. 

 

50. Limitations 
Major limitations include: 
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1. Hardware noise.  

2. Limited qubit availability.  

3. Data-encoding overhead.  

4. Measurement costs.  

5. Algorithmic complexity.  

6. Difficult optimisation landscapes.  

7. Limited benchmarks.  

8. Uncertain quantum advantage.  

9. High development costs.  

10. Shortage of specialised expertise.  

 

51. Workforce Requirements 
Quantum optimisation requires interdisciplinary expertise in: 

 Mathematics.  

 Computer science.  

 Quantum physics.  

 Machine learning.  

 Operations research.  

 Domain-specific applications.  

Organisations will need hybrid teams rather than isolated quantum specialists. 

 

52. Governance 
As quantum computing becomes increasingly relevant to strategic industries, governance 

should address: 

 Cybersecurity.  

 Data protection.  

 Technology access.  

 Research standards.  

 Responsible investment.  

 

53. Cybersecurity Implications 
Quantum computing also has implications for cryptography. 

Future large-scale quantum computers may threaten some existing public-key cryptographic 

systems. 

Organisations therefore need to consider: 

 Post-quantum cryptography.  

 Cryptographic migration.  

 Long-term data protection.  
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54. Future Research Directions 
Important research areas include: 

 Fault-tolerant quantum machine learning.  

 Quantum foundation models.  

 Quantum-enhanced optimisation.  

 Quantum graph learning.  

 Quantum chemistry.  

 Hybrid scientific computing.  

 Quantum reinforcement learning.  

 Quantum generative models.  

 Quantum-inspired classical algorithms.  

 

55. Proposed Research Questions 
1. Which optimisation problems are most suitable for QML?  

2. How can QAOA be scaled to larger industrial problems?  

3. How can quantum and classical optimisers be efficiently combined?  

4. What data-encoding strategies minimise computational overhead?  

5. How should QML be benchmarked against advanced classical algorithms?  

6. Can QML provide practical benefits on near-term hardware?  

7. What role will fault-tolerant quantum computing play in optimisation?  

8. How can organisations develop effective quantum-computing adoption strategies?  

 

56. Strategic Recommendations 
Researchers 

 Focus on problem-specific quantum algorithms.  

 Use strong classical baselines.  

 Report hardware and resource requirements.  

 Develop reproducible benchmarks.  

 

Industry 

 Identify optimisation problems with clear economic value.  

 Begin with hybrid quantum-classical pilots.  

 Develop internal quantum expertise.  

 Avoid assuming quantum advantage without evidence.  

 

Governments 

 Invest in quantum research infrastructure.  

 Support interdisciplinary education.  

 Encourage industry-academic collaboration.  

 Prepare post-quantum cybersecurity strategies.  
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57. Discussion 
The most important question surrounding QML is not whether quantum computers are 

theoretically powerful. 

The more practical question is: 

Which real-world problems can benefit from quantum computational capabilities, and under 

what hardware and algorithmic conditions? 

This distinction is essential. 

Classical optimisation will remain extremely important. 

Quantum computing is most promising when its mathematical structure can be closely 

matched to the underlying problem. 

The emerging paradigm is therefore likely to be: 

 

Classical AI + Classical Optimisation + Quantum Computing 

rather than: 

 

Quantum Computing replacing Classical Computing 

 

58. Future Quantum-Industrial Ecosystem 
A mature ecosystem could connect: 

Industrial Data 

↓ 

AI-Based Problem Formulation 

↓ 

Classical Preprocessing 

↓ 

Quantum Optimisation 

↓ 

Classical Validation 

↓ 

Industrial Decision 

↓ 

Operational Feedback 

 

This hybrid approach could eventually integrate quantum computing into existing enterprise 

infrastructure. 

 

59. Conclusion 
Quantum machine learning represents a promising but still developing approach to complex 

optimisation. 
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Its greatest potential lies in combining quantum computational methods with classical 

artificial intelligence, optimisation algorithms and domain-specific knowledge. 

Applications are being explored in: 

 Logistics.  

 Supply chains.  

 Energy systems.  

 Finance.  

 Manufacturing.  

 Drug discovery.  

 Materials science.  

 Scientific computing.  

 Network optimisation.  

However, current quantum hardware imposes substantial constraints. Noise, limited qubit 

counts, data-loading challenges, measurement overhead and optimisation difficulties mean 

that practical quantum advantage remains highly problem-specific. 

The most realistic near-term model is therefore a hybrid quantum-classical architecture. 

The future trajectory can be summarised as: 

Complex Problem 

↓ 

AI-Assisted Formulation 

↓ 

Classical + Quantum Optimisation 

↓ 

Solution Evaluation 

↓ 

Adaptive Improvement 

↓ 

Industrial or Scientific Application 

 

QML should consequently be viewed neither as a guaranteed replacement for classical 

computing nor as merely a theoretical technology. It is an emerging computational paradigm 

whose ultimate value will depend on identifying problems where quantum algorithms can 

deliver measurable advantages. 

The central research challenge is therefore to move from quantum possibility to demonstrable 

practical value. 
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