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Abstract 

The convergence of quantum computing and machine learning represents one of the most 

promising frontiers in computational science. This paper surveys quantum machine learning 

(QML) algorithms for advanced data analysis, examining how superposition, entanglement, 

and quantum interference achieve exponential speedups over classical counterparts. Key 

algorithms — HHL, QPCA, QSVM, QNN, and VQE — are reviewed alongside applications 

in finance, genomics, drug discovery, climate modelling, and NLP. Challenges including 

noise, decoherence, and the barren plateau problem are addressed, with a roadmap toward 

fault-tolerant quantum advantage. 
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1. Introduction 

The exponential growth of data has 

stretched classical computational 

paradigms. ML algorithms face 

bottlenecks rooted in the von Neumann 

architecture — sequential processing, 

memory bandwidth constraints, and 

polynomial scaling. Quantum computing 

offers a fundamentally different model 

based on quantum mechanics, promising 

to surpass classical methods for specific 

problem classes. 

QML blends quantum information theory 

with statistical learning. Since the seminal 

HHL proposal (2009), research has grown 

exponentially. Google's 2019 quantum 

supremacy demonstration and IBM's 

roadmap toward error-corrected processors 

by 2029 have accelerated near-term QML 

development. 

1.1 Motivation: Classical ML algorithms 

scale polynomially with dataset size and 

model dimensionality. For high-

dimensional feature spaces, kernel 

evaluations, or large linear systems, 

quantum algorithms offer exponential 

speedups, fundamentally altering the 

feasibility frontier of advanced data 

analytics. 
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1.2 Contributions: (1) Structured 

taxonomy of QML algorithms. (2) 

Mathematical exposition and complexity 

analyses. (3) Evaluation of NISQ-era 

hybrid frameworks. (4) Critical assessment 

of domain-specific quantum advantage. (5) 

Forward-looking discussion of fault-

tolerant QML. 

 

2. Quantum Computing Fundamentals 

2.1 Qubits: A qubit exists in superposition 

|ψ⟩ = α|0⟩ + β|1⟩, where |α|² + |β|² = 1. An 

n-qubit register represents 2ⁿ basis states 

simultaneously, providing natural 

exponential representational advantage. 

2.2 Entanglement: A uniquely quantum 

correlation enabling algorithms to process 

correlated information jointly across multi-

qubit registers, facilitating efficient kernel 

computations and non-local feature 

representations. 

2.3 Quantum Gates: Unitary 

transformations including Pauli (X,Y,Z), 

Hadamard (H), phase gates (S,T), and two-

qubit gates (CNOT, CZ). A quantum 

circuit is a directed acyclic graph of gate 

operations culminating in measurement 

that collapses amplitudes to classical 

outcomes. 

2.4 Quantum Speedup: Grover's 

algorithm provides O(√N) quadratic 

speedup for unstructured search; Shor's 

algorithm provides exponential speedup 

for factorisation. ML speedups are 

problem-specific and often require QRAM 

to realise theoretical advantages. 

2.5 QRAM: Enables dataset loading into 

superposition in O(log N) vs classical 

O(N). The bucket brigade architecture uses 

a binary tree of quantum switches. Without 

QRAM, many speedup claims collapse — 

making its realisation a critical QML 

milestone. 

 

3. Core QML Algorithms 

3.1 HHL Algorithm: Solves N linear 

equations Ax = b in O(log(N)·κ²·ε⁻¹) time 

— exponential speedup over classical 

conjugate gradient O(N·κ). Three phases: 

(1) QPE encodes eigenvalues; (2) 

controlled rotation inverts eigenvalues; (3) 

inverse QPE uncomputes. Accelerates 

least-squares regression, ridge regression, 

and Gaussian process inference. 

3.2 QPCA: Classical PCA requires O(N²) 

covariance computation and O(N³) 

eigendecomposition. QPCA (Lloyd et al., 

2014) estimates principal components of 

density matrix ρ in O(log N) via quantum 

phase estimation and density matrix 

exponentiation. Key for genomic 

expression arrays and hyperspectral 

imaging. 

3.3 QSVM: Classical SVMs require O(N²) 

quadratic programming. QSVM 

(Rebentrost et al., 2014) classifies in 

O(log(NM)) using quantum kernel K(xᵢ,xⱼ) 

= |⟨φ(xᵢ)|φ(xⱼ)⟩|², capturing exponentially 

complex feature interactions. 

Demonstrated on photonic processors for 

binary classification. 

3.4 QNNs:Parameterised quantum circuits 

serving as function approximators. Output: 

⟨O⟩ = ⟨φ(x)|U†(θ)OU(θ)|φ(x)⟩. Training 

uses the parameter-shift rule: ∂⟨O⟩/∂θₖ = 

[⟨O⟩(θₖ+π/2) − ⟨O⟩(θₖ−π/2)] / 2, enabling 

exact hardware-compatible gradient 

computation. 

3.5 Quantum k-Means: Reduces classical 

O(NkdT) to O(k·√N·log(Nd)·T) using 

quantum distance estimation and Grover-

enhanced minimum-finding. Applied to 
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customer segmentation, anomaly 

detection, and document clustering. 

3.6 VQE / QAOA: VQE 

minimises⟨ψ(θ)|H|ψ(θ)⟩ for Hamiltonians 

encoding optimisation objectives. QAOA 

targets graph-structured problems: 

maximum cut, portfolio optimisation, and 

combinatorial feature selection. 

3.7 Quantum Boltzmann Machines: 

Extend RBMs to quantum thermal states ρ 

∝ e^(−βH). Represent distributions 

exponentially more compactly than 

classical RBMs. Applied to molecular 

conformation modelling, fraud detection, 

and financial time-series density 

estimation. 

 

4. Hybrid Quantum-Classical Frameworks 

NISQ devices (50–1000 qubits, 

microsecond coherence) are insufficient 

for fault-tolerant computation. Hybrid 

architectures delegate quantum subroutines 

to hardware while classical hardware 

handles optimisation and preprocessing. 

4.1 VQCs: Data-encoding circuit + 

trainable ansatz + measurement layer, 

depth constrained to 10–100 two-qubit 

gate layers. Trained with Adam, L-BFGS, 

or SPSA optimisers. 

4.2 Quantum Transfer 

Learning:Pretrained classical CNNs 

extract features, which are encoded into 

quantum states for a small parameterised 

circuit. Combines deep learning 

representation strength with quantum 

circuit expressivity. 

4.3 Quantum Kernel Methods: K(xᵢ,xⱼ) 

evaluated on quantum hardware; kernel 

matrix and SVM optimisation performed 

classically. Huang et al. (2021) provide 

theoretical conditions for genuine quantum 

advantage over classical kernels. 

 

5. Domain-Specific Applications 

Domain QML Approach Key Benefit / Application 

Finance QAOA, Quantum Monte 

Carlo 

Portfolio optimisation, derivative pricing 

Genomics QPCA, Quantum Clustering Population stratification, cancer subtype 

identification 

Climate Quantum Reservoir 

Computing, HHL 

Chaotic forecasting, data assimilation 

Drug 

Discovery 

VQE, QBM Molecular simulation, de novo drug design 

NLP QNLP (lambeq), Quantum 

Attention 

Sentence classification, compact 

representations 
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Finance: QAOA applied to Markowitz 

portfolio as QUBO achieves near-optimal 

solutions. Quantum Monte Carlo delivers 

quadratic speedups for derivative pricing 

and risk assessment. 

Genomics: QPCA for SNP-based 

population stratification; quantum 

clustering for RNA-seq cancer subtyping; 

VQE for protein folding energy 

minimisation. 

Climate: Quantum reservoir computing 

for chaotic time-series forecasting; HHL-

based data assimilation accelerates 

ensemble weather prediction. 

Drug Discovery: QML on molecular 

graphs captures electronic structure 

correlations unreachable by classical 

GNNs. VQE demonstrated on H₂, LiH, 

H₂O. QBMs generate novel drug-like 

molecules. 

NLP:DisCoCat grammar maps to quantum 

circuits via lambeq. QNLP demonstrated 

binary sentence classification on hardware. 

Quantum attention proposed as O(log N) 

alternative to classical O(N²) self-

attention. 

 

6. Challenges and Limitations 

6.1 Noise &Decoherence: Gate error rates 

of 0.1–1% per two-qubit gate; coherence 

times of 50–500 μs limit circuit depth to 

~50–200 gates. Error mitigation (zero-

noise extrapolation, probabilistic error 

cancellation) compensates partially but 

adds overhead. 

6.2 Barren Plateaus: Gradient variance 

scales as Var[∂L/∂θ] ∝ 2⁻ⁿ for random 

circuits on n qubits, rendering training 

exponentially difficult. Mitigated by 

problem-informed ansatz design, local cost 

functions, and layer-wise training — but 

no universal solution exists. 

6.3 QRAM Bottleneck: No practical 

QRAM demonstrated beyond tens of 

memory cells. Without it, O(N) data 

loading negates speedups — a critical 

open problem. 

6.4 Measurement Overhead: O(1/ε²) 

circuit repetitions needed per expectation 

value estimate. Shadow tomography and 

classical shadow techniques improve 

efficiency but remain active research 

areas. 

 

7. Future Directions 

7.1 Fault-Tolerant QML: IBM targets 

100,000 physical qubits by 2033. At 

logical error rates below 10⁻¹⁰, 

HHL/QPCA/QSVM can operate on 

practical datasets, providing genuine end-

to-end quantum advantage. 

 

7.2 Quantum LLMs: Quantum attention 

in O(log N) space vs classical O(N²). 

QLLMs remain speculative; initial work 

focuses on quantum tensor network 

approximations of attention matrices. 

7.3 Quantum Federated Learning: 

Quantum secure multi-party computation 

enables privacy-preserving gradient 

aggregation. Quantum differential privacy 

provides formal guarantees for distributed 

learning. 

7.4 Neuromorphic-Quantum 

Integration: Quantum-inspired spiking 

neural networks leverage tunnelling effects 

in memristive devices. Superconducting 

qubits and neuromorphic circuits share 

cryogenic environments, enabling tightly 

integrated co-processors. 
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8. Conclusion 

QML offers theoretically compelling 

speedups for linear algebra, dimensionality 

reduction, classification, and optimisation 

central to modern data science. The HHL 

algorithm, quantum kernel methods, 

VQCs, and QNNs constitute a rich toolkit 

constrained by current hardware noise and 

scale. Identifying problem instances with 

provable, practical quantum advantage — 

without unrealistic QRAM or depth 

assumptions — remains the central 

challenge. Pharmaceutical discovery, 

financial risk modelling, and genomics 

represent high-value targets as hardware 

matures toward fault-tolerant operation, 

positioning QML to fundamentally expand 

the computational frontier of artificial 

intelligence. 
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