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Abstract 

 

The choreography of quantum mechanical phenomena has catalysed accelerated advances 

in the emergence of a quantum computational substrate paradigm that yields the potential to 

solve some of humanities most complex problems through quantum computing speedup 

requires exponential computational power that exceeds that of today’s most powerful super-

computers, to confront the world’s most intractable computational challenges in environment, 

agriculture, health, energy, climate, materials science, precision medicine, autonomous 

vehicles in smart cities, renewable energy and problems humanity has not yet even imagined. 

Current quantum computational substrates are limited by circuit depth, noise processes, qubit 

count, and fault tolerant quantum computational substrates unlikely to be available in the near 

term. Hybrid quantum algorithms/Variational Quantum Algorithms (VQAs), operate by using a 

classical optimizer to orchestrate the parameters of a quantum circuit, have become a 

prominent approach to address these limitations. However, several challenges manifest that 

include the training, speedup. accuracy, and impactful practical application of VQAs. This 

paper reviews novel new frontiers in current VQAs, provides an analysis of VQAs, their 

strengths and limitations, and outlines potential applications in the quest towards yielding 

practical quantum advantage. Secondly, this paper also reviews and provides an assessment 

of quantum software development frameworks. 
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1. INTRODUCTION 

 

The near-term application of quantum computing towards short term practical 

applications, through reduced quantum resource requirements such as qubit count, 

circuit depth, numbers of gates, and numbers of measurements has become a major 

focus of quantum algorithm research [1]-[2]. Variational quantum algorithms (VQAs) 

are a promising approach to harness quantum computing for various applications that 

harness noisy intermediate-scale quantum (NISQ) devices. They operate by using a 

classical optimizer to choreograph the parameters of a quantum circuit. Researchers 

are predominantly proposing VQAs for all applications that are envisaged for quantum 

computers, and they seem to be the most likely way to achieve quantum advantage 

[3]. However, VQAs face some difficulties, such as how to train, optimise and speed 

up the quantum circuits. According to [1], algorithm hybridization remains a potent 

strategy towards realising near term practical applications. Algorithm hybridization is 

the transformation of a pure quantum algorithm into a quantum-classical algorithm 

which has the benefit of reduced resource requirements and increased accuracy. To 

overcome the intensive resource requirements posed by pure quantum algorithms that 

are beyond the capabilities of near-term quantum devices, a hybrid quantum-classical 

optimisation scheme known as the “variational quantum eigensolver” (VQE) was 

developed in 2014 by Peruzzo and McClean et al. [4]. The VQE algorithm is a hybrid 

quantum-classical algorithm that seeks variational solutions to eigenvalue and 

optimisation problems that are beyond reach of classical compute capability [4]-[5], is 

also capable of execution on any quantum device that features variational quantum 

error suppression whilst being able to optimise for the strengths of a given architecture 

through quantum hardware ansatz design for higher fidelity. [6] provides a review that 

seeks to unravel the rich literature and present a clear overview of the advances made 

on the various components of the VQE algorithm, as well as to identify key research 

directions that are essential for the VQE to fulfil its potential. In expanding the theory 

of VQE algorithms, the algorithmic improvements demonstrated by [4] include quantum 

variational error suppression and demonstrate the realisation of computational savings 

of three orders of magnitude through derivative free optimisation techniques compared 

with previously implemented optimisation techniques. 
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2. HYBRID QUANTUM ALGORITHMS 

 

2.1 VARIATIONAL QUANTUM ALGORITHMS 

 

Variational hybrid quantum-classical algorithms represent a class of quantum-classical 

algorithms with immense potential for the short-term realisation of practical 

applications that can be implemented on quantum computers. The implementation of 

variational hybrid algorithms seeks to minimise the cost function through a cost 

evaluation of gate sequencing on a quantum computer, which a classical computer 

subsequently uses as input information to make gate sequencing adjustments to 

parameters [1]. Shao [7] demonstrates the application of variational quantum 

algorithms (VQAs) towards training neural networks and solving convex optimisation 

problems where an exponential speedup against the number of samples and 

polynomial speedup against dimension of the samples over classical training 

algorithms is achieved. Whilst variational hybrid algorithms hold great promise for their 

near-term application through quantum computing, noise still limits the quality of the 

results. Barron and Wood [8] apply the error mitigation techniques introduced by [9] to 

variational hybrid algorithms called Continuous-Time Markov-Process Error Mitigation 

(CTMP-EM) and show that CTMP-EM is essential towards improving the performance 

of VQAs on near-term devices.  

 

3. SCOPE OF REVIEW 

VQAs explored in this review include the VQE, Quantum Approximate Optimisation 

Algorithm (QAOA), Variational Quantum Factoring (VQF), Variational Quantum 

Generator (VQG), Variational Quantum Compiling (VQC), Variational Quantum Linear 

Solver (VQLS) and Quantum Neural Networks (QNNs). Table 1: Summary of key 

variational quantum algorithms, provides a review and summary of applications, 

strengths and limitations of existing variational hybrid algorithms. 
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4. METHODS 

 

VQAs explored in this review include the VQE, Quantum Approximate Optimisation 

Algorithm (QAOA), Variational Quantum Factoring (VQF), Variational Quantum 

Generator (VQG), Variational Quantum Compiling (VQC), Variational Quantum Linear 

Solver (VQLS) and Quantum Neural Networks (QNNs). For each of these VQAs, the 

following key characteristics were reviewed: 

1. Description 

2. Application 

3. References 

4. Strengths 

5. Limitations 

 

Table 1: Summary of key variational quantum algorithms, provides a review and 

summary of applications, strengths and limitations of existing variational hybrid 

algorithms.
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TABLE 1: SUMMARY OF KEY VARIATIONAL QUANTUM ALGORITHMS 

 
Variational 

Hybrid 

Quantum 

Algorithm 

Description Application Reference Strengths Limitations 

Variational 

Quantum 

Eigensolver 

(VQE) 

Building on the quantum 

simulation algorithms of [10] - 

Harnesses both quantum and 

classical resources in seeking 

variational solutions to 

eigenvalue and optimisation 

problems that are classically 

intractable. 

Originally implemented on a photonic 

quantum chip and extended to ion 

trap and nitrogen vacancies in 

diamond quantum computers [4]. 

Applied in quantum chemistry for 

exact computations in polynomial time 

[11]-[12]. 

[11], [12], [5] 

 

Operates on any quantum 

device. Variational 

suppression of some form of 

quantum errors. Optimises for 

given architecture. 

For classical optimisation 

problems, noise rates and 

architecture-problem topology 

alignment remain inhibitors to 

quantum advantages [13]. 

Quantum 

Approximate 

Optimisation 

Algorithm 

(QAOA) 

QAOA seeks approximate 

solutions to combinatorial 

optimisation problems [14]. 

Cannot be efficiently simulated 

on a classical device [16]. 

[14] investigate the application to 

MaxCut on regular graphs and show 

that the QAOA finds a cut at least 

0.6924 times the size of the optimal 

cut. [15] apply QAOA to MaxCut 

problems and the Maximum 

Independent Set (MIS) problem, 

which is also NP-hard. 

[14] – [16] 

 

 

QAOA demonstrates a form of 

quantum supremacy [16]. 

According to [92], for certain 

classes of problems QAOA is 

able to “outperform the best 

unconditionally proven 

classical algorithms, even 

when taking into account the 

training of the model…” 

Reachability deficits described 

by [17] highlight that problem 

density limits the algorithms 

capacity to minimize a 

corresponding objective 

function. 

Simulations of Farhi’s QAOA 

algorithms against real-world 

problems modelled with realistic 

noise do not perform well on 

current NISQ systems [18]. 

Quantum 

Neural 

Neural network models that 

harness the principles of 

[19] - Quantum Associative Memory 

Network – Image and object 

[19] - [21] 

 

[19] presents a review of 25 

significant research papers 

Denormalisation of quantum 

states by a non-unitary operator 
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Networks 

(QNN) 

quantum mechanics that seeks to 

develop more efficient algorithms 

through a combination of 

classical artificial neural networks 

with quantum information 

principles and generally 

developed as feed-forward 

networks [60] – [62]. 

recognition, pattern recognition, 

diagnosis of tropical diseases. 

Quantum Backpropagation Network – 

Image compression, image 

restoration from noise and blur. 

Quantum Feedforward Network – 

Epileptic seizure detection, 

recognition of handwritten numerals. 

Qubit-Like Neuron – Image 

compression, night vision processing. 

Two quantum machine-learning 

algorithms that are designed to pick 

out features in large data set make for 

a promising path to quantum 

advantage [22]. 

that describes the evolution of 

quantum neural network 

research from 1995-2020 

together with a presentation on 

quantum neuron and network 

models that highlight their 

advantages over classical 

models. 

which have to be normalised 

[19]. 

Linear nature of quantum neural 

networks in comparison to 

classical neural networks which 

are non-linear [19]. 

Variational 

Quantum 

Linear Solver 

(VQLS) 

Variational hybrid quantum-

classical algorithm for solving 

linear systems through reduced 

circuit depth whilst performing 

most of the computation 

classically. 

Electromagnetic scattering [23]. 

Linear differential equation solving 

[24]. 

Finite element method [25]. 

Least-squares fitting [26]. 

Machine learning and big data 

analysis [27]. 

 

[28] – [30] 

 

Estimation of cost functions 

which are classically 

intractable and problem size 

scaling [28]. 

 

Noise causes the training 

landscape to have a barren 

plateau [31]. 

Variational 

Quantum 

Factoring 

(VQF) 

[32] present an alternative to 

Shor’s algorithm, the VQF 

algorithm which maps the 

factoring problem to the ground 

state of an Ising Hamiltonian 

where the VQF executes through 

Public key cryptography and 

encryption schemes [32]. 

Experiential work that demonstrates 

factoring using VQF on a 

superconducting quantum processor 

[33]. 

[32], [34]-[35] VQF may be able to 

outperform Shor’s algorithm 

within a decade [32]. 

VQF shares the strengths and 

limitations of QAOA [32]. 

VQF requires a large number of 

2-qubit gates which results in a 

deep circuit overhead [36]. 
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simplifying equations over 

Boolean variables during pre-

processing that reduces the 

number of qubits needed for the 

Hamiltonian, after which, through 

training variational circuits using 

the QAOA, seeks an approximate 

ground state of the resulting Ising 

Hamiltonian. 

Variational 

Quantum 

Generator 

(VQG) 

VQGs comprises a quantum 

circuit that encodes a classical 

random variable into a quantum 

state, called the quantum 

encoder, and a parameterised 

variational circuit that is 

optimized to mimic a target 

probability distribution. The 

measuring of expectation values 

of a set of operators chosen at 

the beginning of the calculation 

form the basis of sample 

generation [37]. 

VQGs can generate representative 

data such as text, images, audio, etc. 

Generative adversarial quantum 

machine learning for continuous 

distributions [37] – [38]. 

 

 

[37], [39] – [40]  [37] show that VQGs could be 

trained using an adversarial 

learning approach, creating a 

blueprint for hybrid quantum-

classical models 

towards solving classical 

machine learning problems. 

The impact of noise on the 

estimation of expectation values 

and the barren plateau of the 

quantum neural network training 

landscapes [41]. 

Variational 

Quantum 

Compiling 

(QAQC) 

VQC also known as quantum-

assisted quantum compiling 

(QAQC) seeks to overcome the 

challenges faced when compiling 

quantum algorithms for near-term 

NISQ devices through the 

evaluation of an algorithms cost 

[42] demonstrate a gradient-free and 

gradient-based approaches to cost 

minimisation in addition to compiling 

various one-qubit gates on IBM's and 

Rigetti's quantum computers into 

native gate alphabets. [42] have also 

simulated QAQC up to a problem size 

[42], [43] – [45] Shortened length of quantum 

program, application of QAQC 

to learning algorithms that 

compensate for a quantum 

computer's noise, benchmark 

the noise processes evolving 

on a quantum computer, and 

Barren plateaus and cost 

function locality [46]. 

Abrupt transitions in the ability of 

quantum circuits to be trained to 

minimize objective functions 

[47]. 
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on a quantum computer. 

Overcoming the optimality 

challenge for quantum compilers 

to return a machine-level 

program through the least 

number of operations is crucial 

for NISQ devices where longer 

programs exhibit more errors in 

comparison to shorter programs 

avoiding such errors [42]. The 

VQC seeks to minimize the 

distance between the original 

program and the compiled 

program through quantifying this 

distance, which cannot be 

efficiently calculated on a 

classical computer [42]. 

of 9 that highlight the scalability of the 

cost function as well as the noise 

resilience of QAQC. Other 

applications of QAQC include 

algorithm depth compression, black-

box compiling, noise mitigation, and 

benchmarking [42]. 

mitigating errors in NISQ 

devices [42]. 
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5. QUANTUM SOFTWARE FRAMEWORKS 

 

This section provides a brief summary of quantum software development frameworks 

as highlighted in Table 2: Quantum Software Development Frameworks. There has 

been a mushrooming of open-source software for quantum computing projects 

spanning stages of the quantum toolchain that include quantum hardware interfaces, 

quantum compilers, implementations of quantum algorithms, coupled with all the 

diverse quantum computing paradigms that include quantum annealing and discrete 

and continuous-variable gate-model quantum computing. 

 

[48] provides an evaluation of open-source software for quantum computing projects 

and an assessment of each projects characteristics together with a GitHub community 

evaluation and the evaluation results for static analysis of each project and its source 

code. Findings reveal that while there are a large number of projects, very few of these 

projects have attracted external developer contributions with shortcomings in software 

engineering featuring in many commercially backed frameworks. 
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TABLE 2: QUANTUM SOFTWARE DEVELOPMENT FRAMEWORKS 

 
Quantum Software 

Development 

Framework 

Description Publisher Reference 

Strawberry Fields A full-stack Python library to design, optimise and simulate continuous variable 

(CV) quantum optical circuits [49] 

Xanadu [49], [96] 

PennyLane Cross platform Python library for quantum machine learning, automatic 

differentiation, and optimisation of hybrid quantum-classical compute workloads 

and has plugins to ProjectQ and Qiskit [49]. 

Xanadu [49], [97] 

Cirq Open-source framework for NISQ devices [49]. Google AI Quantum Team [49], [98] 

TensorFlow Quantum 

(TFQ) 

Focussing on quantum data, TFQ is a quantum machine learning library for 

prototyping hybrid quantum-classical machine learning models which integrates 

logic and algorithms designed in Cirq [49]. 

Google [49], [99] 

Quantum Development 

Kit 

Open-source framework for developing quantum applications with Q#, a high-level 

quantum-focused programming language. Q# and the QDK represent key 

components of Microsoft’s quantum platform for learning and the development of 

commercial quantum applications [49] – [50]. 

Microsoft [49], [50] - [51]  

 

Qiskit Open-source framework for working with OpenQASM and the IBM Q quantum 

processors that provides tools to create and manipulate quantum programs [52]. 

IBM [52] 

Forest A suite comprising a quantum instruction language called Quil, an open-source 

Python library for Quil program development called pyQuil, a library of quantum 

programs called Grove, and a simulation environment called Quantum Virtual 

Machine [49]. 

Rigetti  [49] – [50] 

 

Open Controls Open-source Python package to develop and deploy error resilient quantum 

protocols [49]. 

Q-CTRL [49] 
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Mitiq Open-source framework for implementing error mitigation techniques on NISQ 

devices that is compatible with quantum programs targeting IBM Q’s Qiskit, 

Google’s Cirq, Rigetti’s PyQuil [49]. 

Unitary Fund [49] 

Tequila An extensible quantum information and learning architecture that operates on 

abstract data structures and supports backends from Qulacs, Qiskit, Cirq, and 

PyQuil [49]. 

Aspuru-guzik-Group [49], [53] 

 

QCircuits Python library that offers quantum circuit simulation that is based on the quantum 

circuit model [49]. 

QCircuits [49] 

Yao Open-source framework written in the Julia language designed for quantum 

algorithm design that features generic and differentiable programming of quantum 

circuits [49]. 

Yao [49], [100] 

Paddle Quantum A quantum machine learning framework based on Baidu’s flying paddle that 

supports the development and training of quantum neural networks that provides 

quantum machine learning development kits for quantum optimization, quantum 

chemistry and other cutting-edge quantum application tool sets [49]. 

Paddle Quantum [49], [102] 

Qulacs A python/C++ library developed at Kyoto University and maintained by QunaSys 

that provides fast simulation of large, noisy, or parametric quantum circuits that 

offers better performance than Cirq, ProjectQ, pyQuil, Q#, Qiskit Terra, and QuPy 

due to the C/C++ backend as at Oct 2018 [49]. 

Qulacs [49], [54]  

staq A full-stack quantum processing toolkit developed in C++ that offers a quantum 

compiler toolkit offering tools from quantum optimizers and translators to physical 

mappers for quantum devices with restricted connectives [55]. 

softwareQ [49], [55]  

 

Bayesforge Linux machine image that aggregates common machine learning frameworks, 

such as TensorFlow, PyTorch and PyMC, with open source QC software from D-

Wave, Rigetti, IBM Quantum Experience, Cirq, as well as other advanced QC 

frameworks [49]. 

Bayesforge [49] 
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Blueqat Blueqat is a Python based software framework for universal quantum computing 

designed for which is also designed to connect the Blueqat backend to the Nvidia 

CUDA based universal model simulator. 

blueqat [49], [103] 

Amazon Braket Amazon Braket is a fully managed quantum computing service that enables 

researchers and developers to accelerate research and discovery. Amazon Braket 

provides a development environment to explore and build quantum algorithms, 

test them on quantum circuit simulators, and run them on different quantum 

hardware technologies [56]. 

Amazon [56] 

Quantum Programming 

Studio 

Quantum Programming Studio is a web based graphical user interface allowing 

users to construct quantum algorithms and obtain results by simulating directly in 

browser or by executing on real quantum computers. 

Quantum Programming Studio [49] 

Atos/SFTC Hartree 

Centre – Quantum 

Learning as a Service 

(QLaaS) 

Atos partnered with the UK’s Science & Technology Facilities Council (SFTC) 

Hartree Centre offer cloud access to the Atos Quantum Learning Machine which a 

high performance classically based simulator that can simulate up to 38 qubits and 

can include quantum noise models to understand how a program would run on an 

actual quantum machine.   

Atos [49] 

Quantum User 

Interface (QUI) 

An initiative of the University of Melbourne offering an intuitive programming and 

simulation environment called QUI which is designed to enable users to visualize 

and understand the inner workings of a quantum computer featuring an ability to 

display visualizations of the quantum computer’s state at every stage in the 

program and supports up to five qubits. 

The University of Melbourne [49] 

Qibo Qibo is an open-source high-level API provided by Qilimanjaro, written in Python 

and capable of executing quantum algorithms on top of different quantum 

computers and simulators. 

Qilimanjaro [49], [101] 

XACC XACC (eXtreme-scale ACCelerator) is a programming model and software 

framework enabling quantum acceleration within standard or HPC software 

workflows that adopts a coprocessor machine model that is independent of the 

XACC [49], [104] 
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underlying quantum computing hardware which enables quantum programs to be 

defined and executed on a variety of QPUs types. 

Quantum++ Quantum++ is general-purpose multi-threaded quantum computing library written 

in C++11 and composed exclusively of header files which is not restricted to qubit 

systems or specific quantum information processing tasks, being capable of 

simulating arbitrary quantum processes. 

SoftwareQ Inc. [49] 

Quantum Inspire Provides access to technologies to perform quantum computations and learn 

insights into the principles of quantum computing featuring a variety of ways for 

users to program quantum algorithms, execute these algorithms and examine the 

results including a graphical interface to program in QASM (Quantum Assembly 

Language) and visualize operations in circuit diagrams. 

QuTech [49] 

QUCAT Open source Python library providing standard analysis tools for superconducting 

electronic circuits that are built around at least one Josephson junction. 

QUCAT [49] 

QuTiP: Quantum 

Toolbox in Python 

Open-source software that simulates the dynamics of open quantum systems 

which depends on the Numpy, Scipy and Cython numerical packages which aims 

to provide efficient numerical simulations of a wide variety of Hamiltonians, 

including those with arbitrary time-dependence. 

QuTiP [49] 

OpenFermion Open-source chemistry package for quantum computers which can be used to 

generate and compiling physics equations which describe chemical and material 

systems representations that can be interpreted by a quantum computer. 

OpenFermion [49] 

Qbsolv from D-Wave Provides tools that takes large Quadratic Unconstrained Binary Optimization 

(QUBO) problems and partitions them into smaller sub-QUBOs. 

D-Wave [49] 

Raytheon BBN Open-

Source Software 

Raytheon BBN is make available three open source software programs related to 

Quantum Computing: Qlab (framework for superconducting qubit systems), 

PySimulator (A python/C++ framework for master equation simluation of qubit 

systems) and PyQLab (A python framework for superconducting qubit systems). 

Raytheon BBN Technologies - 

Quantum Group 

[49] 

OpenQL High-level quantum programming language and associated quantum compiler. OpenQL [57] 
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4.1 QUANTUM PROGRAMMING LANGUAGES 

 

A survey of quantum programming languages is presented by [58]. Zhao [58] defines 

the term ‘quantum software engineering’ and summarises the various phases of the 

quantum software development life cycle. In another survey, quantum computing 

programming languages are classified by level of programming providing a 

classification of some of the existing quantum computing languages based on the level 

of programming [59]. In a survey paper by [98], [105]-[106], an overview is provided of 

state of the art in the field of quantum programming languages that focusses on high-

level quantum programming languages for quantum computers, their features and 

comparisons. A systematic literature review (SLR) has been conducted by [107] to 

investigate (i) architectural process, (ii) modelling notations, (iii) architecture design 

patterns, (iv) tool support, and (iv) challenging factors for quantum software 

architecture. The results of their study suggest that quantum software represents a 

new category of software-intensive systems. However, existing processes and 

notations can be adapted to derive quantum software development architecting 

activities towards developing modeling languages for quantum software. 

 

 

 

6. DISCUSSION 

 

The classical simulation of large quantum systems or solutions to large-scale linear 

algebra problems remain classically intractable given their high computational 

overhead. A quantum computational substrate yields the potential to overcome these 

challenges, although fault-tolerant quantum computational substrates remain a long-

term pursuit. Currently available quantum hardware bear serious limitations which 

include limited qubit numbers and noise processes that constrain circuit depth. VQAs 

which leverage a classical optimizer to train a parametrized quantum circuit, present a 

promising strategy to address these limitations. VQAs are now the leading approach 

for all applications that researchers have envisioned for quantum computers with the 

imminent possibility of obtaining quantum advantage [3], acknowledging that some 

major hurdles remain to be overcome that include the trainability, accuracy, and 
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efficiency of VQAs. [3] present a detailed overview of the field of VQAs and strategies 

to address the limitations whilst highlighting the exciting prospects for harnessing 

VQAs as a means to obtain quantum advantage. 

 

Other VQAs which are derivatives of those highlighted in Table 2 include: 

• Variational Trace Distance Estimation Algorithm (VTDE) - employs 

parameterised quantum circuits (PQCs) to estimate the trace norm of an 

arbitrary Hermitian matrix with applications in trace distance estimation proving 

to be practical and efficient for NISQ devices and equivalent to VQE [63]. 

• Variational Fidelity Estimation Algorithm (VFE) – estimates fidelity between two 

quantum states [63]. 

• Variational Quantum State Diagonalization Algorithm (VQSD) – [1] present the 

VQSD algorithm for quantum state diagonalisation for applications in 

condensed matter physics and principal component analysis in machine 

learning. 

 

5.1 APPLICATIONS 

 

Work done by [64] towards the near-term applications of quantum computing through 

a quantum-classical paradigm articulates the architectural requirements of a quantum-

cloud platform with a supporting framework that benchmarks its runtime performance 

that is optimised for variational hybrid algorithms. Key features of [64] work include 

parametric compilation and active qubit reset to support variational hybrid algorithms, 

which when integrated into the Rigetti Quantum Cloud Services (QCS) platform yields 

significant improvements in algorithm runtime latencies over first-generation of 

quantum cloud offerings. In applying the variational hybrid algorithm paradigm to 

machine learning, [2] present a framework where machine learning models for 

supervised learning and generative modelling are represented as PQCs. With 

generative modelling, synthetic data is generated for an unsupervised learning task 

through modelling unknown probability distributions and envisioned to be instrumental 

in the development of artificial general intelligence [2]. PQCs, made up of fixed and 

adjustable gates, offer a solid foundation for algorithm implementation and the 

demonstration of quantum supremacy in the NISQ era.  
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Towards demonstrating quantum advantage on applications, problems are framed as 

variational optimisation problems in seeking approximate solutions which have proven 

to be successful in combinatorial optimisation and machine learning where NISQ 

hardware addresses the classically intractable components of a problem [2]. The 

QAOA features shallow depth and is designed to run on gate-based quantum 

computers which receives a combinatorial optimization problem as input and outputs 

a string that meets a high percentage of the maximum number of satisfiable clauses 

[14], [16]. In analysing the performance of QAOA on MaxCut problems, [15] show an 

exponential improvement in the approximation ratio performance for random 

unweighted (or weighted) graphs.  

 

QNNs, based on the founding ideas of [20] and [21], combine classical machine 

learning artificial neural network models with the principles of quantum mechanics 

towards more efficient algorithms [65] - [67], [69] – [74]. [19], highlighting the work of 

[68] which shows that, without any loss of generality, a QNN can learn faster than the 

control network of the same architecture. Quantum neural network models include the 

Quantum Associative Memory Network (QAMN), Quantum Backpropagation Neural 

Network (QBPN), Quantum Feedforward Neural Network (QFFNN), Quantum 

Competitive Neural Network (QCNN), Quantum Mcculloch Pitts Neuron (QMPN), 

Quantum Perceptron Neuron (QPN), Variational Quantum Circuit Neuron (VQCN), 

Qubit-Like Neuron (QBL) [19].  

 

A pure quantum algorithm for solving linear systems of equations, formulated in 2009, 

seeks to estimate the result of a scalar measurement against a solution vector to a 

linear system of equations and offers exponential speedup over the fastest classical 

algorithms [75]. Given the limitations inherent in the near-term implementation of pure 

quantum algorithms towards solving systems of linear equations due to the circuit 

depth required [44], [44] proposes a VQLS for efficiently solving systems of linear 

equations on near-term devices, successfully implementing the VQLS on a problem 

size of 1024 x 1024 whilst [28] implemented the VQLS on a problem size of 32 × 32 

using Rigetti’s quantum computer. 

 

Peter Shor’s algorithms for the integer factorisation discrete logarithm problem are 

solved in polynomial time in comparison with super-polynomial time for classical 
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algorithms [34]-[35]. However, factoring through Shor’s algorithm remains beyond the 

capabilities of current NISQ devices. [32] present an alternative to Shor’s algorithm, 

the VQF algorithm which maps the factoring problem to the ground state of an Ising 

Hamiltonian where the VQF executes through simplifying equations over Boolean 

variables during pre-processing that reduces the number of qubits needed for the 

Hamiltonian, after which, through training variational circuits using the QAOA, seeks 

an approximate ground state of the resulting Ising Hamiltonian. 

 

VQGs comprises a quantum circuit that encodes a classical random variable into a 

quantum state, called the quantum encoder, and a parameterised variational circuit 

that is optimized to mimic a target probability distribution. The measuring of expectation 

values of a set of operators chosen at the beginning of the calculation form the basis 

of sample generation [37], [39]-[40]. 

 

VQC also known as quantum-assisted quantum compiling (QAQC) seeks to overcome 

the challenges faced when compiling quantum algorithms for near-term NISQ devices 

through the evaluation of an algorithms cost on a quantum computer. Overcoming the 

optimality challenge for quantum compilers to return a machine-level program through 

the least number of operations is crucial for NISQ devices where longer programs 

exhibit more errors in comparison to shorter programs avoiding such errors [42]. The 

VQC seeks to minimize the distance between the original program and the compiled 

program through quantifying this distance, which cannot be efficiently calculated on a 

classical computer [42]. 
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7. CONCLUSION 

 

There is a rapid pace of evolution taking place across the quantum computing 

landscape, driven by large technology vendor platforms seeking to extend their 

traditional offerings into the quantum computing race. According to [76], in 2023, IBM 

will unveil Condor, the first universal quantum computer with over a thousand qubits. 

The company also plans to introduce Heron, a new kind of modular quantum processor 

that could pave the way for quantum computers with more than 4,000 qubits by 2025. 

[77] maps many of the key players in the quantum computing ecosystem and [78] – 

[81] assesses the present quantum computing landscape. In summary, the principles 

of quantum mechanics and the quantum mechanical phenomena of superposition and 

entanglement, are permitting quantum computing to perform computations which are 

much more efficient than classical AI algorithms, and exponentially faster [82] – [90]. 

However, in the cloud of the projected hype, a key question remains. What are the 

impactful applications that can manifest a practical quantum advantage. An analysis 

by [91] reveals that many of the prospective application areas popularized will not 

benefit from quantum computing unless the algorithms are significantly improved [91]. 

 

Variational algorithms are a popular choice for quantum hardware in the NISQ era 

because of their noise tolerance. However, the vast literature on these algorithms is 

expansive and complex, with many different techniques and variations. Within the 

diversity of research, it remains difficult to find a clear and comprehensive guide on 

how to choreograph and optimize them. Furthermore, the practical benefits and 

applications of the algorithm are not well established or benchmarked for the 

realisation of practical quantum advantage. While some theoretical results suggest that 

variational algorithms can scale very well, other studies indicate that they may face 

significant challenges to outperform classical algorithmic methods. 
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