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Abstract 

Quantum computing has transitioned from a theoretical curiosity to an emerging 

technological paradigm with demonstrable computational advantages in specific problem 

domains. This paper presents a comprehensive review of current advances in quantum 

computing hardware, software, and near-term applications within the Noisy Intermediate-

Scale Quantum (NISQ) era. We examine the architectural evolution of leading quantum 

platforms, including superconducting, trapped-ion, and photonic systems, analyzing their 

qubit counts, gate fidelities, and coherence times. The paper evaluates key quantum 

algorithms  Shor's factoring algorithm [1], Grover's search algorithm [2], the Variational 

Quantum Eigensolver (VQE) [3], and the Quantum Approximate Optimization Algorithm 

(QAOA) [4] in the context of their practical applicability to real-world problems. We further 

discuss the milestone of quantum computational advantage demonstrated by Google's 

Sycamore processor [5] and IBM's ambitious hardware roadmap toward fault-tolerant 

quantum computing [6]. Our analysis reveals that while universal fault-tolerant quantum 

computing remains a long-term objective, NISQ-era devices are already yielding valuable 

results in quantum chemistry simulation, combinatorial optimization, and quantum machine 

learning. We conclude by identifying the critical challenges—error correction, scalability, 

and algorithm design that must be addressed to realize the full potential of quantum 

computing. 
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I. INTRODUCTION 

The field of quantum computing exploits the principles of quantum mechanics—superposition, entanglement, and 

interference to perform computations that are intractable for classical computers. Since Richard Feynman's seminal 1982 

proposal for simulating physics with quantum systems and David Deutsch's formalization of the quantum Turing machine 

in 1985, the discipline has evolved from theoretical foundations to physical implementations capable of executing 

meaningful computations [7]. 

The contemporary quantum computing landscape is defined by the Noisy Intermediate-Scale Quantum (NISQ) 

era, a term introduced by Preskill [8] to characterize devices comprising 50 to several hundred qubits that lack full error 

correction. Despite the inherent noise limitations, NISQ processors have achieved remarkable milestones. In 2019, Arute 

et al. [5] demonstrated quantum computational advantage using Google's 53-qubit Sycamore processor, completing a 

random circuit sampling task in 200 seconds that would require approximately 10,000 years on the most powerful classical 
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supercomputer. This landmark result, while debated in terms of practical utility, established that quantum processors can 

outperform classical systems in at least one well-defined computational task. 

IBM has pursued an aggressive hardware roadmap, progressing from the 127-qubit Eagle processor (2021) to the 

433-qubit Osprey (2022) and the 1,121-qubit Condor (2023), with plans to exceed 100,000 qubits by 2033 through 

modular architectures [6]. Concurrently, trapped-ion platforms such as IonQ's Forte and Quantinuum's H2 have achieved 

superior gate fidelities, albeit with fewer qubits, offering a complementary path toward scalable quantum computation 

[9]. Figure. 1 illustrates the qubit counts across major quantum computing platforms, highlighting the rapid scaling 

trajectory of superconducting architectures. 

Figure. 1. Qubit counts across major quantum computing platforms (2019–2023). IBM's superconducting processors 

show aggressive scaling, while trapped-ion systems prioritize gate fidelity over qubit count. 

 

This paper provides a structured review of the current state of quantum computing, organized as follows. Section 

II surveys quantum hardware platforms and their comparative characteristics. Section III examines key quantum 

algorithms and their near-term applicability. Section IV discusses emerging applications in the NISQ era. Section V 

addresses the principal challenges facing the field, and Section VI presents conclusions and future directions. 

II.  QUANTUM HARDWARE PLATFORMS 

The physical realization of quantum computing relies on diverse qubit technologies, each presenting distinct 

advantages and engineering challenges. The three dominant paradigms superconducting circuits, trapped ions, and 

photonic systems  are compared in TABLE I, which summarizes the key specifications of leading quantum hardware 

platforms. 

Table 1. Comparison of leading quantum hardware platforms. Superconducting systems lead in qubit count, while 

trapped-ion platforms achieve higher gate fidelities and longer coherence times. 

Platform Qubit Type 
Qubit 

Count 

Gate 

Fidelity (%) 

Coherence 

Time 

Year 

IBM Eagle Superconducting 127 99.5 (2Q) ~100 μs 2021 

IBM Osprey Superconducting 433 99.5 (2Q) ~100 μs 2022 

IBM Condor Superconducting 1,121 99.5 (2Q) ~100 μs 2023 

Google 

Sycamore 

Superconducting 53 99.64 (1Q), 

99.4 (2Q) 

~20 μs 2019 

IonQ Forte Trapped Ion 32 99.97 (1Q), 

99.4 (2Q) 

~1 s 2022 

Quantinuum 

H2 

Trapped Ion 32 99.99 (1Q), 

99.8 (2Q) 

~10 s 2023 
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Superconducting qubits, employed by IBM and Google, utilize Josephson junctions cooled to millikelvin 

temperatures. Their primary advantage lies in fabrication scalability, leveraging semiconductor manufacturing techniques 

to rapidly increase qubit counts [6]. However, superconducting qubits suffer from relatively short coherence times (~20–

100 μs), necessitating fast gate operations and sophisticated error mitigation strategies. 

Trapped-ion qubits, used by IonQ and Quantinuum, confine individual ions in electromagnetic traps and 

manipulate their quantum states using laser pulses. These systems achieve exceptionally high gate fidelities (>99.9% for 

single-qubit gates) and coherence times on the order of seconds [9]. The all-to-all connectivity of trapped-ion architectures 

eliminates the need for SWAP gates that consume circuit depth in superconducting systems. However, scaling trapped-

ion systems beyond several dozen qubits presents significant engineering challenges related to ion transport and laser 

addressing. 

Photonic quantum computing, pursued by companies such as Xanadu and PsiQuantum, encodes information in 

photonic modes and operates at room temperature. While photonic systems offer natural advantages for quantum 

communication and networking, achieving deterministic two-photon gates remains an open challenge [10]. Neutral atom 

platforms, such as those developed by QuEra, represent another promising approach, utilizing arrays of individually 

trapped atoms with Rydberg interactions to implement multi-qubit gates [11]. 

III.  KEY QUANTUM ALGORITHMS AND THEIR APPLICABILITY 

The theoretical foundation of quantum computing rests on algorithms that exploit quantum parallelism to achieve 

computational speedups over their classical counterparts. We examine the most significant algorithms and their relevance 

to the NISQ era. 

A.  Shor's Algorithm 

Shor's algorithm [1], proposed in 1994, achieves exponential speedup for integer factorization, reducing the 

complexity from sub-exponential (classical best: general number field sieve) to polynomial time O((log N)^3). This result 

has profound implications for RSA-based cryptographic systems, which rely on the computational hardness of factoring 

large semiprimes. However, implementing Shor's algorithm for cryptographically relevant key sizes (e.g., RSA-2048) 

requires thousands of logical qubits with full error correction   far beyond current NISQ capabilities [12]. Figure. 2 

presents a comparative analysis of quantum speedup factors across different application domains, illustrating the 

theoretical advantage of Shor's algorithm in factoring problems. 

Figure. 2. Quantum vs. classical performance speedup factors for different application domains (log scale). Factoring 

and quantum simulation exhibit the largest theoretical advantages, while near-term speedups for optimization and 

machine learning remain more modest. 

 

B.  Grover's Algorithm 

Grover's search algorithm [2], introduced in 1996, provides a quadratic speedup for unstructured search problems, 

reducing query complexity from O(N) to O(√N). While the speedup is less dramatic than Shor's, Grover's algorithm is 

broadly applicable to constraint satisfaction, database search, and optimization problems. Its oracle-based structure makes 

it adaptable to various problem formulations, and partial implementations have been demonstrated on current quantum 

hardware [13]. 
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C. Variational Quantum Eigensolver (VQE) 

The VQE algorithm [3] represents a hybrid quantum-classical approach specifically designed for NISQ devices. 

VQE uses a parameterized quantum circuit (ansatz) to prepare trial wavefunctions, while a classical optimizer iteratively 

adjusts the parameters to minimize the expectation value of a target Hamiltonian. Kandala et al. [3] demonstrated VQE 

on IBM hardware for molecular simulations of BeH₂, LiH, and H₂, achieving chemical accuracy for small molecular 

systems. VQE has since become a cornerstone of quantum chemistry research, with applications in drug discovery and 

materials science [14]. 

D.  Quantum Approximate Optimization Algorithm (QAOA) 

QAOA [4], proposed by Farhi, Goldstone, and Gutmann in 2014, addresses combinatorial optimization problems 

by alternating applications of a problem-dependent Hamiltonian and a mixing Hamiltonian. The algorithm's performance 

improves with increasing circuit depth (number of QAOA layers), and theoretical analysis suggests potential advantages 

over classical approximation algorithms for specific problem classes [15]. QAOA has been applied to MaxCut, portfolio 

optimization, and scheduling problems, though demonstrating unambiguous quantum advantage for optimization on 

NISQ hardware remains an active research challenge. 

IV.   NEAR-TERM APPLICATIONS IN THE NISQ ERA 

Despite the limitations of NISQ devices, several application domains have emerged where quantum computing 

offers tangible value. Table 2 summarizes the principal NISQ-era applications, their associated algorithms, qubit 

requirements, and current development status. 

Table 2. Summary of NISQ-era quantum computing applications. Quantum chemistry and optimization represent 

the most mature near-term use cases, while cryptanalysis requires fault-tolerant systems beyond current capabilities. 

Application 

Domain 

Algorithm Qubits 

Required 

Current Status Key Reference 

Quantum 

Chemistry 

VQE 50–200 Active research; small 

molecules solved 

Kandala et al. [3] 

Combinatorial 

Optimization 

QAOA 50–500 Proof-of-concept 

demonstrations 

Farhi et al. [4] 

Quantum 

Machine Learning 

VQC, QSVM 20–100 Exploratory; kernel methods 

promising 

Havlíček et al. [16] 

Cryptanalysis Shor's 

Algorithm 

4,000+ 

(logical) 

Theoretical; not NISQ-feasible Shor [1] 

Financial 

Modeling 

QAOA, QMC 100–500 Industry pilots (Goldman 

Sachs, JPMorgan) 

Egger et al. [17] 

Drug Discovery VQE, QPE 100–1,000 Early stage; molecular docking Cao et al. [18] 

Materials Science VQE 50–500 Active research; lattice models McArdle et al. [19] 

Quantum chemistry simulation represents the most promising near-term application, as molecular Hamiltonians 

map naturally onto qubit interactions. The exponential scaling of the Hilbert space with system size renders classical 

simulation of large molecules intractable, whereas quantum computers can represent molecular wavefunctions directly. 

Kandala et al. [3] demonstrated that VQE on a 6-qubit IBM processor could compute the ground-state energy of small 

molecules with chemical accuracy, and subsequent work has extended these results to larger molecular systems using 

error mitigation techniques [14]. 

Combinatorial optimization constitutes another active application area. Problems such as MaxCut, traveling 

salesman, and vehicle routing can be encoded as Ising Hamiltonians and solved using QAOA or quantum annealing [4]. 

D-Wave Systems has deployed quantum annealers with over 5,000 qubits for optimization tasks, though the question of 

quantum speedup in annealing-based approaches remains contested [20]. Gate-based approaches using QAOA have 

shown more promising theoretical guarantees but require further hardware improvements to outperform classical solvers 

on practical problem sizes. 

Quantum machine learning (QML) explores the intersection of quantum computing and artificial intelligence. 

Quantum kernel methods, variational quantum classifiers, and quantum neural networks have been proposed as potentially 

advantageous for specific learning tasks [16]. Havlíček et al. [16] demonstrated that quantum kernels evaluated on 

quantum hardware can provide classification accuracy comparable to classical support vector machines, with potential 

advantages in high-dimensional feature spaces. However, establishing provable quantum advantages for practical 

machine learning tasks remains an open theoretical question [21]. 

The financial services industry has emerged as an early adopter of quantum computing, with institutions such as 

Goldman Sachs, JPMorgan Chase, and Barclays investing in quantum research for portfolio optimization, risk analysis, 

and derivative pricing [17]. Quantum Monte Carlo methods offer potential quadratic speedups over classical Monte Carlo 

simulations for option pricing, and QAOA-based approaches have been applied to portfolio optimization problems on 

NISQ hardware [22]. 
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V.  CHALLENGES AND LIMITATIONS 

Despite the rapid progress, several fundamental challenges impede the realization of practical quantum computing 

at scale. 

A.  Quantum Error Correction 

Quantum error correction (QEC) is essential for fault-tolerant quantum computation but imposes substantial 

overhead. The surface code, the most widely studied QEC scheme, requires approximately 1,000 physical qubits per 

logical qubit at current error rates [23]. This implies that a fault-tolerant quantum computer capable of running Shor's 

algorithm on RSA-2048 would require millions of physical qubits—orders of magnitude beyond current hardware. Recent 

advances in error suppression and mitigation, including zero-noise extrapolation and probabilistic error cancellation, 

provide interim solutions for NISQ devices [8], but a fully error-corrected quantum computer remains a long-term 

engineering challenge. 

B.  Scalability 

Scaling quantum processors while maintaining qubit quality presents a multi-faceted engineering problem. For 

superconducting systems, challenges include crosstalk between neighboring qubits, frequency crowding, and the thermal 

management of large cryogenic systems [6]. IBM's modular architecture approach, which connects multiple quantum 

processors via classical and quantum communication links, represents one strategy for scaling beyond the limitations of 

monolithic chips. Trapped-ion systems face challenges related to ion chain length, shuttling fidelity, and photonic 

interconnect efficiency [9]. 

C.  Algorithm Design and Quantum Advantage 

Identifying problems for which quantum computers offer provable, practical advantages over classical algorithms 

remains an active area of theoretical research. While quantum computational advantage has been demonstrated for 

contrived sampling problems [5], establishing useful quantum advantage—where quantum computers solve practical 

problems faster than classical alternatives—requires both better algorithms and more capable hardware [24]. The 

development of application-specific quantum algorithms tailored to NISQ constraints is a crucial research direction. 

VI.  CONCLUSION 

Quantum computing has made extraordinary progress over the past decade, evolving from laboratory 

demonstrations to cloud-accessible platforms with hundreds of qubits. The NISQ era, while limited by noise and scale, 

has produced meaningful advances in quantum chemistry, optimization, and machine learning. As shown in Fig. 1, 

hardware platforms have achieved rapid scaling, with IBM's Condor processor surpassing 1,000 superconducting qubits, 

while trapped-ion systems continue to push the boundaries of gate fidelity and coherence. 

The comparative analysis presented in Fig. 2 and the application survey in TABLE II demonstrate that quantum 

speedups vary significantly across problem domains, with factoring and quantum simulation exhibiting the greatest 

theoretical advantages. Near-term applications in quantum chemistry and optimization are the most mature, with industry 

adoption accelerating in financial services and pharmaceutical research. 

Looking forward, the convergence of hardware improvements, error correction advances, and algorithm 

innovation will determine the timeline for achieving broadly useful quantum advantage. The transition from NISQ to 

fault-tolerant quantum computing will likely be gradual, with intermediate milestones in error-corrected logical qubit 

demonstrations. The quantum computing community must continue to develop robust benchmarking standards, 

application-specific algorithms, and hybrid quantum-classical workflows to maximize the utility of near-term quantum 

devices. The quantum computing revolution, while still in its early stages, has demonstrated sufficient progress to warrant 

sustained investment and optimism regarding its transformative potential. 

References 

[1] P. W. Shor, "Algorithms for quantum computation: Discrete logarithms and factoring," in Proc. 35th Annu. Symp. Found. 

Comput. Sci. (FOCS), Santa Fe, NM, USA, 1994, pp. 124–134. 

[2] L. K. Grover, "A fast quantum mechanical algorithm for database search," in Proc. 28th Annu. ACM Symp. Theory Comput. 
(STOC), Philadelphia, PA, USA, 1996, pp. 212–219. 

[3] A. Kandala, A. Mezzacapo, K. Temme, M. Takita, M. Brink, J. M. Chow, and J. M. Gambetta, "Hardware-efficient variational 

quantum eigensolver for small molecules and quantum magnets," Nature, vol. 549, no. 7671, pp. 242–246, Sep. 2017. 

[4] E. Farhi, J. Goldstone, and S. Gutmann, "A quantum approximate optimization algorithm," arXiv preprint arXiv:1411.4028, Nov. 
2014. 

[5] F. Arute et al., "Quantum supremacy using a programmable superconducting processor," Nature, vol. 574, no. 7779, pp. 505–

510, Oct. 2019. 

[6] IBM Quantum, "IBM Quantum Development Roadmap," IBM Research, 2023. [Online]. Available: 
https://www.ibm.com/quantum/roadmap 

[7] D. Deutsch, "Quantum theory, the Church–Turing principle and the universal quantum computer," Proc. R. Soc. London A, vol. 

400, no. 1818, pp. 97–117, 1985. 

[8] J. Preskill, "Quantum computing in the NISQ era and beyond," Quantum, vol. 2, p. 79, Aug. 2018. 

http://www.peerreviewjournal.in/index.php/prjcs
https://www.ibm.com/quantum/roadmap


32 

 

Volume: 1 | Issue: 4 | April – 2026 | www.peerreviewjournal.in/index.php/prjcs | 

[9] C. D. Bruzewicz, J. Chiaverini, R. McConnell, and J. M. Sage, "Trapped-ion quantum computing: Progress and challenges," 

Appl. Phys. Rev., vol. 6, no. 2, p. 021314, Jun. 2019. 

[10]  J. L. O'Brien, A. Furusawa, and J. Vučković, "Photonic quantum technologies," Nat. Photon., vol. 3, no. 12, pp. 687–695, Dec. 

2009. 
[11] H. Levine et al., "Parallel implementation of high-fidelity multiqubit gates with neutral atoms," Phys. Rev. Lett., vol. 123, no. 

17, p. 170503, Oct. 2019. 

[12] C. Gidney and M. Ekerå, "How to factor 2048 bit RSA integers in 8 hours using 20 million noisy qubits," Quantum, vol. 5, p. 

433, Apr. 2021. 
[13] G. Brassard, P. Hoyer, M. Mosca, and A. Tapp, "Quantum amplitude amplification and estimation," in Quantum Computation 

and Quantum Information, AMS Contemporary Mathematics, vol. 305, pp. 53–74, 2002. 

[14] Y. Nam et al., "Ground-state energy estimation of the water molecule on a trapped-ion quantum computer," npj Quantum Inf., 

vol. 6, no. 1, p. 33, Apr. 2020. 

[15] L. Zhou, S.-T. Wang, S. Choi, H. Pichler, and M. D. Lukin, "Quantum approximate optimization algorithm: Performance, 

mechanism, and implementation on near-term devices," Phys. Rev. X, vol. 10, no. 2, p. 021067, Jun. 2020. 

[16] V. Havlíček et al., "Supervised learning with quantum-enhanced feature spaces," Nature, vol. 567, no. 7747, pp. 209–212, Mar. 

2019. 
[17] D. J. Egger, C. Gambella, J. Marecek, S. McFaddin, M. Mevissen, R. Raymond, A. Simonetto, S. Woerner, and E. Yndurain, 

"Quantum computing for finance: State-of-the-art and future prospects," IEEE Trans. Quantum Eng., vol. 1, pp. 1–24, 2020. 

[18] Y. Cao et al., "Quantum chemistry in the age of quantum computing," Chem. Rev., vol. 119, no. 19, pp. 10856–10915, Oct. 2019. 

[19] S. McArdle, S. Endo, A. Aspuru-Guzik, S. C. Benjamin, and X. Yuan, "Quantum computational chemistry," Rev. Mod. Phys., 
vol. 92, no. 1, p. 015003, Mar. 2020. 

[20] C. McGeoch and P. Farré, "The D-Wave advantage system: An overview," D-Wave Systems, Tech. Rep., 2020. 

[21] J. Biamonte, P. Wittek, N. Pancotti, P. Rebentrost, N. Wiebe, and S. Lloyd, "Quantum machine learning," Nature, vol. 549, no. 

7671, pp. 195–202, Sep. 2017. 
[22] S. Woerner and D. J. Egger, "Quantum risk analysis," npj Quantum Inf., vol. 5, no. 1, p. 15, Feb. 2019. 

[23] A. G. Fowler, M. Mariantoni, J. M. Martinis, and A. N. Cleland, "Surface codes: Towards practical large-scale quantum 

computation," Phys. Rev. A, vol. 86, no. 3, p. 032324, Sep. 2012. 

[24] S. Aaronson, "Read the fine print," Nat. Phys., vol. 11, no. 4, pp. 291–293, Apr. 2015. 

 

 

 

 

http://www.peerreviewjournal.in/index.php/prjcs

