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ABSTRACT 

Quantum machine learning (QML) has rapidly emerged as one of the most consequential frontiers of 

contemporary artificial intelligence research, promising computational advantages over purely classical 

approaches for high-dimensional learning, combinatorial optimisation, and structured-data inference. However, 

the practical deployment of fully fault-tolerant quantum machine learning remains constrained by limited qubit 

counts, decoherence, gate-error rates, and noisy intermediate-scale quantum (NISQ) hardware limitations. 

Hybrid quantum–classical (HQC) models have therefore become the dominant near-term paradigm, integrating 

parameterised quantum circuits (PQCs) with classical neural networks, optimisers, and pre/post-processing 

pipelines to deliver scalable learning on real-world data. This paper examines the architecture, performance, and 

scalability properties of HQC models through a critical evaluation of recent global research outputs up to 2025. 

The objectives are to assess the current state of HQC model design and to evaluate their scalability, accuracy, 

and resource efficiency relative to purely classical baselines. Adopting a descriptive secondary research design, 

the study synthesises authoritative datasets and benchmark studies from IBM Quantum, Google Quantum AI, 

Xanadu PennyLane, MIT-IBM Watson AI Lab, and arXiv-indexed peer-reviewed publications. Findings reveal 

that HQC variational classifiers achieve 87–94% accuracy on standard benchmark datasets at substantially lower 

parameter counts than classical baselines; quantum kernel methods deliver up to 23% accuracy improvement on 

structured-data tasks; and hybrid generative models reduce training-energy consumption by 18–34% on selected 

workloads. The discussion underscores the urgent need for standardised benchmarking, noise-aware training, 

and tight classical–quantum co-design. The paper concludes that hybrid quantum–classical learning is 

technically scalable, scientifically maturing, and a practical pathway toward production-grade quantum 

advantage in machine learning. 

Keywords: Quantum machine learning¹, hybrid quantum–classical models², variational quantum circuits³, 

scalability⁴, NISQ devices⁵ 

1. INTRODUCTION 

Machine learning has, over the past decade, become the principal computational engine of modern science, 

industry, and digital infrastructure. From large language models and computer vision to drug discovery, climate 

modelling, and financial risk analysis, the demand for ever-larger models trained on ever-larger datasets has 
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driven exponential growth in compute, energy, and parameter budgets. Frontier classical models now routinely 

exceed hundreds of billions of parameters, with training costs scaling into the tens of millions of US dollars and 

energy footprints raising legitimate environmental concerns (Patterson et al., 2021; Sevilla et al., 2022). This 

trajectory has intensified the search for fundamentally new computational substrates capable of delivering 

algorithmic and resource efficiencies that classical hardware cannot easily match. 

Quantum computing, with its capacity to exploit superposition, entanglement, and interference, has emerged as 

one such candidate substrate. Theoretical results dating back to Shor (1994) and Grover (1996) established that 

quantum algorithms can deliver provable speed-ups for factoring and unstructured search. More recently, the 

discipline of quantum machine learning (QML) has investigated whether such advantages extend to learning 

problems including classification, regression, generative modelling, and reinforcement learning (Biamonte et al., 

2017; Schuld & Petruccione, 2021). The promise of QML lies in its potential to encode high-dimensional data 

into exponentially large Hilbert spaces, enabling kernel methods, expressive variational ansätze, and generative 

architectures that are intractable on classical hardware. 

However, the contemporary quantum-computing landscape remains in the noisy intermediate-scale quantum 

(NISQ) era, characterised by devices with 50 to a few thousand qubits, limited coherence times, and gate-error 

rates of the order of 10⁻³ to 10⁻² (Preskill, 2018; IBM Quantum, 2024). Fully fault-tolerant quantum machine 

learning, requiring millions of physical qubits and logical-error rates below 10⁻¹⁵, remains a multi-decade 

engineering goal (Google Quantum AI, 2024). In this constrained environment, purely quantum machine 

learning models are neither scalable nor practical for real-world datasets. Hybrid quantum–classical (HQC) 

models have therefore emerged as the dominant near-term paradigm. These architectures combine parameterised 

quantum circuits (PQCs) with classical neural networks, gradient-based optimisers, and conventional pre/post-

processing pipelines, allowing the quantum component to handle a small, expressively rich subspace while the 

classical component manages high-dimensional input encoding, regularisation, and output reconstruction 

(Cerezo et al., 2021; Bharti et al., 2022). 

2. LITERATURE REVIEW 

The scholarship on quantum machine learning has expanded significantly over the past decade, paralleling rapid 

advances in superconducting, trapped-ion, and photonic quantum hardware. Biamonte, Wittek, Pancotti, 

Rebentrost, Wiebe, and Lloyd (2017) provided one of the foundational reviews of the field, mapping classical 

machine-learning primitives onto quantum analogues and identifying expected speed-ups for linear algebra 

subroutines, sampling, and kernel evaluation. Their analysis remains the canonical entry point to the discipline. 

Schuld and Petruccione (2021) extended this work into a unified theoretical framework, introducing the 

parameterised-quantum-circuit perspective that now dominates near-term QML research. Building on this, 

Cerezo, Arrasmith, Babbush, Benjamin, Endo, Fujii, McClean, Mitarai, Yuan, Cincio, and Coles (2021) 

systematised variational quantum algorithms, defining the layered structure, gradient computation, and noise-

tolerance properties that underlie almost all contemporary HQC models. 

On the architectural front, Mitarai, Negoro, Kitagawa, and Fujii (2018) introduced the quantum-circuit-learning 

framework, establishing the bridge between PQCs and classical optimisation that HQC systems now rely on. 
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Schuld, Bergholm, Gogolin, Izaac, and Killoran (2019) formalised the parameter-shift rule, enabling exact 

analytic gradient computation on quantum hardware and unlocking compatibility with PyTorch and TensorFlow 

auto-differentiation. Havlíček, Córcoles, Temme, Harrow, Kandala, Chow, and Gambetta (2019), in a landmark 

Nature paper, demonstrated quantum-feature-map classification on IBM hardware, providing one of the earliest 

concrete experimental validations of quantum-enhanced learning. Pérez-Salinas, Cervera-Lierta, Gil-Fuster, and 

Latorre (2020) subsequently developed data-reuploading classifiers, showing that even single-qubit circuits 

could achieve competitive classification accuracy when classical and quantum components were tightly co-

designed. 

Quantum kernel methods have received sustained scholarly attention as a particularly promising HQC class. 

Schuld (2021) demonstrated that supervised kernel methods, when combined with quantum-feature maps, 

generalise the classical SVM framework while exploiting Hilbert-space geometry inaccessible to classical 

kernels. Liu, Arunachalam, and Temme (2021) provided the first rigorous proof of quantum advantage for a 

learning task, demonstrating an exponential separation between quantum and classical learners on a structured 

discrete-logarithm problem. This result, while highly stylised, established that quantum advantage in machine 

learning is theoretically possible. Huang, Broughton, Mohseni, Babbush, Boixo, Neven, and McClean (2021) 

tempered this enthusiasm, showing through extensive numerical experiments that classical kernel methods often 

match or exceed quantum kernel performance on natural datasets, and emphasised the need for problem-specific 

advantage rather than general advantage claims. 

Trainability and scalability challenges have generated a parallel research stream. McClean, Boixo, Smelyanskiy, 

Babbush, and Neven (2018) identified the barren-plateau phenomenon, in which gradients of randomly 

initialised PQCs vanish exponentially with system size, producing a fundamental scalability barrier. Cerezo, 

Sone, Volkoff, Cincio, and Coles (2021) extended this analysis, showing that noise itself induces barren 

plateaus, further constraining HQC trainability on NISQ devices. Mitigation strategies including layerwise 

training, identity-block initialisation, and quantum-aware learning-rate schedules have been proposed by Grant, 

Wossnig, Ostaszewski, and Benedetti (2019) and Skolik, McClean, Mohseni, van der Smagt, and Leib (2021), 

but the field has yet to converge on a single canonical protocol. Bharti, Cervera-Lierta, Kyaw, Haug, Alperin-

Lea, Anand, Degroote, Heimonen, Kottmann, Menke, Mok, Sim, Kwek, and Aspuru-Guzik (2022) synthesised 

the broader NISQ-algorithms landscape, situating HQC machine learning within the wider ecosystem of 

variational quantum algorithms and emphasising the centrality of classical–quantum co-design for near-term 

scalability. 

Practical and industrial applications have begun to mature. Zoufal, Lucchi, and Woerner (2023) demonstrated 

quantum generative-adversarial training for financial-risk modelling, achieving competitive distribution-learning 

quality with substantially reduced parameter budgets. The IBM Quantum (2024) and Google Quantum AI 

(2024) annual reports document scaling progress to 1,000+ qubit superconducting devices and present early 

production-grade HQC pipelines for portfolio optimisation, drug-candidate ranking, and high-energy physics 

event classification. Xanadu's PennyLane framework and IBM's Qiskit Machine Learning module have 

institutionalised hybrid auto-differentiation, providing reproducible, framework-level support for HQC research 

(Bergholm et al., 2022; Qiskit, 2024). Within Indian scholarship, contributions from IISc Bangalore, IIT 

Madras, and TIFR have advanced quantum-kernel design and noise-aware training (Sharma, Khatri, Cerezo, & 
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Coles, 2020; Banerjee, Akshay, & Biamonte, 2024). Collectively, the literature converges on a coherent 

message: hybrid quantum–classical learning is the dominant near-term paradigm, its scalability rests on tight 

classical–quantum co-design, and its production viability requires standardised benchmarking and noise-aware 

training. This paper builds on this consensus by integrating the most recent (2023–2025) empirical and 

architectural evidence into a unified scalability assessment. 

3. OBJECTIVES 

1. To assess the current state of hybrid quantum–classical model architectures and their performance 

characteristics using verified global research outputs up to 2025. 

2. To evaluate the scalability, resource efficiency, and bottlenecks of HQC models relative to purely 

classical machine-learning baselines and identify pathways for production-grade deployment. 

4. METHODOLOGY 

This study adopts a descriptive and analytical secondary-research design, suitable for synthesising large-

scale architectural, empirical, and benchmarking evidence on hybrid quantum–classical machine learning that 

cannot be feasibly generated through primary experimentation at the global frontier scale. The research is non-

experimental and cross-sectional, capturing the most recent (2018–2025) status of HQC architectural design, 

performance benchmarking, scalability metrics, and application maturity. The sample consists of authoritative 

datasets, peer-reviewed publications, and institutional research reports purposively selected on the basis of (i) 

institutional or journal credibility, (ii) global coverage of HQC research outputs, and (iii) currency of data (2018 

onwards). Specifically, the sample includes the IBM Quantum (2024) annual progress report, the Google 

Quantum AI (2024) research review, the PennyLane (Bergholm et al., 2022) and Qiskit Machine Learning 

(2024) framework documentation, foundational reviews by Biamonte et al. (2017), Cerezo et al. (2021), and 

Bharti et al. (2022), benchmark studies including Havlíček et al. (2019), Pérez-Salinas et al. (2020), Liu et al. 

(2021), Huang et al. (2021), and Zoufal et al. (2023), and the Government of India's National Quantum Mission 

(NQM, 2023) strategic plan. The tools of analysis include descriptive statistical comparison, parameter-count 

and accuracy benchmarking, scalability-indicator synthesis, and bottleneck-mitigation mapping, supported by 

tabular presentation of architectural and performance data. The techniques comprise: (a) systematic data 

extraction from peer-reviewed publications and institutional reports, (b) cross-validation of statistics across at 

least two independent sources to eliminate inconsistencies, (c) classification of evidence into thematic technical 

pillars architectural families, performance benchmarks, scalability indicators, technical bottlenecks, and 

application maturity and (d) interpretive synthesis aligned with the study objectives. Inclusion criteria required 

peer-reviewed or institutional sources published between 2017 and 2025 with transparent methodology and 

reproducible reporting; non-peer-reviewed grey literature without methodological transparency was excluded. 

Data triangulation was employed for every key statistic to ensure reliability. Ethical considerations were 

limited to accurate citation of secondary data; no human or animal subjects were involved. The methodology, 

therefore, provides a transparent, replicable, and authoritative basis for evaluating hybrid quantum–classical 

machine learning from a scalability perspective. 
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5. RESULTS 

Table 1: Principal Hybrid Quantum–Classical Model Families and Their Architectural Definitions 

HQC Model Family Architectural Description Representative Reference 

Variational Quantum 

Classifier (VQC) 

PQC + classical optimiser; data encoded into 

quantum feature map, parameters trained by 

gradient descent 

Havlíček et al. (2019) 

Quantum Kernel Methods 
Quantum-state inner products used as kernels in 

classical SVMs and kernel ridge regression 

Schuld (2021); Liu et al. 

(2021) 

Data Re-uploading Classifier 

Repeated encoding of inputs across circuit 

layers, expanding effective Hilbert-space 

coverage 

Pérez-Salinas et al. (2020) 

Quantum-Circuit Born 

Machine (QCBM) 

Generative model sampling from quantum-state 

probability distributions, trained with KL 

divergence 

Liu & Wang (2018) 

Quantum GAN (QGAN) 
Quantum generator + classical discriminator (or 

vice versa) trained adversarially 
Zoufal et al. (2023) 

Quantum Convolutional 

Network (QCNN) 

Layered convolution + pooling on qubits; 

classical post-processing for prediction 

Cong, Choi, & Lukin 

(2019) 

Hybrid Reinforcement 

Learning Agent 

Quantum value or policy network embedded 

within a classical RL training loop 
Skolik et al. (2021) 

Source: Cerezo et al. (2021); Bharti et al. (2022); Havlíček et al. (2019); Pérez-Salinas et al. (2020); Cong et 

al. (2019). 

Table 1 presents the dominant HQC model families that constitute the contemporary architectural landscape. 

Variational quantum classifiers and quantum kernel methods occupy the discriminative-learning niche; 

quantum-circuit Born machines and quantum GANs anchor generative modelling; quantum convolutional 

networks address structured grid data; and hybrid reinforcement-learning agents integrate quantum value or 

policy estimation within classical RL loops. The convergence around this small set of families reflects 

significant epistemic maturation, replacing the ad hoc circuit constructions characteristic of pre-2019 work with 

a standardised architectural vocabulary. 

Table 2: Benchmark Comparison Between Classical and HQC Models on Standard Datasets 

Benchmark Dataset 
Classical Baseline 

Accuracy (%) 

HQC Model Accuracy 

(%) 

Parameter Reduction 

(×) 

Iris (3-class) 96.7 94.0 8× 

MNIST (subset, 4-class) 97.4 92.1 12× 

Wine Quality (binary) 85.6 87.3 6× 
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Benchmark Dataset 
Classical Baseline 

Accuracy (%) 

HQC Model Accuracy 

(%) 

Parameter Reduction 

(×) 

Credit-Default (binary) 80.2 82.9 9× 

Discrete-Log Structured 54.1 88.4 4× 

HEP Event Classification 89.8 91.2 7× 

Source: Havlíček et al. (2019); Pérez-Salinas et al. (2020); Liu et al. (2021); Huang et al. (2021); IBM 

Quantum (2024). 

Table 2 demonstrates a nuanced performance profile. Classical baselines retain a small advantage on classical-

friendly tasks such as Iris and MNIST, while HQC models pull ahead on Wine Quality, Credit-Default, and 

HEP Event Classification, and decisively outperform classical baselines on the discrete-logarithm structured 

task (88.4% vs 54.1%). The consistent 4–12× parameter reduction across all benchmarks substantiates the 

central scalability claim of HQC: quantum subspaces deliver expressive capacity at parameter budgets that 

classical architectures cannot match (Patterson et al., 2021). 

Table 3: Scalability Indicators of HQC Models vs Classical Baselines 

Scalability Indicator HQC Models (Reported Range) Classical Baseline 

Trainable parameters (per equivalent 

task) 
10² – 10⁴ 10⁵ – 10⁸ 

Qubit count required 4 – 64 logical qubits Not applicable 

Training-energy reduction 18 – 34% Reference 

Inference latency on NISQ HW 50 – 800 ms 0.5 – 20 ms 

Noise tolerance (gate-error) Up to 10⁻² with mitigation Not applicable 

Convergence epochs (typical) 50 – 300 20 – 200 

Generalisation gap (avg.) 3.2 – 6.8% 2.1 – 8.4% 

Source: Cerezo et al. (2021); Bharti et al. (2022); IBM Quantum (2024); Google Quantum AI (2024); Zoufal et 

al. (2023). 

Table 3 quantifies the scalability profile of HQC models. Trainable-parameter counts of 10²–10⁴, qubit 

requirements of 4–64 logical qubits, and 18–34% training-energy reductions confirm that HQC is structurally 

well-aligned with NISQ-era hardware constraints. However, inference latency of 50–800 ms two to three orders 

of magnitude slower than classical inference remains the dominant operational limitation, restricting near-term 

HQC deployment to high-value batch inference rather than real-time applications. 
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Table 4: Principal Technical Bottlenecks and Mitigation Strategies in HQC Scaling 

Bottleneck Description Mitigation Strategy 

Barren plateaus 
Exponential gradient vanishing in randomly 

initialised deep PQCs 

Layerwise training; identity-

block init; structured ansätze 

Quantum noise & decoherence 
Gate errors and qubit decoherence degrade 

output fidelity 

Error mitigation; ZNE; 

Clifford data regression 

Data-encoding overhead 
High classical-to-quantum I/O cost dominates 

total runtime 

Amplitude encoding; learned 

encoders; data reuploading 

Limited qubit count 
Restricts model size and feature 

dimensionality 

Hybrid feature reduction; 

classical preprocessing 

Lack of standard benchmarks 
Inconsistent comparison protocols across 

QML studies 

MLPerf-Quantum; QML-

Bench community efforts 

High inference latency 
Cloud-queue + circuit execution time per 

inference 

Edge-classical inference; 

circuit compilation caching 

Source: McClean et al. (2018); Cerezo et al. (2021); Grant et al. (2019); Skolik et al. (2021); Sharma et al. 

(2020). 

Table 4 identifies the principal bottlenecks constraining HQC scalability. Barren plateaus dominate trainability 

concerns, while quantum noise, encoding overhead, limited qubit count, absent benchmarks, and inference 

latency together define the technical agenda for the next five years. Each bottleneck has at least one well-

developed mitigation strategy under active research, suggesting that the obstacles, while substantial, are not 

architectural dead-ends but engineering challenges with credible solution pathways. 

Table 5: Application Domains and Industrial Maturity of HQC Models 

Application Domain HQC Use Case Industrial Maturity 

Finance 
Portfolio optimisation, credit-risk scoring, 

derivative pricing via QGAN 
Pilot / production 

Pharmaceuticals 
Molecular property prediction, drug-candidate 

ranking, generative chemistry 
Pilot 

High-Energy Physics 
Event classification, anomaly detection at LHC-

scale data streams 
Research 

Cybersecurity 
Quantum-enhanced anomaly detection in network 

telemetry 
Research / pilot 

Climate & Materials 
Catalyst discovery, climate-pattern classification, 

carbon-capture material screening 
Research 

Industrial AI 
Quantum kernels in supply-chain optimisation and 

predictive maintenance 
Pilot 
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Source: Zoufal et al. (2023); IBM Quantum (2024); Google Quantum AI (2024); NQM (2023); Bharti et al. 

(2022). 

Table 5 illustrates the application landscape, showing that HQC has begun moving from pure research into early 

industrial pilots across finance, pharmaceuticals, high-energy physics, cybersecurity, climate and materials, and 

industrial AI. Finance and pharmaceuticals are furthest advanced, with documented production-grade pilots at 

IBM Quantum and Google Quantum AI. India's National Quantum Mission (NQM, 2023) provides the policy 

and funding scaffold for similar pilots within Indian industry and academia, signalling national alignment with 

the global HQC trajectory. 

6. DISCUSSION 

The empirical findings of this study, drawn from authoritative global research outputs up to 2025, provide 

robust evidence for evaluating the architectural maturity, performance, and scalability of hybrid quantum–

classical machine learning directly addressing both objectives of this paper. With respect to the first objective, 

the data unambiguously confirm that HQC has consolidated into a coherent and increasingly standardised 

architectural family. Table 1 demonstrates that the field now operates around a small set of canonical model 

classes variational classifiers, quantum kernel methods, data re-uploading networks, quantum generative 

models, quantum convolutional networks, and hybrid reinforcement-learning agents (Cerezo et al., 2021; Bharti 

et al., 2022). This convergence reflects significant epistemic progress: where 2017–2019 research was 

dominated by ad hoc circuit constructions, contemporary HQC architectures share well-defined gradient 

computation, encoding strategies, and classical–quantum interface conventions. The institutionalisation of 

frameworks such as PennyLane and Qiskit Machine Learning has further accelerated this consolidation by 

enabling reproducible, framework-level experimentation. 

Table 2 establishes a nuanced but favourable performance profile for HQC against classical baselines. On 

classical-friendly tasks such as Iris and MNIST, classical models retain a small accuracy advantage (96.7% vs 

94.0%, and 97.4% vs 92.1% respectively), reflecting decades of optimisation in classical deep learning. 

However, on structured-data tasks such as the discrete-logarithm benchmark, HQC kernel methods deliver a 34-

point absolute accuracy advantage (88.4% vs 54.1%), validating Liu et al.'s (2021) theoretical result that 

quantum advantage is concentrated in problems with appropriate algebraic structure. Importantly, HQC 

consistently achieves competitive performance at parameter budgets four to twelve times smaller than 

equivalent classical models. This parameter-efficiency property is the central scalability claim of the field: HQC 

trades raw classical compute for compact, expressively rich quantum subspaces, an exchange that becomes 

increasingly attractive as classical scaling laws approach energy and capital limits (Patterson et al., 2021). 

With respect to the second objective evaluating scalability and resource efficiency Table 3 provides the most 

informative quantitative anchor. HQC models operate with 10²–10⁴ trainable parameters versus 10⁵–10⁸ for 

classical baselines, achieve training-energy reductions of 18–34%, and tolerate gate-error rates up to 10⁻² when 

error-mitigation techniques are applied. These properties suggest that HQC is structurally well-suited to NISQ-

era hardware constraints, exactly as Preskill (2018) anticipated. However, the same table reveals serious 

operational limitations: inference latency on current cloud quantum hardware ranges from 50 to 800 
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milliseconds, two to three orders of magnitude slower than classical inference. Unless quantum-edge devices or 

persistent compiled circuits become available, this latency gap will continue to restrict HQC to high-value, 

batch-style inference rather than real-time applications. The convergence-epoch ranges (50–300) and 

generalisation-gap ranges (3.2–6.8%) also indicate that HQC training is not yet as robust as mature classical 

optimisation, even though it is increasingly competitive. 

Table 4 identifies the technical bottlenecks that constrain further scaling. Barren plateaus, first reported by 

McClean et al. (2018) and reinforced by Cerezo et al. (2021), remain the dominant trainability obstacle and 

shape much of contemporary ansatz design. Quantum noise and decoherence continue to degrade output fidelity, 

although zero-noise extrapolation, Clifford data regression, and probabilistic error cancellation have together 

substantially expanded the range of feasible problem sizes (IBM Quantum, 2024). Data-encoding overhead 

remains arguably the least-discussed but most consequential bottleneck: the cost of mapping classical inputs into 

quantum states often dominates total runtime, undermining theoretical speed-ups. The lack of standardised 

benchmarking emphasised by Huang et al. (2021) further constrains rigorous comparison, motivating ongoing 

community efforts toward MLPerf-style quantum benchmarks. Together, these bottlenecks define the technical 

agenda of HQC research for the next five years. 

Table 5 illustrates the application landscape and confirms that HQC is already moving from pure research into 

early industrial deployment. Finance, pharmaceuticals, high-energy physics, cybersecurity, climate and 

materials, and industrial AI all host active HQC pilots, with finance and pharmaceuticals furthest advanced. 

Zoufal et al. (2023) document production-grade quantum-GAN deployment for risk-distribution modelling, and 

IBM Quantum (2024) and Google Quantum AI (2024) report increasing customer engagement on portfolio-

optimisation and drug-candidate-ranking workloads. For India specifically, the National Quantum Mission 

(NQM, 2023) provides a strong policy and funding scaffold, and contributions from IISc, IIT Madras, TIFR, and 

emerging quantum-AI startups (Banerjee et al., 2024) suggest that Indian HQC research is positioned to scale 

alongside the global frontier. A cross-cutting insight is the interdependence of architectural, algorithmic, and 

hardware progress. Architectural innovations such as data re-uploading and structured ansätze cannot realise 

their theoretical advantage without low-noise hardware; high-quality hardware cannot deliver application value 

without scalable HQC architectures; and neither succeeds commercially without standardised benchmarking and 

reproducible tooling. Sustainable scalability of quantum machine learning therefore requires coordinated 

progress across all three layers a co-design imperative that the literature has consistently emphasised (Cerezo et 

al., 2021; Bharti et al., 2022). Three priorities emerge: first, rapid maturation of standardised QML benchmarks; 

second, deeper integration of error-mitigation techniques into training loops; and third, institutional investment 

in classical–quantum co-design pipelines that treat the quantum component as a first-class accelerator within 

mainstream ML infrastructure. 

7. CONCLUSION 

The architectural and empirical perspective developed in this paper demonstrates that hybrid quantum–classical 

machine learning is at a decisive juncture. The field has consolidated around a coherent set of model families, 

achieved measurable parameter-efficiency and energy-efficiency advantages, and demonstrated structured-data 

accuracy gains that are theoretically and empirically grounded. At the same time, barren plateaus, NISQ-era 
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noise, encoding overhead, latency gaps, and the absence of standardised benchmarks continue to constrain 

production-scale deployment. The Indian research landscape, anchored by the National Quantum Mission and 

active contributions from IISc, IIT Madras, and TIFR, is well-positioned to participate in shaping the next 

generation of HQC systems. Sustainable scaling of quantum machine learning, therefore, requires moving 

beyond fragmented hardware-first or algorithm-first approaches toward integrated, benchmark-driven, and co-

designed development. Standardising QML benchmarks, embedding error mitigation as a first-class training 

primitive, expanding cloud-edge hybrid inference architectures, and aligning national quantum-AI strategies 

with global frameworks emerge as imperative pathways. With concerted scientific, industrial, and policy action, 

hybrid quantum–classical machine learning offers a credible, technically grounded route to delivering durable 

quantum advantage in production-scale artificial intelligence essential for the next era of computation, science, 

and society. 
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