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ABSTRACT: Quantum computing offers the potential for exponential or polynomial speedups in problems such as 

factoring, unstructured search, quantum chemistry, and combinatorial optimization, but present devices operate in the 

noisy intermediate-scale quantum (NISQ) regime and are constrained by decoherence, gate infidelities, and limited 

qubit connectivity. Hybrid variational algorithms, such as the variational quantum eigensolver (VQE) and the quantum 

approximate optimization algorithm (QAOA), have emerged as promising candidates for near-term advantage, yet their 

practical performance is highly sensitive to circuit depth, qubit mapping strategies, and hardware noise. This paper 

proposes a novel hybrid classical–quantum architecture that combines algorithm-oriented qubit mapping, hardware-

aware variational ansätze, and layered error-mitigation techniques tailored to a 127-qubit superconducting processor. 

The architecture derives a weighted interaction graph from the problem Hamiltonian, embeds it into low-error sub 

topologies of the physical device, and co-optimizes circuit design with a noise-aware classical optimization loop and 

measurement, zero-noise extrapolation, and probabilistic error-cancellation mitigation. Numerical and hardware-backed 

evaluations on molecular electronic-structure and Max-Cut benchmarks demonstrate depth reductions of approximately 

30–50%, effective two-qubit gate-fidelity improvements of around 30–35%, and error reductions on expectation values 

on the order of 60–65%, enabling chemically accurate VQE results and improved QAOA approximation ratios on 

NISQ hardware. These findings indicate that co-design of topology-aware compilation, hybrid optimization, and 

mitigation can significantly extend the usable capability of current quantum processors and provide a blueprint for 

scalable near-term architectures. 
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I. INTRODUCTION 

 

Quantum computing is built on the manipulation of qubits, which may occupy superposition states and become 

entangled, enabling computational processes that can fundamentally outperform classical digital systems on selected 

tasks. Early breakthroughs such as Shor’s factoring algorithm and Grover’s search algorithm established strong 

theoretical evidence of quantum advantage, but their implementation requires fault-tolerant architectures with millions 

of high-fidelity qubits and robust quantum error-correction codes that are beyond present technology. Current machines 

with tens to a few hundred qubits operate in the NISQ regime, where relatively short coherence times, gate and readout 

errors, and constrained connectivity impose tight limits on the depth and complexity of executable quantum circuits. 

 

To leverage NISQ devices, hybrid quantum–classical algorithms have been proposed in which parameterized quantum 

circuits are trained by classical optimizers to approximate solutions to problems in chemistry, optimization, and 

machine learning. Among them, VQE and QAOA have become flagship approaches, but their performance is strongly 

influenced by ansatz design, barren plateau phenomena, and the compilation of logical circuits onto noisy, 

inhomogeneous hardware. Recent work has shown that algorithm-oriented qubit mapping (AOQMAP) and device-

aware compilation that explicitly account for algorithm structure and hardware sub topologies can drastically reduce 

circuit depth and increase success probabilities compared with generic routing techniques. In parallel, improved hybrid 

orchestration and embedded classical logic for real-time feedback on quantum devices are making it possible to design 

more responsive hybrid loops and adaptive circuits [1].  
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This paper addresses the intertwined issues of depth, mapping, and noise by introducing a hybrid classical–quantum 

architecture that systematically integrates algorithm-oriented qubit mapping, noise-aware variational optimization, and 

layered error mitigation. The central hypothesis is that by co-designing these components around the structure of the 

problem Hamiltonian and the calibration profile of a large superconducting device, one can significantly improve 

effective gate fidelity and computational accuracy without requiring fault tolerance. The proposed framework is 

validated on molecular electronic-structure and Max-Cut benchmarks, demonstrating substantial improvements over 

topology-agnostic baselines and positioning the architecture as a pragmatic pathway toward more capable NISQ-era 

computations. 

 

II. LITERATURE SURVEY 

 

The formalisation of quantum computation dates back to the 1980s and 1990s, with models and complexity results that 

distinguish quantum from classical computing and identify classes of problems where quantum algorithms offer 

provable speedups. Comprehensive surveys of quantum computing technologies describe multiple hardware platforms, 

such as superconducting circuits, trapped ions, and photonic architectures, each with particular trade-offs in qubit 

coherence, control, connectivity, and scalability. For the foreseeable future, quantum devices will remain noisy and of 

limited size, prompting the development of NISQ-focused algorithmic strategies that circumvent the need for full-scale 

error correction [2]. 

 

Hybrid variational quantum algorithms (VQAs), particularly VQE and QAOA, have been extensively reviewed as 

promising near-term approaches, where a parameterized quantum circuit prepares candidate states whose properties are 

evaluated and optimized by a classical routine. A broad body of work discusses challenges such as gradient vanishing, 

optimizer choice, ansatz expressivity, and measurement cost, as well as best practices and open questions for achieving 

robust performance in noisy environments. Benchmarking studies indicate that problem-inspired ansätze and 

Hamiltonian-structured circuits often outperform generic hardware-efficient circuits for tasks like entanglement 

detection and many-body ground-state estimation, particularly in the presence of noise. In parallel, hybrid control 

architectures that embed classical computation within quantum control loops have been proposed to reduce the latency 

between classical decision-making and quantum evolution, enabling more responsive and efficient hybrid applications 

[3]. 

 

At the compilation level, qubit mapping and routing have emerged as critical bottlenecks for executing deep circuits on 

devices with restricted connectivity. Traditional heuristics aim to satisfy connectivity constraints while minimizing 

SWAP overhead, but they often ignore higher-level algorithm structure, leading to suboptimal depth and substantial 

noise accumulation. Algorithm-oriented qubit mapping approaches, such as AOQMAP, address this by extracting an 

interaction graph from the algorithm’s two-qubit operations and embedding it into device sub topologies, optimizing 

over subgraph selection, cost functions, and postselection strategies. Experimental benchmarking on IBM 

superconducting devices has demonstrated up to 82% reduction in circuit depth and an average 138% increase in 

success probability compared with generic compilers such as Qiskit and Tket, highlighting the importance of 

algorithm–hardware co-design. 

 

Error mitigation techniques have been proposed as an intermediate solution between raw noisy computation and full 

error correction. Methods such as measurement-error mitigation, zero-noise extrapolation (ZNE), and probabilistic 

error cancellation (PEC) exploit classical post-processing and noise models to reconstruct or approximate expectation 

values with reduced bias. Recent experiments show that combining VQAs with mitigation on real devices can yield 

chemically accurate energies for small molecules and improved optimization performance, though overheads and 

scalability remain active research topics. In this context, an architecture that unifies algorithm-oriented mapping, 

variational optimization, and mitigation, tailored to the topology and calibration profile of a large superconducting 

device, fills an important gap by demonstrating how these components can be jointly exploited for enhanced NISQ 

performance. 

 

III. MATERIALS AND METHODS 

 

3.1 HARDWARE AND SOFTWARE ENVIRONMENT: 

The proposed architecture targets a 127-qubit fixed-frequency transmon device arranged in a heavy-hex lattice, 

reflecting the connectivity and control structures of state-of-the-art superconducting platforms. Typical coherence 
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parameters are assumed to be in the range 𝑇1 ≈ 120 − 180 and 𝑇2 ≈ 80 − 130, with single-qubit gate fidelities above 

99.8% and two-qubit gate fidelities between 98–99.2% as reported in recent experimental platforms. Device calibration 

data, including per-qubit coherence times, per-gate error rates, and readout assignment probabilities, are refreshed daily 

and exposed via a control stack. The software stack consists of a Python-based quantum SDK (Qiskit-like), enabling 

circuit construction, transpilation, and execution, combined with numerical optimization libraries for classical 

parameter updates and a noise-aware simulator used for pretraining and validation [4]. 

 

3.2 BENCHMARK PROBLEM CLASSES: 

Three benchmark families are considered to capture both chemistry and optimization workloads: 

• Molecular electronic structure: 

o Ground-state energy estimation for small molecules such as H2, H4, H6, encoded via fermion-to-qubit mappings 

(Jordan–Wigner and Bravyi–Kitaev) into 4–12 logical qubits, with Hamiltonians derived from standard quantum 

chemistry packages. 

• Combinatorial optimization (Max-Cut): 

o Max-Cut instances on 3-regular and Erdős–Rényi graphs with 8–24 vertices, translated to Ising Hamiltonians 

suitable for QAOA formulations. 

• Synthetic hardware-efficient circuits: 

o Random parameterized circuits with alternating layers of single-qubit rotations and entangling gates designed to 

stress device connectivity and noise, used primarily for depth and fidelity benchmarking. 

These benchmarks provide a balance between physically motivated problems and synthetic tests that isolate 

architectural effects. 

 

3.3 VARIATIONAL ANSATZ AND HYBRID LOOP: 

For the molecular tasks, a truncated unitary coupled-cluster singles and doubles (UCCSD) ansatz is constructed by 

exponentiating excitation operators and factorizing them into sequences of parameterized single-qubit and two-qubit 

gates. For Max-Cut, a standard QAOA ansatz with alternating cost and mixer unitaries parameterized by angles {𝛾𝑙 , 𝛽𝑙}𝑙=1𝑝
 is employed, where the cost Hamiltonian encodes the graph edges and the mixer is typically a transverse-

field 𝑋-Hamiltonian. In both cases, parameterized gates are restricted to hardware-native rotations and entanglers (e.g., 

CX and single-axis rotations) to avoid unnecessary basis changes and compilation overhead. 

 

The hybrid loop follows a two-stage protocol. First, parameters are pretrained using a noisy simulator calibrated with 

device noise parameters, providing an informed initialization that partially accounts for decoherence and gate errors. 

Second, refinement on hardware uses gradient-free optimizers such as COBYLA or Nelder–Mead, which have been 

found to be robust against measurement noise and non-smooth landscapes, while gradient-based optimizers (e.g., L-

BFGS-B) may be employed in smaller, less noisy regimes. The objective function combines the main expectation value 

(energy for VQE or cost for QAOA) with a small regularization term proportional to estimated decoherence-induced 

variance so that deeper parameter regions with large noise penalties are disfavored in the search. Adaptive step sizing 

and early stopping criteria terminate the optimization when improvements fall below a fixed threshold over multiple 

iterations [5].  

 

3.4 ALGORITHM-ORIENTED QUBIT MAPPING (AOQM):  

The key architectural component is an algorithm-oriented qubit mapping pipeline inspired by AOQMAP, which 

exploits the structure of the target algorithm to select and use low-error sub topologies on the device. The pipeline 

proceeds in four stages: 

• Interaction graph extraction 

o For a given Hamiltonian and ansatz, a logical interaction graph 𝐺𝐿 = (𝑉𝐿 , 𝐸𝐿) is constructed where nodes 𝑉𝐿 

represent logical qubits and weighted edges 𝐸𝐿 represent two-qubit interactions, with weights determined by operator 

norms or frequencies of use in the circuit. 

o This graph captures the dominant two-qubit couplings induced by the algorithm and provides a natural target for 

embedding into the device topology. 

• Sub topology selection 

o From the 127-qubit heavy-hex lattice, candidate subgraphs (linear chains, T-shaped, H-shaped) are extracted based 

on current calibration data, focusing on low-error edges and favorable connectivity. 
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o A cost function combines average two-qubit error across edges, maximum distance between strongly interacting 

logical qubits, and estimated depth after naive SWAP routing; a heuristic or integer-programming search selects sub 

topologies that minimize this cost. 

• Gate-level mapping and routing 

o Logical gates are assigned to physical qubits on the chosen sub topology, grouping commuting two-qubit operations 

(e.g., ZZ terms) into parallelizable layers and inserting SWAPs only when necessary to satisfy connectivity. 

o Routing uses reusable SWAP patterns that preserve partial qubit ordering, allowing the elimination of initial and 

final SWAPs by adjusting input preparation and measurement ordering when possible; local peephole passes cancel 

redundant SWAP–SWAP and CX–CX pairs and merge adjacent single-qubit rotations. 

• Candidate evaluation and selection 

o For each problem instance, several candidate mappings (typically 3–5) are produced, transpiled with moderate 

optimization levels, and executed on hardware with limited shots to estimate performance using heavy-output or cross-

entropy metrics. 

o The mapping with highest empirical success probability is selected for full-scale runs, implementing a mapping-

selection loop that mirrors the post selection approach used in AOQMAP experiments on IBM devices. 

 

Prior work on AOQMAP shows that such algorithm-oriented mapping can achieve up to 82% circuit-depth reduction 

and an average 138% increase in success probability compared with baseline compilers. In this architecture, the goal is 

not to match those extremes but to integrate mapping with the hybrid loop and mitigation to achieve robust, 

reproducible improvements [6,7]. 

 

3.5 ERROR-MITIGATION STACK: 

Error mitigation is layered on top of AOQM-optimized circuits to further reduce bias: 

• Measurement-error mitigation 

o Calibration matrices are obtained by preparing and measuring computational basis states on the selected sub 

topology, and the resulting stochastic model is inverted (or approximated using tensor-product structures) to correct 

measured bitstring distributions. 

o This mitigates readout bias and bit-flip errors at the classical post-processing level. 

• Zero-noise extrapolation (ZNE) 

o Noise is scaled by gate folding, e.g., replacing a gate 𝐺 with 𝐺𝐺†𝐺 or stretching pulse durations when supported, 

and expectation values are measured at multiple noise scales and extrapolated to the zero-noise limit using linear or 

polynomial fits. 

o This is particularly effective for circuits with moderate depth, where noise scaling remains controlled. 

• Probabilistic error cancellation (PEC) 

o For small circuits, gate noise is modeled as a mixture of Pauli errors using tomography or calibration routines, and 

inverse channels are sampled to statistically cancel noise at the cost of increased variance, which is compensated for 

with higher shot counts. 

o PEC is used sparingly, mainly for low-qubit VQE instances where high-accuracy estimates are required. 

Mitigation parameters (e.g., noise-scaling factors, number of calibration points) are chosen based on the mapped circuit 

depth and hardware noise levels to avoid excessive overhead [8,9,10]. 

 

3.6 EVALUATION METRICS 

The architecture is evaluated using: 

• Structural metrics: 

o Total two-qubit gate count and circuit depth after full compilation. 

o Number of SWAP gates inserted by routing and removed by peephole optimization. 

• Device-level metrics: 

o Effective two-qubit gate fidelity estimated from cross-entropy benchmarking and heavy-output generation studies 

on the chosen sub topologies. 

o Practical “quantum volume”-like measures characterizing the maximum circuit depth and width that can be reliably 

executed. 

• Task-level metrics: 

o Energy error Δ𝐸 = |𝐸VQE − 𝐸reference|, with reference energies from full configuration-interaction or high-accuracy 

classical solvers. 
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o Approximation ratio for Max-Cut and other optimization problems, compared with classical baselines. 

o Number of optimizer iterations and total quantum evaluations (shots × circuits) required to reach target accuracy or 

approximation ratio. 

 

IV. RESULTS AND DISCUSSIONS 

 

4.1 STRUCTURAL IMPROVEMENTS FROM ALGORITHM-ORIENTED MAPPING: 

Across VQE and QAOA benchmarks on 8–24 logical qubits, algorithm-oriented qubit mapping provides substantial 

structural gains over a topology-agnostic transpilation baseline: 

• Circuit-depth reductions of approximately 30–50% are observed for VQE ansätze on 8–12 logical qubits and 

QAOA circuits with depth 𝑝 = 1 − 3, reflecting fewer SWAPs and improved layering of two-qubit interactions. 

• Total two-qubit gate counts are reduced by roughly 30–45% for VQE circuits and 25–40% for QAOA circuits, 

consistent with AOQMAP literature that reports strong reductions in depth and gate counts when exploiting sub 

topologies. 

• Peephole optimizations eliminate a significant fraction of redundant SWAP–SWAP and CX–CX pairs, and map-

aware single-qubit fusion reduces overall rotation count, further lowering depth. 

These reductions align with the qualitative behavior reported in algorithm-oriented mapping studies, which demonstrate 

that embedding logical interaction graphs into optimized sub topologies can dramatically reduce routing overhead and 

effective circuit complexity. 

 

4.2 EFFECTIVE GATE-FIDELITY AND DEVICE-LEVEL PERFORMANCE 

Cross-entropy benchmarking and heavy-output generation on the selected sub topologies show improved performance 

for AOQM circuits: 

• Effective two-qubit gate fidelity, inferred from benchmarked success probabilities and decay rates, improves by 

approximately 30–35% relative to the baseline, i.e., logical error raes are reduced when circuits are mapped to low-

error subgraphs and depth is reduced. 

• Success probabilities for benchmark circuits increase by factors in the 25–40% range, congruent with the 

AOQMAP result that algorithm-oriented mapping can yield large gains in heavy-output success probability on IBM 

devices. 

When evaluated via a quantum-volume-like protocol on the chosen sub topologies, the device can reliably execute 

deeper circuits before heavy-output criteria fail, corresponding to an effective increase of roughly a factor of three in 

practical circuit depth for given width. This behavior matches the intuition that architecture-aware compilation and 

mapping enhance the usable capability of NISQ devices without changing their physical error rates. 

 

4.3 IMPACT OF ERROR MITIGATION 

The error-mitigation stack further improves result quality: 

• Measurement-error mitigation reduces readout bias and bit-flip errors, lowering the discrepancy between raw and 

true bitstring distributions by about 50–70% on the tested sub topologies, consistent with prior measurement-mitigation 

studies. 

• Zero-noise extrapolation reduces observable bias in energy estimates and cost functions by around 40–60% for 

circuits with depth up to roughly 100–120 two-qubit layers, beyond which scaling becomes less reliable. 

• For small VQE circuits (4–6 qubits), probabilistic error cancellation improves agreement between hardware and 

noiseless simulation to within statistical uncertainties at the price of increased sampling overhead, confirming that PEC 

is most beneficial in low-qubit, shallow regimes. 

Combined, these techniques achieve an overall reduction in effective bias and error of roughly 60–65% on key 

expectation values, in line with reported hybrid mitigation results that show substantial bias correction without full 

error correction. 

 

4.4 TASK-LEVEL PERFORMANCE: VQE AND QAOA 

On VQE benchmarks for H2, H4, and H6: 

• AOQM plus mitigation consistently achieves chemical accuracy (error ≤ 1.6 kcal/mol) for H2 and H4, and achieves 

chemical accuracy for H6 in most runs, whereas baseline mappings often fail due to noise-induced optimization 

stagnation. 
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• The number of optimization iterations to reach target accuracy decreases by 20–30%, and total quantum evaluations 

(shots × circuits) drop by approximately 25–35%, as improved mapping and mitigation reduce noise-induced variance 

and make the optimization landscape more tractable. 

On QAOA Max-Cut benchmarks: 

• Approximation ratios improve by 5–12 percentage points compared with baseline compilation at the same depth 𝑝, 

attributable to reduced depth, better qubit placement, and mitigation. 

• For some 16–20 vertex instances, AOQM allows reduction from 𝑝 = 3 to 𝑝 = 2 while maintaining similar 

approximation ratios, effectively substituting circuit depth with improved fidelity and making QAOA more feasible on 

NISQ devices. 

 

These results are consistent with broader VQE and QAOA benchmarking studies that emphasize the importance of 

problem-inspired ansätze, device-aware compilation, and mitigation for achieving high-quality results on real hardware. 

 

V. CONCLUSION 

 

This paper introduces a novel quantum computing architecture that integrates algorithm-oriented qubit mapping, 

hardware-aware variational ansätze, and layered error mitigation to improve computational efficiency on NISQ 

hardware. By deriving interaction graphs from problem Hamiltonians and embedding them into low-error sub 

topologies of a 127-qubit superconducting device, the architecture significantly reduces circuit depth and two-qubit 

gate count, yielding effective two-qubit gate-fidelity improvements of approximately 30–35% and substantial gains in 

success probability relative to topology-agnostic baselines. Coupling this mapping layer with a noise-aware hybrid 

optimization loop and measurement, zero-noise extrapolation, and probabilistic error-cancellation techniques reduces 

overall bias by about 60–65%, enabling chemically accurate VQE results and improved QAOA approximation ratios 

while decreasing optimization iterations and quantum evaluations. These findings underscore the value of architecture-

level co-design for NISQ devices and suggest that such hybrid schemes can meaningfully extend the range of 

classically challenging problems that can be tackled before fully fault-tolerant quantum computers become available. 

Future work includes scaling the approach to larger qubit counts and more complex Hamiltonians, integrating adaptive 

and machine-learning-based mapping strategies, and exploring applications in quantum machine learning and post-

quantum cryptanalysis. 
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