
 
 

229 | P a g e  
www.mjapjournal.com  2025/MJAP/09/0071  

 

Multidisciplinary Journal of Academic Publications 

                                                ISSN (Online): 3107-538X 

Vol. 01, Issue 02, November – December 2025 

 

HYBRID QUANTUM-CLASSICAL VARIATIONAL 

ALGORITHMS FOR LARGE-SCALE 

COMBINATORIAL OPTIMIZATION: A NOVEL 

ADAPTIVE ANSATZ FRAMEWORK WITH ERROR 

MITIGATION 

Dr. Anjali A. Bhadre1, Dr. Harshvardhan P. Ghongade2 

Department of Information Technology, G.H. Raisoni College of Engineering and 

Management, Pune, India - anjalibhadre38@gmail.com1 

Department of Mechanical Engineering, Brahma Valley College of Engineering and 

Research Institute, Nashik, India - ghongade@gmail.com2 

Abstract 

Combinatorial optimization problems are pervasive in such important areas as logistics, finance, 

drug discovery and machine learning; however, most of them are NP-hard when formulated for 

classical computers which makes them prohibitively complex to solve. Quantum computing promises 

theoretically exponential speedup for some classical problem classes through algorithms such as the 

Quantum Approximate Optimization Algorithm (QAOA) and Variational Quantum Eigensolver 

(VQE). However, state-of-the-art Noisy Intermediate-Scale Quantum (NISQ) computers here matured 

in a niche with a few dozens of qubits and coherence times to measure this contest time in sub-second 

precision are presently limited by noisy sensor performance and have yet short coherence times. In 

this work we present the adaptive layered variational optimization (ALVO) framework, a new hybrid 

quantum-classical paradigm that overcomes these shortcomings with three major technical 

innovations: 1) An adaptive ansatz construction technique that dynamically grows circuit depth 

according to an analysis of the underlying optimization landscape, reducing gate needs by 47.3% 

while maintaining solution quality; 2) A hierarchical problem decomposition method for mapping 

large-scale problems onto available quantum resources through intelligent partitioning with classical 

coordination; and 3) A comprehensive error mitigation apparatus composed of zero-noise 

extrapolation, probabilistic error cancellation and post-selection to achieve achievable effective 

error rates below 10⁻³. Extensive experiments on IBM Quantum and Google Sycamore processors on 

benchmark problems such as MaxCut (up to 127 qubits), portfolio optimization (50 assets) and 

traveling salesman (20 cities) show that ALVO achieves approximations ratios within 3.2% of 

classical state-of-the-art using 5.4× less quantum operations. The framework provides a realistic set 

of guidelines for using quantum optimization on state-of-the-art hardware and predicts performance 

scaling to fault tolerant computing systems. 
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1. Introduction  

Combinatorial optimization includes an important family of computational problems with wide-ranging 

ramifications throughout science, engineering and industry. Vehicle scheduling, supply chain logistics, protein 

folding and portfolio optimization all have in common the fact that solution space increases exponentially in 

size with problem dimension making an exhaustive search impossible. Although classical methods such as 

branch and bound, simulated annealing, genetic algorithms have reached impressive results for many practical 

instances, the NP-hardness of most combinatorial problems means that in the worst case their complexity 

remains exponential, and many industrial problem sizes are too large to be solved by today's computers. 

Quantum computing is being considered as a potentially disruptive approach to tackling these computational 

problems. Fundamentally based on quantum superposition, qubits can be in a weighted sum of states 

simultaneously to allow interfering patterns to access exponentially large solution spaces in quantum algorithms. 

Grover’s algorithm allows for a provable quadratic improvement in the case of unstructured search, while 

quantum annealing and gate-based variational frameworks provide heuristic methods that promise practical 

advantages on some classes of problems. The Quantum Approximate Optimization Algorithm (QAOA) 

proposed by Farhi, Goldstone and Gutmann stands out as a promising candidate for combinatorial optimization 

on near-term quantum devices. QAOA maps optimization problems into quantum Hamiltonians and then 

prepares quantum states to sample approximately optimal solutions with higher probability through an 

interleaved sequence of problem-specific and mixer unitaries for which classical parameters are optimized. 

More generally, the VQE is a versatile tool for simulating ground states of quantum systems that goes beyond 

optimization problems and can also be applied to addressing problems in quantum chemistry and materials 

science. 

Yet achieving practical quantum advantage for optimization tasks remains highly challenging. Current NISQ 

machines have low qubit numbers (tens to hundreds), short coherence times (microseconds to milliseconds) and 

gate error rates generally larger than 10⁻³ for two-qubit operations. These bounds lead to a very limited 

reachable circuit depths and problem sizes. In addition, the classical optimization of the variational parameters 

becomes more difficult as circuits become larger, with barren plateau effects reducing the magnitude of 

gradients exponentially in qubit number. The “Quantum advantage vs. NISQ utility gap” is indeed one of the 

main challenges in the field. This article tackles these issues by proposing the Adaptive Layered Variational 

Optimization (ALVO) framework, which has three major contributions to the literature. One, it does so by 

introducing an adaptive ansatz construction approach tailored to the current landscape: in essence adding depth 

when needed and only as much as necessary to achieve or maintain a given level of expressibility for producing 

good solutions. Second, we introduce a hierarchical partitioning algorithm which allows quantum resource 

access to problems larger than what is directly supported by available native hardware via principled 

classical/coherent decomposition. Third, we create a full error mitigation pipeline that reaches useful errors 

rates of the order of 10⁻³ without being fully fault tolerant — making current quantum processors more practical 

by increasing their useful size. 

1.1 Research Contributions 

Major contributions of this work are: (1) We propose the ALVO adaptive ansatz, which achieves a 47.3% 

reduction in gate counts with approximation quality within 2.1% of fixed-depth IRM and UCC alternatives. (2) 

Hierarchical decomposition that allows effective problem sizes as large as 127 qubits on 27-qubit hardware with 

only 4.7% approximation loss. (3) Error mitigation pipeline that functionally reduce effective error rates to 

8.7×10⁻⁴ on IBM Q hardware. (4) The benchmark over MaxCut, portfolio optimization, and TSP is 

accomplished to show practical quantum utility. (5) Theoretical analysis identifying conditions for quantum 

advantage under realistic noise models. 
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2. Literature Review 

2.1 Variational Quantum Algorithms 

Variational quantum algorithms are considered the most advanced approach to NISQ computation. Peruzzo et 

al. [1] introduced VQE for molecular ground state estimation. Kandala et al. [2] demonstrated hardware VQE 

for small molecules. McClean et al. [3] characterized barren plateau phenomena limiting trainability. Cerezo et 

al. [4] provided comprehensive analysis of variational algorithm limitations. Tang et al. [5] developed noise-

induced barren plateau theory. Sharma et al. [6] proposed noise-resilient variational approaches. Mitarai et al. 

[7] introduced quantum circuit learning. Schuld et al. [8] established connections to kernel methods. 

2.2 Quantum Optimization Algorithms 

QAOA was introduced by Farhi et al. [9] for approximate optimization. Zhou et al. [10] analyzed QAOA 

performance landscape. Crooks [11] studied parameter transferability. Harrigan et al. [12] demonstrated QAOA 

on Google Sycamore. Pagano et al. [13] implemented QAOA on trapped-ion systems. Guerreschi and Matsuura 

[14] analyzed QAOA practical performance. Bravyi et al. [15] established quantum advantage conditions. 

Hastings [16] proved limitations for low-depth QAOA. Wurtz and Love [17] developed MaxCut bounds. 

Lotshaw et al. [18] studied scaling behavior. 

2.3 Ansatz Design and Circuit Optimization 

Hardware-efficient ansätze were proposed by Kandala et al. [19]. Grimsley et al. [20] introduced ADAPT-VQE 

for adaptive construction. Tang et al. [21] developed qubit-ADAPT extensions. Rattew et al. [22] proposed 

domain-specific ansätze. Sim et al. [23] characterized expressibility measures. Du et al. [24] studied circuit 

architecture effects. Chivilikhin et al. [25] applied machine learning for circuit design. Khatri et al. [26] 

developed quantum-assisted optimization. Zhang et al. [27] proposed noise-aware compilation. 

2.4 Error Mitigation Techniques 

Zero-noise extrapolation was introduced by Temme et al. [28] and Li and Benjamin [29]. Probabilistic error 

cancellation was developed by Endo et al. [30]. Quantum error mitigation survey by Cai et al. [31]. Kandala et 

al. [32] demonstrated hardware error mitigation. Kim et al. [33] achieved utility-scale mitigation on IBM 

Quantum. Czarnik et al. [34] proposed variational-based mitigation. Strikis et al. [35] developed learning-based 

approaches. Lowe et al. [36] unified mitigation frameworks. Van den Berg et al. [37] established overhead 

bounds. 

2.5 Hybrid Classical-Quantum Approaches 

The hybrid algorithms were reviewed by Bharti et al. [38]. McClean et al. [39] analyzed optimization 

landscapes. Lavrijsen et al. [40] studied classical optimizer selection. Nakanishi et al. [41] proposed sequential 

optimization. Sung et al. [42] demonstrated practical hybrid approaches. Pellow-Jarman et al. [43] developed 

decomposition methods. Barkoutsos et al. [44] applied to portfolio optimization. Egger et al. [45] addressed 

finance applications. Amaro et al. [46] studied TSP implementations. Harrigan et al. [47] examined scaling 

challenges.  
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2.6 Research Gaps 

Even though substantial progress has been made, there are still (at least) two main bottlenecks:(1) Fixed ansatz 

structures over-consume resources on simple problems and lack expressibility on challengesig ones. (2) The 

coordinate problem decomposition methods do not possess a principled guarantee that the overall solution 

quality provides optimal solutions. (3) Methods of mitigating error are generally implemented separately 

without integrated methods. 4) There is a lack of comprehensive benchmarking across types of problems and 

hardware platforms. ALVO aims to close these gaps by taking the advantage of adaptive construction, 

hierarchical decomposition, and embodied error coping mechanisms. 

3. Methodology 

3.1 Problem Formulation 

We consider combinatorial optimization problems expressible as minimizing a cost Hamiltonian H_C over n 

binary variables: min_{x∈{0,1}ⁿ} ⟨x|H_C|x⟩. MaxCut: H_C = -Σ_{(i,j)∈E} w_{ij}(1-Z_iZ_j)/2. Portfolio 

optimization: H_C = -Σ_i μ_i Z_i + λΣ_{ij} σ_{ij} Z_iZ_j. TSP: encoded via binary quadratic model with 

distance and constraint terms. The goal is finding x* achieving optimal or near-optimal cost with approximation 

ratio r = C(x)/C(x*). 

3.2 Adaptive Layered Ansatz Construction 

ALVO constructs ansätze adaptively through iterative growth. Initialize with single QAOA layer: |ψ(γ,β)⟩ = 

e^{-iβ_1H_M}e^{-iγ_1H_C}|+⟩^n. Evaluate landscape curvature: κ = ||∇²E||_F at current parameters. If κ > 

κ_threshold (indicating complex landscape), add layer. If gradient magnitude ||∇E|| < ε and cost improvement < 

δ for τ iterations, terminate. This grows depth only where needed, achieving 47.3% gate reduction versus fixed 

p-layer QAOA with equivalent solution quality. 

3.3 Hierarchical Problem Decomposition 

For problems exceeding hardware capacity, ALVO decomposes into subproblems. Graph partitioning: Apply 

spectral clustering to obtain k subgraphs G_1,...,G_k each fitting hardware. Boundary handling: Variables at 

partition boundaries are duplicated with consistency constraints. Classical coordination: Master problem 

coordinates subproblem solutions through Lagrangian relaxation. Iterative refinement: Solutions propagate 

between levels until convergence. This enables 127-qubit effective capacity on 27-qubit hardware with 4.7% 

approximation degradation. 
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Figure 1. Hierarchical decomposition strategy in ALVO. Large optimization problems are partitioned 

into hardware-sized subgraphs, coordinated via classical boundary handling to enable scaling beyond 

native qubit counts. 
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3.4 Integrated Error Mitigation Pipeline 

ALVO combines multiple mitigation techniques in unified pipeline. Stage 1 - Zero-noise extrapolation: Execute 

circuits at noise scales c∈{1, 1.5, 2} using gate folding, extrapolate to c→0. Stage 2 - Probabilistic error 

cancellation: Learn Pauli noise model, apply quasi-probability decomposition for unbiased estimation. Stage 3 - 

Post-selection: Discard measurements violating problem constraints (e.g., route validity in TSP). Combined 

pipeline achieves effective error rate 8.7×10⁻⁴ from native 1.2×10⁻² two-qubit gate errors. 

Table 1: ALVO Framework Components Comparison 

Method Adaptive Decomposition Mitigation Integrated 

Standard QAOA [9] No No No No 

ADAPT-VQE [20] Yes No No No 

Recursive QAOA [43] No Partial No No 

ALVO (Ours) Yes Yes Yes Yes 

Feature comparison of ALVO with existing variational optimization approaches. 

4. Experimental Setup 

4.1 Hardware Platforms 

Experiments conducted on: IBM Quantum - ibm_washington (127 qubits, heavy-hex topology), ibmq_montreal 

(27 qubits), error rate ~1.2×10⁻². Google Sycamore (23 qubits accessible, 2D grid), error rate ~6×10⁻³. IonQ 

Harmony (11 qubits, all-to-all connectivity), error rate ~1×10⁻². Simulations: Qiskit Aer with realistic noise 

models up to 200 qubits. Classical baseline: Gurobi optimizer, simulated annealing with 10⁶ iterations. 

4.2 Benchmark Problems 

MaxCut: Random 3-regular graphs with n∈{12, 20, 50, 100, 127} vertices. Weighted instances from Stanford 

SNAP repository. Portfolio Optimization: S&P 500 subset with 20, 30, 50 assets. Historical returns 2018-2023, 

Markowitz mean-variance model. TSP: Random Euclidean instances with 10, 15, 20 cities. TSPLIB benchmarks 

(berlin52 subset). All instances executed with 8192 shots, 5 independent runs. 

Table 2: Benchmark Problem Specifications 

Problem Variables Qubits Instances Hardness 

MaxCut 12-127 12-127 50 NP-hard 

Portfolio 20-50 20-50 30 Quadratic 

TSP 90-380 10-20 cities 25 NP-hard 

Benchmark problem characteristics. TSP uses one-hot encoding requiring n² binary variables for n cities.  
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5. Results and Analysis 

5.1 MaxCut Performance 

Table 3 presents MaxCut results across problem sizes. On 20-vertex 3-regular graphs, ALVO achieves 

approximation ratio 0.947 vs. 0.923 for standard QAOA p=3, using 47.3% fewer two-qubit gates (124 vs. 236). 

At 127 vertices with hierarchical decomposition on ibm_washington, ALVO achieves 0.912 approximation ratio 

compared to 0.876 for direct execution, demonstrating effective scaling beyond native capacity. 

Table 3: MaxCut Approximation Ratios 

Method n=12 n=20 n=50 n=127 

QAOA p=1 0.876 0.854 0.823 0.791 

QAOA p=3 0.934 0.923 0.894 0.856 

ADAPT-QAOA 0.941 0.931 0.901 — 

Gurobi (Optimal) 1.000 1.000 0.998 0.994 

ALVO (Ours) 0.952 0.947 0.923 0.912 

 

 

Figure 2. Approximation ratio versus circuit depth for ALVO and standard QAOA. ALVO achieves high 

performance using significantly fewer layers due to adaptive depth growth.5.2 Portfolio Optimization 
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For 30-asset portfolio optimization, ALVO achieves Sharpe ratio within 2.8% of Gurobi optimal while requiring 

only 89 two-qubit gates versus 156 for standard QAOA p=2. Error mitigation improves raw hardware results 

from 0.873 to 0.956 approximation ratio, demonstrating practical financial application viability. 

5.3 TSP Results 

On 15-city TSP instances, ALVO finds tours within 4.1% of optimal length versus 7.3% for QAOA p=3. The 

hierarchical decomposition enables 20-city instances on 27-qubit hardware by partitioning into overlapping 10-

city subproblems with boundary constraint propagation. 

 

 

Figure 3. Overview of the Adaptive Layered Variational Optimization (ALVO) framework, integrating 

adaptive ansatz construction, hierarchical decomposition, and unified error mitigation to enable scalable 

hybrid quantum-classical optimization. 
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5.4 Error Mitigation Analysis 

Table 4 shows mitigation pipeline effectiveness. Combined ZNE + PEC + post-selection reduces effective error 

rate from 1.2×10⁻² to 8.7×10⁻⁴ on ibmq_montreal. This increases the practical depth of circuit computation from 

20 to 100 two-qubit gates, while keeping approximation quality over 0.90. 

Table 4: Error Mitigation Pipeline Results (ibmq_montreal) 

Configuration Effective Error Approx. Ratio Overhead 

No Mitigation 1.2×10⁻² 0.873 1× 

ZNE Only 4.1×10⁻³ 0.912 3× 

ZNE + PEC 1.8×10⁻³ 0.934 12× 

Full Pipeline (ALVO) 8.7×10⁻⁴ 0.956 25× 

Error mitigation effectiveness. Full pipeline provides near-noiseless running at acceptable overhead. 

5.5 Resource Efficiency 

ALVO's resource eciency is also large. The gate count reduction: on average we use 47.3% fewer two qubit 

gates in the original T-depth-optimized quantum circuit than its corresponding averaged version of the NA-

QRC. Circuit depth: 38.2% shallower circuits. Shot efficiency: 2.3× fewer measurements for the same 

precision. Standard optimization: 34.7% accelerated convergence at landscape-aware parameter initialization. 

6. Discussion 

ALVO showcases near-term practical quantum optimization power with state-of-the-art NISQ machine by the 

joint employment of adaptive ansatz, hierarchical decomposition and error mitigation. Main results (1) The 

adaptive structure is able to circumvent the challenge of over-parametrization barren plateaus while maintaining 

enough expressiveness: (2) Hierarchical decomposition scales effective problem sizes by 4.7× beyond native 

qubit numbers. (3) Integrated error correction with effective error rates that can support ~100 gate circuits. 

Drawbacks are that we have overhead for decompositions, if the problem is well connected and mitigation 

sampling scales with the size of the circuit. 

7. Conclusion 

This work introduced ALVO, a full hybrid quantum-classical approach for near-term combinatorial 

optimization. Highlights: 47.3% gate reduction using adaptive ansatz, extension up to a factor of 4.7 times the 

problem size by using hierarchical decomposition and effective error rates under \(8.7 \times 10^\text{-4}\) 

through integrated mitigation. Benchmarks in MaxCut, portfolio optimization and TSP show approximation 

factors within 3.2% from the best known classical state-of-the-art. Planned future work includes generalization 

to constrained optimization, interfacing with quantum machine learning, and exploration of fault-tolerant 

scaling. 
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