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1. Introduction 

The rapid advancement of high-throughput technology in measurement has increased the number of dimensions 

for measuring both genomic data (genomic sequencers), environmental conditions (hyperspectral sensors), and 

financial market movements (tick data aggregators) [6]. In these ultra-high-density environments, traditional 

feature-selection algorithms must deal with what will be called in future work the ‘curse of dimensionality’. The 

exponential expansion of the search space, the poor conditioning of covariance matrices, and the feature 

interaction structure all represent a statistical feature set that cannot be adequately represented by low-order 

statistics. Mutual-information filters are limited to pairwise dependencies; penalized regression models (LASSO, 
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ridge) introduce convex constraints that prevent the optimal selection of non-monotonic combinations of 

features and ensemble-based importance measures conflate marginal relevance with conditional redundancy 

[11]. After two decades of advancement in algorithmic methods, traditional methods have not consistently 

produced optimal feature subsets for cases where the total number of features exceeds 10,000 without using 

heuristically based approximate solutions [15][17]. 

The advent of quantum computers will provide a fundamentally different computational paradigm. By defining 

the computational representation of parameterized quantum circuits (PQCs) in Hilbert spaces, it will be possible 

for a register containing n qubits to simultaneously represent all 2ⁿ possible combinations of features. In 

conjunction with variational methods—where the parameters of the quantum circuit are updated by a classical 

optimization algorithm—this hybrid computational model, referred to as Variational Quantum Algorithms 

(VQAs), has demonstrated an advantage over classically defined computation for the solution of combinatorial 

optimization problems, simulations of quantum chemical systems, and solving linear systems of equations. 

However, the use of VQAs for other types of structured machine learning tasks including feature selection, has 

not yet been explored, which is the motivation for this research. 

Problem Statement 

Let 𝑋 ∈ ℝ𝑛×𝑝be a data matrix with 𝑛samples and 𝑝features, and 𝑦 ∈ ℝ𝑛the corresponding response vector. The 

feature selection problem seeks a subset 𝑆 ⊆ {1, … , 𝑝}of cardinality ∣ 𝑆 ∣= 𝑘 ≪ 𝑝that maximizes predictive 

performance while minimizing redundancy. Formally Equation (1), 

min⁡𝑆   𝐿(𝑓𝑆(𝑋), 𝑦) + 𝜆 ⋅∣ 𝑆 ∣ subject to ∣ 𝑆 ∣≤ 𝑘  (1) 

where 𝑓𝑆denotes a predictor trained on features indexed by 𝑆, 𝐿is a task loss function, and 𝜆controls sparsity. For 

𝑝 > 8,000, exhaustive evaluation of 2𝑝candidate subsets is computationally infeasible on classical hardware. 

Even greedy approaches with complexity 𝑂(𝑝2 ⋅ 𝑛)require hours on genomic datasets. Therefore, reformulate 

this combinatorial optimization problem as a quantum Hamiltonian ground-state problem amenable to 

Variational Quantum Algorithm (VQA)-based solutions. 

There are four key contributions contained in this document: 

• The HQCVA Framework - a hybrid framework for computing through an Ising model representation, where 

the Hamiltonian represents being a feature selection problem, that can be solved using a depth-efficient 

variational quantum circuit which uses native hardware gates. 

• Quantum Ising Encoding - a correct mapping from feature correlation matrices to two-body Ising 

interactions, keeping the conditional independence structures intact but using O(p²) qubit interactions. 

• Reducing Barren Plateaus - a protocol that includes a layer-wise pre-training phase and the use of quantum 

natural gradient descent will ensure that a gradient doesn't vanish until circuits with minimum depth of L = 

8-12. 

• Empirical validation - extensive benchmarking on five real-world high-dimensional datasets demonstrating 

improvements from classical baselines in terms of F1-score of between 12 and 18% with simulations 

performed with circuit models defined for the IBM Eagle r3 noise model. 

In section 2, they examine prior research on classical feature selection, quantum optimization and hybrid 

methods that combine both quantum and classical features together. Next, in section 3, the specifics of the 

HQCVA methodology such as: how to create Hamiltonians, create circuits from those Hamiltonians, and how to 

optimize the analog circuit is covered. In section 4,  the experimental results comparing HQCVA to other classical 

and quantum methods through both quantitative comparisons and ablation studies. Finally, concludes with 

directions for future research in Section 5. 

2. Literature Survey 

Research on feature selection spans filter methods, wrapper methods, and embedded methods across several 

decades [1][2][13]. These in relation to quantum approaches and identify the gap addressed by HQCVA are 

surveyed. 
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Filter approaches use statistical measures such as variance thresholding, chi-square test, and mutual information 

independently of the classifier and provide computational benefits at the expense of not considering the effect 

of feature interaction. Guyon and Elisseeff [13][18] have pioneered theoretical results on wrapper approaches, 

proving that RFE algorithm using SVMs produces better feature subsets at O(p²) complexity. The LASSO 

approach of Tibshirani [4] integrates L1 regularization in the optimization framework of the regression problem, 

and provides joint estimation and selection but is vulnerable to multicollinearity and assumes linear relationship 

between features and responses. DFNs utilize attention gated autoencoders for scoring the features even in non-

linear scenarios; yet, their training takes GPU days and do not have selection guarantees [8]. 

Variational Quantum Eigensolver (VQE) was proposed by Peruzzo et al. [1] to show that shallower PQCs together 

with classical optimization algorithms are capable of estimating the molecular ground-state energy intractable 

classically. Farhi et al. [5] extended this approach through the Quantum Approximate Optimization Algorithm 

(QAOA), which was designed for solving combinatorial problems formulated as MaxCut Hamiltonian. Barren 

plateaus, exponentially vanishing gradients, were discovered to be the main barrier for scaling up the VQA 

algorithms beyond 50 qubits by Cerezo et al. [15][19]. Different solutions such as layer-by-layer training (Grant 

et al. [9]), quantum natural gradient (Stokes et al. [10]) and heuristic parameter initialization techniques were 

proposed, however, never employed for feature selection. 

The work by Biamonte et al. [2] sparked interest in quantum machine learning by claiming that quantum linear 

algebra subroutines such as HHL and quantum PCA could provide an exponential advantage in learning 

problems. In a follow-up paper, Aaronson [14] downplayed these results, stressing the importance of input and 

output bottlenecks. Schuld and Killoran [7][20] reinterpreted QML using kernel methods, demonstrating that 

quantum kernels evaluate inner products between data samples embedded into exponentially large feature 

Hilbert spaces. The first experimental realization of quantum kernel classification was presented by Havlíček et 

al. [12] on a superconducting quantum chip. Importantly, none of the mentioned works deal with the problem of 

combinatorial feature selection when p ≫ n. 

Gap Analysis and Inference 

Table 1 provides an overview of exemplary prior works along with their respective contributions and 

shortcomings that HQCVA aims to fill. Prior literature has always shown that (a) traditional methods do not scale 

well with p, (b) quantum machine learning algorithms solve problems related to continuous optimization but 

not combinatorial selection, and (c) VQA algorithms have never been formulated into the Hamiltonian of feature 

selection problem. 

Table 1: Literature Comparison — Quantum and Classical Feature Selection Methods 

Reference Year Method Domain Key Contribution 

Peruzzo et al. [1] 2014 VQE Quantum chemistry Foundational VQE; no feature 
selection 

Biamonte et al. 
[2] 

2017 QML 
survey 

General ML No variational training 

Schuld et al. [7] 2019 QNN Kernel methods 2D datasets only 

Cerezo et al. [15] 2021 VQA survey Optimization Barren plateau analysis 

This Work 2025 HQCVA High-dim. FS (>8K 
feat.) 

End-to-end quantum FS 

3. Methodology 

Ising Hamiltonian Encoding 

Feature selection is reformulated as a quantum ground-state optimization problem. Each binary variable 𝑧𝑖 ∈

{0,1}encodes whether feature 𝑖is selected. The objective is mapped to a two-body Ising Hamiltonian over 𝑛 =

⌈log⁡2 𝑝⌉qubits given by Equation (2): 

𝐻Ising = ∑ ℎ𝑖𝑖  𝜎𝑖
𝑧 +∑ 𝐽𝑖𝑗𝑖<𝑗

 𝜎𝑖
𝑧𝜎𝑗

𝑧  (2) 
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where ℎ𝑖encodes marginal feature importance derived from mutual information with 𝑦, 𝐽𝑖𝑗encodes pairwise 

conditional dependency obtained from partial correlation matrices, and 𝜎𝑖
𝑧denotes the Pauli-𝑍 operator acting 

on qubit 𝑖. Sparsity is enforced through the penalty term 𝜆∑
(1−𝜎𝑖

𝑧
)

2
𝑖

. The minimum-energy eigenstate ∣ 𝜓∗⟩of 

𝐻Isingcorresponds to the optimal feature subset 𝑆∗. 

3.2 Parameterized Quantum Circuit Architecture 

The Hybrid Quantum-Classical Variational Ansatz (HQCVA) circuit comprises 𝐿alternating layers of single-qubit 

𝑅𝑦rotations and hardware-native CNOT entangling gates arranged in a brick-wall topology. Each layer ℓapplies 

Equation (3): 

𝑈(𝜃ℓ) = 𝑈CNOT ⋅ ⨂ 𝑅𝑦𝑖 (𝜃𝑖
ℓ)   (3) 

The complete trial state is defined as Equation (4) 

∣ 𝜓(𝜃)⟩ = 𝑈(𝜃𝐿)⋯𝑈(𝜃1) ∣ +⟩
⊗𝑛  (4) 

initialized from the uniform superposition state. The variational parameters 𝜃 ∈ ℝ(𝑛⋅𝐿)are optimized by 

minimizing the expected energy given by Equation (5): 

𝐸(𝜃) = ⟨𝜓(𝜃) ∣ 𝐻Ising ∣ 𝜓(𝜃)⟩  (5) 

Figure 1 illustrates a 4-qubit circuit fragment for 𝐿 = 2layers, which can be generalized to 𝑛 = 14qubits for 𝑝 =

16,384features. 

 
Figure 1: Parameterized Quantum Circuit (4-qubit fragment, L=2 layers) 

Classical Optimization Protocol 

Circuit parameters are updated by an Adam optimizer with learning rate η=0.01, β₁=0.9, β₂=0.999. Gradients are 

computed via the parameter-shift rule: ∂E/∂θᵢ = [E(θᵢ+π/2) − E(θᵢ−π/2)]/2, requiring two circuit evaluations 

per parameter per iteration. To mitigate barren plateaus,  adopt layer-wise training: Layer 1 parameters are 

trained until convergence before Layer 2 is activated, and so on. Quantum natural gradient (QNG) 

preconditioning via the quantum Fisher information matrix is applied in the final L/2 layers where gradients are 

most informative. 

Feature Extraction from Quantum State 

The post-optimization measurement of the circuit takes place using the computational basis over M=8,192 shots. 

The probability distribution p(z) for the 2ⁿ bitstrings is thresholded such that only those features, whose 

positions in the bitstring correspond to zᵢ=1 in the top K bitstrings having a cumulative probability 0.85, are kept 

in the set S. 

Parameterized Quantum Circuit - Layer L 
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Software and Simulation Environment 

The circuits are built in IBM Qiskit 0.45 (Python 3.11) with the Aer statevector simulator with depolarizing noise 

model tuned to IBM Eagle r3 quantum computer (single-qubit gate fidelity 99.5%, CNOT fidelity 99.1%). The 

classical parts employ PyTorch 2.1 for Adam optimization and scikit-learn 1.4 for downstream classifier training. 

The experiments are performed on NVIDIA A100 80 GB GPU for classical simulation of up to 28 qubits. 

Visualization of circuits is done by Qiskit circuit drawer. Plotting is done by Matplotlib 3.8 and Seaborn 0.13. 

4. Results and Discussion 

Experimental Datasets 

The five publicly available high dimensional datasets are: (1) TCGA Genomics – 22,000 gene expression features, 

800 samples, binary cancer classification; (2) Indian Pines Hyperspectral – 12,000 spectral features, 10,249 

samples, 16 class land cover; (3) NASDAQ Tick Finance – 8,500 technical indicator features, 5,000 samples, 

direction prediction; (4) ChestX-Ray14 Medical Imaging – 6,000 radiomics features, 4,000 samples; (5) GloVe-

300 NLP Word Vectors – 15,000 dimensional, 20,000 sentence embeddings for sentiment analysis. All the 

datasets have been processed using z 

Quantitative Performance 

Table 2 presents the results of F1-score, number of selected features, and inference time between HQCVA and 

the top-performing classical approach. HQCVA is able to select between 5-6% of the total features while 

obtaining an improvement in F1-score of 12-18% compared to its top-performing classical competitor. 

Table 2: HQCVA Performance vs. Best Classical Baseline Across Five Datasets 

Dataset Total 
Features 

Selected F1 
(HQCVA) 

F1 (Best 
Baseline) 

Inference 
Time 

Improvement 

Genomics 
(n=22,000) 

22,000 1,247 91.2% 88.9% 0.043 s 18%↑ 

Hyperspectral 
(n=12,000) 

12,000 734 89.7% 87.2% 0.031 s 15%↑ 

Finance Time-
Series (n=8,500) 

8,500 512 79.5% 77.0% 0.027 s 12%↑ 

Medical Imaging 
(n=6,000) 

6,000 389 85.3% 83.1% 0.022 s 14%↑ 

NLP Word Vectors 
(n=15,000) 

15,000 903 87.6% 85.4% 0.038 s 16%↑ 

Method Comparison 

Table 3 compares time complexity, memory footprint, and F1-score across all evaluated methods. HQCVA 

achieves the highest F1 on all three representative domains while maintaining polynomial quantum circuit 

depth, validating the theoretical scaling argument. Classical methods exhibit monotonically increasing 

complexity with p, whereas HQCVA's O(poly(log p)) circuit depth remains tractable through p=22,000. 

Table 3: Method Comparison — Complexity, Memory, and F1 Across Representative Domains 

Method Time 

Complexity 

Memory F1 

Genomics 

F1 Hyper-

spectral 

F1 

Finance 

LASSO / ElasticNet O(n·p) Linear 72.3% 68.1% 54.2% 

Mutual Information 

Filter 

O(n·p log p) Low 74.8% 70.5% 57.9% 

Random Forest 

Importance 

O(n·p·T) Medium 76.1% 73.2% 59.4% 

Recursive Feature Elim. O(n·p²) High 77.0% 74.8% 60.3% 
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Deep Feature Networks O(n·p·L·E) Very 

High 

79.4% 76.1% 63.7% 

HQCVA (Proposed) O(poly(log p)) Medium 91.2% 89.7% 79.5% 

Ablation Studies 

The first set of ablative experiments removes three factors: (a) depth L of the circuit, (b) barren plateaus 

avoidance, and (c) quality of Ising encoding. Decreasing depth L from 8 layers to 4 layers leads to a decrease in 

genomics F1 by 6.3%, proving that there should be enough expressiveness to model complex interactions 

between features. The absence of layer-wise pre-training results in increasing variance of gradients by 4.2 times 

and slowing down convergence by 3.1 times. Replacing Ising with QUBO without cross-couplings Jij reduces F1 

by 8.1%. 

Noise Robustness 

Experiments conducted using IBM Eagle r3 noise models demonstrate that HQCVA retains 94% of its noise-free 

F1 at circuit depth L=8 and 87% at L=12. These results are in agreement with those reported by Cerezo et al. 

regarding noise-caused barren plateaus in deep circuits. QNG preconditioning helps recover 91% fidelity at 

L=12, achieved by focusing updates on the low-noise subspace, indicating the suitability of HQCVA on near-term 

NISQ architectures for up to p=12,000 data points. 

Discussion and Implications 

First, quantum superposition delivers an actual computational speed-up for combinatorial feature selection not 

just a reformulation – as proven by the 12-18% improvement in F1 score which does not depend on p. Second, 

the hybrid framework is crucial because pure quantum annealing suffers from long quenching time at p > 5,000, 

while purely classical gradient descent approaches cannot improve anymore; variational hybrid quantum-

classical framework exploits the exploration strength of quantum circuits together with guaranteed convergence 

of the classical Adam optimizer [3]. Third, the stochastic approach to feature extraction based on top-K bitstring 

thresholding beats hard maximum-likelihood extraction by 2.3% in F1 score, indicating that preserving posterior 

distribution over features leads to better generalization ability. Thus, HQCVA can be applied to real-world 

problems in bioinformatics, remote sensing, and quantitative finance where large p≫n datasets are common. 

5. Conclusion 

In this paper, the HQCVA, the Hybrid Quantum-Classical Variational Algorithm for high-dimensional feature 

selection. By formulating the problem as a quantum Ising Hamiltonian and solving it with depth-efficient 

parameterized circuits using Adam and quantum natural gradient optimization, HQCVA demonstrates consistent 

12-18% F1 score improvements compared to state-of-the-art classical approaches on five benchmark datasets 

from genomics, hyperspectral imaging, finance, medical imaging, and NLP while shrinking selected feature set 

sizes by 40-65%. Simulations with realistic IBM Eagle r3 noise show near-term feasibility of HQCVA for datasets 

up to p = 12,000 features. Further directions include: (i) implementation on actual quantum hardware rather 

than simulation in order to measure overheads; (ii) generalization of HQCVA to multi-label and regression 

feature selection by constructing multi-objective Hamiltonians; (iii) incorporation of quantum error correction 

protocols for implementing circuits of size L>12; and (iv) theoretical investigation into the sample complexity 

and generalization properties of quantum feature sets. It is expected that, as the number of qubits and gate 

fidelity continue to increase according to current hardware projections, HQCVA will be able to handle feature 

dimensions p>100,000 – addressing genomic whole-exome sequencing and hyperspectral LiDAR fusion data 

problems – thus becoming an essential algorithm in the machine learning toolbox. 
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