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Abstract 

Quantum Natural Language Processing (QNLP) represents a novel interdisciplinary paradigm that 

integrates Quantum Computing with Natural Language Processing to enhance semantic modeling and 

computational efficiency. Despite the remarkable success of transformer-based architectures such as 

BERT and GPT, classical NLP systems require large-scale computational resources and extensive 

parameter tuning. This paper proposes a hybrid quantum–classical architecture employing parameterized 

quantum circuits (PQCs) integrated with classical embedding layers for text classification tasks. The 

framework utilizes classical preprocessing, quantum state encoding, variational optimization, and 

classical post-measurement classification. Experimental results on benchmark sentiment analysis 

datasets demonstrate competitive accuracy with significantly reduced parameter complexity. The 

findings indicate that hybrid QNLP models provide enhanced semantic compositionality and efficient 

representation in Hilbert space while remaining feasible within Noisy Intermediate-Scale Quantum 

(NISQ) constraints. 
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1. Introduction 

Natural Language Processing (NLP) has undergone rapid evolution with deep learning architectures 

achieving state-of-the-art results across diverse linguistic tasks. However, modern models often exceed 

hundreds of millions of parameters, resulting in increased energy consumption and training cost. 

Quantum computing offers a fundamentally different computational paradigm. Leveraging superposition 

and entanglement, quantum systems can represent exponentially large vector spaces using limited 

physical qubits. Hybrid AI algorithms combine classical neural networks with quantum circuits to 

exploit near-term quantum hardware capabilities. 

This study proposes a scalable hybrid QNLP framework and evaluates its performance in text 

classification. 
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2. Background and Theoretical Foundations 

2.1 Quantum Computing Principles 

A qubit exists in a superposition state: 

 
Fig 1: Qubit Superposition Principle 

 

 
Fig 2: Bloch Sphere Representation of a Qubit. 

 

Geometric Explanation of the Bloch Sphere 

A single qubit state 

∣ψ⟩=α∣0⟩+β∣1⟩| 

with normalization ∣α∣2+∣β∣2=1, can always be rewritten as: 

|ψ⟩=cos(2/θ)∣0⟩+eiϕsin(2/θ)∣1⟩ 

Where: 

• Θ = polar angle 

• Φ  = azimuthal angle 

For n qubits, the system represents 2n basis states simultaneously. Entanglement enables correlation 

structures beyond classical probability theory. 
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This representation maps the qubit to a point on the surface of a unit sphere in 3D space — the Bloch 

sphere. 

Geometric Coordinates: 

The qubit corresponds to a 3D unit vector: 

x=sinθcosØ⁡ 

y=sinθsinØ 

z=cosθ⁡ 

So every pure qubit lies on: 

x2+y2+z2=1 

Physical Meaning of Axes: 

• North pole (0,0,1) → ∣0⟩ 

• South pole (0,0,-1) → ∣1⟩ 

• Equator → equal superpositions 

Examples: 

|+=
|0+|1⟩

square root of  2
   → (θ=π/2, Ø=0) 

 

|−=
|0−|1⟩

square root of  2
   →(θ=π/2, Ø= π) 

 

Interpretation for Hybrid QNLP 

In Quantum NLP models: 

• θ controls amplitude weighting (feature importance) 

• ϕ encodes phase relationships (contextual interference) 

• Superposition allows encoding of multiple semantic components simultaneously 

• Rotations on the Bloch sphere correspond to parameterized quantum gates (trainable layers) 

Thus, training a variational quantum NLP model is geometrically equivalent to: 

Rotating semantic state vectors on the Bloch sphere to maximize classification probability. 

Why This Matters in Quantum Machine Intelligence: 

Unlike classical embeddings (points in ℝⁿ), quantum embeddings: 

• Lie on a curved manifold (unit sphere) 

• Allow interference via complex phase 

• Enable richer representational geometry 

This geometric constraint often improves: 

• Regularization 

• Expressivity per parameter 

• Robustness to noise 

2.2 Distributional Semantics 

Distributional models represent words as vectors in high-dimensional space. Compositional semantics 

often rely on tensor products: 

Sentence=w1           w2     w3 

Quantum formalism naturally aligns with tensor-based compositional representations. 
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2.3 Variational Quantum Circuits 

Parameterized Quantum Circuits (PQCs) consist of: 

• Rotation gates Rx, Ry, Rz 

• Controlled-NOT (CNOT) entanglement layers 

• Measurement operators 

Optimization is performed using classical gradient descent. 

 

2. Literature Survey: 

Quantum Natural Language Processing (QNLP) has transitioned from theoretical exploration to 

experimentally validated hybrid architectures between 2023–2026. Recent work increasingly emphasizes 

hybrid quantum–classical learning, multilingual transfer, quantum attention, and pre-trained quantum 

embeddings. This section presents a structured, in-depth survey of recent contributions and situates the 

present work within the evolving research landscape. 

2.1 Evolution of Hybrid Quantum–Classical NLP Architectures: Early QNLP approaches relied on 

purely quantum circuit formulations. However, due to NISQ hardware constraints, recent research favors 

hybrid architectures where classical neural encoders interface with parameterized quantum circuits 

(PQCs). 

A significant recent contribution appears in Applied Soft Computing (Hazim & Ata, 2026), which 

introduces HQML-NLP for scholarly AI-text detection. Their framework integrates: 

• Classical contextual embeddings 

• Quantum variational feature maps 

• Hybrid optimization using classical backpropagation 

Notably, their architecture achieved competitive detection accuracy with significantly fewer parameters 

than transformer baselines, suggesting that quantum interference mechanisms can provide expressive 

gains without large model scaling. 

Similarly, Devanarayanan et al. (2025), reported in the ACL Anthology, proposed hybrid quantum-

classical fusion for semantic paraphrase detection. Their work demonstrates that quantum circuits can 

act as nonlinear semantic projectors, improving discrimination in paraphrase tasks. 

Pal et al. (2025) extended hybrid frameworks to low-resource sentiment classification (Bengali), 

showing improved robustness when training data is limited — an important consideration for 

multilingual NLP. 

2.2 Quantum Transfer Learning and Multilingual Generalization: Multilingual and multi-task 

quantum transfer learning has emerged as a promising research direction. 

In Quantum Machine Intelligence (Buonaiuto et al., 2025), a multilingual quantum transfer learning 

framework was proposed. Their architecture shares quantum circuit layers across languages while 

retaining language-specific classical encoders. Key observations include: 

• Improved parameter efficiency compared to multilingual transformers 

• Enhanced generalization under limited training data 

• Demonstration of cross-lingual semantic alignment 

Theoretically, transfer learning benefits from the unitary transformation structure of quantum circuits: 

∣ψtarget⟩=U(θ)∣ψsource⟩ 

Where U(θ) is a parameterized unitary reused across tasks. This allows controlled knowledge transfer 

through constrained Hilbert-space rotations. 
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2.3 Encoding Paradigms in QNLP: Encoding classical text into quantum states remains a fundamental 

design challenge. Pimpalshende et al. (2025) classify encoding approaches into: 

1. Basis Encoding – Maps tokens to computational basis states. 

2. Amplitude Encoding – Embeds normalized classical vectors into amplitude space. 

3. Angle Encoding – Uses rotation gates to encode features. 

4. Hybrid Encoding – Combines classical dimensionality reduction with quantum rotations. 

5. Vats et al. (2025) further surveyed QNLP evaluation protocols and emphasized the need for 

standardized benchmarking datasets and reproducibility guidelines. 

2.4 Quantum Attention and Pretrained Quantum Models: Attention mechanisms have been adapted 

into quantum settings to improve contextual modeling. 

Tomal et al. (2025) proposed quantum-enhanced attention, replacing classical dot-product attention with 

quantum inner-product kernels: 

Attention (Q, K, V) =softmax (∣⟨ψQ∣ψK⟩∣2) V 

This formulation leverages quantum state overlap as a similarity measure, potentially improving 

contextual interference modeling. 

Varmantchaonala et al. (2025) introduced QCSE, a pretrained quantum context sensitive embedding 

model. Their architecture integrates PQCs with contextual window encoding to simulate semantic 

neighborhoods. 

Zhao (2025) proposed QTP-Net, a quantum text pretraining network combining masked language 

modeling objectives with parameterized quantum circuits. This work suggests that quantum pre-training 

may reduce the need for extremely deep classical transformer stacks. 

2.5 Representational and Theoretical Advantages: Quantum representations differ fundamentally 

from classical embeddings. 

A word embedding in an n-qubit system is: 

∣ ψ⟩ = ∑ αi ∣ i⟩,

2𝑛−1

𝑖=0

 ∑ |αi|pow2 = 1  

𝑖=0

 

This enables: 

• Exponentially large Hilbert spaces 

• Interference-driven feature interaction 

• Entanglement-based compositional semantics 

Compared to classical attention with complexity O(d2), quantum kernels may approximate high-

dimensional interactions with lower parameter counts. 

However, theoretical guarantees such as generalization bounds and noise resilience remain 

underdeveloped. 

2.6 Comparative Analysis of Recent QNLP Approaches: 

Table 1. Comparison of Recent Hybrid QNLP Frameworks (2025–2026) 

Study Venue 
Architecture 

Type 
Task 

Parameter 

Efficiency 

Key 

Contribution 
Limitation 

Hazim & Ata 

(2026) 

Applied Soft 

Computing 

Hybrid PQC 

+ Classical 

AI-text 

detection 
High 

Robust 

detection with 

reduced 

Limited 

multilingual 

validation 
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Study Venue 
Architecture 

Type 
Task 

Parameter 

Efficiency 

Key 

Contribution 
Limitation 

parameters 

Buonaiuto et 

al. (2025) 

Quantum 

Machine 

Intelligence 

Quantum 

transfer 

learning 

Multilingua

l NLP 
Moderate 

Shared 

quantum layers 

for cross-

lingual 

learning 

Small-scale 

experiments 

Devanarayana

n et al. (2025) 

ACL 

Anthology 

Hybrid 

fusion 

Paraphrase 

detection 
Moderate 

Quantum 

semantic 

projection 

Limited 

scalability 

Pal et al. 

(2025) 

QuantumNLP 

Proceedings 

Hybrid 

sentiment 

classifier 

Bengali 

NLP 
High 

Low-resource 

performance 

gain 

Dataset-

specific 

Tomal et al. 

(2025) 
arXiv 

Quantum 

attention 

Context 

modeling 
Experimental 

Quantum 

similarity 

kernels 

Hardware 

feasibility 

Zhao (2025) arXiv 
Quantum 

pretraining 

Language 

modeling 
Theoretical 

Quantum 

masked 

objectives 

No large-

scale 

deployment 

 

2.7 Research Gaps and Open Problems 

Despite rapid progress, the field faces critical challenges: 

1. Scalability beyond small qubit counts 

2. Noise robustness in NISQ hardware 

3. Lack of large-scale standardized benchmarks 

4. Limited formal generalization theory 

5. Integration with foundation models 

2.8 Positioning of the Present Work 

The present manuscript advances the field by: 

• Providing rigorous Hilbert-space derivations 

• Formal Bloch-sphere-based embedding analysis 

• Parameter-complexity comparison with LSTM and mini-transformers 

• Demonstrating improved parameter efficiency (0.4M vs. 3.5M parameters) 

• Offering theoretical grounding for semantic interference modeling 

This positions the work within the emerging convergence of: 

• Quantum Machine Intelligence 

• Hybrid Deep Learning Systems 

• Efficient Low-Parameter NLP Architectures 
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3. Related Work 

Quantum machine learning research has expanded significantly. Early work by Jacob Biamonte et al. 

(2017) established theoretical foundations. 

Compositional quantum linguistics was formalized by Bob Coecke and colleagues. 

Hybrid implementations have been explored using platforms such as Qiskit and PennyLane. 

However, large-scale empirical evaluations in real NLP tasks remain limited. 

 

4. Proposed Hybrid QNLP Architecture 

4.1 System Overview 

Pipeline: 

1. Text Input 

2. Classical Embedding Layer 

3. Quantum Encoding 

4. Variational Quantum Circuit 

5. Measurement 

6. Classical Softmax Classification 

4.2 Classical Embedding Layer 

• Word2Vec / GloVe embeddings 

• Embedding dimension reduced to match qubit capacity 

• Principal Component Analysis (PCA) for dimensionality compression 

4.3 Quantum Encoding 

Two encoding strategies: 

Angle Encoding 

Ry(xi) 

Amplitude Encoding 

∣ψ⟩=∑ix
i∣i⟩ 

Angle encoding was selected for stability in NISQ simulations 

4.4 Variational Circuit Design 

Circuit depth: 3 layers 

Each layer contains: 

1. Single-qubit rotations 

2. Entanglement via CNOT gates 

3. Parameter sharing mechanism 

Loss function: 

L(θ)=−∑iyilog(ŷi) 

Optimization: Adam optimizer with learning rate 0.01 

 

5. Experimental Setup 

5.1 Dataset 

IMDb Sentiment Analysis Dataset 

• 50,000 reviews 

• Binary classification 
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5.2 Baseline Models 

• Classical LSTM 

• Transformer mini-model 

5.3 Simulation Platform 

• Quantum simulator: IBM Quantum backend 

• Framework: Qiskit 

• Hardware: 16GB RAM system 

 

6. Results 

Model Accuracy F1 Score Parameters 

LSTM 87.2% 0.86 1.2M 

Transformer (Mini) 89.1% 0.89 3.5M 

Hybrid QNLP 88.5% 0.88 0.4M 

 

7. Ablation Study 

Configuration Accuracy 

Without Entanglement 84.3% 

1 Quantum Layer 86.1% 

3 Quantum Layers 88.5% 

Entanglement layers significantly improved semantic compositionality. 

 

8. Discussion 

Hybrid QNLP leverages quantum Hilbert space for compact representation of linguistic structures. 

Parameter efficiency suggests potential energy savings. 

Challenges include: 

• Noise sensitivity 

• Limited qubit availability 

• Encoding overhead 

Scaling requires fault-tolerant quantum hardware. 

 

9. Complexity Analysis 

Classical Transformers: 

O(n2d) 

Hybrid QNLP: 

O(p⋅2q) 

Where: 

• p = parameters 

• q = qubits 

Hybrid approach reduces parameter count but depends on encoding efficiency. 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260269623 Volume 8, Issue 2, March-April 2026 9 

 

10. Applications 

• Low-resource language modeling 

• Semantic similarity detection 

• Intent classification 

• Biomedical NLP 

• Legal document analysis 

 

11. Future Research Directions 

• Quantum Transformer architectures 

• Error mitigation techniques 

• Real hardware implementation 

• Cross-lingual quantum embeddings 

• Integration with large language models 

 

12. Conclusion 

This paper presented a comprehensive hybrid QNLP framework combining classical embeddings with 

variational quantum circuits. Experimental evaluation demonstrated competitive performance with 

reduced model complexity. Hybrid AI algorithms represent a promising direction toward 

computationally efficient NLP systems compatible with emerging quantum hardware. 
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