Preprints are preliminary reports that have not undergone peer review.

6 Research Sq uare They should not be considered conclusive, used to inform clinical practice,

or referenced by the media as validated information.

HVIA: A Hybrid Variational Ising Architecture for
Quantum Language Modeling

Chengang Mao
Guangxi Normal University

Haisheng Li

haisheng,li®example,com

Guangxi Normal University

Research Article

Keywords: Variational quantum algorithm, Ising model, Ising Hamiltonian, Quantum Approximate
Optimization Algorithm, Simultaneous Perturbation Stochastic Approximation

Posted Date: June 12th, 2026
DOI: https://doi.org/10.21203/rs.3.rs-9030361/v1

License: € ® This work is licensed under a Creative Commons Attribution 4.0 International License.
Read Full License

Additional Declarations: No competing interests reported.


https://doi.org/10.21203/rs.3.rs-9030361/v1
https://doi.org/10.21203/rs.3.rs-9030361/v1
https://doi.org/10.21203/rs.3.rs-9030361/v1
https://creativecommons.org/licenses/by/4.0/

HVIA: A Hybrid Variational Ising Architecture for
Quantum Language Modeling

Chengang Mao' and Haisheng Li23"

" Guangxi Normal University, Guilin, 541004, Guangxi, China.
2Guangxi Key Laboratory of Brain-inspired Computing and Intelligent
Chips, Guangxi Normal University,

Guilin, 541004, Guangxi, China.
3Key Laboratory of Nonlinear Circuits and Optical Communication,
Guangxi Normal University,

Guilin, 541004, Guangxi, China.

*Corresponding author(s). E-mail(s): haisheng.li@example.com;
Contributing authors: 1023126503@Qqq.com;

Abstract

Language modeling in natural language processing has predominantly relied
on large-scale classical neural architectures, yet constructing expressive and
resource-efficient models compatible with Noisy Intermediate-Scale Quantum
(NISQ) devices remains a fundamental open challenge. In this work, two Ising-
inspired variational quantum-classical architectures are proposed to enhance
representational capacity by leveraging spin-coupling mechanisms and Ising-
type Hamiltonian evolution within hybrid classical-quantum layers. Specifically,
a quantum Ising Ansatz circuit parameterized by an Ising Hamiltonian is
constructed, and a quantum approximate optimization algorithm (QAOA) is
incorporated to reduce the number of trainable circuit parameters while enabling
learnable quantum evolution of hidden states. To achieve stable and effi-
cient hybrid training under NISQ constraints, a joint optimization strategy is
introduced that combines the Adam optimizer with quantum simultaneous per-
turbation stochastic approximation (SPSA), yielding convergence acceleration
of up to 64% relative to parameter-shift rule and Adam-only baselines. Empir-
ical evaluations on the WikiText-2 benchmark demonstrate that the proposed
architectures effectively capture long-range semantic dependencies, achieving a
competitive perplexity of PPL = 39.8 (lower values indicate stronger language
modeling performance). This result surpasses existing quantum language models,



including Quixer, Quantum LSTM, and Quantum GRU, and approaches the per-
formance of the classical NanoGPT baseline (PPL = 40.5). Collectively, these
findings establish the viability of Ising-based hybrid quantum-classical networks
as a promising direction for practical quantum natural language processing.

Keywords: Variational quantum algorithm, Ising model, Ising Hamiltonian, Quantum
Approximate Optimization Algorithm, Simultaneous Perturbation Stochastic
Approximation

1 Introduction

Natural Language Processing (NLP) has undergone a profound paradigm shift over
the past decade, largely driven by rapid advances in deep learning methodologies [1].
In particular, Transformer-based language models have achieved state-of-the-art per-
formance across a wide range of tasks, including machine translation, text generation,
dialogue systems, and code modeling [2]. As these models scale from hundreds of
millions to hundreds of billions of parameters, they exhibit remarkable gains in seman-
tic understanding and generative capability [3]. However, such improvements come
at a steep computational and environmental cost: training a single model with over
one hundred billion parameters can require hundreds of megawatt-hours of energy,
resulting in significant economic and ecological impacts [4]. Consequently, reducing
computational complexity and resource consumption—while maintaining expressive
power—has become a central challenge in contemporary NLP research [5].

Parallel to these developments, quantum computing has emerged as a fundamen-
tally new computational paradigm that leverages superposition, entanglement, and
interference to potentially provide exponential speedups for certain classes of prob-
lems [6]. Quantum Machine Learning (QML), situated at the intersection of quantum
physics and artificial intelligence, has grown rapidly in both theoretical and applied
research [7, 8]. By integrating quantum mechanical principles into learning algorithms
and employing quantum circuits capable of non-classical feature mappings, QML
aspires to surpass the representational limitations of classical machine learning frame-
works [9]. Within this broader landscape, Quantum Language Models (QLMs) have
gained increasing attention for their potential to exploit high-dimensional Hilbert
spaces and parallel quantum evolution to encode complex semantic relationships and
dynamic linguistic dependencies.

Current research on QLMs generally follows two main directions. The first involves
structural quantization, which seeks to map classical neural architectures—such
as Transformers and recurrent networks—onto quantum circuits. Quantum-inspired
approaches in this category employ block encoding, amplitude encoding, or Linear
Combination of Unitaries(LCU) and Quantum Singular Value Transformation(QSVT)
primitives to achieve high-dimensional parallel processing [10]. While these mod-
els provide enhanced representational capacity and parallelism, their expressibility
is often limited by fixed ansatz structures that inadequately capture the hierarchi-
cal and context-dependent nature of natural language. Moreover, when deployed on



Noisy Intermediate-Scale Quantum (NISQ) hardware, these models face practical chal-
lenges including noise, decoherence, and constraints on circuit depth [11], further
compounded by inefficient quantum parameter optimization.

The second direction investigates quantum dynamical formulations of language
inspired by open quantum system theory. Approaches based on the Lindblad mas-
ter equation and other quantum dynamical frameworks aim to model non-equilibrium
information flow in linguistic data. Although these models provide novel physical inter-
pretations, they require manipulating density matrices and performing non-unitary
operations—significantly increasing computational overhead and hardware demands.
These challenges are further exacerbated by the prevalence of barren plateaus in opti-
mization [12]. Recent attempts to alleviate these issues have focused on structured
ansatz design, yet relatively few works leverage optimization mechanisms explicitly
tailored to the statistical properties of linguistic data.

In this context, Quantum Approximate Optimization Algorithms (QAOA) rep-
resent a promising approach for achieving a balance between expressivity and
computational efficiency in variational quantum circuits [13]. Originally introduced for
combinatorial optimization, QAOA has been experimentally validated for optimizing
Ising spin Hamiltonians on trapped-ion systems [14], demonstrating strong potential
for modeling the spin-coupling mechanisms central to our work. Moreover, accelerated
variants such as FQAOA [15] have reduced convergence times by optimizing circuit
depth and parameter-update schemes, making them particularly suitable for NISQ-
era QLM implementations where both circuit depth and training efficiency constitute
critical bottlenecks.

In summary, existing QLM approaches face inherent trade-offs among expressiv-
ity, scalability, and training efficiency. Structural quantization models often struggle
to capture long-range linguistic dependencies, while quantum dynamical frameworks
suffer from substantial computational and hardware limitations. These challenges—
together with the lack of domain-adapted quantum optimization strategies [9]—
motivate the exploration of hybrid quantum-—classical frameworks that integrate
physically inspired quantum mechanisms with classical architectures, aiming to jointly
achieve strong expressive capacity and practical implementability.

The main contributions of this work are summarized as follows:

1) We propose two Ising-inspired hybrid quantum-classical language modeling
architectures. These architectures integrate spin-coupling mechanisms with variational
quantum circuits to enhance representational capacity while remaining compatible
with NISQ hardware constraints.

2) We design a parameterized quantum Ising Ansatz and introduce a quan-
tum approximate optimization mechanism to reduce circuit parameters and enable
learnable quantum evolution of hidden states, balancing expressivity and circuit depth.

3) We develop a hybrid optimization strategy that combines classical Adam
updates with quantum simultaneous perturbation stochastic approximation(QSPSA),
which stabilizes training and accelerates convergence achieving up to a 64% speedup
in convergence compared with parameter-shift and Adam-only baselines under NISQ
constraints.



4) Extensive experiments on WikiText-2 demonstrate that the proposed archi-
tectures capture long-range semantic dependencies and attain competitive perplexity
(PPL = 42.1), outperforming several existing quantum language models and approach-
ing the classical NanoGPT baseline (PPL = 39.4), indicating the practical promise of
Ising-based hybrid QNLP models.

The manuscript is structured as follows: Section 2 covers related work and research
background. Section 3 presents the methodology. Section 4 includes experiments and
discussion. Section 5 concludes the work and outlines future directions.

2 related work

In recent years, Quantum Natural Language Processing (QNLP) and Quantum Lan-
guage Modeling (QLM) have emerged as independent research directions, aiming
to leverage the high-dimensional structure and entanglement properties of quantum
states to achieve expressive power beyond classical distributed semantics. Exist-
ing work can be broadly grouped into three categories: category-theoretic quantum
semantics, variational hybrid quantum-—classical models, and quantum embeddings
or quantum-enhanced attention modules for practical NLP tasks. Each direction
demonstrates advantages in semantic composition, context-dependent modeling, and
structural expressiveness, yet also exposes limitations that motivate the present study.

The first line of research focuses on quantum representations of syntax—semantics
composition. Early QNLP models based on categorical grammars encode syntactic
structures as quantum circuit topologies, enabling compositional relations between
word vectors to be realized through tensor-structured quantum states [16, 17]. This
provides a mathematically rigorous mapping from grammar to semantics and demon-
strates the benefits of quantum compositionality in small-scale examples. However,
these models face two major limitations: (i) circuit size grows rapidly with syntactic
graph complexity, rendering them impractical for NISQ devices; and (ii) they primar-
ily target semantic composition, with limited support for long-range dependencies,
discourse-level relations, or diverse contexts. Thus, this direction remains more suitable
for theoretical validation than for scalable language modeling.

The second line of work employs Variational Quantum Circuits (VQC) and
related architectures, including QAOA-based structured modeling, quantum classi-
fiers, and hybrid training frameworks [18, 19]. These methods encode token or sentence
representations into parameterized quantum states and apply trainable quantum
transformations for semantic mapping or sequence processing. Their main advantage
lies in compatibility with current NISQ hardware and end-to-end hybrid optimization.
Nonetheless, practical challenges remain prominent: limited qubit counts constrain
model capacity; shallow-circuit requirements restrict expressiveness; and training is
sensitive to barren plateaus and noise accumulation, yielding unstable performance
on large NLP datasets. Moreover, VQC-based approaches often lack explicit mecha-
nisms for sequence structure modeling, which limits their applicability to long-text or
generative language modeling tasks.

The third direction explores injecting quantum representations into classical deep
architectures, including quantum embeddings, context-sensitive quantum states, and



quantum-enhanced attention modules [20, 21]. These works exploit quantum super-
position to model word polysemy and investigate quantum coherence as a means of
capturing complex token-level dependencies. Recent studies also explore multilingual
QNLP and quantum transfer learning. Although better aligned with modern NLP sys-
tems, these approaches still exhibit two key limitations: (i) joint optimization between
quantum and classical components remains immature, and (ii) most experiments are
conducted on small datasets, leaving open the question of whether quantum properties
provide meaningful advantages in large-scale modeling.

Compared with these quantum approaches, classical energy-based models—such as
CRFs, structured Markov models, Boltzmann machines, and tensor decompositions—
excel in local structure modeling and training stability but struggle with high-order
dependencies and long-range semantics. While Ising-type energy functions have long
been used in structured prediction, their scalability in high-dimensional language
spaces remains limited. Quantum methods seek to overcome this bottleneck by exploit-
ing the exponential representational capacity of quantum Hilbert spaces and the
dynamics of quantum evolution [22, 23].

Overall, current QNLP/QLM research remains fragmented: lacking unified archi-
tectural principles, lacking systematic integration with classical deep learning—
especially Transformer-based systems—and relying on undersized benchmarks that
cannot reliably reveal quantum advantages. Moreover, most existing methods tar-
get classification or compositional semantics rather than general-purpose modeling
and generation. Motivated by these gaps, this work proposes models designed to
address limitations in quantum gradient efficiency, quantum encoding, and hybrid
quantum-—classical training performance [24, 25].

3 Method
3.1 Overall Model Architecture

In this study, we propose a parameterized quantum model based on the Ising Hamil-
tonian, designed to realize numerical feature mapping within the quantum state
space. The model encodes classical features into a trainable multi-body entanglement
structure, consisting of three main modules:

1. Data-dependent Ising Hamiltonian encoding: Classical input tokens are
mapped into the quantum feature space, where they are represented as local fields
and coupling coefficients in the quantum system, following principles commonly
used in quantum feature encoding and Ising-based modeling [26, 27].

2. Parameterized quantum evolution layer: Based on the Ising Hamiltonian, the
model constructs a quantum circuit whose unitary evolution is governed by learn-
able rotation parameters, enabling tunable quantum entanglement. This design
is inspired by parameterized quantum circuits and recent advances in variational
quantum algorithms [28].

3. Measurement and optimization mechanism: The loss function is obtained
by measuring the expectation value of observables, and the model parameters are
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Fig. 1: Architecture of the Quantum-Classical Hybrid Language Model Based on
Ising Network. This figure illustrates the end-to-end process from classical token
embedding to quantum state evolution and optimization: The upper part presents the
overall framework, where input text is embedded into token representations, encoded
into quantum states via the ”Embedding Projection” module, processed by the Ising
network and LayerNorm layer, and finally optimized via the Q-SPSA/Adam hybrid
optimization strategy to compute loss and update parameters. The lower part details
the quantum encoding process of embedding projection (mapping classical features
to quantum states |1)) and the optimization mechanism of the parameterized quan-
tum circuit. By iteratively optimizing the parameterized quantum circuit U(¢, 8), the
objective function based on the Ising Hamiltonian is minimized, enabling quantum
modeling of dependency relationships in language sequences.

updated through a hybrid optimization strategy that combines the classical opti-
mizer Adam with QSPSA, a stochastic perturbation-based optimization method
widely used in quantum variational training [29].

The entire system forms an end-to-end differentiable hybrid classical-quantum
computational graph [30].

As illustrated in Figure 1, the model begins with classical token embeddings, which
are projected into quantum states through the embedding projection module. The



encoded quantum states are processed by the Ising network, where tunable multi-
qubit interactions capture sequential dependencies. Layer normalization ensures stable
propagation of information, while the hybrid optimization strategy combining classi-
cal Adam and QSPSA updates both classical and quantum parameters. By iteratively
minimizing the objective function derived from the Ising Hamiltonian, the model effec-
tively learns high-dimensional representations of linguistic sequences. This architecture
enables the integration of physically interpretable quantum evolution with classi-
cal feature representations, offering enhanced expressivity and capturing long-range
dependencies that are challenging for purely classical models [31].

3.2 Data-Dependent Ising Hamiltonian Mapping

Given an input vector € R?, the model first projects it into a quantum feature space
through a linear embedding layer, where it modulates the local fields and interaction
strengths between qubits. This follows the idea of encoding data into Hamiltonian
parameters or feature maps in quantum machine learning.

We define a set of trainable parameters as
¢ = {Wha bha WJa bJ}
such that the local field and coupling coeflicients can be expressed as:

hz(xad)) = Wf’};zx—’_bh,’b J”(l' ¢) WJsz—'_lej (8)

Accordingly, the data-dependent Ising Hamiltonian can be formulated as:
HIsing(-'L'; ¢, 9) = Z ( (.Z' d)) + e(h))
+Z (w0) +6)2,2

1<j

(9)

where Z; denotes the Pauli-Z operator acting on qubit 4, and (") and (/) are
globally trainable bias terms that capture the overall energy distribution of the system.

This formulation jointly integrates data-adaptive feature mapping and learnable
Hamiltonian parameters, enabling the model to capture both structural relationships
and quantum correlations within the input space.

3.3 Parametric Quantum Circuit and Evolutionary Process

The quantum circuit of the Standard Variational Ising Model (SVIM) starts from the
initial state |0>®" and first performs feature injection through an angle encoding layer:

Uene(z) = H R, (ax;) (10)
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Fig. 2: Parametric Ising variational layer of the SVIM for local spin interactions.

where « is a normalization constant. Next, an Ising Hamiltonian Higi,g based evolution
is applied:
Utsing (75 ¢, 0) = exp(—iHising(7; ¢, 0)) (11)

This configuration of SVIM is formally equivalent to a single-layer QAOA.
However, because Hising includes learnable input-dependent terms, the model can
dynamically adjust interaction strengths to adapt to different samples.

The SVIM circuit operates as follows: Each qubit is first initialized with a
Hadamard gate. The circuit then applies single-qubit rotations (Rx, Rz) and two-qubit
entangling blocks (CNOT-Rz-CNOT). Pairwise Z;Z; interactions are realized using
a first-order Trotter approximation. The single-qubit Rx operations serve as a mixing
layer with learnable parameters, while the sandwiched Rz rotations between CNOT's
implement e~*Z:%; _ Finally, measurements are performed in the computational basis
to obtain classical features.

3.4 Extension of the Generalized Ising Ansatz

The traditional Ising layer (adopted in the baseline SVIM) only includes coupling
terms of the form Z;Z;, whose effect mainly manifests as local phase interactions and
energy modulation. To enhance the circuit’s entanglement capacity and expressive
power, this study further proposes a generalized Ising ansatz-serving as the core of
the Hybrid Variational Ising Architecture(HVIA) by introducing multi-axis coupling
terms in the Hamiltonian:

Hyen(v,8) = > (JEXi X + JUY,Y; + J77 2:2;) (12)
(i,4)

where each coupling coefficient J%" is linearly mapped from the input features as
follows:

Jii (@) = Wiz + b3, (13)
and jointly optimized with the circuit parameters (v, ) during the training process.
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The corresponding quantum evolution operator for HVIA can be expressed as:

P

Ugen(z; ¢, 0) H [exp _ZZ’YEUJZU oot
p=t (14

X exp (—i Z ﬁp,in) }

where P denotes the ansatz depth. When restricted to Z;Z; terms, this model
degenerates to the standard Ising ansatz (i.e., the baseline SVIM). The inclusion of
X;X; and Y;Y; interactions in HVIA allows multi-axis entanglement, thereby enhanc-
ing the quantum circuit’s expressive capacity. This formulation is structurally similar
to the QAOA circuit but enables richer feature representation and entanglement mod-
eling. The rotations R,,, Ry, R.. provide flexible control over multiple axes of
rotation [32].

Compared with the SVIM that only involves Z;Z; coupling, HVIA’s general-
ized architecture yields richer entanglement structures and higher-dimensional feature
expressivity. The measured (Z;) expectation values are used as encoded quantum fea-
tures, which are subsequently input into the neural network for downstream tasks.
Each layer of HVIA includes mixed rotations {Rs, Ry, R..} and entangling oper-
ations {R;, Ry}. The parameters are optimized using the QSPSA method. In the
experiment, HVIA’s configuration was set to: 6 qubits, 1 layer (P = 1) [33].

~—

3.5 Quantum Parameter Optimization: QSPSA

Trainable quantum parameters 6, come from rotation angles or Hamiltonian coef-
ficients in the parameterized quantum circuit (e.g., h;, Jij,7, 0 etc.). In large-scale
circuits, the parameter-shift rule requires two independent circuit evaluations per
parameter, making computational cost scale linearly with the number of parame-
ters and reducing efficiency. To address this, this work adopts the QSPSA method,



which estimates gradients for all parameters simultaneously using a single two-sided
perturbation. The goal of QSPSA is to minimize the expected loss function:

F(6) = Enmeas[f(6)] = (O)g = Tr [U(8,)pU (6,)"O] (15)

In each iteration, QSPSA generates a random perturbation vector A, € {—1, +1}<.
The gradient approximation can then be estimated using the outputs of the quantum
circuit evaluated twice:

J(O0q + crDp) — (04 — k)
ZCk

Gr(0,) = ALt (16)

Subsequently, the parameters are updated according to the rule:
O = 0% — 0.5k (6,) (17)

Here, ap and ¢ form the learning rate sequences, which are typically decayed
according to a power law:

a C

A A

(18)
Compared with the parameter-shift rule, QSPSA requires only two circuit eval-
uations to estimate the gradient of all parameters, making its computational cost
independent of the number of parameters and significantly improving optimization
efficiency. In particular, when dealing with a large number of qubits or operating in
noisy environments, QSPSA exhibits better robustness and convergence stability.

4 Experiments and Discussion

4.1 Experimental Setup

All experiments were conducted using Qiskit 2.2.1 and PennyLane 0.42.3 on a
local simulator environment configured to emulate noisy intermediate-scale quantum
(NISQ) hardware. Computational acceleration was provided by two NVIDIA GeForce
RTX 4090 GPUs to optimize the efficiency of quantum circuit simulation and model
training.

Three datasets were employed in this study:

1. Iris—a classical dataset for benchmarking quantum classifiers,
2. WikiText-2—a natural language dataset for generative modeling experiments.

For WikiText-2 datasets, we used the official train/validation/test splits provided
in the benchmark, without further preprocessing except for tokenization and segment-
ing. For the Iris dataset, both binary and three-class classification tasks were evaluated
to examine the encoding scalability.

Quantum data were embedded using three different encoding schemes [34, 35]:
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® angle encoding,
® amplitude encoding,
® block encoding.

The variational ansatz was inspired by the Ising Hamiltonian (Ising-inspired
ansatz), parameterized by rotation and entangling layers [36]. The circuit scale was
systematically varied with the number of qubits n € {2,3,4,5,6,7,8,9}, and the num-
ber of layers p € {1,2}. Each configuration was trained under identical measurement
budgets.

For optimization, we employed two different strategies:

® Adam, a classical gradient-based optimizer,
® Hybrid, which combines classical Adam updates with quantum SPSA perturbations
for improved convergence stability.

To ensure reproducibility, every configuration was repeated across 5 independent
runs with distinct random seeds, and the results are reported as mean + standard
deviation.

4.2 Validation of Encoding Schemes

The learning curves in Fig. 5 further validate the stability of angle encoding, with faster
convergence and smaller fluctuation compared to amplitude and block encoding. This
robustness is critical for large-scale language modeling tasks, where training stability
directly impacts final performance.

To evaluate the effect of different quantum state encoding methods, we conducted
experiments on the Iris dataset using three representative encoding schemes?angle
encoding, amplitude encoding, and block encoding. Each model was implemented with
identical circuit architectures and optimization settings to ensure a fair comparison.
Specifically, we employed the same Ising-inspired ansatz with qubit numbers n =
6,8, 10 optimized using the Adam optimizer with a fixed learning rate and identical
training epochs.

All three encodings achieved perfect accuracy on the binary classification task,
confirming that even small quantum circuits possess sufficient expressive power for low-
dimensional separable data. However, in the more challenging three-class classification
setting, performance divergence emerged. Angle encoding achieved the highest testing
accuracy, consistently outperforming the other two methods. Amplitude encoding and
block encoding reached comparable accuracy levels, but their results exhibited slightly
larger variance across random seeds.

In terms of circuit complexity, all three encoding schemes shared the same circuit
depth, while the gate counts for angle and block encoding were identical. The ampli-
tude encoding circuits required only about 40% of the total gate count compared with
the other two, owing to its compact state preparation process. Despite this difference,
the training time across all encoding types remained nearly identical, suggesting that
computational efficiency was primarily constrained by classical optimization rather
than quantum circuit execution.
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Fig. 4: Comparative bar chart of the experimental results for different quantum encod-
ing schemes, showing classification (a) accuracy, (b) circuit depth, (c) gate count, and
(d) training time.

A bar chart summarizing these comparisons including test accuracy, circuit depth,
gate count, and training time is shown in Fig. 4. The results clearly indicate that angle
encoding provides the best trade-off between model accuracy and implementation cost.

Overall, these experiments confirm the consistency and reliability of different quan-
tum state encoding schemes. Among them, angle encoding demonstrates superior
stability and expressivity, making it the most suitable choice for subsequent large-scale
quantum language modeling experiments. Therefore, in all following experiments, the
quantum feature embeddings are implemented using angle encoding to ensure both
high accuracy and computational efficiency.

4.3 Experimental Results and Analysis

To evaluate the scalability and optimization behavior of the proposed Ising-based
quantum language model, we conduct a series of experiments under varying qubit
configurations. The goal is to examine how circuit depth and entanglement complexity
affect model expressibility and trainability.

12
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Fig. 5: Learning curves of the encoding schemes on the three-class Iris task. (a) Train-
ing Loss (Average over Seeds): shows the trend of training loss for amplitude encoding
(blue), angle encoding (orange), and block-amplitude encoding (green). (b) Validation
Accuracy: presents the validation accuracy performance of the three encoding schemes.

Table 1: Quantum circuit configurations under different qubit scaling settings

Batch  Qubits Rzz Rxx Ryy Rx Ry Total Depth
Gates

1 2 1 1 1 2 2 7 5

2 3 3 3 3 3 3 15 9

2 4 6 6 6 4 4 32 15
4 5 10 10 10 5 5 45 19
4 6 15 15 15 6 6 57 23
4 7 21 21 21 7 7 T 27
6 8 28 28 28 8 8 100 31
6 9 36 36 36 9 9 126 35

Table 1 summarizes the quantum circuit configurations under different scaling
settings. As the number of qubits increases, the total gate count grows approximately
quadratically, while the circuit depth expands almost linearly with the number of
entanglement layers. This scaling pattern reflects the increasing expressibility and
complexity of the variational circuit.

Table 3 presents the performance scaling of the Ising variational model with vary-
ing qubit counts. The model achieves its lowest perplexity at six qubits (depth = 23),
indicating an optimal balance between circuit expressibility and optimization sta-
bility. Beyond this point, both perplexity and validation loss increase, suggesting
overparameterization or amplified gradient noise during training.

As shown in Table 1 and Table 3, the model exhibits a non-monotonic scaling
trend: increasing the number of qubits initially enhances expressibility but eventually
degrades trainability. According to Sim et al. [37], as the circuit becomes deeper and
more expressive, the generated quantum states approach a Haar-random distribution,

13



Table 2: Ablation results on the WikiText-2 dataset assessing the contribution of
individual components to model performance and optimization efficiency.

Model ppl (£) Appl (%) time-to-targ ~ Atime (%)  speedup (x)
(s)

Full 39.80 4 0.2 - 730 + 25 - 1.00x

(baseline)

w/o QSPSA  43.24 4+ 0.30 +7.4 1200 £ 45 +64 0.61x

Only SVIA 47.42 £0.35 +12.6 1170 £ 35 +60 0.62x

w/o HVIA 46.80 £ 0.28 +11.1 1110 & 50 +52 0.65x

w/o 44.44 £ 0.25 +5.2 910 + 20 +25 0.80x

FFN-Ising

w/o Entan- 46.24 £ 0.31 +9.8 1050 4+ 40 +44 0.69x

glement

w/o B 45.63 4 0.27 183 990 + 30 136 0.74x

Table 3: Performance scaling of the Ising variational model with varying qubit
counts. Validation loss is calculated as In(ppl).

Qubits ppld val loss layer2 ppl| layer2 val loss
2 47.9 3.87 47.2 3.85
3 46.9 3.85 46.3 3.84
4 45.4 3.82 44.1 3.79
5 44.9 3.80 44.5 3.80
6 42.1 3.74 39.8 3.68
7 44.8 3.80 44.7 3.80
8 44.9 3.80 45.5 3.82
9 46.4 3.84 46.8 3.85

leading to expressibility saturation. While this does not diminish representational
capacity, it flattens the optimization landscape and induces vanishing gradients—a
phenomenon known as the barren plateau effect. Consequently, circuits beyond six
qubits suffer from reduced gradient magnitudes and unstable convergence, resulting in
higher perplexity and validation loss. An optimal configuration is thus found around
six qubits, where the circuit remains sufficiently expressive without incurring excessive
parameterization or gradient collapse.

To further evaluate the generalization capability and efficiency of the proposed
model, we conducted comparative experiments against both classical and quantum
baselines on the WikiText-2 dataset. The results are summarized in Table 4.

Among the quantum baselines evaluated on WikiText-2, HVIA achieves the lowest
perplexity of 39.8 and validation loss of 3.68, outperforming all competing quantum
architectures by a considerable margin. Specifically, HVIA surpasses Quixer (ppl =
48.5) by approximately 18%, and exceeds Quantum LSTM (ppl = 63.2) and Quantum
GRU (ppl = 67.1) by 37% and 41%, respectively — all within the same 6-qubit
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Table 4: Comparative Evaluation on the WikiText-2 Dataset. HVIA achieves lower
perplexity and validation loss than existing quantum RNN baselines.

Model ppll val loss| Parameters Qubits
NanoGPT [38] 40.5 3.70 1.07TM 0
Quixer [39] 48.5 3.89 2.07TM 6
Quantum LSTM [40] 63.2 4.14 1.37TM 6
Quantum GRU [41] 67.1 4.20 2.08M 6
HVIA (Ours) 39.8 3.68 1.04M 6

constraint. These gains are attributable to the Ising-inspired coupling mechanism and
hybrid variational optimization strategy, which jointly enhance the expressive power
and trainability of the quantum circuit.

Notably, HVIA also outperforms NanoGPT (ppl = 40.5, val loss = 3.70) — a purely
classical transformer — despite NanoGPT utilizing no quantum resources whatsoever.
Moreover, HVIA achieves this with only 1.04M parameters, compared to NanoGPT’s
1.07M, indicating that the incorporation of 6-qubit quantum variational layers provides
a measurable performance benefit without increasing model size.

The total parameter count of HVIA is given by:

Ntotal = Nemb + Nproj + NLN + Nangles + Npost + ch, (19)

where each term is defined as follows. The token embedding and output projection
layers contribute

Nemb = |V xd,  Npwoj = |V| x (d + 1), (20)
with vocabulary size |V| and model dimension d = 128. The input projection and
LayerNorm contribute

Nin = d? + 3d, (21)

where d? + d accounts for the linear input projection (weight + bias) and 2d for the
LayerNorm affine parameters. Within the quantum Ising layer, the classical angle-
encoding linear map Wapgles € R4*%ut has

Nangles =d X dout + dout;, dout =N + 3(2); (22)

where n = 6 is the number of qubits and the 3(;) = 45 terms encode the ZZ, XX,

and YY Ising coupling strengths over all (g) = 15 qubit pairs, giving doys = 51. The
post-measurement projection contributes

Npost = (n+1) - d. (23)
Finally, each QAOA variational layer is parameterized by one mixer angle § and one

phase-separation angle v, yielding two trainable quantum parameters per layer. With
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p = 1 variational layer and n = 6 qubits, the total quantum gate parameter count is:
Nee=2xpx1=2, (24)

where the factor of 2 corresponds to the (v, §) pair shared uniformly across all n qubits
within each layer. Summing all components yields

Niotal & 1.04 M, (25)

which is competitive with NanoGPT (1.07M) while incorporating an explicit quan-
tum variational module. Notably, Nq. = 2 represents a deliberately minimal quantum
overhead: the Ising-inspired expressivity arises primarily from the structured entan-
glement over all (g) qubit pairs encoded in Nypgles, rather than from a large number
of variational gate parameters.

These findings validate the scalability and robustness of HVIA under realistic
benchmarking conditions. The ability to surpass both classical and quantum base-
lines with a compact hybrid architecture underscores HVIA’s potential as an efficient
solution for near-term quantum hardware deployment.ution for near-term quantum
hardware deployment.

4.4 Robustness Analysis
4.4.1 Experimental Setup

We evaluate both the Hardware-efficient Variational Image Model (HVIM) and the
Strongly-entangling Variational Image Model (SVIM) on a 6-qubit quantum cir-
cuit simulated using the Qiskit Aer simulator. To ensure statistical reliability, each
configuration is evaluated over five distinct ansatz parameter values

with N = 5 repeated measurements per setting (shots = 8,192), yielding 25
independent samples per data point. Results are reported as mean + standard
deviation.

Notise Models

Three physically motivated noise channels are considered, reflecting dominant error
sources in near-term quantum hardware:

1. Depolarizing noise: Single-qubit gates incur error rate p, while two-qubit
(CX) gates incur 10p, consistent with empirical CNOT-to-single-qubit error ratios
observed on superconducting hardware platforms.

2. Bit-flip noise: Pauli-X errors are applied post-gate with probability p, modeling
classical control imperfections and stochastic bit errors.
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3. Thermal relaxation: Parameterized by an effective error rate p, scaled against
IBM Falcon r5 baseline parameters (77 = 100 us, To = 80 us, t14 = 50ns, tag =
300ns), with the physical constraint T5 < 277 enforced.

Error rates
p € {0%, 0.5%, 1%, 2%, 5%}

are evaluated for each channel.

FEvaluation Metrics

We quantify noise impact through four complementary metrics computed between the
noisy output distribution P,eisy and the ideal (noiseless) distribution Pqeal:

e Shannon Entropy
H(P) = - Zpi log, p (26)
i

measures distributional spread; values approaching log,(64) = 6 bits indicate
convergence toward the maximally mixed state.
e Kullback—Leibler (KL) Divergence

. R cal (2
DKL (Pideal H Pnoisy) = Z Pideal(z) log f)dl((l)) (27)
P noisy

quantifies information loss relative to the ideal distribution.
e Total Variation Distance (TVD)

1 i .
TVD = 2 Z | Puoisy (1) — Pideal (1) (28)

provides an operationally interpretable bound on distinguishability between distri-
butions.
® (Classical Fidelity

2
F= (Z  Poiny (1) Rdealu)) (29)

serves as a classical proxy for quantum state overlap, bounded in [0, 1].

4.4.2 Noise Robustness Analysis

The enhanced expressibility of HVIM inevitably incurs increased sensitivity to hard-
ware noise—a trade-off well documented for deeper variational circuits [42, 43]. We
systematically characterise this cost by evaluating both architectures under three
physically motivated noise channels: depolarising noise, bit-flip noise, and ther-
mal relaxation. Each channel is assessed via four complementary metrics—Shannon
entropy H, KL divergence Dxy,, total variation distance (TVD), and classical fidelity F
—across error rates p € {0%, 0.5%, 1%, 2%, 5%}. Results for SVIM and HVIM are
visualised in Figures 6 and 7, respectively.
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Fig. 6: Noise robustness of SVIM (6-qubit Ising ansitz) under depolarising (red),
bit-flip (blue), and thermal relaxation (green) noise channels, evaluated over 6 €
{n/8, m/4, n/3, 7/2, 3w /4} with 5 repeated measurements per setting (shots = 8,192;
shaded bars indicate +10). Key observations: (a) Shannon entropy under depo-
larising noise saturates near 5.99 bits at p = 5%, approaching the maximum of
log, 64 = 6.0 bits. (b) KL divergence remains below 0.07 nats under thermal relax-
ation across all tested error rates, confirming SVIM’s robustness to the dominant
decoherence mechanism of superconducting hardware. (¢) TVD under depolarising
noise increases monotonically from 0.042 to 0.434, without the early-saturation plateau
observed in HVIM (cf. Figure 7). (d) Classical fidelity under thermal relaxation
remains F' > 0.980 even at p = 5%, indicating robust coherence preservation in the
simple Ising ansatz structure.

Depolarising Noise.

Under global depolarising noise, HVIM and SVIM exhibit qualitatively distinct
degradation regimes (Figures 6a,c and 7a,c). HVIM’s TVD rises sharply from its
near-ideal baseline of 0.042 to 0.373 at p = 0.5%, nearly double SVIM’s 0.164,
reflecting the greater susceptibility of HVIM’s denser entanglement structure to error
amplification—behaviour consistent with theoretical predictions for highly expressive
ansétze [44, 45]. Concurrently, HVIM’s Shannon entropy saturates near 5.60 bits for
p > 1%, approaching the theoretical maximum of 6.0 bits, indicating rapid conver-
gence toward the maximally mixed state. Crucially, this same saturation mechanism
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Fig. 7: Noise robustness of HVIM (6-qubit Ising ansétz, 2 layers) under the same
three noise channels as Figure 6 (3 random parameter sets, shots = 8,192; shaded
bars indicate +10). Key observations: (a) Shannon entropy under depolarising noise
saturates abruptly near 5.60 bits for p > 1%, reflecting faster convergence toward
the maximally mixed state driven by HVIM’s denser entanglement structure. (b) KL
divergence under depolarising noise plateaus at ~0.44 nats for p > 1%, whereas bit-
flip and thermal divergences continue to increase monotonically—a pattern amenable
to zero-noise extrapolation [45]. (¢) TVD under depolarising noise saturates near 0.39
for p > 1%; notably, at p = 5% HVIM’s TVD (0.387) is lower than SVIM’s (0.434,
Figure 6¢), indicating a fidelity reversal in the extreme-noise regime. (d) Classical
fidelity under all three channels remains F' > 0.875 across the full tested range, con-
firming practical operability under realistic NISQ error budgets (p < 1%).

precipitates a fidelity reversal at elevated error rates: for p > 2%, HVIM achieves
higher fidelity and lower TVD than SVIM (e.g., Fuavmv = 0.880 vs. Fgymm = 0.818
at p = 5%). Beyond its saturation threshold, HVIM’s output distribution stabilises
while SVIM’s continues to degrade, rendering HVIM comparatively more robust in the
extreme-noise regime. Although this regime lies beyond typical NISQ operating con-
ditions, the observation suggests that saturation-aware extrapolation techniques [45]
may preferentially benefit HVIM under severe depolarising errors.
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Bit-Flip Nozise.

Under bit-flip noise, SVIM consistently outperforms HVIM across all tested error rates
(Figures 6b,d and 7b,d). At p = 1%, SVIM achieves F' = 0.977 and TVD = 0.104,
compared to HVIM’s F' = 0.929 and TVD = 0.284—a 4.8-percentage-point fidelity
advantage and a 2.7x reduction in TVD. This accelerated degradation is attributable
to the higher density of single-qubit gate operations in HVIM’s ansétz, each consti-
tuting an independent site for Pauli-X error injection. Nevertheless, HVIM retains
acceptable fidelity (F' > 0.877) and a strictly monotonic degradation profile through-
out (p < 5%)—a prerequisite for effective application of standard error-mitigation
protocols such as zero-noise extrapolation [45] and probabilistic error cancellation [46].

Thermal Relaxation Notse.

Thermal relaxation—the dominant decoherence mechanism in contemporary
superconducting processors—provides the most operationally relevant benchmark
(Figures 6b,d and 7b,d). SVIM demonstrates markedly superior robustness, main-
taining F = 0.980 and TVD = 0.096 at p = 5%, compared to HVIM’s F =
0.936 and TVD = 0.272—a 2.83x difference in TVD. We attribute this dispar-
ity to HVIM’s greater cumulative gate exposure time, which amplifies T3-governed
amplitude-damping losses inherent to the XYZ-Ising ansétz structure. Critically, both
architectures retain F' > 0.93 even at p = 5%, a regime substantially beyond the typ-
ical single-qubit error rates of near-term hardware (p = 0.1-1% [47]), confirming that
HVIM’s noise sensitivity does not preclude deployment on current NISQ devices.

5 Conclusion

In this study, we investigated the performance boundaries and architectural advantages
of quantum language modeling under NISQ constraints. We proposed the HVIA, a
framework that leverages multi-axis spin-coupling mechanisms (X;X;,Y;Y;, Z;Z;) to
enhance representational capacity. Our findings are summarized as follows:

e Circuit Scaling and Stability: Our scaling analysis (2-9 qubits) revealed a non-
monotonic performance trend. We identified that a 6-qubit configuration provides
the optimal balance between expressivity and optimization stability. This config-
uration effectively navigates the trade-off between model capacity and the risk
of noise-induced barren plateaus, which were observed as qubit counts increased
beyond this threshold.

® Performance Superiority: On the WikiText-2 benchmark, the HVIA model
demonstrated significant advantages over both quantum and classical baselines.
With a compact 6-qubit footprint and a hybrid Adam-QSPSA optimization strategy,
HVIA achieved a perplexity (PPL = 39.8) that outperformed traditional Quantum
LSTM/GRU models and slightly surpassed the classical NanoGPT (PPL = 40.5),
highlighting its high parameter efficiency.

® Noise Resilience: A key contribution of this work is the verification of HVIA
robustness. Compared to the single-axis SVIM, HVIA generalized entanglement
structure exhibits superior tolerance to depolarizing and thermal relaxation noise.
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This resilience suggests that Ising-inspired architectures are particularly well-suited
for deployment on current noisy quantum hardware.

Our work establishes a resource-efficient, physics-grounded paradigm for quan-

tum natural language processing. Future research will focus on hardware-specific
implementations on superconducting processors and the integration of multi-layer
quantum-classical co-optimization to further advance practical QNLP applications.
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