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Abstract
We present a hybrid quantum–classical framework that couples a parameter-
ized, hardware-imperfection-aware SQUID–Transmon surrogate simulation with
deep learning to classify pancreatic radiotherapy CT/CBCT images from the
Pancreatic-CT-CBCT-SEG collection. The classical backbone uses a pretrained
EfficientNetB0 with bidirectional Long Short-Term Memory layers; the quan-
tum component is a 4-qubit, shallow-depth circuit whose input angles are modulated
by a dynamically computed error-mitigation factor derived from the gradient of an
effective potential. We perform a grid search over three hardware-relevant parame-
ters: a rescaling factor R (an amplitude/drive scaler in our surrogate) that modulates
the effective potential and controls the input rotation amplitude, a secondary coupling
strength λ, and the bare Josephson energy E J0. In a 10-class subset experiment (top-
dose patients), the hybrid model exhibits a performance maximum when R = 0.95,
reaching a test accuracy of up to 0.95 across several (λ, E J0) settings. In this work,
deviations of R, λ, and E J0 are treated as quasi-static hardware imperfections (sys-
tematic calibration offsets and slow drift) rather than as stochastic noise channels. We
interpret this optimum as a balance between expressivity and over-rotation/leakage
in our simulator when the effective drive is slightly reduced. To benchmark consis-
tency on the full dataset, we additionally report a window-level evaluation over all 40
patients with the classical backbone alone: a single 80/10/10 split yields train = 0.959,
val = 0.960, test = 0.909 accuracy (windows); stratified threefold cross-validation
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achieves 0.876±0.005mean validation accuracy.Overall, our results indicate that such
hardware-imperfection-aware hybrid models can be competitive with strong classical
baselines while offering a physics-grounded knob for hardware-aware calibration; we
discuss modeling assumptions and limitations (e.g., simplified hardware-imperfection
model, connectivity, and task definition) to avoid overclaiming clinical readiness.

Keywords Radiotherapy Image Classification · Hybrid Quantum–Classical Model ·
SQUID–Transmon Surrogate Simulation · Quantum Error Mitigation · Pancreatic
Cancer Computed Tomography

1 Introduction

Quantum computing has emerged as one of the most promising computational
paradigms in recent years, offering a novel approach to solving problems that are
beyond the reach of classical algorithms [1]. In particular, the advent of noisy
intermediate-scale quantum (NISQ) devices [2] has spurred a great deal of interest
in the development of hybrid quantum–classical algorithms [3] capable of leveraging
the complementary strengths of both quantum and classical systems [4]. This work is
situated at the intersection of quantum information science andmedical imaging [5, 6],
where the integration of advanced quantum hardware simulation with deep learning
techniques [7, 8] has the potential to address critical challenges in the diagnosis and
treatment of pancreatic cancer [9].

The ever-increasing volume and complexity of medical imaging data have driven
the development of sophisticated machine learning models designed for diagnostic
and prognostic purposes [10, 11]. In the field of radiotherapy, accurate segmentation
and classification of imaging data are essential for effective treatment planning and
delivery [12, 13]. Pancreatic cancer, known for its aggressive nature and highmortality
rate, presents unique challenges due to the complex anatomical structures and subtle
variations in tissue contrast. Conventional diagnostic tools often struggle with these
nuances, prompting the exploration of more powerful computational techniques [14,
15].

Deep learning, particularly convolutional neural networks and recurrent neural net-
works, has dramatically improved the performance of medical image analysis [16].
Models such as EfficientNetB0 have demonstrated remarkable effectiveness in
feature extraction from high-resolution images [17–20]. However, classical neural net-
works are inherently limited by the data and the computational resources required for
training on large, high-dimensional datasets. As a result, there is an ongoing search for
alternative approaches that can both reduce the computational overhead and enhance
the predictive performance of diagnostic models [21, 22].

In parallel with these advances in deep learning, quantum computing has begun
to offer new avenues for tackling complex optimization and pattern recognition tasks
[23, 24]. Early quantum algorithms have shown that quantum systems can perform
certain types of computations exponentially faster than their classical counterparts
[24].Nevertheless, the practical application of quantumcomputing is still in its infancy,
largely due to the noise and decoherence inherent to contemporary quantum hardware
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[25]. This challenge has given rise to the concept of hybrid quantum–classical models
[26], in which quantum circuits are integrated into classical frameworks to enhance
performance on specific tasks while mitigating the limitations of current quantum
hardware [27].

Pancreatic cancer represents one of the most formidable challenges in oncology,
with a very low survival rate and complex treatment protocols. The diagnosis and
management of this disease rely heavily on high-quality imaging modalities, such as
Computed Tomography (CT) and cone-beam CT (CBCT). In this work, we use the
Pancreatic-CT-CBCT-SEG dataset [28] only as a source of image volumes (one
treatment-planning CT and two on-treatment CBCT scans per patient, 40 patients
total). The supervised labels are patient identity (one class per patient); available
anatomy contours and radiotherapy dose files provided by the collection are not used
as model inputs or targets for the classifier.

Conventional imaging analysis techniques often rely on handcrafted features or
standard deep learning models that, while effective in many contexts, may lack the
sensitivity required to capture the intricate details present in pancreatic images [29]. In
clinical practice, evenmarginal improvements in diagnostic accuracy can translate into
significant enhancements in patient outcomes [30]. Thus, developing a robust, high-
precision classification model that can discern the fine-grained features relevant to
pancreatic cancer treatment is of paramount importance. This need has fueled research
into integrating quantum computing paradigms, which promise to unlock new levels
of computational efficiency and accuracy.

Hybrid quantum–classical models represent a cutting-edge research direction that
seeks to harness the strengths of both computational worlds. The classical com-
ponent typically performs image preprocessing and feature extraction, whereas the
quantum component is integrated as a compact, trainable module that operates on a
low-dimensional feature representation rather than on raw images.

In our pipeline, the EfficientNetB0+BiLSTM backbone produces a pooled
embedding hclassical. A learned encoder (linear layer followed by tanh) compresses
hclassical into four bounded scalars that parameterize the input rotations of a 4-qubit
parameterized quantum circuit. The circuit returns the Pauli-Z expectation values
z = [〈Z〉1, . . . , 〈Z〉4], and we concatenate z with hclassical before the final dense
classifier. In this way, the quantum component has a clear algorithmic role: it acts as
an entanglement-enabled nonlinear re-embedding / feature-augmentation layer whose
outputs are optimized jointly with the trainable parts of the classical network.

The SQUID–transmon surrogate is used to provide a lightweight, physics-guided
control signal rather than a full open-system hardware simulation: an error-mitigation
factor (EMF) computed from an effective potential Ueff(R, λ, E J0) rescales the quan-
tum input angles θi �→ θi · EMF. This angle-rescaling mechanism serves as a
hardware-aware calibration knob (capturing amplitude/drive scaling and coupling-
induced curvature modulation) that we systematically study via a grid search over
(R, λ, E J0). For compactness, the detailed equations and the physical interpretation
of R, λ, and E J0 are provided in Sect. 3 (SQUID–Transmon Simulation Framework).

Despite significant progress in both quantum computing and deep learning, the
application of hybrid quantum–classical models to real-world medical imaging tasks
remains largely unexplored. Existing studies have primarily focused on applications in
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low-dimensional datasets [31, 32]. In the context of pancreatic cancer imaging, there
is a pressing need for computational methods that can handle the high complexity of
radiotherapy data while also being robust to the inherent hardware imperfections and
drift of current quantum hardware. This research seeks to bridge that gap by addressing
the following key objectives:

• Integration of quantum hardware simulation with deep learning: Develop a robust
hybrid framework that marries state-of-the-art deep learning models with a param-
eterized, hardware-imperfection-aware SQUID–Transmon surrogate hardware,
incorporating dynamic error mitigation strategies.

• Optimization of hardware-relevant parameters: Execute a comprehensive grid
search over critical quantum hardware parameters, specifically R, λ, and E J0,
to identify optimal conditions that maximize classification accuracy.

• Validation in a clinically relevant setting: Apply the proposed framework to the
Pancreatic-CT-CBCT-SEG dataset, thereby demonstrating its efficacy in a
scenario with high clinical stakes and complex imaging data.

• Insight into quantum error dynamics: Provide a detailed analysis of how slight
deviations from ideal hardware settings (e.g., R = 1.00 vs. R = 0.95) affect the
performance of the hybrid model, yielding insights that are valuable both from
a quantum hardware calibration perspective and for the deployment of quantum-
enhanced diagnostic tools.

Ourworking hypothesis is that a carefully calibrated, hardware-imperfection-aware
hybrid layer can match a strong classical baseline while offering a physics-grounded
control (via R, λ, E J0) to reduce over-rotation/leakage and improve stability under
small-data conditions—an effect akin to task-specific regularization highlighted in
prior hybrid studies [33, 34]. Specifically, we posit that the integration of realistic
SQUID–Transmon simulation and advanced error mitigation strategies will not only
enhance the robustness of the quantum circuit but also lead to tangible improvements
in diagnostic accuracy.

In the realm of medical imaging, our hybrid framework addresses the need for more
precise diagnostic tools in themanagement of pancreatic cancer–adisease notorious for
its poor prognosis and diagnostic complexity. By achieving classification accuracies
as high as 95%, the proposed model demonstrates the potential to improve treatment
planning and patient outcomes in a clinical setting. Enhanced image classification
can lead to more accurate delineation of organs-at-risk, enabling clinicians to tailor
radiotherapy protocols with greater precision. This, in turn, could result in reduced
collateral damage to healthy tissues and improved overall survival rates.

Moreover, the successful application of a quantum-enhancedmodel to a challenging
clinical dataset such as Pancreatic-CT-CBCT-SEG serves as a proof-of-concept
for the broader integration of quantum computing in precision medicine. As quantum
hardware continues to mature, the methodologies developed in this work may be
adapted to a wide range of diagnostic and prognostic applications, spanning other
forms of cancer and complex pathological conditions. By bridging the gap between
theoretical quantum advantages and practical clinical applications, our research aims
to catalyze the next generation of computational tools in medicine.
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In summary, this paper presents a hybrid quantum–classical framework for pan-
creatic radiotherapy image classification in which a strong convolutional–recurrent
backbone is complemented by a shallow 4-qubit quantum circuit that provides addi-
tional trainable features. The quantum circuit does not replace the classical feature
extractor; instead, it transforms a low-dimensional projection of the classical rep-
resentation into expectation-value features that are concatenated with the classical
embedding before final classification. A parameterized, hardware-imperfection-aware
SQUID–Transmon surrogate is used to compute a simple, dynamically updated
angle-rescaling factor, enabling a physics-grounded study of how hardware-relevant
parameters (R, λ, E J0) affect the hybrid pipeline.

The remainder of this paper is organized as follows. In Sect. 2, we review the current
state of research in hybrid quantum–classical models, with a focus on applications in
medical imaging and radiotherapy. This literature review highlights the limitations
of existing approaches and sets the stage for our contributions. Section3 provides
a comprehensive description of our methodology, including details on the deep
learning architecture employed for feature extraction, the parameterized, hardware-
imperfection-aware SQUID–Transmon surrogate framework, and the dynamic error
mitigation strategies incorporated into the quantum circuit. In Sect. 4, we describe the
experimental setup, the configuration of the Pancreatic-CT-CBCT-SEG dataset,
and the parameter grid search strategy used to optimize hardware settings. Section5
presents an in-depth analysis of the experimental results, highlighting the competi-
tive performance of our hybrid model in comparison with strong classical baselines,
as well as the sensitivity of the results to the selected hardware-relevant parameters.
Special emphasis is placed on the observed optimum at R = 0.95 and its implications
for quantum hardware calibration. Finally, in Sect. 6, we discuss the broader implica-
tions of our findings in the context of both quantum computing and clinical oncology,
outlining the potential directions for future research and the challenges that remain.

2 Related work

Quantum computing has rapidly advanced in recent years, led primarily by supercon-
ducting qubit implementations such as the transmon. The transmon, a capacitively
shunted Josephson junction operated at large E J /EC , suppresses charge dispersion
while maintaining useful anharmonicity; its E J /EC is high (though not as extreme
as in phase qubits) [35, 36]. Adding a SQUID loop enables flux tunability by mod-
ulating the effective Josephson energy and qubit frequency, at the cost of additional
flux-noise pathways and decoherence trade-offs [35–37]. The careful simulation of
SQUID–Transmon systems requires precisemodeling of parameters such as the rescal-
ing factor (R), the secondary coupling strength (λ), and the nominal Josephson energy
(E J0). These parameters, individually and in combination, determine the operational
fidelity and resilience of quantumcircuits against non-adiabatic transitions and leakage
errors.

In parallel with hardware development, error mitigation techniques have garnered
significant attention as a means to suppress the effective error rates in NISQ devices.
Foundational error mitigation strategies include zero-noise extrapolation [38], proba-
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bilistic error cancellation [39], and readout error correction, among others [40]. These
methods have been experimentally validated on superconducting qubit platforms,
yielding improved estimation accuracy in variational quantum algorithms. Because
device drift and context-dependent errors are common, adaptive error mitigation (i.e.,
mitigation parameters estimated from calibration data or runtime observables and
updated as conditions change) is especially valuable; examples include zero-noise
extrapolation, measurement-bias calibration, and correlated-readout models [38, 40,
41]. Recent studies have demonstrated that dynamic error mitigation, which computes
an error mitigation factor in real time based on measured hardware characteristics, can
help balance decoherence and maintain high-fidelity operations under realistic noisy
conditions [41]. Such approaches are essential for the successful deployment of hybrid
quantum–classical algorithms and form an integral part of the motivation behind our
investigation of SQUID–Transmon parameters.

Hybrid quantum–classical algorithms, most notably Variational Quantum Algo-
rithms (VQAs) such as the Variational Quantum Eigensolver (VQE) and the
Quantum Approximate Optimization Algorithm (QAOA), have emerged as promis-
ing paradigms for leveraging NISQ devices [42, 43]. In these schemes, Parameterized
QuantumCircuits (PQCs) are optimized using classical routines to solve problems that
are otherwise computationally intractable. Early demonstrations of variational quan-
tum classifiers have shown the potential for these algorithms to perform tasks such
as pattern recognition and binary classification with promising results [44]. However,
many early studies assumed idealized quantum hardware or simplified noise models,
leaving open the question of how detailed hardware characteristics influence algorith-
mic performance on real-world tasks.

Medical imaging, particularly in the context of radiotherapy for pancreatic cancer,
represents a domain where high precision is paramount. The application of deep learn-
ing to medical image classification and segmentation has yielded significant progress.
Convolutional neural networks and recurrent architectures have been successfully
applied to tasks such as CT and CBCT segmentation, facilitating improved treatment
planning in radiotherapy [45].Notably, in pancreatic cancer,where the disease presents
a high degree of diagnostic complexity, evenmarginal improvements in image classifi-
cation accuracy can have a significant clinical impact. However, classical deep learning
models tend to demand large quantities of labeled data and extensive computational
resources, which are often limiting in the context of rare or complex conditions. This
limitation has motivated the exploration of hybrid quantum–classical models as an
exploratory research direction, where a compact quantum circuit is inserted as a train-
able module within a classical network, rather than as a demonstrated solution to data
scarcity or clinical complexity.While suchmodelsmay eventually offer computational
efficiencies as quantum hardware matures, at present any gains in sample efficiency
or scalability remain an open empirical question that depends on the task, model
design, and hardware constraints; therefore, claims of practical advantage should be
interpreted cautiously.

Recent efforts have begun integrating quantum circuits with classical deep learn-
ing architectures to form hybrid systems. These systems incorporate parameterized
quantum circuits as layers within classical neural networks, aiming to exploit quan-
tum phenomena such as superposition and entanglement to enhance feature extraction
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and decision making [26, 44]. Some studies have reported that these hybrid mod-
els can offer comparable performance to entirely classical networks while requiring
fewer parameters and potentially more efficient learning from limited data [33, 34].
Althoughmost of these hybrid approaches have been tested on benchmark datasets and
simplified tasks, the extension of suchmethods to complex, clinically relevant imaging
datasets–such as those involving pancreatic radiotherapy images–remains limited. In
particular, there is a scarcity of investigations that explicitly consider the hardware-
specific parameters of SQUID–Transmon systems when integrating quantum circuits
into medical diagnostic models.

A significant gap in the literature is the lack of comprehensive studies that inte-
grate parameterized, hardware-imperfection-aware SQUID–Transmon surrogates into
hybrid quantum–classical frameworks for medical imaging. Existing works typically
model quantum noise in an abstract manner or use generic quantum devices without
detailed consideration of key parameters like R, λ, and E J0. Meanwhile, research
in superconducting qubit fabrication has established that these parameters critically
influence qubit performance and stability [36, 37]. There is a pressing need to bridge
this gap by systematically investigating how variations in these specific parameters
affect the performance of hybrid models in a clinical application. Our work addresses
this gap by conducting a detailed grid search over the hardware parameters in a
SQUID–Transmon simulation, integrated within a hybrid framework designed to clas-
sify pancreatic CT/CBCT images.

Several studies have made initial strides toward the integration of quantum and
classical techniques in various domains. For example, research on quantum-enhanced
image processing has demonstrated that incorporating a quantum feature map can
improve the accuracy of image classification tasks on benchmark datasets likeMNIST
and CIFAR-10 [26]. These early works typically focused on synthetic datasets or rel-
atively simple tasks and did not consider the impact of detailed hardware parameters.
Similarly, quantum-inspired algorithms have been applied to classical image segmen-
tation and thresholding problems, achieving competitive performance without full
quantum hardware implementation [46]. Although these methods have opened the
door to quantum approaches in imaging, they do not fully capture the complexities of
executing hybrid quantum algorithms on realistic devices.

Recent efforts have aimed to fuse quantum circuit simulation with deep learning
to tackle more demanding problems. Experimental demonstrations on superconduct-
ing platforms have shown that variational quantum circuits can be trained to perform
classification tasks with performance on par with classical counterparts, even when
operating under non-ideal hardware conditions [44, 47]. In these studies, the quantum
circuits were generally treated as black boxes with abstract noise models, and the opti-
mization of hardware-specific parameters was not explored in detail. The present work
builds upon these findings by providing a systematic evaluation of how the parameters
R, λ, and E J0 of a parameterized, noise-aware SQUID–Transmon surrogate affect the
overall performance of a hybrid diagnostic model. By doing so, we offer insights into
the co-design of quantum algorithms and hardware calibration strategies, ensuring
that the benefits of quantum-enhanced processing are attainable even in the presence
of realistic noise and imperfections.
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In summary, while foundational research in superconducting qubits and variational
quantum algorithms has established the theoretical basis for hybrid quantum–clas-
sical models, practical applications–especially in medical imaging–remain in early
stages. The current literature reveals a notable absence of studies that integrate detailed
SQUID–Transmon simulations, with a focus on optimizing key hardware parameters,
into hybrid models for high-stakes tasks such as pancreatic radiotherapy image clas-
sification. Our work addresses this gap by conducting an extensive parameter study
within a parameterized, noise-aware quantum simulation framework, thereby linking
the physics of superconducting circuits with the algorithmic performance of hybrid
models. This approach not only advances the understanding ofNISQdevices in applied
settings but also provides practical guidelines for deploying quantum-enhanced diag-
nostic tools in environments where both hardware imperfections and data challenges
are prevalent.

By offering a rigorous analysis that spans foundational theory, experimental
advancements in quantum hardware, and cutting-edge applications in medical imag-
ing, this study contributes to a broader understanding of how quantum computing may
be integrated into complex, real-world tasks. In doing so, it sets the stage for future
research aiming to refine hybrid quantum–classical approaches and to extend their
applicability to a range of domains where traditional methods face intrinsic limita-
tions.

3 Methodology

In this section, we present a detailed description of our methodology, which integrates
deep learning techniques for feature extraction with a parameterized, hardware-
imperfection-aware SQUID–Transmon surrogate quantum hardware and dynamic
error mitigation strategies. Our approach is designed to improve the classification of
pancreatic radiotherapy images acquired from CT and CBCT modalities. We describe
the mathematical underpinnings of our deep learning architecture, the simulation
framework for the SQUID–Transmon system, and the precise methods used to per-
form dynamic error mitigation in our quantum circuit. Throughout, we emphasize
mathematical rigor and the interplay between classical and quantum components of
our hybrid model.

3.1 Deep learning architecture for feature extraction

The classical part of our framework is built on a deep learning architecture that is
responsible for extracting high-level features from 224 × 224 RGB images. Each
training sample is a fixed-length window of T = 60 consecutive axial slices; therefore,
the full network input tensor has shape (None, 60, 224, 224, 3), where None denotes
the batch dimension. We employ the EfficientNetB0 model [17], pretrained
on ImageNet, as the backbone for feature extraction. This model serves as a robust
convolutional network for capturing spatial patterns. Let the input image be denoted
by It ∈ R

224×224×3. A full input window is the ordered sequence X = (I1, . . . , IT ) ∈
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R
T ×224×224×3 with T = 60, and EfficientNetB0 is applied slice-wise to each

It via a TimeDistributed wrapper. The output from EfficientNetB0, after global
average pooling, is a feature vector ft ∈ R

d , where d is the number of features derived
from the last convolutional block.

Mathematically, the transformation can be represented as:

ft = GAP(EfficientNetB0(It )) , t = 1, . . . , T ,

where GAP(·) denotes the global average pooling operation.
Following the feature extraction, a bidirectional LSTM network is employed to

capture temporal and contextual correlations across a sequence ofCT slices. Let {ft }T
t=1

be the sequence of feature vectors extracted from T consecutive slices of a CT volume.
In our experiments, we set T = 60; thus the “60” in Table1 denotes the number of
slices (time steps) aggregated per sample window by the bidirectional LSTM. The
bidirectional LSTM processes the sequence in both forward and reverse directions,

which we denote as
−→
h t and

←−
h t , respectively. The combined hidden state at time t is

given by: ht = −→
h t‖←−h t , where ‖ signifies vector concatenation.

The temporal features are subsequently passed through dense layers with nonlinear
activation functions, specifically the rectified linear unit (ReLU), and regularization
through dropout and L2 norms to prevent overfitting. In mathematical terms, for a
dense layer with weights W and bias b, the transformation is: z = ReLU(Wh + b),

with additional dropout applied as: z̃ = Dropout(z, p), where p represents the
dropout probability. Furthermore, we apply Fourier feature encoding on the dense
representations to capture periodicities in the data. If θ represents the Fourier basis
extracted from the feature representation, then the Fourier encoding can be for-
malized as: F = [sin(θw), cos(θw)] ∈ R

k, for a frequency weight matrix w ∈
R

d×k, where k is the number of desired component of the Fourier codification, and
θ ∈ R

d . The final classical representationhfinal is a concatenation of the Fourier encod-
ing with a repeated dense representation, and is fed to the output classification layer
with a softmax activation: ŷ = softmax(Wouthfinal +bout). This structure ensures that
the rich spatial and temporal information in volumetric CT data is effectively captured
and encoded in a manner amenable to classification.

Table1 shows the overall deep learning architecture for feature extraction which
has the following number of parameters:

• Total params: 5,596,717
• Trainable params: 1,547,146 (bidirectional LSTM and lightweight classifier lay-
ers)

• Non-trainable params: 4,049,571 (EfficientNetB0 feature extractor, frozen)

In all experiments, the pretrained EfficientNetB0 weights remain frozen (no
fine-tuning) and are used purely for feature extraction; only the bidirectional LSTM
block and the subsequent lightweight classifier layers are updated during training,
which explains the trainable/non-trainable split reported above.
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3.2 SQUID–transmon simulation framework

The quantum component of our methodology is based on a geometry-agnostic, param-
eterized SQUID–Transmon surrogate (not a full open-system simulation). A transmon
qubit is a superconducting circuit that mitigates charge noise by operating in a regime
where the ratio E J /EC is large [35, 36]. In our simulation, we model a SQUID loop
integrated with a transmon qubit; this allows us to tune the effective Josephson energy
E J via an externally applied magnetic flux�. The effective Josephson energy is given
by: E J (�) = E J0 |cos(π�)| , where E J0 is the nominal (or maximum) Josephson
energy when � = 0.

The potential energy landscape, a key determinant of qubit dynamics, is modeled
as: U (�φ) = −E J (�) cos(�φ), where �φ represents the phase difference across
the junction. To incorporate device imperfections and the influence of coupling, we
introduce a term C = λ cos(2π�) cos(2�φ), where λ is a coupling strength parame-
ter. The effective potential Ueff is thus formulated as: Ueff = R U (�φ) − C, with R
representing a rescaling factor. In a realistic setting, this effective potential is subject to
quasi-static hardware imperfections (systematic calibration offsets, residual coupling,
and slow parameter drift), whichwe capture through numerical gradient computations:

∇Ueff =
√(

∂Ueff
∂�

)2 +
(

∂Ueff
∂�φ

)2
. The average gradient magnitude is used to compute

a dynamic error mitigation factor (EMF) according to: EMF = 1.0 + 0.001 〈∇Ueff〉.
Terminology: “noise” versus systematic hardware imperfections In this work, devia-
tions of R, λ, and E J0 from their ideal or nominal values are interpreted as systematic
hardware imperfections (calibration biases and slow drift) that perturb Ueff. We there-
fore use the term “hardware-imperfection-aware” when describing the surrogate.
Stochastic noise processes (e.g., relaxation and dephasing or gate-level stochastic
error channels) are not explicitly simulated in the present surrogate and remain out of
scope.
Physical interpretation of SQUID–transmon surrogate parameters

• Scaling factor R R rescales the primary potential to capture readout-/drive-related
amplitude effects (e.g., effective angle rescaling) and measurement non-idealities
[48]. Values near one indicate near-ideal amplitude; modest reductions can curb
over-rotation and leakage in shallow circuits.

• Secondary coupling λ λ scales a second-harmonic term that effectively captures
residual couplings (e.g., parasitic qubit–qubit or qubit–environment interactions):
C = λ cos(2π�) cos(2�φ). Larger λ increases curvature modulation, which can
improve expressivity but also raise leakage susceptibility.

• Bare Josephson energy E J0 E J0 = �Ic/(2e) sets the energy scale, impacting
frequency and anharmonicity [49]. In SQUIDs with junction asymmetry (e.g.,
energies E J1 
= E J2), an asymmetry parameter d = (E J1 − E J2)/(E J1 + E J2)

trades tunability against flux-noise susceptibility and dephasing; we assume small
asymmetry and absorb its effect into the effective E J (�).

The 10−3 scale was chosen to keep θ ′
i = θi ·EMF within a stable range for shallow

circuits while still responding to changes in 〈‖∇Ueff‖〉. Scans over α ∈ {10−4, 5×
10−4, 10−3, 5×10−3} (replacing 10−3 with α) indicated minimal sensitivity for α ≤
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10−3 and degraded accuracy at 5×10−3 due to over-rotation. For a physical device,
the same logic would be implemented as a calibration step: R can be inferred from
drive-amplitude calibration (e.g., Rabi-based angle tuning), E J0 from fitting flux-
dependent spectroscopy, and λ from residual-coupling characterization (e.g., avoided
crossings or crosstalk/leakage diagnostics). The resulting angle-rescaling factor can
then be computed offline and refreshed on the timescale of calibration cycles, rather
than recomputed per gate.

In this expression, the averaging 〈∇Ueff〉 is performed over a discrete mesh of
the parameter space defined by the magnetic flux � and the phase difference �φ.
Specifically, the domain is set as � ∈ [�min,�max] and �φ ∈ [�φmin,�φmax],
and the arithmetic mean of the gradient magnitude is computed over all grid points
within these ranges. This explicit definition of the averaging domain facilitates a clear
interpretation of the EMF calculation and ensures that the process is reproducible by
comprehensively sampling the physically relevant parameters.

We employ the PennyLane framework [50] to simulate our quantum subsystem,
wherein the quantum circuit is defined over n qubits (in our experiments, n = 4)
and has a circuit depth of q = 2 layers. The initialization of each qubit is in the
computational basis state |0〉, and the overall initial state of the system is expressed
as: |ψ0〉 = |0〉⊗n .

Wederive the four-dimensional circuit input x from the classical features as follows.
Lethclassical ∈ R

d be thepooled feature producedby theEfficientNetB0+BiLSTM
stack. We compute

ũ = tanh
(
Wenchclassical + benc

) ∈ (−1, 1)4, x = π ũ ∈ (−π, π)4, (1)

and then scale the per-qubit RY angles by the dynamic EMF: θi = xi · EMF. This
mapping (i) bounds the angles, (ii) is differentiable end-to-end, and (iii) avoids feature-
norm explosions by compressing with tanh.
Clarification: what the quantum gates depend on, and what the gate path is used
for In the implemented hybrid classifier, the quantum circuit uses standard unitary
gates; there is no separate “gate path” variable inside the circuit simulation. The only
way the surrogate parameters (R, λ, E J0) enter the circuit is through the scalar angle-
rescaling factorEMF(R, λ, E J0), whichmodifies the effective encoding angles as θi =
xi ·EMF(R, λ, E J0) in the input rotations RY (θi ). For a fixed (R, λ, E J0) setting, EMF
is treated as a constant multiplier, so the circuit outputs 〈Z〉i are differentiable with
respect to the rotation angles xi (and with respect to the trainable circuit parameters),
enabling end-to-end gradient-based training. The dose-driven gate path (�(s),�φ(s))
is used only in Fig. 5 to sample and visualize the surrogate potential (and its derivatives)
along a clinically motivated trajectory; it is not an input to the quantum layer during
training or inference. We first apply single-qubit rotations about the Y-axis to encode
the input features into the quantum state. The rotation gate about the Y-axis, denoted

RY(θ), is defined as: RY(θ) =
(
cos

(
θ
2

) − sin
(

θ
2

)
sin

(
θ
2

)
cos

(
θ
2

)
)

. Thus, the state after encoding

is given by: |ψ1〉 = (⊗n
i=1 RY

(
xi · EMF

)) |0〉⊗n . This notation indicates that the RY
gate is applied individually to each of the n qubits, and the initial state is the tensor
product of n qubits all in the state |0〉.
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Subsequently, the circuit consists of q repeating layers. For each layer j = 1, . . . , q,
a sequence of parameterized single-qubit gates is applied. Denote by w the collection
of weights associated with the circuit, with appropriate segmentation such that for
each qubit i and for each layer j , we have weight parameters w

( j)
i,1 , w

( j)
i,2 , and w

( j)
i,3

corresponding to different rotation operations. In our implementation, the following
parameterized gates are employed:

• RY Rotation: RY
(
w

( j)
i,1

)
.

• RZ Rotation: RZ
(
w

( j)
i,2

)
, where RZ(θ) =

(
e−i θ

2 0

0 ei θ
2

)
,

• PhaseShift Gate: PhaseShift
(
w

( j)
i,3

)
, which applies a phase factor eiw( j)

i,3 to the |1〉
component. For the j-th layer, the state evolution is described as:

|ψ(i)
j 〉 = CNOTLayer

(
n⊗

i=1

PhaseShift
(
w

( j)
i,3

)
RZ

(
w

( j)
i,2

)
RY

(
w

( j)
i,1

))
|ψ j−1〉,

(2)
where the CNOTLayer denotes a layer of CNOT gates that entangle neighboring
qubits in a predetermined topology (typically nearest-neighbor connectivity).

• The full evolution across all layers results in the final state:

|ψfinal〉 = UCNOT ·
(

n⊗
i=1

[
PhaseShift

(
w

( j)
i,3

)
RZ

(
w

( j)
i,2

)
RY

(
w

( j)
i,1

)])

·
(

n⊗
i=1

RY (xi · EMF)

)
|0〉⊗n . (3)

Where the operator CNOTLayer represents the entangling operation applied within
a single layer of the quantum circuit. In each such layer, after all the single-
qubit rotations (RY, RZ, and PhaseShift) are applied, the CNOTLayer acts to
entangle neighboring qubits according to the predefined connectivity (typically
nearest-neighbor). When the circuit is composed of q identical layers, the overall
entangling operation is given by the sequential application (i.e., the product) of
the CNOT layers across all the q layers. This cumulative operation is denoted by
UCNOT and can be formally expressed as

UCNOT =
q∏

j=1

CNOT( j)
Layer, (4)

where CNOT( j)
Layer denotes the entangling operation in the j-th layer. Thus, UCNOT

encapsulates the total entanglement generated by the circuit, and its action is
applied after all the single-qubit rotations and before the final measurements.
Unless otherwise stated, we assume a linear nearest-neighbor topology (open
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Fig. 1 Quantum circuit diagramof the 4-qubit, depth-2 ansatz used as the quantum layer. The input encoding

applies RY (xi · EMF) on each qubit. Each layer j ∈ {1, 2} applies trainable single-qubit blocks U ( j)
i

followed by a nearest-neighbor entangling pattern implemented as a controlled-NOT chain (1→2, 2→3,
3→4). Measurements yield the Pauli-Z expectation values 〈Z〉i , which form the quantum feature vector z

chain) for entangling layers; we do not assume all-to-all connectivity. Gate-
dependent stochastic noise channels (e.g., depolarizing or amplitude/phase
damping per CNOT) are not explicitly simulated; instead, the effect of quasi-
static hardware imperfections enters through the effective-potential parameters
(R, λ, E J0) and the resulting deterministic EMF angle rescaling. We therefore
refer to our quantum component as a parameterized, hardware-imperfection-aware
surrogate rather than a fully realistic open-quantum-system model.

• Finally, measurement is performed on each qubit in the computational basis after
applying the appropriate unitary transformations. We compute the expectation
values of the Pauli-Z observables on each qubit: 〈Z〉i = 〈ψfinal|Zi |ψfinal〉, i =
1, . . . , n.

Collecting these expectation values produces a vector z ∈ R
n which serves as the

output of the quantum layer.
To make the structure of the quantum ansatz explicit, Fig. 1 provides a circuit

diagram of the 4-qubit, q = 2 architecture used in this work. For compactness in the
diagram, we denote the trainable single-qubit block acting on qubit i in layer j by

U ( j)
i = PhaseShift

(
w

( j)
i,3

)
RZ

(
w

( j)
i,2

)
RY

(
w

( j)
i,1

)
.

This output vector is then concatenated with the classical feature vector obtained
from the deep learning model, resulting in an integrated representation: hhybrid =
hclassical‖z. This combined feature vector is subsequently fed into a dense fusion clas-
sifier (linear map followed by softmax) to perform the final classification task. The
parameters w are optimized jointly with the classical network’s parameters using gra-
dient descent methods, facilitated by automatic differentiation within the PennyLane
and TensorFlow [51] frameworks. Because the fusion stage is linear in hhybrid, the
contribution of the quantum measurement vector z can be audited directly from the
learned weight matrix of the subsequent dense layer.
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Auditing whether the network utilizes the quantum features Let s ∈ R
C denote the

pre-softmax logits for C classes. The fusion classifier can be written as

s = Wfuse hhybrid + bfuse, Wfuse ∈ R
C×(dc+dq), bfuse ∈ R

C , (5)

where dc = dim(hclassical) and dq = dim(z) (in our experiments dq = 4). By parti-
tioning the weight matrix into a classical block and a quantum block,

Wfuse = [
Wc Wq

]
, Wc ∈ R

C×dc , Wq ∈ R
C×dq , (6)

the logits decompose into

s = Wc hclassical + Wq z + bfuse. (7)

This expression makes explicit how the quantum measurements enter the decision
function: if the model were to ignore the quantum output, the columns of Wq would
be driven toward negligible magnitude under standard weight regularization and opti-
mization. To compare blocks while accounting for their different dimensionalities, a
simple dimension-normalized weight-scale diagnostic is

ρw = ‖Wq‖F/
√

dq

‖Wc‖F/√dc
, (8)

which is straightforward to compute from the trained fusion layer and directly
addresses whether the subsequent layer places non-trivial weight on the quantum
feature channels.

The modular design of our quantum circuit and its integration with classical archi-
tectures allow for an elegant interplay between continuous classical data and the
discrete quantum state space, enabling the extraction of rich, high-dimensional repre-
sentations from medical imaging data.

3.3 Dynamic error mitigation strategy

Error mitigation in quantum circuits is critical in the NISQ era, where full error cor-
rection is infeasible. Instead, our methodology incorporates a dynamically updated
angle-rescaling strategy: for each (R, λ, E J0) configuration (or, in a hardware setting,
for each calibration update), we compute an error mitigation factor from the effective
potential and apply it multiplicatively to the circuit input angles. The dynamic EMF
is computed as described above, using the mean gradient magnitude of the effective
potential:

EMF = 1.0 + 0.001 〈
√(

∂Ueff

∂�

)2

+
(

∂Ueff

∂�φ

)2

〉. (9)

This factor is applied multiplicatively to the input angles of the rotation gates in the
quantum circuit: θ ′

i = θi · EMF. By doing so, the circuit compensates for quasi-static
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coherent over-/under-rotations implied by the surrogate parameters, rather than for
stochastic fluctuations. For clarity, the dose-driven gate path in Fig. 5 is not used to
compute EMF; EMF is computed from the domain-averaged gradient of Ueff on the
(�,�φ)mesh, and then applied as a global multiplicative rescaling of the circuit input
angles for each (R, λ, E J0) configuration. The error mitigation strategy is designed to
be computationally efficient; it leverages numerical gradient methods (implemented
via finite differences) to approximate the gradient fields of the potential landscape and
updates the EMF at each iteration of the grid search in the experiment. In a physical
deployment, the same update would be tied to the acquisition of new calibration data
(minutes to hours), not to individual gate executions.

Connection between (R, λ, E J0) and gate fidelity From a neural-network viewpoint,
(R, λ, E J0) act as hyperparameters because they are selected externally (grid search)
and determine the multiplicative factor applied to the quantum input angles. Opera-
tionally, our encoding applies RY (xi ·EMF); thus changing (R, λ, E J0) changes EMF
and therefore changes the effective rotation angles, which is equivalent to a coherent
amplitude miscalibration of the single-qubit encoding gates. In the present surrogate,
this is the primary mechanism by which (R, λ, E J0) influence circuit behavior; we do
not explicitly map these parameters to separate gate-level stochastic noise channels
for the entangling operations. Nevertheless, coherent mis-rotations change the state
that is subsequently entangled, which can alter the measured expectation values and
thereby the downstream classification performance. Physically, R captures residual
drive-amplitude scaling (over-/under-rotation), λ captures residual coupling/higher-
harmonic contributions that increase curvature and leakage/crosstalk susceptibility,
and E J0 sets the energy scale (frequency and anharmonicity) that constrains fast,
low-leakage gate operation. In this study we do not train (R, λ, E J0) end-to-end; we
sweep them to quantify sensitivity and to emulate different calibration states of the
same device.

3.4 Integrated hybridmodel and training procedure

Figure2 summarizes the complete hybrid network, highlighting the dataflow between
the classical feature extractor, the angle encoder, the error-mitigation-driven angle
rescaling, and the quantum feature augmentation prior to the final classifier.

The model is optimized using backpropagation with the Adam optimizer and an
exponential decay learning rate schedule: ηt = η0 ·exp (− t

τ

)
,where η0 = 1×10−4 is

the initial learning rate, t is the training step, and τ is a decay parameter.We selected η0
via a lightweight validation sweep prior to the main experiments: short pilot trainings
were run with η0 ∈ {1 × 10−5, 3 × 10−5, 1 × 10−4, 3 × 10−4, 1 × 10−3}, and we
chose the value that achieved the best validation accuracy while maintaining stable
optimization (i.e., no divergence and no large loss oscillations). The selected η0 was
then held fixed for all reported experiments to avoid confounding the superconducting-
circuit parameter sweep with optimizer retuning. The loss function is the categorical
cross-entropy. For each sample the cross-entropy loss is computed by summing over
all classes, and then the overall loss is obtained by averaging these values over all N
samples in the batch. Specifically, for a single sample the loss is defined as: Li =
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Fig. 2 Schematic overview of the proposed hybrid pipeline. A convolutional–recurrent backbone produces
a pooled classical embedding hclassical. A learned encoder maps hclassical to four bounded rotation angles
x, which are rescaled by the dynamically computed error-mitigation factor (computed from the effective-
potential surrogate parameterized by R, λ, and E J0) and then passed through a 4-qubit parameterized
circuit. The resulting expectation-value vector z is concatenated with hclassical for final classification

−∑C
c=1 yi (c) log(ŷi (c)), where C represents the number of classes. The total loss

over a batch is then computed as: L = 1
N

∑N
i=1 Li . This formulation ensures that the

summation is performed over the class dimension for each sample and that the final
loss is obtained by averaging over the batch, thereby enhancing both the interpretation
and reproducibility of the process. The inclusion of the quantum circuit introduces
additional parameters (the quantum weights), which are jointly optimized with the
classical network.

The training procedure employs a grid search over the SQUID–Transmon parame-
ters R, λ, and E J0. For each combination, the quantum circuit’s simulation is updated,
and the corresponding EMF is recalculated. The hybrid model is then trained for a
fixed number of epochs on the training dataset, with performance monitored on a
validation set. Finally, the model is evaluated on a separate test set to determine its
classification accuracy. The grid search allows us to rigorously examine how varia-
tions in the physical parameters affect the performance of the hybrid model, thereby
illuminating the optimal operating conditions for the system.

3.5 Mathematical and computational considerations

The methodologies described in this work require a careful balancing of computa-
tional resources and mathematical precision. The deep learning component leverages
transfer learning to minimize the need for extensive training from scratch, while the
bidirectional LSTMand Fourier encoding layers capture both sequential dependencies
and periodic features, respectively. The Fourier encoding is based on the transform:
F(θ) = [

sin(θ · w), cos(θ · w)
]
, where w is a frequency vector derived from a log-
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arithmic scale. This transformation has been shown to improve the representational
capacity of the network in high-dimensional settings [52].

On the quantum side, each gate in the SQUID–Transmon simulation is a unitary
operatorU that, in the ideal case, would satisfyU †U = I . However, in the presence of
noise and imperfections, these operations deviate from unitarity. Our error mitigation
strategy seeks to re-establish an effective unitary evolution by dynamically adjusting
the rotation angles according to the computed EMF. The adjustments are linear in the
angles, which is justified under the assumption that the errors are small and can be
approximated by a first-order Taylor expansion:

sin (θ · EMF) ≈ sin(θ) + θ (EMF − 1) cos(θ). (10)

This approximation provides a tractablemeans of incorporating errormitigationwithin
our quantum circuit without resorting to computationally intensive corrective proce-
dures.

Furthermore, the grid search over hardware parameters is implemented in a repro-
ducible manner by setting fixed random seeds for both NumPy [53] and TensorFlow.
The search algorithm is distributed across the parameter space in a nested loop, ensur-
ing that every combination of R, λ, and E J0 is evaluated. The output of the grid
search–a set of test accuracies–is then used to generate heatmaps that visualize per-
formance across the parameter space. These visualizations help in identifying optimal
settings, particularly the counterintuitive observation that a slight reduction in R (i.e.,
R = 0.95 as opposed to R = 1.00) leads to improved classification performance.

3.6 Implementation details

Computational environment and software versions All experiments were executed on
an Apple Mac Studio featuring an Apple M3 Ultra system-on-chip (28-core CPU,
60-core GPU), 96 GB unified memory, and macOS Sequoia 15.6. The pipeline was
executed in a Jupyter notebook environment (Python 3.13.11, JupyterLab 4.5.2, Note-
book 7.5.2). Table2 reports the versions of the main software packages used for data
preprocessing, training, and quantum-circuit simulation.

The entire experimental pipeline is implemented in Python, leveraging a suite of
scientific libraries such as NumPy, SciPy [54], OpenCV [55], and Pandas [56] for
data handling and preprocessing. TensorFlow and the Keras API are used to construct
and train the deep learning model, while PennyLane serves as the bridge between
classical and quantum computations. The codebase is structured to ensure modularity
and reproducibility, with helper functions for folder traversal, DICOM file reading,
image augmentation, and CT volume slicing. Each module is tested independently to
verify that the transformations and data flows are correctly implemented.

The integration of the quantum circuit is achieved via a custom Keras layer, termed
PennyLaneLayer. This layer wraps the quantum circuit defined with PennyLane’s
QNode interface, allowing the quantum part of the model to be seamlessly incor-
porated into the TensorFlow computational graph. The layer is designed to handle
batched inputs, iterating over individual samples and applying the quantum opera-
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Table 2 Reproducibility checklist: classical hardware and software versions used to execute the pipeline

Component Version/specification

Workstation Apple Mac Studio (Apple M3 Ultra, arm64)

CPU 28-core Apple M3 Ultra

GPU 60-core Apple M3 Ultra

RAM 96 GB unified memory

Operating system macOS Sequoia 15.6

Python 3.13.11

JupyterLab 4.5.2

Notebook 7.5.2

TensorFlow (incl. tf.keras) 2.20.0

PennyLane 0.44.0

NumPy 2.4.1

SciPy 1.17.0

pandas 2.3.3

OpenCV (opencv-python) 4.13.0.90

scikit-learn 1.7.2

matplotlib 3.10.6

tions to extract a set of expectation values from the Pauli-Z measurements, which are
subsequently concatenated to form the quantum feature vector.

The training routine is automated to run a comprehensive grid search,where for each
parameter configuration, the model is compiled, trained, and evaluated. Intermediate
results, including loss curves and accuracy metrics, are logged and stored for further
analysis. The entire process is computationally intensive, necessitating the use of
high-performance computing resources. However, the modularity of the code allows
for parallel execution over different parameter sets when such resources are available.

3.7 Conclusion of themethodology section

The methodology presented in this work is a confluence of advanced deep learn-
ing techniques and state-of-the-art quantum simulation. Our approach provides a
mathematically rigorous and computationally efficient framework for classifying com-
plex medical images. By integrating a parameterized, hardware-imperfection-aware
SQUID–Transmon surrogate with dynamic error mitigation and embedding it within
a hybrid model, we offer a pathway to overcome the limitations of both classical and
early quantum algorithms. The detailed mathematical derivations, combined with sys-
tematic parameter exploration, ensure that our framework is both robust and adaptable.
This methodology not only addresses the immediate challenges in pancreatic radio-
therapy image classification but also sets the stage for broader applications in fields
where data are scarce and hardware limitations are a significant barrier to progress.
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4 Experimental setup

In this section, we describe the experimental setup employed to evaluate our hybrid
quantum–classical framework. We detail the configuration of the Pancreatic-CT
-CBCT-SEG dataset, the preprocessing and sample generation methods, and the grid
search strategy used to optimize the quantum hardware parameters within the parame-
terized, hardware-imperfection-aware SQUID–Transmon surrogate. The experiments
were designed to assess the impact of key hardware parameters on the classification
accuracy of pancreatic radiotherapy images, which are inherently challenging due to
various imaging artifacts and the complex anatomy of the disease site.

4.1 Dataset description

The Pancreatic-CT-CBCT-SEG dataset [28] provides imaging data from 40 pan-
creatic cancer patients undergoing radiation therapy. For each patient, the dataset
includes one treatment-planning CT scan and two on-treatment CBCT scans. In this
study, we use only the image volumes (axial slices) as inputs to the classification
pipeline.

The supervised target used in our experiments is patient identity (one class per
patient).Accordingly, the task is defined as a subject-level image classificationproblem
rather than an organ segmentation, registration, or outcome-prediction task.

Although the dataset also contains expert organ-at-risk contours and radiotherapy
dose distributions, these additional files are not used as model inputs or targets in
the present work. We use the dose files only for two auxiliary purposes: (i) selecting
the 10-patient subset used for the computationally intensive hybrid parameter sweep
(patients ranked highest by dose-volume coverage) and (ii) constructing a dose-derived
trajectory used solely for the visualization of the effective-potential surrogate in Fig. 5.

4.2 Data pre-processing and sample generation

Thepre-processing pipelinewas designed to handle the high-dimensional imaging data
while ensuring consistency across theCT andCBCTmodalities. The process begins by
recursively traversing the directory structure to identify DICOMfiles corresponding to
theCTmodality. Dedicated helper functions normalize the image intensities by scaling
the pixel values and converting grayscale images to RGB format when necessary. Each
CT image is resized to a target resolution of 224 × 224 pixels, a standard input size
for many deep learning models.

To augment the limited dataset, we implemented a sliding window mechanism to
generate multiple samples from each patient’s CT volume. Specifically, if the CT vol-
ume contains fewer slices than the chosen window size (set to 60 slices), the volume is
paddedwith zeros; otherwise, a slidingwindowwith a stride of 9 slices is used to extract
multiple contiguous sub-volumes. Each sub-volume is paired with a patient-identity
label (one class per patient). We consider two evaluation settings: (i) a 10-class subset
(top-dose patients) used for the hybrid grid-search analysis, and (ii) the full set of 40
patients used to report the requested window-level consistency via single-split metrics

123



Squid–transmon quantum hardware simulation with deep… Page 21 of 35   138 

and k-fold cross-validation. This separation avoids confounding the physics-driven
grid-search (manageable on a smaller subset) with the cross-validated consistency
analysis (on all patients). Figure3 exemplary shows the data slices of one of these 10
patients.

Once extracted, the image volumes are converted into TensorFlow datasets via a
generator function that yields the processed sub-volumes alongside the associated
class labels. Each dataset is batched with a batch size of 1 to facilitate fine-grained
training and evaluation. Subsequently, a selection of 80% of these data for training,
10% for validation, and 10% for test sets is vital to ensure that the deep learning model
can learn robust representations from the heterogeneous imaging data.

4.3 Parameter grid search strategy

A central contribution of our work is the systematic investigation of how specific
SQUID–Transmon hardware parameters influence the performance of our hybrid
model. We focus on three key parameters: the rescaling factor (R), the coupling
strength or regularization parameter (λ), and the nominal Josephson energy (E J0).
A grid search was performed over discrete sets of candidate values for each parame-
ter. The specific parameter ranges chosen are shown in Table3.

For each combination of parameters, the SQUID–Transmon simulation recalculates
the effective potential using a predefined model. The simulation involves computing
the cosine-modulated Josephson energy and additional correction terms reflecting the
influence of the coupling parameter. Through numerical methods, gradients of the
potential are determined, and an error mitigation factor is computed as a function of
the mean gradient magnitude. This factor is then used to adjust the quantum circuit
parameters, thereby ensuring that the circuit operates within a dynamically optimized
imperfection-compensated regime.

Each parameter configuration was evaluated by retraining the entire hybrid model
from scratch on the training dataset, followed by validation on a reserved subset of the
data. The performance metric of interest was classification accuracy on the test set,
which reflects the model’s ability to correctly classify pancreatic radiotherapy images
into one of 10 distinct classes. Detailed logs of the training process, including accuracy
and loss metrics, were recorded for each experimental run.

The grid search was computationally intensive, given that the model must be
retrained for every parameter configuration. However, this exhaustive search is essen-
tial to elucidate the complex interplay between the SQUID–Transmon parameters and
the overall performance of the hybrid framework. Preliminary results indicate that
the best performance is achieved at R = 0.95, a finding that underscores the non-
intuitive nature of optimal quantum hardware calibration; although ideal calibration
might suggest R = 1.00, our experiments reveal that a slightly lower value achieves
a more favorable balance between gate fidelity and effective error mitigation.
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Fig. 3 Illustration of CT slice panels from one of the top 10 selected patients. A sliding window approach
with a window size of 60 slices and a stride of 9 was applied to augment the dataset. If a CT volume
had fewer than 60 slices, zero-padding was used. Each sub-volume generated by this method is labeled by
patient identity (one class per patient). Radiotherapy dose files are used only to rank patients for selecting
the 10-class subset; dose values are not used as model inputs or targets
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Table 3 Parameter ranges used in the experiments

Parameter Values

R {0.90, 0.95, 1.00}
λ {1.0, 2.0, 3.0}
E J0 {15.0, 20.0, 25.0} (in appropriate energy units)

Table 4 Window-level metrics on all 40 patients

Setting Train Acc Val Acc T4est Acc

Single 80/10/10 split 0.9591 0.9598 0.9094

3-fold CV (mean ± SD) – 0.8758 ± 0.0050 –

4.4 Evaluation Protocols and Data Splits

Window-level single split (all 40 patients) We stratify windows per class into
80%/10%/10% (train/val/test) without augmentation leakage across splits. This yields:
Train windows = 1932, Validation = 224, Test = 276. Using the classical
backbone alone with EfficientNetB0 kept frozen (no fine-tuning) and training
restricted to the bidirectional LSTM and the subsequent classifier layers, we obtain
train = 0.959, val = 0.960, test = 0.909 accuracy.

We perform window-level stratified CV with k = 3 folds (constrained by mini-
mum per-class windows). Mean validation accuracy is 0.8758 ± 0.0050 (min/max:
0.8705/0.8804). Fold sizes are approximately ntrain ≈ 1621, nval ≈ 811 windows per
fold (Table4).

Figure 4 summarizes the learning curves, class distributions, and CV statistics (all
images produced by the provided code).

4.5 Summary of the Experimental Pipeline

Thecomplete experimental pipeline proceeds as follows: thePancreatic-CT-CBCT
-SEG dataset is first preprocessed to extract consistent CT and CBCT image volumes.
Organ-at-risk contours and radiotherapy dose distributions available in the collection
are not used as model inputs or targets in this study (dose data are used only for subset
selection and for a visualization-only trajectory). These images are then organized into
training, validation, and test sets using a sliding window approach to generate multiple
samples per patient. A classical deep learning model is constructed with a pretrained
feature extraction backbone and recurrent layers, forming the primary component of
the hybrid framework. This is integrated with a parameterized quantum circuit sim-
ulated to emulate a hardware-imperfection-aware SQUID–Transmon surrogate, with
a dynamic error mitigation factor calculated from the SQUID–Transmon model. A
rigorous grid search over R, λ, and E J0 is then performed, with the trained model
evaluated on a held-out test set for each parameter combination. The final evalua-
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Fig. 4 Window-level evaluation over all 40 patients. Left: per-split class window counts (rotated). Right
(top to bottom): single-split learning curves, test confusion matrix, per-fold CV validation accuracy, and
CV accuracy distribution
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tion includes both quantitative performance metrics such as accuracy and qualitative
assessments of the model’s generalization to the inherent imaging challenges present
in pancreatic radiotherapy.

The detailed codebase developed for these experiments covers functions for image
pre-processing, dose data extraction, CT volume sample generation, and the construc-
tion and trainingof the hybridmodel.All experimentswere conducted in a reproducible
environmentwith randomized seed settings, ensuring that comparisons across different
parameter configurations are fair and statistically robust.

The comprehensive design of our experimental setup allows for a thorough inves-
tigation into the effects of a parameterized, hardware-imperfection-aware SQUID–
Transmon surrogate on the performance of hybrid quantum–classical models in
medical image classification. By leveraging a dataset of clinically relevant pancreatic
CT and CBCT scans and implementing a robust grid search strategy for key hardware
parameters, our framework serves as a testbed for future studies aiming to integrate
advanced quantum hardware simulations into real-world diagnostic applications.

5 Results

In this section, we present a series of plots and quantitative results that evaluate the
performance of our hybrid quantum–classical framework. At the outset, the primary
purpose of Fig. 5 is to provide a physics-based interpretation of the chosen parame-
ter setting by illustrating that, for (R, λ, E J0) = (0.95, 2.0, 20.0), the dose–driven
gate path passes predominantly through regions of positive curvature in the effective-
potential landscape, which we interpret as a comparatively more stable operating
regime in the surrogate model. The results are presented with a focus on both the
quantum simulation of the SQUID–Transmon system and the overall classification
accuracy of pancreatic radiotherapy images.

We first present in Fig. 5 a comprehensive analysis of a 3D SQUID–Transmon
system. Accordingly, this visualization is intended to guide the reader’s interpretation
of local curvature and stability under the chosen parameter setting, rather than to serve
as a direct performance metric. We focus on the simulated potential energy landscape
and illustrate it using a dose–driven gate path. Here, the “gate path” is a visualization-
only trajectory used to sample the effective potential and its curvature along a clinically
motivated profile; it is not an additional input to the quantum circuit executed in the
hybrid classifier.

Derivation of the dose–driven gate path The irregular black curve overlaid in Fig. 5ais
constructed by mapping a one-dimensional radiotherapy dose profile into the (�,�φ)

domain of the effective-potential mesh. Starting from the radiotherapy dose grid, we
compute a slice-wise dose statistic inside the volumeof interest (in our implementation:
the mean dose per axial slice), yielding a sequence {dk}K

k=1. We normalize it to [0, 1]
as d̃k = (dk − min d)/(max d − min d). We then map the normalized dose and its
local variation into � and �φ via simple affine scalings that keep the curve within the
same domain used to compute Ueff :
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�k = �min + d̃k(�max − �min),

gk = dk+1 − dk,

g̃k = gk − min g

max g − min g
,

�φk = �φmin + g̃k(�φmax − �φmin).

(11)

The plotted trajectory is the piecewise-linear interpolation of the discrete points
(�k,�φk), parameterized by the normalized arc length s ∈ [0, 1]. Consequently,
the path irregularity is inherited from heterogeneity in the clinical dose profile, rather
than from manual tuning.

The following aggregated multi-panel figure integrates complementary views that
collectively show the interplay between device physics and error management:

• In Panel Fig. 5a, we assess the leakage risk by mapping the Laplacian ∇2U of
the potential energy landscape. The Laplacian provides a direct measure of the
local curvature, thereby indicating regions of the potential that are prone to quan-
tum leakage and non-adiabatic transitions. In this color-coded map, blue tones
represent negative values of ∇2U , red tones indicate positive values, and white
tones denote regions where the Laplacian is near zero. Negative Laplacian val-
ues (blue) correspond to concave downward curvature, which typically indicates
that the potential is near a local maximum or a saddle point. These regions are
indicative of local instability, where small perturbations may lead to enhanced
leakage or non-adiabatic transitions. In contrast, positive Laplacian values (red)
suggest concave upward curvature, indicative of local minima where the poten-
tial well is deeper and the system is more stable. Regions with Laplacian values
around zero (white) signify a transition between these curvatures, marking areas
of relatively neutral stability. The overlay of the black gate path on this leakage
risk map provides a clinically motivated probe of where a dose-derived trajec-
tory falls in the curvature landscape. The path is not optimized to avoid curvature
extrema; instead, it is used to diagnose whether such a trajectory would traverse
regions associated with elevated curvature (and therefore elevated leakage risk) in
the surrogate potential.

• Panel 5b provides a quantitative analysis of the local curvature along the dose–
driven gate path. In this plot, the x-axis represents the normalized arc-length
parameter s ∈ [0, 1], indexing progression along the interpolated gate path
(�(s),�φ(s)), while the y-axis shows the corresponding Laplacian values,∇2U .
A horizontal dashed line at zero serves as a clear demarcation between regions of
positive and negative curvature. Negative values of ∇2U in this context are par-
ticularly significant. They indicate that the potential energy landscape is locally
concave down, which implies that the corresponding segment of the gate path is
positioned at or near a local maximum or a saddle point in the potential. Physi-
cally, such negative curvature regions suggest that the system is locally unstable;
small deviations from the gate path in these zones could lead to enhanced leakage
or trigger non-adiabatic transitions. In contrast, regions where ∇2U is positive
denote local convexity, implying a more stable configuration that tends to con-
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fine the system within a potential well. Therefore, the identification of negative
Laplacian values along the gate path is crucial. It not only highlights sections
where the quantum circuit is more vulnerable to perturbations but also informs the
optimization of dynamic error mitigation strategies. By closely examining these
transitions, marked by the change in sign relative to the zero-horizontal reference,
we can infer the points along the path where error control measures might need to
be intensified to maintain high-fidelity operation in the SQUID–transmon system.

• Finally, panel 5c illustrates the gate-induced energy modulation along the dose–
driven trajectory. To obtain the gate-induced energy modulation, we evaluate
Ueff(�(s),�φ(s)) along the gate path by interpolation on the precomputed
(�,�φ) mesh, thereby capturing the energy fluctuations along the trajectory. In
this context, positive values of Ueff indicate segments of the gate path where the
effective potential energy exceeds a defined baseline. These elevated regions can
be interpreted as energy barriers that the system must overcome during operation.
Such barriers may play a role in confining the quantum state, thereby reducing the
probability of unwanted transitions; however, they may also demand additional
energy input to maintain proper gate function, which could be critical in balancing
performance and error resilience. Conversely, negative values ofUeff correspond to
regions where the energy is below the baseline. These sections typically represent
potential wells or areas of reduced energy cost along the gate path. While lower
energy regions are generally favorable for stable operation due to their inherent
energetic favorability, they may also signal reduced confinement. Such reduced
confinement could potentially expose the system to risks of leakage or decoher-
ence if the energy drop is too pronounced. Overall, the interplay between positive
and negative Ueff values provides a quantitative metric for assessing the energetic
cost and local stability along the gate trajectory. By correlating these energy fluc-
tuations with the overall performance of the hybrid model, we can optimize our
error mitigation strategy to ensure that the gate path not only minimizes energy
overhead but also maintains a robust defense against leakage and non-adiabatic
transitions.

In summary, the integrated Fig. 5 provides a cohesive overview of the key aspects
of the SQUID–Transmon system behavior. The comprehensive presentation enables a
direct comparison of the potential leakage risks, local curvature changes along the gate
path, and the corresponding energy modulation. This cohesive analysis underpins the
robustness of our dose-driven dynamic error mitigation strategy and supports further
optimization of quantum circuit performance in hybrid quantum systems.

To investigate the impact of the SQUID–Transmon parameters on classification
performance, we conducted a grid search over the rescaling factor R, the coupling
strength λ, and the nominal Josephson energy E J0. The experimental results are sum-
marized in a series of heatmaps that display the test accuracy for each combination of
these parameters.

Figure 6 aggregates the hybrid test accuracy for the 10-class subset used in the grid
search. The best performance is observed when R = 0.95, with peak test accuracy
of 0.95 sustained across several (λ, E J0) settings. We interpret this as an effective
mitigation of over-rotation/leakage when the drive amplitude is slightly reduced in
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Fig. 5 Aggregate multi-panel representation of the SQUID–Transmon simulation results using consistent
parameter settings (E J0 = 20.0, R = 0.95, λ = 2.0). Panel a depicts the leakage risk based on the
Laplacian, b details the Laplacian along the gate path, and c displays the gate-induced energy modulation

our simulator. Importantly for attribution, the sweep over (R, λ, E J0) modifies only
the quantum-side angle rescaling (and hence only the quantummeasurement vector z),
while the classical feature extractor is unchanged; therefore, the non-trivial accuracy
variation across the grid provides indirect evidence that the trained classifier is sensitive
to z rather than relying exclusively on hclassical.

To assess consistency on the full 40-patient dataset, we report the classical backbone
alone at the window level (requested by the reviewer): a single 80/10/10 split yields
0.959/0.960/0.909 (train/val/test) accuracy; stratified threefold CV gives 0.8758 ±
0.0050 mean validation accuracy (Sect. Evaluation Protocols and Data Splits and
Fig. 4). These results indicate that, while the hybrid layer provides a hardware-aware
control and retains competitive performance on the 10-class subset, the strong classical
baseline already performswell at scale; thuswe avoid claims that the hybrid universally
outperforms the classical model.

These results underscore the importance of fine-tuning quantum hardware param-
eters in the context of a hybrid quantum–classical model. Our experiments reveal
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Fig. 6 Heatmaps of test accuracy for different values of E J0. For each fixed E J0, the heatmap plots test
accuracy as a function of R (y-axis) and λ (x-axis). The consistent observation of high accuracy at R = 0.95
is evident across various configurations

that the optimal configuration is achieved at R = 0.95, suggesting that a marginally
sub-ideal readout fidelity provides a more robust operating condition in the presence
of non-idealities. The performance degradation observed at R = 1.00 supports the
hypothesis that increased non-adiabatic effects and leakage errors can outweigh the
benefits of an idealized measurement setup.

Overall, the presented plots and results provide a detailed quantitative and qualita-
tive evaluation of our framework. The visualizations serve not only as a confirmation
of the model’s performance but also as a diagnostic tool to understand the interplay
between quantum hardware simulation, error mitigation strategies, and classical deep
learning performance. Future work will extend these analyses to additional datasets
and refine the error mitigation techniques to further enhance model robustness.

6 Discussion

The experimental data presented herein arise from a comprehensive grid search over
three key hardware-relevant parameters in our quantum-enhancedmodel for pancreatic
cancer treatment prediction. In this investigation, the parameters examined include:
(i) the readout fidelity (or rescaling factor) R, which may be interpreted as a proxy for
circuit depth or reset error level; (ii) the hyperparameter λ, which is linked to regu-
larization effects or, equivalently, the coupling strength in a Hamiltonian formulation;
and (iii) the nominal Josephson energy E J0, a critical parameter for superconducting
qubits that influences both coherence times and gate fidelities.

The overall predictive accuracy, as depicted in Fig. 6, reflects the performance of
the model under varying configurations of these parameters. Notably, the highest
accuracy values, reaching 0.95, are consistently achieved when the readout fidelity is
set at R = 0.95, irrespective of the chosen values for λ and E J0. This result suggests
that R = 0.95 marks an operational regime that is robust to the modeled systematic
hardware imperfections, possibly due to an effective balance between expressivity
and reduced over-rotation/leakage induced by miscalibration. In practical terms, this
observation implies that calibrating the device to a readout fidelity slightly lower
than the idealized R = 1.00 might in fact be more advantageous, thereby mitigating
deleterious effects such as non-adiabatic transitions and leakage errors.
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Further analysis indicates that, at R = 0.95, increases in the nominal Josephson
energy E J0 (e.g., from 15 to 25 in our normalized units) do not cause a notable
degradation in accuracy. This observation supports the notion that the system operates
within a robust regime of the Josephson junction, in which the higher energy levels do
not compromise control fidelity. Conversely,when R is increased to 1.00, higher values
of E J0 are sometimes accompanied by lower accuracy (for instance, a drop to 0.70 in
the case of λ = 3 and E J0 = 25). Such performance declines are likely indicative of
leakage or non-adiabatic effects, underscoring a hardware-induced trade-off between
the benefits of a higher energy-level separation and the limitations imposed by control
fidelity and coherence.

Although the influence of the hyperparameter λ on model performance appears to
be less dominant relative to the other parameters, its role is nonetheless significant.
Instances where R = 0.95, λ = 3.0, and E J0 = 20 yield a lower accuracy of
0.75 suggest that an excessive coupling strength may lead to over-parameterization or
saturation within the entangling layers of the quantum circuit. This observation points
to a nonlinear interaction between the regularization imposed by λ and the physical
control strengths, indicating that fine-tuning of λ is necessary in conjunction with the
other parameters to optimize overall performance.

From the perspective of clinical application, these findings have important implica-
tions. The consistent observation of high accuracy (around 0.95) at R = 0.95 across
multiple configurations suggests that current NISQ devices may operate in a regime
that is sufficiently robust for meaningful clinical predictions in pancreatic cancer treat-
ment. Moreover, the fact that the systemmaintains stability over a range of E J0 values
(specifically between 20 and 25 in our normalized units) indicates that existing super-
conducting hardware may already be well-suited for tasks in translational quantum
machine learning within oncology. The ability to consistently achieve accuracies in
the range of 90–95% also reinforces the potential of quantum-assisted classification
to impact high-stakes medical decisions, where even small improvements in accuracy
could lead to significant benefits in patient outcomes.

Based on our observations, we propose several recommendations for future
hardware-aware experiments. First, it is advisable to stabilize the operating conditions
of the quantum circuit around R = 0.95 during both circuit compilation and cali-
bration, as our experiments indicate that a slight deviation from the ideal R = 1.00
improves error mitigation and overall performance. Second, a more detailed explo-
ration of the hyperparameter λ is recommended, with fine sweeps in the range of 1.0 to
2.0, particularly for devices operating at nominal Josephson energies E J0 between 20
and 25 (normalized units). Employing a finer grid or alternative optimization strate-
gies (e.g., Bayesian optimization) may reveal intermediate optima or more complex
interactions among the parameters.

Regarding hardware non-idealities, our simulation focuses on quasi-static param-
eter offsets captured by the effective potential Ueff(R, λ, E J0) and the resulting
angle-rescaling factor. These terms represent systematic calibration biases and slow
drift rather than stochastic noise processes. Consequently, the present model does not
explicitly simulate relaxation/dephasing times, gate-dependent stochastic channels, or
crosstalk; we therefore describe the surrogate as hardware-imperfection-aware rather
than as a full open-system noise model. While we do not explicitly model decoher-
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ence times (T1 and T2) or other specific noise channels, future work could extend
the noise model to include these factors explicitly, providing a more comprehensive
representation of NISQ device behavior.

Our current quantum circuit is implemented with n = 4 qubits and a circuit depth
of q = 2 layers. Although this design is small compared to the complexity of the
classical component (EfficientNetB0 + bidirectional LSTM), it was chosen as
a proof-of-concept within the constraints of current NISQ hardware and computa-
tional resources. Future research could explore scaling the quantum subsystem to a
higher number of qubits and greater depth. Such scaling will address the challenges
of increased computational cost, enhanced multi-qubit coherence requirements, and
more sophisticated error management.

Additionally, it is important to note that our grid search explored only three dis-
crete values for each quantum parameter R, λ, and E J0, forming a 3 × 3 grid that
required approximately 48h of simulation time due to the considerable computational
complexity involved. These values were chosen based on realistic ranges derived
from previous studies and current operating conditions of SQUID–Transmon devices.
Although this approach allowed us to clearly identify trends–most notably, the conver-
gence toward an optimum at R = 0.95, we acknowledge that it constitutes a relatively
coarse sampling of the parameter space. It is possible that optimal settings might lie at
intermediate values or beyond the ranges we explored, and that the interactions among
the parameters could exhibit nonlinear characteristics not fully captured by our current
grid. Future work could use a finer grid or more advanced optimization techniques,
such as Bayesian optimization, to more comprehensively map the parameter space.
This extended exploration could help to capture potential nonlinear interactions and
marginal improvements, thereby further refining the performance and robustness of
the hybrid quantum–classical framework as additional computational resources and
next-generation quantum hardware become available.

Furthermore, the current approach for encoding classical features into quantum
states–using RY rotations and subsequent extraction of expectation values–is based
on a well-established method in hybrid architectures. We recognize that this approach,
while robust and straightforward, might lead to some loss of information due to its
projection-based nature. Future investigations will also examine alternative encoding
schemes, such as amplitude encoding or quantum kernel methods, whichmay preserve
more information at the cost of increased circuit complexity, a trade-off that could
become more favorable as quantum hardware matures.

Limitations

• Task definition Our primary labels are patient identity (one class per patient), used
as a surrogate classification objective because lesion-level or outcome labels are
not uniformly available. Window-level splits therefore do not constitute a patient-
held-out clinical generalization test.

• Evaluation protocol We reported single-split and k-fold window-level metrics as
requested. A stricter patient-held-out protocol with shared labels across patients
remains future work.
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• Quantum-feature utilization and interpretability We provide an explicit decom-
position of the fusion classifier into classical and quantum weight blocks Wc and
Wq, which allows auditing whether the subsequent layer places non-trivial weight
on the quantum measurement features. This transparency check is post-hoc and
does not replace a dedicated removal study of the quantum pathway.

• Hardware-imperfection modelingThequantum layer is a parameterized, hardware-
imperfection-aware surrogate: deviations in R, λ, and E J0 are treated as
quasi-static calibration biases/drift that perturb the effective potential and drive
a deterministic angle-rescaling factor. The surrogate does not include explicit
T1/T2, gate-dependent Kraus maps, or crosstalk models; therefore it cannot repro-
duce full open-system noise dynamics. A hardware implementation would require
estimating (R, λ, E J0) from calibration data and maintaining the corresponding
angle-rescaling lookup table, which is not validated experimentally in this study.

• Connectivity We assume nearest-neighbor entanglement without all-to-all cou-
pling; results may change under different topologies.

• Parameter coverage The grid over R, λ, E J0 is coarse. More granular sweeps and
Bayesian optimization may find improved operating points.

• Scope and claims We refrain from clinical claims; results should be viewed as a
proof-of-concept for hardware-aware hybrid modeling.
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