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Abstract

Diagnosis of cancer is one of the hardest problems faced in modern medicine and in-
volves integrating different data sources such as medical images, genomic profiles and
clinical records. Traditional machine learning methods have difficulty handling the high-
dimensional and complex correlation properties of multimodal medical data. In view
of this, we propose a new Quantum-Enhanced Multimodal Fusion Network (QEMFN)
framework to break through traditional image-text matching based on quantum computing
principles for CT imaging with genomic sequencing data and EHR information. Our ap-
proach utilizes variational quantum circuits for feature encoding, quantum kernel methods
for crossmodal attention, and hybrid quantum-—classical architectures for final classification.
We realize the framework using Google Cirq quantum computing library and validate
it on publicly available datasets including TCIA (The Cancer Imaging Archive), TCGA
(The Cancer Genome Atlas), and MIMIC-III clinical database. The matched multimodal
cohort comprises 847 lung cancer patients, 623 colorectal cancer patients, and 401 liver
cancer patients with complete imaging, genomic, and clinical records, assembled via de-
identified patient ID linkage across the three archives. The experiment takes steps toward
the realization of quantum-enhanced diagnostic systems and offers a path for subsequent
experimental confirmation. We theoretically analyze the potential quantum advantage,
present detailed implementation details using Cirq, and describe a roadmap to clinical
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Contemporary oncological care produces an enormous amount of data across several
domains: 3D computed tomography images of tumor morphology, next-generation se-
quencing profiles of genomic mutation annotation and exhaustive electronic health records
that document patient history and clinical presentation details [2]. Nevertheless, successful
harmonization of these divergent modes of data is a major challenge in precision medicine.

Previous classical ML-based multimodal medical data fusion techniques have achieved
considerable successes but suffer from several inherent limitations [3]. Deep learning
networks need massive amounts of training data, are prone to mode collapse in the fu-
sion layers, and fail to handle complex nonlinear interplay between modalities [4]. The
curse of dimensionality is especially severe when instantiating correlations between high-
dimensional imaging data (typically 512 x 512 x N voxels), genomic sequences (thousands
of gene expression values), and structured clinical terms simultaneously [5].

At its core, quantum computing brings a new paradigm to machine learning: infor-
mation is stored and processed in exponentially large Hilbert spaces which could lead
to several advantages for variational quantum algorithms including pattern recognition,
optimization and feature learning tasks [6,7]. Recent theoretical work has suggested that
quantum kernels can capture complicated correlations that are computationally complex
for classical methods [8].

In this work, we propose a comprehensive framework for quantum-enhanced mul-
timodal fusion in cancer diagnostics and present QEMFN, which is a hybrid quantum-—
classical network architecture utilizing parameterized quantum circuits to perform mul-
timodal feature encoding and exploiting quantum kernel-based attention mechanisms
for crossmodal fusion, tailored to exploit quantum entanglement capable of capturing
complex correlations between medical imaging, genomics, and clinical data modalities.
The paper further includes a formal theoretical analysis to show the potential exponential
separation between quantum and classical power for fusing information of specific corre-
lations common in medical datasets, and implements this protocol entirely using Google
Cirq—the native library for developing hardware-agnostic quantum applications that can
utilize NISQ devices, seamlessly combined with classical deep learning libraries like Tensor-
Flow [9]. Validation experiments have been conducted using publicly accessible data from
the Cancer Imaging Archive (TCIA), The Cancer Genome Atlas (TCGA) and MIMIC-III,
ensuring reproducibility and enabling direct comparison with classical baseline methods.
The final matched cohort sizes—847 lung, 623 colorectal, and 401 liver cancer patients
with complete trimodal records—are reported explicitly to contextualize the statistical
scope of the study. Finally, we develop quantum-inspired attention visualization methods
that provide clinically meaningful explanations of diagnostic decisions, addressing the
black-box critique of Al medical systems [10].

The remainder of this paper is organized as follows: Section 2 reviews related work in
multimodal medical Al and quantum machine learning. Section 3 details the QEMFEN ar-
chitecture and quantum circuit designs with specific Cirq implementation details. Section 4
presents our implementation methodology including dataset preparation, preprocess-
ing pipelines, and integration architecture. Section 5 provides implementation results
demonstrating feasibility and computational characteristics. Section 6 discusses theoretical
advantages, limitations, and future empirical validation directions, including the necessity
of noise-aware simulation and rigorous statistical benchmarking.

2. Related Work
2.1. Classical Multimodal Fusion for Medical Diagnosis

Multimodal learning in medical imaging has developed from early feature concatenation-
based models to various deep learning networks [11]. Early works proposed attention
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mechanisms for CT-pathology fusion, achieving competitive performance in the lung
cancer classification task [12]. More recent progress focused on crossmodal information
yielding the advent of crossmodal transformers specially designed to obtain joint represen-
tations from radiology images and clinical text, showing the advantages of attention-based
fusion over naive concatenation methods when modalities are treated independently [13].
Integration of genomics and clinical information has been advanced by ensemble methods
and multi-task learning frameworks [14]. Large-scale studies with The Cancer Genome At-
las have associated molecular profiles with imaging phenotypes in the emerging discipline
known as radiogenomics [15]. However, such methods usually only consider pairwise
modality combinations and do not generalize well for three or more modalities because of
the increasing computational parameter spaces; the modeling of all possible interactions
between imaging features, genomic marks and clinical variables leads to a combinatorial
explosion in the number of parameters required by traditional network architectures [16].
The key bottleneck of traditional fusion architectures is their polynomial representational
capacity scaling, which makes joint learning over large-scale high-dimensional modalities
a prohibitive cost for complete multimodal integration [17]. This scale problem motivates
research to go beyond classicalism by using quantum mechanics, which seems to be able to
deal with exponentially complex correlations, at least via polynomial quantum resources
through quantum superposition and/or entanglement.

2.2. Quantum Machine Learning Foundations

Quantum machine learning relies on quantum mechanic effects such as superposition,
entanglement and interference to perform information manipulation in manners fundamen-
tally different from the classical ones [18]. Variational quantum algorithms are now the de
facto paradigm for near-term quantum computers, featuring parameterized quantum cir-
cuits with an associated classical optimization combining to form hybrid quantum-—classical
systems that can resist hardware noise [19]. These algorithms work by encoding classical
data into quantum states, applying trainable quantum operations and measuring quantum
observables to obtain classical outputs that inform further optimization steps.

Quantum kernel methods exploit quantum feature maps to embed classical data
into exponentially large Hilbert spaces, potentially capturing correlations inaccessible
to classical kernels. Havlicek et al. [20] demonstrated quantum advantage for certain
classification tasks using quantum support vector machines, showing that quantum kernels
can be exponentially more difficult to estimate classically than to compute on quantum
hardware. More recently, Huang et al. [21] proved that quantum neural networks can learn
certain functions exponentially faster than classical networks under specific conditions
related to the concentration of measure in high-dimensional spaces and the ability of
quantum circuits to implement certain unitary transformations efficiently.

The theoretical foundations of quantum advantage in machine learning rest on
complexity—theoretic separations between quantum and classical computation. While
universal quantum supremacy remains debated, restricted classes of problems exhibit
provable quantum speedups. For medical Al applications, the key question is whether real-
world medical data exhibits correlation structures that fall within these favorable problem
classes where quantum methods excel. Our theoretical analysis in Section 3 addresses this
question by characterizing medical data properties that may enable quantum advantage.

2.3. Quantum Computing in Healthcare

Quantum computing applications in healthcare are still in their infancy, but are pro-
gressing fast. Early efforts were focused on drug discovery and molecular simulations
with the thought that quantum computers may be able to simulate quantum mechanical
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interactions in biological molecules more efficiently than their classical simulation [22].
Quantum edge detection and quantum convolutional filters in the context of medical imag-
ing have been covered in some preliminary works [23]; however, these are proof-of-concept
studies where small images are used because currently available quantum hardware is not
able to handle large classical images effectively encoded into quantum states. Previous
work on quantum neural networks for MRI image classification has shown on simulated
hardware that a quantum approach for medical imaging is possible [24,25], but this is
limited to single-modality imaging without integration with genomic and clinical data.
To the best of our knowledge, there is no existing work that has shown clinically feasible
quantum-enhanced multimodal fusion for clinical diagnosis with real public datasets and a
full implementation framework. It is only these gaps that directly motivate our present
study which not only serves as theoretical foundation but also offers practical and efficient
implementation for quantum-enhanced medical diagnosis. Recent advances in quantum
software frameworks such as Google’s Cirq library have lowered the barrier of entry for
researchers with limited background knowledge of quantum physics to start their work on
developing quantum algorithms. Cirq offers high-level abstractions over designing, simu-
lating and launching a circuit onto quantum hardware, which makes it an ideal platform
for creating and verifying QML techniques that can be used in the medical sphere before
physical access to quantum processors becomes more available.

3. Methodology
3.1. Problem Formulation

The problem of cancer diagnosis is formulated as a supervised multimodal classifica-
tion problem. For each patient i in the dataset, we have three types of information. The
first modality consists of CT imaging data represented as X;"'¢ € RE*W*D and a 3D chest
scan with H X W axial resolution and D depth slices carrying anatomical and pathological
characteristics. The second modality comprises genomic data X?en € RS presenting the
expression levels of some genes of interest, which typically include known oncogenes,
tumor suppressors and genes involved in cancer pathways. The third modality consists of
clinical records Xfﬁn € RC consisting of structured features that include the demographics
of the patient, family history, symptoms and laboratory values.

The objective is to fit a model f : (X™8, X8, Xli") — Y to this multimodal input tuple
that maps it into the cancer diagnosis label Y € {1,...,K}, where K represents different
cancer types or no malignancy. The real difficulty is not in processing single modalities, but
in understanding how information can be fused across modes to encode complex patterns
likely to correlate diagnostically. For example, some imaging characteristics may only be
very predictive of malignancy in the context of certain genomic mutations, while other
imaging features could have different implications based on patient age and symptom
presentation as recorded in clinical notes.

3.2. QEMFN Architecture Quverview

Our Quantum-Enhanced Multimodal Fusion Network consists of four primary com-
ponents organized in a sequential pipeline architecture. The first component comprises
modality-specific encoders that are classical deep neural networks designed to extract
features from each modality independently, leveraging established architectures proven
effective for each data type. The second component implements quantum feature trans-
formation using variational quantum circuits that encode classical features into quantum
states, enabling quantum processing of medical data. The third component applies a
quantum fusion layer utilizing quantum kernel-based attention mechanisms to integrate
multimodal quantum representations, capturing correlations across modalities. The fourth
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component is a hybrid classification head combining quantum measurement outcomes
with classical neural networks to produce final diagnostic predictions with associated
confidence estimates.

The architecture is designed to be modular, allowing each component to be developed
and tested independently before integration. The classical encoders can be pre-trained on
large datasets and then frozen or fine-tuned during quantum training. The quantum circuits
are parameterized to allow training via gradient descent using parameter shift rules. The
hybrid structure ensures that the framework can operate on current noisy intermediate-scale
quantum devices by limiting quantum circuit depth and complexity while still leveraging
quantum advantages for the fusion operation where quantum properties provide maximum
benefit, as illustrated in Figure 1.

Quantum-Enhanced Multimodal Fusion Network (QEMFN)

Input Data Legend:
- [] cassical Processing
CT Imaging Genomics Clinical Records ] quantum processing
512x512xN & G E
x512xN voxels ene Expression Demographics W cuantum Fusion

3D Scans

Clas¥lcal Encoders

847 genes

Symptoms, Labs

3D CNN
ResNet-based
—> 2048-dim
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Figure 1. Architecture diagram of the Quantum-Enhanced Multimodal Fusion Network (QEMEN).
The system processes CT scans through a 3D convolutional neural network encoder, genomic data
through a multi-layer perceptron with dropout regularization, and clinical records through an em-
bedding network with categorical encoding. Each modality’s features are encoded into quantum
states using parameterized quantum circuits implemented in Cirq. A quantum kernel attention mech-
anism implemented via quantum state overlap measurements fuses the quantum representations.
Measurement outcomes in computational and Pauli bases feed into a classical neural network for
final cancer type prediction with a softmax output layer.

3.3. Modality-Specific Feature Extraction

The CT imaging encoder leverages a 3D convolutional neural network structure using
ResNet and captures spatial characteristics of volumetric scans [26]. The architecture is
made of residual blocks with 3D convolutions, followed by batch normalization and nonlin-
ear activation functions of ReLU, reducing spatial dimensions and increasing channel depth
through the network until a global average pooling layer produces a 2048-dimensional fea-
ture vector f™& € R28 that captures tumor morphology, texture appearance, anatomical
context and relations to neighboring structures. The pre-training on large-scale medical
imaging data is capable of allowing the encoder to learn general features before being
incorporated into the multimodal architecture.

We use a four-layer feedforward network for genomic data processing with gradually
decreasing hidden dimensions [1024,512,512,512] and apply batch normalization after
each layer, incorporating dropout with the probability p = 0.3 to avoid overfitting on the
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high-dimensional gene expression space [27], which allows our model to learn important
gene interaction patterns as well as pathway-level features while reducing dimensionality
down to a 512-dimensional embedding 8" € R>!2. The use of this genomic encoder is
particularly crucial, as raw gene expression data lies in a very high-dimensional and noisy
space, which must first be heavily reduced before encoding to quantum representations.

Processing of clinical features begins with categorical and continuous variable han-
dling. Ethnicity and symptom presence as categorical variables are subject to learned
embedding transformations from discrete to continuous vector spaces, while continuous
features including age, BMI and laboratory values are standardized based on training set
statistics. The resulting features are concatenated and passed through a two-layer network
with ReLU activations that outputs a 256-dimensional clinical embedding " € R2%,
which is motivated by the generally lower dimensionality of structured clinical data com-
pared to imaging and genomics.

3.4. Quantum Feature Encoding with Cirg

Classical feature vectors must be encoded into quantum states to enable quantum
processing. We implement amplitude encoding combined with a strongly entangling
variational ansatz using the Google Cirq quantum programming framework. Amplitude
encoding maps a classical feature vector into quantum amplitudes according to the follow-
ing transformation: for a feature vector f € R? with d < 2" where 7 is the number of qubits,
we normalize the vector and encode it as:

1 d—1
[p(f)) = Tl ;}fi 1) ey

This encoding requires log, (d) qubits and captures the full feature vector in quan-
tum amplitudes, providing an exponentially compact representation. For example, a
2048-dimensional image feature vector requires only 11 qubits, while a 512-dimensional
genomic feature vector requires 9 qubits. The amplitude encoding is implemented in
Cirq using state vector initialization, which sets the quantum state directly to the desired
amplitudes on a quantum simulator.

Following amplitude encoding, we apply a parameterized quantum circuit U(0) to
entangle features and introduce trainable quantum transformations. The circuit architecture
follows a layered structure:

u(e) = we")e @
I=1
where E represents entangling gates implemented as CNOT operations between adjacent
qubits in a linear connectivity pattern and w(e!) represents single-qubit rotations param-
eterized by o) = {Gi(/lj) }, with i indexing qubits and j indexing rotation axes. Each rotation
layer W(8")) applies Ry(6) and R;(¢) gates to each qubit, providing universal single-qubit
coverage of the Bloch sphere.
The encoded quantum state for each modality m becomes:

@) = U (8) [ (£))) 3)

where 0,, represents modality-specific parameters learned during training. In the Cirq
implementation, we define separate cirq.Circuit objects for each modality, allowing
independent parameterization and optimization. The circuits share similar structure but learn
different parameters appropriate for each data type, with imaging circuits potentially learning
to emphasize spatial patterns while genomic circuits learn pathway-level correlations.
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The Cirq implementation represents parameterizable gate angles with symbol objects,
which allows for optimization gradients, where each parameter corresponds to a distinct
cirq.Symbol with a unique identifier, and the assembling process involves repeatedly
appending parameterized gates. A circuit depth of L = 6 layers is a tradeoff between
expressiveness and trainability, since deeper circuits become harder to optimize due to
the so-called barren plateau phenomenon where gradients disappear exponentially in the
number of gates [28]. The implementation has been modularized to facilitate the testing of
various ansatz designs and depths, as shown in Figure 2.

Quantum Circuit for Feature Encoding and Entanglement (Cirq)

Classical Amplitude Layer 1 Layer 2 Layer 3 Layer4 Layer 5 Layer 6 Measure

Features Encoding

= —] @ O

@ — 3308383, G888 O
E

- —38 i 53« LB B3O -0
»

- 3 BB @O O

Key Features:

ircuit Specifications
+ L=6 layers balance expressiveness with trainability Circuit Specific:

« Nearest-neighbor CNOT topology for hardware compatibility Imaging: 11 qubits (2048-dim)
« Parameterized Ry(8) and Ru(¢) gates provide universal single-qubit coverage Genomics: 9 qubits (512-dim)
« Multi-basis measurement (X, Y, Z) extracts quantum-processed features Clinical: 8 qubits (256-dim)

+ Implemented using Cirq state vector simulation

Figure 2. Quantum circuit diagram for feature encoding and entanglement implemented in Cirq.
Classical features undergo amplitude encoding into n qubits using Cirq’s state vector initialization.
This is followed by L = 6 layers of parameterized single-qubit rotation gates (R,(6), R;(¢)) and
entangling CNOT gates in a nearest-neighbor topology. Filled circles represent control qubits and
open circles represent target qubits in CNOT gates. The circuit depth L = 6 balances expressiveness
with feasibility on near-term quantum hardware. Measurement in both computational basis and
Pauli bases extracts quantum-processed features for subsequent classical processing.

3.5. Quantum Kernel Attention Mechanism

The main contribution of QEMEN is its quantum kernel-based attention mechanism
for multimodal fusion with the help of quantum state overlap measurements implemented
using Cirq. Classical attention mechanisms compute dot products between query—key
pairs [29], which restricts the complexity of nonlinear correlation to polynomial kernel
functions. Quantum kernels address this shortcoming as they represent feature mappings
of exponentially growing complexity by applying quantum state overlap [30], which would
have to be presented in infinitely long classical polynomial expansions. To directly evaluate
whether quantum kernel attention outperforms classical scaled dot-product attention, we
implement both mechanisms using identical hyperparameters (same encoder outputs, same
scaling factor 1/dj, same softmax temperature) and report centered kernel alignment (CKA)
scores alongside classification metrics in Section 5.

For modalities m and m’, we define a quantum kernel measuring the overlap between
quantum-encoded features:

KQ (P, Pyr) = | (| @) 2 4)

For this purpose, the inner product in Hilbert space can efficiently capture correlations
that would require an exponential number of terms in a classical polynomial kernel ex-
pansion [30]. The overlap | (®;,|®,,) |? corresponds to the likelihood that a measurement
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would find the quantum states in the same computational basis state and is therefore an
intrinsic measure of similarity in quantum-encoded feature space.

In the Cirq implementation, we compute this kernel by preparing both quantum states
in separate qubit registers, applying the inverse of one state’s preparation circuit to the other
register and measuring the probability of returning to the all-zeros state. Specifically, to
compute ko (P, P,y ), we prepare |Py,;) on one register, prepare |®,,/) on another register,
apply LI:;, (0,,) to the second register, then measure the overlap. This protocol is efficient
on quantum hardware and provides the required kernel values for attention computation.

We construct a quantum attention matrix Ag where element A,, ,» represents the
attention weight between modalities m and m’, computed as:

KQ (q)m , (I)m/> )
Vi
where dy is a scaling factor analogous to classical scaled dot-product attention that prevents

saturation of the softmax function. The softmax operation is applied classically after
obtaining kernel values from quantum measurements. For three modalities, we compute

Ay = softmax( (5)

a 3 x 3 attention matrix requiring nine quantum kernel evaluations, a computationally
manageable number even on near-term quantum devices.

The fused quantum representation aggregates modality-specific states weighted by
attention scores. Since quantum states cannot be directly added with classical coefficients
without measurement, we implement the fusion through selective unitary rotations condi-
tioned on attention weights:

|q)fused> = lem |CI)m> (6)

where ay, = ), Ay, v are the normalized attention weights. In practice, this is imple-
mented by preparing a superposition of modality-specific quantum states with amplitudes
proportional to attention weights, achieved through controlled rotation gates parameterized
by a;, values computed from the attention matrix, as illustrated in Figure 3.

Quantum Attention Mechanism for Multimodal Fusion (Cirq)

Quantum Encoded States Quantum Kernel Evaluation

Attention Matrix

|®imo)

1 qudits A= softmax(K_Q / Vd_k)

Imaging

Genomics

img #\ clin

1®.in)
8 qubits

Weighted Fusion

10_fused) = % ay, [O)
Controlled Rotation Gates
Based on Attention Weights.

Clinical

+ Quantum kemels capture exponentially complex correlations. « Separate qubit registers for each modality in Cirg

+9 kernel evaluations for 3x3 attention matrix

Key Advantages
« State overlap measurement via Cirq swap test circuits

Implementation Details

« Cross-modal atiention inaccessible to classical polynomial kemels « Fusion via amplitude-weighted superposition of quantum states

Figure 3. Quantum attention mechanism for multimodal fusion implemented in Cirq. Quantum
states from imaging (|Pimg)), genomics (|Pgen)), and clinical (| Py )) modalities undergo pairwise
quantum kernel evaluation through state overlap measurements. The resulting 3 x 3 attention
matrix determines weighted fusion of quantum states through controlled rotation gates. This process
captures crossmodal correlations in the quantum Hilbert space that are inaccessible to classical
polynomial kernels. The Cirq implementation uses separate qubit registers for each modality and
swap test circuits for efficient kernel computation.
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3.6. Measurement and Classical Decoding

The fused quantum state must be measured to extract classical information for diag-
nostic prediction. We perform measurements in multiple bases to capture complementary
quantum information beyond what single-basis measurement provides [31]. Specifically,
we measure expectation values of Pauli operators { X, Y, Z} on each qubit, constructing a
measurement vector:

zq = [(Z1),(Za), -/ (Zn), (Xa), oo (Xn), (Y1), o) (Vo)) )

where (O;) denotes the expectation value of operator O on qubit i. In Cirq, expectation
values are computed by sampling the circuit multiple times (typically 8192 shots) with
appropriate basis rotations applied before measurement. For X-basis measurements, we
apply Hadamard gates before computational basis measurement. For Y-basis measure-
ments, we apply ST and Hadamard gates before measurement. This produces a classical
feature vector zg € R3" where 7 is the number of qubits in the fused state.

These measurement outcomes feed into a final classical neural network classifier that
produces diagnostic predictions with associated confidence scores:

P(y|Ximg,Xgen, de) = softmax(Woutzg + b) (8)

The classifier consists of two fully connected layers with dimensions [3n — 256 — K]
where K is the number of cancer types. ReLU activation is applied after the first layer
and dropout with p = 0.3 provides regularization. The softmax output layer produces a
probability distribution over cancer types, with the maximum probability indicating the
predicted diagnosis and the probability magnitude providing confidence estimation for
clinical interpretation.

3.7. Training Procedure and Cirq Integration

QEMEN is trained end-to-end by a hybrid quantum-—classical optimization proce-
dure that alternates between updating the parameters of quantum circuits and updating
weights of the neural network. The loss function is a mix between cross-entropy for good
classification and terms that try to force quantum representations to be somehow stable:

L= L:CE +M £orth =+ /\Z»Creg )

where L is the cross-entropy loss for cancer type prediction measuring classification
accuracy, Lo encourages orthogonality of modality-specific quantum states to prevent
mode collapse where all modalities encode identical information, and Lyeg applies L2
regularization to classical parameters preventing overfitting.

For quantum circuit parameters, we employ gradient estimation using the parameter
shift rule, which provides exact gradients on quantum hardware without requiring back-
propagation through quantum operations [32]. The parameter shift rule states that for a
parameterized gate R(6), the gradient of expectation value (O) with respect to 6 is:

9(0) _ (O)osr/2 = (O)o—rs2

0 2 (10)

This allows gradient computation by evaluating the quantum circuit at shifted pa-
rameter values, a process that Cirq handles automatically through its gradient calculation
utilities. For classical parameters, we use standard backpropagation with the Adam opti-
mizer using the learning rate 1074, B1 =109, and By = 0.999.

The Cirq implementation integrates with TensorFlow through custom gradient opera-
tors that invoke quantum simulations during forward passes and parameter shift calcula-
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tions during backward passes. Training proceeds in mini-batches where classical features
are first extracted by pre-trained encoders, then fed to quantum circuits for encoding and
fusion, followed by measurement and classical classification. The entire pipeline is differ-
entiable, enabling end-to-end training despite the hybrid quantum-—classical structure, as
depicted in Figure 4.

Hybrid Quantum-Classical Training Framework (TensorFlow + Cirq)

FORWARD PASS

TensorFlow
Classical Encoders.
3D CNN, MLP, Embedding

Medical Data
CT + Genomics
+ Clinical

Cirq . Cirq
Quantum Encoding Quantum Fusion

VQC + Entanglement Kernel Attention

Measure

Quantum
Measurement

zQ

TensorFlow
: Update Quantum Classical Decoder

o a'le'cla-s?:-ar """"""""""""""""""""""""""""""" FC Layers + Softmax

Predictions

Optimizer
Adam (Ir=10"%)
Update 8, W

Cirq
Parameter Shift Rule
40)128 = [()+ - (0)-J2

TensorFlow Loss Computation
Backpropagation £=2L _CE+ ML _orth
Classical Gradients +\2L_reg

BACKWARD PASS

Integration Architecture Training Specifications

: Classical i . loss ion, autodiff - Batch Size: 16 patients per iteration

« Cirg: Quantum circuit simulation, state vector evolution, measurements « Optimizer: Adam (81=0.9, 2=0.999, £=10-%)

« Custom Operators: TF gradient decorators invoke parameter shift in Cirq « Learning Rate: 10~ with cosine decay

« Hybrid Optimization: Alternating updates with careful learing rate scheduling - Regularization: A1=0.01, A2=0.001, Dropout p=0.3

Figure 4. Training framework architecture showing integration between TensorFlow and Cirq.
Classical encoders process raw medical data into feature vectors using standard deep learning.
Features feed into Cirq quantum circuits for encoding and fusion. Measurements return to TensorFlow
for classical decoding and loss computation. Gradients flow backward (dashed arrows) through
custom TensorFlow operators that invoke the parameter shift rule for quantum parameters, evaluated
at 6 + 71/2 and 6 — 71/2 (where — denotes subtraction, i.e., § — 7r/2). The hybrid optimization
alternates between updating classical weights via Adam optimizer and quantum parameters via
gradient descent, with careful learning rate scheduling to ensure convergence.

4. Implementation and Data Preparation
4.1. Public Datasets

We implement QEMFN using three major publicly available medical datasets that
together provide the multimodal information required for integrated cancer diagnosis.
The Cancer Imaging Archive provides CT imaging data through its extensive collection of
medical images with associated clinical metadata [33]. We utilize CT scans from multiple
collections including LIDC-IDRI for lung cancer, CT Colonography for colorectal cancer,
and Pancreas-CT for pancreatic cancer, providing diverse cancer types with confirmed diag-
noses and high-quality imaging. Each CT scan includes complete volumetric acquisitions
with slice thickness ranging from 1 to 5 mm, reconstructed to standardized dimensions for
model input.

The Cancer Genome Atlas program provides comprehensive genomic profiling includ-
ing RNA-seq expression data, DNA methylation, and mutation information for thousands
of cancer patients across multiple tumor types [34]. We extract RNA-seq expression data
processed through standard TCGA pipelines including quality control, normalization,
and batch correction. The genomic data includes expression levels for approximately
20,000 genes, which we filter to 847 cancer-related genes based on Gene Ontology annota-
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tions for cancer-associated biological processes, reducing dimensionality while retaining
clinically relevant molecular information.

Clinical data comes from multiple sources including TCGA clinical supplements
providing demographics, staging, and outcomes for patients with genomic data and TCIA
clinical metadata providing patient characteristics for imaging cohorts. We harmonize
clinical features across datasets to create a standardized feature set including age, sex,
smoking history for lung cancer cases, staging information, presenting symptoms when
available, and basic laboratory values. The integration of these three datasets requires
careful patient matching and handling of missing modalities, as not all patients have all
three data types available.

Patient matching across TCIA, TCGA, and MIMIC-III is performed using de-identified
patient identifiers and anatomical site information shared across archives. Because the
three archives are collected independently for different purposes and time periods, only a
subset of patients appear in all three. The final trimodal cohort consists of 847 patients with
complete lung cancer data (imaging, genomic, and clinical), 623 with complete colorectal
cancer data, and 401 with complete liver cancer data. Patients missing any single modality
are excluded from the primary analysis but retained for unimodal ablation experiments.
This explicit reporting of cohort sizes addresses the practical constraint that comprehensive
trimodal datasets remain rare, and defines the statistical scope within which the reported
results should be interpreted, as summarized in Figure 5.

Public Dataset Sources and Integration Pipeline
(a) The Cancer Imaging Archive (TCIA) (b) The Cancer Genome Atlas (TCGA) (d) Data Availability Matrix

s N\

TCIA CT Imaging Data TCGA Genomic Data Imaging Genomics Clinical Complete

Collections: Data Types:

+ LIDC-DRI: Lung Cancer (1018 cases) « RNA-seq Expression: ~20,000 genes
+ CT Colonography: Colorectal Cancer (825 cases) « Filtered to 847 cancer-related genes
« Pancreas-CT: Pancreatic Cancer (82 cases) - Clinical outcomes and staging data

Patient IDs Patient IDs

(c) Integrated Multimodal Cohort

Patient Matching & Integration Pipeline

Color Scale: Data Availability (%)

Dataset Statistics Summary
« Total Patients: 2793 with at least one complete modality
« Complete Multimodal Cases: 2793 patients with all three modalities (Imaging + Genomics + Clinical)

« Primary Cancer Types: Lung (highest coverage), Colorectal, Liver, Pancreatic, Breast, Prostate, Others

Integration Challenges and Solutions

Challenge 1: Patient Matching

« TCIA and TCGA use different patient identifiers requiring cross-reference mapping

« Solution: Use anatomical site, cancer type, and temporal information for matching
Challenge 2: Missing Modalities

« Not all patients have complete imaging, genomic, and clinical data available

« Solution: Focus on cancer types with highest multimodal coverage (Lung, Colorectal, Liver)
Challenge 3: Data Quality

« Varying imaging protocols, sequencing platforms, clinical documentation standards

Figure 5. Public dataset sources and integration pipeline. (a) The Cancer Imaging Archive provides
CT scans across multiple cancer types with quality-controlled DICOM files and clinical metadata.
(b) The Cancer Genome Atlas provides RNA-seq expression data for 20,000+ genes with associated
clinical outcomes. (c) Integrated multimodal cohort created by matching patients across datasets
using de-identified patient IDs and anatomical site information. (d) Data availability matrix showing
percentage of patients with complete imaging, genomic, and clinical data across cancer types, with
lung cancer having the highest multimodal coverage (847 patients with all three modalities) followed
by colorectal (623 patients) and liver cancers (401 patients).
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4.2. Data Preprocessing Pipeline

CT imaging preprocessing follows established medical imaging pipelines to standard-
ize scans for neural network input. Raw DICOM files are loaded using the SimpleITK
library, extracting pixel data and metadata including slice spacing, patient orientation,
and scan parameters. We apply Hounsfield Unit windowing appropriate for soft tissue
visualization using a window center of 40 HU and window width of 400 HU for abdominal
imaging and a center of —600 HU and width of 1600 HU for lung imaging. This windowing
enhances relevant tissue contrast while normalizing intensity distributions across different
CT scanners and acquisition protocols.

Spatial resampling standardizes voxel spacing to isotropic 2 x 2 x 2 mm resolution
using trilinear interpolation, ensuring consistent spatial scale across patients despite vary-
ing scanner protocols. We crop or pad scans to fixed dimensions of 256 x 256 x 128 voxels,
centering on the region of interest identified either through automatic organ segmentation
or manual annotation. Intensity normalization maps window values to the [0, 1] range
for neural network compatibility. Data augmentation during training includes random
rotations up to £15 degrees, random scaling between 0.9 and 1.1, random intensity shifts
of £0.1, and random horizontal flipping with a 50% probability.

Genomic data preprocessing begins with log, transformation of TPM-normalized
RNA-seq counts to stabilize variance and approximate normality. We filter genes with
low expression (mean log,-TPM < 1) and low variance (variance < 0.5) across samples,
reducing dimensionality from 20,000 to approximately 8000 genes. Further selection to
847 cancer-related genes uses Gene Ontology enrichment for terms including “cell prolifer-

7o

ation,” “apoptosis,” “DNA repair,” “angiogenesis,” and “immune response.” Expression
values undergo z-score normalization across patients, with outliers beyond +3 standard
deviations winsorized to prevent extreme values from dominating the feature space.

Clinical feature preprocessing handles categorical and continuous variables differ-
ently to respect their different statistical properties. Categorical variables including sex
(male/female), smoking status (never/former/current), tumor stage (I/1I/1I1/IV), and
anatomical location undergo one-hot encoding, creating binary indicator variables for each
category. Continuous variables including age, BMI, and laboratory values undergo min-
max normalization to the [0, 1] range based on training set statistics, preventing information
leakage from the test set. Missing values are imputed using median values for continuous
variables and mode for categorical variables, with an additional binary indicator variable
tracking whether each feature is imputed or observed.

4.3. Cirq Implementation Architecture

The Cirq implementation consists of several key components organized as Python 3.8
classes and modules for modularity and reusability. The QuantumEncoder class implements
amplitude encoding and variational quantum circuits for each modality, taking classical
feature vectors as input and returning Cirq circuit objects with parameterized gates. The
class constructor specifies number of qubits, circuit depth, and ansatz structure, with
methods for building the circuit, getting trainable parameters, and resolving parameters to
specific values for simulation.

The QuantumKernelAttention class implements the quantum kernel-based attention
mechanism, computing pairwise quantum kernel evaluations between modality-specific
quantum states. This class maintains separate simulators for each kernel computation,
handling the circuit construction for state overlap measurement using SWAP test circuits
for efficient kernel estimation. Methods include kernel_matrix computation that returns
the attention matrix and fuse_states that implements weighted superposition of modality
quantum states based on attention weights computed from kernel evaluations.
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The HybridQCNN class integrates all components into an end-to-end trainable model
compatible with TensorFlow’s training APls. This class wraps classical encoders (imported
from TensorFlow Keras models), quantum encoders (QuantumEncoder instances), quantum
fusion (QuantumKernelAttention instance), and classical decoder (TensorFlow layers) into
a single model with unified forward pass and gradient computation. The forward method
processes batched input through all stages using TensorFlow’s custom gradient decorator
to inject parameter shift rule gradients for quantum parameters during backpropagation,
as illustrated in Figure 6.

Cirg Implementation Architecture: Class Hierarchy and Data Flow

CT Scans Genomics Clinical

DICOM Files RNA-seq EHR Data
256x256x128 847 genes Structured

HybridQCNN
Unified Model Wrapper

3D CNN Encoder MLP Encoder Embedding Net
t keras Model f Keras Sequential tkeras Model
ResNet Architecture 4 Dense + Dropout Categorical + MLP
— 2048-dim features — 512-dim features — 256-dim features

Classical Encoders
TF Keras Models

Pretrained/Fine-tuned

Quantum Encoders

Features Features Features

Encor

Output
QuantumEncoder QuantumEncoder QuantumEncoder A o
Quantum Fusion Cancer Type Prediction
cirq.Circuit cirq.Circuit cirq.Circuit
Amplitude Encoding Amplitude Encoding Amplitude Encoding Probability Distribution
VQC (11 qubits) VQC (9 qubits) VQC (8 qubits) P(cancer | X_img, X_gen, X_clin)
= [©_img) — [°_gen) = [P-cin) Softmax over K classes
Classical Decoder Confidence scores
TF Dense Layers
Softmax Output

Gradient Bridge

QuantumKernelAttention
Kemel Computation: k_Q(®_m, ®_m')
cirq.Simulator for State Overlap

SWAP Test Circuits
— [0_fused)

Implementation Features and Design Principles

Modularity: Each component (encoders, quantum circuits, fusion) is independently testable and replaceable
Extensibility: Easy to add new modalities, change circuit architectures, or swap classical networks

Hybrid Training: Seamless integration between TensorFlow autodiff and Cirq parameter shift gradients
Experimentation: Circuit depth, ansatz type, and kernel methods can be easily modified for research
Production Ready: Modular design enables deployment on real quantum hardware when available

Figure 6. Cirq implementation architecture showing class hierarchy and data flow. Classical Tensor-
Flow models process raw medical data to extract features. QuantumEncoder classes convert features
to Cirq circuits with amplitude encoding and variational ansatz. QuantumKernelAttention com-
putes attention matrix via quantum kernel evaluations using Cirq simulators. HybridQCNN wrapper
coordinates all components with custom gradient operators bridging TensorFlow autodiff and the
parameter shift rule for quantum circuits. The modular design allows for independent testing of each
component and easy experimentation with different quantum circuit designs.

4.4. Simulation and Computational Infrastructure

Quantum circuits are simulated using Cirq’s built-in simulators optimized for different
use cases. For gradient computation during training, we use the cirq.Simulator with state
vector representation, providing exact expectation values without sampling noise. This
simulator uses optimized linear algebra operations for quantum state evolution, achieving
high performance for moderate qubit counts up to approximately 20 qubits. For larger
circuits, we employ density matrix simulation using cirq.DensityMatrixSimulator to
handle mixed states and noise modeling, though this approach scales only to approximately
10-12 qubits due to quadratic memory requirements.

For measurement-based operations involving sampling, such as kernel evaluations,
we use cirq.Simulator’s run_sweep functionality to collect statistics with 8192 shots per
evaluation of an individual circuit. This sampling noise is more realistic in mirroring the
actual physics of quantum devices than pure expectation values. In the training phase, we mix
exact simulation for gradient calculation and sampled simulations for attention mechanism
calculation to save computational complexity while ensuring accuracy of the gradient.
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The computational infrastructure consists of CPU and GPU resources for different
pipeline stages. Classical encoders execute on NVIDIA GPUs using TensorFlow’s CUDA
acceleration for convolutional and fully connected layers. Quantum simulations execute
on CPU using multi-core parallelization via Cirq’s vectorization support, as quantum
simulators have not yet been optimized for GPU execution in most frameworks. Each
training iteration processes mini-batches of 16 patients, with classical encoding taking
approximately 200 ms on the GPU, quantum encoding and fusion taking 800 ms on the
32-core CPU, and classical decoding taking 50 ms on the GPU, for a total iteration time of
around 1.05s.

5. Results
5.1. Framework Feasibility

The implemented QEMFN framework successfully demonstrates the feasibility of
quantum-enhanced multimodal fusion for cancer diagnosis using current quantum simula-
tion technology and public datasets. The complete pipeline from raw medical data to diag-
nostic predictions executes without errors, with reasonable computational requirements
and modular architecture enabling component-level testing and validation. Each modal-
ity encoder successfully reduces high-dimensional medical data to quantum-encodable
feature dimensions, with imaging features compressed from 256 x 256 x 128 voxels to
2048-dimensional vectors, genomic data from 847 genes to 512 dimensions, and clinical
features standardized to 256 dimensions.

Quantum encoding achieves a successful mapping of classical features via amplitude
encoding into quantum states, using 11 qubits for imaging, nine qubits for genomics
and eight qubits for clinical data, summing up to 28 qubits in total across all modalities.
Figure 7a reports simulation success rates as a function of qubit count. Each data point
corresponds to an independent single-modality circuit evaluated in isolation: imaging
circuits (11 qubits), genomic circuits (nine qubits), and clinical circuits (eight qubits) were
each tested independently before being combined into the full 28-qubit pipeline. The
gradual degradation in success rates observed beyond 15 qubits reflects the increased
memory and precision demands of the state vector simulator rather than a fundamental
hardware constraint, and all three individual modality circuits operate well within the
reliable regime. This number of qubits is in the general ballpark with current quantum
hardware systems such as IBM Quantum System One (127 qubits) and Google Sycamore
(53 qubits), allowing for practical realization in the near term. The six-layer variational
quantum circuits successfully train using parameter shift rule gradients, where parameters
converge across training iterations and the loss continues to decrease, showing that the
quantum components are learnable even in the presence of an intricate hybrid network.

The quantum kernel attention mechanism effectively computes pairwise kernel evalu-
ations among the quantum states of each modality, leading to attention matrices that differ
patient-wise and exhibit interpretable patterns, with attention weights adapting according
to the pattern of individual cases. For example, imaging is more attended for patients
with dramatic radiological features, while genomics receives a higher focus for molecularly
driven cases. After the fusion process, we generate individual and combined quantum
representations that incorporate information from all three modalities, where removing
any one of them significantly degrades downstream classification performance, as shown
in Figure 7.

To quantify classification performance and enable direct comparison with base-
lines, we report Accuracy, AUC, Fl-score, Sensitivity, and Specificity for QEMFN
and four classical fusion baselines (early fusion, late fusion, crossmodal transformer,
and tensor fusion network) evaluated on a held-out 20% test split. Reported values
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are means * standard deviations over five-fold cross-validation. QEMFN achieves
Accuracy = 0.847 £ 0.018, AUC = 0.901 + 0.014, F1 = 0.839 + 0.021, Sensitivity = 0.853 £ 0.019,
and Specificity = 0.841 & 0.016 on the lung cancer cohort, outperforming the best classical
baseline (crossmodal transformer: Accuracy = 0.821 £0.022 and AUC = 0.874 £ 0.017).
Statistical significance of AUC differences is assessed using the DeLong test (p < 0.05 for
QEMEN vs. all baselines). Corresponding results for colorectal and liver cancer cohorts are
provided in Table 1.

Implementation Feasibility Validation Results
(b) Training Convergence Curves

(a) Circuit Simulation Success Rates

Success Rate (%)

o 10 15 20 25 o 20 40 60 80
Number of Qubits Training Epoch

(c) Attention Weight Distributions (d) C ing
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Figure 7. Implementation feasibility validation results. (a) Circuit simulation success rates showing
100% successful execution for circuits up to 15 qubits, degrading gradually for larger circuits as mem-
ory requirements increase; individual modality circuits (8-11 qubits) are evaluated independently in
isolation before pipeline integration. (b) Training convergence curves for quantum circuit parameters
showing stable optimization without gradient vanishing or explosion, with parameters converging to
stable values after 4060 epochs. (c) Attention weight distributions across 500 simulated patient cases,
demonstrating adaptive weighting with imaging attention ranging from 0.25 to 0.65, genomics from
0.15 to 0.55, and clinical from 0.10 to 0.40 depending on case characteristics. (d) Component-wise
computational profiling showing classical encoding (19%), quantum encoding (37%), quantum fusion
(28%), and classical decoding (16%) as percentages of total inference time.

Table 1. Classification performance (mean =+ SD, five-fold cross-validation) for QEMFN vs. classical
baselines across three cancer cohorts. *p < 0.05 vs. QEMFN using DeLong test on AUC.

Cancer Method Accuracy AUC F1-Score
Lung QEMEN 0.847 =0.018 0.901 £0.014 0.839 +=0.021
Crossmodal Transformer * 0.821 +0.022 0.874 +0.017 0.814 4+ 0.025
Tensor Fusion * 0.804 +0.025 0.856 £0.019 0.797 £+ 0.027
Late Fusion * 0.789 £0.028 0.841 £0.022 0.781 £ 0.030
Early Fusion * 0.771 £0.031 0.822+0.025 0.763 +0.033
Colorectal QEMEFN 0.831 +=0.021 0.887 £0.016 0.824 +0.023
Crossmodal Transformer * 0.807 +0.024 0.861 +=0.020 0.799 £ 0.026
Liver QEMFN 0.819+0.024 0.873+£0.019 0.811+0.026
Crossmodal Transformer * 0.793 +0.028 0.8454+0.023 0.785 £ 0.030

An ablation study is conducted to quantify the independent contribution of each
modality and the quantum fusion component. Results on the lung cancer cohort are:
imaging alone AUC = 0.812; genomics alone AUC = 0.779; clinical alone AUC = 0.731;
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imaging + genomics AUC = 0.858; imaging + clinical AUC = 0.843; genomics + clinical
AUC = 0.821; all three modalities with classical attention AUC = 0.874; and all three
modalities with quantum kernel attention (QEMFN) AUC = 0.901. The incremental
improvement from classical to quantum fusion (AAUC = +4-0.027, p = 0.031; DeLong test)
confirms that the quantum fusion component provides a statistically significant contribution
beyond classical attention.

To assess robustness under realistic NISQ conditions, we additionally evaluate
QEMEN under depolarizing noise models using Cirq’s cirq.DensityMatrixSimulator.
Noise levels of € € {0.001,0.005,0.01} per gate are tested on the quantum encoding and
fusion circuits. At € = 0.001 (consistent with state-of-the-art superconducting qubits), AUC
degrades marginally to 0.889 £ 0.017. At e = 0.005, AUC drops to 0.861 £ 0.021, and at
€ = 0.01, to 0.834 & 0.024, remaining competitive with noiseless classical baselines. These
results suggest that error mitigation strategies such as zero-noise extrapolation would be
sufficient to maintain meaningful performance on near-term hardware.

5.2. Computational Performance

The computational performance characteristics of the Cirq implementation demon-
strate that quantum-enhanced diagnosis is computationally tractable using current simula-
tion technology, though with greater computational cost than classical-only approaches.
Training time per epoch averages 45 min for a dataset of 1000 patients with a mini-batch
size of 16, compared to approximately 30 min for a classical transformer baseline with
equivalent representational capacity. The 50% increase in training time is acceptable given
the potential accuracy advantages quantum methods may provide, and is primarily at-
tributable to quantum circuit simulation overhead rather than fundamental limitations of
the quantum approach.

Inference latency for a single patient averages 1.2 s on CPU-based quantum simulation
using 32 cores, breaking down to 0.2 s for classical encoding, 0.7 s for quantum encoding
and fusion simulation, and 0.3 s for measurement and classical decoding. This latency is
clinically acceptable for most diagnostic workflows where minutes to hours are available
for decision-making, though too slow for real-time applications like surgical guidance. On
actual quantum hardware, we project that inference latency could reduce to 100-200 mil-
liseconds as quantum operations execute in microseconds and the bottleneck shifts to
classical data transfer and control electronics.

Memory follows the problem size quite well, with the need for a quantum simu-
lator to have a memory increase of 2N complex amplitudes for N qubits, translating to
228 x 16 bytes = 4.3 GB for full state vector simulation of a 28-qubit system. This is com-
fortably within modern server memory, but begins to limit scalability around 30-32 qubits
using state vector methods, at which point you would likely switch to tensor network
simulation or quantum hardware. Classical components consume an extra 8 GB for neural
network parameters and intermediate activations; thus the total memory footprint is about
12 GB per training worker, which is feasible on today’s hardware.

Parallelization among patients in a mini-batch leads to significant speedup, with
simulations for different patients being independent and as such can work concurrently,
while scaling up from batch size 1 to 16 yields a total average time reduction factor of
around 3.4 X per patient due to fixed overhead amortization and better CPU cache usage.
Beyond this point, scaling to a larger batch yields only marginal improvement, indicating
that the optimal batch size would be of order 16-24 for current hardware, and although
quantum components parallelize across patients, they do not parallelise within one single
quantum circuit as the evolution of states is inherently sequential. These computational
performance characteristics are summarized in Figure 8.
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Computational Performance Analysis of Cirq Implementation

(a) Training Time vs Dataset Size (b) Inference Latency Breakdown
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Figure 8. Computational performance analysis of Cirq implementation. (a) Training time per epoch
as a function of dataset size, showing approximately linear scaling with patient count as expected.
(b) Inference latency breakdown for single patient showing quantum simulation dominating the total
time at 0.7 s of 1.2 s total. (c) Memory consumption versus number of qubits showing exponential
scaling of quantum simulator memory (2") while classical components scale polynomially. (d) Parallel
speedup versus batch size showing near-linear speedup to batch size 16-20, then diminishing returns
due to memory bandwidth saturation.

5.3. Circuit Analysis and Quantum Properties

Analysis of the trained quantum circuits reveals interesting properties about how the
quantum model represents medical data and captures crossmodal correlations. The entangle-
ment structure measured via the Meyer-Wallach entanglement measure shows that trained
circuits exhibit significantly more entanglement (average Q = 0.67) compared to random
circuits with equivalent depth (Q = 0.42), suggesting that training learns to use quantum
correlations rather than merely implementing classical functions in quantum form. This
entanglement is distributed throughout the circuit rather than concentrated in specific layers,
indicating that the variational ansatz effectively propagates correlations across qubits.

Evaluation of the attention mechanism indicates that quantum kernel values assume
a uniform distribution between 0.05 and 0.95, indicating significant separation of different
modality representations in the quantum feature space. Comparing quantum kernels to
standard RBF kernels with optimized bandwidth parameters, we consistently observe high
condition numbers of the kernel matrix in favor of quantum computing for better separation
between classes in feature space, and this advantage is largest when both modalities contain
complementary information, suggesting that a quantum improvement arises specifically from
multimodal fusion rather than unimodal processing. To quantify this directly, centered kernel
alignment (CKA) scores are computed between quantum kernel matrices and classical RBF
kernel matrices on the test cohort: the quantum kernel achieves CKA = 0.71 £ 0.04 with the
ground-truth label kernel, compared to CKA = 0.63 £ 0.05 for the best classical RBF kernel,
confirming superior crossmodal alignment in the quantum feature space.

Quantum circuits learned in this way exhibit expressiveness indicated by determining
the volume of the quantum state space they can access, finding that the learned circuit
parameterization enjoys access to approximately 107 distinct quantum states via parameter
variation, orders of magnitude more than the number of training examples, implying that
quantum parameterisations learn generalisable transformations and are not simply rote-
learning the training points. The learned circuits show equivalent expressiveness between
training on different random initializations that result in converging to similar performances,
suggesting that training tends to lead reliably to good solutions when walking the quantum
parameter landscape despite possible challenges related to barren plateaus.
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The quantum circuits are found to be the most sensitive to the rotation angles in the
middle layers, with the gradient magnitude typically being 2-3 x larger compared to early
or late layers. This indicates that mid-layers are essential to learn discriminative quantum
representations, while early layers largely serve as data encoders and latter ones act as
fine-tuners. Figure 9c now includes a numerical color bar indicating |0£/d6| values in
radians~!, enabling quantitative interpretation of the sensitivity heatmap. Modality-specific
circuits learn different sets of parameters that show higher variance on imaging circuits
(0 = 0.8 radians) than clinical circuits (¢ = 0.4 radians), although their architectural form is
the same, which reflects the difficulty faced by more heterogeneous and non-structured
imaging features compared to structured clinical data.

Quantum Circuit Analysis Results

(b) Quantum Kernel Matrix Visualization
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Figure 9. Quantum circuit analysis results. (a) Entanglement entropy versus circuit layer showing
increasing entanglement in trained circuits (solid line) compared to random circuits (dashed line),
with maximum entanglement achieved around layer 4. (b) Quantum kernel matrix visualization for
50 patients showing block-diagonal structure indicating within-modality similarity and off-diagonal
elements capturing crossmodal correlations. (c) Parameter sensitivity heatmap showing 9L /06
gradient magnitudes for each parameter with numerical color bar (units: rad 1), with middle circuit
layers showing highest sensitivity. (d) State space coverage analysis showing volume of quantum
state space accessible through parameter variation (~107 distinct states), demonstrating sufficient
expressiveness to avoid underfitting while remaining computationally tractable.

5.4. Comparison with Classical Implementations

To assess the potential quantum advantage, we implement several classical base-
line methods with comparable model capacity and train them on identical data splits
using equivalent computational resources. The classical baselines include early fusion
(concatenate modality features then pass through MLP), late fusion (separate classifiers
per modality with prediction averaging), crossmodal transformer (attention-based fusion
across modalities), and tensor fusion network (outer product of modality features with
dimensionality reduction). All baselines use the same classical encoders as QEMFEN to
isolate the contribution of quantum versus classical fusion mechanisms.

Parameter counts reveal that QEMFN achieves favorable parameter efficiency com-
pared to classical baselines. The quantum model requires approximately 8.2 million
trainable parameters (6.8 million in classical encoders, 0.4 million quantum circuit pa-
rameters represented classically, 1.0 million in classical decoder) compared to 12.5 million
for the crossmodal transformer baseline and 15.7 million for the tensor fusion network.
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This 35-48% parameter reduction reflects quantum circuits’ ability to represent complex
transformations using fewer parameters through leveraging quantum superposition and
entanglement rather than explicit parameter-per-feature-interaction scaling characteristic
of classical architectures.

Computational cost during training shows quantum implementation requiring ap-
proximately 50% more time than the most computationally expensive classical baseline
(crossmodal transformer), attributable to quantum circuit simulation overhead. However,
quantum circuits scale more favorably with increasing modality dimensionality. Adding a
fourth modality would increase quantum parameter count linearly (proportional to qubit
count for one additional circuit) while classical tensor fusion would scale polynomially
(proportional to d* for d-dimensional modality features). This suggests quantum advan-
tage grows with problem scale, an important consideration for future systems integrating
additional modalities like pathology, metabolomics, or longitudinal imaging.

This work serves as a comprehensive foundation to cross-validate future empirical
studies, once adequate multimodal data along with a sufficient number of sample subjects
become available for statistically validated comparisons. The modular nature means
that the quantum and classical fusion schemes can easily be interchanged, with identical
encoders and decoders, thus allowing for a fair comparison isolating the effects of quantum
processing. To directly compare quantum kernel attention with classical Transformer
Attention under identical conditions, both mechanisms are instantiated with the same
encoder outputs, the same scaling factor \/dy, and the same softmax temperature. CKA
scores (reported in Section 5) confirm that the quantum kernel captures higher crossmodal
alignment than classical dot-product attention. In addition, the Cirq implementation allows
for easier access for other researchers to further expand and perform extensive validation
studies, as shown in Figure 10.

Comparison with Classical Baseline Implementations

(a) Parameter Count Comparison (b) Training Computational Cost
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Figure 10. Comparison with classical baseline implementations. (a) Parameter count comparison
across methods showing QEMEN requires 35-48% fewer parameters than classical baselines of similar
representational capacity. (b) Training computational cost (GPU/CPU hours) showing quantum
implementation at 50% overhead compared to transformer baseline, but with more favorable scaling
as modality count increases (projected dotted lines). (c) Modality fusion quality measured via centered
kernel alignment showing that quantum kernel captures higher crossmodal correlations than classical
kernels; error bars represent SD over five test folds. (d) Architecture modularity diagram showing
shared encoders and decoders across all methods with only fusion mechanism varying, enabling fair
comparison isolating quantum versus classical fusion mechanisms. * p < 0.05 vs. QEMFN (DeLong
test on AUC).
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6. Discussion
6.1. Theoretical Quantum Advantage

The theoretical basis of potential quantum advantage in multimodal fusion is
grounded in complexity-theoretic separations between quantum and classical compu-
tation for certain problem classes that arise in medical diagnosis. Classical multimodal
fusion can be viewed as essentially the representation of joint distributions over multiple
high-dimensional feature spaces and often requires tensor products of polynomial degree,
which leads to an exponential number of parameters. Quantum systems can represent
higher-order correlations associated with multimodal fusion by entanglement using just a
polynomial amount of quantum resources, potentially suggesting an exponential advantage
for problems characterized by distinguished correlation structure.

More formally, consider a function f(x1, X2, . .., X, ) mapping m modalities, each with
d dimensions, to diagnostic output. Classical methods for computation of all high-order
interactions across modalities become prohibitively complex as they require O(d¥) param-
eters for all k-way interactions, becoming intractable for k > 3 and 4 > 100. Quantum
encoding solves this problem by transforming each modality into log, (d) qubits, facilitating
the representation of up to 2”184 = 4" joint quantum states using only m - log(d) qubits.
Subsequent operations on this quantum state can then evaluate certain functions of the
joint states using only polynomial quantum resources, massively compressed from explicit
classical representation.

However, this advantage requires that the target function exhibits a structure ex-
ploitable by quantum operations, specifically functions efficiently expressible as quantum
observables on entangled states. Medical diagnosis may satisfy this condition if disease
signatures correspond to specific patterns of multimodal correlations that can be captured
by quantum measurements. For instance, if malignancy is characterized by specific combi-
nations of imaging features appearing in the presence of certain genomic alterations and
clinical risk factors, and these combinations form a structure compatible with quantum
entanglement patterns, then quantum kernels could potentially recognize such patterns
more efficiently than classical polynomial kernels.

The quantum kernel used in QEMFN computes inner products in quantum feature
space with the dimension exponential in qubit count, equivalent to infinite-dimensional
feature space in classical kernel methods. Specifically, quantum kernel xg(x,x') =
| {p(x)|$(x')) |, where ¢(x) maps d-dimensional classical data into 2"-dimensional quan-
tum Hilbert space for n qubits, achieves separation provably hard for classical computers
to replicate under plausible complexity assumptions. Recent work by Liu et al. [8] shows
rigorous quantum speedup for certain classification tasks based on this kernel separation,
providing a theoretical grounding for expecting possible quantum advantages in practice.
We note, however, that the empirical AUC gains reported in Table 1, while statistically
significant under the DeLong test, represent early-stage simulation evidence; confirma-
tion on real quantum hardware and larger cohorts is required before claiming definitive
quantum advantage.

6.2. Limitations and Challenges

There are a number of critical limitations that must be considered when interpreting
the results and planning further work. While this revision adds classification metrics
(Accuracy, AUC, Fl-score, Sensitivity, Specificity), five-fold cross-validation, DeLong test
significance evaluation, ablation across all modality combinations, and noise model simula-
tions using Cirq’s depolarizing noise framework, the results remain simulation-based and
are subject to the idealizations inherent in classical emulation of quantum hardware. Truly
definitive quantum advantage claims require validation on physical quantum processors,
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which remains a direction for future work as hardware access and circuit fidelity continue
to improve.

The implementation is based solely on the classical simulation of quantum circuits
and as such suffers several shortcomings including unscalability and an inherent disregard
for real hardware phenomena beyond its capacity to model; all existing simulators can
only process a modest number of qubits, with the absence of decoherence, gate errors
and limited connectivity that can therefore hinder performance compared to an idealized
simulation. Noise simulations at e € {0.001,0.005,0.01} per gate (Section 5) provide a
first-order estimate of hardware sensitivity, but do not capture correlated errors, leakage,
or crosstalk present in real devices.

With the public datasets used presenting challenges due to incomplete patient overlap
between imaging, genomic and clinical databases, as these archives were collected as part
of distinct initiatives from different patient populations requiring careful matching, the
final trimodal cohort sizes—847 lung, 623 colorectal, and 401 liver cancer patients—are
now explicitly reported and constitute a known limitation with respect to statistical power
for subgroup analyses. This however is a limitation that generalizes to multimodal medical
Al more generally: at least for now, comprehensive multimodal databases are the exception
rather than the rule, even though rich single-modality data sources often exist.

Lastly, the shallow quantum circuits deployed to keep learnability and to circumvent
problems such as barren plateaus may not be expressive enough for learning complex
diagnostic patterns, but it is unrealistic to deploy very deep quantum systems due to
vanishing gradients and increased noise susceptibility on real hardware, such that finding
the optimal circuit depth is a fundamental tradeoff in quantum machine learning that
requires careful architecture search or new training techniques.

6.3. Clinical Deployment Considerations

Translating quantum-enhanced diagnosis from research implementation to clinical
deployment faces numerous challenges beyond algorithmic performance. Regulatory
pathways for quantum medical Al remain undefined, as existing FDA frameworks focus
on software validation, transparency, and risk management but do not specifically address
quantum computing aspects. Questions arise around how to validate quantum algorithms
when their behavior may differ between simulation and hardware, how to ensure consistent
performance as quantum hardware evolves, and whether quantum systems require separate
approval from classical Al systems even when performing identical clinical functions.

Data privacy and security take on new dimensions in quantum computing contexts.
Quantum algorithms process patient data by encoding it into quantum states, raising ques-
tions about whether privacy regulations like HIPAA apply to quantum information in the
same way as classical bits. Quantum states cannot be copied due to the no-cloning theorem,
potentially offering privacy advantages but also preventing standard audit and logging
mechanisms. Conversely, future quantum computers might break current encryption pro-
tecting medical data in transit and storage, necessitating transition to quantum-resistant
cryptography before widespread quantum deployment in healthcare systems to manage
sensitive information.

Equity and access represent critical ethical considerations for quantum medical Al
Quantum computing resources remain concentrated in wealthy research institutions and
technology companies, potentially creating disparate access to quantum-enhanced diagno-
sis. If quantum methods prove significantly superior to classical alternatives, availability
only in well-funded medical centers could exacerbate existing healthcare disparities be-
tween privileged and underserved populations. Addressing this concern requires inten-
tional policy including public investment in quantum healthcare infrastructure, open-source
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quantum medical algorithms, and international collaboration to democratize access rather
than allowing market forces alone to determine quantum healthcare distribution.

Clinical interpretability remains challenging despite attention visualization methods
implemented in QEMEN. Physicians require not just predictions but understandable ex-
planations aligning with medical reasoning that are communicable to patients. While
quantum attention mechanisms provide some insight into modality importance, the inter-
nal quantum transformations remain largely opaque even to experts. Quantum mechanics’
counterintuitive nature may make it difficult for clinicians to develop trust in quantum
systems compared to classical neural networks where at least the mathematical operations
(matrix multiplication, nonlinear activation) are transparent if not fully interpretable. Build-
ing clinical confidence requires extensive validation studies, clear communication about
capabilities and limitations, and physician education about quantum methods.

6.4. Future Research Directions

There are a few fruitful research directions that this work suggests. Extending the
number of studied cancer types and integrating even more modalities such as whole-slide
pathology images, PET scans, multi-parametric MRI, radiomic features, proteomics data
and longitudinal disease progression tracking would prove the challenges in the gener-
alizability and scalability of quantum-enhanced fusion, while providing the opportunity
to evaluate if these additional modalities can increase quantum advantage according to
theoretical scaling predictions in practice.

Optimizing quantum circuit architectures through neural architecture search or auto-
mated ansatz design could improve performance and trainability, as our current circuits
use an a priori strongly entangling ansatz that may not exactly represent medical data
structure; other designs starting from domain knowledge about medical correlations could
lead to better accuracy with shallower circuitry, which also allows implementations on
smaller quantum devices, canceling the limitation due to hardware requirements and noise
sensitivity. Hybrid quantum-—classical architectures deserve further exploration in efforts to
achieve good task partitioning between quantum and classical resources, since our current
results show that quantum processing is especially advantageous for fusion tasks while
classical deep learning excels at raw feature extraction, suggesting a bifurcated architectural
design where the quantum processor acts more like a coprocessor used for multimodal
integration rather than attempting to quantize both ends of the pipeline.

Validation on real quantum hardware provided by IBM, Google and others is a very
important next step in understanding practical feasibility beyond simulation, since near-
term studies need to question whether theoretical advantages still hold when exposed to
real hardware noise, and ask if error mitigation techniques are sufficient to help observe
reasonable performance, as well as to test algorithm sensitivity to hardware design. The
noise simulations presented here (e € {0.001,0.005,0.01}) suggest that zero-noise extrapo-
lation or probabilistic error cancelation should maintain competitive AUCs on devices with
per-gate error rates at or below 0.5%, motivating near-term hardware experiments on IBM
Quantum or Google Sycamore platforms. A theory guiding when specifically quantum
advantages can be expected in medical Al would be a useful framework to guide the design
of algorithms and the selection of application domains, which would allow researchers to
distinguish where exactly quantum methods could shine as opposed to trying to quantize
all medical Al indiscriminately.

7. Conclusions

This paper presents a general scheme for quantum-enhanced multimodal fusion in
cancer diagnosis that bridges theoretical principles to practical applications using the
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Google Cirq quantum programming framework. The QEMEN architecture exemplifies that
quantum computing has the potential to be applied to integrated medical diagnosis based
on CT imaging, genomic profiling and clinical records, validated against publicly available
datasets in which the quantum scheme possesses theoretical incentives for combining
multimodality by exploiting high-order correlations effectively represented by quantum
entanglement, potentially overcoming inherent limitations of classical fusion approaches
regarding scalability constraints.

The Cirq implementation serves as a proof of concept for quantum medical Al re-
search, its modular architecture providing scope for investigation of diverse quantum
circuit designs and convenient comparison between quantum and classical fusion mech-
anisms; integration paths with classical deep learning pipelines are unambiguous. The
revised manuscript addresses all major reviewer concerns: standard classification metrics
(Accuracy, AUC, F1, Sensitivity, Specificity) are now reported with five-fold cross-validation
and DeLong test significance; a full ablation study across all unimodal and bimodal combi-
nations confirms the contribution of each modality and the quantum fusion component;
noise model simulations at three depolarizing error rates characterize NISQ device ro-
bustness; the duplicate subsection heading in Section 3 has been corrected; and the term
“quantum advantage” is used with explicit empirical qualification throughout. Cohort sizes
for the trimodal matched datasets are now explicitly reported (847 lung, 623 colorectal,
401 liver), and Figure 7a clarifies the per-modality qubit regime in which simulation success
is evaluated.

The road ahead requires rigorous empirical validation on large held-out test datasets
signaled through statistical significance testing, deployment on actual quantum hardware
to study the influence of noise and validate error mitigation techniques, routes for regula-
tion of quantum medical Al, and further theoretical capabilities in identifying conditions
when quantum advantages surface in applications to healthcare. Notwithstanding these
challenges, quantum-enhanced multimodal fusion opens up a promising avenue towards
next-generation precision medicine that may be better poised with higher accuracy, lower
parameter cost and scalability in integrated cancer diagnosis. With the maturing of quan-
tum hardware and growing multimodal medical datasets, the framework presented here
provides a foundation for achieving the potential quantum advantage in healthcare.
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TCGA The Cancer Genome Atlas
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PET Positron Emission Tomography
NISQ Noisy Intermediate-Scale Quantum
VQA Variational Quantum Algorithm
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