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Abstract—Driven by the vision of intelligent and adaptive con-
nectivity in the sixth-generation (6G) networks, future wireless
systems are expected to support advanced applications such as
cognitive resource allocation, semantic communication (SC), and
low-latency integrated sensing and communication (ISAC) or dig-
ital twins. However, realizing these capabilities requires learn-
ing frameworks capable of efficiently modeling complex, high-
dimensional, and dynamic communication environments. To ad-
dress this challenge, we propose a Kolmogorov-Arnold network
(KAN)-enhanced quantum fusion learning (QFL) model designed
to advance intelligent wireless communication systems. Specifi-
cally, we introduce a hybrid quantum-classical (HQC) architecture
that integrates parametrized quantum circuits with deep learning
(DL) models based on residual networks (ResNets) and shifted
window transformers (SwinTs), further augmented with KAN lay-
ers. This HQC framework potentially addresses the limitations of
conventional DL (ResNets/SwinTs) by accurately modeling nonlin-
ear relationships, capturing high-order dependencies, and flexibly
adapting to dynamic wireless environments. We evaluate the pro-
posed QFL framework on three representative 6G tasks: 1) satel-
lite remote-sensing scene classification (RSSCN7 dataset), 2) ISAC
beamforming prediction (DeepSense 6G dataset)—which supports
cognition-level resource allocation and low-latency ISAC—and 3)
generative SC classification (GenSC-6G dataset)—relevant to se-
mantic environment modeling and digital twin updates. Numerical
results demonstrate that the designed QFL architecture delivers
competitive performance, underscoring its potential for enabling
intelligent and secure 6G systems.

Index Terms—Beamforming, ISAC, KAN learning, QFL mod-
els, remote-sensing classification, SC classification.
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QUANTUM fusion learning (QFL) is emerging as a core
enabler of the sixth-generation (6G) wireless networks,

which are envisioned as foundational infrastructures for intelli-
gent environments, including autonomous vehicle ecosystems,
digital twin networks, and real-time, privacy-sensitive envi-
ronmental monitoring systems [1], [2], [3]. The 6G systems
facilitate transformative applications such as high-resolution
remote sensing, beamforming prediction, vehicular localization,
medical robotics, non-terrestrial networks (NTNs), and seman-
tic communication (SC) [4], [5], [6], [7]. Notably, satellite
remote-sensing scene classification, beamforming prediction for
vehicle-to-infrastructure (V2I) communications, and SC for 6G
seamless immersive experience have emerged as crucial tasks
for intelligent 6G wireless systems, demanding exceptional
model accuracy, perpetual-data processing, adaptability to di-
verse geographic and channel conditions, and robustness against
hardware and signal imperfections [8]. However, achieving such
an advanced intelligence within resource-constrained computing
platforms and highly dynamic wireless environments remains
significantly challenging, thereby driving exploration of more
efficient and adaptive learning paradigms [9].

In recent years, deep learning (DL) techniques, including
convolutional neural networks (CNNs) such as residual networks
(ResNets) and attention-based models like transformers, have
shown strong potential in addressing core 6G tasks [10]. ResNets
are particularly effective at extracting local features from
visual data robustly, while transformer architectures leverage
global self-attention mechanisms to capture spatial dependencies
crucial for integrated sensing and communication (ISAC) appli-
cations such as beamforming and remote sensing [11]. Despite
their advantages, these architectures typically rely on static and
manually designed activation functions, e.g., rectified linear unit
(ReLU) and Gaussian error linear unit (GELU) functions, which
can limit their adaptability to learn complex and task-specific
nonlinear patterns. Additionally, conventional machine learning
(ML) models face persistent challenges related to generaliza-
tion, interpretability, privacy, and scalability, especially when
deployed in real-time, resource-constrained 6G environments
[12]. This limitation underscores the growing need to augment
classical DL architectures with more adaptive and expressive
learning mechanisms capable of meeting the high-dimensional,
dynamic, and heterogeneous demands of 6G systems.

To address these limitations, an emerging line of research
explores a new avenue using Kolmogorov-Arnold networks
(KANs), which substitute conventional fixed activation func-
tions with learnable, data-driven functional mappings [13],
[14]. This architectural innovation enables each network layer
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TABLE I
EXPANSIONS OF ACRONYMS

Acronym Expansion Acronym Expansion
6G Sixth-Generation AI Artificial Intelligence

BASNet Boundary-Aware Salient Object Detection Network BSRBF B-Spline Radial-Basis Function

CNN Convolutional Neural Network CNOT Controlled-NOT

DL Deep Learning DNN Deep Neural Network

DoA Direction-of-Arrival DRL Deep Reinforcement Learning

FC Fully Connected GAN Generative Adversarial Network

GELU Gaussian Error Linear Unit GPU Graphics Processing Unit

GR-KAN Group-Rational Kolmogorov-Arnold Network HHL Harrow–Hassidim-Lloyd

HQC Hybrid Quantum-Classical IoT Internet of Things

ISAC Integrated Sensing and Communication KAN Kolmogorov-Arnold Network

LLM Large Language Model LSTM Long Short-Term Memory

ML Machine Learning MLP Multi-Layer Perceptron

MSTUnet Masked Swin Transformer U-Net NISQ Noisy Intermediate-Scale Quantum

NTN Non-Terrestrial Network ODE Ordinary Differential Equations

PCA Principal Component Analysis PDE Partial Differential Equation

PQC Parametrized Quantum Circuit QAOA Quantum Approximate Optimization Algorithm

QCNN Quantum Convolutional Neural Network QFL Quantum Fusion Learning

QML Quantum Machine Learning QNN Quantum Neural Network

QPU Quantum Processing Unit QRL Quantum Reinforcement Learning

ReLU Rectified Linear Unit ResNet Residual Network

RL Reinforcement Learning RSSCN Remote-Sensing Scene Classification

SC Semantic Communication SGRS Satellite-Ground Remote Sensing

SineKAN Sinusoidal Kolmogorov-Arnold Network SVM Support Vector Machine

SwinT Shifted Window Transformer UAV Unmanned Aerial Vehicle

URLLC Ultra-Reliable Low-Latency Communication V2I Vehicle-to-Infrastructure

V2X Vehicle-to-Everything ViT Vision Transformer

VQA Variational Quantum Algorithm VQE Variational Quantum Eigensolver

to dynamically adapt task-specific nonlinear transformations
in learning, thereby significantly enhancing representational
flexibility, generalization ability, and expressive power of
both residual and transformer-based architectures [15], [16].
However, despite such benefits, KAN-enhanced models tend
to be often computationally intensive, and their inherently
non-convex optimization landscapes pose challenges related
to parallel computation, scalability, and privacy-preserving
learning, especially in real-time, resource-constrained 6G
environments [17], [18]. Therefore, addressing these constraints
demands further architectural innovation, particularly quantum-
enhanced learning for emerging multi-functional low-altitude
wireless networks with ISAC, where highly dynamic aerial-
ground environments require future wireless infrastructures to
jointly support sensing, communication, control, computation,
energy transfer, and intelligent decision-making [19].

The transformative potential of quantum computing in this
context is rooted in two pivotal breakthroughs that demon-
strated its capacity to solve classically intractable problems.
Shor’s algorithm revealed that quantum computers can factor
large integers exponentially faster than classical algorithms,
highlighting the computational power of quantum parallelism.
In parallel, Grover’s algorithm provided a quadratic speedup
for unstructured search tasks, establishing early evidence of

quantum acceleration in generic computational settings [20],
[21]. Building upon these foundations, the Harrow–Hassidim–
Lloyd (HHL) algorithm laid the groundwork for quantum ML
(QML) by enabling exponentially faster matrix inversion under
conditions of data sparsity and efficient state preparation, thereby
inspiring the rapid growth of QML research aimed at overcoming
the scalability and privacy limitations of classical DL [22].

Recent advancements in QML offer promising solutions to
overcome these scalability and privacy limitations inherent to
classical DL approaches [23], [12], [24], [25], [26]. Quantum
computing provides notable advantages, including inherent par-
allelism and information-theoretic security, making it well suited
for computation-intensive and privacy-sensitive applications
envisioned in 6G networks [27], [28]. In this context, QFL
frameworks, specifically hybrid quantum-classical (HQC) ar-
chitectures that integrate parametrized quantum circuits (PQCs)
with DL, large language models (LLMs), or large artificial intel-
ligence (AI) models, have emerged as a compelling paradigm for
harnessing quantum advantages within existing AI workflows
[29]. In this work, we propose a novel KAN-enhanced QFL
framework that integrates KAN-augmented residual and trans-
former models with PQC modules. This integrated framework
effectively captures complex high-order feature correlations and
nonlocal dependencies, thereby addressing critical challenges
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in privacy preservation, computational scalability, and learning
efficiency for intelligent and secure 6G systems.

In the proposed framework, the ResNet or shifted window
transformer (SwinT) first extracts discriminative classical
representations using group-rational Kolmogorov-Arnold net-
work (GR-KAN) activation functions, while the PQC further
processes the learned feature embedding before the final
classifier. Therefore, the role of the quantum module is not only
to provide immediate accuracy improvement, but also to explore
whether quantum-inspired feature interactions can complement
KAN-based classical learning for future 6G intelligence [30],
[31]. Although the performance gain may vary across datasets
and backbone architectures, the quantum fusion stage provides
an additional representation space for modeling complex feature
dependencies, which is particularly relevant for emerging HQC
learning systems. The main contributions of this paper are
outlined as follows.

• Survey of QML and QFL: We provide a comprehensive
literature review tracing the QML evolution, outlining
its foundational principles, inherent limitations, and the
emerging motivation for developing QFL frameworks. We
highlight the application of QFL models across diverse 6G
communication and networking scenarios, emphasizing
their emerging relevance in distributed and intelligent
wireless systems. In parallel, we review recent advances
in KAN and their potential for efficient and interpretable
learning paradigms.

• KAN-Enhanced QFL Models: We propose a novel KAN-
enhanced QFL framework, seamlessly integrating KANs
into classical AI models—namely, ResNets and SwinTs—
further augmented by quantum processing unit (QPU)
modules (i.e., PQCs) to form a robust HQC architecture
tailored for 6G environments. KAN layers enable adap-
tive, data-driven nonlinear transformations that improve
generalization capabilities, while PQC modules capture
high-order semantic correlations crucial for remote sensing
and ISAC beamforming.

• Experimental Validation on 6G Benchmarks: We evaluate
the designed QFL architecture on three representative 6G
benchmark datasets: 1) RSSCN7 [3] for satellite remote-
sensing scene classification, 2) DeepSense 6G [32] for
ISAC beamforming prediction, and 3) GenSC-6G [33] for
generative SC classification. The experimental results show
the QFL framework’s promising performance, suggesting its
potential to address challenges in learning efficiency, privacy
preservation, and real-time adaptability in 6G networks.

The rest of the paper is organized as follows. Section II
provides a detailed overview of QML and reviews the existing
QFL models for 6G systems, with a particular focus on
both classical and quantum AI approaches, as well as recent
advances in KANs. Section III presents the proposed KAN-
enhanced QFL architecture, detailing its classical, quantum, and
KAN components. Section IV provides experimental results on
three representative 6G tasks. Section V concludes the paper.
A list of acronyms used in this paper is summarized in Table I.

II. RELATED WORK

This section presents an overview of QML and its evolution
toward QFL. We then explore recent QFL developments within
the context of 6G applications. Furthermore, we provide an
in-depth review of KANs.

A. QML to QFL Overview

1) Classical QML Methods: QML can be broadly catego-
rized into two complementary approaches: non-neural-network-
based and neural-network-based methods. The former focuses on
developing quantum algorithms for fundamental linear algebra
and statistical operations, such as HHL for solving linear
systems, performing principal component analysis (PCA), and
implementing quantum Boltzmann machines, often revealing
potential quantum speedups when data access is structured
and efficiently organized [22], [34], [35]. In parallel, large-
margin and distance-based classification methods have also been
proposed, including quantum support vector machines (SVMs),
quantum nearest-neighbor classifiers, and early clustering formu-
lations [36], [37], [38]. For instance, large-margin methods such
as classical SVMs aim to find decision boundaries that maximize
the separation between classes and are often implemented using
kernel functions that map data into high-dimensional feature
spaces. In this context, quantum SVMs extend this classical
kernel framework by employing quantum states to define and
evaluate kernels efficiently within quantum feature spaces. These
algorithmic directions have been further discussed in recent
surveys that also clarify assumptions on data loading and query
access [39], [40], [41].

2) Variational and Neural Quantum Learning Methods:
The latter category introduces neural network perspectives
for quantum systems, giving rise to PQC learning within
variational frameworks [42]. As quantum hardware matures,
such variational quantum algorithms (VQAs) have become
a primary near-term strategy. Notable examples include the
variational quantum eigensolver (VQE) for determining the
lowest eigenvalue or ground-state energy of a Hamiltonian in
quantum chemistry, and the quantum approximate optimization
algorithm (QAOA) for solving discrete combinatorial optimiza-
tion problems through alternating layers of cost and mixing
unitaries. These algorithms employ PQCs to learn optimal
parameters on noisy intermediate-scale quantum (NISQ) de-
vices, thereby establishing the methodological backbone for
optimization on current hardware [43], [44]. These variational
approaches have been extensively analyzed in terms of circuit
design, optimization techniques, and hardware integration [42],
[45], [46]. Within this landscape, quantum neural networks
(QNNs) have been explored as quantum analogues of classical
neural networks for discriminative tasks such as classification
and regression [47], [48]. These models leverage PQCs to
learn decision boundaries or latent representations directly
from quantum-embedded classical data, often trained through
HQC optimization loops. Early studies have demonstrated the
feasibility of encoding classical data into quantum states and
training QNNs to perform supervised classification, extending
architectures such as perceptrons and convolutional networks
into the quantum domain [49].
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However, both the variational and kernel-based approaches in
QML face challenges, including optimization instability, noise
sensitivity, and data encoding bottlenecks [39], [50]. Specifically,
converting classical data into quantum states can be computa-
tionally expensive, often incurring exponential overheads [51],
[52]. Furthermore, the expressivity-trainability trade-off arises as
highly expressive quantum ansätze approach random-state behav-
ior that leads to flatter cost landscapes and diminished gradient
magnitudes, while more structured circuits preserve stronger gra-
dient information and better trainability [53], [54]. Among these
limitations, a central issue within variational approaches arises
from gradient concentration, leading to barren plateaus where
trainability deteriorates with increasing circuit depth, system size,
or unsuitable cost functions [55]. Additionally, hardware noise,
including gate imperfections, decoherence, and measurement
errors, can further suppress gradients and hinder convergence
in optimization on NISQ devices [56]. To mitigate these issues,
structured quantum CNNs (QCNNs) have shown promise in
preserving gradient signal and avoiding barren plateaus [57].
Subsequent work has focused on refining ansatz design [54],
[58], [59], [60], [61], developing hardware-efficient ansätze [62],
and implementing geometry-aware optimization and analytical
gradient methods [63], [64]. Furthermore, error mitigation tech-
niques, such as extrapolation and probabilistic error cancellation,
have shown partial success at the cost of additional resource
overhead [65], [66]. From the kernel perspective, concentration
effects and data access limitations constrain potential quantum
advantages, while recent studies emphasize the importance of
informative datasets and controlled experimental demonstrations
[38], [52], [67]. These insights motivate hybrid architectures in
which classical networks handle most of representation learning,
while quantum modules act as compact trainable components
contributing nonclassical transformations under limited resources,
paving the way toward QFL.

3) QFL Methods: The QFL framework defines hybrid
pipelines that couple classical deep neural networks (DNNs)—
such as ResNets and SwinTs—with PQC or QNN compo-
nents, aiming to leverage the strengths of both modalities.
Typically, the classical modules extract robust local and
global features, while quantum layers manipulate data in high-
dimensional Hilbert spaces using learned quantum feature maps
or variational unitaries, potentially yielding improved sample
efficiency and expressivity for specific tasks. Concrete QFL
strategies include 1) pre-quantum feature extraction, where
classical models such as ResNets or vision transformers (ViTs)
generate embeddings for PQC-based classifiers or regressors,
2) interleaved hybrid designs, where quantum blocks are
embedded within classical layers, and 3) post-QFL designs,
where quantum layers act as representation learners whose
outputs are processed by classical decision heads [31], [68],
[69]. These patterns are particularly attractive when classical
encoders can reduce dimensionality and enforce inductive
biases, allowing quantum modules to introduce non-classical
decision boundaries with minimal parameter overhead.

A central conceptual foundation is the notion of a quantum
feature space, where PQCs serve as learnable feature maps
that encode classical data into high-dimensional Hilbert spaces.
Within this framework, quantum-enhanced feature spaces can

be combined with classical layers to form hybrid models that
support end-to-end trainability. This contrasts with quantum-
enhanced kernels, which evaluate fixed inner products between
non-trainable embeddings [70], [30], [71]. Recent theoretical
work has clarified the conditions for quantum advantage and
provided design guidelines for integrating quantum layers
effectively [72], [73]. Several recurring architectural patterns
have been observed across the existing QFL models. Data
re-uploading injects classical features repeatedly across circuit
layers for stronger expressivity [74]. Bosonic implementations
broaden hardware platforms available for applying the same
principle [75]. QCNN models introduce hierarchical locality-
aware processing that aligns with vision and physics tasks [49],
[76]. Resource-efficient QCNN variants further reduce quantum
circuit depth and parameter count, which is crucial when the
quantum layer is only one component in larger HQC stacks [77].
Quantum transformers extend attention mechanisms into the
quantum domain and can be fused with classical self-attention
in hybrid pipelines [78].

B. QML and QFL for 6G

Classical AI models, although effective in many scenarios,
face scalability challenges when handling high-dimensional
inputs, real-time decision-making demands, and federated de-
ployment constraints inherent to 6G networks [12]. To address
these challenges, QML has emerged as a promising solution,
leveraging quantum phenomena such as superposition and
entanglement to potentially enhance computational efficiency
[28]. These quantum properties facilitate accelerated model
training, reduced inference latency, and enhanced learning per-
formance, particularly in dynamic resource-constrained wireless
environments [30], [79]. In [12], the quantum-enhanced learning
framework was introduced utilizing VQAs and QAOA to address
ultra-reliable low-latency communication (URLLC) bottlenecks.
This approach demonstrated faster convergence and more reliable
decision-making under stringent end-to-end latency constraints,
underscoring the QFL efficacy in supporting real-time commu-
nication tasks. Similarly, the QNN architecture was proposed in
[80] for non-orthogonal multiple access user-grouping. Further
extending this work, the federated teleportation-based QML
framework was developed in [9] to preserve quantum-state fi-
delity during federated learning processes by leveraging quantum
teleportation, thereby ensuring data privacy.

The versatility of QML has also been demonstrated in
beam management tasks. Recently, hybrid quantum-transformer
networks were developed for beam prediction in V2I commu-
nications [1]. By fusing multimodal sensor data—such as GPS,
LiDAR, and camera feeds—with quantum-enhanced vision-
based transformers, these QML models achieved state-of-the-
art performance on real-world datasets (DeepSense 6G). The
reported results highlight the potential of quantum models to
enhance robustness and generalization of 6G ISAC beamforming
solutions in dynamic vehicular environments. Additionally, the
quantum-enhanced deep reinforcement learning (DRL) model
was proposed in [81] for joint direction-of-arrival estimation and
task offloading. By integrating quantum policy optimization into
the DRL framework, this QML model achieved considerable
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improvements in convergence rates and estimation accuracy,
demonstrating the promise of QML for multi-objective 6G
ISAC applications where sensing accuracy and computational
efficiency are both critical. Finally, the QFL framework was
introduced in [3], fusing quantum computing with classical
DL to enhance both data processing efficiency and commu-
nication security in integrated satellite-ground remote sensing
(SGRS) systems. Although prior QML and QFL studies have
demonstrated the potential of quantum models for optimization,
classification, feature mapping, and 6G communication tasks
[9], [17], [28], [39], [40], [41], most existing works focus
on standalone quantum learning models, variational quantum
circuits (VQCs), or hybrid frameworks where quantum modules
are used mainly as auxiliary feature processors [48], [51],
[52]. In contrast, the proposed framework explicitly combines
KAN-enhanced deep feature extraction with quantum feature
learning for 6G-oriented ISAC tasks. This design differs from
prior works in that learnable KAN-based nonlinear mappings
strengthen the classical backbone representation before quantum
processing, while the quantum module further transforms the
learned features into a quantum-enhanced representation space
[16]. Therefore, the proposed approach bridges adaptive classical
feature learning and quantum feature transformation in a unified
pipeline, rather than treating them as separate or independently
optimized components. An evolutionary timeline of QML toward
QFL is illustrated in Fig 1.

C. KAN Developments

Recent ML developments have stimulated growing interest in
KAN-enhanced architectures, which replace conventional linear
weights with learnable spline-based activation functions on net-
work edges to improve expressivity and interpretability. The foun-
dational KAN framework demonstrated competitive accuracy in
regression and partial differential equation (PDE) solving tasks.
Rather than altering the spline placement or core architecture,
KAN 2.0 emphasizes KANs’s role in scientific discovery by intro-
ducing key tools: MultKAN (KANs with multiplicative nodes),
the kanpiler (a compiler converting symbolic expressions into
KAN architectures), and a tree converter for modular and inter-
pretable representation learning [82]. These tools enable KANs
to synergize symbolic reasoning with neural modeling, thereby
facilitating applications in equation discovery, modular learning,
and interpretable AI. Building on these foundations, subsequent
research has focused on improving efficiency and stability. For
instance, simplified variants like ReLU-KAN [83] employ ReLU-
based activations and matrix-friendly operations for significant
speedups. By leveraging element-wise nonlinearities and stream-
lined linear transformations, ReLU-KAN significantly reduces
runtime overhead, especially on graphics processing unit (GPU)-
accelerated environments, enabling practical scalability for large-
scale graph and grid data applications. P1-KAN [84] and B-spline
radial-basis function (BSRBF)-KAN [85] introduce piecewise-
linear and radial-basis expansions, respectively, to ensure robust
performance in high-dimensional function approximation. The
piecewise-linear expansions in P1-KAN provide fine-grained
adaptability to local features, boosting approximation fidelity,
while BSRBF-KAN offers smooth isotropic feature modeling and

enhanced generalization in complex domains. Similarly, smooth
activation formulations enhance structural reliability in demand-
ing scientific and biomedical applications [86]. By incorporating
continuously differentiable activations, this approach reduces
gradient discontinuities and improves convergence stability
in highly sensitive simulation and diagnostic pipelines, thus
safeguarding against spurious artifacts and ensuring dependable
outcomes.

Beyond spline-based functions, the KAN paradigm has been
extended through specialized activation designs. Sinusoidal
KAN (SineKAN) [87], for example, utilizes sinusoidal activa-
tions for more lightweight deployments. Other works have inte-
grated Chebyshev polynomials to enhance nonlinear modeling
capacity [88]. These architectural innovations are complemented
by the early theoretical work [13], which provides a basis for
understanding the approximation power of such networks. This
line of research has also led to hybrid integrations, including
KAN-ordinary differential equations (ODEs), which embed
KAN operators into neural ODE solvers to uncover hidden
physical dynamics [89]. Comprehensive benchmarking and
large-scale evaluations have been crucial in positioning KANs
relative to traditional multi-layer perceptrons (MLPs). Their
performances have been compared in operator learning tasks,
demonstrating that KANs often match or even surpass MLPs
in approximating partial differential operator mappings with
fewer parameters [90]. Notably, in learning non-local operators
or integral transforms, KANs demonstrate improved sample
complexity and robustness to noisy training data, especially
when the underlying operator kernel exhibits smoothness. In
low-data regimes, KANs with trainable activation expansions
(e.g., B-splines or piecewise-linear bases) have shown superior
adaptability compared to standard MLPs, capturing non-linear
feature interactions with fewer training samples [91]. However,
these experiments also revealed that when data is extremely
scarce, their relatively high parameter count in KANs can lead to
overfitting unless regularization (such as sparsity or smoothness
constraints) is applied carefully. In federated environments,
KANs have been evaluated in settings where data is distributed
across clients with heterogeneous distributions, and results show
that federated KAN (Fed-KANs) variants often outperform Fed-
MLPs in convergence speed and generalization across clients,
thanks to their ability to model client-specific nonlinearities [92].
However, these gains are sensitive to communication overhead
and synchronization strategy. Optimal performance often re-
quires balancing activation complexity with the frequency of
model aggregation and local update steps.

In computer vision, early KAN adaptations achieved state-of-
the-art results in medical imaging [93], [94]. Building on these
successes (med-KANs), research has progressed beyond simple
backbones to deeply integrate KAN principles with core DL
structures. Examples include hybrid transformer-KAN models
and architectural primitives such as ConvKAN, which replaces
standard convolutions with KAN-based operators [16], [95].
To enable deeper networks, KAN-ResNet has been introduced
for straightforward incorporation of KAN layers into classical
DNNs such as ResNets [96]. The paradigm has been extended
to non-Euclidean data with graph KANs (G-KANs) for graph-
structured data, demonstrating a clear trend towards embedding
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2009 HHL (QML Onset) [22]: Introduced a quantum linear-systems solver that seeded QML primitives;
laid the theoretical foundation of QML by demonstrating that linear algebra primitives, which form the
computational core of classical ML algorithms, can be quantum-accelerated, inspiring early algorithmic
QML and ultimately motivating the shift toward variational and hybrid fusion learning architectures

2014

Quantum PCA [34]: Demonstrated quantum PCA (early algorithmic QML) for spectral learning tasks
Quantum SVM [37]: Presented quantum SVMs (algorithmic QML flagship) for large-margin classification
VQE (HQC Onset) [43]: Proposed the variational eigensolver as a hardware-compatible learning template;
marked the decisive transition from fault-tolerant, algorithmic QML to NISQ hybrid learning, establishing
PQCs optimized via classical feedback as the foundational paradigm for QML and QFL
QAOA [44]: Introduced VQA for combinatorial optimization (variational optimization template)

2017
QML (Overview) [39]: Provided the early field-defining review (canonical roadmap) of QML
VQE (Experiment) [62]: Demonstrated high-profile experimental validation of VQE for NISQ processors

2018 PQC Learning [71]: Formalized quantum circuit learning for supervised learning with classical optimization
QNN [47]: Popularized the QNN framing for supervised learning with PQCs on near-term devices
Barren Plateaus [55]: Identified barren plateaus in variational training, highlighting a core scalability issue
Quantum Boltzmann Machines [35]: Introduced a quantum extension of classical Boltzmann machines

2019

Quantum Kernels [70]: Established quantum-enhanced feature spaces and kernels for supervised learning
Kernel-PQC Duality [30]: Unified quantum kernels and variational quantum models in feature Hilbert spaces

2020

DRU [74]: Introduces data re-uploading (DRU) to boost expressivity in shallow quantum models
HTL (QFL Onset) [31]: Introduced hybrid transfer learning (HTL) in HQC neural networks;
demonstrated that small and trainable quantum circuits can be fused with pretrained classical DNNs
via transfer learning, embodying QFL, i.e., embedding quantum models inside classical AI pipelines

2021

VQA (Overview) [42]: Provided comprehensive reviews for VQAs, consolidating techniques and applications

2022

Data-Centric QML [67]: Demonstrated a provable quantum advantage in a learning task defined directly
on experimental quantum data, rather than on classical data encoded into quantum states

2023

LQM [72]: Unified quantum kernels, variational circuits, and DRU under linear quantum models (LQMs)
DRU (Experiment) [75]: Experimentally demonstrated the DRU quantum classifier on bosonic hardware
6G QFL [12]: Positioned QML as a system-level enabler for 6G, demonstrating how HQC fusion learning
architectures can meet extreme reliability and latency requirements beyond the reach of classical AI alone

2024

ISAC QFL [1]: Proposed deep quantum-transformer networks for multimodal beam prediction in ISAC
Quantum ViT [78]: Introduced the hybrid learning architecture integrating PQCs into transformer models

2025

Post-Variational HTL [69]: Advanced QFL by introducing the post-variational HTL framework
SGRS QFL [3]: Introduced QFL as a system-level learning and inference framework for integrated SGRS

Fig. 1. A timeline illustrating the evolution of QML towards QFL.

learnable activation functions as a fundamental component of
DL architectures [97]. A consolidated comparison of recent
KAN variants is summarized in Table II.

III. KAN-ENHANCED QFL

This section introduces the KAN-enhanced QFL framework
and outlines its key processing components, including the KAN
activation mechanism, the classical processing stage, and the
quantum processing stage.

A. Classical Processing Layer

The classical processing layer comprises KAN-driven classi-
cal AI modules, where KAN activations are embedded within
both residual and transformer network architectures to extract
and transform rich semantic features from the input data prior to
quantum processing, thereby enabling effective HQC fusion. To
ensure a compact and architecture-compatible KAN integration,
this work adopts GR-KAN activations rather than grid-based
B-spline KAN functions [16]. Accordingly, grid size and spline

degree are not introduced as tunable hyperparameters in the
proposed implementation. The grouped rational formulation
provides learnable nonlinear mappings while controlling param-
eter growth through group-wise parameterization. This design
reduces the number of KAN-specific hyperparameters and
facilitates integration into different backbone models using a
consistent activation-replacement strategy.

1) KAN Activation: The group-rational KAN (GR-KAN)
activation function is an advanced alternative to conventional
static activation functions such as ReLU and GELU. This
activation introduces a learnable group-wise rational function
applied over structured groups of input channels, thereby en-
hancing representational capacity and computational efficiency.
Consider an input vector z = (z1, z2, . . . , zN ) with N input
channels. These channels are partitioned into N0 groups, where
each group contains N/N0 channels. For an input channel
indexed by k, the corresponding group index is given by gk =
b(k − 1)N0/Nc + 1, ensuring channel-to-group consistency,
where bxc denotes the greatest integer less than or equal to x.
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TABLE II
A STRUCTURED OVERVIEW OF KAN DEVELOPMENTS

Class Model Feature Advantage Limitation

Foundational

KAN [14] Learnable spline-based activation
functions replacing linear weights

Expressivity and interpretability;
strong in regression and
PDE solving

Computationally expensive
compared to standard MLPs

KAN 2.0 [82]
MultKAN (multiplicative nodes),
kanpiler, tree converter for
symbolic representation

Symbolic–neural synergy,
equation discovery,
and modular interpretability

Functionality rather than
speed optimization

Efficiency
oriented

ReLU-KAN [83] ReLU functions and matrix-friendly
operations replacing splines

Fast GPU execution;
scalable on grid and graph data

Spline-level smooth loss;
fine-tuning requirement

P1-KAN [84] Piecewise-linear (P1)
basis expansions

Fine-grained adaptation; stable
high-dimensional approximation

More segments required for
global smoothness

BSRBF-KAN [85] Radial-basis spline expansions
for isotropic modeling

Smooth generalization;
effective function approximation

Computationally heavy for
dense radial-basis functions

Smooth and
functional

Smooth-KAN [86] Continuously differentiable
activations for smooth gradients

Improved convergence, reliability
in biomedical or scientific tasks Slightly higher training time

SineKAN [87] Sinusoidal activations for
lightweight deployments

Efficient periodic signal
modeling; compact structure

Less suitable for
non-periodic data

Chebyshev-KAN [88] Chebyshev polynomial activations Improved nonlinear modeling
capacity

Possible numerical instability
at high polynomial degrees

Applied and
theoretical

KAN-ODE [89] KAN operators embedded in
neural ODE solvers

Interpretable modeling of
hidden physical dynamics

Computationally demanding
due to ODE integration

Benchmark [90] Large-scale comparison between
KAN and MLP in operator learning

Accuracy with fewer parameters;
robust to noise

Slow training due to spline
operations

Low-Data [91] KAN with limited samples High adaptability and
sample efficiency

Overfitting risk without
regularization

Fed-KAN [92] Federated KAN for heterogeneous
clients

Fast convergence; improved
cross-client generalization

Communication and
synchronization overhead

Architectural
integrations and
applications

Med-KAN [93], [94] KAN integrated into biomedical
imaging models

State-of-the-art interpretability
and diagnostic accuracy

High computational cost for
high-dimensional imaging

KAN-Transformer [16] KAN attention modules combined
with transformers

Enhanced feature learning in
vision and sequential tasks

More complex optimization;
high training cost

ConvKAN [95] KAN operators replacing
convolution kernels

More expressive
convolutional layers Inference-latency increase

KAN-ResNet [96] KAN layers embedded into
ResNet architectures

Deeper and more stable
KAN-based networks

Careful initialization
required for convergence

G-KAN [97] KAN extended to graph and
non-Euclidean data

Strong graph learning;
effective edge modeling

Scalability challenges on
large graphs

The GR-KAN activation for the input vector z is given by [16]

GR-KAN (z) = Wφ (z) (1)

where W ∈ RM×N is a learnable weight matrix with M
output channels, consisting of scaling coefficients associated
with each input-output edge. The vector φ (z) comprises
rational activation values computed individually per channel
but parameterized per group:

φ (z) =
[
φg1 (z1) φg2 (z2) · · · φgN (zN )

]T
(2)

where the superscript T denotes the transpose. For a given
group gk ∈ {1, 2, . . . , N0}, the corresponding rational nonlin-
earity is defined as

φgk (zk) =

∑K1

i=0 agk,iz
i
k

1 +
∣∣∣
∑K2

j=1 bgk,jz
j
k

∣∣∣
(3)

where K1 and K2 denote the orders of the rational activation;
and the rational function coefficients agk,i and bgk,j are shared
across all channels within the same group gk. These parameters
are initialized to closely approximate the standard activation
function (e.g., GELU) at the onset. All learnable parameters—
including scaling weights Wi,j in W and the rational function
coefficients ai and bj—are trained through back-propagation
to optimize the activation functions for the target tasks.1 To
ensure architectural consistency, a recursive replacement routine
traverses the module tree and systematically substitutes every
instance of conventional activation functions (such as ReLU or
GELU) with the GroupKANActivationWrapper, thereby
incorporating the GR-KAN activation within the KAN-driven
QFL framework.

1We denote the (i, j)th entry of a matrix A by Ai,j . The same indexing
convention is adopted for higher-dimensional tensors.
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Fig. 2. A quantum-KAN-ResNet variant for QFL. The input image is processed through multi-stage convolutional blocks with residual connections and
grouped KAN-based learnable activations for enhanced feature learning. The extracted features are amplitude-embedded into the PQC module, forming HQC
features that are combined with a residual connection from pre-quantum features and passed to a fully connected layer for final prediction.

2) KAN-Enhanced Residual Networks: Integrating KAN
activation into ResNet architectures significantly enhances their
ability to model complex nonlinear relationships, particularly
crucial for 6G ISAC tasks such as image classification and
semantic feature extraction (see Fig. 2). The core components of
this architecture comprise convolutional layers, batch normaliza-
tion, KAN nonlinear activation, residual learning connections,
flattening operations, and fully connected dense layers. Let
X be the classical input data typically representing grayscale
image data. For multichannel inputs such as red-green-blue
(RGB) images or video streams, the corresponding image tensor
X ∈ RN1×N2×N is fed into a convolution layer employing a
filter tensor Q ∈ RM×N×K×K , where N1 and N2 denote the
spatial height and width of the input feature map, respectively,
and K denotes the spatial kernel size of the convolution filter.
The convolution operation produces the output feature map
Y ∈ RN ′

1×N
′
2×M according to:

Yi,j,k =

N∑

`=1

K∑

m=1

K∑

n=1

Qk,`,m,nXi+m,j+n,` (4)

where N ′1 and N ′2 denote the spatial height and width of the
output feature map, respectively. Following convolution, batch
normalization stabilizes and accelerates the training process by
normalizing the feature map:

Zi,j,k = γk
Yi,j,k − µk√

σ2
k + ε

+ βk (5)

where µk and σ2
k are the batch-wise mean and variance for

output channel k computed from the convolution output feature
map Y , respectively, while γk and βk are learnable scaling and
shifting affine parameters. Here, ε is a small positive constant
added for numerical stability. After reshaping the tensor Z into
vector form z, each normalized activation scalar Zi,j within the

tensor Z is further processed by a learnable GR-KAN function,
as defined in (1). In ResNet architectures, the residual unit
incorporates an identity mapping that combines the original
input features X with the KAN-activated transformation, which
can be expressed in matrix form as follows:

V = X + GR-KAN (Z) . (6)

This residual connection enhances gradient flow during back-
propagation, thereby enabling efficient training of deeper net-
works by countering vanishing gradients. The aforementioned
KAN-enhanced residual block can be repeated multiple times
for enhanced learning capacity. Finally, the resulting feature
tensor V ? is flattened and fed into a fully connected (dense)
layer for downstream classification tasks as follows:

ζ = softmax (W fc flatten (V ?) + bfc) (7)

where W fc and bfc denote the trainable weights and bias of
the fully connected layer. The resulting feature vector ζ can
be directly utilized by subsequent quantum processing layers
to perform sophisticated tasks, including scene classification
or predictive beamforming within 6G ISAC frameworks.

3) KAN-Enhanced Transformer Networks: The SwinT is
a hierarchical vision-based transformer that employs self-
attention within shifted local windows, effectively capturing
spatial dependencies with computational efficiency. To further
enhance its representational power for sophisticated 6G ISAC
tasks, we introduce a KAN-enhanced variant (see Fig. 3).
Specifically, we replace conventional activation functions (e.g.,
GELU) in both the SwinT blocks and MLP submodules
with learnable KAN activations, enabling data-adaptive and
highly expressive nonlinear transformations tailored to task-
specific features. The designed module is characterized by
three key enhancements: i) the frame-level representation
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Fig. 3. A quantum-KAN-SwinT model variant for QFL. Input frames are partitioned and processed through hierarchical transformer stages with patch merging,
spatial attention, and grouped KAN-based transformer blocks to extract stacked spatial and temporal features. These features are amplitude-embedded into the
PQC module for enhanced feature learning in quantum space, forming HQC features that are combined with a residual connection and passed to a fully
connected layer for final prediction.

mechanism, ii) the integration of KAN-based activation layers,
and iii) the incorporation of temporal self-attention to capture
cross-frame dependencies. Consider a batch of RGB video
frames represented by a tensor X ∈ R

M1×M2×N1×N2×3,
where M1 and M2 denote the batch size and the temporal
sequence length, respectively. For frame-level processing,
the data is reshaped by flattening the temporal dimension
to reshape (X) ∈ R

M1M2×N1×N2×3, merging batch and
temporal dimensions. Each frame Xb,t of this reshaped tensor
is then individually processed by the SwinT module with KAN-
enhanced feedforward sublayers, producing feature embeddings
of a predefined dimensionality as follows:

f b,t = SwinTKAN (Xb,t) (8)

for b = 1, 2, . . . ,M1 and t = 1, 2, . . . ,M2. These embeddings
are subsequently reorganized into the stacked feature sequence
tensor F = stack

(
f b,t

)
∈ RM1×M2×M3 , where M3 is the

output embedding dimension. Within each MLP or feed-
forward block of the SwinT architecture, standard activation
functions are replaced with KAN activations, as defined in (1).
These learnable rational activations dynamically adapt to
complex, data-specific nonlinearities, significantly enhancing

the network’s ability to model intricate patterns crucial to ISAC
tasks. To effectively capture temporal dynamics across frames,
the sequence of frame embeddings F is further processed by
a transformer encoding module comprising multiple attention
heads (e.g., 8 heads) and a large hidden dimension (e.g.,
2, 048). This temporal encoder produces enriched contextual
embeddings, formally defined as:

F ? = TemporalEncoder (F ) . (9)

The embedding corresponding to the final time-step token
F (t)
? serves as a global temporal context representation. These

extracted high-dimensional embeddings are further condensed
into a compact, actionable feature vector by a linear projection
operation as follows:

ζ = W p flatten
(
F (t)
?

)
+ bp (10)

where W p and bp are learnable projection parameters. This
compact representation ζ is employed directly in downstream
classification or regression tasks and can also be leveraged
as input features for quantum-enhanced processing modules,
supporting applications such as beam prediction, scene classi-
fication, or anomaly detection within ISAC frameworks.
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Fig. 4. Training accuracy and loss curves of ResNet50, KAN-ResNet50, and
Quantum-KAN-ResNet50 models (left) as well as SwinT, KAN-SwinT, and
Quantum-KAN-SwinT models (right) as a function of epochs for the RSSCN7
satellite-scene classification.

B. Quantum Processing Layer

The quantum processing layer operates on the extracted
classical features by performing quantum feature embedding,
entangling circuit operations, and quantum measurement,
followed by post-processing to support downstream tasks such
as satellite scene classification and ISAC beam prediction.

1) Feature Embedding: The output features of the classical
processing layer are encoded into the PQC using amplitude
embedding [1]. Specifically, the normalized feature data α =
ζ/‖ζ‖ are encoded into the probability amplitudes of a quantum
state composed of dlog2Me qubits as follows:

|ψ〉0 =
M−1∑

i=0

αi |i〉 (11)

where dxe denotes the smallest integer greater than or equal
to x and |i〉 is the ith computational basis state. As discussed
in [1, Section IV-A1], amplitude embedding enables compact
representation of high-dimensional features but incurs a state-
preparation cost scaling with O (M), which motivates careful
circuit-depth control in near-term implementations.

2) Entangling Layer: In this layer, the single-qubit rotation
gates R (θ) along with controlled-NOT (CNOT) gates play a
pivotal role in inducing entanglement within the PQC where θ
is a trainable rotation parameter [1]. The single-qubit rotations
are implemented using Pauli-x, -y and/or -z rotation gates:

R (θ) = e−ıσpθ/2 (12)

where ı =
√
−1, p ∈ {x, y, z}, and σx = |0〉〈1| + |1〉〈0|,

σz = |0〉〈0| − |1〉〈1|, and σy = ıσxσz are the Pauli operators.
Following the HQC construction in [1, Section IV-A2], the
embedded state is evolved through a stack of L entangling
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Fig. 5. Confusion matrices of ResNet50, KAN-ResNet50, and Quantum-KAN-
ResNet50 models (left) as well as SwinT, KAN-SwinT, and Quantum-KAN-
SwinT models (right) for the RSSCN7 satellite-scene classification.

layers, each consisting of trainable single-qubit rotationsR (θ)
interleaved with the CNOT entangling operations [1, eq. (14)].
This design induces nonclassical correlations among qubits while
maintaining a favorable balance between circuit expressiveness
and hardware efficiency. A cyclic CNOT topology is adopted to
promote entanglement across all qubits and to limit circuit depth.

3) Quantum Measurement and Readout: After the varia-
tional circuit prepares the PQC state, single-qubit measurements
in the computational (e.g., Pauli-z) basis are performed.
The expectation values of the corresponding observables are
evaluated and collected into the classical feature vector, which
serves as the quantum-enhanced representation. This output
is then post-processed to support downstream tasks such as
scene classification and ISAC beam prediction, following the
HQC measurement-and-readout strategy in [1, Section IV-A3].

IV. NUMERICAL RESULTS

This section presents numerical examples for the designed
KAN-enhanced QFL framework across three representative 6G
ISAC tasks: SGRS scene classification, beamforming prediction,
and generative SC classification. The experimental results are
presented using an ablation-style comparison among three model
levels: the original classical backbone, the KAN-enhanced
backbone, and the complete Quantum-KAN model. The classical
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TABLE III
CLASSIFICATION PERFORMANCE OF CLASSICAL AND KAN-ENHANCED QFL MODELS ON THE RSSCN7 DATASET

Model Parameter Accuracy Precision Recall F1-Score Loss

ResNet50 23,518,277 0.8446 0.8473 0.8446 0.8447 0.6185
KAN-ResNet50 23,518,923 0.8482 0.8516 0.8482 0.8474 0.5630
Quantum-KAN-ResNet50 23,519,003 0.8464 0.8480 0.8464 0.8463 0.5547

SwinT 27,581,999 0.8571 0.8550 0.8562 0.8553 0.5535
KAN-SwinT 27,582,911 0.8589 0.8565 0.8579 0.8566 0.5071
Quantum-KAN-SwinT 27,582,991 0.8696 0.8698 0.8693 0.8671 0.5446

backbone serves as the baseline without KAN and without PQC.
The KAN-enhanced model measures the effect of replacing con-
ventional activation functions with GR-KAN activation functions.
The complete Quantum-KAN model quantifies the additional
contribution of the PQC-based fusion module. This structure
separates the effects of classical feature extraction, KAN-based
nonlinear representation, and quantum fusion learning.

A. RSSCN7 [3], [98]: SGRS Scene Classification

To assess the semantic scene understanding capability, we
evaluate the framework on the RSSCN7 dataset, which consists
of SGRS images spanning diverse land-cover categories.

1) Dataset Composition: We employ the RSSCN7 dataset,
a benchmark for remote-sensing scene classification, which
comprises seven diverse scene categories, including farmland,
forest, and industrial areas. Each category encompasses images
captured under varying weather conditions and from distinct
geographic regions, making the classification task both chal-
lenging and representative of real-world complexity. To ensure
reproducibility and consistency in performance evaluation, the
dataset is partitioned using a fixed random seed. Specifically,
80 % of the available images (excluding the official test set) are
used for model training, while the remaining 20 % are reserved
for validation purposes. In addition, the separate official test set is
used exclusively for the final evaluation of model generalization.

2) Model Considerations and Training Parameters: Model
architectures and training configurations follow unified exper-
imental setups, including ResNet50 and SwinT backbones in
their classical, KAN-enhanced, and quantum-integrated variants.
For the RSSCN7 remote-sensing scene classification task, single
RGB images are used as inputs without temporal stacking. All
models are trained for 50 epochs using the adaptive moment
estimation (Adam) optimizer with an initial learning rate of 10−3

under identical optimization settings to ensure fair comparison.
To ensure stable and efficient convergence, we utilize

the ReduceLROnPlateau learning-rate scheduler, which
reduces the learning rate by a factor of 0.1 whenever the
validation loss fails to improve for five consecutive epochs.
Training is conducted using mini-batch gradient descent with
a batch size of 32. In addition, to stabilize the training of
the HQC architecture, we adopt a conservative optimization
strategy based on a relatively low initial learning rate and
adaptive learning-rate scheduling. This is particularly important
for the Quantum-KAN-ResNet50 variant, where the deep
residual backbone, GR-KAN activation functions, and the PQC
introduce multiple levels of trainable nonlinear transformations.

An excessively high learning rate may lead to unstable
parameter updates, poor convergence, or degraded validation
performance. Therefore, the adaptive learning-rate strategy
gradually adjusts the update scale during training, allowing the
model to refine both classical and quantum trainable parameters
more smoothly. Although no additional explicit regularization
technique is introduced in this study, this optimization strategy
helps improve training stability and reduces the risk of unstable
convergence in the proposed HQC framework.

To complement the performance evaluation, we also analyze
the model complexity in terms of trainable parameters. The
proposed KAN-based modules introduce additional learnable
nonlinear mappings, but their grouped formulation helps limit
parameter growth compared with fully independent channel-
wise mappings. Thus, the parameter count comparison provides
a hardware-independent indication of the additional classical
model complexity introduced by the KAN integration. We note
that classical floating-point operations per second (FLOPS)-
based profiling is not directly transferable to the simulated quan-
tum processing stage, since quantum execution is more appro-
priately characterized by circuit-level and hardware-dependent
metrics such as circuit depth, number of shots, quantum volume,
and circuit-layer operations per second (CLOPS) [99]. Therefore,
detailed FLOPS/runtime and quantum-hardware-aware profiling,
which depend on the target QPU and execution backend, are left
for future deployment-oriented evaluation.

Quantum-KAN-ResNets: We evaluate three model variants
derived from the ResNet50 architecture. The first variant, desig-
nated as baseline ResNet50, employs the standard convolutional
structure with conventional ReLU activation functions. The
second variant, termed KAN-ResNet50, integrates KAN-based
activation functions in place of ReLU, facilitating the learning
of more flexible and data-driven nonlinear representations.
The third variant, Quantum-KAN-ResNet50, further extends
KAN-ResNet50 by incorporating PQC modules into its feature-
extraction pipeline (see Fig. 2). This quantum enhancement is
designed to capture complex higher-order interactions within
extracted features using 8-qubit and 10-layer PQCs, potentially
augmenting classification performance.

Quantum-KAN-SwinTs: The SwinT architecture utilizes
hierarchical self-attention mechanisms with shifted window
partitions, providing strong inductive biases particularly suited for
capturing spatial features in remote sensing imagery. To ensure a
fair and consistent evaluation, we adopt the same fixed training–
validation split used in the ResNet experiments. We examine
three SwinT-based model variants. The baseline SwinT model
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Fig. 6. Training accuracy and loss curves of ResNet50, KAN-ResNet50,
and Quantum-KAN-ResNet50 as a function of epochs for the DeepSense 6G
dataset Scenarios: SC-8 (left) and SC-9 (right).

employs the standard architecture with GELU activation functions.
The second variant, termed KAN-SwinT, replaces all GELU
activations with KAN-based activation functions, which provide
more flexible and data-adaptive nonlinear transformations. Finally,
Quantum-KAN-SwinT extends this KAN-SwinT by integrating
PQC modules that transform the learned feature representations
using amplitude encoding and quantum entanglement to effec-
tively capture complex feature correlations (see Fig. 3).

3) Classification Performance: Fig. 4 and Fig. 5 illustrate
the training performance curves and confusion matrices of
KAN-ResNet50, Quantum-KAN-ResNet50, KAN-SwinT, and
Quantum-KAN-SwinT in comparison with their respective
baseline models, respectively. The baseline ResNet50 model
achieves a test accuracy of 84.46 %. By introducing KAN-based
activations, the KAN-ResNet50 variant improves performance,
reaching a test accuracy of 84.82 %. Further extending KAN-
ResNet50 with the PQC module, the Quantum-KAN-ResNet50
variant attains a test accuracy of 84.64 %. As summarized
in Table III, these results demonstrate that both the KAN-
based activation functions and the PQC-enhanced module yield
competitive improvements over the conventional ResNet50
baseline, with KAN-ResNet50 providing the most notable
accuracy gain. In contrast, the transformer-based models exhibit
more pronounced improvements. The baseline SwinT achieves
a test accuracy of 85.71 %, while KAN-SwinT improves this
performance to 85.89 %, reflecting better generalization enabled
by KAN-based nonlinearities. Notably, Quantum-KAN-SwinT
achieves the highest test accuracy of 86.96 %, demonstrating the
advantage of quantum-enhanced feature modeling. Overall, these
results suggest that KAN-based activations enhance generaliza-
tion performance by providing adaptive and expressive nonlinear
transformations, while the incorporation of PQC modules further
boosts accuracy by capturing higher-order feature dependencies
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Fig. 7. Training accuracy and loss curves of SwinT, KAN-SwinT, and Quantum-
KAN-SwinT as a function of epochs for the DeepSense 6G dataset Scenarios:
SC-8 (left) and SC-9 (right).

that are difficult to model using purely classical architectures.

B. DeepSense 6G [32]: ISAC Beam Prediction

To evaluate ISAC beamforming prediction performance, we
use the DeepSense 6G dataset, focusing specifically on image-
based input data to predict optimal beam indices under realistic
vehicular communication scenarios.

1) Dataset Composition: We leverage the DeepSense 6G
dataset, specifically utilizing Scenarios 6, 8, and 9, to assess
our vision-aided beam prediction framework. The dataset offers
synchronized RGB imagery and corresponding millimeter-wave
(mmWave) power measurements across various urban and vehic-
ular environments, enabling in-depth investigation of visually-
guided wireless communication systems. The selected scenarios
differ in scale and complexity. Scenario 6 (SC-6) comprises
915 instances, Scenario 8 (SC-8) includes 4, 043 instances, and
Scenario 9 (SC-9) contains 5, 964 instances. We again partition
each scenario into 80 % training and 20 % validation subsets,
maintaining a fixed random seed to guarantee reproducibility.

The original task involves selecting the optimal beam index
from 64 mmWave power values. To enable the integration
of PQC modules within our model, we reduce the output
dimensionality by selecting the 8 most frequently activated
beam indices from the original set of mmWave beam measure-
ments [32]. Accordingly, the considered task remains a beam
prediction problem, where the model predicts the optimal beam
among the selected representative candidates. This reduced
beam-index formulation alleviates output sparsity and enables a
controlled comparison of different learning architectures under
the same classification setting. Since the same beam-index
mapping, data partitioning, and evaluation protocol are applied
to all baseline and proposed models, the relative performance
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Fig. 8. Beamforming prediction accuracy (top-1, top-2, and top-3) of classical baselines and KAN-enhanced QFL models across the DeepSense 6G dataset
Scenarios (SC-6, SC-8, and SC-9). R, KR, QKR, S, KS, and QKS stand for ResNet50, KAN-ResNet50, quantum-KAN-ResNet50, SwinT, KAN-SwinT, and
quantum-KAN-SwinT models, respectively.

comparison remains consistent and fair. The reported results
should be interpreted as beam prediction over a selected set of
representative beam indices, which is relevant to hierarchical
and low-complexity beam management in 6G systems.

2) Model Considerations and Training Parameters: To
investigate vision-aided beam prediction for vehicular com-
munication scenarios, we adapt and extend both residual
network and transformer-based architectures to effectively
process temporal input sequences derived from the DeepSense
6G dataset. Unless otherwise stated, the model architectures
and training procedures for this task are identical to those
described in Section IV-A2. Unlike RSSCN7, this task requires
explicit temporal modeling. Accordingly, all models process
inputs structured as sequences of five consecutive RGB frames,
stacked along the channel dimension to form tensors of shape
15 ×N1 ×N2, facilitating effective utilization of short-term
temporal dynamics for beam prediction tasks. Owing to the
additional memory and computational overhead introduced
by temporal processing and quantum module integration,
each mini-batch for training and validation consists of eight
temporal samples, each containing five sequential frames. This
sequential data structure allows the models to effectively
harness spatiotemporal information, thereby enhancing beam
prediction accuracy. The ReduceLROnPlateau scheduler
employs three consecutive epochs. For ResNet-based models,
the initial learning rate is set to 10−3, while for SwinT-based
models, the rate of 10−4 is used to accommodate the increased
optimization sensitivity of transformer architectures.

3) Prediction Performance: Fig. 6 and Fig. 7 depict training
accuracy and loss curves for benchmark models in DeepSense 6G
Scenarios 8 and 9. Top-1, -2, and -3 beam prediction accuracies
(in percentages) are plotted in Fig. 8, while Table IV reports the
corresponding accuracies (in ratios), validation losses, and pa-
rameter counts for all model variants across Scenarios 6, 8, and 9
in the DeepSense 6G dataset. For Scenario 6, the KAN-ResNet50
model achieves the highest top-1 accuracy of 43.17 %, surpass-
ing both the baseline ResNet50 (37.16 %) and its quantum-
integrated counterpart, Quantum-KAN-ResNet50, which reaches
42.08 %. Notably, Quantum-KAN-ResNet50 demonstrates a

slightly lower validation loss of 0.2630, indicating improved
convergence despite minor reductions in top-3 accuracy. For
Scenario 8, KAN-ResNet50 again shows superior performance
with a top-1 accuracy of 56.31 % and the lowest validation loss of
0.2563. While Quantum-KAN-ResNet50 achieves a competitive
top-2 accuracy of 84.65 %, its overall performance slightly
decreases, likely due to quantum module sensitivity to noise in
large-scale datasets. In Scenario 9, KAN-ResNet50 maintains its
leading performance with a top-1 accuracy of 52.43 % and a top-
3 accuracy of 91.02 %. The Quantum-KAN-ResNet50 variant
shows slightly lower accuracy across all metrics, potentially due
to reduced regularization effects from the quantum layer, leading
to mild overfitting. The transformer-based models exhibit con-
sistently robust performance, most notably in Scenario 8, where
the KAN-SwinT achieves the highest overall accuracy with a
top-1 accuracy of 59.78 % and a top-3 accuracy of 97.03 %.
Quantum-KAN-SwinT closely follows, attaining 58.04 % top-1
and 96.04 % top-3 accuracy, while also achieving the lowest val-
idation loss of 0.2152, highlighting the effectiveness of quantum
integration in refining learned feature representations. Across
all evaluated scenarios, KAN-enhanced models consistently
outperform baselines, underscoring the benefits of data-adaptive
nonlinear activations. Moreover, quantum-integrated models
further exhibit competitive performance and often improved
performance, particularly in Scenarios 6 and 8, by effectively
capturing intricate spatiotemporal dependencies. These findings
highlight the potential of HQC architectures in enhancing ISAC
beam prediction accuracy within temporally structured and
resource-constrained contexts.

C. GenSC-6G [33]: Generative SC Classification
To evaluate the effectiveness of KAN-enhanced QFL models

for generative SC tasks, we conduct supervised classification
experiments on the GenSC-6G dataset using plain (noise-free)
images. This example focuses on the semantic classification of
realistic vehicular imagery with provided ground-truth labels.

1) Dataset Composition: The GenSC-6G dataset is designed
to support a wide range of SC and ML tasks, including classifica-
tion, segmentation, object detection, and edge LLM applications.
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TABLE IV
PREDICTION PERFORMANCE OF CLASSICAL AND KAN-ENHANCED QFL MODELS ON THE DEEPSENSE 6G DATASET

Scenario Model Parameter Accuracy Loss
Top-1 Top-2 Top-3

SC-6

ResNet50 23,562,056 0.3716 0.7541 0.8579 0.2727
KAN-ResNet50 23,562,702 0.4317 0.7760 0.9016 0.2635
Quantum-KAN-ResNet50 23,562,854 0.4208 0.7760 0.8689 0.2630

SwinT 38,613,810 0.4317 0.7760 0.8798 0.2626
KAN-SwinT 38,614,722 0.4317 0.7760 0.8798 0.2626
Quantum-KAN-SwinT 38,614,874 0.4317 0.7760 0.8798 0.2659

SC-8

ResNet50 23,562,056 0.5569 0.8490 0.9567 0.2987
KAN-ResNet50 23,562,702 0.5631 0.8379 0.9431 0.2563
Quantum-KAN-ResNet50 23,562,854 0.5545 0.8465 0.9431 0.3184

SwinT 38,613,810 0.5718 0.8478 0.9592 0.2175
KAN-SwinT 38,614,722 0.5978 0.8713 0.9703 0.2197
Quantum-KAN-SwinT 38,614,874 0.5804 0.8589 0.9604 0.2152

SC-9

ResNet50 23,562,056 0.5084 0.7819 0.9010 0.2711
KAN-ResNet50 23,562,702 0.5243 0.7768 0.9102 0.2561
Quantum-KAN-ResNet50 23,562,854 0.4874 0.7559 0.8901 0.2739

SwinT 38,613,810 0.4924 0.7827 0.9027 0.2519
KAN-SwinT 38,614,722 0.5109 0.7961 0.9169 0.2471
Quantum-KAN-SwinT 38,614,874 0.5101 0.7911 0.9169 0.2489

TABLE V
CLASSIFICATION PERFORMANCE OF CLASSICAL AND KAN-ENHANCED QFL MODELS ON THE GENSC-6G DATASET

Model Parameter Accuracy Training Loss
Training Validation Test

ResNet50 23,518,277 0.99677 0.78516 0.64635 0.03213
KAN-ResNet50 23,518,923 0.98086 0.81250 0.61146 0.08061
Quantum-KAN-ResNet50 23,519,003 0.99138 0.79688 0.68385 0.05015

SwinT 27,581,999 0.99452 0.70614 0.61290 0.04967
KAN-SwinT 27,582,911 0.99671 0.74123 0.63441 0.02767
Quantum-KAN-SwinT 27,582,991 0.99123 0.74561 0.61290 0.06569

The full dataset contains ground-truth annotated data for 15
semantic classes, with 4, 829 instances in the training split and
1, 320 instances in the testing split. Each instance consists of an
image paired with its semantic class label, primarily representing
common vehicle types in both military and civilian domains.
In this example, we use the dataset for image classification,
selecting the first five classes from the original label space
due to current NISQ limitations. This reduced five-class setup
ensures computational feasibility while preserving the essential
characteristics required to demonstrate the SC framework. Only
plain image data and ground-truth class labels are used without
introducing additive noise or feature-level perturbations. From
the selected subset, a total of 1, 142 instances are retained. The
original training portion, comprising approximately 1, 133 in-
stances, is further divided into the training (80 %) and validation
(20 %) subsets. As a result, the dataset consists of 913 training
images, 229 validation images, and 373 test images.

2) Model Considerations and Training Parameters: The
experimental configuration for this example follows the same
model architectures and training procedures described in
Section IV-A2, except that the initial learning rate for the
ResNet-based variants is set to 10−4.

3) Classification Performance: The classification results for
the GenSC-6G task are summarized in Table V. The baseline
ResNet50 model achieves strong training performance with
99.68 % training accuracy and 78.52 % validation accuracy,
resulting in a test accuracy of 64.64 %. Incorporating the KAN
activations into the ResNet architecture yields comparable
results, with KAN-ResNet50 reaching 98.09 % training accu-
racy, 81.25 % validation accuracy, and 61.15 % test accuracy.
When further enhanced with quantum-inspired PQC modules,
the Quantum-KAN-ResNet50 model maintains stable training
behavior and attains the highest test accuracy among the
ResNet variants at 68.38 %, highlighting the potential benefits
of quantum-enhanced feature learning. For the transformer-
based models, the baseline SwinT achieves 99.45 % training ac-
curacy, 70.61 % validation accuracy, and 61.29 % test accuracy.
Introducing KAN activations improves training accuracy to
99.67 % and validation accuracy to 74.12 %, achieving 63.44 %
test accuracy with the lowest training loss among all models.
The Quantum-KAN-SwinT variant attains the highest validation
accuracy of 74.56 %. Overall, these results demonstrate that
both KAN-based activations and quantum-inspired extensions
deliver competitive performance in generative SC classification,
even under reduced-class and NISQ-constrained settings.
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V. CONCLUSION

This paper has put forth a KAN-enhanced QFL framework
tailored for 6G networks. By combining PQCs with KAN-
enhanced ResNet and SwinT architectures, the designed HQC
models effectively capture intricate nonlinearities, high-order
feature interactions, and adaptive representations required in
dynamic wireless environments. Extensive evaluations on the
remote-sensing satellite scene classification (RSSCN7 dataset),
ISAC beamforming prediction (DeepSense 6G dataset), and
generative SC classification (GenSC-6G dataset) demonstrate
comparable task-dependent improvement in predictive accuracy
and generalization capability over purely classical AI-based
models. These results highlight the QFL potential for enabling
semantic-aware communications and digital-twin intelligence
in 6G networks. Future work will focus on enhancing the
scalability and hardware efficiency of quantum-integrated,
KAN-enhanced large AI architectures as well as realizing
practical co-deployment of PQCs and generative diffusion
models in multimodal 6G environments.

REFERENCES

[1] S. Tariq, B. E. Arfeto, U. Khalid, S. Kim, T. Q. Duong, and H. Shin,
“Deep quantum-transformer networks for multimodal beam prediction
in ISAC systems,” IEEE Internet Things J., vol. 11, no. 18, pp. 29 387–
29 401, Sep. 2024.

[2] J. Yao, M. Jin, T. Wu, M. Elkashlan, C. Yuen, K.-K. Wong, G. K.
Karagiannidis, and H. Shin, “FAS-driven spectrum sensing for cognitive
radio networks,” IEEE Internet Things J., vol. 12, no. 5, pp. 6046–6049,
Mar. 2025.

[3] U. Khalid, U. I. Paracha, Z. Naveed, T. Q. Duong, M. Z. Win, and
H. Shin, “Quantum fusion intelligence for integrated satellite-ground
remote sensing,” IEEE Wireless Commun., vol. 32, no. 3, pp. 46–55, Jun.
2025.

[4] A. Faisal, I. Al-Nahhal, K. Lee, O. A. Dobre, and H. Shin, “Conditional
generative adversarial networks for channel estimation in RIS-assisted
ISAC systems,” IEEE Trans. Commun., vol. 73, no. 9, pp. 7828–7841,
Sep. 2025.
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V. Dunjko, “Quantum machine learning beyond kernel methods,” Nat.
Commun., vol. 14, no. 1, p. 517, Jan. 2023.

[73] S. Thanasilp, S. Wang, M. Cerezo, and Z. Holmes, “Exponential
concentration in quantum kernel methods,” Nat. Commun., vol. 15, no. 1,
p. 5200, Jun. 2024.
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