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Abstract—The integration of reconfigurable intelligent surfaces
(RISs) and non-orthogonal multiple access (NOMA) is consid-
ered a promising technique to enhance spectral efficiency and
connectivity in future 6G networks. Accurate channel estimation
remains a critical challenge in RIS-NOMA systems due to the
increased complexity introduced by the combination of RIS
and NOMA technologies. While quantum machine learning
(QML) has demonstrated potential in wireless communications,
its application in channel estimation remains underexplored. This
paper investigates the effectiveness of a hybrid quantum-classical
machine learning (ML) model for channel estimation in RIS-
NOMA systems. We propose a hybrid architecture that integrates
convolutional neural networks (CNNs) with quantum long short-
term memory (QLSTM) networks, where CNNs perform spatial
feature extraction while QLSTMs capture temporal dependencies
in the time-varying channel. Extensive simulations are conducted
to evaluate the performance of the model under various network
configurations, considering different power allocation factors, the
number of RIS elements, and signal-to-noise ratios (SNRs). The
performance of the proposed model is benchmarked against both
pure quantum and classical ML models, including a quantum
neural network (QNN), a CNN, a long short-term memory
(LSTM) model, a bidirectional LSTM (BiLSTM) model, and a
CNN-LSTM model. The results demonstrate that the proposed
CNN-QLSTM model outperforms all baseline methods in terms
of root mean square error (RMSE), mean absolute error (MAE),
and mean absolute percentage error (MAPE). These findings
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highlight the potential of quantum-enhanced ML for channel
estimation in next-generation communication networks.

Index Terms—Channel estimation, quantum machine learning
(QML), CNN, QLSTM, NOMA, RIS, 6G networks.

I. INTRODUCTION

The sixth-generation (6G) wireless communication net-
works are attracting global attention from both academia and
industry, driven by the need to overcome the limitations of pre-
vious communication networks, such as fifth-generation (5G).
6G is expected to significantly enhance reliability, coverage,
latency, speed, and sensing accuracy, surpassing the capabil-
ities of its predecessors [1]. These advancements are built
upon emerging technologies such as terahertz (THz) frequency
bands [2], advanced multiple-input multiple-output (MIMO)
systems [3], artificial intelligence (AI) [4], and quantum
computing, which collectively contribute to the unprecedented
performance of 6G. With these enhanced capabilities, 6G aims
to facilitate a wide range of mission-critical applications that
require ultra-reliable and low-latency communications, e.g.,
augmented reality (AR), extended reality (XR), virtual reality
(VR), robotics and autonomous systems, connected health,
and holographic or tactile communications. Furthermore, 6G
is expected to support the Internet of Everything (IoE) by
seamlessly integrating a diverse array of devices and systems,
which will create intelligent and interconnected environments
across various sectors, including smart cities and industrial
automation. A key enabler of this vision is the integration of
non-terrestrial networks (NTN) and terrestrial networks (TN),
which ensures seamless connectivity and expands the capabili-
ties of IoE across remote and urban areas. This integration not
only ensures ubiquitous and seamless connectivity across both
urban and remote areas but also enhances network robustness,
scalability, and low-latency communications essential for IoE
applications. The fusion of NTN and TN accelerates the
realization of innovative IoE applications, enabling a fully
connected ecosystem that spans from the molecular to the
universal scale [5].

To fully harness the potential of 6G in supporting these
diverse mission-critical applications, traditional orthogonal
multiple access (OMA) approaches are insufficient since they
struggle to accommodate the massive number of users and
devices expected in 6G networks due to their inflexible



resource allocation mechanisms [6]. To address the grow-
ing demands for ultra-reliable, low-latency communication,
and enhanced connectivity, non-orthogonal multiple access
(NOMA) emerges as a promising solution [7]. Unlike OMA,
NOMA allows multiple users to simultaneously share the same
radio resources (e.g., frequency bands) by separating them
in either the power or code domain. This capability enables
NOMA to meet the massive connectivity requirements of 6G
networks while maintaining fairness among users, making it
a key enabler for efficient and scalable resource allocation.
Recent studies have shown that NOMA can provide substantial
benefits over traditional OMA techniques, including improved
spectral and energy efficiency, which are essential for achiev-
ing the high data rates and low latency goals of 6G [8]. As
6G development progresses, achieving effective integration of
NOMA with emerging technologies such as reconfigurable
intelligent surfaces (RISs), advanced MIMO, millimeter-wave
(mmWave), and AI remains an open research question, which
must be addressed to fully realize the ambitious goals of 6G
networks.

In recent years, RISs have gained significant attention
within the research community as a promising technique for
enhancing network coverage, connectivity, and overall perfor-
mance in 6G systems [9]. RIS technology facilitates various
wireless functions, including communication, power transfer,
sensing, and localization, and is therefore considered a key
enabler for 6G, alongside other emerging technologies, such
as orthogonal time frequency space (OTFS), THz frequency
bands, and integrated sensing and communication (ISAC) [10].
By dynamically adjusting the phase and the amplitude of its
reflective elements, a RIS can modify wireless propagation
environments to enhance signal strength, reduce interference,
and improve energy efficiency, leading to more efficient and
reliable wireless networks [11]. The combination of NOMA
and RIS has the potential to significantly improve network
performance by leveraging the strengths of both technologies.
Specifically, a RIS can effectively mitigate the limitations of
NOMA by optimally increasing the channel gain differences
among users. Through strategic placement and reflection co-
efficient adjustments, a RIS can enhance the performance of
power-domain NOMA, allowing for significant improvements
in its overall performance and achievable gains [12]. However,
the successful deployment of RIS in 6G networks requires
addressing challenges related to channel estimation, real-time
control of RIS elements, and the development of efficient
algorithms to manage the interplay between RIS and NOMA.
Ongoing research efforts are focusing on addressing these
challenges to fully exploit the synergistic potential of RIS and
NOMA for future 6G networks.

A wireless channel is a physical medium through which
wireless signals propagate between a transmitter and a receiver
[13], [14]. Accurate estimation of channel state information
(CSI) is crucial in a 6G communication system, especially in a
RIS-NOMA system where scattering, multi-path propagation,
power decay, and shadowing effects are highly unpredictable.
CSI provides comprehensive information about channel char-
acteristics, such as fading coefficients, delay spreads, and
Doppler shifts, which are essential for optimizing signal

transmission and reception. Precise CSI estimation enables
the system to adaptively adjust parameters to mitigate the
effects of channel fading and manage interference. This leads
to enhanced signal quality and increased data transmission
rates [15]. In NOMA systems, achieving accurate CSI is in-
dispensable for executing successive interference cancellation
(SIC) at each receiver [16]. SIC relies on the accurate decoding
of superimposed signals from multiple users sharing the same
radio resources. Without precise CSI, the effectiveness of SIC
diminishes, resulting in increased error rates and degraded
system performance. Moreover, a RIS typically comprises
a large number of elements, each capable of independently
adjusting the phase and amplitude of the incoming signals.
This results in a complex and high-dimensional channel en-
vironment, where a multitude of channel parameters need to
be estimated simultaneously. The large number of parameters
significantly increases the complexity and computational load
of CSI estimation, making it even more challenging in RIS-
enhanced NOMA systems [17]. Advanced techniques are
being explored to address these challenges, including machine
learning (ML)-based approaches, compressive sensing, and
distributed estimation algorithms [18], [19], [20].

Quantum technology is initiating a transformative change in
the field of computing. Quantum computations are performed
using circuits composed of parameterized quantum gates,
which can be trained or optimized by classical optimization
methods. As a result, the quantum machine learning (QML)
framework has gained increasing attention across various
disciplines [21]. In QML, classical data is embedded into
quantum bits (qubits), leveraging quantum phenomena such
as superposition and entanglement to potentially reduce the
size of neural networks and accelerate the training process
[22]. This novel paradigm offers significant computational
advantages across various domains, enabled by quantum com-
puters that can process multiple states simultaneously through
quantum parallelism. In the context of 6G wireless communi-
cation, QML shows potential for solving complex, real-time
computing tasks such as signal processing, resource allocation,
network traffic optimization, and channel estimation [23]. The
ability of QML to handle large-scale data and perform parallel
computations could lead to more efficient and scalable solu-
tions in these areas. However, despite its potential, the practical
application of QML in channel estimation remains largely
underexplored in the existing literature. Current studies have
primarily focused on theoretical frameworks and preliminary
experiments, with limited empirical evaluations in real-world
6G scenarios. Challenges such as quantum noise, qubit deco-
herence, and the limited number of qubits in current quantum
hardware hinder the practical deployment of QML algorithms.
Additionally, developing efficient quantum algorithms that can
operate within these hardware constraints while achieving
performance improvements is an ongoing area of research.

The convergence of these technologies presents both signif-
icant opportunities and challenges for future wireless commu-
nications. RIS technology offers unprecedented control over
wireless propagation environments, whilst NOMA enables
efficient spectrum utilisation through non-orthogonal resource
sharing. Meanwhile, QML emerges as a promising paradigm



that can potentially address the computational complexities of
next-generation wireless systems through quantum parallelism
and enhanced processing capabilities. However, the integration
of these technologies introduces new technical challenges,
particularly in channel estimation, which remains a critical
enabler for optimal system performance. The complex in-
terplay between RIS reflection characteristics, NOMA power
allocation strategies, and dynamic channel conditions creates
a sophisticated estimation problem that requires innovative
solutions.

II. MOTIVATION AND CONTRIBUTIONS

This section presents the specific motivations driving our
research and details the key contributions of this work. The
increasing complexity of 6G wireless networks, with the inte-
gration of RIS and NOMA, introduces challenges in channel
estimation, including high-dimensional channel matrices and
dynamic time-varying environments. While these technolo-
gies offer substantial benefits individually, their combination
creates unprecedented estimation complexity that existing
approaches struggle to address effectively. Traditional and
ML-based methods offer partial solutions, but they remain
limited by scalability challenges and computational demands,
especially as the number of users and RIS elements increases.
Despite the promising potential of QML, QML-based channel
estimation techniques for RIS-NOMA systems remain largely
unexamined in existing literature. To address this critical
research gap, this work takes an initial step in investigating
the feasibility of QML for channel estimation in RIS-NOMA
downlink systems. In this paper, we propose a convolutional
quantum long short-term memory (CNN-QLSTM) architec-
ture, a QML-based channel estimation method that integrates
CNNs with quantum long short-term memory (QLSTM) net-
works to enhance estimation accuracy. One of the key strengths
of the CNN architecture is its ability to perform automatic fea-
ture extraction [24], making it particularly useful for handling
high-dimensional channel coefficient matrices in RIS-NOMA
systems, where the presence of multiple users and numerous
RIS elements significantly increases estimation complexity.
Meanwhile, the LSTM architecture effectively captures long-
term dependencies in sequential wireless channel data [25],
[26]. The integration of quantum computing with LSTM
through variational quantum circuits (VQCs) allows QLSTM
to exploit quantum parallelism [27], which potentially im-
proves the efficiency of processing complex channel dynamics
in RIS-NOMA systems. The main contributions of this paper
are summarized in Tab. I and listed as follows:

• We investigate a downlink RIS-NOMA communication
system considering both large-scale and small-scale fad-
ing to reflect realistic propagation conditions. The system
applies power-domain NOMA and uses a passive RIS to
assist the transmission.

• A hybrid quantum-classical ML framework is proposed
for channel estimation in RIS-NOMA downlink systems.
The CNN-QLSTM model combines CNNs for spatial
feature extraction with QLSTM networks to capture
temporal variations in wireless channels. This hybrid

TABLE I: Overview of prior studies and this work.

Studies RIS NOMA QML
[28]–[30] ✓ × ×
[31]–[33] × ✓ ×
[34], [35] ✓ ✓ ×

[36] × × ✓
[37] ✓ × ✓

This work ✓ ✓ ✓

approach enables effective handling of high-dimensional
channel matrices and dynamic time-varying environments
in RIS-NOMA networks.

• To ensure the robustness and efficiency of the proposed
QML model, we evaluate multiple quantum circuit ar-
chitectures with varying numbers of qubits and different
quantum embedding techniques. Extensive simulations
are conducted to determine the optimal configuration
that balances estimation accuracy and computational ef-
ficiency in the RIS-NOMA channel estimation task.

• The performance of the proposed CNN-QLSTM model
is evaluated under various network configurations. The
study examines how estimation accuracy is influenced by
signal strength, power allocation factors, and the number
of RIS elements.

• The proposed CNN-QLSTM model is compared with
both pure quantum and conventional DL-based estima-
tors, including quantum neural network (QNN), CNN,
LSTM, and BiLSTM models. The results demonstrate
that CNN-QLSTM achieves the lowest estimation errors
across different evaluation metrics. This result highlights
the superiority of hybrid architectures over pure quantum
methods and demonstrates the effectiveness of our ap-
proach in improving channel estimation accuracy in RIS-
NOMA systems.

The remainder of this paper is structured as follows. Section III
reviews related works on channel estimation techniques, RIS-
NOMA systems, and quantum technologies for 6G. Section IV
presents the RIS-NOMA system model and formulates the
channel estimation problem. Section V proposes the CNN-
QLSTM model as a QML-based solution for channel estima-
tion. Section VI presents the evaluation results under various
RIS-NOMA system configurations. Finally, Section VII con-
cludes the paper with key findings and potential directions for
future research.

III. RELATED WORKS

To contextualise our contribution, this section reviews the
literature across three key areas. We begin by surveying the
evolution of channel estimation techniques. Next, we discuss
broader system-level studies on RIS-aided NOMA systems.
Finally, we provide an overview of emerging quantum tech-
nologies for 6G, which establishes the foundation for our
proposed QML approach.

A. Channel Estimation Techniques
ML has gained increasing attention in channel estima-

tion as a data-driven approach that complements traditional



model-based methods. By leveraging data-driven models, ML
techniques offer new possibilities for improving estimation
accuracy and adaptability in diverse channel conditions. This
section reviews the progression from foundational classical
methods to advanced ML and emerging QML approaches.
Conventional channel estimation relies on classical signal pro-
cessing and statistical methods. For NOMA systems, adaptive
algorithms have been explored. [31] introduced a variable
forgetting factor recursive least square (VFFRLS) algorithm
for channel estimation in NOMA systems. By adaptively ad-
justing the forgetting factor, the algorithm improved estimation
accuracy and convergence speed compared to the conventional
recursive least square (RLS) algorithm. In [32], an arctangent
least mean square (ATLMS) algorithm was developed for
channel estimation in NOMA-orthogonal frequency-division
multiplexing (OFDM) systems. The results indicated improved
performance over the traditional least mean square (LMS)
technique in terms of spectral efficiency and convergence sta-
bility. For RIS-aided systems, an MMSE-based interpolation
technique was proposed for RIS-aided channel estimation in
[28]. The proposed method modelled multiplicative fading
correlation functions and employed an ON/OFF-based MMSE
estimation strategy to mitigate error floors associated with
traditional approaches. Simulation results indicated that the
method enhanced estimation accuracy and power efficiency,
particularly for high-speed users near the cell edge. While
foundational, these classical methods often rely on simpli-
fied channel models and can lack the robustness needed
for the combined complexity of a joint RIS-NOMA system,
which motivated the shift toward ML-based solutions. General
ML-based channel estimation approaches have been exten-
sively explored across various wireless communication sys-
tems, demonstrating consistent improvements over traditional
methods but with varying computational complexity trade-
offs. A study in [15] presented an ML-based approach for
channel estimation in the uplink of 5G New Radio (NR)
systems. The proposed method integrated an online training
scheme that allowed continuous adaptation to dynamic channel
conditions. Performance evaluation using normalised mean
square error (NMSE) and bit error rate (BER) showed that
the method outperformed LS and linear ML (LML)-based
estimation, especially in higher-order modulation schemes. A
residual network with an attention mechanism was presented
in [38] to enhance LS-based channel estimation by suppressing
noise while preserving channel information. This method
demonstrated improved accuracy and robustness compared to
conventional LS and linear MMSE (LMMSE) approaches,
particularly in low-SNR conditions. However, these general
approaches primarily focused on single-antenna or simple
MIMO configurations, limiting their applicability to more
complex wireless architectures. Advanced neural network ar-
chitectures have shown particular promise for complex channel
environments, though they require substantial computational
resources and training data. In [39], a stacked denoising
autoencoder (SDAE)-based DNN was developed to estimate
channel parameters in chaotic wireless systems without requir-
ing pilot signals. This method leveraged the autocorrelation
function (ACF) of received signals to enhance estimation

accuracy while reducing bandwidth consumption. Simulation
results demonstrated improved mean square error (MSE) and
BER performance compared to LS and blind ACF-based
estimation methods. In [40], a single slot recurrence along
frequency network (SisRafNet), a recurrent neural network
(RNN)-based method, was introduced that captures frequency-
domain correlations between subcarriers for improved chan-
nel estimation in OFDM systems. Simulation results showed
superior performance over the LMMSE method and other
DL models across various SNR levels. [41] proposed a self-
normalizing convolutional bidirectional gated recurrent unit
network (SCBiGNet), a DL-based framework that combined
a self-normalizing network (SNN), CNN, and bidirectional
gated recurrent unit (BiGRU) for OFDM channel estimation
and signal detection. The method improved estimation stability
and achieved lower BER compared to LS, bidirectional LSTM
(BiLSTM), and gated recurrent unit (GRU)-based models.
Robustness was observed in scenarios with limited pilots and
short cyclic prefixes. While these architectures achieved su-
perior performance, their complexity limited real-time imple-
mentation in resource-constrained environments. Specialised
techniques have been developed for specific MIMO config-
urations and frequency division systems, offering targeted
solutions but with limited generalisability across different
system architectures. In [42], a complex residual denoising
convolutional neural network (CR-DnCNN) was introduced
for frequency division duplexing (FDD) MIMO channel es-
timation. The method combined compressive sensing with
DL-based denoising to improve estimation accuracy while
reducing pilot overhead. Simulation results showed lower
NMSE and BER compared to LS and orthogonal matching
pursuit (OMP). In [43], an involution-based channel estimation
(InvoEsNet) was introduced for OFDM channel estimation
under time-varying channels. This method applied a modified
involution-based preprocessing subnetwork (ResCSINet) to
mitigate inter-carrier interference (ICI) and a residual CSI
subnetwork (ResCSINet) for further refinement. Simulation re-
sults showed improved NMSE performance compared to other
conventional and DL-based benchmarks. These specialised ap-
proaches excelled in their target scenarios but required signif-
icant modification for different system configurations. Build-
ing on these developments, ML models have been designed
specifically for NOMA or RIS environments. For NOMA, a
convolutional neural network (CNN)-based channel estimation
model was developed for mmWave massive MIMO-NOMA
systems in [33]. The proposed model improved estimation
accuracy over the conventional least squares (LS) estimator
and the Cramer-Rao bounds (CRB) approach. A hybrid deep
learning (DL) approach was introduced in [44] for channel
estimation and power allocation in multiple-input single-output
(MISO)-NOMA systems. This approach integrated long short-
term memory (LSTM) networks for predicting channel coef-
ficients and employed CNNs for optimizing power allocation.
The proposed approach demonstrated superior performance
compared to conventional methods such as minimum mean
square error (MMSE) for channel estimation and fixed power
allocation strategies. While these NOMA-specific approaches
address power-domain multiplexing challenges, they have not



been extensively validated in RIS-enhanced environments.
Channel estimation for RIS-aided systems presents unique
challenges due to the cascaded channel structure and in-
creased dimensionality, leading to innovative solutions that
balance estimation accuracy with computational feasibility.
To address this, a learning-based approach was introduced
in [29] for channel estimation in RIS-assisted downlink mas-
sive MIMO systems. The proposed method utilised a deep
neural network (DNN) at the user equipment to estimate
effective downlink channel gains. Simulation results demon-
strated that the learning-based approach achieved lower nor-
malized mean square error (NMSE) compared to the hardening
bound and model-based approaches. However, these initial
RIS approaches primarily focus on isolated RIS deployment
without considering integration with advanced multiple access
schemes. Advanced ML frameworks have been developed
to address the complexity of RIS-aided channel estimation,
though they often face scalability challenges when extended to
large-scale deployments. [45] introduced a distributed machine
learning (DML) framework for downlink channel estimation
in RIS-aided systems. Additionally, a DML-based hierarchical
neural network architecture was developed to enhance es-
timation accuracy by classifying different channel scenarios
before extracting relevant features. Simulation results showed
that this method outperformed conventional LS and MMSE-
based approaches while significantly reducing pilot overhead.
A global attention residual network (GARN) was presented in
[46] for channel estimation in mmWave RIS-assisted single-
input multiple-output (SIMO) systems. The method applied
a global attention mechanism for multi-channel feature fu-
sion and a residual learning module to enhance estimation
accuracy. A unit cell grouping strategy reduced pilot over-
head, and GARN reconstructed the complete channel matrix
from the grouped estimates. Simulation results showed lower
NMSE compared to interpolation and super-resolution-based
methods. In [30], a residual neural network (InterpResNet)
was developed for cascaded channel estimation in a RIS-
aided MIMO system. Compared to other approaches, such as
residual channel estimation network (ReEsNet), transformer-
based models, and bilinear alternating least squares (BALS),
InterpResNet achieved lower NMSE while maintaining a sim-
pler network structure. While these frameworks show promise,
their performance in dynamic environments with varying RIS
configurations remains largely unexplored. Furthermore, joint
channel estimation and CSI feedback techniques have also
been explored for RIS-assisted systems, offering integrated
solutions but with increased implementation complexity. A
joint DL-based channel estimation and feedback network (JD-
CNet), a DL-based framework, was proposed in [47] for joint
channel estimation and CSI feedback in RIS-assisted com-
munication systems. JDCNet integrated preliminary channel
estimation with errors into the feedback process to minimize
cumulative errors. A pilot grouping strategy reduced overhead
while maintaining high CSI reconstruction accuracy. Simu-
lation results demonstrated superior performance compared
to other DL-based and compressive sensing-based methods.
These joint approaches provide comprehensive solutions but
require careful design to balance estimation accuracy with

feedback overhead. While the majority of studies have focused
on NOMA or RIS in isolation, a few recent studies have
begun to tackle the joint RIS-NOMA channel estimation
problem using classical deep learning models. These works
represent the current state-of-the-art. However, the immense
complexity and high dimensionality inherent in the joint RIS-
NOMA environment continue to pose significant scalability
and performance challenges for classical ML architectures.
This difficulty in finding efficient classical solutions motivates
the exploration of new computational paradigms, such as
QML, that may be better suited to such complex problems.
Channel estimation represents a critical yet underexplored
application area for quantum computing in wireless commu-
nications, with existing approaches demonstrating theoretical
potential but lacking comprehensive solutions for complex
multi-user scenarios with advanced surface technologies. In
the context of quantum algorithms for channel estimation, [36]
explored the application of quantum computing algorithms in
massive MIMO mmWave systems. The study focused on am-
plitude encoding for channel estimation at the physical layer
of transceivers. This highlighted the potential for exponential
computational efficiency gains that quantum methods can of-
fer. Furthermore, [37] introduced a modular QML framework
for wireless channel estimation in simultaneously transmitting
and reflecting reconfigurable intelligent surface (STAR-RIS)-
aided communication systems. This framework incorporated
distinct quantum learning modules that effectively eliminated
noise and accurately estimated channels for devices operating
in both reflection and transmission regions. Their approach
demonstrated the efficiency of quantum techniques in com-
plex RIS-aided environments. While quantum-based methods
showed significant promise in addressing computational chal-
lenges, their application in channel estimation has not been ex-
tensively studied. Most existing studies have focused on clas-
sical and ML techniques. While these methods are effective,
they often face challenges with scalability and computational
complexity in high-dimensional and dynamic wireless systems
with various configurations. This highlights the necessity for
further investigation into quantum-driven approaches to fully
unlock their potential in wireless communications.

B. RIS-aided 6G NOMA Systems

The integration of RIS and NOMA has been widely studied
for improving system performance in next-generation wireless
networks, with the literature progressing from fundamental
system designs to advanced multi-RIS configurations and
specialised applications. Early studies focused on establishing
the basic integration principles and demonstrating perfor-
mance gains over conventional approaches, though these initial
studies primarily considered simplified scenarios with per-
fect channel conditions. [48] proposed a RIS-enabled down-
link NOMA system, where RIS partitions perform over-the-
air modulation to serve multiple users. Unlike conventional
NOMA, which applied superposition coding at the base station
(BS) or receiver, the proposed approach enabled RIS to
modulate and reflect signals with distinct phase shifts for
different users. Closed-form expressions for outage probability



and BER were derived under both perfect and imperfect CSI
conditions. Simulation results demonstrated that RIS-enabled
downlink NOMA outperformed OMA in terms of sum rate and
spectral efficiency, particularly in scenarios with high quality-
of-service (QoS) constraints. In [49], a RIS-assisted hybrid
NOMA (HNOMA) system (PR-HNOMA) was proposed to
improve spectral and energy efficiency. The system utilised
joint beamforming at the BS and RIS, optimised through
semi-definite relaxation (SDR) and alternating optimization
(AO) techniques. Simulation results demonstrated that PR-
HNOMA outperformed conventional RIS-assisted NOMA
(R-HNOMA), RIS-assisted NOMA (R-CNOMA), and RIS-
assisted OMA (R-OMA), even under imperfect SIC (ISIC). In
[50], the performance of RIS-aided coordinated NOMA (C-
NOMA) systems was analysed by deriving closed-form and
asymptotic expressions for outage probability (OP) and er-
godic capacity (EC). The study considered discrete phase-shift
alignment at RIS and ISIC to evaluate practical system perfor-
mance. An increased number of RIS elements was shown to
improve OP and EC. The simulation results also confirmed that
RIS-assisted C-NOMA outperformed conventional OMA and
non-RIS-assisted C-NOMA systems. While these foundational
works established the viability of RIS-NOMA integration, they
primarily relied on theoretical analysis with limited consid-
eration of practical implementation challenges such as real-
time RIS control and channel estimation complexity. Research
efforts have evolved towards sophisticated RIS deployments
that address scalability and coverage limitations, though these
advanced configurations introduce significant complexity in
optimisation and coordination. [51] investigated a secure trans-
mission strategy for STAR-RIS-assisted NOMA-ISAC systems
and formulated a sum secrecy rate maximisation problem.
The study optimised transmit beamforming, artificial jamming,
and STAR-RIS passive beamforming while maintaining the
required beampattern gain for sensing targets. To address the
non-convex nature of the problem, an alternating optimization
algorithm based on successive convex approximation (SCA)
was developed. Simulation results showed that STAR-RIS im-
proved security in NOMA-based ISAC networks by reducing
eavesdropping threats while enhancing both communication
and sensing performance. Multi-cell NOMA systems assisted
by multiple RIS with inter-RIS reflection were studied in [52]
to minimise total transmit power. Unlike previous works that
focused on single-RIS or non-interacting RIS deployments,
this study considered RIS placement near both BSs and edge
users. A new NOMA scheme based on inter-group interference
cancellation (IGIC) was presented to reduce interference from
central users to edge users. Simulation results showed that
the proposed multi-reflection RIS with IGIC-based NOMA
achieved lower transmit power compared to conventional RIS-
NOMA strategies. [53] investigated a multi-carrier (MC)-
NOMA system assisted by RIS and proposed a competitive
RIS-assignment strategy to optimise resource allocation while
ensuring QoS constraints. A sequential convex approximation
algorithm was applied to address the non-convex nature of the
optimisation problem, achieving a sub-optimal solution. Sim-
ulation results demonstrated that the proposed RIS-assignment
method achieved lower transmit power compared to random

RIS allocation while maintaining QoS requirements. These
advanced configurations offered enhanced performance and
coverage but faced practical challenges including increased
signalling overhead, complex coordination algorithms, and
higher computational requirements for real-time optimisation.
Recent developments have explored RIS-NOMA integration in
specialised scenarios, which demonstrated versatility but often
required application-specific solutions that limit generalisabil-
ity. A multi-user NOMA system integrated with multiple RIS
was investigated in [54] to facilitate backscatter communica-
tion (BC) in a symbiotic cognitive radio network (CRN). A
joint resource allocation problem was formulated to optimise
power allocation, RIS reflection coefficients, and interference
cancellation, to maximise the sum rate of both primary and
secondary networks. A weighted MMSE (WMMSE) method
was applied to transform the complex optimisation problem
into a convex one, which allowed an iterative algorithm to
find an optimal solution. Simulation results demonstrated that
the proposed approach outperformed conventional NOMA
and RIS-based systems. In [55], convert MEC in RIS-aided
NOMA systems was analysed. The study derived closed-form
expressions for the minimum detection error probability (DEP)
and ergodic covert/public rates, which served as a theoretical
foundation for evaluating covert communication performance.
A reinforcement learning (RL)-based power allocation algo-
rithm was introduced to optimise transmit and jamming power,
which improved both security and communication efficiency.
Simulation results demonstrated that the RL-based approach
improved covert communication reliability compared to the
baseline Q-learning-based power allocation scheme. In [56], a
multi-user NOMA system enhanced by aerial RIS mounted on
unmanned aerial vehicles (UAVs) was introduced to improve
coverage and spectral efficiency. A joint optimisation problem
was formulated to maximize the sum rate by optimising UAV
positioning, RIS reflection coefficients, and power allocation.
A successive convex approximation (SCA) approach combined
with semi-definite programming (SDP) was applied to solve
the non-convex problem, leading to a sub-optimal solution.
Simulation results demonstrated that the proposed aerial RIS-
NOMA system outperformed fixed RIS-NOMA and OMA-
aerial RIS systems in terms of sum rate and energy efficiency.
While these specialised applications showcased the flexibility
of RIS-NOMA systems, they often required tailored optimisa-
tion algorithms and might not translate effectively to other
deployment scenarios. Cutting-edge studies have explored
advanced RIS technologies and hybrid configurations, which
achieved superior performance but introduced new technical
challenges in terms of hardware complexity and energy con-
sumption. A holographic RIS (HRIS)-assisted THz NOMA
system was investigated in [57] to improve spectral efficiency
and outage performance. Closed-form OP expressions were
derived under both perfect SIC and imperfect SIC conditions,
along with an asymptotic high-SNR analysis. Simulation re-
sults demonstrated that HRIS-assisted THz-NOMA outper-
formed conventional OMA while highlighting the negative
impact of beam misalignment on system reliability. In [58],
a RIS-assisted unified NOMA (U-NOMA) framework was
presented, which integrates both power-domain NOMA (PD-



NOMA) and code-domain (CD-NOMA) to enhance system
performance. Closed-form expressions for OP and ergodic
rate were derived under both perfect SIC and imperfect
SIC conditions. Simulation results demonstrated that RIS-U-
NOMA achieved better outage behaviour, higher ergodic rates,
and improved system throughput compared to RIS-OMA and
decode-and-forward (DF) relay systems. [59] investigated a
double RIS-assisted NOMA system, integrating both passive
RIS (PRIS) and active RIS (ARIS) to enhance system perfor-
mance. Closed-form and asymptotic expressions were derived
for outage probability and ergodic data rate under perfect SIC
and imperfect SIC conditions. Simulation results demonstrated
that PRIS-ARIS-NOMA outperformed PRIS-ARIS-OMA and
double PRISs-NOMA, particularly in low-transmit power sce-
narios. The study also showed that increasing the number
of reflecting elements improved outage performance, ergodic
data rate, and system throughput. In [60], the secrecy per-
formance of multi-functional RIS (MF-RIS)-assisted NOMA
networks was analysed considering both external and internal
eavesdropping scenarios. The study derived closed-form and
asymptotic expressions for the secrecy outage probability
(SOP) and secrecy throughput under the effects of receiver
hardware impairments and imperfect SIC. Numerical results
showed that MF-RIS outperformed active RIS and STAR-
RIS in secrecy performance under the same power budget.
At high power levels, residual interference from imperfect SIC
was identified as the dominant factor limiting secrecy capacity
and exceeding the impact of thermal noise. The findings also
revealed that deploying more MF-RIS elements significantly
enhanced secrecy against external eavesdroppers but had a
limited effect against internal eavesdroppers. These findings
suggested that power allocation and interference mitigation
strategies are crucial in enhancing the secrecy performance of
MF-RIS-assisted NOMA networks. These advanced technolo-
gies demonstrate significant performance improvements but
face substantial implementation barriers including increased
hardware costs, complex control mechanisms, and higher
energy consumption, particularly for active RIS components.
Channel estimation in RIS-NOMA represents a critical yet
underexplored area, with existing approaches showing promise
but lacking comprehensive solutions for the unique challenges
posed by cascaded channel structures and multi-user interfer-
ence. [34] proposed a DL-based approach using a combined
CNN-LSTM model. This approach demonstrated robustness
across different system parameters, such as signal-to-noise
ratio (SNR), power allocation factor, and the number of RIS
elements. Additionally, the simulation results showed that the
proposed model outperformed other benchmark models in
terms of different evaluation metrics. Similarly, a ML-based
approach was introduced in [35] to perform joint channel
estimation and signal detection in a RIS-NOMA network that
provides efficient mitigation of SIC error propagation. The
proposed framework leveraged a four-layer DL model with
an LSTM core structure. The simulation results demonstrated
significant improvements in both channel estimation and sig-
nal detection when using the LSTM-based model compared
to conventional LS and MMSE methods. Although a few
studies have addressed this topic, channel estimation for RIS-

NOMA systems still receives limited attention in the existing
literature. This limitation is particularly concerning given that
accurate CSI is essential for realising the theoretical benefits
of RIS-NOMA integration, highlighting the need for more
sophisticated and computationally efficient channel estimation
techniques.

C. Quantum Technologies for 6G

Quantum technologies have emerged as a promising solu-
tion to address the growing computational and communica-
tion challenges in 6G wireless networks, progressing from
fundamental security applications to sophisticated learning
frameworks. These techniques, including quantum-inspired
machine learning methods [21] and quantum-inspired optimi-
sation techniques [61], enhance resource management, security
optimisation, spectrum allocation, interference mitigation, and
real-time decision-making in dynamic and complex network
environments [62]. Early quantum applications in 6G networks
have focused on security enhancement through quantum key
distribution and quantum communication protocols, which
demonstrated strong theoretical foundations but faced signifi-
cant deployment challenges due to infrastructure requirements
and distance limitations. In [63], a quantum-secured space-air-
ground integrated network (Q-SAGIN) that applied quantum
key distribution (QKD) was introduced to strengthen security
in 6G networks. The study introduced a universal QKD service
provisioning framework, which incorporated optical fiber-,
satellite-, and UAV-based QKD to establish secure key distri-
bution across different network layers. A stochastic program-
ming model was developed to optimise QKD service allocation
while balancing cost efficiency and security. A metaverse-
based case study evaluated the proposed framework and con-
firmed its potential for secure and scalable quantum com-
munications in future 6G applications. A privacy-preserving
resource allocation framework for federated edge learning
(FEL) in the quantum internet was proposed in [64], which
incorporated QKD and multi-agent reinforcement learning to
improve security and efficiency. A Stackelberg game model
was formulated to optimise secure communication and data
resource allocation, while a partially observable Markov deci-
sion process (POMDP) enabled intelligent decision-making.
The proposed multi-agent federated reinforcement learning
approach improved policy convergence and mitigated security
risks by avoiding direct information sharing. Experimental
results showed that the proposed approach outperformed base-
line methods in cost efficiency and security. In [65], two full-
duplex quantum communication protocols, quantum duplex
coding and quantum telexchanging, were proposed, which
enabled simultaneous bidirectional transmission of classical
and quantum information without physically transferring par-
ticles. Quantum duplex coding allowed two-way classical
information transmission using a single pre-shared Bell pair,
while quantum telexchanging facilitated the exchange of un-
known quantum states without pre-shared entanglement. The
study modelled these protocols as binary and quantum era-
sure channels, and their feasibility was evaluated by deriving
capacity-achieving distributions and theoretical performance



limits. Analytical results showed that these protocols achieved
full-duplex quantum communication with reliable informa-
tion transfer and provided insights into channel capacities
and operational constraints under various quantum erasure
conditions. While these security-focused approaches provided
theoretically unbreakable communication, they required so-
phisticated quantum infrastructure and are vulnerable to prac-
tical implementation imperfections, limiting their immediate
deployment in commercial 6G networks. Recent developments
have integrated quantum computing principles with ML to
address complex optimisation problems in 6G networks, which
achieved significant performance improvements but required
careful design to balance quantum advantages with classical
processing capabilities. In [66], a quantum-enhanced federated
learning (FL) framework named QV-FEDCOM was intro-
duced for metaverse-empowered vehicular networks, which
addressed challenges such as high communication costs, data
heterogeneity, and memory constraints. The framework in-
corporated quantum sequential training program (Q-STP) to
optimise communication efficiency, quantum vehicular context
grouping (Q-VCG) for managing heterogeneous data, and
quantum-inspired principal component analysis (Q-PCA) for
reducing memory usage. A novel quantum trajectory loss
(QTL) function was also introduced to enhance trajectory
prediction accuracy by integrating Huber loss and an an-
gular deviation penalty. Simulation results demonstrated that
QV-FEDCOM significantly reduced communication overhead
while improving learning efficiency in vehicular networks.
A deep quantum-transformer network (QTN) framework was
proposed in [67] for multimodal beam prediction in ISAC
systems. The framework integrated quantum embeddings with
vision transformers (ViTs) and CNNs to enhance learning
efficiency and feature representation. Evaluation using the
DeepSense 6G dataset showed improvements in beam selec-
tion accuracy and zero-shot generalisation over conventional
deep learning-based methods. Simulation results demonstrated
that quantum-enhanced multimodal learning effectively re-
duced beam training overhead while improving adaptability
in dynamic environments. These quantum-enhanced learning
approaches demonstrated significant computational advantages
and improved convergence properties, but their performance
gains were often dependent on specific problem structures
and might not translate uniformly across all network optimi-
sation scenarios. Advanced quantum-enhanced reinforcement
learning frameworks have been developed to tackle complex
resource allocation and task offloading problems, showing
superior performance in high-dimensional decision spaces but
facing scalability challenges when transitioning from simula-
tion to real-world deployment. In [68], a quantum-enhanced
deep reinforcement learning (DRL) framework was presented
for direction-of-arrival (DoA) estimation and task offload-
ing in ISAC systems. The framework integrated quantum-
enhanced actor-critic learning to improve learning efficiency
and decision-making accuracy, while overcoming the limita-
tions of traditional DRL methods in high-dimensional state
spaces. Simulation results demonstrated up to 91.66% im-
provement in DoA estimation accuracy and 43.09% reduction
in task offloading latency compared to conventional DRL-

Fig. 1: System model of the considered downlink RIS-NOMA
communication scenario.

based approaches. A quantum-aided deep reinforcement learn-
ing (Quantum-DRL) framework was proposed in [69] for
task offloading in vehicular edge computing (VEC) networks.
The model integrated digital twins (DTs) and long short-
term memory (LSTM) networks to enhance real-time decision-
making. A Nash equilibrium-based multi-agent DRL model
was introduced to optimise task scheduling among vehicles,
UAVs, and BSs. Simulation results demonstrated that the
proposed Quantum-DRL framework achieved better task of-
floading efficiency and lower latency compared to conven-
tional DRL-based approaches. While these quantum DRL
frameworks achieved remarkable performance improvements
in controlled environments, they faced significant challenges
in terms of quantum noise tolerance, limited qubit availability,
and the need for error correction mechanisms that might offset
computational advantages in near-term quantum devices.

IV. SYSTEM MODEL AND PROBLEM FORMULATION

This paper considers a downlink communication scenario in
a RIS-NOMA system, which consists of an S-antenna BS, a
R-element RIS, and K users with Q antennas each as shown
in Fig. 1. The direct communication path from BS to user
Uk, where k ∈ {1, 2, . . . ,K}, is obstructed. Each user Uk

receives its signal from the BS through the indirect path via
RIS: BS → RIS → Uk. At each time step t, user Uk is
assumed to move farther from the BS with a constant speed v,
which is sufficiently slow to prevent the occurrence of Doppler
effects. It is assumed that all channels experience Rayleigh
fading. Throughout this paper, all channels are assumed to
remain relatively unchanged within a channel coherence block,
which has a duration (coherence time) of Tc on the order of
tens milliseconds (ms). At each time step t = 1, 2, . . . , Tc, the
cascaded channel from BS → RIS → Uk, denoted by Ck, is
calculated as follows:

Ck(t) = H†
2k(t)Φ(t)H1(t), (1)

where H2k(t) ∈ CR×Q and H1(t) ∈ CR×S represent the
channel matrices of the links RIS → Uk and BS → RIS, re-
spectively. The Φ(t) = [κ1e

jφ1(t), κ2e
jφ2(t), . . . , κRe

jφR(t)]T

is the diagonal reflection matrix of RIS, where φr ∈ [0, 2π] is



the phase shift and κr is the amplitude reflection coefficient.
Given the BS transmit power Pt and power allocation factor
assigned to Uk, denoted by ζk, where

∑K
k=1 ζ

2
k = 1 and

ζ1 < ζ2 < . . . < ζK , the BS transmits to all users a superposed
signal x(t) =

√
Pt

∑K
k=1 ζkxk(t), where xk(t) ∈ CS×1. At

time step t, the received signal at Uk is given by

yk(t) =
√
Lk(t)Ck(t)ρ

x(t)√
Pt

+ ηk(t), (2)

where Lk(t) = LsLrk(t) is the path loss parameter at Uk. Ls

and Lrk are the path loss factors from BS to RIS and from
RIS to Uk, respectively. The path loss is a distance-dependent
parameter and is defined as L(d̂) = (d̂/d0)

−τ where d̂ is the
path link distance, d0 is a reference distance, and the path loss
exponent (PLE) of the environment is defined by τ [70]. In
(2), ηk(t) ∈ CQ×1 is the zero-mean complex additive white
Gaussian noise (AWGN) with variance N0 = 1 at Uk and
ρ = Pt/N0 is the SNR. Upon receiving the superimposed
signal, each user applies SIC to decode their intended signal
following the NOMA principle. NOMA allows all users to
share the same time and frequency resources by transmitting
signals with different power levels. The BS allocates higher
power to users with weaker effective channel gains and lower
power to users with stronger effective channel gains. Each user
with a stronger effective channel gain decodes and cancels
the signals intended for weaker users before decoding their
own signal. In general, this process requires full knowledge
of the CSI for all cascaded channels, which is not a practical
assumption. Using this CSI, SIC successively cancels higher-
power signals until the desired signal is retrieved. For user
k, the decoded signal xk has the corresponding signal-to-
interference-plus-noise ratio (SINR) given by

εk =
|ĥk|2Pt(ζk)

2∑k−1
i=1 |ĥi|2Pt(ζi)2 +N0

, (3)

where ĥk =
√
LkCk with k = 1, 2, . . . ,K [71]. In this

RIS-NOMA scenario, the channel between the BS and the
RIS remains unchanged, whereas the channels between the
RIS and the users are considered slowly time-varying, as
users move progressively farther from the BS at a constant
speed. Prior knowledge of the cascaded channel gains from
BS → RIS → Uk is essential to implement SIC at the
receiver. In this work, the received signals at the users are
used to estimate the cascaded channels, as the RIS functions
only as a signal reflector. The gradual movement of the users
causes the cascaded channels to gradually change, resulting
in a time-varying channel estimation problem in the RIS-
NOMA system. Following the dataset generation algorithm in
[34], we generate datasets for various system configurations
to evaluate our proposed model. Each dataset contains D
samples, where each sample is equivalent to a time step t
in the RIS-NOMA system. The channel gains H1 and H2k,
and the signal xk at Uk are assumed to be independent and
follow complex Gaussian distributions. For each configuration,
we generate the received signals at all users, denoted by
Y ∈ CD×QS×K , and the corresponding cascaded channels
from BS → RIS → Uk, denoted by C ∈ CD×QS×K ,

Fig. 2: The structure of an LSTM cell.

which serve as the input and output of the model, respectively.
Before feeding the data into the QML model, preprocessing is
performed. The received signals at all users are expressed as
a time series, Y = [Y(1),Y(2), . . . ,Y(D)], where Y(t) =
[y1(t), y2(t), . . . , yK(t)] and yk(t) ∈ CQ×S for each time step
t ∈ [1, 2, . . . , D]. The received signal at user Uk, denoted
by yk(t), is a complex matrix, which cannot be directly
input into the QML model. Therefore, for each yk(t), its
magnitude and phase are calculated and concatenated into a
single dimension. As a result, the dimension of the data for
a single user is transformed to yk(t) ∈ R2×Q×S , and the full
input tensor becomes Y ∈ RD×K×2QS . A similar process
is repeated to the cascaded channels BS → RIS → Uk,
denoted by C = [C(1),C(2), . . . ,C(D)], where C(t) =
[C1(t), C2(t), . . . , CK(t)]. For each Ck(t), the magnitude is
calculated. The magnitudes and phases of the received signals
are taken as input features, while the magnitudes of the
cascaded channels are taken as the output. Before being fed
into the proposed model, Y(t) and C(t) are converted into
sequences of t1 time steps. The dataset length is then changed
and denoted by D′.

V. PROPOSED MODEL

This section provides a detailed description of the QML
model proposed for channel estimation in a 6G RIS-NOMA
integrated system.

A. Quantum Long Short-Term Memory

The LSTM model, a particular type of RNN, was developed
to handle the challenges of capturing long-term dependen-
cies in sequential data [72]. LSTMs mitigate the problems
of vanishing and exploding gradients that are common in
traditional RNNs. In contrast to RNNs, LSTMs can preserve
long-term information through a structured cell state update
process, which has been proved beneficial for tasks involving
sequential data such as NLP and time-series forecasting. The
LSTM architecture consists of one or a sequence of memory
cells, each equipped with three primary components: a forget
gate, an input gate, and an output gate, which work together to
manage the cell state. The structure of an LSTM cell is shown
in Fig. 2. In the LSTM architecture, ct represents the cell state



at time step t. It serves as the memory component that carries
forward information across different time steps, allowing the
network to retain long-term dependencies in sequential data.
The cell state ct is updated using a combination of the input
gate, forget gate, and output gate, with contributions from the
current input xt and the hidden state ht−1 from the previous
time step. In contrast to RNNs, which rely exclusively on the
hidden state ht for memory retention, LSTMs incorporate both
ht and ct as distinct memory components. The symbols ⊗
and ⊕ respectively represent element-wise multiplication and
addition. The mathematical formulation of an LSTM cell is
given by the following set of equations

ft = σ(wf · [ht−1, xt] + bf )

it = σ(wi · [ht−1, xt] + bi)

Ct = tanh (wC · [ht−1, xt] + bC)

ot = σ(wo · [ht−1, xt] + bo)

ct = ft · ct−1 + it · Ct

ht = ot · tanh(ct), (4)

where σ represents the sigmoid function, tanh represents the
hyperbolic tangent activation function, and wf , wi, wC , and wo

denote the weight parameters corresponding to the forget gate,
input gate, candidate cell state, and output gate, respectively.
Similarly, bf , bi, bC , and bo are the associated bias parameters.
All these parameters are updated during the training process.
The forget gate outputs the vector ft that decides which parts
of the previous cell state ct−1 should be retained or discarded.
The input gate decides which new information should be added
to the cell state ct. This gate consists of two layers: the input
gate layer and the candidate layer. The input layer produces
a vector it that determines which elements of the candidate
cell state update Ct should be added to the cell state ct. The
output gate ot controls what information from the cell state
is used to update the hidden state ht, which is then passed
to the next time step. The structure of the QLSTM, shown
in Fig. 3, is built upon the traditional LSTM, replacing the
internal neural network components within the LSTM cell
with VQCs. To align the input dimension with the number
of qubits in the VQC block, a linear layer first transforms the
concatenated input vector [ht−1, xt]. The transformed vector is
then passed through four independent VQCs, each responsible
for computing one of the LSTM gate functions. Each VQC
output is processed by a corresponding linear layer to match
the required hidden state dimension of the QLSTM cell. The
data flow within the QLSTM cell is mathematically formulated
as:

zt = Lin{[ht−1, xt]}
ft = σ{Lout1 [V QC1(zt)]}
it = σ{Lout2 [V QC2(zt)]}
Ct = tanh{Lout3 [V QC3(zt)]}
ot = σ{Lout4 [V QC4(zt)]}
ct = ft · ct−1 + it · Ct

ht = ot · tanh(ct), (5)

Fig. 3: The structure of a QLSTM cell.

where Lin denotes the input linear transformation, V QCi

represents the i-th variational quantum circuit, and Louti is
the linear layer applied after each V QCi to match the hidden
state dimension.

B. Variational Quantum Circuit

A VQC is a parametrised quantum circuit that uses classical
optimisation methods to adjust its internal parameters to min-
imise a predefined cost function. A VQC is composed of three
primary components: a data embedding layer, a variational
layer, and a measurement layer. The data embedding layer
serves as the interface between classical and quantum informa-
tion by encoding classical data into quantum states. This pro-
cess relies on two key quantum principles. First, superposition
allows each qubit to represent a combination of multiple values
simultaneously, rather than a single binary 0 or 1. Second,
this property enables quantum parallelism, where a single gate
operation can act on all of these possibilities at once. This
allows the circuit to work within a high-dimensional feature
space, which provides a potential advantage over classical
models where creating such expressive feature representations
can require much deeper networks or manual feature engineer-
ing. In the context of channel estimation, this means a single
quantum state can represent a rich combination of potential
channel conditions based on the received signal features,
allowing the model to explore a vast solution space efficiently.
A quantum state is mathematically described as a vector in a
complex Hilbert space. For a single qubit, the quantum state
can be expressed as |ξ⟩ = µ |0⟩ + ν |1⟩. Unlike a classical
bit that is restricted to a state of either 0 or 1, the state of a
single qubit is defined by two continuous complex amplitudes
(µ and ν), allowing it to hold a significantly richer combination
of information. The squared magnitudes of these coefficients,
|µ|2 and |ν|2, represent the probability of measuring the qubit
in either the |0⟩ or |1⟩ state, respectively, and must sum to
one (i.e., |µ|2 + |ν|2 = 1). This inherent probabilistic and
high-dimensional nature gives VQCs a powerful mechanism
for encoding and manipulating data that has no direct classical
counterpart. The structure of the data embedding layer used
in this paper is shown in Fig. 4. The initial quantum state of



the circuit, consisting of N qubits, can be written as

|0⟩ ⊗ |0⟩ ⊗ · · · ⊗ |0⟩ = |00 · · · 0⟩ = |0⟩⊗N
, (6)

which corresponds to a column vector of dimension 2N × 1,
with only the first entry equal to one and the rest zero:

|0⟩⊗N
=


1
0
0
...
0

 . (7)

To map this initial state to a superposition state, a Hadamard
gate H is applied to each qubit. Conceptually, the Hadamard
gate creates quantum superposition, which can be understood
with the analogy of a spinning fair coin. While in motion,
the coin is not in a definite state of heads or tails but in a
combination of both. This represents quantum superposition.
Similarly, the Hadamard gate places each qubit into a super-
position of |0⟩ and |1⟩ states, enabling the quantum system
to process multiple possibilities simultaneously, a task that
would require a classical system to handle each possibility se-
quentially. This simultaneous processing is particularly useful
for channel estimation, as the model can effectively evaluate
many different hypotheses about the complex and time-varying
behaviour of the channel in a single computational step. This
parallel processing capability is a fundamental aspect of the
potential computational advantages of quantum computing.
The Hadamard gate transforms the basis states as follows:

H : |0⟩ → 1√
2
(|0⟩+ |1⟩) ,

|1⟩ → 1√
2
(|0⟩ − |1⟩) .

(8)

Mathematically, this quantum mechanical property is ex-
pressed in matrix form as

H =
1√
2

[
1 1
1 −1

]
. (9)

Applying the Hadamard gate to each qubit in the |0⟩⊗N state
produces

|χ1⟩ = H⊗N |0⟩⊗N

=
N
⊗

n=1

1√
2
(|0⟩+ |1⟩) = 1√

2N

2N−1∑
q=0

|q⟩ .
(10)

Here, |q⟩ represents all possible N -bit binary states, ranging
from |000 . . . 0⟩ when q = 0 to |111 . . . 1⟩ when q =
2N − 1. After applying the Hadamard gate to transform
the initial quantum state into a superposition state, classical
data are introduced into the quantum circuit. Specifically,
each element of the N -dimensional classical input vector
−→u = (u1, u2, . . . , uN ) is used to generate rotation angles that
encode the data into the quantum state. For each element un,
we generate angles ψn,1 = tan−1(un) and ψn,2 = tan−1(u2n).
The arctan function ensures the angles are bounded within
(−π/2, π/2), which helps maintain numerical stability and
prevents extreme values of un from skewing the rotations.

Fig. 4: The structure of the data embedding layer.

Additionally, u2n is used to capture higher-order features,
enriching the representation of classical data in the quantum
domain. This ability to encode non-linear transformations
of features directly into quantum states provides a compact
method for enriching the feature space of the model, a task
that might otherwise require additional layers in a classical
network. The quantum state is then transformed by applying
sequential Ry and Rz rotation gates to each qubit using the
generated angles ψn,1 and ψn,2:

|χ2⟩ =
N
⊗

n=1
Rz (ψn,2)Ry (ψn,1) |χ1⟩ , (11)

where Ry (ϑ) rotates the qubit around the y-axis of the Bloch
sphere. Its matrix representation can be defined as

Ry (ϑ) =

[
cos (ϑ/2) − sin (ϑ/2)
sin (ϑ/2) cos (ϑ/2)

]
. (12)

Similarly, rotation gate Rz (ϑ) rotates a qubit around the z-
axis of the Bloch sphere. Its matrix representation is shown
as

Rz (ϑ) =

[
e−iϑ/2 0

0 eiϑ/2

]
. (13)

The variational layer is the central learning component of
the circuit, where the expressive power of the model is
developed. It is composed of two types of operations that
serve distinct but complementary functions. First, entangling
gates, such as controlled-NOT (CNOT), controlled-Z (CZ), or
iSWAP, create quantum correlations between different qubits.
This is a key advantage over classical sequential models, as
entanglement allows the circuit to establish direct, non-local
relationships between features, regardless of their position in
a sequence. This provides a powerful mechanism for learning
complex, system-wide dependencies that can be difficult for
classical recurrent architectures to capture effectively. Second,
parametrised single-qubit rotations are the primary mechanism
for embedding the learnable parameters of the model. They
locally transform the state of each qubit, providing nuanced
control to adapt the quantum state during optimisation. The
ability to use a small number of these rotational parameters
to manipulate a state in a high-dimensional space represents
a potential advantage in model compactness and trainability
compared to classical neural networks, which may require a
significantly larger number of parameters for similar expres-



Fig. 5: The structure of the variational layer.

sive power. The structure of the variational layer used in this
paper is shown in Fig. 5. The CNOT gate is a two-qubit gate
that flips the second qubit (the target qubit) when the first
qubit (the control qubit) is |1⟩, while leaving the second qubit
unchanged when the first qubit state is |0⟩. The CNOT gate
has a matrix representation as

CNOT =


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 . (14)

The action of the CNOT gate can be described as

CNOT :


|00⟩ 7→ |00⟩ ,
|01⟩ 7→ |01⟩ ,
|10⟩ 7→ |11⟩ ,
|11⟩ 7→ |10⟩ .

(15)

First, CNOT gates are applied among the qubits to create
entanglement. The control qubit is n and the target qubit is
(n+ r) mod N , where r is a hyperparameter that defines the
entanglement range. In this work, r = 1 and r = 2 are used
to define our entanglement strategy. This specific architecture
creates two layers of entanglement, which balances expressiv-
ity with a reasonable circuit depth. For r = 1, the state |χ2⟩
is transformed into |χ3⟩ as follows:

|χ3⟩ =
N∏

n=1

CNOTn,(n+1) mod N |χ2⟩ . (16)

For r = 2, the state |χ3⟩ is transformed into |χ4⟩ as follows:

|χ4⟩ =
N∏

n=1

CNOTn,(n+2) mod N |χ3⟩ . (17)

Second, for each qubit, a parametrised rotation gate
R (αn, βn, γn) is applied, where R (αn, βn, γn) =
Rx (αn)Ry (βn)Rz (γn) and αn, βn, and γn are trainable
parameters. Rotation gate Rx (ϑ) rotates a qubit around the
x-axis of the Bloch sphere. Its matrix representation is given
by

Rx (ϑ) =

[
cos (ϑ/2) −i sin (ϑ/2)

−i sin (ϑ/2) cos (ϑ/2)

]
. (18)

Fig. 6: The structure of the VQC.

After applying the parametrised rotations, the state |χ4⟩ is
transformed into |χ5⟩ as follows:

|χ5⟩ =
N∏

n=1

R(αn, βn, γn) |χ4⟩ . (19)

After the variational layer, the quantum state |χ5⟩ is processed
through the measurement layer. The measurement layer serves
as the interface for extracting classical information from
the final quantum state. To achieve this, this work utilises
the expectation value of the Pauli-Z operator. This method
provides a continuous output value in the range of [−1, 1],
which represents the statistical tendency of the qubit to be
in the |0⟩ state versus the |1⟩ state. This offers a nuanced
characterisation of the final quantum state. The continuous
nature of this output makes it compatible with the gradient-
based optimisation methods used for training hybrid quantum-
classical models. The Pauli-Z operator is represented as

Z =

[
1 0
0 −1

]
, (20)

where the eigenvalues +1 and −1 correspond to the qubit
being in state |0⟩ and |1⟩, respectively. The expected value of
the Pauli-Z operator for the quantum state |ξ⟩ is given by

⟨Z⟩ = ⟨ξ|Z |ξ⟩ . (21)

This expected value determines whether the qubit is more
likely to be in state |0⟩ or |1⟩. The calculated expected
values, which lie in the range [−1, 1], are classical numerical
outputs that can be directly processed by the classical layers
in the hybrid model. This approach allows us to extract
numerical values directly from the quantum system for further
analysis. Using the Pauli-Z-based measurement provides a
reliable method for extracting quantum data for further com-
putation. Overall, the VQC offers three key advantages for
the channel estimation problem addressed in this work: first,
quantum superposition enables the simultaneous processing of
diverse signal features; second, quantum entanglement allows
the circuit to model complex interdependencies among these
features; and third, the parametrised nature of VQCs provides
adaptability similar to classical neural networks while po-
tentially offering computational advantages through quantum
parallelism. Fig. 6 illustrates the complete structure of the
VQCs embedded within the QLSTM cell, comprising a data
embedding layer, a variational layer, and a measurement layer.



C. An Integrated CNN-QLSTM Model

While LSTMs (QLSTMs) are particularly effective at cap-
turing long-term dependencies within sequential data, their
design does not inherently accommodate the extraction or
processing of spatial features. To address the channel es-
timation problem in the RIS-NOMA system discussed in
Section IV, a combination of QLSTMs with CNNs is pro-
posed. CNNs have gained prominence in ML due to their
strong capability to process and understand visual data [73].
The architecture of CNNs is characterised by several layers
that work synergistically: convolutional layers apply filters to
detect and extract features from the input data, pooling layers
reduce both the dimensionality of the data and computational
complexity while preserving important information, and fully
connected layers integrate these extracted features to make
predictions. This multi-layered structure enables CNNs to
effectively learn hierarchical data representations and identify
complex patterns, making them well-suited for tasks such as
image classification, object detection, and segmentation. In
addition to their effectiveness in processing visual data, CNNs
are also employed for time-series analysis and forecasting
because they can identify local patterns and structures in
temporal data [74]. Nonetheless, they tend to be less effective
at capturing long-range temporal relationships, a challenge
for which LSTMs (QLSTMs) are better suited. The integra-
tion of CNNs with QLSTMs offers a systematic approach
for addressing the dual challenges of spatial and temporal
modelling in RIS-NOMA channel estimation. In this context,
spatial features represent the structured relationships among
signal components across different dimensions, specifically,
the magnitude and phase values distributed among multiple
users. CNNs are used to learn these spatial patterns from each
input instance by identifying local correlations and hierarchical
feature representations. Conversely, temporal dependencies
reflect the dynamic evolution of these spatial features across
successive time steps. QLSTMs are specifically designed to
model these temporal sequences. Here, the quantum-enhanced
nature of the QLSTM provides a distinct advantage: the
underlying VQCs can capture highly complex and non-linear
temporal dependencies with potentially greater efficiency and
fewer parameters than a classical LSTM. This allows for
a more compact yet powerful model for learning the intri-
cate evolution of the wireless channel. The proposed CNN-
QLSTM integrated model, illustrated in Fig. 7, consists of
two modules: a CNN module and a QLSTM module. This
architectural design reflects the natural decomposition of the
channel estimation problem into spatial feature extraction
followed by temporal sequence modelling. The CNN module
comprises two two-dimensional (2D) convolutional (Conv2D)
layers, a max-pooling (MP) layer and a flatten (FL) layer.
Each convolutional layer applies multiple learnable filters
(or kernels) to scan the input data, performing dot products
between the filters and local regions of the input. This process
generates feature maps, which highlight the presence and
location of various features within the input. Following the
convolutional layers, an MP layer is utilised to downsample
the feature maps, reducing their size to improve computational

Fig. 7: The structure of the proposed CNN-QLSTM model.

efficiency while preserving key features. MP partitions the
feature maps into non-overlapping regions and retains the
maximum value from each region. The output from the MP
layer is flattened into a one-dimensional vector by the FL
layer and subsequently reshaped into a temporal sequence
with t2 output time steps, effectively transforming the spatial
feature representations into a format suitable for sequential
processing by the QLSTM module. The QLSTM module
processes this temporally-structured input through two layers.
The first QLSTM layer captures temporal dependencies and
patterns within the input sequence. The second QLSTM layer
further refines these representations to capture more complex
temporal dependencies and patterns. Finally, a linear output
layer maps the refined hidden state representations to the target
output dimension.

D. Model Training

The RIS-NOMA system is modelled with a single-antenna
BS (S = 1), a RIS, and K = 2 users with a single antenna
each (Q = 1). We set the reference distance d0 to 20 m, the
BS-RIS distance ds to 150 m, while the RIS–user distances
dr1 and dr2 are set respectively to 30 m and 40 m. In this
work, x(t) and H1(t) follow the distribution CN ∼ (1, 0.1).
H21(t) and H22(t) follow CN ∼ (4, 1) and CN ∼ (3, 1),
respectively. The amplitude reflection coefficient κr is set to
1, indicating that no energy loss within the context of lossless
metasurfaces. Since our time-series datasets are particularly
sensitive to fluctuations, the phase shifts φr are generated
within a range of [0.01π, 0.02π]. The performance of the
proposed CNN-QLSTM model is evaluated in different RIS-
NOMA scenarios including varying power allocation factors
ζ = [0.1 : 0.05 : 0.35], SNR ρ = [10 : 2.5 : 20], the number of
RIS elements R = [20 : 10 : 70]. All system-level parameters
are outlined in Tab. II. In the CNN module, the first Conv2D
layer uses two filters of size 3× 3 with ”same” padding. The
second Conv2D layer applies one 3×3 filter, also with ”same”
padding. An MP layer with a 2 × 2 pooling kernel is then



TABLE II: Simulation parameters.

Parameters Symbols Values
Number of antennas at BS S 1
Number of users K 2
Number of antennas at each Uk Q 1
Constant speed per time step v 0.1 m
Amplitude reflection coefficient κr 1
Phase shift φr [0.01π, 0.02π]
PLE from BS to RIS τs 2.2
PLE from RIS to Uk τrk 2.2
Dataset length D′ 2000
Number of input time steps into CNN module t1 20
Number of output time steps from CNN module t2 1
Power allocation factor ζ [0.1 : 0.05 : 0.35]
SNR ρ [10 : 2.5 : 20] dB
Number of RIS elements R [20 : 10 : 70]

employed. In the QLSTM module, both QLSTM layers have
16 units. The Linear layer produces an output dimension of 2,
which corresponds to the cascaded channel gains of two users.
For each RIS-NOMA scenario, the dataset is first normalised
in the range between 0 and 1 and then split into 80% training
and 20% testing data. The proposed CNN-QLSTM model is
trained up to 100 epochs to minimise the MSE, which is
calculated as follows:

MSE =
1

n

n∑
i=1

(yi − ŷi)
2, (22)

where n is the number of data points, while yi and ŷi are the
actual and predicted values for the i-th data point, respectively.
The parameters are updated via an adaptive gradient (Adagrad)
optimisation algorithm. The parameter update rule [75] is
mathematically expressed as

θe+1,i = θe,i −
λ√

Ge,ii + ϵ
· ∇θe,iJ(θe,i), (23)

where θe,i is the current parameter, λ is the initial learning
rate, Ge,ii is the accumulated sum of squared gradients for
the i-th parameter, and ϵ is a small constant added to avoid
division by zero (e.g., 10−8). In this paper, λ is set to 0.05.

E. Evaluation Metrics

After training the model, the performance of the proposed
CNN-QLSTM model is evaluated on the test dataset using
three different metrics: root mean square error (RMSE), mean
absolute error (MAE), and mean absolute percentage error
(MAPE). The selection of these three complementary metrics
provides a comprehensive evaluation framework for RIS-
NOMA channel estimation: RMSE penalises larger errors
more heavily, which is critical since significant channel esti-
mation errors can severely impact SIC performance in NOMA
systems; MAE provides robust average accuracy assessment;
and MAPE enables scale-independent comparison across dif-
ferent system configurations and operating conditions. The
RMSE metric is defined as

RMSE =

√√√√ 1

n

n∑
i=1

(ŷi − yi)2. (24)

The MAE metric is calculated as

MAE =
1

n

n∑
i=1

|ŷi − yi| . (25)

Both RMSE and MAE are scale-dependent metrics, which
have limitations in comparing models across datasets with dif-
ferent scales, while MAPE measures the error as a percentage
of the actual values, making it a scale-free metric. The MAPE
metric is expressed as:

MAPE =
1

n

n∑
i=1

∣∣∣∣yi − ŷi
yi

∣∣∣∣× 100. (26)

In Eq. (24) and Eq. (25), ŷi represents the predicted value,
yi represents the actual value, and n is the number of data
points. MAPE offers a more generalized and interpretable
measure of the performance of the proposed model. Lower
values of RMSE, MAE, and MAPE indicate better model per-
formance, with MAPE values below 10% considered to reflect
a good level of prediction. Dataset generation, model training,
and evaluation processes are implemented using PyTorch,
while PennyLane is used for constructing and integrating the
quantum circuits. To synthesise the entire methodology, the
complete end-to-end workflow is illustrated in Fig. 8. This
schematic provides a visual summary of the key stages of our
framework, including the data generation and preprocessing
steps detailed in Section IV, as well as the architecture of the
proposed CNN-QLSTM model, and the training and evaluation
procedures described in this section.

F. Selection of the VQC Architecture
The performance of the proposed model is influenced by

various factors, including the architecture of the VQC. In this
work, we investigate different circuit architectures, including
variations in the number of qubits and embedding strategies,
to identify an optimal configuration for our model.

1) Model Performance Under Different Numbers of Qubits:
To determine the optimal number of qubits for the CNN-
QLSTM model, five CNN-QLSTM models are constructed,
each using VQCs with a different number of qubits, ranging
from 2 to 6. Type 3 (4 qubits) is represented in Fig. 6.
Other types are depicted in Fig. 9. The RIS-NOMA system
configuration is set to ρ = 15 dB, R = 20, ζ = 0.3. The
performance of these five models is evaluated on the test
dataset using RMSE, MAE, and MAPE as shown in Tab. III.

TABLE III: Performance of CNN-QLSTM models with dif-
ferent numbers of qubits.

Types of VQC No. of qubits RMSE MAE MAPE
Type 1 2 0.01264 0.01112 0.09831
Type 2 3 0.01129 0.00961 0.08509
Type 3 4 0.00676 0.00553 0.04798
Type 4 5 0.01068 0.00907 0.07967
Type 5 6 0.01076 0.00925 0.08164

The table presents the average values of RMSE, MAE,
and MAPE metrics for user 1 and user 2. The model with
4 qubits demonstrated the best balance between model com-
plexity and the ability to capture relevant patterns in the



Fig. 8: Overall workflow of the proposed channel estimation framework.

dataset. This balance allowed it to generalise well without
apparent instability or significant degradation in predictive
performance. In comparison, models with 2 or 3 qubits showed
limited capacity to capture the complexity of the data, which
resulted in poorer performance. Meanwhile, models with 5
or 6 qubits, although more complex, faced challenges such
as instability during training and diminished generalisation
ability. Increasing the number of qubits can also lead to more
complex optimisation landscapes, which can negatively affect
training and generalisation. Based on these observations, the
model with 4 qubits achieved the best performance among the
five models evaluated.

2) Model Performance Under Different Types of Quantum
Embedding: To select an appropriate quantum embedding
technique, four CNN-QLSTM models are constructed, each
using VQCs with a different type of quantum embedding, as
shown in Fig. 10. Embedding type 1 consists of Hadamard
gates followed by rotation gates Ry , where the classical
input vector is encoded as the rotation angles of the Ry

gates. Similarly, embedding type 2 consists of Hadamard gates
followed by rotation gates Rz , encoding the classical input
vector as the rotation angles of the Rz gates. Embedding type 3
has been introduced previously in Section V-B. In embedding
type 4, Hadamard gates are applied to each qubit, followed
by rotation gates Rz , where the n-th feature un of the input
vector −→u = (u1, u2, . . . , uN ) is encoded as the rotation angle.
Subsequently, RZZ gates are implemented on qubits n and m,
where n ∈ [1, . . . , N − 1] and m ∈ [n + 1, . . . , N ]. Each
RZZ gate consists of two CNOT gates and an Rz gate with a
rotation angle unum. The RIS-NOMA system configuration is

also set to ρ = 15 dB, R = 20, ζ = 0.3. The performance of
these four models is evaluated on the test dataset using RMSE,
MAE and MAPE as shown in Tab. IV.

TABLE IV: Performance of CNN-QLSTM models with dif-
ferent quantum embedding techniques.

Types of embedding RMSE MAE MAPE
Type 1 0.01293 0.01085 0.09619
Type 2 0.01251 0.01080 0.09483
Type 3 0.00676 0.00553 0.04798
Type 4 0.01021 0.00868 0.07686

Each value in the table represents the average of the RMSE,
MAE, and MAPE metrics calculated for both user 1 and user
2. The results from Tab. IV show that embedding type 3 has
the best overall performance with the lowest RMSE, MAE
and MAPE values. Type 1 and type 2, which apply only
one type of rotation gates (either Ry or Rz), show higher
errors, indicating that they offer less flexibility in representing
the complex input features. While type 4 shows reasonable
performance, it is less effective than type 3 as shown by
its higher higher RMSE, MAE, and MAPE values. With its
use of additional entanglement and controlled operations, it
may introduce challenges in training or optimisation. As a
result, embedding type 3, with moderate complexity, provides
the best balance between feature representation and model
performance. Therefore, for the remainder of this paper, the
4-qubit quantum circuit employing embedding type 3 will be
used, as it provides an effective balance between complexity
and performance across the evaluated metrics.



Fig. 9: Types of VQCs.

VI. RESULTS AND DISCUSSION

In this section, simulation results of the proposed CNN-
QLSTM model across various RIS-NOMA system configura-
tions are provided.

A. Model Performance Under a Specific RIS-NOMA Scenario

The performance of the CNN-QLSTM model is evaluated
under a system configuration with the SNR of 15 dB, 20
RIS elements, and the power allocation factor of 0.3. The
magnitude of the normalised received signals at two users over
2000 time steps is shown in Fig. 11. Additionally, Fig. 12
illustrates the MSE loss up to 100 epochs on the normalised
training dataset. The training loss in Fig. 12 indicates that the
CNN-QLSTM model learns effectively throughout the training
process. There is a sharp decline in the loss over the first few
epochs, showing that the model quickly identifies important
patterns in the data. Although the training loss continues to
decrease, it reaches approximately 0.0002 at the 90th epoch
and begins to stabilise, with minimal variation up to the 100th
epoch. Fig. 13 presents the prediction performance of the
CNN-QLSTM model for user 1 on both the training and
testing datasets. Here, the dotted line visually represents the
division between the training and testing datasets. As shown
in Tab. III and Tab. IV, the CNN-QLSTM model shows strong
performance with an average RMSE of 0.00676, MAE of

Fig. 10: Types of quantum embedding techniques.

Fig. 11: The normalised magnitude of the received signals at
two users under the SNR of 15 dB with 20 RIS elements, and
the power allocation factor of 0.3.

0.00553 and MAPE of 0.04798. These values indicate that the
model predicts with high accuracy across different metrics.

B. Model Performance Under Varying Power Allocation Fac-
tors

In this subsection, the performance of the CNN-QLSTM
model is analysed under different power allocation factors
while maintaining the SNR of 15 dB and 20 RIS elements.
Fig. 14, Fig. 15, and Fig. 16 illustrate the respective RMSE,
MAE, and MAPE values on the test dataset. Each figure
presents the values of the respective metric for both individual
users and their average. These figures show a consistent
decrease in RMSE, MAE, and MAPE for both users as
the power allocation factor increases. User 2 exhibits higher
RMSE and MAE values compared to user 1, while user 1
shows higher MAPE values. RMSE and MAE measure the
absolute difference between the predicted and actual values.
Higher values for user 2 suggest that the magnitude of the



Fig. 12: Training loss under the SNR of 15 dB with 20 RIS
elements, and the power allocation factor of 0.3.

Fig. 13: Prediction performance for user 1 under the SNR of
15 dB with 20 RIS elements, and the power allocation factor
of 0.3.

Fig. 14: RMSE values under varying power allocation factors
at the SNR of 15 dB with 20 RIS elements.

prediction errors is greater for user 2 than for user 1. In
contrast, MAPE normalises the error by the actual value,
making it more sensitive to the relative size of the error in

Fig. 15: MAE values under varying power allocation factors
at the SNR of 15 dB with 20 RIS elements.

Fig. 16: MAPE values under varying power allocation factors
at the SNR of 15 dB with 20 RIS elements.

Fig. 17: RMSE values under varying SNR with 20 RIS
elements and the power allocation factor of 0.3.

proportion to the true value. The higher MAPE for user 1
indicates that even though the absolute errors are smaller, they
represent a larger percentage of the actual values.



Fig. 18: MAE values under varying SNR with 20 RIS elements
and the power allocation factor of 0.3.

Fig. 19: MAPE values under varying SNR with 20 RIS
elements and the power allocation factor of 0.3.

C. Model Performance Under Varying SNRs

This subsection analyses the performance of the CNN-
QLSTM model for SNR values ranging from 10 to 20 dB,
with 20 RIS elements and the power allocation factor of 0.3.
Fig. 17, Fig. 18, and Fig. 19 show the respective RMSE, MAE,
and MAPE values on the test dataset. Each figure presents the
individual values for each user as well as their average. The
figures show that as the SNR increases, RMSE, MAE, and
MAPE consistently decrease for both users. A higher SNR
indicates a stronger signal relative to the noise, which leads to
a more reliable communication environment for users. Similar
to the case of increasing the power allocation factor, user 2
has higher RMSE and MAE values compared to user 1, while
user 1 shows higher MAPE values.

D. Model Performance Under Varying Number of RIS Ele-
ments

In this subsection, the performance of the CNN-QLSTM
model is analysed by varying the number of RIS elements
from 20 to 70, while keeping the SNR at 15 dB and the
power allocation factor at 0.2. Fig. 20, Fig. 21, and Fig. 22
represent the RMSE, MAE, and MAPE values, respectively,

Fig. 20: RMSE values under varying numbers of RIS elements
at the SNR of 15 dB and the power allocation factor of 0.2.

Fig. 21: MAE values under varying numbers of RIS elements
at the SNR of 15 dB and the power allocation factor of 0.2.

on the test dataset. Each figure presents the results for each
user and their average. The results across all three metrics
indicate that increasing the number of RIS elements improves
the performance of the model for both users, though the impact
varies between them. In Fig. 20 and Fig. 21, RMSE and MAE
generally decrease as the number of RIS elements increases.
However, when the number of RIS elements is 40, a slight
increase in both RMSE and MAE is observed for user 2. The
slight increase is attributed to a higher variability within the
dataset generated for the R = 40 configuration.

E. Comparison of the Proposed Model With Other Models

This section compares the channel estimation performance
of the proposed CNN-QLSTM model with other quantum
and classical models that have been applied for this task.
To provide a pure quantum benchmark, we implement a
standalone QNN. For a fair comparison, this QNN uses the
same optimal 4-qubit VQC architecture (type 3) established
in Fig. 9 in Section V-F. However, the model incorporates
2 variational layers with CNOT entanglement and rotation
gates. This provides a direct comparison with pure quantum-
inspired methods to evaluate the benefit of our hybrid classical-
quantum approach. Additionally, we evaluate our approach



Fig. 22: MAPE values under varying numbers of RIS elements
at the SNR of 15 dB and the power allocation factor of 0.2.

against four classical DL models commonly used in wireless
communication scenarios: CNN [33], LSTM [76], BiLSTM
[77], and CNN-LSTM [34]. To ensure a fair comparison,
CNN-LSTM follows the same structure as our proposed
model, while all other models are implemented with two
layers. The CNN model follows the same structure as the
CNN module in our proposed approach, while each layer in
the LSTM and BiLSTM models consists of 16 units. The
evaluation is conducted under the same RIS-NOMA system
configuration as in Section VI-A, with the SNR of 15 dB,
20 RIS elements, and the power allocation factor of 0.3.
Performance is also assessed using three standard metrics:
RMSE, MAE, and MAPE. The averaged values for RMSE,
MAE, and MAPE for both users across all evaluated models
are presented in Tab. V.

TABLE V: Performance comparison of different models.

Models RMSE MAE MAPE
QNN 0.01056 0.00912 0.07756
CNN 0.00971 0.00783 0.06922

LSTM 0.00889 0.00733 0.06477
BiLSTM 0.00815 0.00671 0.05900

CNN-LSTM 0.00773 0.00618 0.05345
CNN-QLSTM 0.00676 0.00553 0.04798

The results in Tab. V present the performance comparison
of the proposed model with the quantum-inspired baseline and
classical DL models for channel estimation in the defined RIS-
NOMA system configuration. The results indicate that the
proposed CNN-QLSTM model consistently outperforms all
baseline models across all evaluation metrics. The pure QNN
baseline achieves the worst performance among all evaluated
models. This indicates that pure quantum approaches struggle
significantly with the complex characteristics of RIS-NOMA
data. The poor performance of the standalone QNN suggests
that quantum circuits alone require additional architectural
components to effectively handle the high-dimensional nature
of wireless channel estimation tasks. Among the classical
models, the CNN-LSTM model achieves the best performance,

with an RMSE of 0.00773 and a MAPE of 0.05345. How-
ever, its performance remains worse than that of the CNN-
QLSTM model since the integration of VQCs within the
QLSTM module enables more efficient temporal modelling
and improves overall accuracy. The BiLSTM model achieves
a slightly worse performance than that of the CNN-LSTM
model, with an RMSE of 0.00815 and a MAPE of 0.05900,
demonstrating the advantages of combining CNNs for spatial
feature extraction with LSTMs for efficient temporal mod-
elling. The bidirectional structure of the BiLSTM model,
which processes temporal dependencies from both past and
future time steps, improves estimation accuracy compared to
the standard LSTM model. Although the LSTM model is
effective in capturing sequential dependencies, it performs
slightly worse than the BiLSTM model, with an RMSE of
0.00889. The absence of bidirectional processing limits its
ability to fully exploit temporal information. The CNN model
achieves the highest RMSE of 0.00971 and MAPE of 0.06922,
which shows that spatial feature extraction alone is insufficient
for accurate channel estimation. Since the CNN model does
not inherently model sequential dependencies, it struggles to
capture the dynamic nature of wireless channel variations over
time. The comparison demonstrates that the hybrid approach
effectively combines the advantages of both classical and
quantum processing, whilst pure quantum or classical methods
alone show limitations in this complex estimation task. Over-
all, the consistent superior performance of the proposed CNN-
QLSTM model across all evaluation metrics highlights its
effectiveness in overcoming the inherent challenges of channel
estimation in RIS-NOMA systems.

To evaluate the computational complexity of the proposed
CNN-QLSTM model relative to the other baseline models, we
compare the number of trainable parameters and model size,
as shown in Tab. VI.

TABLE VI: Complexity comparison of different models.

Models Trainable parameters Model Size
QNN 54 0.21 KB
CNN 306 1.19 KB

LSTM 3618 14.11 KB
BiLSTM 9282 36.26 KB

CNN-LSTM 6146 24.01 KB
CNN-QLSTM 778 3.04 KB

The number of trainable parameters for each model is
obtained using the model.parameters() function in Py-
Torch, and the corresponding model size is computed based
on the memory required to store these parameters. Among
the models, the BiLSTM model has the highest complexity
due to its bidirectional structure, whereas the LSTM model,
though simpler, still requires a substantial number of param-
eters to model temporal dependencies. The QNN baseline
demonstrates the lowest computational complexity with only
54 trainable parameters and 0.21 KB model size, reflecting
the compact nature of pure quantum circuits. However, this
minimal complexity comes at the cost of significantly reduced
performance. The CNN model, primarily designed for spatial
feature extraction, is relatively simple due to the absence of re-



current connections. The CNN-LSTM model, which combines
both convolutional and recurrent layers, is computationally
less demanding than BiLSTM but remains more complex than
standalone CNN, QNN and LSTM models. Despite incor-
porating quantum-enhanced processing, the proposed CNN-
QLSTM maintains a compact architecture with a relatively low
number of parameters, effectively balancing computational
cost and estimation accuracy. These results demonstrate the
efficiency of CNN-QLSTM, making it well-suited for practical
deployment in RIS-NOMA systems, where lightweight models
are essential for real-time channel estimation.

Although the proposed CNN-QLSTM model demonstrates
superior performance compared to classical approaches un-
der the evaluated system configuration and shows consistent
performance across varying system configurations, several
challenges must be investigated before practical deployment in
real-world 6G environments. This context highlights a critical
trade-off for practical deployment: the superior estimation
accuracy offered by the quantum-enhanced architecture must
be weighed against the near-term challenges of hardware
noise, classical-quantum interface latency, and the compu-
tational overhead of running quantum circuits. While our
model shows promise in simulated environments, its real-
world feasibility will depend on the continued maturation of
quantum hardware and the development of more efficient op-
timisation techniques that mitigate these practical constraints.
First, hardware constraints and quantum noise effects present
significant obstacles, as current quantum computing hardware
suffers from limited qubit coherence times, gate fidelities,
and susceptibility to environmental decoherence, which can
degrade the performance advantages observed in idealised
simulations. Addressing these hardware limitations is an active
area of research. Potential mitigation strategies range from
near-term software-based approaches, such as quantum er-
ror mitigation techniques that estimate and compensate for
the effects of noise from the final results, to the long-
term development of quantum error correction codes, which
aim to create fault-tolerant quantum computers. Furthermore,
designing variational algorithms and quantum circuits to be
inherently more resilient to the specific noise characteristics
of a given hardware platform is another promising direction.
Moreover, limited access to quantum hardware represents a
practical barrier, as quantum computers remain expensive and
are not widely accessible to researchers and practitioners,
potentially hindering widespread adoption and validation of
quantum-enhanced approaches. Second, scalability concerns
arise when extending the approach to large-scale RIS-assisted
networks with hundreds of elements and numerous users, as
the quantum circuit complexity and classical-quantum inter-
face overhead may offset computational benefits. Third, com-
putational overhead optimisation remains challenging, partic-
ularly in balancing the quantum circuit depth with estimation
accuracy while maintaining real-time processing requirements
typical in wireless communications. Fourth, the integration
of quantum and classical processing components introduces
synchronisation and latency challenges that must be addressed
for practical channel estimation applications. Fifth, extending
the framework to accommodate multi-user and multi-RIS

scenarios introduces additional complexity in quantum state
preparation and measurement procedures. In addition to these
technical challenges, several broader challenges exist within
the research ecosystem. Sixth, the lack of standardisation in
quantum model implementation poses significant difficulties,
as there are no established guidelines or unified frameworks for
designing quantum-enhanced machine learning architectures,
leading to inconsistent approaches and difficulties in repro-
ducing and comparing results across different studies. Seventh,
the absence of standardised procedures for defining and imple-
menting 6G system parameters creates additional uncertainty,
as both quantum computing and 6G technologies are rapidly
evolving fields with continuously changing specifications and
requirements. Finally, developing more sophisticated quantum
embedding strategies that can efficiently represent the high-
dimensional and dynamic nature of wireless channel data
remains an open research direction. These challenges reflect
the nascent state of both quantum machine learning and 6G
technologies, where standardisation efforts and best practices
are still evolving. Researchers investigating QML applications
in 6G channel estimation should systematically address these
challenges to bridge the gap between theoretical quantum
advantages and practical wireless system deployment.

VII. CONCLUSION

This paper presents the CNN-QLSTM, a hybrid quantum-
classical ML model for channel estimation in RIS-NOMA
systems. The integration of CNNs for spatial feature extraction
and QLSTM networks for temporal modelling enables the
proposed model to effectively capture both spatial correlations
and sequential patterns within the received signal features.
The variational quantum circuit (VQC) used in the QLSTM is
formulated with a detailed mathematical description, including
the quantum embedding process, entanglement mechanism,
parametrised quantum operations, and measurement process.
To identify the optimal VQC architecture that ensures the
efficiency of the proposed model, multiple VQC configurations
were explored through extensive simulations that evaluated the
performance of the model under various system configurations.
The study examines the impact of key system parameters,
including SNR, power allocation factors, and the number of
RIS elements, on estimation accuracy. The findings suggest
that higher SNR, optimised power allocation, and an increased
number of RIS elements generally lead to improved estimation
accuracy achieved by the CNN-QLSTM framework. These
results demonstrate the robustness of the proposed model
across different RIS-NOMA system configurations. Further-
more, simulation results confirm that CNN-QLSTM achieves
better estimation accuracy compared to both pure quantum
and classical DL-based estimators, including the QNN, CNN,
LSTM, and BiLSTM, in terms of RMSE, MAE, and MAPE.

This study offers valuable insights into the application of
QML-based techniques for channel estimation in RIS-NOMA
systems, demonstrating their effectiveness in achieving more
precise estimation performance. However, practical imple-
mentation in real-world wireless networks remains an open
challenge. Future research should focus on refining quantum
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embedding strategies to enhance the representation of classical
data in the quantum domain, optimising the VQC structure to
reduce computational overhead, and improving model scal-
ability for large-scale RIS-assisted networks. Additionally,
extending the proposed framework to accommodate multi-
user and multi-RIS scenarios will be essential for broader
applicability. Further investigations into hardware constraints,
quantum noise effects, and hybrid classical-quantum optimi-
sation techniques could also contribute to the feasibility of
QML in next-generation 6G networks. The findings in this
work establish a foundation for integrating QML into wireless
communication systems, supporting its practical deployment
in future communication technologies.
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