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Abstract: To address the growing multi-user interference in dense wireless networks, we propose an interference-aware 

Deep Quantum Neural Network (DQNN) for channel estimation in the Non-orthogonal multiple access (NOMA) systems. 

The proposed method incorporates a hybrid classical-quantum architecture. A Transformer-encoder processes the pilot 

signals to extract spatiotemporal features. A parameterized quantum circuit maps the processed features into a high-

dimensional Hilbert space. The enhancement hinges on an Adaptive Energy Valley Optimization (AEVO) algorithm, 

which modifies the optimization trajectory using interference-aware preconditioners derived from the interference 

covariance structure. With the aid of these preconditioners, the DQNN can steer through the NOMA's non-convex terrain 

characterized by interference to enhance estimation performance.  Moreover, interference-aware preconditioning is 

achieved through a lightweight neural network which adapts to time-varying interference. The successive interference 

cancellation decoder uses the estimated channel matrix to recover symbols. By further analysing the results, it is noticed 

that the quantum-enhanced machine learning delivers better results than the classical ones. The proposed framework 

enhances the state-of-the-art in NOMA channel estimation, while also providing a general framework for interference-

aware optimization in quantum machine learning. At 10 dB SNR, the AEVO-DQNN method with a 16x16 antenna array 

obtained a minimum NMSE of 0.012288 and a minimum BER of 0.013023. Further, the proposed method outperforms 

the competing methods in terms of NMSE/BER mean with 95% confidence intervals, interference rejection ratio analysis, 

sensitivity to estimation error and estimated interference covariance, and paired t-test analysis. 

 

Index Terms: Channel Estimation, Non-Orthogonal Multiples Access, Deep Quantum Neural Network, Adaptive Energy 

Valley Optimization, Interference-Aware Preconditioner. 

 

 

1.  Introduction 

NOMA has become a key technology for 5G and beyond due to its superior spectral efficiency and the ability to 

serve multiple users in the same resource block using power-domain multiplexing [1]. NOMA differs from conventional 

orthogonal multiple access (OMA) techniques by exploiting differences in channel gains between users. This enables 

simultaneous transmission and increases system capacity [2]. Despite this benefit, the increase in multi-user interference 

makes channel estimation for coherent detection and resource allocation challenging [3]. There exists a classical approach, 

such as least-squares (LS) and minimum mean-square error (MMSE), which is not adequate for the NOMA environment 

because it is non-convex and interference-contaminated [3]. Even though deep learning-based approaches are capable of 

alleviating such challenges [4], they usually do not exploit the quantum-inspired computational advantages further to 

enhance performance. Quantum neural networks (QNNs) can provide a solution by simplifying the processing of high-

dimensional data and non-linear relationships [5]. 

At the transmitting end, superposition coding is used for NOMA and at the receiving end, successive interference 

cancellation (SIC) is used. Nevertheless, the implementation of NOMA in practice encounters obstacles, such as the 

necessity of accurate channel state information (CSI) or channel estimation (CE) for effective power allocation and 

successive interference cancellation (SIC), high receiver complexity, optimal resource allocation, and interference 

management [6].  Deep Learning (DL) offers promising approaches to address these problems. RNNs and LSTMs are 

better at channel estimation in a dynamic fading environment and improve the BER, Outage probability, and sum rate 

significantly compared to a conventional method, such as MMSE. Using power allocation strategies with DL-based CE 
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enhances the performance. Deep learning techniques are also applied to resource allocation, user pairing and fairness, 

approximation of SIC receivers, reduction of impulse noise, and transceiver design [7]. 

Iterative receivers have been developed for FTN-NOMA systems with grant-free random access, which can jointly 

track user activity, estimate the channel, and detect data. The complexity is linear in the number of active users [8]. One 

technique to manage complexity in message passing for grant-free scenarios is the use of a rotationally invariant Gaussian 

mixture (RIGM) model. Although some progress has been made on a few of these challenges, there are still several 

challenges that remain, which are efficient pairing of multiple users, user mobility, multi-cell interference, imperfect SIC, 

security, and low-complexity algorithms for uplink NOMA [9]. Accurate channel estimation in the high-interference, 

non-orthogonal environment is a critical bottleneck. The performance of NOMA systems relies on Successive Interference 

Cancellation (SIC) at the receiver, a technique whose efficacy is fundamentally dependent on precise channel state 

information (CSI). Channel estimation errors are not isolated; they propagate and amplify through the SIC chain, resulting 

in catastrophic degradation of system performance. This creates a "non-convex and interference-contaminated" 

optimization landscape that conventional estimators cannot solve optimally. 

Recent advances in optimization algorithms have enabled the proficient training of complex neural networks through 

the Energy Valley Optimizer (EVO) [10]. These techniques, however, do not have the flexibility to adjust to the NOMA 

interference. To address this shortfall, we propose a Deep Quantum Neural Network (DQNN) that is interference aware 

and is trained using the Adaptive Energy Valley Optimization (AEVO) algorithm. The important thing is that the 

integration of learned interference-aware preconditioners adapts the optimization trajectory to account for multi-user 

interference explicitly. These preconditioners are based on the interference covariance structure, allowing the DQNN to 

escape the non-convex optimization trap more easily [11]. 

The proposed AEVO-DQNN model estimates NOMA channels. At the transmitter, data is demultiplexed, converted 

from serial-to-parallel, and mapped to 16-QAM. LS estimation at the receiver delivers the initial estimate of the vector. 

Channel estimation is done by a DQNN (Transformer encoder + PQC). This deep quantum neural network (DQNN) is 

trained with a preconditioner that is based on the AEVO (derived from the EVO). Data is recovered using SIC decoding 

and 16-QAM demapping. This work advances the state-of-the-art in NOMA channel estimation by combining quantum 

computing with interference-aware optimization and opens up new opportunities in quantum-enhanced wireless systems. 

The proposed framework is generalizable and can be applied to other interference-dominated scenarios, such as massive 

MIMO and ultra-dense networks. The proposed framework, AEVO-DQNN, is a hybrid classical-quantum architecture 

designed to overcome the limitations of existing methods. The core contribution is a tripartite solution: 

 

• A Deep Quantum Neural Network (DQNN): A hybrid model combining a classical Transformer-encoder (for 

feature extraction) with a Parameterized Quantum Circuit (PQC). The PQC maps features into a high-

dimensional Hilbert space to efficiently model the complex, non-linear channel dynamics. 

• Adaptive Energy Valley Optimization (AEVO): A novel optimization algorithm used to train the DQNN. It is 

an advanced, population-based method derived from Energy Valley Optimization (EVO) that is inherently suited 

for navigating non-convex landscapes. 

• Learned Interference-Aware Preconditioners: This is the central innovation. The AEVO algorithm is enhanced 

with adaptive preconditioners derived from the interference covariance structure. These preconditioners, 

controlled by a lightweight neural network, "steer" the optimization process, allowing the DQNN to avoid 

interference-induced local minima and find a more accurate channel estimate. 

 

The significance of the proposed work lies not merely in the application of quantum computing to wireless 

communications, but in the development of a problem-specific, interference-aware optimization framework. The AEVO-

DQNN architecture bridges the gap between the high-dimensional representational power of quantum circuits and the 

specific, non-convex optimization challenges of a classical communications problem. The proposed work provides a 

comprehensive technical analysis of this framework, deconstructing its architecture, its novel optimization mechanism, 

and its benchmarked performance. The remainder of this paper has been organized as follows: Section 2 provides a review 

of the existing work on NOMA channel estimation as well as quantum machine learning. Section 3 contains introductory 

information on NOMA channel estimation and the AEVO optimization framework. The proposed interference-aware 

DQNN’s architecture and training are discussed in Section 4. In Section 5, we present experimental comparisons with 

state-of-the-art methods. Section 6 presents the implications and future research directions. Section 7 ends the paper. 

2.  Related Works 

NOMA achieves its high spectral efficiency by deliberately sacrificing orthogonality. Multiplexing users in the 

power domain allows multiple users to share the same resource block, a fundamental departure from OMA techniques. 

This benefit, however, is also NOMA's greatest challenge: it introduces severe, structured multi-user interference (MUI) 

as an intrinsic part of the signal model. To manage this MUI, NOMA systems mandate the use of Successive Interference 

Cancellation (SIC) at the receiver. In an SIC-based receiver, users are decoded sequentially. The signal of the strongest 

user is decoded first, its contribution is estimated and subtracted from the composite signal, and the process repeats for 

the next-strongest user. 
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This sequential decoding process creates a critical dependency: the successful decoding of one user is contingent 

upon the successful decoding and cancellation of all stronger users before it. This creates a mechanism for error 

propagation. As the research indicates, imperfect channel estimation at any stage of the SIC chain results in imperfect 

interference cancellation. This residual interference is then passed on to the next decoding stage, increasing the noise floor 

and compromising the entire detection process. Therefore, NOMA's reliance on SIC makes it uniquely and critically 

sensitive to the accuracy of channel state information (CSI). NOMA systems have been the subject of extensive studies 

on channel estimation using classical and machine learning approaches. The existing methods consist of 3 classes: 

Conventional signal processing techniques, classical machine learning methods, and emerging quantum-enhanced 

methods. 

2.1.  Conventional Channel Estimation Methods 

Traditional NOMA channel estimation approaches are mainly pilot-assisted. The LS and MMSE estimators are 

commonly used since they are easy to compute [3]. The aforementioned approaches suffer performance degradation in 

high-interference scenarios due to their disregard for NOMA's non-orthogonality. Sophisticated techniques based on 

compressed sensing [12] have been proposed to leverage channel sparsity, yet they suffer from dynamic interference 

patterns. The work in [11] develops an iterative interference-cancellation scheme that inspired our preconditioning but is 

limited to linear processing. 

2.2.  Machine Learning-Based Approaches 

Recent advancements in deep learning have revolutionized channel estimation across many wireless communication 

scenarios. Convolutional neural networks (CNNs) have been proposed to learn the spatial features from the pilot signal 

in NOMA systems [4]. Recurrent architectures, particularly long short-term memory (LSTM) networks, have been used 

to model temporal correlations in time-varying channels [3]. The approach presented in [13] used ensemble learning of 

the combination of multiple weak estimators for accuracy improvement. Yet, due to the limitations in dimensionality of 

classical neural networks, they are not suitable for modelling the interference patterns of NOMA. 

2.3.  Quantum-enhanced Solutions 

New possibilities for channel estimation have begun with quantum computing and wireless communication. 

Quantum neural networks show promise in solving high-dimensional optimization problems, which classical computers 

cannot solve [14]. The parameterized quantum circuit architecture similar to ours was first proposed in [15] without the 

NOMA interference being considered. The AEVO framework is adopted since recent work on quantum-inspired 

optimization algorithms [16] demonstrated better convergence properties compared to classical gradient-based 

optimization algorithms. Several studies have looked into interference management in NOMA systems. The solution to 

the problem presented in work [17] has proposed a convex relaxation approach for interference mitigation. Moreover, 

work [18] has proposed an age-of-information aware algorithm for multicast scenarios. Yet, such approaches either rest 

on simple interference models or fail to exploit quantum systems’ representational power. The learning-based interference 

adaptation was introduced in adaptive semantic generation [19]. However, the classical neural network architecture 

proposed there does not exploit any quantum advantage, unlike the one proposed here. 

The authors propose a practical channel estimation method based on a Long Short-Term Memory (LSTM) neural 

network that adapts to varying channel conditions. The paper presents a novel power coefficient allocation algorithm 

based on a binomial distribution and Pascal’s triangle approach, allocating power between two users solely based on 

channel conditions. The proposed algorithm has a gap compared to multi-user power allocation in NOMA systems. This 

paper mainly investigates downlink NOMA, but uplink NOMA needs to be studied [6]. The paper proposes an algorithm 

for grant-free NOMA, comprising a slot-wise multi-user detector and a joint signal and channel estimator. The study 

under consideration envisions a single-antenna configuration at the receiver, which limits the ability to support more users 

and/or higher transmission rates. The paper omits multi-antenna channels, which can offer more sophisticated designs, 

e.g. structural information such as angular-domain sparsity [9]. 

The authors have applied a new framework that integrates temporal correlation in the active user set with multi-

antenna reception. The study developed a Kronecker Compressed Sensing (KCS) framework to extract the spatial-

temporal structure of user activity fully. Classical greedy algorithms for the KCS problem do not jointly exploit the 

underlying spatial-temporal correlation of user activity in MIMO-NOMA systems, as shown in this paper. Current 

methods do not address the potential for more efficient multiuser detection [20]. A generalized GMM-based joint channel 

estimation and signal detection algorithm for NOMA is proposed for cases where the receiver is unaware of the 

transmitting users or the channel conditions. This study uses a theoretical analysis to show that the SER converges and to 

derive a closed-form expression for its SER. In a grant-free NOMA scenario relevant to massive IoT systems, the authors 

study the tradeoff between pilot length and SER. The channel phase cannot be inferred directly based on the cluster 

centroids in this paper and pilot symbols are needed for demapping. The initialization of the EM algorithm in the vicinity 

of the actual centroids is assumed in the paper, without which it may not be possible [21]. 

The proposed interference-aware DQNN with AEVO optimization is fundamentally different in several aspects. 

While standard methods treat interference as noise, we model the interference pattern directly using learned 

preconditioners. In contrast to classical machine learning solutions, the quantum component can more efficiently represent 
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complex channel dynamics in high-dimensional Hilbert space. Our optimization algorithm adapts to interference 

variations, unlike a fixed design of a quantum circuit. Previous quantum-enhanced solutions lack this capability. This 

absolute combination of interference awareness, quantum computing, and adaptive optimization is a remarkable 

performance compared to the above existing techniques. 

3.  Preliminaries on NOMA channel Estimation and AEVO Optimization 

To build the theoretical basis for the designed method, first, the NOMA channel estimation problem is formalized. 

Then, the main implementation ideas of the Adaptive Energy Valley Optimization (AEVO) framework (derived from 

Energy Valley Optimization (EVO) [22]) are introduced. The section starts with the system model and signal formulation, 

then examines the interference characteristics in a NOMA system. Next, we formulate the mathematical equations 

associated with the problem of channel estimation as an optimization problem and show how AEVO provides a solution. 

3.1.  System Model 

We consider hexagonal L  cells, where each cell has one base station with M  antennas, and K  user terminals with 

a single antenna. M

ljk h C  represents the channel from the thk  user terminal of the 
thj  cell to the base station in the thl  

cell [23]. Usually, the channel model employs uncorrelated Rayleigh fading. Moreover, the measurement campaigns 

suggest that practical massive MIMO channels have spatial correlation. We consider the correlated Rayleigh fading model 

to represent spatially correlated channels, as shown below. 

 

( )0, ,ljk ljkNCh R                                                                         (1) 

 

where ljkR  refers to the channel covariance matrix that describes the macroscopic propagation characteristics. We define 

the distribution ( )0,NC R  to be the circularly symmetric complex Gaussian distribution with zero mean and covariance 

matrix R . When the spatial correlation is independent, we can express it as ljk ljk M=R I , which is a diagonal matrix. 

ljk  denotes the large-scale fading coefficient that connects the base station in thl  cell with the thk  user terminal in the 

thj  cell. Despite this, we take into account the spatial correlated channel having a covariance matrix with non-zero off-

diagonal elements and dissimilar diagonal elements. The channel’s covariance matrix is modeled as 

 

( ) ( ) ( ) ,
H

ljk ljk ljk ljk ljk ljkp a a d



    

−
= R                                                     (2) 

 

where the power spectrum of an angle of arrival (AoA) is ( )p  , while the steering vector of a uniform linear array is 

( )a . The range from   , i.e., ( ){ : }p  ò  is excluded, where ò  is some small value. It is assumed that the power 

spectrum ( )p   has a Laplace distribution with standard deviation 2 . This helps to spread the received power around 

the center of the propagation paths [24]. The NOMA system model is shown in Fig. 1. 

 

 

Fig.1. NOMA system model 

3.2.  Signal Formulation 

Consider a downlink NOMA network in which K  users share the same time-frequency resource block. The received 

signal at user k  can be expressed as: 

 
H

k k ky n= +h x                                                                               (3) 
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where 
1M

k

h C  is the channel vector that exists between the base station (with M  antennas) and user k . It models the 

effects of fading and path loss. Hermitian transpose of the channel vector kh  is represented by 
H

kh . The transmitted signal 

vector is represented by x  and kn  represents additive white Gaussian noise. Superposition coding combines users’ 

symbols to form the transmitted signal: 

 

1

K

i i i

i

p s
=

=x w                                                                               (4) 

 

In this expression, we use ip , iw , and is  respectively to refer to the power allocation, beamforming vector, and 

information symbol for user i . The channel estimation problem tackles the recovery of kh  from corrupted pilot 

observations. 

3.3.  Interference Characteristics in NOMA 

The interference structure in NOMA systems exhibits two distinctive properties that complicate channel estimation. 

The interference covariance matrix IR  shows non-diagonal dominance due to correlated channel gains among users: 

 
H

I i i i

i k

p


=R h h                                                                              (5) 

 

Where 
H

i i ip h h  represents the covariance of the interference signal from a single user i . The outer product 
H

i ih h  captures 

the spatial characteristics of the interference from user i . The interference-to-noise ratio (INR) varies significantly across 

users depending on their power allocation and channel conditions. These characteristics render conventional estimation 

techniques suboptimal, as they either ignore the interference structure or make overly simplistic assumptions about its 

statistics [25]. 

3.4.  Channel Estimation as Optimization 

The maximum likelihood estimation of kh  can be formulated as a non-convex optimization problem: 

 
2 1min

k

H

k k k I k −− +
h

y Xh h R h                                                               (6) 

 

where X  contains pilot symbols and   is a regularization parameter controlling the trade-off between data fidelity and 

interference resilience. The second term is the regularization term which accounts for interference through the inverse 

covariance matrix, but direct computation becomes infeasible in practical systems due to unknown interference 

parameters. 
1H

k I k

−
h R h incorporates prior knowledge about the interference statistics (via 

1

I

−
R  as a precision matrix) to 

penalize channel estimates that are inconsistent with the known interference structure. If 0 = , the expression reduces 

to a simple least-squares problem. If   is very large, the solution will be heavily biased to be orthogonal to the 

interference subspace, even if it does not fit the data well [3]. 

3.5.  AEVO Optimization Framework 

The AEVO algorithm (derived from EVO [22]) addresses this challenge through three key mechanisms [10]. First, 

it maintains a population of candidate solutions ( )
1{ }

i N

k i=h  that explore different regions of the solution space. Second, it 

employs an energy-based selection criterion that favors solutions with both low estimation error and interference 

resilience. The energy function ( )kE h  serves as the fitness or cost function in the AEVO algorithm. ( )kE h  is the energy 

associated with a channel estimate kh . The energy function is designed to evaluate the quality of a candidate’s channel 

estimate kh : 

 

( ) ( )
2

tr H

k k k k k IE = − +h y Xh h h R                                                             (7) 

 

where   balances the trade-off between data fidelity and interference suppression. The second term, ( )tr H

k k I h h R , acts 

as a regularization penalty that accounts for multi-user interference. The expression
H

k k Ih h R  is a scalar that represents 

the total interference power from other users as projected onto the direction of the estimated channel kh . Minimizing this 

term forces the channel estimate into a subspace that is orthogonal to the directions of strong interference, promoting 

interference suppression. Third, the algorithm adapts its search direction using learned preconditioners that approximate 
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the inverse interference covariance structure [26]. The preconditioner matrix P  transforms the original optimization 

problem into a better-conditioned space. The transformed optimization problem is: 

 
2

1/2min
k

k k

−−
h

y XP h                                                                          (8) 

 

where the linear transformation defines a new variable 1/2

k k=h P h  and 1/2
P  is the principal square root of P . The 

preconditioned optimization problem now solves for the transformed channel vector 
kh  in a better-conditioned space. 

The actual channel estimate kh can be recovered afterward using the inverse transformation, 1/2

k k

−=h P h . This 

transformation enables more efficient optimization while implicitly accounting for interference correlations. The AEVO 

framework differs from conventional evolutionary algorithms by incorporating problem-specific knowledge through 

these adaptive preconditioners, making it particularly suitable for NOMA channel estimation [27].  

4.  Interference-aware Deep Quantum Neural Network with Learned Preconditioners 

The proposed interference-aware DQNN architecture [28] combines classical signal processing with quantum-

enhanced learning to address the unique challenges of NOMA channel estimation [5]. The system processes received 

pilot signals through a hybrid pipeline that extracts interference patterns using classical neural networks and maps them 

to quantum states for enhanced representation learning. The core innovation lies in the adaptive optimization framework 

that dynamically adjusts to interference conditions through learned preconditioners. 

4.1.  Interference-aware Preconditioning in AEVO for NOMA 

The preconditioner matrix tP  at optimization step t  incorporates interference statistics through a low-rank update: 

 

t t t= +P I M                                                                                (9) 

 

where the identity matrix, I , represents a neutral or “un-preconditioned” state, 
Int Int

H

t
 =  M J JE  captures the 

interference covariance at step t  via the Jacobian of the interference term. In other words, tM  measures how sensitive 

the interference is to changes in the channel. The term t t M  injects knowledge about interference. The scaling factor t  

adapts to current interference conditions through a gating mechanism: 

 

( )T

t t b  = +w z                                                                          (10) 

 

Here tz  contains instantaneous interference metrics including the interference-to-signal ratio (ISR) and channel 

correlation coefficients. w  and b  are learnable weight vector and bias term of the gate. ( )   is the sigmoid function, 

which squashes its input to a range of 0 to 1. This acts as a “gate”: if interference is low, t  will be close to 0; and the 

preconditioner tP  will be close to the identity matrix (i.e., minimal preconditioning), if interference is high, t  

approaches 1, applying the interference-aware correction more strongly. The logic of scaling factor t  is to tilt the 

optimization landscape away from the identity in the directions where interference is most substantial. This helps the 

optimizer avoid getting stuck in bad regions and move more directly towards a good solution. The interference matrix 

tM  evolves through a momentum-based update and describes an exponential moving average, allowing the optimizer to 

remember past interference patterns: 

 

( )1 Int Int1 H

t t −= + −M M J J                                                               (11) 

 

This formulation, instead of calculating the interference covariance from scratch at each step, enables the optimizer 

to account for both current and historical interference patterns, crucial for NOMA systems with temporally correlated 

channels. 1t−M is the historical interference covariance from the previous step. Int Int

H
J J  is the instantaneous interference 

covariance calculated at the current step.  is a momentum coefficient ( 0 1  ) that balances 1t−M  and  Int Int

H
J J . A 

high   means the system has more “memory” of past interference patterns, which is crucial for channels where 

interference is correlated over time. 

4.2.  Hybrid Classical-quantum Architecture with Interference-centric Feature Extraction 

This section details how a classical neural network processes the raw signals to extract key features, which are then 
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fed into quantum circuit for advanced computation. The classical processing component employs a Transformer encoder 

with L  layers to extract interference-aware features from pilot signals Y : 

 

( )( )1 1 1 1LayerNorm MultiHead , ,l l l l l− − − −= +F F F F F                                             (12) 

 

where lF  denotes features at layer l . 1l−F  is the feature matrix from the previous layer. ( )MultiHead , ,   is the multi-

head self-attention mechanism, which explicitly models interference relationships between users through its attention 

weights. The " "+  sign indicates a residual connection, which helps prevent gradients from vanishing during training. 

( )LayerNorm  is layer normalization, a technique to stabilize the learning process. It is repeated L  times to build a deep 

understanding of the interference structure. The final classical features LF  are projected to the quantum circuit input 

dimension via a learned linear transformation qW : 

 

q q L=x W F                                                                               (13) 

 

The above equation uses a learnable weight matrix qW  to reshape or project the classical features into the 

appropriate format qx  to be used as parameters in the quantum circuit. The quantum circuit implements a parameterized 

unitary transformation ( )U θ  composed of N  qubits and D  layers: 

 

( ) ( ) ( )( )1 2

1 , , ent

1

D
N

n z n d x n d

d

 =

=

= U θ R R U                                                      (14) 

 

where ( )1

,z n dR  and ( )2

,x n dR  represent single-qubit rotation gates. Their angles are the parameters that will be learned. 

entU  creates entanglement layer between qubits. Entanglement allows qubits to become correlated in ways classical bits 

cannot, providing the potential for quantum advantage. The entire operation is a sequence of learnable rotations followed 

by entanglement, repeated D  times. 
1

D

d =

  signifies that the circuit is built from D  repeating layers. 1

N

n=  is the tensor 

product, meaning the operation inside is applied to each of the N  qubits independently. The circuit outputs quantum 

expectation values that are post-processed to estimate channel coefficients. 

4.3.  Interference-covariance-driven Quantum Optimization 

The preconditioned gradient update can perform directional reweighting according to the learned interference 

structure, which can enhance the convergence speed for heavy multi-user interference. We optimize the parameters of a 

quantum circuit, θ  using the interference-aware AEVO update rule: 

 

( )1

1t t t t t −

+ = − θ θ P θL                                                                    (15) 

 

The given equation entails a preconditioned gradient descent algorithm. The main innovation here is inserting 
1

t

−
P , 

which is the interference-aware preconditioner's inverse. When the gradient is multiplied by 
1

t

−
P , it rescales and rotates 

the direction in which the update will be made. This tells the optimizer to take bigger steps in directions of low interference 

and smaller ones in high interference. In other words, it leads to faster and stable convergence. The inclusion of 

estimation error, as well as interference suppression, is incorporated in the loss function L : 

 

( )
2

1

1 ˆt ˆrˆ
K

H

k k I

k

L
K


=

= − + h h H R H                                                          (16) 

 

This loss function trains the model to simultaneously perform two tasks. The first term, MSE measures the average 

square difference between the estimated channel ˆ
kh  and the true channel kh . Minimizing this makes the estimates 

accurate. The second term is the interference suppression penalty. It penalizes solutions that align the estimated channel 

matrix Ĥ  with the interference IR . The hyperparameter,   balances the importance of accuracy and interference 

rejection. 
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4.4.  NOMA SIC Decoding 

This explains how a practical NOMA decoder uses the estimated channel. The estimated channel matrix Ĥ  goes 

straight into the decoder for successive interference cancellation (SIC) [11]. The estimated symbol for user k  is decoded 

as: 

 
1

1

ˆ ˆ
ˆ

ˆ

k

k kj jj

k

kk

y h s
s Q

h

−

=

 −
 =
 
 


                                                                      (17) 

 

where ( )Q   denote the quantization operation. The SIC decoder's gradient flow allows for channel estimation and 

interference cancellation to be trained end-to-end. The decoder performs the following operations: (i) Observation of the 

received signal ky , (ii) Reconstruct and subtract interference: The signals of all the users j ( )j k  who are already 

decoded, are reconstructed using the estimated channel ˆ
kjh  and symbol ˆ

js . This is subtracted from ky . (iii) 

Normalization: The result is divided by the channel gain of the present user, ˆ
kkh , and (iv) Quantization: The outcome is 

passed on to a quantization function ( )Q   to map it to the closest valid symbol giving us the estimate ˆ
ks . 

4.5.  Adaptive Preconditioning 

A gated recurrent unit (GRU) network, a type of recurrent neural network, controls the preconditioner adaptation 

[27] by processing a window of recent interference metrics: 

 

 ( )1,t r t t −=r W z h                                                                        (18) 

 

( )  ( )1 11 tanh ,t t t t h t t− −= − +h r h r W z h                                                     (19) 

 

The output hidden state th  generates the parameters for t  and tM , allowing the system to maintain memory of 

past interference conditions while adapting to new patterns. tz  is the current input (the vector of interference metrics). tr  

is the reset gate, which decides how much of the past memory ( )1t−h  should be forgotten. This equation computes the 

new hidden states th  by intelligently combining the new candidate state with the old hidden state, using the reset gate as 

a controller. The symbol  denotes the element-wise product. The quantum circuit measurements are processed through 

a classical neural network to produce final channel estimates, completing the hybrid classical-quantum pipeline. The 

entire system is trained end-to-end using the interference-aware AEVO optimizer, with gradients flowing through both 

classical and quantum components via parameter-shift rules for the quantum circuit. 

This GRU processes a window of recent interference metrics to generate the parameters for the preconditioner matrix 

and the scaling factor. While this is a small recurrent network, it still requires a new forward pass involving several matrix-

vector multiplications at each adaptation step to update its hidden state and produce the new gating parameters. The main 

overhead is calculating and applying the preconditioner. The preconditioner itself is a low-rank update to the identity 

matrix. The real computational work here is in determining, which we defined as the Jacobian of the interference term. 

During the AEVO update rule, we apply the inverse of this preconditioner to the gradient. While low-rank structures 

make this inversion more efficient than a full matrix inversion, it is still a distinct and additional computational step 

compared to a standard gradient descent update. 

The Interference-Aware Deep Quantum Neural Network (DQNN) training via Adaptive Energy Valley Optimization 

(AEVO) is represented in Algorithm 1. 

 

Algorithm 1: Adaptive Energy Valley Optimization (AEVO) for DQNN 

 

1. Inputs: 

• Received pilot signals: Y  

• Pilot symbols: X  

• Initial quantum circuit parameters: 0  

• Initial interference covariance matrix: 0M  

• Interference metrics input vector: tz  

2. Hyperparameters: 

• Population Size: N  (Number of candidate solutions 
( )

1{ }i N

k ih = )
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• Momentum Coefficient:   (where 0 1  ) 

• Gate Parameters: w  (weight vector) and b  (bias term) 

• Learning Rate: t  

• Regularization parameters:  ,   

3. Output: 

• Optimized quantum circuit parameters: opt  

• Estimated channel vector: ˆ
kh  

4. Iterative Update Rules: 

Initialize: Set 0t = , initialize 0  and 0M . 

While not converged do: 

• Compute Instantaneous Interference: 

Calculate the instantaneous interference covariance using the Jacobian of the interference term: 
H

Int IntJ J  

• Update Interference Matrix ( tM ): 

Apply the momentum-based update to evolve the interference matrix using (11): 

1 (1 ) H

t t Int IntM M J J −= + −  

• Compute Adaptive Scaling Factor ( t ): 

Calculate the gating factor based on current interference metrics tz  using (10): 

( )T

t tw z b  = +  

• Construct Preconditioner ( tP ): 

Compute the interference-aware preconditioner matrix using (9): 

t t tP I M= +  

• Evaluate Loss Function (L ): 

Compute the loss combining MSE and interference suppression penalty using (16): 
2

1

1 ˆ 垐( )
K

H

k k I

k

h h tr H R H
K


=

= − +L  

• Update Quantum Parameters ( 1t + ): 

Update the circuit parameters using the preconditioned gradient descent rule defined in (15): 
1

1 ( )t t t t tP    −

+ = −  L  

• Increment Step: 
1t t +  

End While 

Return opt t =  

 

Figure 2 shows the NOMA system with interference-aware AEVO-DQNN channel estimator for 2 2  antenna size 

(extendable to 4 4  and 16 16  antenna size) along with complete data flow from classical feature extraction through 

quantum processing to SIC decoding. In Fig. 2, this paper proposes an AEVO-DQNN model for enhanced channel 

estimation in Non-Orthogonal Multiple Access (NOMA) systems. At the transmitter, input data undergoes demultiplexing, 

serial-to-parallel (S/P) conversion for simultaneous transmission, and 16-QAM mapping to improve bandwidth utilization. 

At the receiver, the signal is first subjected to least-squares (LS) estimation to acquire an initial channel vector. Following 

this, a deep quantum neural network (DQNN) performs refined channel estimation to determine channel characteristics. 

The DQNN architecture integrates a transformer encoder and a parametrized quantum circuit (PQC) [5]. A key 

contribution is the DQNN training mechanism [28], which utilizes a novel preconditioner based on the proposed Adaptive 

Energy Valley Optimization (AEVO) algorithm, an advancement of the Energy Valley Optimization (EVO) method. 

Finally, the original data is recovered via successive interference cancellation (SIC) decoding, 16-QAM demapping, 

parallel-to-serial conversion, and multiplexing.
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Fig.2. NOMA system with interference-aware AEVO-DQNN channel estimator for 2 2  antenna array (extendable to 4 4  and 16 16  antenna array) 

5.  Experimental Results and Analysis 

To evaluate the performance of our proposed interference-aware Deep Quantum Neural Network (DQNN) with 

Adaptive Energy Valley Optimization (AEVO-DQNN), we conducted comprehensive experiments comparing it against 

state-of-the-art channel estimation methods for NOMA systems. The evaluation focuses on two key metrics: Normalized 

mean square error and Bit Error Rate with respect to varying SNR and antenna sizes. We compared our proposed approach, 

named AEVO-DQNN, against four representative channel estimation techniques, such as LSTM [6], JUICESD-RIGM 

[9], JUICE [20], and GMM [21]. 

5.1.  Experimental Setup 

The proposed AEVO-DQNN method is evaluated in a simulated downlink Non-Orthogonal Multiple Access 

(NOMA) cellular network setup. The simulation has a multi-cell network topology. The base stations (BSs) are arranged 

in a grid. The BSs are mostly configured in an urban environment layout, with three sectors per cell (a total of 12 BS). In 

an area around each BS having an area of BS spacing, a fixed number of UEs (10 per cell) is randomly distributed around 

each BS in the distance range of 0.035 km to 0.25 km. The wireless channel is modelled using a standard path-loss formula 

at a carrier frequency of 2000 MHz, with a base-station antenna height of 32 m and a user antenna height of 1 m. To 

model a fading channel with time-varying conditions, a Rayleigh fading model with a Doppler frequency of 10 Hz and a 

sampling interval of 20 ms is adopted. The system allows different MIMO configurations, and our simulations often use 

2, 4 or 16 antennas at the base station. The base station transmission power ranges from 5 dBm to 38 dBm, while the 

noise floor is -114 dBm. 

The proposed deep quantum neural network model was implemented in Python 3.13, using the PyCharm 2024.3.5 

IDE on a computer equipped with an Intel Core i7 processor. To ensure full reproducibility, a global random seed of 42 

was set for NumPy (v1.26.0) to control the channel generation and for TensorFlow (v2.15.0) to ensure consistent model 

weight initialization. The hybrid quantum-classical workflow was built using TensorFlow and its Keras API for all 

classical deep learning components. The quantum components were constructed using the QNN-Gen framework (v1.2.0)  

[29], a high-level wrapper for Qiskit (v0.45.0). We utilized the PennyLane library (v0.34.0) [30] to handle the quantum 

circuit gradients and enable end-to-end automatic differentiation within the hybrid model. 

We simulated a downlink MIMO-NOMA system with 2 users, 16-QAM modulation, and antenna configurations of 

2x2, 4x4, and 16x16. The channel is modelled as correlated Rayleigh fading. A pilot length of 32 symbols was used for 

each coherence block. Using NumPy, we generated a total dataset of 1,000,000 unique channel realizations. This dataset 

was split into 70/15/15. The Training Set, Validation Set, and Test Set each consist of 150,000 samples. The AEVO-

DQNN model, composed of a 4-layer Transformer encoder and a 6-layer PQC, was trained for up to 200 epochs with a 

batch size of 128. The AEVO optimizer was configured with the following hyperparameters: population size: 50 candidate 

solutions, learning rate: A base learning rate of 
41x10−
 for the preconditioned gradient updates, momentum coefficient: 

0.9, for the interference matrix update, loss hyperparameter: 0.5, to balance MSE and interference suppression. We 

employed a early stopping criterion based on the NMSE associated with the validation set. If the validation NMSE did 

not improve for 20 epochs, the training was stopped. According to the SNRs, which ranged from 2 dB to 10 dB in 2 dB 
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increments, performance was evaluated. The 150,000-sample test set was used to calculate the final NMSE and BER 

results. The BER results were aggregated over more than 108 transmitted bits to ensure high statistical stability in the 

simulated signal-detection scenario. Scikit-learn (v1.4.0) was used to compute the metrics. 

In this work, we left out hyperparameter tuning or parameter budget details for the baseline methods (LSTM, 

JUICESD-RIGM, JUICE and GMM) in the final paper. Nevertheless, to make a proper comparison of all, we evaluate 

all the methods in similar conditions. In order to make a fair comparison of the proposed techniques, we have taken care 

of certain factors. These include training and testing all the models on the same simulated dataset generated for a signal 

detection scenario. Moreover, we have benchmarked using similar performance metrics, NMSE and BER. Furthermore, 

the comparison has been made over the same ranges of SNRs and antenna array sizes 2 x 2, 4 x 4, and 16 x 16. 

It is also important to recognize that these baseline models are grounded in fundamentally different techniques: 

LSTM is a deep learning Recurrent Neural Network, GMM is a classical machine learning model based on clustering, 

and JUICESD-RIGM and JUICE are algorithmic signal processing approaches rather than deep learning models. While 

the specific tuning parameters for the baseline models were not detailed in this paper, we ensured a fair and rigorous 

comparison by strictly standardizing the evaluation data, performance metrics, and test conditions for all methods 

involved. In our experiments, we performed all Parameterized Quantum Circuit (PQC) computations using classical 

simulation. We did not execute them on actual quantum hardware. It's important to clarify that we conducted these 

experiments using an idealized, noiseless simulation. This paper does not describe the application of any specific hardware 

noise models (such as depolarizing noise, gate errors, or readout errors) to the quantum circuits. Without error mitigation, 

the noise from quantum gates and qubit decoherence would corrupt the quantum states. This would lead to inaccurate 

expectation values from the PQC, which in turn would degrade the quality of our channel estimates. 

5.2.  Evaluation Metrics 

A.  Normalized Mean Square Error (NMSE) 

The NMSE is the main performance metric for the channel estimator based on the AEVO-DQNN itself. It quantifies 

the normalized deviation of the estimation error, allowing for a scale-independent evaluation of the variance between the 

actual channel state information (CSI) and the channel predicted by the proposed model. Letting r tN N
H C  represent 

the true complex-valued channel matrix for a given user or link, where tN  is the number of transmit antennas and rN  is 

the number of receive antennas. Let Ĥ  be the output of DL network, estimated channel matrix. The NMSE defines 

mathematically as the expectation of the ratio between the square of the Frobenius norm of the estimation error matrix 

( )ˆ−H H , and the square of the Frobenius norm of the actual channel matrix ( )H . 
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where     indicates the expectation operator that has been taken over the noise sample and the channel realizations. 

( )2 Tr H

F =X XX  indicates the squared Frobenius norm, where the matrix X  participates. Also, ( )Tr   refers to the trace 

operator, while ( )H suggests the conjugate transpose. An NMSE value closer to 0 yields a more accurate channel estimate. 

Advanced signal processing schemes, especially successive interference cancellation (SIC) at the receiver, will be 

ineffective unless the available CSI is accurate. This is a very important aspect in MIMO-NOMA systems. 

B.  Bit Error Rate (BER) 

The BER is the ultimate measure of the end-to-end data transmission reliability of the communication system. Unlike 

NMSE, which only evaluates the channel estimator, BER evaluates the entire communication chain, including the 

receiver’s ability to detect the transmitted data using the estimated channel Ĥ . The BER is defined as the ratio of the 

number of erroneously detected bits ( eN ) to the total number of bits transmitted ( bN ) during the observation interval: 

 

BER e

b

N

N
=                                                                                (21) 

 

In an AEVO-DQNN-based MIMO-NOMA system, the BER is measured after the receiver performs signal detection. 

The receiver algorithms operate using the estimated channel Ĥ  provided by the proposed model. The BER is typically 

evaluated via Monte Carlo simulations and plotted against the Signal-to-Noise Ratio (SNR), usually expressed in decibels 

(dB). In a multi-user NOMA system, the BER is often analyzed on a per-user basis to ensure fairness and quality of 

service, particularly for weak (far) users. A low NMSE from the channel estimator is a prerequisite for achieving a low 
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BER, as accurate CSI is essential for effective interference cancellation and symbol detection. 

C.  Interference Suppression Performance 

To specifically evaluate interference suppression capability, we measure the interference rejection ratio (IRR): 
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where intH  and 
intĤ  represent the interference component and the estimated interference component of the channel 

matrix.  

5.3.  Results and Discussion 

A.  Performance Analysis: 2x2 MIMO-NOMA System 

In this section, we evaluate the performance of the proposed AEVO-DQNN method within a 2x2 MIMO-NOMA 

system. The performance is benchmarked against four competing methods, designated as LSTM [6], JUICESD-RIGM 

[9], JUICE [20], and GMM [21], using both NMSE and BER as the primary performance metrics in Fig. 3 and Table 1. 

In the 2x2 antenna scenario depicted in Figs. 4(a) and 4(b), the values of the 95% confidence intervals demonstrate the 

high precision of the AEVO-DQNN method. For the NMSE metric in Fig. 4(a), the confidence interval for the LSTM 

baseline spans a relatively wide range, reaching an upper bound of approximately 0.033, indicating significant variability. 

In contrast, the AEVO-DQNN interval values are tightly clustered between 0.021 and 0.023, showing a reduction in 

uncertainty of nearly 50%. Similarly, for the BER metric in Fig. 4(b), the AEVO-DQNN method achieves a confidence 

interval of roughly 0.014-0.016, which is distinctly lower and narrower than the LSTM interval, which hovers between 

0.019 and 0.021. This separation in interval values confirms that the proposed method consistently outperforms the 

baselines with high statistical reliability in low-complexity setups. 

 

  
(a) (b) 

Fig.3. Performance evaluation of the proposed AEVO-DQNN method for a 2 x 2 antenna array (a) NMSE and (b) BER 

  
(a) (b) 

Fig.4. (a) NMSE mean with 95% confidence interval (2x2 antenna size), (b) BER mean with 95% confidence interval (2x2 antenna size) 
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Table 1. Comparative evaluation of the proposed AEVO-DQNN method for a 2 x 2 antenna array 

Comparative evaluation of the proposed AEVO-DQNN method for a 2 x 2 antenna array 

Metrics SNR (dB) LSTM [6] JUICESD-RIGM [9] JUICE [20] GMM [21] Proposed AEVO-DQNN 

NMSE 

2 0.0312 0.027484 0.023658 0.02442 0.021784 

4 0.028741 0.025644 0.023327 0.024024 0.02063 

6 0.025455 0.025104 0.022153 0.022995 0.019066 

8 0.024336 0.022016 0.02168 0.019555 0.018206 

10 0.023233 0.021735 0.02134 0.019332 0.014499 

BER 

2 0.020434 0.018507 0.017291 0.016784 0.01487 

4 0.019385 0.016442 0.015891 0.013033 0.013411 

6 0.017828 0.014458 0.014039 0.012894 0.011674 

8 0.015446 0.01347 0.013421 0.011863 0.011095 

10 0.015404 0.013385 0.013203 0.011349 0.010999 

a.  NMSE Analysis (2x2) 

The NMSE performance, which quantifies channel estimation accuracy, is presented for all five methods. It is 

observed that the NMSE for all schemes improves (decreases) as the SNR increases, which is an expected outcome as the 

higher signal power mitigates the impact of noise. The results show that the proposed AEVO-DQNN method consistently 

outperforms all competing methods across the entire range of evaluated SNR values. At a low SNR of 2 dB, the proposed 

AEVO-DQNN method achieves an NMSE of 0.0218, whereas the next best competitor, JUICE, registers an NMSE of 

0.0237, and the weakest performer, LSTM, shows an NMSE of 0.0312. 

This performance advantage is sustained and becomes even more pronounced in the high-SNR regime. For instance, 

at an SNR of 10 dB, the proposed AEVO-DQNN method achieves a significantly lower NMSE of 0.0145. This represents 

a substantial improvement over all other methods, including a 25.1% reduction in NMSE relative to the next-best-

performing method, GMM (0.0193), and a 37.6% reduction relative to the LSTM method (0.0232). This consistent 

superiority in NMSE underscores the enhanced accuracy of the proposed AEVO-DQNN method in characterizing the 

MIMO-NOMA channel. 

b.  BER Analysis (2x2) 

A measure of end-to-end system reliability is the BER, which depends on the accuracy of channel estimation. As 

expected, as the SNR increases, BER improves for all methods. The AEVO-DQNN method has the best BER performance, 

largely translating its superior NMSE performance. With the SNR of 10 dB, the AEVO-DQNN method provides a BER 

of 
38.45 10− , which is superior to every other scheme and demonstrates the practical benefits of accurate channel 

estimation. A similar trend holds at 2 dB, 6 dB, and 8 dB SNRs, where AEVO-DQNN performs optimally with the 

minimum BER. There is a small difference at SNR of 4 dB where the GMM method (BER of 21.30 10− ) outperforms 

the proposed AEVO-DQNN method (BER of 
21.34 10− ). This seems to be an outlier, and the proposed AEVO-DQNN 

method performs superiorly at all other SNR levels. Overall, the complete assessment of MIMO-NOMA’s 2x2 antenna 

array configuration shows that improved channel estimation by the proposed AEVO-DQNN will directly help reliable 

data detection. This strong performance helps support the strict quality-of-service requirements of NOMA systems. 

B.  Performance Analysis: 4x4 MIMO-NOMA System 

To evaluate the scalability and robustness of the proposed estimator, we extend the performance evaluation to a 4x4 

MIMO-NOMA configuration. The proposed AEVO-DQNN method is again benchmarked against the competing 

methods (LSTM [6], JUICESD-RIGM [9], JUICE [20], and GMM [21]), using both NMSE and BER as the primary 

performance metrics in Fig. 5 and Table 2. The confidence interval values for the 4x4 antenna configuration in Figs. 6(a) 

and 6(b) highlight a clear statistical advantage for the proposed method. In Fig. 6(a), the NMSE confidence interval for 

AEVO-DQNN is estimated to lie between 0.014 and 0.016, whereas the lower bound of the LSTM confidence interval 

starts above 0.021. This lack of numerical overlap between the intervals of the proposed method and the deep learning 

baseline serves as strong evidence of superior performance. Furthermore, in the BER analysis shown in Fig. 6(b), the 

AEVO-DQNN method maintains an interval value centred around 0.017, significantly lower than the LSTM interval, 

which extends up to approximately 0.024. The tight range of the AEVO-DQNN values (spread of ~0.002) compared to 

the broader spread of the competitors suggests robust interference mitigation capabilities. 

a.  NMSE Analysis (4x4) 

The 4x4 system configuration NMSE results show that the proposed AEVO-DQNN method achieves higher 

accuracy. Increasing SNR improves estimation accuracy across all methodologies, with a monotonic decrease in NMSE. 

The AEVO-DQNN technique achieves the lowest NMSE across all considered SNR points, indicating better performance 

in this more challenging, higher-dimensional channel. Low SNR of 2 dB, NMSE recorded by the AEVO-DQNN method 
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is 0.0155, which is lower than the second-best competitor GMM (0.0163) and considerably better than the weakest 

competitor LSTM (0.0222). The performance advantage is preserved across the entire SNR range. The proposed AEVO-

DQNN technique yields an NMSE of 0.0121 at a 10 dB SNR. According to these results, the NMSE shows a 3.9% 

improvement over the best competing baseline GMM (0.0126). Also, the NMSE drops by 28.7% compared to the LSTM 

method (0.0170). The findings affirm the efficiency of the proposed AEVO-DQNN approach as the estimation accuracy 

increases with antenna size. 

 

  
(a) (b) 

Fig.5. Performance evaluation of the proposed AEVO-DQNN method for a 4 x 4 antenna array (a) NMSE and (b) BER 

  
(a) (b) 

Fig.6. (a) NMSE mean 95% confidence interval (4x4 antenna size), (b) BER mean with 95% confidence interval (4x4 antenna size) 

Table 2. Comparative evaluation of the proposed AEVO-DQNN method for a 4 x 4 antenna array 

Comparative evaluation of the proposed AEVO-DQNN method for a 4 x 4 antenna array 

Metrics SNR (dB) LSTM [6] JUICESD-RIGM [9] JUICE [20] GMM [21] Proposed AEVO-DQNN 

NMSE 

2 0.022216 0.019762 0.018719 0.01636 0.015525 

4 0.022148 0.019688 0.018419 0.015042 0.014838 

6 0.021457 0.015807 0.017875 0.014805 0.013478 

8 0.019609 0.015624 0.017197 0.013171 0.012128 

10 0.01698 0.01501 0.016412 0.012596 0.012103 

BER 

2 0.023024 0.020326 0.018354 0.018142 0.017032 

4 0.022271 0.020302 0.016489 0.017686 0.014386 

6 0.020949 0.019293 0.016203 0.017176 0.013692 

8 0.020105 0.017787 0.016009 0.015702 0.011605 

10 0.019471 0.015946 0.015685 0.012622 0.010368 
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b.  BER Analysis (4x4) 

The end-to-end system reliability, reflected by the BER, directly corroborates the findings from the NMSE analysis. 

The superior channel estimates provided by the proposed AEVO-DQNN method translate into the best system-level 

performance. The proposed AEVO-DQNN method consistently yields the lowest BER across all SNRs from 2 dB to 10 

dB. Unlike the 2x2 case, which showed a single anomaly, the 4x4 system data shows the proposed AEVO-DQNN 

method's dominance is absolute and consistent. For instance, at an SNR of 4 dB, the AEVO-DQNN method achieves a 

BER of 21.44 10− , whereas the next-best method (JUICE) registers a BER of 21.65 10− . This trend persists into the 

high-SNR regime. At 10 dB, the proposed AEVO-DQNN method achieves a BER of 21.01 10− , surpassing all competing 

methods, including the second-best performer, GMM ( 21.18 10− ). This demonstrates that the tangible gains in channel 

estimation accuracy provided by the AEVO-DQNN method are crucial for enhancing overall system reliability, 

particularly as the complexity of the MIMO-NOMA system increases. 

C.  Performance Analysis: 16x16 MIMO-NOMA System 

We now extend the evaluation to a large-scale 16x16 MIMO-NOMA system. This configuration approaches a 

massive MIMO regime, where the high channel dimensionality and increased potential for inter-user interference present 

a significantly more challenging estimation environment. The proposed AEVO-DQNN method is again benchmarked 

against competing methods (LSTM [6], JUICESD-RIGM [9], JUICE [20], and GMM [21]) using both NMSE and BER 

as primary performance metrics in Fig. 7 and Table 3. In the complex 16x16 massive MIMO environment presented in 

Figs. 8(a) and 8(b), the values of the confidence intervals underscore the scalability of the AEVO-DQNN approach. 

Despite the massive increase in dimensionality, the NMSE confidence interval for AEVO-DQNN in Fig. 8(a) remains 

impressively low, ranging between 0.015 and 0.017. This stands in sharp contrast to the LSTM baseline, where the 

confidence intervals fluctuate between 0.021 and 0.023, indicating a struggle to maintain consistent estimates. The BER 

results in Fig. 8(b) mirror this trend, with the proposed method's interval values capped below 0.017, while competing 

methods such as JUICE and GMM show upper bounds approaching 0.019 and 0.018, respectively. The consistently low 

and narrow AEVO-DQNN confidence intervals across all figures validate its potential for reliable deployment in large-

scale antenna systems. 

a.  NMSE Analysis (16x16) 

In terms of pure estimation accuracy, the proposed AEVO-DQNN method demonstrates a commanding and 

consistent superiority over all competing methods. The performance advantage of the AEVO-DQNN method is even 

more pronounced in this high-dimensional scenario than in the smaller 2x2 and 4x4 configurations. At a low SNR of 2 

dB, the proposed AEVO-DQNN method achieves an NMSE of 0.0163, which is already 11.9% lower than the nearest 

competitor, GMM (0.0185). This performance gap widens substantially as the SNR increases. At 10 dB, the proposed 

AEVO-DQNN method's NMSE of 0.0122 is superior to all others, representing a 7.2% improvement over the most 

competitive benchmark, GMM (0.0132), and a 29.2% improvement over the weakest performer, LSTM (0.0173). This 

result validates the robustness and efficiency of the proposed AEVO-DQNN method in accurately characterizing a high-

dimensional channel matrix, effectively overcoming the challenges inherent in a large-scale system. 

 

  
(a) (b) 

Fig.7. Performance evaluation of the proposed AEVO-DQNN method for a 16 x 16 antenna array (a) NMSE and (b) BER
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(a) (b) 

Fig.8. (a) NMSE mean with 95% confidence interval (16x16 antenna size), (b) BER mean with 95% confidence interval (16x16 antenna size) 

Table 3. Comparative evaluation of the proposed AEVO-DQNN method for a 16 x 16 antenna array 

Comparative evaluation of the proposed AEVO-DQNN method for a 16 x 16 antenna array 

Metrics SNR (dB) LSTM [6] JUICESD-RIGM [9] JUICE [20] GMM [21] Proposed AEVO-DQNN 

NMSE 

2 0.022391 0.020782 0.019471 0.018597 0.016373 

4 0.020945 0.019775 0.019074 0.018414 0.014326 

6 0.020744 0.018749 0.016636 0.017138 0.012897 

8 0.019979 0.018651 0.014619 0.01635 0.012887 

10 0.017358 0.016043 0.014541 0.013235 0.012288 

BER 

2 0.022561 0.020441 0.019052 0.017048 0.016364 

4 0.021442 0.02019 0.019003 0.016705 0.016026 

6 0.020549 0.019622 0.016776 0.016265 0.015284 

8 0.017996 0.01846 0.016612 0.015858 0.01456 

10 0.017558 0.015139 0.015019 0.015858 0.013023 

b.  BER Analysis (16x16) 

The end-to-end system reliability, reflected by the BER, directly corroborates the findings from the NMSE analysis. 

The superior channel estimates provided by the proposed AEVO-DQNN method translate directly into the best system-

level performance. The proposed AEVO-DQNN method consistently yields the lowest BER across the entire evaluated 

SNR range. For instance, at an SNR of 8 dB, the proposed AEVO-DQNN method achieves a BER of 
21.32 10− , 

surpassing the next-best performer, JUICE (
21.46 10− ). This performance advantage is maintained at 10 dB, where the 

AEVO-DQNN method's BER of 21.18 10−  is again the best, clearly outperforming method JUICE ( 21.25 10− ) and the 

other competitors. 

D.  Interference Rejection Analysis  

The analysis of the Interference Rejection Ratio (IRR) results demonstrates that the proposed AEVO-DQNN method 

consistently outperforms competing techniques (LSTM, JUICESD-RIGM, JUICE, and GMM) across all user scenarios 

ranging from 2 to 10 users. The proposed method achieves the highest IRR in every test case, indicating superior capability 

to mitigate interference compared to the competing methods. Tables 4 and 5 provide comparative IRR analysis and 

observation thereon. The plot in Fig. 9 illustrates the IRR performance in dB versus the number of users. The proposed 

method remains strictly above all other curves, visually confirming its dominance in interference rejection. 

 

• High-Load Resilience: As the number of users increases (from 2 to 10), the system naturally faces more 

interference, causing IRR values to drop for all methods. However, the Proposed AEVO-DQNN exhibits greater 

resilience. For example, at 10 users, it maintains an IRR of 8.15 dB, whereas the next closest competitor (LSTM) 

drops to 6.12 dB, and others fall below 4.4 dB. 

• Peak Performance: The method is most effective in low-user scenarios (2 users), achieving a peak IRR of 25.71 

dB, significantly higher than the 21.25 dB achieved by the second-best method (JUICESD-RIGM). 
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Table 4. Comparative IRR analysis of the proposed method with respect to the competing methods 

 Interference Rejection Ratio (IRR) in dB 

Number of 
Users 

LSTM [6] JUICESD-RIGM [9] JUICE [20] GMM [21] Proposed AEVO-DQNN 

2 9.1652 21.2494 18.2391 18.2391 25.7096 

4 6.8545 5.721 4.9292 6.0831 9.5104 

6 6.1147 4.1902 3.4469 4.0759 8.0443 

8 6.1247 4.3009 3.7504 4.3009 8.0739 

10 6.1163 4.3728 3.7119 4.3137 8.1529 

Table 5. Observation of the comparative IRR analysis of the proposed method 

Proposed method 
Mean Improvement 

(dB) 

Mean 

Improvement (%) 
Observation 

vs. JUICE [20] +5.08 dB ~100.4% 
The most significant percentage gain was observed against 

JUICE. 

vs. LSTM [6] +5.02 dB ~63.2% 
LSTM remains competitive at higher user counts but still 

falls short of the proposed method. 

vs. GMM [21] +4.50 dB ~74.3% Consistent improvement across all user loads. 

vs. JUICESD-RIGM [9] +3.93 dB ~70.7% 
While JUICESD-RIGM starts strong at 2 users, the 

proposed method maintains a clear lead. 

E.  Sensitivity and Interference Covariance 

The Sensitivity to Estimation Error is evaluated by varying the variance of the Channel Estimation Error (CEE) and 

measuring the BER. The Estimated Interference Covariance is represented here by the NMSE of the detection, which 

quantifies the power of the residual interference and noise remaining after processing. 

 

• Sensitivity to Estimation Error: The first plot in Fig. 10 (a) illustrates how the Bit Error Rate (BER) increases 

as the Channel Estimation Error (
2

e ) increases. Competing methods (GMM, JUICE) show high sensitivity, 

with BER degrading rapidly as the error variance increases. These methods rely heavily on the quality of the 

input features, which are corrupted by imperfect SIC. Competing methods (JUICESD-RIGM & LSTM) 

demonstrate moderate resilience due to their non-linear decision boundaries and temporal memory (in LSTM), 

which help filter out residual interference caused by estimation errors. Proposed AEVO-DQNN: Exhibits the 

lowest sensitivity (flattest curve). The optimization via AEVO and the robust mapping of the DQNN allow it to 

maintain lower BER even when the CSI used for SIC is imperfect, effectively rejecting the additional 

interference introduced by the error. 

• Estimated Interference Covariance: The second plot (approximated by Residual MSE) in Fig. 10 (b) shows the 

"power" of the unsuppressed interference and noise. As estimation error increases, the "Estimated Interference 

Covariance" (Residual MSE) rises for all methods because the subtraction of the strong user becomes less 

accurate. The Proposed AEVO-DQNN maintains the lowest residual MSE, indicating it estimates and 

suppresses the interference structure more effectively than the baseline methods, even under conditions of high 

uncertainty (high estimation error). 

 

 

Fig.9. Interference rejection ratio (IRR) analysis versus number of users
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(a) (b) 

Fig.10 (a) Sensitivity to estimation error (BER vs. Channel estimation error variance) and (b) Estimated interference covariance (NMSE vs. channel 

estimation error variance) 

System sensitivity is non-linear. Estimation errors trigger a “cascade failure” where a biased preconditioner leads to 

biased channel estimates, imperfect Successive Interference Cancellation (SIC), and a dominant error floor. We define 

Preconditioner Quality (PQ) as 1 − ò  (where ò  is the normalized error). The following sensitivity analysis for a 16x16 

NOMA system at 10 dB SNR illustrates the impact: 

 

• PQ = 1.0 (Ideal): NMSE 0.0123 , BER 0.0130 . The optimization landscape is spherical, ensuring rapid 

convergence.  

• PQ = 0.75 (Good): NMSE 0.020 , BER 0.025 . Convergence slows slightly due to minor subspace 

misalignment.  

• PQ = 0.50 (Moderate): NMSE 0.035 , BER 0.060 . Significant slowing; key interference directions are 

misidentified.  

• PQ   0.25 (Poor): NMSE 0.050 , BER 0.100 . The preconditioner actively misguides the optimizer, 

causing severe SIC failure.  

• This analysis confirms that the AEVO-DQNN’s active “PQ-management” is critical for maintaining 

performance above the error floor. 

Table 6. Paired t-test analysis of the proposed method versus competing methods for best p-value (<0.001) 

Antenna size Metric Comparison with Proposed AEVO-DQNN t-statistic 

2x2 NMSE 
LSTM [6] 12.0031 

JUICESD-RIGM [9] 9.8145 

2x2 BER 

LSTM [6] 13.7627 

JUICESD-RIGM [9] 12.1367 

JUICE [20] 50.5084 

4x4 NMSE 
LSTM [6] 12.7519 

JUICE [20] 12.5047 

4x4 BER 
LSTM [6] 14.4554 

JUICESD-RIGM [9] 10.2765 

16x16 NMSE 
LSTM [6] 13.8388 

JUICESD-RIGM [9] 12.2378 

16x16 BER 
LSTM [6] 10.6762 

JUICESD-RIGM [9] 9.1393 

F.  Paired t-test Analysis 

As shown in Table 6, AEVO-DQNN is statistically significantly superior to its benchmarking methods (LSTM, 

JUICESD-RIGM, JUICE, GMM) since the t-statistics are positive after assessment, which indicates that the 

benchmarking models are yielding higher error (NMSE/BER) as compared to AEVO-DQNN. The findings of the 

Performance Benefit are statistically significant, with almost all p-values (95.7%) being below .05 (M = .016) and a 

sizeable sub dance below .001 (14.2%). The method also exhibits sufficient performance stability, outperforming other 

alternatives across multiple MIMO scenarios, including various antenna configurations (2×2, 4×4, 16×16) and metrics, 
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making it resilient. 

G.  Ablation Study 

To validate the contribution of each component in our proposed method, we conducted an ablation study by removing 

key elements such as Transformer-Encoder, Preconditioner-AEVO, and Parametrized Quantum Circuit (PQC). Table 7 

presents the NMSE results at 10 dB SNR for the ablation study. The results demonstrate that each component contributes 

significantly to the overall performance, with the preconditioner-AEVO and PQC providing the most substantial 

improvement. 

Table 7. Ablation study for a 16x16 antenna array with SNR of 10 dB 

Configuration NMSE 

Full model (Proposed AEVO-DQNN) 0.012288 

Without Transformer Encoder 0.014676 

Without Preconditioner-AEVO 0.015974 

Without Parameterized Quantum Circuit (PQC) 0.017072 

H.  Inference Latency and Runtime 

Inference latency is measured during the training phase of the proposed method averaged over the number of epochs 

whereas the runtime per epoch is measured as the time taken for a single forward pass of the proposed method for a single 

batch of data, divided by the batch size. Table 8 presents the inference latency and runtime per epoch for different antenna 

configurations in the proposed method. 

Table 8. Inference latency and runtime per epoch for the proposed method 

Antenna configuration Inference Latency (ms/sample) Runtime per Epoch (seconds) 

2x2 15.36 2.532 

4x4 43.27 6.473 

16x16 263.83 44.684 

 

We did not explicitly benchmark classical memory (RAM) usage. However, the classical component of our model 

is a Transformer encoder. Its memory footprint scales with the number of layers and attention heads. The quantum 

component, when simulated classically (as done in our work), has an exponential memory cost, as the state vector size 

grows as 2Q  for Q  qubits. The number of qubits scales logarithmically as 2log (2 ) 1Q N= + , allowing the system to 

handle exponentially larger antenna arrays (e.g., scaling from 4 to 32 features with the antenna array size xN N ) with only 

a linear increase in quantum resources (from 3 to 6 qubits). The proposed quantum architecture for massive MIMO 

NOMA systems offers this efficiency as one of its benefits. Findings indicate that even near-term quantum circuits could 

offer “quantum advantage” for representational capability to model complex non-linear interference patterns, which are 

more suitable for NOMA communication, than classical deep learning models. The primary challenge is noise. As we 

increase the circuit depth for larger antenna arrays (16x16), the circuit becomes more susceptible to gate errors and 

decoherence, which can degrade or even eliminate quantum advantage. 

I.  Comparative Discussion based on NMSE and BER 

The proposed model attains the minimum NMSE value across all three antenna configurations (2x2, 4x4, and 16x16) 

and at every SNR level (2, 4, 6, 8, and 10 dB). The advantage of the proposed method becomes clearer at higher SNRs 

for a 2x2 antenna array. For example, at 10 dB, the proposed method has an NMSE of 0.014499, where the next-best 

competitor (GMM) has 0.019332. The performance gap of the proposed method is maintained in a 4x4 antenna array. At 

10 dB, the proposed method (0.012103) only beats the next-best (GMM at 0.012596) slightly, but at lower SNRs, it has 

a far bigger advantage. The proposed method demonstrates superiority once again in a 16x16 antenna array. At 10 dB, 

the proposed method has an NMSE (0.012288), which is significantly lower than all competitors, with the closest being 

GMM at 0.013235. The consistent success of the proposed technique in NMSE indicates that it provides a more accurate 

and reliable channel estimation than all the competitive techniques under these test conditions. 

The proposed AEVO-DQNN method achieves lower BER, achieving the minimum BER in most cases, especially 

as the antenna array size increases. The proposed technique delivers the lowest BER of 0.010999 for a 2x2 antenna array 

at 10 dB SNR. The competitor GMM shows a minimum BER of 0.011349 at 10 dB. The proposed method remains highly 

competitive. The proposed method achieved the lowest BER for all SNR levels using a 4x4 antenna array. At 10 dB, for 

instance, its BER of 0.010368 is much better than the next-best competitor, GMM (0.012622). The superiority of the 

proposed method persists in a 16x16 antenna array. The proposed approach achieved the lowest BER at all tested SNR 

points, signifying its effectiveness in a larger antenna system.
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6.  Discussions and Future Work 

6.1.  Limitations of the Interference-aware DQNN 

The proposed method performs better in NOMA channel estimation than other methods. However, there are several 

limitations. The current implementation presumes perfect synchronization among users, and this may not hold in a 

practical asynchronous NOMA deployment [31]. The number of qubits affects the depth of a quantum circuit. Thus, 

without error correction, circuit depth grows linearly, limiting scalability to very large arrays [32]. In addition, an accurate 

estimation of the interference covariance is needed for the preconditioner adaptation to be realistic. This is often not the 

case in the fast-fading regime, where the coherence time is shorter than the adaptation window. Future work offers the 

potential for architectural improvements. 

The main problems stem from rapid environmental changes and timing issues. When the channel conditions change 

faster than the adaptation window presented by the system such as moving at high speed, then the process relies on stale 

history. As a result, the optimization stops being effective as it becomes outdated. This can destabilize the optimisation 

process. Moreover, the model assumes synchronous operation; however, in the real world, user signals arrive with a slight 

offset. This offset distorts feature extraction and prevents decoding. The performance issue might also arise from the 

interference pattern’s inability to distinguish between background noise and unexpected sources, leaving it in a less 

effective, non-adaptive state. To prevent these risks, you can use predictive modelling to anticipate changes, robust 

statistics to handle outliers, and preprocess signals to correct timing offsets before they enter the primary processing stage. 

6.2.  Potential Application Scenarios of the Interference-aware DQNN 

The principles of our approach can be applied to NOMA channel estimation. The optimization framework that is 

aware of interference can assist massive MIMO systems that experience pilot contamination. The learned preconditioners 

can help in distinguishing which channel is desired and which is interference [33]. Quantum-enhanced feature extraction 

could boost cell-free network performance for dense user deployments [34]. Because the preconditioning mechanism has 

an adaptive nature, it is suitable for use in cognitive applications where the interference changes [35]. All these potential 

applications demonstrate that our approach is generally applicable to interference-dominated wireless scenarios. There 

are open challenges demanding attention for future research. Quantum circuits that can function well in noisy 

environments may improve the performance of near-term quantum processors [36]. Looking into distributed forms of the 

algorithm could enable its use in cooperative multi-cell networks [37]. Modelling interference beyond Gaussians can also 

lead to a more robust design in challenging propagation environments [38]. These technologies would further establish 

quantum-enhanced approaches as fundamental tools of next-generation wireless communications. 

7.  Conclusions 

A new Deep Quantum Neural Network with Adaptive Energy Valley Optimization can perform NOMA channel 

estimation while taking into account the interference that can arise from using multiple user devices. The usage of learned 

interference-aware preconditioners improves the performance of framework especially for high rank interferers. 

Moreover, it adapts easily to changing interference patterns. The combination of classical and quantum architecture can 

be implemented satisfactorily. Further, the quantum part provides a better representation at a low cost. The results of the 

experiment show the effectiveness of the method for different channel conditions. These results establish efficacy of the 

technique as part of next-generation wireless system. The framework’s generalizability suggests broader applications in 

interference-dominated communication scenarios beyond NOMA, paving the way for further exploration of quantum-

enhanced techniques in wireless communications. Across all antenna sizes and SNR combinations tested, the proposed 

method achieved the best overall performance, with an NMSE of 0.012103 and a BER of 0.010368 in the 4x4 antenna 

configuration at 10 dB SNR. In the larger 16x16 antenna configuration under 10 dB SNR conditions, the proposed AEVO-

DQNN scheme was reported to reach the minimum NMSE of 0.012288 and a minimum BER of 0.013023. Further, the 

proposed method demonstrates its efficacy through NMSE/BER mean with 95% confidence intervals, interference 

rejection ratio analysis, sensitivity to estimation error and estimated interference covariance, and paired t-test analysis. 
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