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Abstract 

The sixth generation (6G) of wireless networks demands extreme energy efficiency and 

massive connectivity, positioning large intelligent surfaces (LIS) as a pivotal technology. 

However, the practical deployment of LIS is constrained by the overwhelming computa-

tional complexity and power consumption required to process thousands of antenna ele-

ments. To address these challenges, this article proposes a deep learning-based receiver 

architecture that integrates the spatial efficiency of Partial LIS with advanced non-linear 

detection. By activating only a subset of antenna panels closest to the user terminal (Partial 

LIS), the system significantly reduces hardware overhead and Radio Frequency (RF) 

power consumption. To compensate for the performance loss, the multi-user interference 

(MUI) generated by the linear combining stage, and the increased MUI inherent in a re-

duced-aperture environment, a specialized Multilayer Perceptron (MLP) network is im-

plemented. Unlike traditional Zero-Forcing (ZF) or Minimum Mean Squared Error 

(MMSE) receivers, which require energy-intensive matrix inversions for each frequency 

component, the proposed neural-network-enabled receiver achieves near-optimal perfor-

mance using low-complexity combining followed by intelligent learning-based interfer-

ence suppression. Simulation results demonstrate that the proposed hybrid architecture 

provides a scalable, “green” solution for 6G uplink scenarios. Notably, the deep learning 

approach is shown to effectively suppress the performance loss of reduced apertures, 

achieving a BER comparable to traditional linear benchmarks even with a reduced physi-

cal aperture, maintaining good Bit Error Rate (BER) performance while dramatically re-

ducing the computational and hardware footprint. 

Keywords: 6G; large intelligent surfaces (LIS); Partial LIS; neural networks; multi-user 

interference; SC-FDE 

 

1. Introduction 

According to the recent ITU-R M.2160-0 framework, sixth-generation (6G) systems 

(IMT-2030) are expected to significantly outperform 5G (fifth-generation) benchmarks, 

with research targets for peak data rates reaching up to several hundred Gbps (and po-

tentially 1 Tbps in specific high-capacity scenarios) and user-experienced data rates aim-

ing for the 1 Gbps mark [1]. 
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Achieving these targets requires energy and spectral efficiencies 10 to 100 times and 

5 to 10 times better than those of 5G [2]. While 5G relies on mm-Wave and massive MIMO 

(Multiple Input Multiple Output), 6G must incorporate new frequency bands, such as Vis-

ible Light Communications (VLCs) and Terahertz bands (100 GHz–10 THz), alongside 

revolutionary concepts like large intelligent surfaces (LIS) [2–6]. These smart radio envi-

ronments, empowered by reconfigurable meta-surfaces, allow for a proactive control of 

the wireless propagation channel [6]. Recent studies have highlighted that LIS can provide 

holographic MIMO capabilities for 6G networks, although this introduces significant chal-

lenges in terms of channel modeling under Rayleigh fading and spatial consistency [4,5]. 

However, the practical implementation of LIS is hindered by the massive computational 

overhead and power consumption required to process hundreds or thousands of antenna 

elements. LIS systems operate predominantly in short-range and near-field conditions, 

utilizing a high number of antenna elements with tight spacing (typically 𝜆/2). This al-

lows the entire LIS array to act like a lens, providing distance-dependent focusing [7–9], 

much like a magnifying glass focusing sunlight. This ‘Beyond Massive MIMO’ capability 

enables LIS to suppress interference between users located in the same direction but at 

different distances, a feat traditional beamforming cannot achieve. 

Two specific strategies were proposed in our previous research to address these is-

sues. In [10], we introduced the concept of Partial LIS, demonstrating that activating only 

a subset of antenna panels, those closest to the user terminal, can significantly reduce com-

plexity and power consumption while maintaining a good level of performance. This ap-

proach directly addresses the hardware-level challenges of massive surfaces. On the sig-

nal processing front, the use of Single-Carrier with Frequency-Domain Equalization (SC-

FDE) is an efficient modulation for the uplink of such systems due to the reduced Peak-

to-Average Power Ratio (PAPR) [11], typically coupled with low-complexity receivers like 

Maximum Ratio Combining (MRC) and Equal Gain Combining (EGC) [12,13]. 

More recently, in [14], we addressed the receiver’s limitations by proposing a neural-

network-based (NN) post-detection interference suppression scheme for LIS systems. The 

approach of using MRC and EGC iterative receivers, associated with LIS systems, is com-

putationally efficient but typically suffers from residual interference compared to Zero-

Forcing (ZF) or Minimum Mean Squared Error (MMSE) detectors [10,14]. The perfor-

mance gap between these techniques stems from a fundamental architectural difference: 

while ZF and MMSE process all users simultaneously to decouple their signals through 

matrix inversion, MRC and EGC treat each user independently. Consequently, they fail to 

nullify the cross-user contributions, leading to a residual interference floor that limits the 

system’s capacity as the signal power increases. 

Building upon these foundations, this article differentiates itself from previous works 

by addressing a critical gap: the performance floor that arises in Partial LIS due to in-

creased spatial correlation and multi-user interference (MUI). While [10] focused on hard-

ware selection and [14] applied NNs to Full LIS architectures, the novelty of this work lies 

in the specialized synthesis of a shallow MLP receiver specifically trained to suppress the 

non-linearities unique to the reduced-aperture Partial LIS. This allows us to achieve a 75% 

reduction in RF complexity while maintaining the detection accuracy of high-complexity 

matrix-inversion-based receivers, a trade-off and computational mapping not previously 

explored. 

Recent advancements have demonstrated its effectiveness in diverse applications, 

ranging from non-destructive monitoring technologies in agriculture [15] to fault predic-

tion methods in mechanical systems using digital twins and transfer learning [16]. The 

potential of deep learning (DL) to address complex non-linearities is well-documented, 

with recent advancements in 6G architectures ranging from hybrid precoding in Te-

raHertz communications [17] to optimized antenna selection [18]. Specific research into 
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near-field beamforming has also demonstrated that learning-based models can effectively 

handle spherical wavefronts [19,20]. Building on this, our proposed unified hybrid frame-

work integrates the structural efficiency of Partial LIS [10] with a specialized one-shot 

(non-iterative) MLP receiver. 

While [10] established the modular architecture and [14] explored NN receivers for 

full apertures, this work focuses on the unique synergy required for a reduced active ap-

erture. The proposed NN is specifically trained to suppress the residual MUI and non-

linearities resulting from the lower spatial resolution of a single active panel. By combin-

ing these approaches, we deliver a system that maximizes energy and computational effi-

ciency while maintaining a robust Bit Error Rate (BER) performance, closely approaching 

the full-aperture linear baseline. 

The remainder of this article is organized as follows: Section 2 describes the system 

model and the characterization of the LIS-based uplink environment. Section 3 details the 

proposed hybrid architecture, including the selective panel activation mechanism (Partial 

LIS) and the design of the Multilayer Perceptron (MLP)-based interference suppression 

module. Section 4 presents and discusses the simulation results, comparing the perfor-

mance of the proposed solution against several benchmarks under different antenna res-

olutions and user loads. Finally, Section 5 concludes the paper by summarizing the main 

findings and discussing future research directions. 

2. System Characterization 

In this section, we describe the uplink transmission model using SC-FDE integrated 

with a Partial LIS architecture and the proposed NN-based receiver. 

2.1. Transmitted Signal and Channel Model 

Consider a multi-user uplink scenario where U single-antenna users transmit signals 

to a LIS composed of N total antenna elements, organized into multiple panels. The trans-

mission employs SC-FDE modulation with K subcarriers. The time-domain data block for 

the u-th user is denoted by the vector 𝐬𝑢; after the addition of a cyclic prefix at the trans-

mitter and a Discrete Fourier Transform (DFT) operation at the receiver side, the corre-

sponding frequency-domain received signal is represented by 𝑆𝑢(𝑘) for the k-th subcar-

rier. As a general notation rule throughout this paper, uppercase variables denote the fre-

quency-domain representation of their lowercase time-domain counterparts. The received 

signal at the LIS for the k-th subcarrier, 𝐘(𝑘), is given by 

𝐘(𝑘) = ∑ 𝐇𝑢
U
u=1 (𝑘)𝑆𝑢(𝑘) + 𝐍(𝑘)  (1) 

where 𝐇𝑢(𝑘) represents the 𝑁 × 1 channel vector, between user u and the LIS, account-

ing for near-field propagation characteristics, via a deterministic Line-of-Sight (LoS) 

model with spherical wavefronts. The n-th element of H𝑢(𝑘) is defined as 

𝐻𝑢,𝑛(𝑘) =
𝛌

𝟒𝛑𝐝𝐮,𝐧
exp ( -j

2π

λ
𝑑u,n)  (2) 

where 𝑑𝑢,𝑛 = √(𝑥𝑢 − 𝑥𝑛)2 + (𝑦𝑢 − 𝑦𝑛)2 + (𝑧𝑢 − 𝑧𝑛)2  is the exact Euclidean distance be-

tween user u and the n-th LIS element. 𝐍(𝑘)  is the additive white Gaussian noise 

(AWGN) vector. 

In summary, the proposed uplink system model is defined by U single-antenna users 

transmitting over K subcarriers to an LIS with N total elements. These elements are phys-

ically organized into P independent panels, where each panel contains N/P antenna ele-

ments. The resulting channel matrix 𝐇𝑘 ∈ ℂ𝐍×𝐔  and the received vector 𝐘𝑘  form the 

mathematical basis for the Partial LIS strategy (where only 𝑁𝑎𝑐𝑡  elements are active) and 

the subsequent neural-network-based detection. 
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2.2. Partial LIS Selection 

The LIS-based channel model assumes a near-field environment where spherical 

wavefronts are predominant, following the characterization established in [3,9]. This en-

sures that the distance-dependent phase shifts are accurately captured for each antenna 

element. Following the approach in [10], we apply selection matrix A to the surface, where 

𝐀 ∈ {0,1}𝑁𝑎𝑐𝑡×𝑁 is a selection (indexing) matrix that extracts the active antenna elements 

from 𝐘(𝑘). We consider 𝑁 = 𝑃 × 𝑁𝑝 where N stands for the total number of elements of 

the LIS, P the number of panels, and Np the number of antennas per panel. 

Matrix A acts as a spatial filter that activates only a subset of panels 𝑃𝑎𝑐𝑡𝑖𝑣𝑒 ⊂

{1, . . . , 𝑃}, specifically those with the minimum distance to the target user. The reduced 

received vector 𝐘𝑝𝑎𝑟𝑡(𝑘) ∈ ℂ𝐍𝐚𝐜𝐭×𝟏 becomes 

𝐘𝑝𝑎𝑟𝑡(𝑘) = 𝐀𝐘(𝑘) (3) 

where 𝑁𝑎𝑐𝑡  denotes the number of selected antenna elements (rows of A). This equation 

significantly reduces the number of RF chains and the size of the signals to be processed 

by the digital front-end. 

In the proposed Partial LIS framework, the selection logic ensures that only the panel 

with the shortest Euclidean distance to the user is activated. In this scenario, the number 

of active antennas is equal to the number of elements per panel (𝑁𝑎𝑛𝑡 = 𝑁𝑝). For the sim-

ulated cases, 𝑁𝑎𝑛𝑡 is either 324 or 625. This represents a 75% reduction in active RF chains 

compared to the Full LIS baseline (where 𝐀 = 𝐈𝑁), as we consider P = 4 panels. This sig-

nificantly lowers the hardware complexity and power consumption without sacrificing 

the near-field focusing gain provided by the closest physical elements. 

2.3. Characterization of Linear Receivers: MRC, EGC, ZF, and MMSE 

After frequency-domain processing, the estimated symbol for a given user and sub-

carrier can be generally expressed as 

𝑆
~

𝑢(𝑘) = 𝐰𝑢
𝐻(𝑘)𝐘𝑝(𝑘) (4) 

where 𝐰𝑢
𝐻(𝑘) represents the weight vector of the receiver. In this work, we consider four 

types of linear receivers: 

1. Maximum Ratio Combining: The weights are simply the conjugate of the channel 

𝐰𝑢 (𝑘) = 𝐇𝑢 (𝑘), maximizing the Signal-to-Noise Ratio (SNR) but neglecting MUI. 

2. Equal Gain Combining: Only the phase is corrected, using 𝐰𝑢 (𝑘) = 𝑒𝑥𝑝 (𝑗 ·

𝑎𝑟𝑔 (𝐇𝑢 (𝑘))), which is hardware-friendly but offers lower performance. 

For convenience, we define the selected (Partial LIS) channel matrix as 𝐇𝑝 (𝑘) ∈

∁𝑁𝑎𝑐𝑡×𝑈, obtained by stacking the selected channel vectors of all users. Using the selection 

matrix A introduced in (3), this matrix can be written as 𝐇𝑝 (𝑘) = 𝐀𝐇(𝑘) where 𝐇(𝑘) ∈

∁𝑁 ×𝑈 is the full-aperture channel matrix. 

In contrast, ZF and MMSE receivers process all users simultaneously to nullify or 

minimize MUI. The estimated symbols for all U users are given by 

𝑆
~

(𝑘) = 𝐖𝐻(𝑘)𝐘𝑝(𝑘) (5) 

where 𝐖𝐻(𝑘) is a 𝑈 × 𝑁𝑎𝑐𝑡. Considering that 𝐇𝒑 (𝑘) is the selected channel matrix, the 

combining matrix is as follows: 

1. Zero Forcing: Aims to nullify MUI by applying the pseudo-inverse of the channel 

matrix (which includes all 𝐇𝑢  vectors): 𝐖𝐻(𝑘) = (𝐇𝒑
𝑯(𝑘)𝐇𝒑 (𝑘))

−𝟏

𝐇𝒑
𝑯(k). 

2. Minimum Mean Squared Error: Further improves ZF by considering the noise 

power: 𝐖𝐻(𝑘) = (𝐇𝒑
𝑯(𝑘)𝐇𝒑 (𝑘) + 𝜎2𝐼)

−𝟏
𝐇𝒑

𝑯(k). 
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It is important to note that while ZF and MMSE attempt to decouple all users by 

inverting the channel matrix, the low-complexity MRC and EGC receivers process each 

user independently. In near-field LIS scenarios with high user density, the spatial correla-

tion between channel vectors h𝑢(𝑘) increases, leading to a strong residual multi-user in-

terference (MUI) component, as these linear combiners do not possess the capability to 

suppress inter-user contributions. This residual interference manifests as a performance 

floor, which limits the system’s ability to improve the BER as the SNR increases, unless 

additional non-linear suppression, such as the proposed NN stage, is applied. 

2.4. The Computational Complexity Bottleneck 

While ZF and MMSE provide superior interference suppression, their practical im-

plementation in LIS-assisted 6G systems is severely limited. Both require the calculation 

of a matrix inverse (or pseudo-inverse) for each frequency component (subcarrier k). In an 

SC-FDE (Single-Carrier Frequency-Domain Equalization) system with thousands of sub-

carriers and a high number of users (U), the complexity follows 𝑂(𝑈3) per subcarrier. 

The choice of SC-FDE is particularly suitable for LIS-based 6G systems due to its low Peak-

to-Average Power Ratio (PAPR). Unlike OFDM (Orthogonal Frequency Division Multi-

plexing), SC-FDE maintains a constant envelope-like signal, allowing the use of high-effi-

ciency power amplifiers at the user terminal. This is critical in LIS environments where 

massive connectivity and energy-constrained devices are expected. Furthermore, SC-FDE 

shifts the equalization complexity to the receiver side (the LIS controller), where the pro-

posed deep learning-based detection can then be applied in the frequency domain to sup-

press multi-user interference with high efficiency. 

ZF and MMSE are not only extremely demanding in terms of processing power but 

also highly energy-inefficient, contradicting the green communication goals of 6G. This 

bottleneck motivates the use of low-complexity 𝐰𝑢 (𝑘) vectors based on MRC or EGC 

receivers, combined with the intelligent, non-linear interference suppression proposed in 

the following section. 

3. Proposed NN-Based Partial LIS Architecture 

This section details the proposed hybrid framework, which integrates the spatial ef-

ficiency of the Partial LIS concept with the advanced detection capabilities of NNs. The 

goal is to circumvent the 𝑂(𝑈3) complexity bottleneck previously identified, while main-

taining high spectral efficiency. The shift from traditional iterative detection to a learning-

based approach is motivated by the ability of NNs to approximate complex non-linear 

mappings without the overhead of matrix inversions [21]. 

3.1. Synergy Between Selective Aperture and Learning-Based Detection 

The transition from traditional linear processing to the proposed learning-based ar-

chitecture follows a compensatory logic. Linear receivers, such as MRC and EGC, are com-

putationally efficient but suffer from an inability to distinguish between the desired signal 

and the non-linear interference patterns typical of reduced-aperture LIS. In this context, 

the neural network is introduced not as a replacement for the entire reception chain, but 

as a non-linear refinement stage. It operates on the output of the linear combiner, treating 

the residual multi-user interference (MUI) and the distortions caused by panel correlation 

as structured noise patterns. The network performs a non-linear symbol-by-symbol esti-

mation to compensate for these residual distortions and noise after the linear combining 

stage. This hybrid approach allows the system to maintain the low-latency benefits of lin-

ear combining while achieving the detection accuracy of high-complexity iterative receiv-

ers. 
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The proposed architecture operates on a dual-stage optimization principle. First, at 

the hardware level, the Partial LIS mechanism reduces the number of active RF chains by 

selecting only the panels in the vicinity of the user. Second, at the digital processing level, 

a neural network replaces the traditional matrix inversion required for high-performance 

detection. 

In practical deployments, the activation of the closest panels to the user is determined 

during the initial channel-sounding phase. The central controller then applies a threshold-

based selection or simply identifies the 𝑁𝑠𝑢𝑏 panels with the highest energy profiles. This 

ensures that only the panels within the user’s ‘spatial footprint’ are activated, minimizing 

power consumption while capturing the majority of the channel’s energy. 

The signal received from the u-th user, after the initial linear combining stage, can be 

mathematically expressed as 

𝑆
~

𝑢(𝑘) = 𝐰u
H𝐇𝑢,𝑝(𝑘)𝑆𝑢(𝑘) + 𝐰𝑢

𝐻(𝑘) ∑𝑈
𝑗≠𝑢 𝐇j,p(𝑘)𝑆𝐣(𝑘) + 𝐰𝑢

𝐻(𝑘)𝐍p(𝑘)  (6) 

where 𝐰u
H denotes the Hermitian transpose of the weight vector for the u-th user, corre-

sponding to the linear combining stage (MRC or EGC). Moreover, 𝑗 ∈ {1, . . . , 𝑈}, 𝑗 ≠ 𝑢. The 

first term of (6) represents the desired signal, the third term is the processed noise, and 

the middle summation represents the MUI. In Partial LIS environments, the reduced spa-

tial resolution often leads to non-orthogonal channel vectors 𝐡𝑢 and 𝐡𝑗, significantly in-

creasing the magnitude of this interference term. The proposed MLP is specifically de-

signed to perform a non-linear symbol-by-symbol estimation. By learning the distortion 

patterns caused by the residual MUI and noise, the MLP maps the corrupted linear esti-

mates back to the original QPSK constellation points. 

As detailed in Table 1, the proposed MLP architecture consists of an input layer with 

two neurons (processing the I and Q components of each symbol), followed by two hidden 

layers (L = 2) and an output layer. The first hidden layer comprises 20 neurons, while the 

second comprises 10. The ReLU activation function is employed in both hidden layers to 

learn complex MUI patterns while maintaining a low computational footprint compared 

to transcendental functions. To ensure maximum throughput and minimum processing 

latency, normalization layers were omitted. 

Table 1. Proposed MLP architecture specifications. 

Layer Type Neurons Activation 

Input Fully Connected 2 (I/Q) - 

Hidden 1 Fully Connected 20 ReLU 

Hidden 2 Fully Connected 10 ReLU 

Output Fully Connected 2 (I/Q) Linear 

The synergy lies in the fact that the NN is specifically trained to recognize the inter-

ference patterns produced by the reduced aperture of the Partial LIS and by the linear 

combining stage (MRC/EGC). This design choice aligns with recent trends where deep 

learning is employed to optimize physical layer parameters, such as antenna selection in 

MIMO systems [10] and beamforming refinement in near-field LIS environments [19]. By 

leveraging these learning capabilities, as explored in TeraHertz hybrid architectures [17], 

our system avoids energy-intensive matrix inversions. While the selection of Np panels in 

Section 2.2 significantly lowers energy consumption, it also results in a higher correlation 

between the channel vectors 𝐇𝑢 (𝑘). The NN-based receiver is designed to handle these 

non-linearities and residual MUI more effectively than simple linear combiners. 

The generalization capability of the proposed receiver is a key design feature. By em-

ploying a diverse training set that covers the entire near-field region, the NN learns to 

suppress interference patterns that are characteristic of the Partial LIS geometry. This 
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architecture follows the principles established in previous research [14], where a similar 

deep learning approach demonstrated significant robustness and generalization in Full 

LIS architectures. In this study, we confirm that these properties are preserved when tran-

sitioning to a Partial LIS framework. The network effectively adapts to the residual MUI 

resulting from the independent processing of antenna panels, maintaining consistent per-

formance even when the user terminal experiences moderate spatial shifts or when the 

panel selection is updated dynamically. 

3.2. Non-Linear Interference Suppression Stage 

To address the limitations of linear receivers, we propose a specialized MLP network. 

Similar approaches combining neural networks with equalization stages have shown sig-

nificant potential in improving signal detection in complex wireless environments [22]. 

Following the initial processing, the signals are combined using low-complexity tech-

niques. For the MRC-based stage, the estimated signal for the u-th user at the k-th subcar-

rier is obtained through the weight vector 𝐖𝑢 (𝑘) = 𝐇𝑢 (𝑘): 

𝑆
~

𝑢(𝑘) = 𝐇𝑢
𝐻(𝑘)𝐘𝑝(𝑘) (7) 

As previously established, 𝑆
~

𝑢(𝑘) is corrupted by MUI generated in the linear com-

bining stage of MRC (or EGC). To suppress this without resorting to the pseudo-inverse 

calculations of ZF/MMSE, 𝑆
~

𝑢(𝑘) is fed into a neural network. The NN architecture, illus-

trated in Figure 1, is an MLP designed to approximate the non-linear suppression function 

𝑆
^

𝑢(𝑘) = 𝑓𝑀𝐿𝑃(𝐗𝑖𝑛𝑝𝑢𝑡,𝑢(𝑘); 𝜃) (8) 

where 𝜃  represents the weights and biases optimized during training (a training se-

quence can be employed). The MLP was trained using the Adam optimizer with the spe-

cific hyperparameters summarized in the Section 4. 

The choice of this hybrid architecture, where the NN acts as a post-processor, is stra-

tegically designed to handle the high dimensionality of the LIS. Bypassing the linear com-

biner to map the received vector 𝐲𝑝(𝑘) directly to the symbols would result in an exceed-

ingly large input layer, proportional to the high number of antenna elements (𝑁𝑎𝑛𝑡). Such 

an end-to-end model would face significant training challenges due to the vast search 

space and parameter variability. By employing MRC/EGC as a pre-processing stage (see 

Figure 1), the system performs a crucial dimensionality reduction, narrowing the input 

from the high-dimensional LIS space to a single complex-valued estimate per user. As 

seen in Figure 1, the NN processes each user’s stream independently, focusing on a sim-

plified I/Q mapping that ensures a more stable training process and lower latency. This 

allows the NN to focus on a simplified set of variables, ensuring a more stable training 

process and a computationally efficient inference stage. 

It is important to contrast the proposed one-shot MLP with the iterative NN archi-

tecture described in [14]. In Full LIS environments, iterative processing is often used to 

refine detection; however, the Partial LIS profile introduces higher spatial correlation and 

wider interference beams due to the reduced active aperture. We found that a specialized 

one-shot mapping is more effective at capturing these specific non-linear patterns in a 

single pass. This not only addresses the increased MUI of partial surfaces but also signifi-

cantly reduces processing latency, making the receiver more suitable for real-time 6G ap-

plications compared to the multi-pass iterative approach. 
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Figure 1. Proposed hybrid receiver architecture. 

As can be seen in Figure 1, the proposed MLP architecture processes complex-valued 

signals by splitting them into real and imaginary components at the input layer, 

𝐗input(𝑘) = [ℜ {𝑆
~

𝑢(𝑘)} , ℑ {𝑆
~

𝑢(𝑘)}]
𝐓

 (𝑘); the network consists of two hidden layers (𝐻1 =

20, 𝐻2 = 10 neurons) utilizing Rectified Linear Unit (ReLU) activations to compensate 

for the non-linear shifts in the constellation caused by the reduced active aperture (𝑁𝑎𝑐𝑡) 

and the resulting residual MUI. Training is performed offline using the Adam optimizer 

and Mean Squared Error (MSE) loss over a dataset of channel realizations specifically re-

flecting the Partial LIS environment. Unlike general-purpose models, this specialized 

training enables the network to compensate for the higher spatial correlation and unique 

interference profiles resulting from the reduced active aperture (𝑁𝑠𝑢𝑏). 

https://doi.org/10.3390/app16073429


Appl. Sci. 2026, 16, 3429 9 of 18 
 

https://doi.org/10.3390/app16073429 

3.3. Computational Efficiency Analysis 

The proposed architecture provides a significant reduction in computational com-

plexity compared to the benchmarks discussed in Section 2.3 (ZF/MMSE), substantiated 

by the following analysis: 

1. Avoidance of Matrix Inversion: To quantify this advantage, a matrix inversion for U 

= 4 users requires on the order of 128 floating-point operations (FLOPs), but this cost 

scales cubically approximately to 1024 FLOPs when U = 8. In a massive MIMO/LIS 

context with N = 1024 antennas, the total ZF processing (including matrix multiplica-

tion) can exceed 16,000 FLOPs per subcarrier for U = 8, whereas our proposed MLP 

keeps a constant and much lower overhead of 520 FLOPs. This reduces the per-sym-

bol detection complexity to a linear scale, 𝑂(𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙). 

2. Aperture Reduction (Partial LIS): By utilizing the selection matrix A, the system only 

processes antenna elements instead of the total 𝑁𝑡𝑜𝑡𝑎𝑙 elements of the Full LIS. Since 

𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙 << 𝑁𝑡𝑜𝑡𝑎𝑙 (e.g., a 75% reduction in active elements), the number of floating-

point operations (FLOPs) in the linear combining stage scales down proportionally. 

3. Inference Efficiency (NN Overhead): The FLOP count for the NN inference is derived 

as 2 × (𝐼 · 𝐻1 + 𝐻1 · 𝐻2 + 𝐻2 · 𝑂) where I = 2, H1 = 20, H2 = 10, and O = 2 represent the 

neurons per layer. This results in 520 FLOPs per detected symbol. In contrast, the 

linear combining stage for a Partial LIS with 𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙  elements requires 4𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙 − 2 

FLOPs. For a scenario with 𝑁𝑡𝑜𝑡𝑎𝑙 = 1024 and a 75% reduction 𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙 = 256), the 

total complexity drops from approximately 4094 FLOPs (Full LIS) to 1542 FLOPs 

(Proposed), representing a net saving of ~62%, even including the NN overhead. 

4. Quantitative Comparison: As summarized in Table 2, while the Full LIS complexity 

is dominated by 𝑂(𝑁𝑡𝑜𝑡𝑎𝑙), the proposed Partial LIS with NN suppression scales with 

𝑂(𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙) + 𝐶. This results in a net reduction in computational requirements, ena-

bling real-time 6G implementation with lower power consumption. 

Table 2. Computational complexity comparison between traditional linear receivers and the pro-

posed deep learning-based Partial LIS architecture. 

Receiver Type Complexity Order Scaling Factor Main Operations 

ZF/MMSE 𝑂(𝑈3 + 𝑁𝑡𝑜𝑡𝑎𝑙) 
High (Matrix In-

version) 

Inversion + Combin-

ing 

Full LIS (MRC/EGC) 𝑂(𝑁𝑡𝑜𝑡𝑎𝑙) Linear (High N) 
Combining (All Ele-

ments) 

Iterative Partial LIS + Itera-

tive MRC/EGC 
𝑂(𝐼𝑖𝑡𝑒𝑟 + 𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙)

 
Moderate 

Multiple Processing 

Passes 

Proposed Partial LIS + NN 𝑂(𝑁𝑝𝑎𝑟𝑡𝑖𝑎𝑙) + 𝐶 Lowest (Low N) 
Combining (Subset) 

+ MLP 

As illustrated in Table 2, the proposed architecture offers a clear advantage over the 

iterative MRC/EGC baseline [10]. While iterative methods require multiple passes over 

the high-dimensional antenna data (𝐼𝑖𝑡𝑒𝑟) to refine the signal, the proposed NN-based re-

ceiver operates in a one-shot fashion. By replacing the iterative process with a shallow 

MLP, the computational burden is transformed from a multiple of the aperture dimension 

to a single combining stage plus a small constant overhead (C). This results in lower pro-

cessing latency and a net reduction in FLOPs, as the fixed cost of the NN inference is sig-

nificantly lower than the cost of repeated large-scale linear combining. 
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4. Simulation Results and Performance Analysis 

In this section, we provide a comprehensive performance evaluation of the proposed 

hybrid architecture through Monte Carlo simulations. The performance is evaluated in 

terms of BER versus the energy per bit to noise power spectral density ratio (
𝐸𝑏

𝑁0
⁄ ). 

The primary objective is to assess the efficiency of integrating the selective panel 

mechanism with NN-based detection in a multi-user uplink scenario. By comparing the 

proposed scheme with traditional linear benchmarks, we aim to validate its robustness 

against the increased spatial correlation, interference inherent in reduced-aperture LIS 

configurations, and residual MUI generated in the decoding process of low-complexity 

linear receivers (MRC/EGC). It is important to emphasize that the terms ‘324 elements’ 

and ‘625 elements’ refer to the antenna density per individual panel (𝑁𝑎𝑛𝑡). Consequently, 

in the Full LIS architecture, the receiver processes a total of 4 × 𝑁𝑎𝑛𝑡 signals. In contrast, 

the proposed Partial LIS framework selectively processes only 𝑁𝑎𝑛𝑡 signals (either 324 or 

625), achieving a 75% reduction in RF chain complexity while maintaining high detection 

performance through the NN stage. 

4.1. Simulation Setup and Metrics 

The evaluation is conducted within an SC-FDE framework, assuming Quadrature 

Phase Shift Keying (QPSK) modulation and a near-field propagation environment, as de-

scribed in Section 2. The LIS is composed of a massive array of elements, from which a 

subset of panels is dynamically selected for each user. 

To provide a rigorous evaluation of the proposed deep learning-based receiver, the 

datasets were generated using Monte Carlo simulations based on the system model de-

scribed in Section 2. A total of 105 independent channel realizations were produced, en-

compassing different user positions and near-field fading conditions. This dataset was 

partitioned into three subsets: 70% for the training phase, 15% for validation (used for 

hyperparameter tuning and early stopping), and the remaining 15% for final performance 

testing. 

As summarized in Table 3, the training phase was executed using the Adam opti-

mizer with a Mean Squared Error (MSE) loss function, a batch size of 1024, and a fixed 

learning rate of 0.001. To ensure the model’s reliability and prevent overfitting, the process 

included a validation-based early stopping criterion, which was triggered if the validation 

loss failed to decrease for a patience period of 100 epochs. Furthermore, overfitting was 

strictly monitored by analyzing the convergence of training and validation loss curves; 

the final model was selected at the point where the validation loss reached its minimum. 

The results presented hereafter reflect the average performance over thousands of inde-

pendent channel blocks, highlighting the trade-offs between hardware simplification 

(panel selection) and signal processing intelligence (learning-based suppression). 

Table 3. Neural network training and simulation parameters. 

Simulation Method Monte Carlo (105 trials per point) 

Noise Model AWGN (additive white Gaussian noise) 

Channel Model Near-field LoS (spherical wavefronts) 

Power Control Perfect 

Network Architecture Multi-Layer Perceptron 

Number of Hidden Layers 2 

Neurons per Hidden Layer 20 (1st layer), 10 (2nd layer) 

Activation Functions ReLU (hidden layers), Linear (output layer) 

Training Dataset Size 106 

Data Split 70% Training/15% Validation/15% Testing 
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Initial Learning Rate 10−3 

Learning Rate Scheduler None 

Optimizer Adam 

Loss Function Mean Squared Error 

Learning Rate 0.001 

Number of Epochs 100 

Batch Size 1024 

Maximum Epochs 500 (with early stopping) 

Overfitting Monitoring Validation Loss Tracking 

Stopping Criteria Early Stopping (patience = 20 epochs) 

The total aperture of the four-panel LIS is approximately 0.63 × 0.63 m. At the ref-

erence frequency of 28 GHz, the Rayleigh distance 𝑑𝑅 = 2𝐷2

𝜆⁄  is significantly larger than 

the maximum user distance of 10 m. Specifically, with 𝐷 ≈ 0.89 m (diagonal of the total 

aperture), 𝑑𝑅 extends to approximately 148 m. This ensures that the entire user ensemble 

(located between 2 m and 10 m) is strictly positioned within the Fresnel region, where 

spherical wavefront modeling is essential. 

4.2. Performance Comparison: Full LIS vs. Partial LIS 

This subsection establishes a baseline for our study by examining the performance 

trade-offs between a Full LIS architecture and the proposed Partial LIS framework. In the 

Full LIS setup, the entire surface remains active, whereas the Partial LIS approach restricts 

signal processing to specific panels. To clearly isolate the effects of reduced physical aper-

ture, we focus here on the performance of standard linear low-complexity combiners, spe-

cifically MRC and EGC, before any neural-network-based suppression is applied. 

Figure 2 presents the BER results for a load environment of U = 8 users, comparing 

antenna densities of Nant = 324 and Nant = 625 per panel (four panels and one panel [Partial 

LIS] are considered). The LIS is composed of four independent panels arranged in a 2 × 2 

grid. Each panel is a UPA with 𝜆
2⁄   spacing between elements. The distance between 

panel centers (𝐷𝑐) is determined by the panel size 𝑁 × 𝜆
2⁄ ), resulting in a compact aper-

ture designed for near-field operation at, e.g., 28 GHz. For the 625-element case, 𝐷𝑐  is 

approximately 0.5 m, ensuring the system captures distinct spatial signatures from each 

panel. 

As observed, the Partial LIS architecture inherently suffers a performance penalty 

when compared to the Full LIS baseline due to the reduced active aperture and lower 

spatial resolution. However, the proposed NN stage effectively suppresses this loss, as 

shown in Figure 2, by recovering the signal integrity and bringing the performance close 

to the Full LIS linear benchmarks. 

A noteworthy observation arises when analyzing the performance in low-to-moder-

ate SNR regimes, specifically up to approximately 12 dB, where the Partial LIS configura-

tion achieves superior BER results compared to the Full LIS architecture. This phenome-

non is primarily justified by the reduction in MUI levels and the noise accumulated during 

the combining process. Although the Full LIS captures a greater amount of total signal 

energy, it also collects a disproportionate amount of interference from distant users that, 

due to their geometry, possess a diminished capacity to effectively isolate the desired sig-

nal. By selectively activating only the panels closest to each user, the Partial LIS functions 

as an inherent spatial filter that discards these highly noisy and interfered components, 

resulting in an improved signal-to-interference-plus-noise ratio in scenarios where signal 

power is still limited. 
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Figure 2. Average BER performance comparison between Full LIS and Partial LIS architectures for 

U = 8 users, considering antenna densities of 𝑁𝑎𝑛𝑡 = 324 and 𝑁𝑎𝑛𝑡 = 625 per panel with MRC and 

EGC receivers (iterative receivers). 

As the SNR increases beyond the 12 dB threshold, the curves reveal that the dimin-

ished physical aperture eventually limits the surface’s ability to perform precise near-field 

spatial focusing. This limitation, inherent to the reduced-aperture operation, creates a 

wider spatial beam that contributes to a performance noise floor at elevated 𝐸𝑏/𝑁0 val-

ues. Furthermore, the results show that MRC consistently outperforms EGC across the 

entire range. This is justified by the fact that MRC performs an optimal ratio combining 

by considering both the phase and the amplitude of the channel, whereas EGC only aligns 

the signal phases. Consequently, the residual MUI generated during the decoding process 

is more pronounced in EGC, leading to a higher saturation level (noise floor) compared 

to MRC. Reducing the antenna density to 324 elements further exacerbates these effects, 

underscoring that a learning-based suppression stage is essential to overcome the noise 

floor generated by both the receiver’s simplified architecture (and its residual MUI gener-

ated in the decoding process) and the reduced-aperture constraints, particularly in the 

high-SNR regime. 

4.3. Impact of NN-Based Recovery and Antenna Density 

Following the baseline characterization of the Partial LIS framework, this subsection 

evaluates the capacity of the proposed NN-based stage to recover link quality and sup-

press residual interference. The analysis specifically explores the synergy between low-

complexity linear iterative combiners (MRC/EGC) and the MLP-based suppressor, focus-

ing on how this hybrid approach performs under different antenna densities per panel, 

namely 625 and 324 elements. 

As illustrated in Figure 3, the integration of the NN stage produces a substantial and 

consistent improvement in BER performance across all tested configurations. While the 

conventional iterative receivers (dashed lines) reach an interference-limited noise floor at 

high SNR, the NN-enhanced versions maintain a robust descent. This trend confirms that 

the MLP is highly effective at identifying and strongly suppressing the residual MUI gen-

erated during the decoding process of MRC/EGC combiners, as well as the residual 
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interference resulting from the reduced-aperture LIS configuration. By learning these 

complex non-linear patterns, the NN effectively removes the noise floor that traditional 

iterative methods, previously explored in [10], fail to resolve. 

 

Figure 3. Average BER performance considering antenna densities of 𝑁𝑎𝑛𝑡 = 324 and 𝑁𝑎𝑛𝑡 = 625 

for Partial LIS, comparing iterative and NN receiver for MRC and EGC. 

A particularly compelling result observed in these simulations is the trade-off be-

tween physical hardware and computational intelligence. It is noteworthy that the MRC 

+ NN configuration utilizing only 324 antennas achieves a performance level that tends to 

surpass the iterative MRC receiver with 625 antennas. This finding is central to our study, 

as it proves that a well-trained, low-complexity neural network can effectively compen-

sate for a nearly 50% reduction in the physical antenna elements of the surface. By shifting 

the processing burden from the power-intensive RF front-end to a streamlined digital 

learning stage, the system maintains high-quality communication while significantly de-

creasing the overall energy footprint and hardware complexity. 

4.4. System Scalability and User Loading 

Beyond the impact of antenna density, it is critical to evaluate the robustness of the 

proposed architecture when subjected to increased user loads. This subsection examines 

the scalability of the Partial LIS framework by comparing the system performance under 

a low-load scenario, with U = 4 users, against a high-load scenario involving U = 8 users. 

For this analysis, we maintain a fixed density of 625 antennas per panel to isolate the ef-

fects of MUI on the recovery capability of the MLP-based receiver. 

The results depicted in Figure 4 demonstrate that as the number of active users dou-

bles, the conventional iterative receivers suffer from significant performance degradation. 

This is evidenced by a substantial rightward shift in the BER curves and the emergence of 

a much higher interference floor, which reflects the increased difficulty in spatially sepa-

rating user signals as the density of the transmissions grows. Under these stressed condi-

tions, the traditional linear combining and iterative stages struggle to maintain reliable 

communication. The increased user load significantly elevates the noise floor generated 
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during the decoding process, which, coupled with the spatial limitations of the partial 

aperture, creates a severe performance bottleneck for classical receivers. 

 

Figure 4. BER performance of the proposed one-shot NN-based MUI suppression stage compared 

to traditional linear receivers (MRC) for 𝑁𝑎𝑛𝑡 = 625, for 𝑈 = 4 versus 𝑈 = 8 users. 

In contrast, the NN-enhanced receiver displays remarkable resilience to the increase 

in user load. While a performance gap between the U = 4 and U = 8 scenarios is expected 

due to the physical limits of the channel, the MLP-based suppression stage narrows this 

gap compared to its iterative counterparts. The non-linear learning stage effectively 

adapts to the more complex interference environment of the eight-user case, achieving a 

BER level that remains closer to the low-load baseline. This stability underscores the scala-

bility of the proposed synergistic approach, proving that the integration of neural net-

works allows the Partial LIS architecture to handle dense connectivity requirements in 6G 

environments without requiring a proportional increase in hardware complexity or active 

antenna elements. 

4.5. Proposed Hybrid Solution vs. High-Complexity Benchmarks 

The final stage of our performance analysis involves validating the proposed hybrid 

framework against established high-complexity benchmarks, specifically the ZF and 

MMSE receivers. While these traditional algorithms are known for their optimal or near-

optimal interference suppression capabilities in Full LIS environments, they impose a pro-

hibitive computational burden due to the requirement for large-scale matrix inversions, 

whose requirements increase with the increase in the number of antennas. This subsection 

demonstrates how the synergistic combination of Partial LIS and MLP-based suppression 

achieves competitive results with a significantly lower processing overhead. 

As illustrated in Figure 5, a critical observation is that both the Full LIS and Partial 

LIS NN-enhanced receivers consistently outperform the ZF/MMSE benchmarks across the 

entire SNR range. These results specifically highlight the impact of antenna resolution on 

system performance. It is possible to observe that even for a scenario with a high number 

of users (𝑈 = 24), the performance of the NN with Partial LIS remains close to the estab-

lished benchmarks, confirming its robustness and ability to scale with antenna density. 
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Figure 5. Impact of Partial LIS vs. Full LIS on the BER performance of the NN-aided versus iterative 

receiver (MRC) and ZF/MMSE, for 𝑈 = 24 users. 

A noteworthy observation is the overlap between the ZF and MMSE curves. This 

occurs because, under the simulated deterministic Line-of-Sight (LoS) near-field condi-

tions and the considered SNR range, the noise power becomes negligible compared to the 

signal power. Consequently, the MMSE weight matrix converges to the ZF pseudo-in-

verse, leading to identical BER performance. This explains why the high-complexity 

benchmarks appear as a single curve, providing a reference for the maximum interference 

suppression theoretically possible through linear matrix inversion in this environment. 

While ZF and MMSE provide optimal linear decoupling under ideal conditions, they are 

inherently constrained by their inability to compensate for non-linear distortions and 

complex spatial correlations. This performance gap is one key motivation for the neural-

network-based stage. 

The superiority of the NN-aided approach over classical ZF and MMSE receivers 

stems from the fundamental difference between linear processing and non-linear map-

ping. ZF and MMSE rely on the inversion of the channel matrix, which is an optimal strat-

egy only when the interference is strictly linear and the channel state information is per-

fect. However, in Partial LIS deployments, the reduced aperture creates complex spatial 

correlation and residual multi-user interference (MUI) that exhibit non-linear characteris-

tics. The MLP, through its non-linear activation functions (ReLU), is capable of learning 

these intricate interference signatures and the specific noise floor induced by the simpli-

fied MRC/EGC stages. Consequently, the NN acts as a specialized non-linear filter that 

corrects distortions that are mathematically ‘invisible’ to the linear operations of ZF and 

MMSE. 

This demonstrates that the non-linear processing capability of the MLP is superior at 

suppressing both the MUI and the residual interference that linear receivers (MRC/EGC) 

fail to suppress. As described, ZF and MMSE curves overlap due to the high SNR conver-

gence. However, in this high-load scenario (𝑈 = 24), the performance gap between MRC 
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and EGC is further widened, as the phase-only limitation of EGC makes the multi-user 

suppression task significantly more challenging. 

Most notably, the results reveal an unconventional crossover behavior: at low SNR 

levels (up to approximately 7 dB), the Partial LIS NN configuration achieves better BER 

results than its Full LIS NN counterpart. This crossover is physically explained by the 

noise accumulation effect: At low SNR, the contribution of distant panels in the Full LIS 

setup is outweighed by the additional thermal noise and MUI they capture. By contrast, 

the Partial LIS focuses only on the high-SNR signal components closest to the user (spatial 

footprint), providing a higher-quality feature set that allows the NN to perform more ef-

fective MUI suppression. 

Beyond this threshold, although the Full LIS NN setup regains its spatial diversity 

advantage, the proposed Partial LIS hybrid framework continues to significantly surpass 

the performance of classical ZF/MMSE. This validates the core thesis of our work, posi-

tioning the MLP-based Partial LIS as a highly efficient and ‘green’ solution. Furthermore, 

the MLP inference consists of feed-forward matrix operations that can be massively par-

allelized in hardware (e.g., FPGAs or ASICs), resulting in the deterministic low latency 

required for URLLC. 

Furthermore, while this work compares the proposed hybrid framework against ex-

act ZF and MMSE implementations, it is important to acknowledge the existence of low-

complexity linear detection approximations, such as those based on Neumann series or 

Chebyshev iterations. A comprehensive ‘green’ assessment comparing the MLP-based ap-

proach with these iterative linear approximations is envisioned as future work to further 

benchmark the energy efficiency of neural-network-aided receivers. 

Despite these advantages, the proposed solution has some limitations that merit fur-

ther discussion. First, the efficiency of the MLP depends on the alignment between offline 

training and real-time conditions. In scenarios with significant user mobility or channel 

aging, performance may degrade. To address this, we envision an online adaptation strat-

egy where the NN undergoes periodic incremental retraining (fine-tuning). Given the 

lightweight MLP architecture, this process can be performed using a small buffer of re-

cently received pilot symbols. By updating only the weights of the final layers, the com-

putational overhead remains minimal. Furthermore, the use of transfer learning allows a 

pre-trained base model to quickly adapt to a specific user’s trajectory, ensuring that the 

signaling overhead does not compromise spectral efficiency. 

5. Conclusions 

This article proposed and evaluated a deep learning-based receiver architecture for 

6G uplink scenarios, integrating the spatial selectivity of Partial LIS with the advanced 

detection capabilities of NN-based interference suppression. By activating only the an-

tenna panels closest to the user terminal, the proposed system significantly reduces the 

hardware footprint and the power consumption of the RF front-end. The inherent perfor-

mance loss increased due to MUI caused by this reduced aperture and the residual MUI 

generated by the independent processing of low-complexity combiners were effectively 

suppressed by a specialized MLP-based stage. This NN approach replaces the complexity 

of traditional matrix-inversion receivers by efficiently removing the performance noise 

floor that typically limits the effectiveness of linear combining in these scenarios. 

The simulation results provided several critical insights into future 6G deployments. 

First, the Partial LIS architecture demonstrated a noise reduction effect at lower SNR re-

gimes (up to 7–12 dB). This occurs because, in a Full LIS configuration, the receiver sums 

noise components from all elements across the entire surface. However, in the near-field 

scenario, a specific user’s energy is concentrated in a limited spatial footprint. By activat-

ing only the panels within this footprint (Partial LIS), the system effectively improves the 
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SNR by excluding noise from inactive areas where the user’s signal power is negligible. 

This spatial selection acts as a hardware-level noise-gating mechanism, allowing the Par-

tial LIS to outperform the Full LIS when the channel is noise-limited. Second, the integra-

tion of the NN-based stage proved to be superior to traditional matrix-inversion-based 

methods like ZF and MMSE in terms of the complexity–performance trade-off. Notably, 

the neural-network-enabled receiver was able to bridge the performance gap between dif-

ferent antenna densities, showing that a 625-antenna setup with NN enhancement can 

exceed the performance of more complex iterative receivers while maintaining a lower 

computational footprint. 

The most pivotal finding of this research is that computational intelligence can effec-

tively substitute for physical hardware density. The proposed MRC-NN hybrid solution 

in a Partial LIS configuration not only demonstrated remarkable resilience to increased 

user loads but also surpassed the performance of Full LIS benchmarks using traditional 

linear processing. This confirms that the synergy between spatial panel selection and non-

linear learning provides a scalable, energy-efficient, and “green” solution for 6G net-

works. Future research will explore the adaptation of this framework to dynamic multi-

user mobility and the optimization of the MLP architecture for real-time hardware imple-

mentation on Field-Programmable Gate Array (FPGA) platforms. 
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