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Beamforming plays a crucial role in the physical layer of 5G and beyond,

enabling spatial multiplexing, interference management, and spectral efficiency in

multi-user MIMO systems to meet the demands of high data rates, massive connec-

tivity, and low-latency communication. Traditional linear beamforming techniques

such as zero-forcing beamforming (ZFBF) and minimum mean square error (MMSE)

beamforming provide closed-form solutions with analytical tractability. However,

their performance degrades under imperfect channel state information (CSI) and

dynamic propagation conditions. Additionally, they incur high computation com-

plexity that limits scalability to large deployments such as massive MIMO. As a re-

sult, they often fall short of meeting the scalability and adaptability requirements of

next-generation networks. Recognizing these limitations, deep learning (DL)-based

beamforming has emerged as a promising alternative. While supervised deep DL ap-

proaches are capable of modeling nonlinear relationships, they require ground-truth

beamformers as labeled data during training, which are rarely available in practice.



To overcome these challenges, we develop adaptive, data-driven unsupervised neural

beamforming frameworks and further investigate their robustness and scalability in

this dissertation.

First, we introduce an unsupervised neural beamforming (NNBF) framework

for uplink multi-user single input multiple output (MU-SIMO) systems under 3GPP-

compliant channel models. Thus, in contrast to supervised DL-based beamforming

methods, we remove the reliance on ground-truth beamformers by directly optimiz-

ing the sum-rate objective in an end-to-end fashion. We propose two architectures:

a lightweight convolutional design, simple NNBF, for stationary user equipments

(UEs) with perfect CSI, and a transformer-based design that integrates grouped

convolutions and multi-channel attention, tailored for dense urban environments

with imperfect CSI and user mobility. Both models are trained by using frequency-

domain channel responses, and they generate beamforming weights directly in the

frequency domain. Our results demonstrate that simple NNBF achieves comparable

or better performance than MMSE while consistently outperforming ZFBF across all

SNR regimes with reduced complexity. Moreover, transformer-based NNBF provides

further gains compared to baseline techniques ZFBF and MMSE with imperfect CSI

under high-mobility conditions at the cost of higher computational overhead.

Next, we extend transformer-based NNBF by introducing Doppler-aware sparse

attention, leading to the Doppler-aware Sparse Neural Beamforming (Sparse NNBF)

framework. In this design, we directly tackle the quadratic complexity of standard

full attention by using a Doppler-aware sparse attention mechanism, which improves

the scalability for large OFDM grids and the robustness for high mobility scenarios.



Specifically, we design a channel-adaptive sparse attention mechanism that changes

sparsity patterns along the two-dimensional time-frequency grid according to chan-

nel dynamics, such as the Doppler shift effect. We provide a theoretical guarantee

of full connectivity; any two query-key pairs can be connected within a bounded

number of hops p, where p denotes the number of heads. This ensures that our

sparsification design does not compromise expressiveness. Compared to fixed spar-

sity schemes such as strided or local windowing, Doppler-aware sparse beamforming

adapts to temporal variability and captures wireless channel dynamics better. Our

experimental findings with 3GPP UMa channels demonstrate that Sparse NNBF

surpasses both traditional beamforming methods and transformer-based NNBF uti-

lizing static sparse patterns, revealing resilience in high-mobility scenarios.

Then, we introduce NNBF-P, an unsupervised DL framework for the joint de-

sign of downlink multi-user multiple input single output (MU-MISO) beamforming

and power allocation. NNBF-P learns both beamforming vectors and power alloca-

tion coefficients simultaneously by directly maximizing the sum-rate objective in an

end-to-end unsupervised manner, thereby enabling a unified design that adapts to

channel conditions within a single process. Our simulation results with 3GPP chan-

nel models, TDL-A and TDL-C, demonstrate that NNBF consistently outperforms

ZFBF, MMSE, and NNBF without power allocation regarding spectral efficiency

under varying channel delay spreads and modulation schemes.

Finally, we propose Hierarchical Over-the-Air FedGradNorm (HOTA-FedGrad

Norm), a distributed training framework designed for scalable and resource-efficient

learning across heterogeneous wireless tasks. HOTA-FedGradNorm integrates hier-



archical federated learning (HFL) with over-the-air aggregation (OTA) and dynamic

task weighting. In contrast to the beamforming-centric discussions of previous parts,

we tackle issues of multi-task radio learning in federated settings, where client de-

vices and network nodes may differ in computational capabilities, channel condi-

tions, and task complexity. We demonstrate that HOTA-FedGradNorm can achieve

efficient convergence under wireless channel constraints through the dynamic bal-

ancing of task gradients and the utilization of OTA. While it is not a beamforming

algorithm, it can be viewed as a general-purpose training substrate for physical

(PHY)-layer tasks, including beamforming, channel prediction, and resource alloca-

tion in O-RAN deployments. By establishing HOTA-FedGradNorm as a standalone

contribution, we emphasize its function as a bridge toward deployment and feasibil-

ity, promising that neural beamforming and other data-driven PHY-layer methods

can be trained collaboratively and efficiently in practice.
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CHAPTER 1

Introduction

Research on the wireless physical layer has largely focused on waveform design,

signal detection and estimation, and channel characterization. This includes tasks

such as interference management and transceiver chain design to meet the needs

of high data rates, high spectral e�ciency, wide coverage, low latency, and power

e�ciency [1]. In this context, beamforming has become a key technique in modern

wireless communication systems, where multi-antenna transceivers exploit spatial

diversity to improve link reliability, spectral e�ciency, and interference manage-

ment. Beamforming enables spatial multiplexing and improves the overall system

throughput through modifying the phases and amplitudes of transmitted or received

signals across multiple antennas. Beamforming plays an essential role for 5G and be-

yond to be able to meet their performance goals, including high data rates, massive

connectivity, and low-latency communication [2].

The linear beamforming techniques, like zero-forcing beamforming (ZFBF)

and minimum mean square error (MMSE) beamforming, are considered the most

prevalent methods of conventional beamforming strategies. These methods pro-

1



vide closed-form solutions based on linear algebra, o�ering tractability and well-

characterized performance under idealized conditions [3{7]. In particular, ZFBF

is designed to suppress multi-user interference completely by inverting the channel

matrix, while MMSE balances interference suppression and noise mitigation through

regularization. Although these methods have been widely studied, their performance

critically depends on perfect channel state information (CSI). Under practical con-

ditions, such as channel estimation error, feedback delay, or hardware impairments,

both ZFBF and MMSE exhibit performance degradation. The reliance on perfect

CSI becomes particularly problematic in time-varying or high-dimensional systems.

In fast-fading environments, Doppler shifts cause temporal decorrelation of the chan-

nel, invalidating the static assumptions underlying conventional beamforming [8,9].

Besides, some approaches based on static assumptions about network conditions can

lead to suboptimal performance in dynamic environments due to their dependence

on algorithm initialization [10,11]. Additionally, in massive MIMO deployments, the

cubic computational complexity of ZFBF and MMSE with respect to the number

of user equipments (UEs) makes them infeasible for real-time baseband process-

ing [12]. These issues point out that traditional linear beamforming methods often

fall short of meeting the scalability and adaptability requirements of next-generation

networks, although they are appealing for their analytical clarity.

Recognizing these limitations, there has been growing interest in exploring

alternative paradigms for physical layer signal processing that can better handle

imperfect CSI, large-scale antenna arrays, and dynamic propagation conditions.

Speci�cally, deep learning (DL){based beamforming has emerged as a promising al-
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ternative. Rather than depending on prede�ned policies or closed-form structures,

data-driven models learn beamforming strategies directly from CSI by exploiting

dynamic spectrum data [1,13]. With the representational capabilities of modern ar-

chitectures and the growing availability of data and computational resources, deep

learning o�ers a path toward adaptive and scalable solutions [14].

Research e�orts have shown that DL-based beamforming can generalize under

realistic impairments, such as channel estimation error, user mobility, and limited

feedback. They intend to approximate or outperform conventional beamforming

techniques, particularly in scenarios where traditional approaches encounter draw-

backs. For example, [15] proposes a supervised convolutional neural network (CNN)

framework for hybrid beamforming and channel estimation, reducing complexity

while improving robustness at the receiver even without instantaneous CSI feed-

back. Similarly, [16] frames signal processing problems such as beamforming and

power control from a learning-based perspective, treating the weighted MMSE al-

gorithm as an unknown nonlinear mapping to be approximated by a deep neural

network (DNN). In [17], a deep fully convolutional neural network is introduced for

downlink beamforming design, leveraging uplink channel estimates in a supervised

manner. Additionally, [18] proposes three beamforming neural networks based on

CNNs and expert knowledge to utilize the known structure of optimal solutions for

the signal-to-interference-plus-noise ratio (SINR) balancing problem, power mini-

mization problem, and sum-rate maximization problem. According to the expert

knowledge regarding the known structure of downlink beamforming vectors as a

closed-form solution indicated by [19], the authors leverage the principle that the
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power minimization problem, subject to SINR constraints, yields beamforming vec-

tors that meet the SINR targets speci�ed as lower-bound constraints, while utilizing

the minimal amount of power. Therefore, the resultant beamforming vectors lie

within the feasible set of the sum-rate maximization problem under a power con-

straint, also turning them into an optimal solution for the sum-rate maximization

problem, as they utilize the minimal power. However, the calculation of downlink

beamforming vectors for sum-rate maximization via a known structure necessitates

matrix inversion, which may impose a computational burden on a real-time process-

ing system, particularly when the system has a substantial number of antennas, as

in massive MIMO. [20] proposes a joint supervised learning framework for channel

prediction, power optimization, and transmit beamforming prediction in the down-

link channel. It also exploits the known parameterized structure of the beamforming

solution for sum-rate maximization, as in [18]. All aforementioned works utilize a

supervised learning approach, which requires labeled data that is often impractical

to obtain in real scenarios, while some also incur additional computational burden

for massive MIMO systems. The authors of [21] propose a fast beamforming design

method using unsupervised learning for sum-rate maximization under total power

constraint. The proposed model is straightforward and computationally e�cient for

end-to-end beamforming design. However, the channel matrix is represented using

independent and identically distributed complex Gaussian entries for dataset gener-

ation by modeling a Rayleigh 
at fading channel model. Consequently, it is unable

to represent realistic channel characteristics, including frequency selectivity, delay

spread, and Doppler spread, among others. In addition to function approxima-
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tion via DNNs, some studies approximate iterative optimization algorithms through

deep unfolding methods [22]. While applicable to various wireless communication

tasks [23, 24], these approaches may also impose considerable computational costs

since matrix inversion or singular value decomposition (SVD) can still be required.

The primary goal of this dissertation is to develop adaptive, data-driven beam-

forming frameworks that address the shortcomings of traditional linear beamforming

methods and supervised learning approaches. To achieve this, we build models that

are resilient against imperfect CSI, scalable for large OFDM grids and antenna ar-

rays, and practical in realistic 3GPP-compliant environments.

In particular, the dissertation develops comprehensive end-to-end unsuper-

vised neural beamforming frameworks for uplink multi-user single input multiple

output (MU-SIMO), including enhancements that integrate sparsi�cation techniques

to improve scalability in high-mobility environments. The sum-rate maximization

objective underlies the unsupervised learning approach, ensuring coherent design

and consistent evaluation across various scenarios. In addition, we address a dis-

tinct downlink multi-user multiple input single output (MU-MISO) problem through

the joint optimization of beamforming and power allocation. Together, these e�orts

provide an extensive investigation of neural beamforming across key dimensions of

next-generation wireless networks.

In Chapter 2, we introduce an unsupervised neural beamforming (NNBF)

framework for uplink MU-SIMO systems under 3GPP-compliant channels, which,

to the best of our knowledge, represents the �rst such approach evaluated under

realistic 3GPP channel models. Unlike supervised methods that rely on labeled
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data for training, NNBF learns beamforming weights directly by optimizing the

sum-rate objective in an end-to-end fashion. This removes the need for ground-

truth beamformers such as ZFBF or MMSE during training, making the approach

practical for real-world systems where such labels are unavailable. We propose two

architectures.

ˆ Simple NNBF is a lightweight convolutional design targeted at stationary UEs

with perfect CSI. Its low complexity ensures computational e�ciency while

remaining competitive with traditional beamforming techniques.

ˆ Transformer-based NNBF is an advanced design that integrates grouped con-

volutions and multi-channel attention mechanisms to capture long-range chan-

nel dependencies across time and frequency. This model is tailored for dense

urban macro (UMa) environments, where imperfect CSI and user mobility

introduce substantial variability.

Both models are trained using frequency-domain channel responses derived

from IQ samples of the available CSI, which serve as input and produce the beam-

forming weights directly in the frequency domain. It has been demonstrated that

simple NNBF achieves comparable or better performance than MMSE while con-

sistently outperforming ZFBF across all SNR regimes with reduced computational

complexity. Transformer-based NNBF provides further gains in high-mobility and

imperfect CSI settings, though at the cost of higher computational overhead.

In Chapter 3, we propose Doppler-aware Sparse Neural Beamforming (Sparse

NNBF), which extends the transformer-based NNBF framework by addressing its
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scalability limitations. Although transformer architectures can e�ectively capture

long-range channel dependencies, their quadratic attention complexity with respect

to the sequence length makes them impractical for large OFDM grids. To address

this bottleneck, we develop a channel-adaptive sparse attention mechanism that ad-

justs sparsity patterns along the two-dimensional time-frequency grid in accordance

with channel dynamics such as the Doppler shift e�ect.

The proposed framework is supported by a theoretical guarantee of full connec-

tivity through multi-head aggregation; any query-key pair can be connected within

a bounded number of hops, speci�cally p hops, where p is the number of heads. This

ensures that the sparsi�cation does not compromise the model's expressive power

while signi�cantly reducing the number of attended keys per query, thereby lower-

ing the computational complexity. Compared to �xed sparsi�cation schemes such

as strided, local window patterns, which have been employed in natural language

processing and computer vision [25{27], Doppler-aware sparse attention adapts to

temporal variability and better captures wireless channel structure.

Simulation results under 3GPP UMa channels show that Doppler-aware Sparse

NNBF substantially outperforms both conventional ZFBF and MMSE, as well as

transformer-based NNBF with static sparse patterns. Importantly, the proposed

method achieves robustness in high-mobility environments while retaining scalabil-

ity, demonstrating the feasibility of transformer-based beamforming in large-scale

OFDM systems.

In Chapter 4, we introduce NNBF-P, an unsupervised deep learning frame-

work for the joint design of downlink MU-MISO beamforming and power allocation.
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Prior works on joint learning design have largely relied on reinforcement learning or

supervised deep learning approaches under additional constraints [28{30]. NNBF-P

learns both beamforming vectors and power allocation coe�cients simultaneously

in an end-to-end manner by directly maximizing the sum-rate objective. To the

best of our knowledge, this represents the �rst unsupervised deep learning approach

for joint beamforming and power allocation targeting the sum-rate maximization

problem, thereby eliminating the need for ground-truth labeled data.

The proposed framework outputs both beamforming weights and power al-

location coe�cients across UEs, enabling a uni�ed design that adapts to channel

conditions within a single process. Simulation results under 3GPP channel models,

TDL-A and TDL-C, show that NNBF-P consistently outperforms ZFBF, MMSE,

and NNBF without power allocation in terms of spectral e�ciency, particularly

under diverse channel delay spreads and modulation schemes.

In Chapter 5, we present Hierarchical Over-the-Air FedGradNorm (HOTA-

FedGradNorm), a distributed training framework designed for scalable and resource-

e�cient learning across heterogeneous wireless tasks. Unlike the beamforming-

focused contributions of earlier chapters, this chapter addresses the challenge of

multi-task radio learning in federated settings, where client devices and network

nodes may vary in computational capabilities, channel conditions, and task com-

plexity.

Multi-task learning (MTL) is a learning paradigm that aims to learn multiple

related tasks simultaneously by learning a shared representation for all tasks, while

its integration into federated learning (FL) enables personalization across clients
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with heterogeneous tasks [31, 32]. However, statistical heterogeneity across clients

can lead to overall system performance degradation. Prior work has shown that

geographically distributed clients and emerging 6G use cases make FL particularly

challenging under statistical heterogeneity [33,34]. To address communication bot-

tlenecks, over-the-air (OTA) aggregation has emerged as an e�cient mechanism for

client updates [35,36]. Meanwhile, hierarchical federated learning (HFL) frameworks

group clients around intermediate servers to reduce latency and improve scalabil-

ity [37{40]. More recent e�orts have considered OTA in hierarchical or personalized

FL settings, yet these do not account for dynamic task heterogeneity under realistic

wireless fading channels [41, 42]. By combining HFL with OTA and the FedGrad-

Norm dynamic weighting strategy, HOTA-FedGradNorm balances task heterogene-

ity and achieves e�ective model convergence.

Although it is not directly a beamforming algorithm, this framework provides

a general training substrate that can support a wide range of PHY-layer tasks, in-

cluding beamforming, channel prediction, and resource allocation, especially when

deployed across O-RAN infrastructures. By admitting this as a standalone contri-

bution, we highlight its role as a bridge toward deployment and feasibility, ensuring

that neural beamforming and other data-driven PHY-layer methods can be trained

collaboratively and e�ciently in practice.

In Chapter 6, we present the conclusions of this dissertation.

To summarize, this dissertation makes the following contributions, each ad-

dressing a critical dimension of next-generation PHY-layer learning.
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1. Unsupervised Neural Beamforming (NNBF) (Chapter 2): We develop the �rst

unsupervised deep learning framework for uplink MU-SIMO beamforming un-

der 3GPP-compliant channels, which do not need ground-truth beamformers

and can directly aim to optimize sum-rate performance.

2. Doppler-aware Sparse NNBF (Chapter 3): We develop a scalable transformer-

based beamforming architecture with adaptive sparse attention that is tailored

to high-mobility settings where traditional beamforming methods have been

challenged by the Doppler e�ect.

3. NNBF-P (Chapter 4): We develop an unsupervised framework for the joint

design of downlink beamforming and power allocation. This constitutes the

�rst application of unsupervised deep learning to solve this problem with the

goal of sum-rate maximization.

4. HOTA-FedGradNorm (Chapter 5): We introduce a distributed training sub-

strate for PHY-layer learning, combining hierarchical federated learning with

over-the-air aggregation and dynamic task weighting. While not directly a

beamforming scheme, it provides a future-facing enabler for training and per-

sonalizing PHY-layer models, including beamforming, in heterogeneous O-

RAN deployments.

The remainder of this dissertation is organized as follows. Chapter 2 introduces

the uplink NNBF framework and compares convolutional and transformer-based de-

signs as well as conventional beamforming techniques ZFBF and MMSE. Chapter 3

10



presents Doppler-aware sparse attention mechanisms for scalable transformer beam-

forming. Chapter 4 proposes NNBF-P, the unsupervised joint design of downlink

beamforming and power allocation. Chapter 5 describes HOTA-FedGradNorm as

a distributed training method for PHY-layer tasks. Finally, Chapter 6 gives the

concluding remarks of this dissertation.
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CHAPTER 2

Unsupervised Neural Beamforming for Uplink MU-SIMO in

3GPP-Compliant Wireless Channels

2.1 Introduction

In this chapter, we propose two deep learning architectures: A simple NNBF and

a transformer-based NNBF, where NNBF stands for neural network beamforming.

Both models are trained using an unsupervised learning approach. To the best of our

knowledge, this is the �rst study to employ unsupervised deep learning for uplink

receive beamforming design aimed at sum-rate maximization of multi-user single

input multiple output (MU-SIMO) system under 3GPP-compliant channel models

[43]. We perform comprehensive simulations for the performance evaluation of both

simple NNBF and transformer-based NNBF. ZFBF and MMSE beamforming are

considered as baseline techniques. Additionally, we provide a theoretical analysis of

the computational complexity for the proposed models and the baseline techniques.

For simple NNBF, it is assumed that perfect CSI is available at the receiver

when user equipments (UEs) are stationary with near-zero maximum Doppler shift

under the TDL-A channel model. The results show that simple NNBF performs
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comparable or better than MMSE baseline while it consistently outperforms ZFBF

across all SNR regimes. Furthermore, both theoretical and empirical evidence

demonstrates that simple NNBF o�ers a computationally e�cient framework com-

pared to the baseline techniques.

Grouped convolutions o�er parameter e�ciency for extracting spatial and tem-

poral features with minimal performance loss, making them valuable for resource-

constrained environments [44, 45]. Transformers have shown strong potential in

capturing long range channel dependencies and adapting beamforming strategies

under dynamic network conditions through attention mechanisms [46{50]. Con-

sidering these advantages, the transformer-based NNBF architecture is designed

by integrating both transformers and grouped convolutions. For transformer-based

NNBF architecture, a more realistic scenario is considered in dense urban envi-

ronments, which are modeled by urban macro (UMa) channel. The UMa channel

provides a realistic representation of urban wireless environments by capturing the

key characteristics of dense urban deployments [43]. Moreover, it is considered that

only imperfect CSI, acquired through channel estimation in the radio unit (RU), is

accessible, when UEs can have substantial mobility with high maximum Doppler

shift. In addition to spectral e�ciency, block error rate (BLER) is considered as

a performance metric for transformer-based NNBF. Experimental results across di-

verse con�gurations for varying UE mobilities, coding rates, and modulation orders

demonstrate the superiority of the transformer-based NNBF over baseline meth-

ods ZFBF and MMSE beamforming. Moreover, the complexity analysis highlights

a trade-o� between the enhanced modeling capacity of transformer-based NNBF,
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Figure 2.1: Uplink multi-user SIMO system in a dense urban environment, where
single-antenna UEs transmit data streams on the same time/frequency resources
and M-antenna BS apply digital beamforming on the received signal y.

enabled by attention mechanisms that capture long-range dependencies, and its

computational cost under realistic channel conditions.

2.2 System Model and Problem Formulation

2.2.1 Uplink Multi-User SIMO (MU-SIMO) Setup

We examine an uplink transmission scenario wherein N single-antenna UEs transmit

data streams to a base station (BS) equipped with M receive antennas, as illustrated

in Fig. 2.1.
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The uplink channel matrix is represented as H = [h1 h2 � � � h N ] 2 CM�N ,

where hk corresponds to the channel vector between UE k and BS. The received

signal y can be expressed as

y =
NX

i=1

h i x i + n (2.1)

where x = [xH
1 xH

2 � � � x H
N ]H 2 CN represents the transmitted signal, with each

entry corresponding to the modulated data symbols sent by the UEs, satisfying

E[xH
k xk ] = 1; 8k = 1; : : : ; N: Additionally, n = [n H

1 nH
2 � � � nH

M ]H 2 CM denotes the

additive white Gaussian noise with i.i.d. entries nl � CN (0; � 2); 8l = 1; : : : ; M.

Our system model includes a simple case with perfect CSI accessible at the

BS and stationary UEs experiencing minimal maximum Doppler shift, as well as a

scenario with imperfect CSI involving mobile UEs with signi�cant maximum Doppler

shift.

While we analyze both scenarios independently, the received signal in (2.1) is

processed using beamforming weights W = [w1 w2 � � � w N ] 2 CM�N to extract data

symbols, ensuring that the power consumption of the beamforming weights adheres

to the constraint wH
k wk � 1; 8k = 1; : : : ; N. Speci�cally, w k 2 CM functions as the

linear beamforming �lter for determining the transmitted data symbol of UE k, with

the objective of maximizing throughput while minimizing interference from other

users.

wT
k y =

NX

i=1

wT
k h i x i + w T

k n (2.2)
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2.2.2 Uplink Performance Improvement in O-RAN

The Open Radio Access Network (O-RAN) provides various fronthaul (FH) in-

terface options, with the 7.2x functional split emerging as the industry-preferred

con�guration. This split separates the physical (PHY) layer into two parts: low-

PHY functions including FFT, cyclic pre�x removal, and in some con�gurations,

channel estimation and beamforming which are conducted in the Open Radio Unit

(O-RU), and high-PHY functions such as decoding and, depending on deployment,

channel estimation, beamforming, or equalization, which are executed in the Open

Distributed Unit (O-DU) [51]. In Category A (Cat-A) con�gurations, the O-RU is

limited to basic low-PHY operations, forwarding frequency-domain per-antenna IQ

samples to the O-DU, which executes all further PHY operations including chan-

nel estimation and beamforming. On the other hand, Category B (Cat-B) RUs

are capable of conducting uplink channel estimation and digital beamforming lo-

cally, hence minimizing fronthaul bandwidth and latency. Equalization generally

takes place in the O-DU, although it may be optionally performed in the O-RU in

tailored implementations.

The Uplink Performance Improvement (ULPI) speci�cation was introduced

by O-RAN Working Group 4 in order to improve uplink processing e�ciency and

mitigate fronthaul bandwidth limitations. ULPI is not an entirely new functional

split; rather, it is an enhancement of the current 7.2x split, o�ering architectural

improvements for a better functional distribution between the O-RU and O-DU in

the uplink. Two types of ULPI were established: ULPI-A, enhancing Cat-A 7.2x,
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and ULPI-B, enhancing Cat-B 7.2x [52].

In ULPI-A, which builds upon Cat-A, the O-RU continues to transmit per-

antenna frequency-domain IQ samples to the O-DU, incorporating improved com-

pression and more relaxed latency requirements. Channel estimation, beamforming,

and equalization are still executed centrally in the O-DU. ULPI-A reduces fron-

thaul overhead by implementing e�cient quantization and compression techniques

for FFT output data and pilot-related metadata.

In ULPI-B, which extends Cat-B, the O-RU also conducts uplink channel es-

timation and digital beamforming, which may include conventional techniques such

as maximum ratio combining (MRC), zero-forcing (ZF), MMSE beamforming as

well as more advanced learning-based beamforming techniques, subsequently trans-

mitting user-separated beamformed streams to the O-DU. Equalization and partial

demodulation may be optionally executed in the O-RU, facilitating the transmission

of soft symbols or demodulated bits. This architecture enables minimal fronthaul

bandwidth and latency, particularly in environments with high user density and

massive MIMO arrays. Furthermore, RU-side autonomy enhances scalability by

separating certain PHY-layer operations from the O-DU.

Overall, this distribution of uplink intelligence into the O-RU enhances system

scalability, decreases latency, and facilitates increased uplink throughput, especially

in dense and massive MIMO con�gurations. ULPI enhancements constitute a crucial

advancement in achieving more distributed and e�cient open RAN architectures.

Uplink functional distributions for option 7.2x split and ULPI variants are summa-

rized in Table 2.1.
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Table 2.1: Uplink Functional Distribution Across 7.2x Categories and ULPI Variants

Function Cat-A Cat-B ULPI-A ULPI-B
Cyclic Pre�x Removal O-RU O-RU O-RU O-RU
FFT O-RU O-RU O-RU O-RU
Channel Estimation O-DU O-RU O-DU O-RU
Uplink Beamforming O-DU O-RU O-DU O-RU
Equalization O-DU O-DU (optional) O-DU Optional (O-RU or O-DU)
Compression Optional Optional Enhanced Enhanced
Output to O-DU Antenna-domain IQ Beamformed UE streams Compressed IQ Beamformed or demodulated UE streams
RU Complexity Low High Medium Very High
Fronthaul Bandwidth High Reduced Lower Minimal
Latency Requirement Strict Relaxed Relaxed Most Relaxed

In our work, it is assumed that ULPI-B is adopted. In our con�guration,

uplink channel estimation and beamforming are executed within the O-RU, while

the O-DU is responsible for both uplink channel estimation and uplink equalization.

Therefore, the uplink channel estimatêH = [ ĥ1 ĥ2 � � � ĥN ] 2 CM�N is calculated to

facilitate beamforming design directly within the RU, ensuring that all the necessary

uplink processing tasks for beamforming, including the beamforming design itself,

are e�ciently managed locally within the RU. The block diagram of the system

model, illustrating the RU-DU split, can be seen in Fig. 2.2.

2.2.3 Beamforming Design for Sum-Rate Maximization

Our aim is to generate beamforming weights that optimize the total sum-rate for

all UEs. The signal obtained for UE k subsequent to beamforming with wk can be

restructured as

ŷk = w T
k y = w T

k hkxk| {z }
desired signal

+
NX

i=1;i6=k

wT
k h i x i

| {z }
interfering signal

+ w T
k n

| {z }
noise

(2.3)
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Figure 2.2: The block diagram of system model.

The initial term in (2.3) indicates the intended symbol for UE k, whereas the sub-

sequent two terms indicate the inter-symbol interference (ISI) from other UEs and

the receiver noise, respectively. SINR for UE k, 
k , is expressed as


 k =
jw T

k hk j2
P N

i=1;i6=k jw T
k h i j2 + Ejw T

k nj 2
(2.4)

Consequently, the beamforming design that is intended to maximize the sum-

rate can be formulated as

W � = argmax
W

NX

i=1

� i log(1 + 
 i )
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s.t. tr(W H W) � N (2.5)

where � i denotes the rate weighting factor for each UE i, which is also a train-

able parameter within our framework, ensuring that
P N

i=1 � i = 1. The constraint

tr(W H W) � N imposes a total power budget proportional to the number of UEs.

Alternatively, if a power constraint for each receive antenna is implemented, the

power budget can be adjusted by a factor of M, where M represents the number

of receive antennas. This di�erentiation enables adaptability in modeling various

hardware constraints or fairness standards at the BS.

2.3 Proposed Deep Neural Networks

This section presents two deep neural network-based beamforming (NNBF) archi-

tectures designed to tackle the sum-rate maximization problem outlined in (2.5).

Both networks have been designed to correlate the input, the frequency response of

channel IQ data, represented bŷH, to the output beamforming weights W as spec-

i�ed in the system model. In the remainder of the paper, B indicates the batch size,

while L and K denote the number of OFDM symbols and subcarriers, respectively.

To address diverse CSI quality, user mobility levels, and channel environments, we

propose two architectural solutions designed for distinct deployment conditions.

ˆ The simple NNBF architecture is intended for scenarios with perfect or near-

perfect CSI. It assumes a tapped delay line (TDL) channel model and is well

suited for settings with stationary UEs and negligible Doppler shift. This ar-
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chitecture utilizes accurate channel information to learn beamforming weights

in a computationally e�cient way using a lightweight structure.

ˆ The transformer-based NNBF architecture targets more realistic and chal-

lenging scenarios involving imperfect CSI and is assessed using UMa channel

model. It is especially appropriate for challenging deployment environments,

including those with high user mobility and signi�cant Doppler spread. By

incorporating attention mechanisms, the architecture captures long-range de-

pendencies across OFDM symbols and subcarriers, enabling robust beamform-

ing performance in complex and dynamic environments.

2.3.1 Simple NNBF Architecture

The backbone of the simple NNBF architecture is composed of convolutional layers

followed by batch normalization and activation layers, which are denoted as basic

block (BB) together as shown in Fig. 2.3.

The convolutional layers function on the frequency domain information ob-

tained via the Fourier transform of channel tap data. Flat fading is presumed

across time slots due to the maximum Doppler shift being set at 10 Hz. Conse-

quently, variations in channel coe�cients are restricted to disparities across subcar-

riers. We employ a CNN in our BB structure, in which 1D convolutions operate

on the frequency dimension. To make the input data shape compatible, we re-

shape it as (BNM; 2; K), where B stands for the batch size of MU-SIMO channel

matrices, and the depth dimension represents the IQ samples, while K represents
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Figure 2.3: Basic block structure (dashed part) with 2 input channels and 16 output
channels, BB(2; 16).

the number of frequency components. Batch normalization facilitates faster con-

vergence and reduces sensitivity to the initialization of network parameters. GELU

serves as an activation function, demonstrating improved performance relative to

RELU and ELU activations in various tasks, including computer vision, natural

language processing, and speech tasks [53]. Furthermore, we increase the number

of channels while reducing the dimensions of the feature map by half within the

basic block structure. Taking into account the local correlations of physical chan-

nels in the frequency domain, an increase in network depth enhances latent space

representation while facilitating a more concentrated analysis of local characteris-

tics. This approach is widely utilized in computer vision tasks through prominent

model architectures that enhance nonlinearity, allowing the capture of intricate data
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relationships [54,55].

The simple NNBF architecture with the concatenation of basic block structures

is illustrated in Fig. 2.4. These blocks are characterized by prespeci�ed input and

output channel quantities. Flatten layer changes the output shape by concatenating

depth dimension for all antenna pairs (n; m), where n = 1; : : : ; N and m = 1; : : : ; M.

Then, the input shape of the �rst FC layer is (B; 8NMK) as shown in Fig. 2.4. The

network output after fully connected (FC) layers are reshaped to have beamforming

weights W. Furthermore, power normalization is performed for each receive antenna

to satisfy the per-receive antenna power constraint.

2.3.2 Transformer-Based NNBF Architecture

Proposed DNN architecture consists of two primary components: Convolutional

Residual Network and Stacked Multi-Channel Attention as shown in Fig. 2.5.

Figure 2.4: Simple NNBF architecture designed for scenarios with stable channel
conditions, such as stationary UEs and minimal Doppler shift, leveraging perfect
CSI and a lightweight structure to e�ciently learn beamforming weights.
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2.3.2.1 Convolutional Residual Network

The �rst part of the model employs a convolutional residual network, which com-

bines regular and grouped convolutions [56]. At this stage, the network receives the

frequency response of imperfect channel estimatêH as input, reshaped to dimen-

sions (B; 2MN; L; K), is �rst applied padding along (L; K) with mirror re
ections

of edge values.

This is followed by a regular convolution (orange \conv1" in Fig. 2.5) and a

sequence of grouped convolutions (vivid magenta layers in Fig. 2.5). It enables the

capture of local features e�ectively while enhancing e�ciency through the grouped

convolutions [56]. Number of groups for grouped convolutions are determined as the

minimum of the number of input channels and the number of output channels. More-

over, residual connection is integrated to facilitate the gradient 
ow while pointwise

convolution follows residual connection to consolidate the features from the residual

path. All convolutional layers except pointwise convolution are followed by batch

normalization and GELU activation function.

2.3.2.2 Stacked Multi-Channel Attention

The second part of the model utilizes self attention and cross attention mechanisms

to capture intra-channel relationships and the inter-channel dependencies. In [57],

it was shown that combining self attention and cross attention mechanisms can

e�ectively capture contextual relationships within and between channels for speech

recognition. Our proposed architecture demonstrates that self attention and cross
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Figure 2.5: Transformer-based NNBF architecture composed of a Convolutional
Residual Network and Stacked Multi-Channel Attention. Designed for dynamic
channel conditions with high mobility and Doppler spread.

attention mechanisms are also valuable for interference mitigation in 5G MIMO

networks, speci�cally, in dense urban environments.

Stacked multi-channel attention can be seen in Fig. 2.6. It is the repeated se-

quence of self attention and cross attention transformer layers. Before transformer

layers, input features are divided into M chunks along the channel dimension, i.e.,

input of shape (B; depth; L; K) is split into M non-overlapping components, each

with dimensions (B; depth
M ; L; K). Divided features are projected to dense embed-

ding spaces. Channel embeddings are 1 � 1 unbiased convolutional layers followed

by batch normalization. Positional encoding is employed on embedded space repre-

sentations.

In self attention transformer layer, there are two sublayers as suggested by [58].

First sublayer consists of scaled dot-product attention to compute the attention

weights across time and frequency resources (L; K) to score over channel dimensions.

Queries, keys and values are computed by 1 � 1 convolution followed by GELU

activation function. Speci�cally, for the ith embedding representation and dth self
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Figure 2.6: Stacked Multi-Channel Attention module to capture long-range de-
pendencies across OFDM symbols and subcarriers, enabling robust beamforming
performance under imperfect CSI.

attention, they can be expressed as

Qd
i;sa = GELU

�
X d�1

i ~ F d
i;q + b d

i;q

�

K d
i;sa = GELU

�
X d�1

i ~ F d
i;k + b d

i;k

�

V d
i;sa = GELU

�
X d�1

i ~ F d
i;v + b d

i;v

�
(2.6)

where Fd
i;q , Fd

i;k , Fd
i;v 2 R dim�dim represent trainable convolutional �lters while bd

i;q ,

bd
i;k , bd

i;v 2 Rdim are trainable bias parameters of dth self attention for input Xd�1
i .

dim corresponds to number of input and output channelsdepth
M . Then, corresponding

self attention output is computed as

A d
i;sa = Softmax

 
Qd

i;sa

�
K d

i;sa

� T

p
dim

!

V d
i;sa (2.7)
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In the second sublayer of self attention transformer, fully connected layers with a

GELU activation function serve as the feed forward network, producing the �nal

output of self attention transformer Zd
i . Channel dimension is fed into the fully con-

nected layers as features, i.e., input of second sublayer is reshaped as
�
BLK; depth

M

�
.

Additionally, residual connections and normalization are used for each sublayer as

described in [58].

In cross attention transformer layer, there are two sublayers similar to those

in self attention. First sublayer consists of scaled dot-product attention weights

across time and frequency resources (L; K). Unlike self attention, keys and values

are derived by performing 1 � 1 convolution on a weighted summation of other self

attention outputs �Zd
i =

P M
j=1;j6=i � d

j Zd
j , where � parameters are trainable as well.

The queries are computed through 1 � 1 convolution on the self attention output of

the same input Zd
i

Qd
i;ca = GELU

�
Zd

i ~ ~Fd
i;q + ~bd

i;q

�

K d
i;ca = GELU

�
�Zd

i ~ ~Fd
i;k + ~bd

i;k

�

V d
i;ca = GELU

�
�Zd

i ~ ~Fd
i;v + ~bd

i;v

�
(2.8)

where ~Fd
i;q , ~Fd

i;k , ~Fd
i;v 2 Rdim�dim represent trainable convolutional �lters and ~bd

i;q ,

~bd
i;k , ~bd

i;v 2 Rdim are trainable bias parameters of dth cross attention. Then, corre-

sponding cross attention output is computed as

A d
i;ca = Softmax

 
Qd

i;ca

�
K d

i;ca

� T

p
dim

!

V d
i;ca (2.9)
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In the second sublayer of cross attention transformer, fully connected layers

with a GELU activation serve as the feed forward network, generating the �nal

output of the dth multi-channel attention for the ith embedding input, denoted as

X d
i . Residual connections and normalization are applied to each sublayer similar

to approach in the self attention transformer. Additionally, multi-channel attention

modules have also residual connections between each module.

Following the stacked multi-channel attention module, an additional self at-

tention transformer is employed to compute the attention weights across antenna

pairs (M; N). It shares the same structures as the one used in multi-channel atten-

tion module. Finally, the network architecture concludes with regular convolutional

layers to generate beamforming weights, denoted as Wnn .

2.3.3 Training Procedure

For both simple NNBF and transformer-based NNBF, unsupervised training is of-

fered. The objective is to maximize the sum-rate across all UEs. Therefore, the loss

function is de�ned according to the sum-rate maximization problem given in (2.5)

L(�; Ĥ; W nn ) = �
NX

i=1

� i log(1 + 
 i ) (2.10)

where � denotes the neural network parameters. The loss function is computed by

neural network input Ĥ and output f (�; Ĥ) = W nn , where f(�) denotes the neural

network function. The formulation in (2.10) applies to the transformer-based NNBF

architecture under imperfect CSI, where the SINR terms 
i depend on both the true
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channel H and the estimated channelĤ. Consequently, the performance in this

setting is contingent upon the proposed network's ability to e�ectively handle errors

in channel estimation. In contrast, in the case of perfect CSI, as implemented in the

simple NNBF architecture, 
 i depends solely on the true channel H.

To compare the performance of the NNBF output Wnn , ZFBF W zf and

MMSE beamforming Wmmse are considered as baseline techniques. These base-

line weights are derived from the channel estimatêH and the noise variance �2

as,

W zf =
�

Ĥ H Ĥ
� �1

Ĥ H (2.11)

W mmse =
�

Ĥ H Ĥ + � 2I N

� �1
Ĥ H (2.12)

In scenarios with imperfect CSI, such as those used in transformer-based

NNBF, baselines are determined using the estimated channelĤ. For the simple

NNBF architecture, which operates under perfect CSI, the baseline techniques are

evaluated utilizing the actual channel response H to ensure a fair comparison under

identical information conditions.

2.4 Complexity Analysis

In this section, we analyze the computational complexities of the proposed neural

networks, namely simple NNBF and transformer-based NNBF, in terms of 
oating-

point operations (FLOPs), as a standard metric for benchmarking inference cost

in deep learning models [54, 59]. FLOPs quantify the number of arithmetic oper-
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ations (both multiplications and additions) performed during the forward pass of

a neural network, providing a hardware-agnostic assessment of computational cost.

Consequently, they are directly related to the fundamental operations of neural net-

work layers, encompassing convolutions, activations, and normalizations [60]. We

focus speci�cally on inference-time complexity, as it directly impacts the feasibility

of real-time deployment in practical wireless communication systems.

2.4.1 Preliminaries

To analyze the complexity of our network architectures, it is essential to examine

the FLOPs of their fundamental building blocks.

2.4.1.1 Standard Convolution

In a standard convolutional layer, each output element is computed by applying a set

of 2D kernels, corresponding to each input channel, over a local segment of the input.

Speci�cally, for each element in the output tensor of shape (Cout ; Hout ; Wout ), the

kernel performs a weighted sum over an input patch of shape (Cin ; K h; K w). This

involves applying an individual 2D kernel of size (Kh; K w) to each input channel

followed by summing the results across channels, resulting in a scalar value per

output position and channel. Hence, the total FLOPs for the layer scales linearly

with the output volume size as expressed in (2.13). For input shape of (Cin ; H in ; Win )

and kernel �lter of shape (Cout ; Cin ; K h; K w) with output shape (Cout ; Hout ; Wout ),
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FLOPs for standard convolution are given below

FLOPsconvs = 2 � (C out � H out � W out ) � (C in � K h � K w)
| {z }

FLOPs per output location

(2.13)

Although the factor of 2 in multiplication and addition is typically included to re
ect

both operations, it does not a�ect the scaling behavior and can be omitted in relative

comparisons.

2.4.1.2 Grouped Convolutions

Grouped convolutions modify the standard convolution operation by partitioning

the input and output channels into g non-overlapping groups. Each group pro-

cesses a speci�c subset of input channels utilizing a corresponding subset of �lters,

thereby performing smaller g independent convolutions in parallel. This reduces

computational complexity and facilitates for more e�cient parameter utilization.

Considering identical input and output tensor dimensions as in the standard

convolution case, the total FLOPs formulation in (2.13) is modi�ed according to

this grouping. In each group, the number of input and output channels is reduced

by a factor of g, and the convolution is performed independently. Consequently, the

total FLOPs for grouped convolution is as follows

FLOPsconvg = g � 2 �
�

Cout

g
� H out � W out

�
�

�
Cin

g
� K h � K w

�

=
2
g

� (C out � H out � W out ) � (C in � K h � K w) (2.14)
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As shown in (2.14), grouping reduces the total number of FLOPs by a factor of g

compared to a standard convolution with the same input/output shapes.

2.4.1.3 Batch Normalization & GELU Activation

Both batch normalization (BN) and activation functions, such as GELU, operate

in an elementwise fashion, applying a consistent mathematical transformation in-

dependently to each element of the input tensor. These operations do not involve

learnable weights or sliding windows, and their computational cost scales directly

with the number of elements in the input.

Let the input tensor have shape (Cin ; H in ; Win ). The total number of elements

is Cin � H in � W in and each element requires a �xed number of 
oating-point oper-

ations depending on the function applied.

Both batch normalization and activation function performs operations ele-

mentwise. Therefore, FLOPs can be written as follows for an input shape of

(Cin ; H in ; Win )

FLOPsbn, act = � � (C in � H in � W in ) (2.15)

where � is a constant representing the number of operations per element.

2.4.2 Baseline Techniques

The computational complexities of traditional beamforming schemes, ZFBF and

MMSE beamforming, can be derived from their analytical expressions provided in
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(2.11), (2.12). For a channel matrix H 2 CM�N , the main operations are:

1. Computation of the matrix H H H 2 C N�N , which requires O(MN2).

2. Matrix inversion of the resulting N � N matrix, with complexity

O(N 3).

3. Multiplying the result of step 2 by H, again contributing to O(MN 2).

Hence, the overall computational complexity for each beamforming computa-

tion becomes O(MN2 + N 3). This cost happens O(LK) times because the beam-

forming weights have to be calculated independently for each OFDM symbol and

subcarrier pair (L; K). So, the total complexity for the full resource grid in a MIMO

system is O (LK(MN 2 + N 3)). This analytical structure emphasizes that the com-

putational burden of traditional beamforming techniques scales cubically with the

number of UEs N, thereby becoming prohibitive in large-scale MIMO systems.

2.4.3 Simple NNBF

When we investigate the complexity of simple NNBF architecture given in Fig. 2.4,

the output of the stack of basic blocks (BB), which consist of 1D convolutional

layers followed by GELU and batch normalization, is 
attened and passed to a

series of fully connected (FC) layers, where the input shape is (B; 8NMK). The

number of neurons in the �rst and last FC layers scale with M,N,K. As result,

the overall computational complexity of simple NNBF is dominated by FC layers,

yielding complexity of O(MNK).
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2.4.4 Transformer-Based NNBF

In this section, we examine the computational complexity of transformer-based

NNBF, by analyzing its building components. We investigate the architecture by

breaking it down into functional modules and measuring the complexity of each

component using a bottom-up approach, which facilitates a clear comprehension of

how each building block impacts the overall computational cost of inference time.

2.4.4.1 Convolutional Residual Network

To analyze the complexity of convolutional residual network given in Fig. 2.5, input

tensor of shape is considered to be (b; c; h; w) = (B; 2MN; L; K). The convolu-

tional residual network consists of grouped convolutional layers, where the number

of groups g i set to be the minimum of the input and output channel dimensions.

Each grouped convolutional layer is followed by batch normalization and GELU

activation. Furthermore, a pointwise convolutional layer integrates input into the

output through a residual connection.

When we consider the complexity of the �rst grouped convolutional layer by

using (2.14) and (2.15), the FLOPS required for the �rst grouped convolutional layer

with output tensor of shape (B; 16MN; L; K) and kernel size (Kh; K w) = (3; 3) can

be written as

O
�

Cout Hout Wout CinK hK w

g

�
= O (MNLK) (2.16)
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where g = min(Cin ; Cout ). It shows that grouped convolution scales linearly with

respect to the spatial and channel dimensions.

The subsequent grouped convolutional layers maintains the same asymptotic

complexity since the convolutional residual network consists of a symmetric expan-

sion and compression in channel dimension, with the output channel dimensions for

each layer being [2MN; 16MN; 32MN; 32MN; 16MN; 2MN].

In addition, the pointwise convolutional layer in the residual connection has

both input and output shapes of (2MN; L; K) when the kernel size is (Kh; K w) =

(1; 1). Using (2.13), its complexity becomes

O (Cout � H out � W out � C in � K h � K w) = O
�
M 2N 2LK

�
(2.17)

Then, the overall inference time computational complexity of convolutional residual

network can be written as

O(MNLK + M 2N 2LK) (2.18)

2.4.4.2 Stacked Multi-Channel Attention Module

For the complexity analysis of multi-channel attention module shown in Fig. 2.6,

we consider the input tensor of shape for each attention mechanism as (b; c; h; w) =

(B; dim
nchannels

; L; K). This module comprises several key components, including po-

sitional encoding, embedding layer, self attention transformer, and cross attention

transformer. The computational complexity of stacked multi-channel attention mod-
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ule will be evaluated by examining each of these components.

Positional Encoding

Input shape for positional encoding is considered as~X 0
i 2 R hw�c , where hw cor-

responds to the sequence length, that is, the 
attened dimensions. The positional

encoding operation involves a straightforward addition, which is linear in sequence

length and feature dimension. The cost of the addition of positional encoding is

O(h � w � c) = O
�

LK
nchannels

�
.

Embedding Layer

Embedding layer consists of 1 � 1 2D convolutional layer followed by batch normal-

ization. Convolutional layer has a complexity of O(h � w � c 2) = O
�

LK
n2

channels

�
when

the number of input and output channels is c and the spatial dimensions of the out-

put are (h; w). Batch normalization has a complexity of O(h�w�c) = O
�

LK
nchannels)

�
.

Then, overall embedding layer complexity is

O(h � w � c 2 + h � w � c) = O
�

LK
n2

channels

+
LK

nchannels)

�
(2.19)

Self Attention Transformer

The self-attention transformer includes two sublayers. The �rst sublayer computes

attention with the following three steps: projections to query, key, and value tensors

(Q; K; V), computation of scaled dot-product attention, the application of attention

scores to values. The second sublayer has two fully connected (FC) layers and GELU

activation.
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In the �rst sublayer, considering that the number of heads is indicated by hheads

and head dimension is dhead = c
hheads

, the (query,key,value) projections have three

parallel convolutional projections with kernel size 1 � 1. The convolutional projec-

tions are followed by GELU activations. The computational cost of projections are

as follows

O(h � w � c 2)
| {z }

convolutional projections

+ O(h � w � c)
| {z }

GELU

= O
�

LK
n2

channels

�
+ O

�
LK

nchannels

�
(2.20)

When query Q, key K, value V has the shape of hw � dhead, the scaled dot-

product attention complexity is

O(hw � d head � hw) = O
�

L2K 2

nchannel � h head

�
(2.21)

which corresponds to the complexity of the matrix multiplication between query

and key. Softmax over dot-product QKT 2 Rhw�hw has a complexity of O(h2w2 �

hhead) = O(L 2K 2 � h head). Similar to dot-product complexity, the application of

attention scores to values has a complexity

O(h2w2 � d head) = O
�

L2K 2

nchannel � h head

�
(2.22)

which corresponds to the matrix multiplication of attention scores with values. The
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overall complexity of the �rst sublayer can be written as follows

O(hwc2)
| {z }

QKV projections

+ O(hwc)
| {z }

GELU

+ O(h 2w2 � d head)| {z }
scaled dot-product

= O
�

LK
n2

channels

+
LK

nchannels
+

L2K 2

nchannel � h head

�

(2.23)

In the second sublayer of the self attention transformer, fully connected layer

FC(c,4c) is succeeded by GELU activation and another fully connected layer FC(4c,c).

Then, the computational complexity of the second sublayer is

O(hw � c � 4c) = O
�

LK
n2

channel

�
; FC(c, 4c) (2.24)

O(hw � 4c) = O
�

LK
nchannel

�
; GELU (2.25)

O(hw � 4c � c) = O
�

LK
n2

channel

�
; FC(4c, c) (2.26)

The second sublayer complexity can be written as

O(hwc2 + hwc) = O
�

LK
n2

channel

+
LK

nchannel

�
(2.27)

The overall self attention transformer complexity is

O(hwc2 + hwc + h 2w2 � d head) = O
�

LK
n2

channels

+
LK

nchannels
+

L2K 2

nchannel � h head

�

(2.28)
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Cross Attention Transformer

The complexity of the cross attention transformer remains equivalent to that of self

attention transformer, as it merely utilizes distinct inputs.

Multi-Channel Attention

The complexity of multi-channel attention is equivalent to the complexities of self

attention transformers and cross attention transformers multiplied by nchannels, as it

consists of self attention and cross attention transformers for nchannels inputs oper-

ating in parallel

nchannels � O(hwc 2 + hwc + h 2w2 � d head) = O
�

LK
nchannels

+ LK +
L2K 2

hhead

�
(2.29)

Consequently, the stacked multi-channel attention module is a concatenation

of multiple multi-channel attention modules after nchannels positional encodings and

nchannels embedding layers. Then, the complexity of stacked multi-channel attention

module is

nchannels � O
�

LK
nchannels

�
+ n channels � O

�
LK

n2
channels

+
LK

nchannels)

�
+

+ D � O
�

LK
nchannels

+ LK +
L2K 2

hhead

�

= O
�

LK
nchannels

+ LK +
L2K 2

hhead

�
(2.30)

where D is the number of multi-channel attention modules to be concatenated.
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Assuming single head (hhead = 1). The result is O
�

LK
nchannels

+ LK + L 2K 2
�

2.4.5 Summary of Complexity Analysis

A summary of computational complexity analysis is presented in Table 2.2. The

overall complexity of the transformer-based NNBF is mainly driven by two compo-

nents:

ˆ The pointwise convolution in the convolutional residual network, which incurs

a complexity of O(M 2N 2), resulting from quadratic scaling with the number

of antennas.

ˆ The scaled dot-product attention and the subsequent multiplication of at-

tention scores with values introduce a complexity of O(L2K 2), indicating

quadratic growth in the OFDM grid size.

These components dominate the inference-time cost and are responsible for

the asymptotically quadratic complexity behavior observed in transformer-based

NNBF.

Table 2.2: Complexity analysis.

Technique Complexity
ZFBF O(MN 2LK + N 3LK)
MMSE O(MN 2LK + N 3LK)

Transformer-based NNBF O
�

LK
nchannels

+ LK + L 2K 2 + MNLK + M 2N 2LK
�

Simple NNBF O(MNK)

In addition, baseline beamforming complexity results exhibit cubic scaling

with respect to the number of single-antenna UEs N, mainly due to the matrix
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inversion. In contrast, the simple NNBF maintains linear complexity in N, M,

and K, due to its lightweight architecture composed of only convolutional and FC

layers. The reduced complexity of the simple NNBF compared to the baseline

methods is also demonstrated by Fig. 2.11, which illustrates the GPU runtime in

milliseconds as a function of varying N for a constant M in the next section. While

the baseline methods show a noticeable increase in runtime as N increases from 4

to 16, the runtime for simple NNBF remains nearly constant. However, it should

be noted that the �gure displays empirical GPU runtime in milliseconds, which do

not directly measure the FLOPs but is a�ected by hardware related factors such as

GPU parallelism, memory access patterns, and software optimizations. The absence

of apparent cubic scaling in ZFBF and MMSE is likely due to the limited scale range

of N and the highly optimized matrix operations on GPU in that experiment. To

further investigate the theoretical scaling trends, asymptotic complexity in terms of

FLOPs for a broader range of N and K values can be seen in Fig. 2.7. While ZFBF

and MMSE scale cubically with N, the simple NNBF grows linearly. Transformer-

based NNBF shows higher complexity dominated by O (M2N 2LK) and exhibits

quadratic growth in K, re
ecting sensitivity to the OFDM grid size.

When comparing transformer-based NNBF with simple NNBF, we observe

that a key trade-o� emerges between modeling capability and computational ef-

�ciency. The transformer-based NNBF bene�ts from the ability to capture long-

range dependencies through attention mechanisms, by making it more expressive for

complex spatial and spectral correlations in the MIMO OFDM system. However,

it comes with increased computational complexity, particularly due to operations

41



like scaled dot-product attention computation, the application of attention scores

on value projections, and pointwise residual convolutions, which incurs quadratic

terms in asymptotical complexity. Unlike transformer-based NNBF, simple NNBF

achieves signi�cantly lower complexity by relying on lightweight 1D convolutional

layers and FC layers. However, the simplifying assumptions, such as stationary of

UEs, and availability of perfect CSI, make the simple NNBF useful for only simple

scenarios while it performs poor in more realistic and dynamical scenarios.

2.5 Experiments

In this section, we evaluate the performance of the proposed NNBF architectures,

simple NNBF and transformer-based NNBF, compared to conventional baseline

methods, ZFBF and MMSE beamforming. The assessment emphasizes spectral

e�ciency as a shared throughput-related metric in both models. Additionally, the

computational time complexity of the simple NNBF architecture is evaluated to

demonstrate its scalability in massive MIMO environments due to its lightweight

design, while BLER of the transformed-based NNBF is analyzed to assess its ro-

bustness under challenging channel conditions and imperfect CSI.

2.5.1 Experiments with Simple NNBF Architecture

2.5.1.1 System and Dataset Speci�cations

Channel responses for the training and evaluation of simple NNBF are generated

according to the TDL-A channel model speci�ed by 3GPP TR 38.901 [43]. We

42



utilize 4 resource blocks, each comprising 12 subcarriers, for system speci�cations.

The maximum Doppler shift for the simple NNBF architecture is established at 10

Hz, assuming slow fading across time slots. Experiments are performed within the

SNR range of [-15, 35] dB. The system speci�cations are presented in Table 2.3.

Table 2.3: System parameters for simple NNBF architecture experiments.

Parameter Value
Channel delay pro�le TDL-A

Number of resource blocks (RBs) 4 (48 subcarriers)
Delay spread 30 ns

Maximum Doppler shift 10 Hz
Subcarrier spacing 30 kHz

Transmission time interval (TTI) 500 �s
SNR [-15,35] dB

Modulation scheme QPSK
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Figure 2.7: Asymptotic computational complexity (in FLOPs) versus number of
UEs N for di�erent subcarrier con�gurations K = f96; 192; 384g. The analysis

compares ZFBF/MMSE, simple NNBF, and transformer-based NNBF
architectures under �xed receive antenna count M = 64 and OFDM symbol length

L = 14.
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2.5.1.2 Model and Training Details

In our experiments, we select a learning rate of 10�4 . We employ a learning rate

scheduler that halves the current learning rate if the validation loss does not improve

for three epochs. We employ the AdamW optimizer. The rate weight �i in (2.10)

is de�ned as 1
N for all i = 1; : : : ; N. The batch size is set to 8, with the training set

comprising 100 batches and the test set consisting of 25 batches per epoch.

2.5.1.3 Results and Analysis for Simple NNBF

Our experimental analysis utilizing a simple NNBF demonstrates, as shown in

Fig. 2.8, the e�ect of the number of receive antennas on the proposed framework

and baseline methods. The results for MMSE, ZFBF, and NNBF are represented

by a black square, red circle, and blue triangle, respectively. In all examined sce-

narios, the quantity of single-antenna UEs is constant at N = 4, while the number

of receive antennas can be M = 4; 8; 16. In the low SNR regime, NNBF exhibits

performance comparable to MMSE, whereas ZFBF demonstrates inferior results, as

shown by the comparison of the 4 � 4 and 4 � 8 scenarios. With an increase in the

number of receive antennas, ZFBF can achieve performance levels comparable to

those of NNBF and MMSE. In a high SNR regime, MMSE and ZFBF converge to

identical outcomes as anticipated, while the proposed framework NNBF signi�cantly

outperforms both in all scenarios.

Fig. 2.9 presents another experimental con�guration in which the ratio of

single-antenna user equipment to receive antennas is maintained at a constant 1:1
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(a) (b)

Figure 2.8: Performance comparison of the simple NNBF model with baseline
methods ZFBF and MMSE, with a �xed number of UEs at 4 and varying numbers

of receive antennas across Rx=f4,8,16g. Each subplot presents pairwise
comparisons as the number of receive antennas increases: (a) 4 � 4 vs. 4 � 8, (b)

4 � 8 vs. 4 � 16.

ratio. Although a 1:1 ratio may lack practical applications and 1:4 ratio scenarios are

more prevalent, it is valuable to examine this con�guration to facilitate performance

comparisons under hardware resource constraints.

In Fig. 2.9, solid lines denote the case for N = 4 and M = 4, dashed lines

indicate the case for N = 8 and M = 8, and dotted lines represent the case for

N = 12 and M = 12. In the low SNR regime, an increase in the number of anten-

nas enhances spatial diversity, thus improving the mitigation of fading e�ects. In

the high SNR regime, the primary challenge is interference cancellation rather than

noise mitigation. While it is anticipated that increasing the number of antennas

enhances the spatial degree of freedom, thereby improving spatial multiplexing gain

to mitigate interference, an increase in antennas does not inherently guarantee supe-

rior performance, particularly when the ratio remains constant. In particular cases

involving highly correlated channels, interference cancellation becomes more chal-
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Figure 2.9: Average sum-rate versus SNR for systems with a �xed 1:1 ratio of
receive antennas to single-antenna UEs, where larger systems bene�t from spatial

diversity at low SNR but su�er from increased interference at high SNR.

lenging as the number of UEs grows. Consequently, the 4 � 4 con�guration exhibits

the best performance, whereas the 12 � 12 con�guration demonstrates the poorest

performance in a high SNR regime, opposing the expected trend. Overall, NNBF

outperforms both MMSE and ZFBF across all con�gurations and SNR ranges while

NNBF also presents reduced performance degradation.

Fig. 2.10 depicts the outcome of a similar experimental con�guration, main-

taining a constant ratio of single-antenna user equipment to received antennas at

1:4. This is intended to determine if the results of a 1:1 ratio experimental setup

are applicable to a 1:4 ratio as well. In Fig. 2.10, solid lines denote the 8 � 32 con-

�guration, whereas dashed lines indicate the 16 � 64 con�guration. Consistent with
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Figure 2.10: Average sum-rate versus SNR for systems with a �xed 1:4 ratio of
receive antennas to single-antenna UEs

the �ndings in Fig. 2.9, the 16 � 64 con�guration yields superior outcomes in the

low SNR regime, whereas the 8 �32 con�guration demonstrates higher performance

in the high SNR domain. NNBF exhibits superior performance compared to the

baseline methods across the entire SNR spectrum.

Finally, we examine the computational time of the proposed simple NNBF

model in comparison to the baseline methods MMSE and ZFBF in this section.

Fig. 2.11 illustrates the computation time relative to the number of single-antenna

UE when the number of receive antennas is 64. The computation times for ZFBF

and MMSE are comparable, as the complexity of the pseudo-inverse operation pre-

dominates the overall computation time. The computation time for NNBF scales

with the increasing number of UEs, exhibiting an acceptable growth.
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Figure 2.11: Computation time (ms) versus number of UEs when the number of
receive antennas is 64.

2.5.2 Experiments with Transformer-based NNBF Architecture

2.5.2.1 System and Training Speci�cations

Transformer-based NNBF experiments are performed for antenna con�gurations of

2 � 8 and 2 � 16 as antenna N � M. Model trainings are conducted over a broad

SNR range of [-10, 20] dB, encompassing both low and high SNR domains in wire-

less networks. Channel responses are generated using the UMa channel model with

the NVIDIA Sionna library [61], in accordance with 3GPP TR 38.901 speci�ca-

tions [43]. Hyperparameter optimization for model training is conducted on op-
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timizers fAdam, AdamW, Radam, RMSprop, Adagrad, Adadeltag and learning

rate schedulers fReduceLROnPlateau, CosineAnnealing, CosineAnnealingWarm-

Restarts, ExponentialLR, CyclicLRg.g in Optuna [62]. The Lookahead optimizer is

employed with a base optimizer to enhance convergence speed and stability, using

Lookahead steps of k = 13 and an update coe�cient of �la = 0:5. The base op-

timizer updates model parameters for k iterations to derive fast parameters �fast
t ,

subsequently updating slow parameters as

� slow
t = � slow

t�k + � la(� fast
t � � slow

t�k ) (2.31)

A curriculum learning strategy is employed, wherein training advances from

simpler to more intricate tasks by modifying the signal-to-noise ratio at each phase.

The maximum SNR is set at 20 dB, whereas the minimum SNR for each stage

is re�ned via hyperparameter optimization. System and training parameters are

summarized in Table 2.4.
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Table 2.4: System & training parameters for transformer-based NNBF
experiments.

Parameter Value
Number of resource blocks (RBs) 4 (48 subcarriers)

Maximum Doppler shift f d 260 Hz
Maximum UE velocity v 30 m/s

Carrier frequency fc 2.6 GHz
Subcarrier spacing 30 kHz

Transmission time interval (TTI) 500 �s
Coding rate 1

2 , 3
4

Modulation scheme 4QAM, 16QAM, 64QAM, 256QAM
Training SNR [-10,20] dB
Learning rate [10�5 ; 10�2 ]

� la 0.5
k 13

Minimum training SNR ranges [15,20],[10,15],[5,10],[0,5],[-10,0]

2.5.2.2 Results and Analysis for Transformer-based NNBF

Fig. 2.12 depicts the impact of coding rate, that is, the ratio of useful bits to the total

bits transmitted, including redundancy. The system con�guration is demonstrated

for a 2 � 8 scenario, with the UEs remaining stationary and employing 4QAM mod-

ulation. The coding rate may be1
2 or 3

4 . In Fig. 2.12(a), the average sum-rate metric

indicates that transformer-based framework NNBF outperforms baseline techniques

within the SNR range of [�10; 5] dB, spanning both low and high SNR regimes

pertinent to practical wireless network scenarios. Furthermore, transformer-based

NNBF with a coding rate of 1
2 (solid blue triangle line) surpasses the baseline tech-

niques with a coding rate of 3
4 (dashed black square and dashed circle lines) in

the low SNR regime of [�10; �3] dB, despite the expectation that a higher coding

rate would yield higher throughput. This result indicates that transformer-based

NNBF can achieve greater throughput despite a lower coding rate. Besides spectral
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(a) (b)

Figure 2.12: Performance comparison of transformer-based NNBF with baseline
methods ZFBF and MMSE for a 2�8 system using 4QAM and stationary UEs,
with coding rates of 1

2 and 3
4 . Transformer-based NNBF achieves higher spectral

e�ciency across a broad SNR range, even surpassing higher coding rate baselines
at low SNR (a), while preserving communication reliability with comparable

BLER performance (b).

e�ciency, we can evaluate the transformer-based NNBF framework against base-

line techniques regarding communication reliability. Fig. 2.12(b) displays the BLER

performance. Transformer-based NNBF exhibits a lower BLER than MMSE and

ZFBF, achieving 10% BLER at similar channel SNR values of [1:5; 2:5] dB. Con-

sequently, it demonstrates that the transformer-based framework o�ers enhanced

spectral e�ciency while maintaining communication reliability.

Fig. 2.13 presents a performance comparison of transformer-based NNBF against

ZFBF and MMSE beamforming for both stationary and mobile UEs. Mobile UEs

can reach velocities of up to 30 m/s. The system con�guration is provided for a 2�16

setup utilizing 4QAM modulation, with a coding rate established at12 . In mobile

communications, the Doppler shift frequency fd = f cv cos �
c quanti�es the frequency

shift of the signal resulting from the motion of the mobile UE, where c represents the
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speed of light, v is the velocity of the UE, and � indicates the angle between the BS

and the UE. The carrier frequency, denoted as fc, is established at 2:6 GHz in our

experiments. The maximum Doppler shift for the experiments depicted in Fig. 2.13

is 260 Hz, given that the maximum velocity is 30 m/s Fig. 2.13 illustrates that the

proposed framework, transformer-based NNBF, is capable of handling the impact

of user equipment mobility, which is inevitable in urban network environments. In

terms of spectral e�ciency, we note a signi�cant decrease in average sum-rate after

10 dB for baseline techniques, whereas transformer-based NNBF exhibits only a

negligible drop.

Figs. 2.14 and 2.15 illustrate the average sum-rate and BLER performance of

the transformer-based NNBF compared to baseline techniques for increasing orders

of modulation, respectively Fig. 2.14 illustrates that the average sum-rate of base-

line techniques converges to the reference point as the modulation order increases.

The average sum-rate for transformer-based NNBF continues to improve with the

increase of modulation order, indicating that it may ultimately converge to a greater

value. The transformer-based NNBF model e�ectively utilizes the enhanced spec-

tral e�ciency o�ered by higher order modulation schemes, whereas the baseline

techniques are constrained by their suboptimal beamforming strategies. Moreover,

in all previous experiment results, comparable BLER performances are observed

for transformer-based NNBF and baseline techniques when the modulation type is

speci�ed as 4QAM. As the modulation order increases, the superiority of NNBF in

terms of BLER performance becomes apparent compared to MMSE and ZFBF, as

illustrated in Fig. 2.15. For 64QAM, transformer-based NNBF could achieve 10%
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(a) (b)

Figure 2.13: Performance comparison of transformer-based NNBF with ZFBF and
MMSE for stationary and mobile UEs (up to 30 m/s) using a 2�16 system with

4QAM and coding rate 1
2 . Transformer-based NNBF demonstrates robust

performance under mobility, signi�cantly outperforming the baselines in mitigating
mobility-induced degradation.

BLER at 11:5 dB, whereas MMSE and ZFBF can achieve 10% BLER at 13:5 dB.

For 256QAM, MMSE and ZFBF converge to 20% BLER while transformer-based

NNBF can still achieve a BLER below 10%.

2.6 Conclusion

In this chapter, we introduced two unsupervised deep learning architectures for up-

link receive beamforming: A simple NNBF model and a transformer-based NNBF

model. The primary objective was the sum-rate maximization of MU-SIMO sys-

tem with 3GPP-compliant channel models. The simple NNBF, developed under

the assumption of perfect CSI and stationary UEs in the TDL-A channel model,

demonstrated competitive or superior performance compared to MMSE beamform-

ing, while consistently outperforming the ZFBF performance across all SNR regimes

for various antenna con�gurations. Moreover, both theoretical analysis and empir-
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(a) (b)

(c) (d)

Figure 2.14: Average sum-rate performance of transformer-based NNBF versus
ZFBF and MMSE for increasing modulation orders (4QAM to 256QAM) in a
stationary 2�8 system with coding rate 3

4 . Transformer-based NNBF bene�ts
more from higher-order modulations, leading to greater spectral e�ciency

compared to baseline techniques.

ical results con�rmed that simple NNBF o�ers signi�cantly lower computational

complexity compared to the baseline methods. To address more realistic scenarios,

the transformer-based NNBF combined grouped convolutions and transformers, en-

abling robust performance under UMa channels with imperfect CSI and high UE

mobility. Extensive simulations across various mobility, coding rate, and modula-

tion con�gurations con�rmed its superiority in terms of spectral e�ciency and BLER

compared to the baseline methods ZFBF and MMSE beamforming. We speci�cally
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Figure 2.15: BLER performance of transformer-based NNBF compared to ZFBF
and MMSE for increasing modulation orders (4QAM to 256QAM) in a stationary

2�8 system with coding rate 3
4 . Transformer-based NNBF shows greater

robustness, consistently achieving lower error rates than baseline techniques as
modulation complexity increases.

noted that the transformer-based NNBF exhibits robust performance under mobil-

ity by alleviating mobility-induced degradation. Furthermore, it is demonstrated

that transformer-based NNBF exhibits higher throughput from higher-order modu-

lations, resulting in improved spectral e�ciency, while consistently achieving lower

error rates than the baseline techniques as modulation complexity increases. Fur-

thermore, our theoretical analysis revealed a trade-o� between the increased mod-

eling capacity provided by attention mechanisms and the resulting computational

cost, which scales quadratically with the OFDM grid size in terms of asymptotic

complexity. In contrast to the simpli�ed assumptions of simple NNBF, this ad-
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ditional cost is needed to manage realistic and dynamic channel conditions. The

results encourage future research into more e�cient neural architectures that are

speci�cally designed for such environments.
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CHAPTER 3

Neural Beamforming with Doppler-Aware Sparse Attention

for High Mobility Environments

3.1 Introduction

In this chapter, we propose a Doppler-aware sparse attention mechanism for neural

beamforming in a multi-user single input multiple output (MU-SIMO) system set-

ting. The proposed mechanism tailors sparsity along the 2D time-frequency axes,

corresponding to embedding representation over OFDM grids. This sparsity struc-

ture is adjustable based on the temporal characteristics of the channel, allowing the

model to capture both short-range and long-range dependencies more e�ectively.

We integrate the mechanism into our transformer-based neural network beamform-

ing model, referred to as Doppler-aware Sparse NNBF, and train it to maximize the

average sum-rate under varying UE mobility conditions. Furthermore, we provide a

theoretical proof that the proposed sparse attention structure guarantees full con-

nectivity within p hops, where p is the number of attention heads. Our simulations

using the UMa channel model demonstrate that Doppler-aware Sparse NNBF out-

performs NNBF with standard strided attention [25], denoted as Standard Sparse
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NNBF, as well as conventional baseline techniques under high mobility scenarios.

We also empirically validate that the proposed mechanism maintains a controlled

number of attended keys per query, con�rming its e�ectiveness in enforcing struc-

tured sparsity.

3.2 System Model and Problem Formulation

3.2.1 Uplink Multi-User SIMO (MU-SIMO) Setup

We consider an uplink transmission scenario in which N single antenna UEs send

data streams to a base station (BS) equipped with M receive antennas as shown in

Fig. 3.1.

The uplink channel matrix H = [h 1 h2 � � � h N ] 2 CM�N , where hk denotes

the channel vector between UE k and the BS. The received signal y can be expressed

as

y =
NX

i=1

h i x i + n (3.1)

It is presumed that ULPI-B is implemented, wherein uplink channel estimation

and uplink beamforming place within the radio unit (RU), while the distributed unit

(DU) is accountable for both uplink channel estimation and uplink equalization [52].

Therefore, the uplink channel estimatêH = [ ĥ1 ĥ2 � � � ĥN ] 2 CM�N is calculated to

facilitate beamforming design directly within the RU, ensuring that all the necessary

uplink processing tasks for beamforming, including the beamforming design itself,
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Figure 3.1: Uplink multi-user SIMO system in a dense urban environment, where
single-antenna UEs transmit data streams on the same time/frequency resources
and M-antenna BS apply digital beamforming on the received signal y.

are e�ciently managed locally within the RU.

The received signal in (3.1) is processed using beamforming weights W =

[w1 w2 � � � w N ] 2 CM�N to retrieve data symbols while power consumption of

beamforming weights are checked to satisfy wk H wk � 1; 8k = 1; : : : ; N. Speci�cally,

wk 2 CM serves as the linear beamforming �lter to estimate the transmitted data

symbol of UE k, aiming to maximize throughput while mitigating the interference

from other users

wT
k y =

NX

i=1

wT
k h i x i + w T

k n (3.2)
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3.2.2 Beamforming Design for Sum-rate Maximization Problem

Our objective is to design beamforming weights that maximize the osum-rate across

all UEs. The received signal for UE k after applying beamformer wk is

ŷk = w T
k y = w T

k hkxk| {z }
desired signal

+
NX

i=1;i6=k

wT
k h i x i

| {z }
interfering signal

+ w T
k n

| {z }
noise

(3.3)

The corresponding signal-to-interference-plus-noise ratio (SINR) for UE k is


 k =
jw T

k hk j2
P N

i=1;i6=k jw T
k h i j2 + Ejw T

k nj 2
(3.4)

Then, the sum-rate maximization problem is

W � = argmax
W

NX

i=1

� i log(1 + 
 i )

s.t. tr(W H W) � N (3.5)

where � i are trainable UE-speci�c weighting factors with
P N

i=1 � i = 1.

3.3 Deep Neural Network (DNN) Architecture

We present our DNN architecture designed to address the sum-rate maximization

problem in (3.5) by learning beamforming weights W from the imperfect channel

estimate Ĥ in the frequency domain. The network takes the IQ samples of̂H as

input and outputs W as speci�ed in the system model. In this context, B denotes the
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Figure 3.2: Deep neural network architecture.

batch size, while L and K represent the number of OFDM symbols and subcarriers,

respectively.

3.3.1 Overall Model Structure

The DNN architecture consists of two main components: a separable grouped con-

volutional network and a stacked multi-channel attention module, as illustrated in

Fig. 3.2.

3.3.1.1 Separable Grouped Convolutional Network

This component processes IQ symbols of the input̂H by reshaping it as RB�2MN�L�K .

Mirror padding is �rst applied along (L; K). The initial regular convolution is fol-

lowed by multiple grouped convolutions to extract local features e�ciently [56].

Each grouped convolution is followed by batch normalization and GELU activation.

The number of groups is set as the minimum of input and output channels.
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