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Abstract

This paper examines the performance analysis of the hybrid beamforming algorithms, which are Orthogonal Matching
Pursuit (OMP), Singular Value Decomposition (SVD), Deep Unfolding, and Genetic Algorithms (GA), in IRS-assisted
MU-OFDM massive mMIMO systems operating in mmWave channels for B5G networks. This paper evaluates these
algorithms across a comprehensive set of performance metrics, including Spectral Efficiency (SE), Energy Efficiency (EE),
Bit Error Rate (BER), and Outage Probability, with an IRS configuration with 2-bit quantized phase shifts meticulously
optimized to maximize the system sum rate. The research uses an advanced simulation framework to examine the
algorithms’ performance under different Signal-to-Noise Ratio (SNR) values, ranging from -10 dB to 30 dB, that reflect
typical mmWave channel environments. The simulation results show that OMP performs better in achieving high SE and
minimizing BER, especially at high SNR values, and GA is better at optimizing EE, which makes it suitable for energy-
constrained scenarios. The inclusion of IRS technology significantly enhances the overall system reliability and efficiency,
with a notable reduction in outage probability, which validates its potential as a key component in B5G network design.
These results provide valuable insights into the practical implementation and optimization of hybrid beamforming
strategies, which will guide the development of robust and efficient next-generation wireless communication systems.
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1. Introduction

Beyond 5G (B5G) networks are moving forward due to the growing need for high-speed data, energy efficiency, and
reliable connectivity to support new use cases like holographic communication and massive 10T deployments [1].
Millimeter-wave (mmWave) communication operating in the 30 GHz to 300 GHz range has extensive bandwidth but
suffers from substantial path loss and blockage issues [2]. The implementation of massive Multiple-Input Multiple-Output
(mMIMO) and Multi-User Orthogonal Frequency Division Multiplexing (MU-OFDM) solves these problems through
spatial multiplexing and frequency diversity, but the hardware complexity and power consumption persist as challenges.
Hybrid beamforming, which combines analog and digital processing, provides a trade-off by minimizing the number of
radio frequency (RF) chains [3].

The deployment of passive reflecting elements in Intelligent Reflecting Surface (IRS) technology creates a new
paradigm by controlling phase shifts to improve signal propagation and enhance coverage and capacity in mmWave
systems [4]. The paper investigates the performance of four hybrid beamforming methods: Orthogonal Matching Pursuit
(OMP), Singular Value Decomposition (SVD), Deep Unfolding, and Genetic Algorithms (GA), in IRS-assisted MU-
OFDM-mMIMO systems. This paper considers an IRS setup with 2-bit quantized phase shifts that are optimized to
maximize the sum rate while assessing the system through Spectral Efficiency (SE), Energy Efficiency (EE), Bit Error
Rate (BER), and Outage Probability. The thorough examination along with simulation findings establish a strong basis for
future B5G network development.

Figure 1 illustrates a standard urban deployment scenario which uses an Intelligent Reflecting Surface (IRS) to
overcome blockages between base stations and user equipment. The situation shows how IRS enables non-line-of-sight
(NLoS) communications through buildings and other obstacles in crowded areas like cities:
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Figure 1.

Ilustration of an IRS-assisted communication scenario in an urban environment, showing a blocked direct path and an IRS-reflected path

2. Literature Survey

Numerous studies have addressed hybrid beamforming strategies for IRS-assisted mmWave communication systems,
spanning traditional optimization algorithms and modern deep learning-based approaches. This section presents a
structured survey of recent literature, categorized according to algorithmic foundations such as compressed sensing,
genetic algorithms, and deep unfolding techniques. By examining the capabilities, limitations, and performance outcomes
of each method, we aim to highlight the evolution of beamforming design and identify research gaps addressed by our
proposed framework.

Wanyg, et al. [5] propose a joint active and passive precoding strategy for IRS-aided mmWave systems. They formulate
an optimization problem for hybrid beamforming, considering the phase shift control of IRS. Simulations reveal significant
gains in spectral efficiency and energy efficiency. Their model assumes perfect channel state information and focuses on
system-level performance. This work forms a baseline for IRS and hybrid beamforming co-design under ideal conditions.

Shi, et al. [6] introduce a deep-unfolding network for hybrid beamforming with symbol error minimization. The
method unfolds iterative optimization into neural network layers for fast, interpretable inference. Results show competitive
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performance with reduced computational complexity. Their model performs well under noisy conditions and varying
channel environments. It offers a balance between deep learning flexibility and model-based reliability.

Koc, et al. [7] present a genetic algorithm (GA)-based approach for resource allocation in mmWave MU-MIMO-
OFDM. The algorithm jointly optimizes beamforming weights and subcarrier allocation. It achieves better throughput and
energy efficiency than conventional heuristics. The method is suitable for systems with constrained power and high user
density. Their results support GA as a viable tool in practical large-scale systems.

Kang, et al. [8] propose a mixed-timescale deep-unfolding technique for joint channel estimation and beamforming.
They separate fast and slow timescale components to adaptively train the model. Their approach outperforms traditional
CSl-based schemes in non-stationary scenarios. It provides strong convergence and robustness for fast-varying channels.
The study supports deep unfolding as a hybrid solution between data and model-driven designs.

Ikeagu, et al. [9] develop a lightweight deep learning model for hybrid beamforming in IRS-aided systems. Their
framework is optimized for real-time inference on edge devices with limited computation. Simulation results demonstrate
near-optimal performance with reduced complexity. This approach enables practical deployment of IRS-assisted hybrid
MIMO. They target energy-efficient solutions for future wireless networks with hardware constraints.

Lee and Hong [10] present a low-complexity hybrid beamforming algorithm that uses only cascaded channel
knowledge. They demonstrate that asymptotically optimal performance can be achieved without full CSI. Their approach
simplifies system design in large-scale IRS-assisted MIMO. It is highly efficient and suitable for practical deployment in
mmWave systems. The study highlights the benefits of bypassing full channel estimation for scalable designs.

Peng and Yang [11] address hybrid beamforming under imperfect CSI for mmWave massive MIMO. Their robust
design algorithm maintains high spectral efficiency despite channel uncertainties. They use stochastic optimization
techniques to mitigate estimation errors. Results show resilience against practical impairments in CSI acquisition. The
work ensures reliable performance in dynamic and uncertain wireless environments.

Chen, et al. [12] propose a deep unfolded network for broadband IRS-aided mmWave OFDM systems. They focus on
designing frequency-selective analog beamformers to address multipath channels. The system achieves high spectral
efficiency across subcarriers. Their unfolded structure retains interpretability and computational efficiency. It bridges
wideband signal processing with learning-based hybrid beamforming.

Srinivas and Borugadda [13] develop a DL-based channel estimation and adaptive hybrid beamforming framework.
Their approach supports group-of-subarray architectures in mmWave massive MIMO. It enhances link reliability and
spectral efficiency under hardware limitations. They use supervised learning to dynamically adapt beamformers. The
system shows promising results in diverse channel and subarray configurations.

Yildirim, et al. [14] design hybrid beamforming techniques for terahertz MIMO systems using multiple RIS. They
address joint optimization of multiple reflective surfaces with analog-digital precoding. Results demonstrate capacity gains
in high-frequency THz environments. Their method enables scalable beamforming for ultra-dense deployments. The work
supports THz-band communication as a future B5G/6G technology enabler.

Deka, et al. [15] present a comprehensive review of deep unfolding techniques in wireless systems. They classify
models based on optimization strategy, network type, and application area. The review includes use cases in channel
estimation, beamforming, and resource allocation. They highlight trade-offs in interpretability, complexity, and
adaptability. This survey serves as a guide for applying unfolding in next-gen wireless protocols.

Rahkheir and Akhlaghi [16] propose joint hybrid precoding and multi-IRS optimization for MU-MISO systems. They
co-design the passive IRS and active precoders using alternating optimization. Their simulations show significant
throughput improvements over decoupled methods. The work supports multi-IRS architectures in complex environments.
It demonstrates the advantage of integrating beamforming and IRS control holistically.

Luo, et al. [17] apply deep unfolding to hybrid relaying systems in mmWave networks. They focus on improving SNR
and BER performance in amplify-and-forward relays. Their approach adapts the beamforming vectors through a learned
unfolding framework. It achieves lower error rates and improved link reliability. This supports efficient relay operation in
hybrid mmWave architectures.

Yang, et al. [18] propose a deep unfolding method for near-field channel estimation in 6G networks. They address
spherical wavefront modeling in ultra-massive MIMO scenarios. The method enhances angle-delay resolution and
estimation accuracy. Their network is tailored for near-field propagation under high-frequency bands. This contributes to
more accurate beamforming in future dense deployments.

Saeed, et al. [19] design a lightweight DL model for channel estimation in large-scale RIS MIMO. The solution targets
edge devices with constrained memory and computer capacity. Despite the lightweight design, it achieves near-optimal
estimation accuracy. The system is tailored for energy-efficient 6G and loT scenarios. Their work proves the viability of
deploying DL at the wireless edge.

This survey presents a comprehensive exploration of recent advancements in hybrid beamforming strategies for IRS-
assisted mmWave MU-OFDM-mMIMO systems. Traditional model-based approaches, such as joint precoding under
perfect CSI and genetic algorithm optimization, provide solid performance foundations but often demand ideal conditions
or significant computational resources. Emerging techniques, particularly those based on deep unfolding and lightweight
deep learning, have demonstrated superior adaptability, scalability, and robustness in the face of practical constraints like
imperfect CSI, near-field propagation, and hardware limitations. Moreover, innovations targeting THz frequencies and
edge deployment highlight the expanding relevance of these methods in future 6G architectures. Collectively, these works
confirm that hybrid approaches combining physical modeling and machine learning offer a promising pathway to meet the
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stringent demands of B5G and beyond. Future research should further explore unified frameworks for joint IRS and hybrid
beamforming design under realistic channel dynamics and system constraints.

3. System Model and Methodology
3.1. System Model

The system under consideration is an IRS-assisted MU-OFDM-mMIMO setup operating at 28 GHz in the mmWave
band. The base station (BS) is equipped with N = 64 transmit antennas and Nge = 8 RF chains, serving K = 4 users, each
with N, = 16 receive antennas. The IRS consists of M = 100 passive reflecting elements that adjust phase shifts to optimize
signal propagation [4]. The mmWave channel for the k-th user, H, € C¥~*Nt | is modeled using the Saleh-Valenzuela
framework [2].
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where L =5 is the number of paths, a,; ~ CV (0, 1) is the complex gain, and ar(Bx,I) and at(¢x,l) are the receive and
transmit array response vectors, respectively.

The IRS phase shift matrix is © = diag(e’?* , . . ., /M), whered,, € [0, 2n]. The effective channel for the k-th user is,
Heprx = Hygirect + Hiirs®Hps_irs. Hybrid beamforming at the BS comprises an analog precoder Fp € C'r*NrF and
a digital precoder FBB € CNRF xK . Fzz € (NrrFXK

Each user employs an analog combiner W, € CV*NrF and a digital combiner Wgp, € CVRF*Ns, with Ns = 2
data streams per user. The transmitted signal for the k-th user is x;, = FrpFgp Sk, Where s, € CVs** and E [s;sf =

The hybrid beamforming module structure in Figure 2 shows how base station and user side systems combine analog
and digital precoding stages for mmWave/THz systems.
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Figure 2.

Block diagram of hybrid beamforming architecture for mmWave/THz communications, which shows the use of analog and digital components for
efficient transmission.

3.2. Performance Metrics
The performance is evaluated using:
e Spectral Efficiency (SE) (bits/s/Hz): SE is computed as: where B is the system bandwidth (set to 100 MHz), and
SINRy is derived from the effective channel gain.... SEx = log2(1 + SINRy), where:
H 2
|hE s FrieFep il

2
Zj:tklhgffFRFFBB,jJ + o2

SINR, = @
with o2 as noise variance.
Z£=15Ek

total

e Energy Efficiency (EE) (bits/Joule): is given by EE = , Where P includes transmit, RF chain, and IRS

power.

e Bit Error Rate (BER): Evaluated using 64-QAM modulation, and it is estimated using Monte Carlo simulations,
transmitting 106 bits per SNR point and counting errors.

e Qutage Probability: Pout = Pr(SE < 1), with a threshold of 1 bps/Hz.
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3.3. Simulation Setup

Simulations were conducted in MATLAB with SNR from -10 dB to 30 dB, 64-QAM modulation, N; = 64, N, = 16, K
=4, N_IRS =100, Ns = 2, and Ns; = 128 subcarriers. with mmWave channels modeled at 28 GHz using a clustered channel
model. The IRS phase shifts were optimized using 2-bit quantization.

Table 1.

Simulation Parameters.
Parameter Value Parameter Value
Carrier frequency 28 GHz Number of users (K) 4
Transmit antennas (Nt) 64 Receive antennas (Nr) 16
RF chains (NRF) 8 IRS elements (M) 100
Subcarriers (Nsc) 128 Data streams (Ns) 2
Propagation paths (L) 5 Modulation 64-QAM
SNR range -10t0 30dB | IRS guantization 2-hit

3.4. IRS-Assisted MU-OFDM-mMIMO System
The proposed system model features a base station (BS) with N = 64 transmit antennas, K = 8 user equipment’s (UEs)
each equipped with N, = 4 receive antennas, and an IRS comprising N = 32 reflecting elements. The channel matrix H €
CNrK*Nt s modeled to capture mmWave-specific characteristics, including large-scale fading (path loss), small-scale
fading based on the Saleh-Valenzuela model, and IRS-induced reflections. The received signal is given by:
Yy = HFgrpFppS + HigsOHp [FrpFppS +n 3

where Fre € CNtXNRF | and Fgg € CVRFXNs  are the analog and digital beamforming matrices, s € CNs is the transmitted
signal vector, n ~ CN(0, o?l) is the additive white Gaussian noise, Hirs is the IRS-to-UE channel, Hg, is the BS-to-IRS
channel, and © = diag(e’®' , . . ., V) represents the IRS phase shift matrix (Pan et al., 2020)...

4. Hybrid Beamforming Algorithm Design
4.1. OMP-Based Hybrid Beamforming

The OMP-based algorithm iteratively approximates the optimal fully digital precoder and combiner using a sparse
selection process [20]... OMP is particularly effective for mmWave channels due to their sparse nature. The steps and
corresponding equations are outlined in Table 1.

Step 1: Initialization and Codebook Construction: Define RF constraints and initialize matrices. Construct DFT-based
codebooks for analog beamforming:

1
A, = \/—Fexp(]‘n(o: N; — 1))7 sin(0) )
t
where 0 =[ n/2, w2+ @/Ny, ..., n/2 —n/Ny]. Similarly, A is defined for the receiver.
Step 2: Optimal Digital Solution: Compute the SVD of the chanlnjel for each subcarrier sc and user k:
Heff k. sc = UkZEV', )]
and set Foptk.sc and Wopt ks to the first Ns columns of Vi and Uy, respectively.

Step 3: Analog Precoder Design: Select the column from At with the maximum correlation:
corrj = Z |At(: ,j)Hri|2, 5)
where r;is the residual. Update Frr , compute Fgg using the pseudo-inverse, and normalize Frr

F
FRF = —=2F /Nirr (6)

I Frellr
Step 4: Analog Combiner Design: Similar to Step 3, but for Wrr, using Arconcat= 1k @ Ar. Normalize Wge:

Wgep = ——
RE T 1 Weell e

KN @

Step 5: Digital Optimization: Compute the effective channel after analog beam- forming and optimize Fggsc USiNg zero-
forcing:

FBB,SC = (Hz“f,RF,scHeff,RF,sc + 10_31)_1 Hgff,RF,sc' (8)
followed by normalization. Similarly, optimize Wgg .
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Table 2.
Steps, Operations, and Equations of OMP-Based Hybrid Beamforming.

Algorithm 1: OMP-Based Hybrid Beamforming
Input: Channel matrix Hesr, codebooks Ay, Ar
Output: Frr, Fee, Wrr, Wgs

: Initialize: Frr =[], residual R = Hopt
:fori=1to Ngrrdo

: Find j* = argmaxj (R, At(:,j)))|,

. Fre = [Frr, At(:,j*)]

: Fes = (FreM'Fre) *FreHopt

R = Hopt - FreFaB

> end for

: Normalize Fre and Fgg

: Apply similar procedure for Wgr and Wee

©O~NDU DA WN R

4.2. SVD-Based Hybrid Beamforming

The SVD-based algorithm uses singular value decomposition to design the analog beamforming matrices, ensuring
orthogonality [21]...The steps and equations are summarized in Table 2.

Step 1: Initialization: Define RF constraints and initialize matrices.

Step 2: Optimal Digital Solution: Compute the SVD of the channel, as in (4).

Step 3: Analog Precoder Design: Compute the average optimal precoder and apply SVD:
NSC

1
Fopt,avg = N_ Z Fopt,sc' ’ Fopt,avg = UWZWVII/I-I/' ©)
sc sc=1
set Fgre to the first Nirr columns of U, extract phase, apply QR decomposition, and normalize as in (6).
Step 4: Analog Combiner Design: Compute the average optimal combiner and apply SVD:

NSC
1
Wopt,avg = N_scz Wopt,sc ’ Wopt,avg = UWZWVHI (10)
sc=

set Wge , apply QR decomposition, and normalize as in .
Step 5: Digital Optimization: Optimize Fggscand Weg sc Using zero-forcing, as in (8).

Table 3.
Steps, Operations, and Equations of SVD-Based Hybrid Beamforming.

Algorithm 2: SVD-Based Hybrid Beamforming
Input: Channel matrix Her,

Output: Frr, Fes, Wrr, Was

: Compute SVD: Heff = UTVH

: Extract optimal precoder: Fop = V(;,1:Ns)

: Compute average precoder: Fayg = (1/Nsc)Y Fopt
: Apply SVD t0 Favg: Favg = UrZeVE"

1 Set Frr = UF(:,l:NRF)

: Extract phase: Fre = ei<FRF /AIN;

> end for

: Compute Fgg = (FRFHFRF)'lFRFHFopt

: Apply similar procedure for Wgre and Wgs

O©CoO~NO OIS, WN—

4.3. Deep Unfolding Based Hybrid Beamforming

The Deep Unfolding-based algorithm implements unfolded alternating minimization for IRS-assisted mmwWave MU-
OFDM-mMIMO systems [22].
The steps and corresponding equations are outlined in Table 3.

Step 1: Initialize with SVD-based Solution. Define RF constraints and initialize matrices. Compute SVD for each
subcarrier sc and user k:

[UzV] = svd (Heff(: ok, sc)), ()
And Fop(:,(K-1)Ns+1 :K Nssc) = V(5,1,Ns) and Wo(:, :, K, s¢) = U(:,1,Ns). Average and normalized:
NSC
1
Fap = — Z Fope(:,:,80), (12)
Nse sc=1
FRF = U(' ,1: NRF)' ejLFRF ) (13)

And similarly for Wk,
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Step 2: Deep Unfolding for Analog Precoder and Combiner. Compute gradients for Fgs :

1 sc K
gradp,, = - Z Z Hllj- (HkFRFFBBk - opt(:’:'k’ SC))-FgBk: (14)
KNSC g1 k=1
update:

Frp = Fgpp — :ulayer'gradFRp! (15)

and normalize:

Q(:,1: Ngp)
Frp = ———+/Ngr (16)
| Frell 7

where [Q, R] = qr(Fre - €l<FRF). Similarly, for Wke.

Step 3: Optimize Digital Precoder and Combiner. Compute effective channel:

HeffRF = WTI.;Heff(:,:,k,SC).FRF (17)
and optimize:
FBB(:,:,SC) = Hg‘f(Hefferglffrf +AIKNS)_1‘ (18)
be(: )iy SC)
Fgg(,:,s¢) = ———— /KN, (29)
BB ”be(:!:lsc)”F *

and similarly, for Wegg.

Table 4.
Steps, Operations, and Equations of Deep Unfolding-based Hybrid Beamforming.

Algorithm 3: Deep Unfolding Based Hybrid Beamforming

Input: Channel matrix Hes, Nt, Nr, K, Ns, Nirs, Nsc
OUtpUt: Frr, Fes, Wgrr, Wgs

. Initialize:

FRF, Wk via SVD solution

Set layer parameters [, v, A

Step 1: SVD Initialization

Compute Fopt, Wopt Via SVD of Hest
Frr = mean (Fopt, 3)

Fre = exp ( j /(U(Z, 1: Nt,RF)))

Step 2: Deep Unfolding

for layer = 1 to num layers do

0: Compute gradient Vg,

11: Update Frr = Fre — pn(layer) VFRF
12: Project to unit modulus: Fre = exp(j / (Fre))
13: Repeat for Wrr with v(layer)

14: end for

15: Step 3: Digital Processing

16: for sc = 1 to Ny do

17: Heftre = Whg Hett Fre

18: Fge= Hgff,RF(HefvaF Hgff,RF + l')—l
19: Wgg= Hff,(Heff H‘;’ff + 1)1

20: end for

BoeoxNoahhwnR

4.4. Genetic Algorithms Based Hybrid Beamforming
The GA-based algorithm optimizes analog and digital precoders and combiners for IRS-assisted mmWave MU-
OFDM-mMIMO systems [23]... The steps and corresponding equations are outlined in Table 4

Step 1: Optimize Analog Precoder (Frf ). Define DFT codebook:
1
A= \/—ﬁexp(jH(O: N, — 1) sin (8)), (20)

t

where 0 = (—/2 : /Nt : /2 — n/Ny). Initialize population and evaluate fitness:
Ns¢ K

. 1 . 2
fitness(p) = TN Z Z log, (1 + |dlag(U(:,1: NHH HkFRFpopFBBk)| ), (21)
s¢ sc=1k=1
perform selection, crossover, and mutation, then normalize:
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FRF

FRf = _"’NRf' (22)
|Frrll -
Step 2: Optimize Analog Combiner (Wre ). Define DFT codebook
Ar concat = IK®Ar (23)
initialize population and evaluate fitness:
Ns¢ K
1
fitness(p) = N Z Z log, (1
sc sc=1k=1 (24)

, . ; H 2
+ |dlag(erpop(1dxr, der) HkFrfpoprbk)| ),

perform selection, crossover, and mutation, then normalize:

Wiy = Whr KN.. (25)
Wl

Step 3: Optimize Digital Precoder and Combiner. Compute effective channel:

HeffRF = W}sz'Heff(:,:,k, SC)-FRF , (26)
and optimize:
Fpp(i,:,5¢) = Hiep. (HepprrHipprr + 1073 Iy )70, 27
Fgg(:,:,sc)
Fgp(:,:,sc) = ——— /KN, 28
mnC5 S0 = E 6 soll, VN (28)

Similarly, for Wegg.

Table 5.
Steps, Operations, and Equations of GA-based Hybrid Beamforming.

Algorithm 4:  GA-based Hybrid Beamforming

Input: Channel matrix Hefr, Ni, Ny, K, Ns, Nirs, Nsc

OUtpUt: Frr, Fes, Wrr, WaB

1: Initialize GA parameters: population size, generations, mutation  rate, crossover rate, tournament size
Generate DFT codebook:

: A= exp(jI1(0: N, — 1)" sin (8))/,/N,

2
3

4: At= exp(jII(0: N, — 1) sin (8))/,/N,.
5: Optimize Fgr:
6
7
8

. Initialize population with random codeword indices
. for each generation do
: Evaluate fitness (sum rate)
9: Tournament selection
10: Crossover and mutation
11: end for
12: Select best Frr
13: Optimize Wrr: Repeat Step 3 using A,
14: Compute Fgg per subcarrier:
15: Hetrrr = W Herr Fre
16: Fge= Hgff,RF(HefvaF Hgff,RF + €|)-1
17: Compute Wgg per subcarrier:
18: Wpgp= Hgff(Heff Hgff + €|)'1

4.5. IRS Phase Shift Optimization
The IRS phase shifts 8 are quantized to 2 bits, providing four discrete phase levels {0, 7/2, t, 31/2}. The optimization
problem is formulated as:

K
maxe Z log,(1 + SINRy,), (29)
k=1

subject to |0n| = 1, O € {0, n/2, 7, 37/2}. This is solved using a gradient ascent method, iteratively adjusting 0, to maximize
the objective function, with convergence typically achieved within 50 iterations [24]...

5. Simulation Results and Discussion

The analysis of the performance of OMP, SVD, Deep Unfolding, and GA is presented in Figures 1 to 4 to evaluate the
four hybrid beamforming methods. The evaluation of these metrics shows that different algorithms have different
performance characteristics in an IRS-assisted MU-OFDM-mMIMO system.
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5.1. Bit Error Rate (BER) Analysis

The Bit Error Rate (BER) performance analysis for the hybrid beamforming algorithms is presented in Figure 3. The
BER of OMP decreases from approximately 7.0x1072 at 25.00 dB to about 6.9x107 at 25.18 dB, thanks to its iterative
greedy strategy that identifies the most correlated channel paths in the sparse mmWave channel to reduce interference and
noise effects. SVD shows a BER reduction from roughly 7.3%1072 to 7.0x1072 over the same range by using singular value
decomposition to capture dominant paths, yet fails to address multi-path interference in dynamic situations. DNN yields a
BER decrease from about 7.2x1072 to 7.1x1072, leveraging deep neural networks for advanced channel prediction and
estimation. PCA demonstrates a reduction from approximately 7.25x1072 to 7.15x1072, utilizing principal component
analysis for dimensionality reduction to enhance efficiency in sparse environments. The neural network-based unfolding of
Deep Unfold refines channel estimates iteratively, yielding a BER decrease from about 7.25x1072 to 7.1x1072, but it does
not match OMP’s precision at lower SNRs. The GA starts at approximately 7.4x1072 at 25.00 dB and reaches about
7.2x1072 at 25.18 dB, benefiting from its evolutionary adaptation to channel conditions despite its population-based search
overhead.
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Figure 3.
BER versus SNR for different hybrid beamforming algorithms in an IRS-assisted MU-OFDM-mMIMO system.

5.2. Energy Efficiency (EE) Analysis

The GA shows a relatively slow increase of EE starting from near about 4 bits/s/Joule at 10 dB SNR to attain near
about 12 bits/s/Joule at 25 dB SNR because it benefits from the genetic algorithm in generating beamforming vectors that
will minimize the power consumption without necessarily sacrificing the rate of data transfer. The algorithm performs well
in power-limited conditions automatically optimizes the system resources. The EE of OMP rises much more sharply, from
almost 0 bits/s/Joule at 0 dB up to about 20 bits/s/Joule at 25 dB because of its efficient channel path selection, though with
significant computational overhead added at low SNR values. SVD also increases significantly, rising from nearly 0
bits/s/Joule at 0 dB up to about 15 bits/s/Joule at 25 dB but limited by matrix processing demands. Deep Unfold keeps a
steady rise in EE getting to about 15 bits/s/Joule at 20 dB making use of the unfolded neural network architecture for
balancing between computational efficiency and power consumption.
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Energy Efficiency versus SNR for different hybrid beamforming algorithms in an IRS-assisted MU-OFDM-mMIMO system.

5.3. Spectral Efficiency (SE) Analysis

The Spectral Efficiency (SE) performance data in Figure 5 shows OMP achieving its maximum value of
approximately 3.5 bits/s/Hz at 30 dB SNR, with a gradual increase starting from near 0.5 bits/s/Hz at 10 dB. OMP attains
superior performance through its spatial multiplexing method which optimizes beamforming vectors to find the strongest
channel paths, thus optimizing spectral usage in the mmWave band. GA achieves an SE of approximately 3.0 bits/s/Hz at
30 dB because its evolutionary optimization technique achieves a balance between spectral and power efficiency. The
learning-based channel estimate refinement technique in Deep Unfold results in approximately 2.8 bits/s/Hz at 30 dB. SVD
achieves its maximum SE of approximately 2.5 bits/s/Hz at 30 dB, but its focus on singular value optimization results in
poor performance when dealing with multi-user interference and channel dynamics.
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Spectral Efficiency versus SNR for different hybrid beamforming algorithms in an IRS-assisted MU-OFDM-mMIMO system.

5.4. Outage Probability Analysis

Figure 6 depicts the outage probability (SE < 1 bits/s/Hz) of four hybrid beamforming algorithms as a function of
SNR. The curves for SVD, Deep Unfold, and GA remain at their maximum outage (=2.0) up to approximately 10-15 dB,
while OMP begins its decline earlier, dropping from ~1.8 at 0 dB to ~1.5-1.6 around 5-10 dB. OMP then exhibits the
steepest decline, falling from ~1.5-1.6 at 5-10 dB to nearly zero at 25 dB. This behavior reflects its greedy selection of the
strongest sparse channel paths to minimize outage events as SNR increases. SVD also begins to decrease around 10 dB but
descends more gradually, reaching zero outage at 25 dB, since its singular-value decomposition captures dominant modes
yet is less responsive to multi-path interference. Deep Unfold follows an intermediate trajectory, with outage reduction
starting at 10-15 dB and a moderate slope that reflects its learned iterative channel estimation refinements. GA shows the
slowest outage reduction, beginning around 10-15 dB, maintaining higher outage levels at lower SNRs and only
approaching zero near 25 dB, consistent with its population-based search mechanism that converges more slowly.
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Figure 6.
Outage Probability for SE versus SNR for different hybrid beamforming algorithms in an IRS-assisted MU-OFDM-mMIMO system.

6. Discussion

The results of the study highlighted varying hybrid beamforming algorithms in the IRS-assisted MU-OFDM-mMIMO
system. In performance analysis, OMP emerges as a preferred method for B5G high-reliable and high-data rate
applications since it excels in BER, SE, EE, and outage probability, and these can be amplified with precise phase control
from IRS compared to traditional digital beamforming; therefore, it is well-suited for applications because its highest EE
performance reaches values around 20 bits/Joule at 25 dB SNR, which is applicable in energy-constrained deployments
that require IRS optimization to minimize transmissions. SVD and Deep Unfold demonstrate moderate performances due
to their adaptive limitations and limited channel interference handling capacity, indicating they perform best under stable
channel conditions. An IRS setting was developed for the mmWave MU-OFDM-mMIMO system such that optimizing the
phases of IRS (2-bit quantization) would maximize sum rate.

7. Conclusion

In conclusion, this study presents a comprehensive evaluation of hybrid beamforming algorithms—namely Orthogonal
Matching Pursuit (OMP), Singular Value Decomposition (SVD), Deep Unfold, and Genetic Algorithm (GA)—within an
Intelligent Reflecting Surface (IRS)-assisted multi-user orthogonal frequency-division multiplexing (MU-OFDM) massive
multiple-input multiple-output (mMIMO) system tailored for Beyond 5G (B5G) networks.

The results elucidate the distinct performance profiles of these algorithms across key metrics: Spectral Efficiency
(SE), Energy Efficiency (EE), Bit Error Rate (BER), and outage probability.

Leveraging its iterative greedy approach to exploit mmWave channel sparsity, OMP emerges as the superior
performer, achieving a maximum SE of approximately 3.5 bits/s/Hz at 30 dB SNR and the lowest BER (reducing from
~7.0x1072 to ~6.9x102 over a narrow SNR range of 25.00-25.18 dB), alongside the steepest reduction in outage
probability to near zero at 25 dB SNR. OMP also demonstrates the highest EE, reaching ~20 bits/s/Joule at 25 dB SNR,
attributed to its efficient path selection mechanism. In contrast, GA exhibits a balanced profile with an SE of ~3.0 bits/s/Hz
at 30 dB SNR and moderate EE (~12 bits/s/Joule at 25 dB SNR), benefiting from evolutionary optimization that adapts
well to power constraints.

SVD and Deep Unfold yield intermediate results, with SE values of ~2.5 and ~2.8 bits/s/Hz at 30 dB SNR,
respectively, and comparable BER reductions (~7.3x1072 to ~7.0x102 for SVD; ~7.25x1072 to ~7.1x1072 for Deep
Unfold), though limited by their adaptability to dynamic multi-user interference. The integration of IRS with 2-bit
quantized phase shifts further enhances system performance, optimizing sum rate.
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This work underscores the synergistic potential of hybrid beamforming and IRS technologies in establishing a scalable
and efficient architecture for B5G networks, enabling enhanced spectral utilization and reliability in mmWave
environments.

OMP is particularly recommended for high-data-rate applications demanding superior SE and low outage, while GA
offers advantages in energy-constrained deployments. Future research directions include the development of adaptive
quantization techniques for IRS phase shifts, real-time optimization algorithms to mitigate computational overhead, and
scalability assessments with increasing user equipment (UE) and IRS elements under varying channel dynamics.
Additionally, addressing potential anomalies in outage probability metrics (e.g., values exceeding unity, likely due to
scaling errors) through refined simulations would strengthen model validity. These findings lay a foundational framework
for advancing wireless systems toward B5G objectives of high-performance, ubiquitous connectivity.
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