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Abstract 

Hybrid beamforming has received significant attention as a solution to the thermal 
issues, costs, and implementation complexities associated with fully digital mmWave 
extremely large MIMO (XL-MIMO) systems. The hybrid approach offers a balance 
between system flexibility and performance. However, in scenarios involving a large 
number of user equipments (UEs), even optimal beamforming techniques cannot 
provide satisfactory network delay and throughput if the data rate is not effectively 
shared among them.. Considering multiple forms of dynamism of an indoor wireless 
channel, we propose a multi-layer scheme to optimize resource allocation to the UEs 
in a cooperative multi-base station (BS) setup. We evaluated various resource alloca-
tion techniques to effectively share the bandwidth among UEs, rather than simply 
maximizing total downlink throughput by concentrating on well-off ones. Our findings 
indicate that queue length-based allocation strategies yield the lowest delay under dif-
ferent downlink traffics and UE/BS deployment densities. Moreover, selectively serving 
a subset of UEs during each channel block, rather than serving them all simultane-
ously, enhances network delay and throughput. To further improve resource utiliza-
tion and overall performance, we introduce an extension called sub-coherence time 
allocation. This technique considers early downlink queue exhaustion and speculatively 
calculates multiple digital precoders to be activated sequentially within a channel 
block. Simulation results demonstrate that this approach improves delay and jitter 
with minimal computational overhead, achieving a 25% and 15% decrease in digital 
and hybrid modes, respectively.

Keywords:  Hybrid beamforming, Cooperative networks, XL-MIMO, MmWave, User 
association, Throughput-optimal scheduling, 6 G

1  Introduction
Since its introduction two decades ago, multiple-input multiple-output (MIMO) tech-
nology has proven highly effective in channel hardening and capacity enhancement 
[1]. Over the years, base stations equipped with arrays of tens of antennas have been 
widely deployed in 4 G and 5 G networks [2]. The recent surge in wireless communica-
tion demand has necessitated the utilization of the vast bandwidth available in the mil-
limeter-wave (mmWave) spectrum, presenting new challenges. Higher frequencies lead 
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to increased path loss and signal susceptibility to blockages, significantly reducing the 
transmission range [3]. This limitation can be mitigated by employing higher gain anten-
nas [4]. The shorter wavelength of mmWave frequencies allows for the miniaturization 
of antenna units, facilitating the dense packing of antennas in configurations leading to 
XL-MIMO [5] (Fig. 1).

Fully digital setups, wherein each antenna is paired with a dedicated radio frequency 
(RF) chain, are a common approach for beamforming in MIMO systems [6]. While effec-
tive for arrays with tens of antennas, this approach is impractical for XL-MIMO systems 
that incorporate hundreds of antennas. The large number of RF chains required in such 
setups results in high energy consumption, significant heat production, substantial costs, 
and considerable implementation complexity [7]. To address these challenges, hybrid 
beamforming has been introduced. This method strikes a balance between the cost and 
energy efficiency of analog beamforming and the flexibility and performance of fully dig-
ital beamforming [5]. Although hybrid beamforming holds great potential for future 6 G 
systems, it still lacks the maturity required for widespread practical deployment.

Managing an XL-MIMO system, which consists of hundreds of UEs and multiple BSs, 
presents significant challenges. While beamforming techniques have received considera-
ble attention in the literature, they alone are insufficient. Effective management requires 
the coordination of BSs through joint optimization techniques [11]. Due to the extensive 
computational complexity involved in the management and control tasks, a multi-layer 
algorithm is necessary to handle each sub-problem at its optimal frequency. Moreover, 
a more advanced strategy beyond simply maximizing the total bitrate [7] should be con-
sidered. Given these requirements, we conducted a thorough literature review and, to 
the best of our knowledge, found no existing study that comprehensively addresses all 
these design challenges. This gap serves as the primary motivation for our research.

Several studies have addressed specific aspects of XL-MIMO with a narrow focus, 
primarily on simple total bitrate optimization at the level of a single BS. For instance, 

Fig. 1  The architecture of the multi-BS hybrid beamforming setup, where BSs equipped with antenna arrays 
are connected to a central orchestration unit via ideal backhaul links and jointly transmit downlink beams to 
serve the user equipment in the coverage area
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[6, 12] explore antenna subset selection to maximize sum rate while minimizing 
energy consumption. Similarly, [13] proposes a fully analog approach for the uplink of 
a mmWave MIMO system, leveraging two distinct codebooks for near-field and far-
field scenarios.

The concept of a multi-timescale scheme for control and management has gained 
considerable attention in the MIMO literature. The necessity of such a scheme for 
resource allocation is highlighted in [14], where a vehicular networking setup with 
cell-free MIMO leverages the different temporal characteristics of vehicle movement 
and the wireless network to develop a two-layer algorithm. Similarly, [15] proposes 
a two-timescale scheme for resource allocation in a MIMO system with edge com-
puting, where the first layer manages the activation and deactivation of computation 
units, while the second layer handles task offloading decisions. However, these stud-
ies do not specifically address network optimization or explore the integration of a 
hybrid approach for practical applications.

In contrast, [7] introduces a two-timescale scheme based on the observation that, 
in mmWave environments, path angles exhibit lower dynamics than path gains. In the 
higher layer, analog beams are determined for each UE, while in the lower layer, UE 
selection is performed. However, this work lacks joint optimization. Although it employs 
a more advanced allocation strategy based on proportional fairness (PF), it does not 
explore alternative strategies or provide a comparative analysis of their effectiveness.

Additionally, [11] investigates a cooperative multi-BS setup in which an algorithm 
determines UE-BS assignments, followed by an iterative hybrid beamforming tech-
nique using fractional programming to maximize the objective function. This study 
considers multiple antenna array architectures, including fully connected, fixed 
subarray, and dynamic subarray configurations. However, its primary limitation is 
the reliance on total achievable bitrate as the performance metric, which does not 
fully capture user experience. Furthermore, hybrid beamforming is performed in its 
entirety during each coherence interval, despite the relatively static nature of analog 
beamforming, leading to unnecessary computational overhead.

Resource allocation strategies can be divided into two categories: fair scheduling 
and throughput-optimal scheduling [8]. The former has been explored in several 
works through the PF metric [7, 9]. The latter, in the form of queue length-based allo-
cation [10], has also received considerable attention but remains underexplored in the 
context of hybrid MIMO.

Addressing the aforementioned gaps in the literature regarding the management 
challenges of XL-MIMO, this paper introduces a comprehensive multi-timescale 
scheme for optimizing network experience in a multi-BS hybrid beamforming setup. 
Inspired by [11] and [7], we decompose the overall optimization problem into mul-
tiple sub-problems with different execution intervals. Various allocation strategies, 
represented by different objective functions, are considered and their performance is 
assessed in the digital/hybrid beamforming setups.
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1.1 � Contribution

The major contributions of our work can be summarized as follows:

•	 Novel Multi-Layer Approach to Resource allocation: Instead of solving a single 
optimization problem, we propose a multi-layered approach tailored for an indoor 
multi-BS wireless environment. This approach involves solving sub-problems at dif-
ferent intervals to address various forms of channel dynamism:

–	 UE-BS Association: With the least execution frequency, this sub-problem 
addresses UE movement and path-loss fluctuations.

–	 Analog Beamforming: Executed at a higher frequency to compensate for slow fad-
ing due to minor environmental changes.

–	 UE Selection and Digital Beamforming: With the highest execution frequency, 
this sub-problem manages fast fading caused by constructive and destructive 
interference of multipath components.

	  This approach balances execution time and performance by solving each sub-
problem when needed.

•	 More Optimal Resource Allocation Techniques: Instead of solely maximizing the 
total bitrate, we employ throughput-optimal and fair resource allocation strategies 
using downlink queue length and proportional fairness metrics. These strategies 
improve network delay and better satisfy the bandwidth requirements of all UEs.

•	 Sub-Coherence Time Allocation: Rather than using a single digital precoder for the 
entire channel block duration, we propose a speculative multi-precoder approach. 
This method considers queue length and expected achievable rates to calculate the 
UEs’ total transmission time. If a queue is exhausted early, resources are reallocated 
to other UEs, ensuring higher resource utilization and lower delay.

•	 A Simulation Tool for Multi-BS XL-MIMO: To evaluate our research, we developed a 
modular simulator focusing on the physical layer in Python. It covers aspects such as 
UE mobility, multi-path mmWave channel, beam sweeping, UE selection, and zero-
forcing digital beamforming. This tool can function as a stand-alone simulator or a 
plug-in for other network simulators like OMNeT++. It can be requested from the 
authors by email and is considered to be open-sourced in the future. We believe this 
simulator will assist other researchers by simplifying the implementation and testing 
of their hypotheses.

2 � Methods
In this section, we delve into the technical aspects of the research. We begin by defin-
ing the notation used throughout the paper, followed by a description of the system 
setup, architecture, and channel model. Next, we present different resource allocation 
strategies and introduce the hierarchical optimization approach, which consists of three 
layers. Finally, we describe the simulation environment and parameters, providing the 
necessary theoretical foundation for the subsequent discussions (Table 1).
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Fig. 2  Multi-BS mmWave hybrid beamforming setup with a fully connected antenna architecture, where 
each base station processes multiple data streams in the digital domain, then employs analog beamforming 
at the antenna arrays via multiple RF chains. The resulting beamformed signals from each BS provide 
high-capacity mmWave links to multiple users over their respective channels

Table 1  Symbols definition

Notations Meaning

L The number of BSs

K The number of single-antenna UEs

Pmax BS power constraint

NRF The number of RF chains in each BS

NT The number of transmitting antennas in each BS

Nr The number of paths in mmWave channel model

t time

FRF Analog precoding matrix

FBB Digital precoding matrix

W Analog beamforming codebook

s downlink signal vector

H channel matrix

g channel propagation path complex gain

φ channel propagation path horizontal angle (azimuth)

θ channel propagation path vertical angle (elevation)

� carrier frequency wavelength

b antennas array steering vector

d distance between antenna array rows and columns

x BSs transmitted signal vector

y UEs received signal vector

n complex additive white Gaussian noise

σ 2 noise variance

A UE-BS assignment matrix

w channel bandwidth

r UE achievable rate

q downlink queue length
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2.1 � System model

2.1.1 � Notation

Normal letter a denotes a scalar variable. Boldface capital A and small a letters repre-
sent matrices and vectors, respectively. Capital calligraphic letters K indicates finite 
sets, and |K| denotes the cardinality of the set K . Im denotes the identity matrix of 
size m . {·}∗ , {·}T  and {·}H denote the conjugate, transpose and the conjugate transpose 
operators, respectively. � · �F  denote the Frobenius norm operator,and ⊗ symbolizes 
the Kronecker product. CN (µ, σ 2) is a circularly symmetric complex Gaussian distri-
bution with mean µ and variance σ 2.

2.1.2 � Setup and architecture

We consider the downlink transmission of a multi-user MIMO (MU-MIMO) system 
consisting of L BSs serving K UEs. We assume UEs to have a single antenna incapable 
of beamforming. As shown in Fig. 2 each BS is equipped with NT antennas and NRF 
RF chains and NT ≫ NRF . Each BS is capable of hybrid beamforming, utilizing a Base-
band (BB) processor to perform digital beamforming. Each RF chain feed into several 
antenna elements which is used for the implementation of the analog beamform-
ing. As discussed in [16], there exist multiple architectures for hybrid beamforming, 
which refer to how RF chains are connected to antenna elements. These include fully 
connected setup, where each RF chain can be connected to all the antennas; fixed 
subarray setup, where each RF chain connects to an unchanging subset of anten-
nas; and dynamic subarray setup. Studies have shown that the fully connected hybrid 
architecture has a performance similar to the fully digital architecture [17]. For this 
reason, we have assumed a fully connected architecture for the BSs in our work..Each 
user has a dedicated data stream which is processed by a single RF chain. Based on 
[1] the multiplexing gain of a MIMO channel equals min(K ,NRF) therefore NRF is the 
maximum number of users which a BS can simultaneously serve. All the BSs are con-
nected to a central orchestration unit (COU) serving as an orchestrator for the entire 
system and enabling the BSs to work cooperatively and form a system.

Each UE is assigned to and served by maximum one BS at a time which we call 
UE-BS association. The association between BSs and UEs is identified by UE-BS 
assignment matrix A ∈ {0, 1}L×K  . For l = 1, ..., L and k = 1, ...,K  , if UE-k is associated 
with BS-l, Al,k = 1 ; otherwise Al,k = 0.

At each time t the signal for the kth user is denoted by sk(t) for k = 1, ...,K  . At each 
t = T  we assume the signal to be E(sk(T )sk(T )∗) = 1 and E(si(T )sj(T )∗) = 0, ∀i �= j . 
Each BS is capable of hybrid beamforming; therefore the input signal is precoded by a 
digital beamforming vector fBBl,k ∈ C

NRF , and then it goes through another conversion 
via the analog beamforming vector FRFl � [fRFl,1 , ..., fRFl,NRF ] ∈ C

NT×NRF . Having the 
UE-BS assignment matrix, digital and analog beamforming matrix, the transmitted 
signal of BS l is calculated as
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Considering the power constraints of each BS l it should be ensured that

where Pmax,l is the maximum transmit power of BS-l, l = 1, ..., L . It is assumed that all 
the BSs have the same power capacity.

2.1.3 � Channel model and SINR

For the channel model as in [3], we’ve utilized a mmWave propagation channel having 
Nr channel paths. Considering NT as the number of antennas at the BS and one antenna 
at the UE, the channel vector hl,k between BS-l and UE-k can be modeled as

where gn , φn , and θn are the propagation path-n’s complex gain, horizontal angle and ver-
tical angle, and b ∈ C

NT is the antenna array steering vector which is dependent upon 
the arrangement of the antenna units in the array. Although uniform linear array (ULA) 
has been extensively used in the literature for the simplicity, we opted for a uniform rec-
tangular planar array (URPA) for its 2D beamforming capabilities in contrast to the lim-
ited 1D beamforming of ULA. The URPA consists of NTx rows each having NTy antennas. 
Each row and column is in fact a ULA with inter-element spacing distance of dx and dy , 
respectively. For simplicity and without loss of generality, we assume dx = dy = �

2 . The 
steering vector of an URPA in the far-field regime can be expressed as [32]

where bx(.) and by(.) denotes the horizontal and vertical steering vectors, respectively, 
such that

and

where κ = 2π/� is the wave number and � is the carrier frequency.
Subsequently, the received signal yk ∈ C at time t by UE-k is given by

(1)xl =
K
∑

k=1

Al,kFRFl fBBl,k sk .

(2)
K
∑

k=1

�Al,kFRFl fBBl,k�
2
F ≤ Pmax,l ,

(3)hl,k =

√

NT

Nr

Nr
∑

n=1

gnb(φn, θn),

(4)b(φ, θ) =
1

√
NT

(bx(φ, θ)⊗ by(φ, θ)),

(5)bx(φ, θ) =
[

1, ejκdx sin θ cosφ , . . . , ej(NTx−1)κdx sin θ cosφ
]T

,

(6)by(φ, θ) =
[

1, ejκdy sin θ sin φ , . . . , e
j(NTy−1)κdy sin θ sin φ

]T
,

(7)yk(t) =
L

∑

l=1

h
H
l,k(t)xl(t)+ nk(t),
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where hl,k is the channel matrix between BS-l and UE-k and nk(t) ∈ C is the complex 
additive white Gaussian noise following the complex Gaussian distribution with zero 
mean and a variance of σ 2

k  , i.e., nk(t) ∼ CN (0, σ 2
k ) . By substituting an instantaneous ver-

sion of equation (1) in place of xl we can obtain

We can separate the desired signal for the UE-k from the inter-BS and intra-BS interfer-
ence by

where the first term is the signal intended for UE-k, the second term is the signal 
intended for all the other UEs producing the interference, and the third term is the noise. 
Having separated the desired signal from the interference and noise, one can calculate 
the signal to noise-plus-interference (SINR) for UE-k at time t by

The SINR can be used in the calculation of the bitrate based on Shannon–Hartley theo-
rem stating that the maximum achievable bitrate r for UE-k at time t over a communica-
tion channel is [18]

where w is the bandwidth of the channel in hertz. The sum-rate of the UEs which is 
a linear combination of the UEs downlink bitrate can be calculated depending on the 
objective function, which will be discussed in the next section. It should be noted that 
we consider a block-fading channel model in which the channels remain constant within 
each block. Each block has a duration equal to the channel coherence time, which is 
the duration over which a wireless communication channel’s characteristics remain rela-
tively stable, and the channel block index is denoted by t, where t ∈ {1, 2, ...,T } . Simi-
lar to prior research on hybrid beamforming [11, 21] we assume a perfect knowledge of 
the channel state information (CSI) in the form of channel matrix for all the UEs. How-
ever, in practical scenarios, obtaining perfect CSI is challenging. Despite this, various 
methods have been developed to estimate CSI effectively. For instance, existing channel 
estimation algorithms, such as the adaptive compressed sensing technique [22], can be 
employed at the transmitters to estimate CSI with high accuracy.

(8)yk(t)=
L

∑

l=1

h
H
l,k(t)

K
∑

k=1

Al,k(t)FRFl(t)fBBl,k (t)sk(t)+ nk(t).

(9)

yk(t) =
L

∑

l=1

Al,k(t)h
H
l,k(t)FRFl(t)fBB,l,k(t)sk(t)

+
L

∑

l=1

K
∑

j=1,j �=k

Al,j(t)h
H
l,k(t)FRFl(t)fBBl,j(t)sj(t)+ nk(t),

(10)
SINRk(t) =

∣

∣

∣

∑L
l=1Al,k(t)h

H
l,k(t)FRFl (t)fBBl,k (t)

∣

∣

∣

2

∑K

j = 1
j �= k

∣

∣

∣

∑L
l=1Al,j(t)h

H
l,k(t)FRFl (t)fBBl,j (t)

∣

∣

∣

2
+ σ 2

k

.

(11)rk(t) = w log2(1+ SINRk(t)),
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2.2 � Resource allocation and objective functions

Resource allocation in wireless communication has always been a major concern due 
to the shared medium, and this issue becomes more pronounced with the increasing 
number of UEs, particularly in MU-MIMO systems. Traditionally, the primary objective 
in the MIMO literature has been to maximize the sum of the spectral efficiency (SE) or 
the bitrate of the UEs [19, 20]. While this approach effectively increases overall network 
throughput, it does not ensure proper resource utilization, guarantee fair distribution 
of resources among UEs or account for their varying requirements, potentially lead-
ing to suboptimal user experiences. To address these limitations, two main categories 
of resource allocation exist: throughput-optimal and fair scheduling [8]. Throughput-
optimal scheduling focuses on maximizing the overall network throughput, efficiently 
utilizing available bandwidth to achieve higher data rates. However, it often overlooks 
fairness, leading to some users receiving poor service. Fair scheduling, in contrast, aims 
to equitably distribute resources among users, prioritizing user satisfaction and PF met-
ric. While this method ensures fair resource allocation, it might not always achieve the 
highest possible throughput due to its emphasis on equity.

To improve network performance, resource utilization, and user satisfaction, we pro-
pose a more expressive techniques. We have identified three strategies for resource allo-
cation, each with its own corresponding objective function. Although the primary goal is 
to maximize the sum-rate, the definition of sum-rate varies based on the strategy used, 
which is reflected in the different objective functions. We will discuss these strategies 
and their respective objective functions in detail.

2.2.1 � Queue length minimization (QLM) strategy

Under QLM, the focus is on maximizing resource utilization in various network condi-
tions. The downlink queue length is considered as an indicator of user requirements. 
The aim is to allocate resources based on actual user needs, thereby reducing delays and 
enhancing the overall network experience [10]. The sum-rate at time t is calculated as

where R, r and q are, respectively, the sum-rate, the maximum achievable bitrate and 
downlink queue length for UE-k at time t.

2.2.2 � Long‑term PF maximization (PFM) strategy

Long-term PFM is an approach that aims to balance the cumulative data rates of all the 
users in the network. The cumulative data rate for a user k at time T is defined by an 
exponential moving average of the data rates it observed up to that moment {rk(t)}Tt=1 . 
At time t the cumulative data rate of UE-k is given by [7]

where δ ∈ [0, 1] is a constant weight. This metric reflects the long-term service quality 
experienced by the users. The sum-rate under PFM at time t is calculated by [9]

(12)R(t) =
K
∑

k=1

rk(t)qk(t),

(13)Rk(t) = (1− δ)Rk(t − 1)+ δrk(t),
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The goal is to allocate resources in a way that maximizes the proportional fairness of the 
users ensuring that each user receives a fair share of the resources.. The fairness aspect 
is particularly important in scenarios where users may have varying channel conditions 
and data requirements. By focusing on proportional fairness, the network can achieve a 
balanced distribution of resources, preventing conditions where some users monopolize 
the available bandwidth at the expense of others.

2.2.3 � Queue aware PF maximization (QPFM) strategy

QPFM aims to strike a balance between QLM and PFM by incorporating elements from 
both strategies. This approach ensures fairness while also paying attention to the queue 
lengths. The objective function considers both the current queue lengths and the PF metric 
in an attempt to allocate resources in a manner that not only maximizes fairness but also 
minimizes delays caused by long queue lengths. The sum-rate for QPFM can be formulated 
as

Using the sum-rate calculated by the objective function we can formulate the optimiza-
tion problem in the following section.

2.3 � Multi timescale schemes

The aim of the optimization is to maximize the instantaneous sum-rate under a certain 
objective function at each time t ∈ {1, ...,T } . For this purpose the instantaneous optimal 
BS-UE assignment matrix A and hybrid beamformer 

{

FRFl , fBBl,k
}

∀l, ∀k must be found 
subject to the transmit power constraints at BSs and the unit modulus constraints of phase 
shifters at the antennas. Having the BS power constraints and the objective function, the 
instantaneous sum-rate maximization problem can be formulated as

where Pmax is the BSs maximum transmit power. The first constraint indicates that each 
UE can be assigned to maximum one BS at a time. The second denotes the maximum 
number of UEs that can be simultaneously served by a BS, which equals the number of 

(14)R(t) =
K
∑

k=1

rk(t)

Rk(t − 1)
.

(15)R(t) =
K
∑

k=1

rk(t)qk(t)

Rk(t − 1)
.

(16)

max
A(t),{FRFl (t),fBBl,k (t)}∀l,∀k

R(t)

s.t.

L
∑

l=1

Al,k(t) ≤ 1, ∀k ,

K
∑

k=1

Al,k(t) ≤ NRF, ∀l,

|FRFl (t)i,j| = 1, ∀l, i, j,
K
∑

k=1

�Al,k(t)FRFl (t)fBBl,k (t)�
2
F ≤ Pmax, ∀l,
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RF chains[16]. The third represents the fixed amplitude of phase shifters, and the last 
constraint specifies that the hybrid beamforming matrices should be designed such that 
the maximum transmit power is not exceeded. Optimizing the sum-rate maximization 
problem in equation (16) involves several challenges. First, the objective function R(t) 
is complex and includes fractional and logarithmic terms. Also, the optimization prob-
lem is a mixed integer problem with A(t) existing in the discrete space, while FRF(t) and 
fBB(t) reside in the continuous space. Finally, the non-convex unit modulus constraint for 
the analog beamformer FRF(t) is difficult to handle. Using an exhaustive search method 
to design hybrid beamformers by examining all potential integer variables {Al,k}∀l,∀k 
leads to exponential growth in computational complexity as the number of users and 
base stations increases. To address this, we implement a sub-optimal solution dividing 
the problem into manageable sub-problems [7]. Accordingly, we suggest a multi-time-
scale scheme to tackle the resource optimization in a multi-BS MIMO environment. We 
consider three sub-problems with different intervals, namely UE-BS association, analog 
beamforming via beam sweeping and digital beamforming as can be seen in Fig. 3.

Initially, we employ the channel strength to determine the UE-BS assignment matrix 
A(t) . Because of the hardware limitations existing in the mmWave systems [4, 5] and 
to make the problem more manageable, we employ a codebook for the analog beam-
forming. We use beam-sweeping over the codebook to find the optimal codeword for 
each UE [25] which determines the FRF(t) . In the digital beamforming sub-problem, we 
employ the zero-forcing technique, which is widely adopted in both literature and indus-
try due to its effective balance between performance and computational efficiency [23]. 
In an iterative process we try to select an optimal subset of UEs to be served during the 
next coherence time which is manifested in the digital beamformer fBB(t).

Solving all of these sub-problems in each time block would be time-consuming and 
impractical, so we consider the various dynamic aspects of the wireless channel to deter-
mine the frequency of each task [24]. To tackle the short-term fading, we perform digital 

Fig. 3  Illustration of the hierarchical structure in the proposed multi-timescale beamforming scheme. Each 
UE-BS) association timeslot (top layer) encompasses multiple analog beamforming timeslots (middle layer), 
each of which is further subdivided into several digital beamforming timeslots (bottom layer). This structure 
enables flexible and efficient beam adaptation across different temporal granularities
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beamforming in each channel block. Given the less frequently changing nature of the 
long-term fading, we perform the analog beamforming once within multiple blocks 
to account for this phenomenon. Finally, the UE-BS association addresses the fading 
caused by the movement of the UEs, so it is performed once after multiple analog beam-
forming steps. Leveraging the varying characteristics of the wireless channel, this hierar-
chical approach optimizes computational resources, maintains system performance, and 
enhances the system’s ability to adapt to real-time changes, leading to a more robust and 
efficient network operation.

2.3.1 � UE‑BS assignment

Because of the directional characteristics of mmWave channels, the SINR for each UE 
is greatly affected by the channel gain. Therefore, similar to [11] the UE-BS assignment 
matrix A(t) is determined by optimizing the sum-channel-gain, which can be expressed 
as

The first and second constraints ensure that each UE is assigned to one and only one 
BS and, RF chain count limit is enforced. This problem can be solved by a brute-force 
approach having a computational complexity of O(KL) which is impractical. Therefore, 
similar to [26] Gale–Shapley (stable-marriage) algorithm, as shown in Algorithm 1 has 
been utilized with a lower complexity of O(K 2) to find a sub-optimal but timely feasible 
matching.

Initially, each BS creates a preference list ranking all the UEs based on channel gains 
and each UE does the same for BSs. Then, each UE proposes to the BS it prefers the 
most. Each BS then tentatively accepts proposals based on its ranking and available RF 
chains, rejecting lower-ranked UEs if necessary. The process iterates with UEs that were 
rejected proposing to their next preferred BS. This step repeats until all UEs are either 
matched to a BS or have no remaining preferred BSs to propose to. The algorithm guar-
antees that the final matching is stable, meaning no UE-BS pair would both prefer to be 
matched with each other over their current assignments.

(17)
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Algorithm 1  Gale–Shapley algorithm (stable-marriage)

2.3.2 � Analog beamforming by beam sweeping

A beam sweeping technique over a far-field angular domain codebook [13] is uti-
lized to find the optimal codeword, i.e., analog beamforming vector for each UE. The 
codebook, denoted by W = {w1, . . . ,wi} , consists of the analog beamforming vectors, 
where wi represents the i-th vector in the set W . After associating the UEs to BSs, the 
corresponding analog beamforming vectors are selected from the codebook W , i.e., 
fRFl,k (t) ∈ W , ∀l, ∀k . This process determines the analog precoder at each BS-l FRFl(t) . 
The corresponding optimization problem can be formulated as

This problem involves combinatorial optimization and can be solved using an exhaustive 
search method with a computational complexity of O(K × |W|) , as each UE is associ-
ated with only one BS.

2.3.3 � User selection

The purpose of this sub-problem is to select a subset of UEs assigned to each BS maxi-
mizing the objective function. The chosen UEs will be served in the upcoming chan-
nel block, while the others remain inactive. Digital beamforming, using the zero-forcing 
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(ZF) technique, will be employed to simultaneously serve the selected UEs, effectively 
minimizing intra-BS interference by applying an inverse filter.

Each BS, equipped with NRF RF chains, can serve up to NRF UEs simultaneously. 
Given L BSs in the network, the task is to select the best subset of NRF UEs for each BS 
independently with an overall computational complexity of O(L× NRF !) . This factorial 
growth in complexity renders any exhaustive search approach impractical. To achieve 
feasible computational performance while maintaining near-optimal solutions, we con-
sider two methods inspired by [7]: the greedy and the adaptive top-k method.

The greedy method, as shown in Algorithm 2, incrementally builds the optimal subset 
by selecting the UE that provides the highest marginal gain at each step. Specifically, 
the algorithm starts with an empty set and iteratively adds the UE that maximizes the 
overall objective function. The process continues until no further improvement is pos-
sible or the maximum number of UEs is reached. This approach ensures computational 
efficiency by focusing on the most beneficial UEs at each iteration, providing a good 
approximation of the optimal solution.

Algorithm 2  Greedy UE Selection and Beamforming

Despite the better performance of the greedy algorithm compared to an exhaustive 
search, it is still computationally expensive. Therefore, a less optimal but more perfor-
mant method is also evaluated. The implementation of the adaptive top-k algorithm as 
can been viewed in Algorithm 3, proceeds as follows:
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Initially, UEs are sorted based on their individual channel strengths, independent of 
other UEs’ influences. Subsequently, for each k from 1 to NRF  , the algorithm selects 
the top-k UEs and applies (ZF) beamforming. Each subset’s performance is evaluated, 
and the optimal subset among these top-k UEs is selected. This approach balances 
computational efficiency and performance, making it a practical alternative to the 
greedy algorithm in real-time applications.

Algorithm 3  Adaptive Top-k UE Selection and Beamforming

2.3.4 � Digital beamforming

Suppose Al denotes the set of active UEs for BS l at a given time. Let Hl,Al
∈ C

|Al |×NRF 
be the channel matrix corresponding to the active UEs, where |Al | is the number of 
active UEs. Given the analog beamforming matrix of the active UEs FRFl,Al

∈ C
NT×|Al | 

for BS l, the effective channel matrix Heffl for the active UEs can be represented as:

The ZF precoder FBBl ∈ C
NRF×|Al | for BS l is designed to nullify the interference among 

the active users. This is achieved by taking the Moore–Penrose pseudo-inverse of the 
effective channel matrix Heffl

We note that H†
effl

= [f∗BB,l1 , ..., f
∗
BB,l|Al |] . Similar to [28], to ensure the transmit power 

constraint is met and equally distribute power among the active UEs, the ZF precoder is 
normalized:

(19)Heffl = Hl,Al
FRFAl

(20)H
†
effl

= H
H
effl

(

HefflH
H
effl

)−1
.
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Consequently, the digital precoding matrix corresponding to the active UEs of BS-l 
would be in the form of FBBl = [fBBl1 , ..., fBBl |Al |].

2.4 � Simulation setup

We conduct multiple experiments to assess the performance of the scheme’s vari-
ous layers, focusing on execution time and network key performance indicators 
such as throughput, delay and jitter, which is defined as the difference of consecutive 
packet delays of the same UE. Additionally, we evaluate the scalability of the scheme 
with increasing packet injection rates and varying UE/BS densities. Finally, we intro-
duce and evaluate the sub-coherence time allocation mechanism in different scenar-
ios. In order to simulate the mmWave channel we’ve adapted the model introduced in 
[3]. It considers path clusters among BS-UE pairs. Based on the distances, paths have 
probabilities of being line-of-sight (LOS), non-line-of-sight (NLOS), or too weak to 
be useful and in outage (OUT). Considering the sparsity of mmWave channel having 
a few distinct paths [3, 30] we consider a path count of Nr = 5 . Each path has eleva-
tion θ ∼ U(0,π/2) , azimuth φ ∼ U(0, 2π) , and a gain with a complex Gaussian 
distribution g ∼ CN (0,Urτ−1

k 10−0.1Zk ) . Urτ−1

k  denotes the path-k’s power fraction having 
Uk ∼ U [0, 1] , and Zk ∼ N (0, ζ 2) is its path loss. We use rτ = 2.8 and, ζ = 4.0 as refer-
ence value. We assume the noise power σ 2 to be −90 dBm and the carrier frequency to 
be 28 GHz [3].

We consider an indoor environment for the simulation, specifically an expo hall with 
dimensions of 120 m in length, 80 m in width, and 10 m in height as in Fig. 4. The BSs 
are uniformly distributed across the ceiling, facing downward. All BSs are connected 
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Fig. 4  Illustration of the indoor simulation environment used to evaluate the proposed scheme. 
Ceiling-mounted antenna arrays positioned at a height of 10 m generate directional beams to serve mobile 
users located on a 1.5 m elevation plane. The deployment spans an indoor area of 80 m × 120 m, enabling 
realistic assessment of beamforming strategies in a 3D user distribution setting
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to the COU via wired connections, which manages the UE-BS association. Each BS is 
equipped with a URPA containing NT = 60 antennas, arranged in a length of NTx = 12 
and a width of NTy = 5 antennas. The BS total power constraint is Pmax = 1 Watt [31]. 
The antenna array can receive from an azimuth range of (0◦, 360◦) and an elevation range 
of (0◦, 90◦) . The codebook W consists of a 16× 4 grid of beams, equally spaced in both 
the azimuth and elevation [27].

The UEs are randomly distributed on a plane positioned 1.5  m above the ground, 
with a vertical variation of ±10 cm. They move according to a Gauss-Markov 2D mobil-
ity model [29]. This model incorporates random changes in direction and speed, with 
a maximum speed of 5  km/h, as well as occasional stops, to realistically simulate UE 
indoor movement patterns for performance evaluation in wireless communication 
environments.

Considering the rapid changes in the channel caused by mobility and the mmWave 
carrier frequency, the coherence time is determined to be on the order of a few milli-
seconds [33]. Accordingly, we set the intervals of various sub-optimizations. The digital 
beamforming is done once every 1 ms, the analog beamforming is done every 10 ms, 
and the UE-BS assignment every 100 ms to account for the various dynamic character-
istics of the wireless channel while keeping the performance of the system at an accept-
able level. Parameters such as the number of UEs, BS, and RF chains per BS are adjusted 
based on the requirements of each scenario and experiment.

The transmission unit in this simulation is frame, each with a specific size of 2304 
bytes. Each UE has a dedicated data stream with its own downlink queue in which 
frames are introduced. The delay of each frame is calculated as the time between frame’s 
generation and entry to the queue and the time of leaving the queue for transmission. 
To model the arrival of frames into the queue, we use a Poisson distribution, commonly 
used for simulating random arrival processes in network traffic. The injection rate refers 
to the average SE assumed for each UE. Specifically, an injection rate of 1 corresponds to 
an average SE of 1 b/s/Hz for each UE. We set the rate parameter of the Poisson process 
so that the average input traffic rate for each UE matches this SE’s maximum possible 
data rate. Unless stated otherwise, the injection rate is 1 in the experiments.

We consider two execution modes: digital (D) and hybrid (H). In the Digital mode, we 
employ a fully digital multi-BS beamforming setup that includes UE-BS assignment and 
digital beamforming, with each BS having an equal number of RF chains and antennas 
in the array ( NT = NRF ). In the hybrid mode, we use a hybrid beamforming setup that 
incorporates UE-BS assignment, analog beamforming, and digital beamforming layers, 
but with one order of magnitude smaller RF chains count than antennas ( NT >> NRF ). 
For each setup, we ran the experiment 10 times with different random seeds to ensure a 
diverse sample. The metrics were collected for each channel block in each run and aver-
aged. The experiments were conducted on a system with the following specifications: 
two Hexa-core Intel E5645 (2.4GHz) CPUs and 24GB RAM.

3 � Results and discussion
This section presents and analyzes the results of our experiments, namely: (1) Layer 
Impact Study, (2) Scalability Study, and (3) Sub-Coherence Time Allocation. Each set of 
results is examined step by step, followed by a discussion on its significance.
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3.1 � Layer impact study

Here, we assess the performance of different methods in each layer of the scheme and 
compare them to the baseline. Starting with the UE-BS assignment, we consider three 
methods: Gale–Shapley (GS), Random (RND), and Static (STA). The Gale–Shapley 
method uses the Gale–Shapley algorithm, as discussed in Algorithm  1. The Random 
method randomly assigns the UEs to their respective BSs, while the Static method per-
forms the Gale–Shapley calculation to create the initial association matrix and keeps it 
unchanged for the duration of the experiment.

We consider both digital and hybrid modes, utilizing the Greedy algorithm (Algo-
rithm 2) for UE selection and QPFM as the objective function. The parameters for the 
experiment are set as follows: L = 4 UEs, NRF = 5 RF chains, and K = 20 BSs. The 
experiment was conducted over 4000 channel blocks with a warm-up period of 500 
blocks, so the results represent the average metrics collected from block 500 to block 
4000.

Figure 5 illustrates the distribution of the network delay experienced by UEs under 
different assignment methods and setup modes. Clearly, the digital mode exhib-
its a lower delay (50% to 87% better performance in median delay) across all meth-
ods due to more effective beamforming and a higher number of RF chains. When 
examining the assignment methods, we observe that having a small number of BSs 
( L = 4 ), the random assignment yields lower delay compared to a static approach. 
Using the median delay as the criterion, we can see that the Gale–Shapley algorithm 

Fig. 5  Box plot comparison of delay across different transmission modes (digital and hybrid) and UE–BS 
assignment methods (Stable Marriage, Random, and Static). For each configuration, the box spans the 
interquartile range, the horizontal line within the box represents the median, and the lower whisker indicates 
the minimum observed delay. The upper whisker is omitted due to large deviations, with maximum values 
represented by circles. To enhance clarity and avoid distortion caused by extreme outliers, the vertical axis is 
split. The average delay for each case is annotated directly on the corresponding box
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outperforms the random and static approaches by 78% and 82%, respectively, in the 
digital mode. This performance gain is even more pronounced in the hybrid mode, 
achieving improvements of 87% and 95%, respectively. Figure  6 illustrates the dis-
tribution of active UEs count. Due to similar activation criteria, a higher number of 
simultaneously active UEs implies better performance, which is clearly the case for 
the Gale–Shapley method having 15% to 25% higher active user count compared to 
the others. Based on these results, we can conclude that utilizing the Gale–Shapley 
method in the UE-BS assignment layer leads to better performance in both digital 
and hybrid operation modes.

The next step is to compare the performance of different UE selection algorithms: 
the Greedy algorithm (Algorithm  2), the Adaptive Top-k algorithm (Algorithm  3), 
and Serving All (SA), which keeps all the UEs assigned to a BS active all the time. 
We will also compare different objective functions: BM, PFM, QLM, and QPFM. Both 
digital and hybrid modes will be considered, using the Gale–Shapley algorithm for UE 
assignment. The UE, BS, RF chain count, and experiment duration remain consist-
ent with the previous experiment. To compare the execution time, we break the total 
computation into four parts: UE association, beam sweeping, UE selection, and digi-
tal beamforming. 

Fig. 6  Box plot showing the number of active UEs under different UE–BS assignment methods (Stable 
Marriage, Random, and Static) across two operation modes: digital and hybrid. Each box illustrates the 
interquartile range, with the horizontal orange line indicating the median. Whiskers extend to the minimum 
and maximum values within each group. The average number of active UEs is labeled directly on each box to 
highlight overall performance differences between methods
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1.	 UE Association (Layer 1): This sub-problem involves all computations necessary to 
perform Gale–Shapley algorithm, taking into account the current BS-UE channel 
conditions.

2.	 Beam Sweeping (Layer 2): The aim of this sub-problem is to find the optimal analog 
beamformer from the codebook for each UE.

3.	 UE Selection (Layer 3): In this step, the selection algorithm and objective function 
are utilized to determine which UEs should remain active.

4.	 Digital Beamforming (Layer 3): Given the set of active UEs for each BS, the zero-
forcing technique is applied to obtain the digital beamformer.

Please note that the execution times reported in this study are hardware dependent. 
Since the simulations were performed on a general-purpose machine, the observed 
execution times are higher than those that would be achieved on dedicated signal pro-
cessing hardware. Our primary objective was to compare relative performance metrics 
rather than absolute real-time performance. In a practical deployment scenario utiliz-
ing specialized signal processing hardware, the execution times would be significantly 
reduced, providing a more accurate representation of the system’s real-world perfor-
mance capabilities.

An example of a more efficient hardware can be Resistive Random-Access Memory 
(RRAM), which allows for massively parallel, high-speed, and energy-efficient com-
putations and is particularly attractive for MIMO precoder computation. [34] shows 
that using this technique, a 91× lower computation time can be achieved. Similarly, 
[35] reports a two-order-of-magnitude improvement in execution time using a simi-
lar approach. As in Fig. 7, we observed an execution time of 250 ns for zero-forcing 
in a 5 × 40 MIMO system, while [35] reports an execution time of 20 ns for a 16×128 

Fig. 7  Comparing the average execution time for each computational step in a single execution, without 
accounting for differences in execution frequency across steps. Comparing different objective functions and 
UE-BS selection methods in hybrid operation mode. Note that the x axis has a logarithmic scale. H: hybrid, TK: 
adaptive top-k, SA: serving all, PFM: proportional fairness maximization, and QLM: queue length minimization
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system utilizing RRAM. This highlights the huge potential for speedup in the compu-
tation time when using specialized signal processing hardware.

Figure 7 illustrates the average execution time for a single run of each step under 
different UE selection methods and objective functions in hybrid mode. The two bar 
groups at the very bottom display the performance of the greedy algorithm, the next 
two upper groups represent the adaptive top-k method, and the single topmost group 
shows the Serve All approach. The Beam Sweeping step has the highest execution 
time ( ∼14  ms) due to the large number of BS-UE pair channel matrix assessments 
and its exhaustive search approach. However, its lower execution frequency (every 10 
channel blocks) makes it manageable for the BSs. Regarding UE selection, the adap-
tive top-k method requires 30% less time than the greedy algorithm. UE association 
takes relatively little time ( ∼1.8ms) and, due to its infrequent execution (every 100 
blocks), has the least computational requirement. Digital beamforming by zero-forc-
ing has a low execution time ( ∼0.25ms) but, due to frequent execution, contributes 
significantly to the total execution time.

Figure  7 does not account for the effect of the execution frequency. To provide a 
more comprehensive understanding of the total computational requirements of dif-
ferent steps, Fig. 8 visualizes the average total execution time of each step over 1000 
channel blocks. As observed, despite having a relatively low stepwise execution time, 
UE selection dominates the total execution time due to its high execution frequency. 
The Greedy approach results in 80% higher execution time compared to the Adaptive 
Top-K method. Additionally, beam sweeping experiences a 23% increase in execution 
time in the Greedy approach due to a larger number of simultaneously active UEs. In 

Fig. 8  Comparison of the total execution time for processing 1000 channel blocks under different objective 
functions and UE-BS selection methods in hybrid operation mode. This figure provides an aggregated view 
of execution time, capturing the cumulative computational cost of all steps involved in each scenario. Note 
that the x axis has a logarithmic scale. H: hybrid, TK: adaptive top-k, SA: serving all, PFM: Proportional fairness 
maximization and QLM: Queue length minimization
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contrast, digital beamforming and UE association consistently contribute the least to 
the overall computation time.

A comparison of the distribution of the network delay under different objective func-
tions and UE selection algorithms in digital mode can be found in Fig. 9. The Serve All 
approach results in the highest variance of delay, whereas the greedy and adaptive top-k 
approaches exhibit similar performance. Given the lower execution time of the adaptive 
top-k method (30% less time), it emerges as the better choice for UE selection in digital 
mode. However, this conclusion does not extend to the hybrid mode (which is not illus-
trated in Fig.  9 because of space limitations), where the adaptive top-k method yields 
50% higher average delay compared to the greedy algorithm, rendering it unsuitable for 
hybrid applications. Regarding objective functions, BM consistently exhibits the highest 
delay variance and the poorest performance, followed by PFM, which shows moderate 
improvement. Queue-based objective functions, specifically QLM and QPFM, deliver 
the best performance across all scenarios, having the lowest variance and average delay.

3.2 � Scalability study

Next, we assess the scalability and robustness of our proposed scheme under increas-
ing traffic and UE/BS deployment density in the environment. We begin by examining 
the impact of increasing the traffic injection rate on different objective functions in both 
digital and hybrid modes. Following the previously defined injection rate parameter, 
we consider five rates: 0.3, 0.7, 1, 1.7 and 3. The Gale–Shapley algorithm is used for UE 
assignment, with L = 4 UEs, NRF = 5 RF chains, and K = 20 BSs. Each experiment runs 
for a duration of 3000 channel blocks, including a warm-up period of 500 blocks.

The growth of delay and jitter under increasing injection rate in different setups can 
be seen in Figs. 10 and 11 on a logarithmic scale. At the lowest injection rate, the aver-
age delay and jitter values in the hybrid mode are 70% to 96% higher compared to the 

Fig. 9  Box plot of the delay under different objective functions and UE-BS selection methods in the Digital 
mode. Each box spans the first and third quartiles, with a horizontal line showing the median. The whiskers 
extend to the minimum data points that are not outliers, while maximums that are outliers are displayed 
as circles. Because maximums are relative very large, the vertical axis is split to maintain a clear view of the 
main data distribution. The average delay for each case is labeled on the corresponding box. Abbreviations: 
D—Digital, TK—adaptive top-k, SA—serving all, BM—bitrate maximization, PFM—proportional fairness 
maximization, QLM—queue length minimization, QPFM - queue-aware proportional fairness maximization
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digital mode. This disparity becomes more pronounced as the injection rate increases, 
reaching 144% to 230% at the 1.7 rate. This implies better scalability and performance 
in digital mode Considering the objective functions, BM consistently shows the worst 
performance and scalability, followed by PFM. QPFM and QLM exhibit the highest per-
formance and scalability against increasing input traffic.

Fig. 10  Comparing the delay of different objective functions under increasing injection rate and two 
operation modes on a logarithmic scale. D: digital, H: hybrid, BM: bitrate maximization, PFM: proportional 
fairness maximization, QLM: queue length minimization and QPFM: queue-aware proportional fairness 
maximization

Fig. 11  Comparing the jitter of different objective functions under increasing injection rate and two 
operation modes on a logarithmic scale. D: digital, H: hybrid, BM: bitrate maximization, PFM: proportional 
fairness maximization, QLM: Queue length minimization and QPFM: queue-aware proportional fairness 
maximization
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We also investigated the impacts of extreme injection rates on the performance of 
objective functions. Jumping from the rate of 1.7 to rate of 3 in hybrid mode, we observed 
a significant increase in the average delay, jitter, and queue size for both QPFM (1200%) 
and PFM (800%), even exceeding those of BM (620%). These findings indicate that the 
effectiveness of proportional fairness-based approaches is limited to regular, unsaturated 
network operation regimes. Under extremely saturated conditions (e.g., injection rates 
> 2 ), when queues tend to grow very large, QLM proves to be a better alternative.

Next, we evaluate the impact of increased deployment density on the performance 
of objective functions. We consider two scenarios: an increase in UE density and an 
increase in BS density. In the first scenario, we maintain a constant number of BSs but 
increase the number of UEs and RF chains per BS, resulting in more UEs per BS. In the 
second scenario, both the number of BSs and UEs increase while keeping the RF chain 
count per BS constant. This means that although the number of UEs per BS remains 
unchanged, the deployment area becomes denser, leading to higher interference lev-
els. In the UE density increase scenario, both inter-BS and intra-BS interference rise, 
whereas in the BS density increase scenario, only inter-BS interference worsens.

We begin by examining the impact of increased UE density in both digital and hybrid 
modes, employing the Gale–Shapley algorithm for UE assignment and the Greedy algo-
rithm for UE selection. We consider K = 4 BSs with an increasing number of total UEs: 
8, 20, 32, 64, and 128. Correspondingly, the RF chain counts are 2, 5, 8, 16, and 32. The 
total duration of the experiment is 2000 blocks, including a warm-up period similar to 
the previous experiments. Figure 12 illustrates the execution time of each step for differ-
ent numbers of UEs on a logarithmic scale. As observed, UE association, beam sweep-
ing, and digital beamforming, which have a computational complexity of O(NRF) , exhibit 
linear growth. However, the most significant growth occurs in the UE selection step, 
which has a complexity of O(N 2

RF).
Figure 13 compares the effect of increasing the UE count on delay across different sce-

narios on a logarithmic scale. For the hybrid mode, the chart can be divided into two 

Fig. 12  Comparing the execution time of different computation step under increasing UE count on a 
logarithmic scale. The number of all UEs is written in the parenthesis. H: hybrid, BM: bitrate maximization, 
PFM: proportional fairness maximization, QLM: queue length minimization and QPFM: queue-aware 
proportional fairness maximization
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conditions: the unsaturated regime ( L ≤ 64 ) and the saturated regime ( L > 64 ). In the 
unsaturated regime, BM shows the worst performance, followed by PFM, while QPFM 
and QLM exhibit the lowest delay. In the saturated regime, the effectiveness of PF-based 
methods decreases, rendering QPFM and PFM unsuitable. The digital mode offers a 
higher capacity, showing a broader unsaturated range ( L ≤ 128).

For the BS density increase, we examine the hybrid mode, using the Gale–Shapley 
algorithm for UE assignment and the Greedy algorithm for UE selection. We consider 
NRF = 5 RF chains per BS with an increasing number of BSs: 2, 4, 8, 16, and 32. Corre-
spondingly, the UE counts are 10, 20, 40, 80, and 160. As shown in Fig. 14, in the unsatu-
rated regime ( K < 16 ), BM exhibits the worst performance, followed by PFM, QPFM, 
and QLM. In the saturated regime, there is a noticeable performance drop for PFM and 
QPFM, rendering them ineffective. It is important to note that with the increase in the 
number of BSs, inter-BS interference becomes dominant, causing the delay to grow 
noticeably under all objective functions.

3.3 � Sub‑coherence time allocation

Traditionally, the digital precoder is calculated at the beginning of a coherence time 
and remains effective throughout its duration [7, 11, 12]. In an indoor setup with high 
bandwidth and favorable signal power, some UEs might have exhausted their downlink 
queue while still considered in the zero-forcing beamformer. This situation unnecessar-
ily limits other UEs and lowers the overall network capacity. To address this issue, we 
propose a new digital beamforming method called speculative sub-coherence time 
allocation. The key idea is to divide the coherence time into multiple sub-slots based 
on the network usage of UEs and calculate a different digital precoder for each sub-slot. 
As in Fig.  15, by examining the queue lengths of active UEs and their expected rates, 
we can estimate the time needed for their queues to be exhausted. If a UE is expected 

Fig. 13  Comparing the delay of different objective functions under increasing UE count on a logarithmic 
scale. D: digital, H: hybrid, BM: bitrate maximization, PFM: proportional fairness maximization, QLM: queue 
length minimization and QPFM: queue-aware proportional fairness maximization
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to exhaust its queue before the end of the coherence time, it is removed from the active 
UE set for the remainder of the coherence time, and the zero-forcing precoder is recal-
culated without it. As illustrated in Fig. 15, at the beginning of a timeslot, we calculate 
the transmission time for each UE based on its queue length and expected rate. Starting 
from the first sub-slot, all UEs are considered, and the precoder is calculated. When a 
UE completes its transmission, a new sub-slot begins with one less active UE, and a new 
precoder is calculated. All these speculative calculations are performed at the beginning 

Fig. 14  Comparing the delay of different objective functions under increasing BS count on a logarithmic 
scale. H: hybrid, BM: bitrate maximization, PFM: proportional fairness maximization, QLM: queue length 
minimization and QPFM: queue-aware proportional fairness maximization

Fig. 15  Illustration of a single channel block subdivided into multiple sub-slots, each allocated according 
to the downlink queue length of the user. The left side shows the queue sizes for different UEs, while the 
right side indicates how each UE’s transmission is scheduled in a sub-slot proportional to its backlog. This 
queue-aware scheduling enables flexible and efficient resource utilization within each channel block
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of a timeslot, and the computed digital beamformers are activated sequentially at their 
designated times.

To test the effectiveness of this approach, we conducted two sets of experiments with 
identical setups, except one utilized multi-precoding while the other used a single pre-
coder. We examined both hybrid and digital modes, employing the Gale–Shapley algo-
rithm for UE assignment and the Greedy algorithm for UE selection. Only queue-based 
objective functions, QLM and QPFM, were considered. The layout parameters were set 
as follows: L = 4 UEs, NRF = 5 RF chains, and K = 20 BSs. The experiments were con-
ducted over 1000 channel blocks with an identical warm-up period. It should be noted 
that this experiment assumes no retransmissions based on the HARQ mechanism.

Figure  16 compares the distribution of the network delay and demonstrates the 
improvement achieved with multi-precoding under different modes and objective 
functions. In digital mode, the average delay is reduced by 25% to 30%, accompanied 
by halving of the delay variance. In contrast, the hybrid mode exhibits a more modest 
improvement, with an average delay reduction ranging from 11% to 25%. This approach 
proves more effective in the fully digital mode due to the greater flexibility provided by 
the larger number of RF chains. Moreover, the fully queue-based QLM benefits more 
than QPFM. Notably, the improvement in network experience is evident in all scenarios, 
and coupled with the low computational overhead of the multi-precoder approach ( ∼
16% of the total execution time) it is a promising augmentation technique for next gen-
eration MIMO systems.

3.4 � Discussion

Although system-level performance indicators such as throughput provide a broad view 
of overall efficiency, they do not align closely with our objective of fair and effective 

Fig. 16  Box plot of the delay under different objective functions and modes (digital/hybrid), comparing 
scenarios with and without sub-coherence time allocation. Each box spans the first and third quartiles, 
with a horizontal line for the median, and the whisker indicates the minimum. Because maximum values 
are outliers, they appear as a small circle. The vertical axis is split into two parts, each using a different scale 
to better visualize both typical and extreme values. The average delay in each scenario is printed on its bar. 
Abbreviations: D—digital, H—hybrid, QLM—queue length minimization, QPFM—queue-aware proportional 
fairness maximization
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resource allocation. Instead, we prioritize metrics such as delay and jitter, which more 
accurately capture the impact of resource allocation on individual UEs. By emphasizing 
these user-centric indicators, we highlight how effectively each UE’s requirements are 
being addressed.

A fully digital MIMO system, due to its higher RF chain count and fewer limitations, 
offers better overall performance, scalability, and a broader unsaturated operation 
region. However, in XL-MIMO setups, a purely digital configuration becomes impracti-
cal due to higher costs, increased energy consumption, and thermal issues. Therefore, a 
trade-off is necessary, opting for a hybrid approach. Purely queue-based objective func-
tions (e.g., QLM) demonstrate visibly better performance and scalability compared to 
simple bitrate maximization (e.g., BM) or proportional fairness-based methods (e.g., 
PFM, QPFM). Proportional fairness is highly sensitive to network saturation and quickly 
loses its effectiveness, whereas a queue-based approach maintains its efficacy under var-
ying injection rates and BS/UE densities. Hence, a queue-based objective function is rec-
ommended for designing future mmWave MIMO systems. UE assignment and active UE 
selection are as crucial as beamforming. Not all UEs should be served simultaneously. 
Effectively selecting the UEs to be served during each coherence time is as important as 
the technique used for beamforming. Additionally, sub-coherence time allocation can be 
considered for its superior resource utilization and improved performance across differ-
ent setups and scenarios.

4 � Conclusions
In this paper, we studied the performance of different resource allocation techniques in 
digital/hybrid beamforming and proposed a multi-layer scheme to enhance the network 
experience of UEs in a multi-BS XL-MIMO setup, considering various forms of dyna-
mism in wireless channels. The sub-problems of UE-BS assignment, analog beamform-
ing, active UE selection, and digital beamforming are executed at different intervals to 
minimize the delay and maximize the throughput for the UEs. The execution time and 
performance are balanced by solving each sub-problem when necessary. Additionally, 
we introduced an extension called sub-coherence time allocation to better utilize the 
limited channel resources which yields 11% to 30% lower average network delay under 
different operation modes. Through multiple experiments, we demonstrate the superi-
ority of purely queue-based objective functions considering performance and scalability. 
They also offer a wider unsaturated operational regime. Our findings suggest that, rather 
than serving all UEs simultaneously, it is more effective to serve a subset of them during 
each coherence time.

For future work, developing the proposed scheme into a deployable protocol for 
multi-BS MIMO setups would be a valuable next step. Additionally, extending the 
scheme to support time-sensitive networking applications offers another intriguing 
research direction. Given that our current assumptions rely on the availability of a 
perfect channel matrix, future efforts should explore pilot sequencing and channel 
estimation techniques to address practical scenarios. A promising avenue for further 
research involves replacing fixed, wired-connected BSs with mobile, wireless ones. In 
such dynamic environments, the same beamforming techniques can be adapted not 
only for BS-UE connections but also for BS-BS links. To optimize the performance of 
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analog beamforming, effective channel budgeting techniques and trajectory predic-
tion methods will be crucial.

Abbreviations
AWGN	� Additive White Gaussian Noise
BB	� Baseband
BM	� Bitrate Maximization
BS	� Base Station
COU	� Central Orchestration Unit
CSI	� Channel State Information
D	� Digital (operation mode)
H	� Hybrid (operation mode)
LOS	� Line-of-Sight (in channel model)
MIMO	� Multiple-Input Multiple-Output
mmWave	� Millimeter-Wave
MU-MIMO	� Multi-User MIMO
NLOS	� Non-Line-of-Sight (in channel model)
OMNeT++	� Objective Modular Network Testbed in C++ (a network simulation framework)
OUT	� Outage (in channel model)
PF	� Proportional Fairness
PFM	� Proportional Fairness Maximization
QLM	� Queue Length Minimization
QPFM	� Queue-Aware Proportional Fairness Maximization
RF	� Radio Frequency
RND	� Random (UE-BS assignment method)
SA	� Serving All (UE selection method)
SE	� Spectral Efficiency
SINR	� Signal-to-Interference-plus-Noise Ratio
GS	� Gale–Shapley (UE-BS assignment method)
STA	� Static (UE-BS assignment method)
TK	� Adaptive Top-K (UE selection algorithm)
ULA	� Uniform Linear Array
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UE	� User Equipment
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