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Abstract—Cell-free massive multiple-input multiple-output is
a potential candidate for future networks with pervasive con-
nectivity by utilizing coherent joint transmission and distributed
antenna arrays. This paper studies the exploitation of full-duplex
communication for a distributed antenna array. Specifically, we
derive a closed-form expression for the uplink and downlink
ergodic spectral efficiency (SE) for a network where the APs can
flexibly operate in either the full-duplex or half-duplex mode with
linear processing and Rayleigh fading channels. A long-term total
SE maximization problem is formulated subject to a network
operation model and individual SE requirements with limited
power budget. Due to the intrinsic nonconvexity and infeasible
circumstances where some UEs might not be able to achieve the
rate requirements, we adapt differential evolution to design a low
computational complexity algorithm that can attain good power
allocation and network operation mode in polynomial time.
Numerical results demonstrate the effectiveness of our system
design and proposed algorithm over state-of-the-art benchmarks
with satisfactory service to the majority of UEs, although several
ones may be unscheduled under harsh conditions.

Index Terms—Cell-free massive multiple-input multiple-output
(CF-mMIMO), spectral efficiency (SE), network-assisted full-
duplex (NAFD), differential evolution.

I. INTRODUCTION

MOBILE data traffic continues to grow, driven by
the proliferation of Internet of Things (IoT) devices,
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immersive applications, such as augmented and virtual real-
ity (AR/VR), and the demand for ubiquitous connectivity
[2]. Although fifth-generation (5G) networks have improved
mobile broadband services, they still face several challenges,
including costly infrastructure deployment, limited millimeter-
wave coverage, and scalability issues in ultra-dense scenarios.
To overcome these limitations, sixth-generation (6G) networks
are envisioned to deliver higher spectral and energy efficiency,
ultra-reliable low-latency communications, and massive device
connectivity [3]. Beyond enhanced broadband, 6G is expected
to enable a wide range of emerging applications, such as
large-scale digital twins [4], autonomous vehicle networks,
smart city infrastructures with satellite–terrestrial integration
[5], and efficient communication through reconfigurable intel-
ligent surfaces [6]. These capabilities aim to support seamless
connectivity and enable new services, contributing to the
evolution of the digital ecosystem, enhancing user experi-
ences, and facilitating future technological developments. In
this context, cell-free massive multiple-input multiple-output
(CF-mMIMO) and full-duplex (FD) communications have
emerged as promising enablers to underpin these demanding
requirements [7].

CF-mMIMO has been introduced as a solution to mitigate
inter-cell interference and to offer balanced quality-of-
experience services for users (UEs) [8]. In CF-mMIMO, a
large number of access points (APs) antennas are distributed
within the coverage area and coordinated by several data
center-level computing units (DCCUs) to simultaneously serve
many UEs in the same time-frequency resources. The primary
distinction of CF-mMIMO, in contrast to conventional cellular
mMIMO, lies in the expectation of a significantly greater
number of APs compared to UEs, operating within a regime
devoid of cell boundaries [9], [10]. CF-mMIMO inherits key
benefits of collocated massive MIMO (Co-mMIMO), such
as channel hardening and favorable propagation [11], while
offering superior spectral efficiency (SE) over small-cell and
Co-mMIMO networks through joint/coherent processing of
many APs at the DCCUs.

FD communication in CF-mMIMO represents an advanced
mechanism by enabling simultaneous transmission and recep-
tion on the same frequency channel [12], [13]. By enabling
uplink (UL) and downlink (DL) transmissions to happen
simultaneously on the same time-frequency resources, FD
systems can reclaim the bandwidth that is typically lost in
traditional half-duple (HD) systems. However, interference
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management in FD CF-mMIMO systems is more complex
than in their HD counterparts due to the presence of residual
self-interference (RSI) that persists even after self-interference
(SI) suppression. Although passive and active SI suppression
techniques have effectively reduced the SI power to back-
ground noise levels, deploying power-hungry SI suppression
circuits across all APs would increase the power consumption
to unacceptable levels, especially given the large number of
APs in the network [14]. Additionally, inter-AP/UE interfer-
ence, known as cross-link interference (CLI), degrades FD
CF-mMIMO network performance. The rising CLI impacts
the SE and energy efficiency, often undermining the potential
gains over HD systems, even with the joint DL/UL power
allocation and large-scale fading decoding (LSFD) designs.

To mitigate the adverse impacts of RSI and CLI on the
performance of FD CF-mMIMO networks, an effective solu-
tion is to adopt a novel physical layer design for CF-mMIMO,
termed network-assisted full duplexing (NAFD), as introduced
in [15]. In NAFD CF-mMIMO, APs can function in FD mode
(with all APs handling UL and DL simultaneously on the
same frequency), hybrid-duplex mode (with a mix of HD and
FD APs in the network), or flexible-duplex mode (where APs
operate in HD). This allows NAFD to integrate all duplex
modes within the network [15], [16]. Each AP’s transmission
mode (i.e., UL reception and/or DL transmission) can be
dynamically adjusted according to network conditions and
requirements (e.g., the location and number of UL and DL
UEs, as well as their quality-of-service (QoS) requirements),
enabling simultaneous and adaptable support for both UL and
DL services. Consequently, the need for FD operation at all
APs is reduced, as only some APs (if required) will operate in
FD mode. This flexibility decreases the overall network energy
consumption due to the reduced need for SI suppression.
Meanwhile, the UL and DL operation modes of the HD APs
are determined by the network’s configuration. Specifically,
APs near UEs engaged in UL transmission will perform UL
reception, while those near UEs with DL traffic will switch to
DL transmission. This approach helps manage the amount of
CLI in the network.

A. Review of Related Literature

NAFD CF-mMIMO systems have been studied from multi-
ple perspectives and across various configurations [15], [16],
[17], [18], [19], [20], [21], [22], [23]. Wang et al. [15] first
proposed the idea of NAFD CF-mMIMO, inspired by the
COMPflex concept introduced in [24]. They analyzed the SE
of NAFD CF-mMIMO with HD APs, considering the impact
of imperfect CSI and spatial correlations. Li et al. [16]
proposed a beamforming training approach to cancel inter-
AP interference and facilitate coherent decoding at the DL
terminals. The authors also developed a multi-objective opti-
mization problem aimed at minimizing the total power used
for pilot and data transmission, while adhering to per-terminal
QoS and power budget constraints. Xia et al. [17] developed a
two-stage iterative semi-definite relaxation and block coordi-
nate descent algorithm to address the highly non-convex joint
transceiver design problem. The idea in [18] simultaneously
optimized UE selection, fronthaul compression ratio, and

transceiver beamforming to maximize the SE and the number
of UEs admitted to the network.

The studies in [15], [16], [17], and [18] assumed a fixed
mode assignment at the APs, whereas the authors in [19],
[20], [21], [22], and [23] demonstrated that the performance
of NAFD CF-mMIMO networks can be significantly enhanced
through dynamic AP mode assignment. Zhu et al. [19] pre-
sented a parallel successive convex approximation (SCA)
method to solve the complex optimization problem for duplex
mode selection. To further enhance efficiency, they later
devised a refined reinforcement learning algorithm based on
Q-learning, aimed at reducing computational demands.
Xia et al. [20] investigated duplex mode selection and
transceiver design to maximize the aggregated SE of DL
and UL, considering the per-UE QoS constraints and power
budget constraints at APs and UEs. In [21], the problem
of AP mode selection and DL beamforming design was
studied from a secrecy perspective, where artificial noise was
injected into the information signals at the APs to prevent
interception by eavesdroppers. Chowdhury and Murthy [22]
proposed a heuristic approach for AP mode selection and
UL/DL power control to maximize the aggregate SE of UL
and DL transmissions. Mohammadi et al. [23] developed a
general SCA-based optimization framework to maximize the
SE and energy efficiency of the NAFD CF-mMIMO systems,
accounting for per-UE QoS requirements, backhaul power
consumption, and power constraints at the UEs and APs.

B. Research Gap and Main Contributions

A common characteristic of [17], [18], [19], [20], and [21]
is that, from the perspective of AP mode selection and power
control design, these works rely heavily on instantaneous
channel state information (CSI). This reliance requires that,
during each coherence interval and following the channel
estimation phase, all acquired CSI is transmitted to the DCCUs
for centralized decision-making. Such an approach introduces
significant signaling overhead, especially in CF-mMIMO sys-
tems with large numbers of APs and UEs. To address these
challenges, [15], [16], [22], [23] have leveraged statistical CSI
for system design. In particular, [15] utilized large-dimensional
random matrix theory to derive deterministic equivalents for
their UL and DL sum-rate analysis. In [16], the authors pro-
posed estimating the effective DL CSI, which is defined as the
inner product between the beamforming and channel vectors,
to enable reliable signal decoding under reduced channel hard-
ening. The statistical CSI-based design in [22], however, relies
on the unrealistic assumption of inter-AP CSI availability.
Nevertheless, the design frameworks proposed in [15], [16],
and [22] do not consider per-user QoS requirements, which
may lead to service outages for some users. Additionally, the
SCA-based design in [23] faces scalability challenges in large
and dense networks and requires lengthy computation times,
rendering it impractical for such environments. Another limita-
tion shared by all the aforementioned works, except for [20], is
the adoption of a flexible-duplex prototype within the network.
The APs are restricted to HD operation, which constrains their
ability to support more dynamic and efficient communication
modes. The proposed design primarily relies on statistical
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CSI. Given that large-scale channel coefficients are updated
far less frequently than their small-scale fading counterparts,
typically once every 20 to 40 coherence intervals, the network
configuration remains fixed over multiple coherence intervals.
In such cases, asymmetry between the downlink and uplink
data loads may lead to suboptimal performance for some UEs.
In practical scenarios, uplink traffic is generally lighter than
downlink traffic, and some users may switch their demand
from uplink to downlink before the next network update. By
accounting for this potential asymmetry and incorporating a
degree of tolerance into the network design, we can continue
to serve these users effectively without requiring an immediate
reconfiguration of the system.

To address these bottlenecks, we investigate a dynamic
NAFD CF-mMIMO network in which subsets of APs can
operate in either HD or FD mode to enhance the SE require-
ments for both UL and DL UEs. The optimal subsets of
APs are determined, to maximize the aggregate UL and DL
SE under given QoS requirements at all UEs and power
constraints at the APs and UEs. To provide a flexible trade-
off between interference cancelation and signal boosting, while
adhering to system constraints on the available transmit and
receive antennas, we implement local partial zero-forcing
(PZF) precoding and decoding designs for DL and UL com-
munications, respectively. Using PZF design, each AP adopts
zero-forcing (ZF) and maximum-ratio (MR) linear processing
to support UL and DL transmissions of different groups of
UEs. The principle of this scheme is that APs in the DL (or
UL) suppress interference primarily for (from) the strongest
UEs— those with the highest channel gain and most likely
to experience (provide) significant interference. In contrast,
interference to (from) the weakest UEs is tolerated [25]. Our
main contributions are summarized as follows:
• We derive the UL and DL SEs of each UE for the

predetermined operating modes of APs and linear signal
processing PZF. The analytical SE expressions unveil the
influence of practical aspects including large-scale fading
and imperfect CSI on the performance.

• We formulate a total UL and DL SE maximization
problem subject to the limited transmit power budgets,
the network operating modes, and the given individual
QoS requirements for UEs. Even though the considered
problem is non-convex and NP-hard, it is a generalized
version of most previous works in the literature [23],
where MR processing with HD APs is considered.

• An adapted differential evolution (DE)-based algorithm is
proposed to handle the inherent nonconvexity and obtain
the optimal solution in polynomial time. In infeasible
circumstances where all UEs’ requirements cannot be
simultaneously met, our proposed algorithm can identify
unsatisfied UEs while providing the required services to
the remaining ones.

• Numerical results show the effectiveness of the NAFD
CF-mMIMO systems in enhancing the SE of each UE.
Furthermore, the optimized modes of APs significantly
improve the network services and handle the congestion.

Notation: We use bold upper case letters to denote
matrices, and lower case letters to denote vectors. The

superscripts (·)∗, (·)T and (·)† stand for the conjugate,
transpose, and conjugate-transpose, respectively. The circular
symmetric complex Gaussian distribution having variance σ2

n

is denoted by CN (0, σ2
n). Finally, E{·} is the statistical

expectation.

II. SYSTEM MODEL

An NAFD CF-mMIMO system is considered, where M APs
coherently serve Ku UL UEs and Kd DL UEs. We denote
M , {1, . . . ,M}, Kd , {1, . . .,Kd} and Ku , {1, . . . ,Ku}
the sets of indices of the APs, DL UEs, and UL UEs,
respectively. Moreover, UEul

` and UEdl
k refer to UL UE `

and the DL UE k, respectively. All APs are connected to
the DCCU via high-capacity backhaul links. The DL and UL
data transmissions are performed simultaneously exploiting the
same time and frequency band via HD and FD APs. Each UE
has one single antenna. Meanwhile, each AP has N transmit
radio frequency (RF) chains and N receive RF chains. A
coherence interval consists of UL pilot training for channel
estimation followed by DL/UL data transmission. The APs
operate in either HD (UL or DL) or FD (simultaneous UL
and DL), depending on network dynamics and requirements.

A. UL Pilot Training and Channel Estimation
The propagation channel vector between the UEdl

k (UEul
` )

and the m-th AP, gdl
mk ∈ CN×1 (gul

m` ∈ CN×1) is modelled
as gdl

mk =
√
βdlmkg̃

dl
mk, (gul

m` =
√
βulm`g̃

ul
m`), where βdlmk

(βulm`) is the large-scale fading coefficient, while g̃dl
mk ∈ CN×1

(g̃ul
m` ∈ CN×1) is the small-scale fading vector with the

elements being independent and identically distributed (i.i.d.)
CN (0, 1). Moreover, the channel coefficient between the UEul

`

to the UEdl
k is denoted as hkl ∼ CN (0, βduk`), where βduk` is the

large-scale fading coefficient. Finally, we denote the channel
matrix from AP m to AP i, for i 6= m, as Fmi ∈ CN×N ,
whose elements are i.i.d. CN (0, βmi) RVs. For i = m,
Fmm,∀m, represents the SI channel at the FD APs, with
elements that are i.i.d. CN (0, σ2

SI,m).
Within a coherence interval of τc symbols, each UL/DL UE

transmits a pairwise orthogonal pilot sequence of τt symbols
to all APs. This condition necessitates τt ≥ Kd+Ku. Relying
on the received pilot signals at AP m and by using the
minimum mean-square error (MMSE) estimation technique,
gdl
mk and gul

m` are estimated. By following [9], the MMSE
estimates ĝdl

mk and ĝul
m` of gdl

mk and gul
m` are modeled as

ĝdl
mk ∼ CN (0, γdlmkI), and ĝul

m` ∼ CN (0, γulm`I), respectively,

where γdlmk ,
τtρt(β

dl
mk)2

τtρtβdl
mk+1

, γulm` ,
τtρt(β

ul
m`)2

τtρtβul
m`+1

.

B. DL-and-UL Payload Data Transmission
Prior to this phase, the operating mode of the APs—whether

UL reception and/or DL transmission—is determined accord-
ing to the proposed design algorithm (see Section III). It
is important to note that the selection of AP modes is
carried out based on the large-scale fading timescale, which
evolves gradually over time. The binary variables representing
the mode assignment for each AP m are defined as follows

am(bm) ,

{
1, if AP m operates in the DL (UL) mode,
0, otherwise.

(1)
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Here, for the HD AP m, we have

am + bm = 1, or ambm = 0, ∀m (2)

which guarantees AP m only operates in HD mode. Moreover,
for the FD AP m, we have1

am + bm = 2, or ambm = 1, ∀m. (3)

1) DL Payload Data Transmission: Using the locally
acquired channel estimates at each AP, the APs apply linear
processing techniques, such as MR or ZF, to the signals
transmitted to the Kd DL UEs. Let sdlk ∼ CN (0, 1) denote
the intended symbol for UEdl

k . The AP m uses the precoding
vector vdl

mk ∈ CN×1 and transmits

xdl
m = am

√
ρd
∑

k∈Kd

θmkv
dl
mks

dl
k , (4)

where ρd is the maximum normalized transmit power at each
AP and θmk ≥ 0, for all m and k, is the power control
coefficient at AP m for UE k. Note that am in (4) clearly
determines whether AP m is operating in DL or not.

The received signal at UEdl
k is written as

ydlk =
√
ρd
∑

m∈M
amθmk

(
gdl
mk

)†
vdl
mks

dl
k

+
√
ρd
∑

m∈M

∑
k′∈Kd\k

amθmk′
(
gdl
mk

)†
vdl
mk′s

dl
k′

+
∑

`∈Ku

hk`x
ul
` + wdl

k , (5)

where wdl
k ∼ CN (0, 1) is the AWGN at UEdl

k . The third term
in (5), denotes the CLI caused by the UL UEs transmitting
simultaneously over the same frequency band. Moreover, xul`
represents the transmit signal from the UEul

` .
2) Ul Payload Data Transmission: Let sul` , with

E
{
|sul` |2

}
= 1 denote the transmit symbol by UEul

`

and let ρu represent the maximum normalized transmit power
at each UL UE. By considering the UL power control at
each UL UE, the transmit signal from UEul

` is given by
xul` =

√
ρuς`s

ul
` , where ς` is the transmit power control

coefficient at UEul
` with

0 ≤ ς` ≤ 1,∀`. (6)

The APs operating in UL mode (i.e., all APs with bm =
1,∀m), receive the signal transmitted from all UL UEs. Thus,
the received signal yul

m ∈ CN×1 at AP m can be written as

yul
m =

√
ρu
∑

`∈Ku

bm
√
ς`g

ul
m`s

ul
`

+
√
ρd
∑

i∈M\m

∑
k∈Kd

bmaiθikZmiv
dl
iks

dl
k

+
√
ρd
∑

k∈Kd

bmamθmkZmmvdl
mks

dl
k +bmwul

m , (7)

where wul
m is the CN (0, IN ) AWGN vector. In (7), the second

term captures the interference from APs transmitting towards
DL UEs and the third term represents the SI term in case of

1Although an FD AP can, in principle, be represented by two HD APs, one
dedicated to UL and the other to DL, our study focuses on a fixed network
deployment where both the number and locations of APs are predetermined.
Within this framework, the only available design degree of freedom is
to dynamically assign the operation mode of each AP (FD, HD-UL, or
HD-DL), which plays a critical role in avoiding infeasibility and ensuring
robust network performance.

AP m is FD-enabled (i.e., bmam = 1). (7) indicates that when
AP m is not operating in UL mode yul

m = 0 as bm = 0.
Then, AP m performs linear processing to the received

signal in (7). Let vul
m` ∈ CN×1 denote the linear precoding

vector at AP m. The resulting (vul
m`)
†yul
m is then sent to the

DCCU for signal detection. To enhance the achievable UL SE,
the DCCU further multiplies the received signal by the LSFD
coefficient αm`,∀m, k. Then, the aggregated received signal
for UEul

` , at the DCCU can be expressed as [26]

rul` =
∑

m∈M
αm`(v

ul
m`)
†yul
m , ∀` ∈ Ku . (8)

Without loss of generality, we assume that

|αm`|2 ≤ 1, ∀`,m. (9)

C. Precoding/Combining Design

1) Local Partial Zero-Forcing Precoding: We consider the
local PZF precoding scheme, which effectively mitigates inter-
ference in a distributed and scalable way, providing a flexible
trade-off between large array gain and interference reduction
[25].2 To this end, each AP m in DL mode (FD AP or
HD AP in DL mode) divides the DL UEs into two groups:
Sdlm ⊂ {1, . . . ,Kd}, which includes the index of strong DL
UEs, and Wdl

m ⊂ {1, . . . ,Kd}, which includes the index of
weak DL UEs, respectively. Then, AP m employs the ZF
precoding for DL UEs in Sdlm and MR precoding for DL UEs
in Wdl

m . The local PZF transmit precoding at AP m, is given
by vdl,ZF

mk = γdlmkĜ
dl
Sm
((
Ĝdl
Sm
)†
Ĝdl
Sm
)−1

ek, where Ĝdl
Sm is an

N × |Sdlm | collective channel estimation matrix from all the
UEs in Sdlm to AP m as Ĝdl

Sm = [ĝdl
mk : k ∈ Sdlm ]. Moreover,

ek is the k-th column of IKd
. Therefore, for any pair of UEdl

k

and UEdl
k′ in Sdlm , we have

(ĝdl
mk′)

†vdl,ZF
mk =

{
γdlmk if k = k′,

0 otherwise.
(10)

Furthermore, AP m forms the MR precoding vector locally
for UEdl

k , with k ∈ Wdl
m , is given in by vdl,MR

mk = ĝdl
mk.

To represent the DL group assignment in our PZF combin-
ing scheme, we define a pair of binary variables for each UEdl

k

and DL AP m as follows

δ
Zdl

k
m =

{
1 if m ∈ Zdl

k ,

0 otherwise,
δ
T dl
k
m =

{
1 if m ∈ T dl

k ,

0 otherwise,

where Zdl
k and T dl

k denote the set of indices of APs that
assign the UEdl

k into Sdlm for ZF precoding and the set of indi-
ces of APs that assign the UEdl

k into Wdl
m for MR precoding,

2The PZF design effectively overcomes the scalability limitations of MR
(which arise from inter-UE interference) and the implementation challenges
of ZF (i.e., the number of antennas at each AP must satisfy the condition
N > Kd) within a distributed framework. To successfully eliminate interfer-
ence among the APs and UEs, a centralized precoding and decoding scheme
can be employed in the network. In this approach, the DCCU performs the
design based on the complete CSI between all UEs and all APs. While this
global CSI availability can lead to enhanced performance, it also imposes a
substantial fronthaul burden, as all channel estimates must be transmitted to
the DCCU during each coherence interval. We consider the exploration of
such a centralized design an important direction for future research.
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respectively, defined as

Zdl
k , {m : k ∈ Sdlm ,m = 1, . . . ,M}, (11)

T dl
k , {m : k ∈ Wdl

m ,m = 1, . . . ,M}, (12)

with Zdl
k ∩T dl

k = ∅ and Zdl
k ∪T dl

k =Mdl ⊂M, whereMdl

includes all FD APs and HD APs operating in DL.
With PZF design, the transmit signal in (4) is given by

xdl
m = am

√
ρd

(∑
k∈Sdl

m

θmkv
dl,ZF
mk sdlk

+
∑

k∈Wdl
m

θmkv
dl,MR
mk sdlk

)
. (13)

Note that AP m must satisfy the average normalized power
constraint, i.e., E

{
‖xdl

m‖2
}
≤ ρd. Thus, we derive the follow-

ing power constraint for each AP [9]∑
k∈K

γdlmkϕmkθ
2
mk ≤ am, (14)

where ϕmk , δ
Zdl
k

m

N−|Sdl
m|

+ δ
T dl
k
m N , and we have used the fact

that E
{∥∥vdl,ZF

mk

∥∥2}
=

γdlmk

N−|Sdl
m|

.
2) Local Partial Zero-Forcing Combining: Similar to the

DL precoding design, we assume for the UL combining vector
design that each AP m, whether operating in FD mode or
as a HD AP in UL mode, categorizes the UL UEs into
two groups: Sulm ⊂ Ku, representing the indices of strong
UL UEs, and Wul

m ⊂ Ku, representing the indices of weak
UL UEs. The local PZF combining at AP m is designed to
suppress the interference from strong UL UEs by applying ZF
combining. Conversely, the interference generated by weak UL
UEs which have weak channel gains, is tolerated through the
use of MR combining. The ZF combining at AP m, is given
by vul,ZF

m` = γulm`Ĝ
ul
m

((
Ĝul
m

)†
Ĝul
m

)−1
e`, where e` is the `-th

column of IKu
and Ĝul

m = [ĝul
m1, . . . , ĝ

ul
mKu

]. Moreover, for
MR combining vector, we set vul,MR

m` = ĝul
m`.

To represent the UL group assignment in our PZF combin-
ing scheme, we define a pair of binary variables for each UEul

`

and UL AP m as follows

δ
Zul

`
m =

{
1 if m ∈ Zul

` ,

0 otherwise,
δ
T ul
`
m =

{
1 if m ∈ T ul

` ,

0 otherwise,

where Zul
` (T ul

` ) denotes the set of indices of APs that assign
UEul

` into Sulm for ZF combining (the set of indices of APs
that assign UEul

` into Wul
m for MR combining), with

Zul
` , {m : ` ∈ Sulm ,m = 1, . . . ,M}, (15)

T ul
` , {m : ` ∈ Wul

m ,m = 1, . . . ,M}, (16)

where Zul
` ∩ T ul

` = ∅ and Zul
` ∪ T ul

` = Mul ⊂ M, while
Mul consists of all FD APs and HD APs operating in UL.

D. DL/UL UE Grouping

The DL/UL UE grouping can be based on different crite-
ria. Our approach to UL and DL UE grouping is inspired
by [27 Eq. (44)] and [25 Eq. (44)]. This method follows a
heuristic, distributed, channel-dependent power control policy,
and is based on the following rule∑|Ŝm|

k=1

β̄m,k∑Kd

t=1 βm,t
≥ υ%, (17)

where according to which AP m defines its set Ŝm by includ-
ing UEs whose contribution to the total channel gain is at least
υ%. In (17), {β̄m,1, . . . , β̄m,Kd

} represents the collection of
large-scale fading coefficients sorted in decreasing order.

III. SE ANALYSIS AND PROBLEM FORMULATION

A. Downlink Spectral Efficiency

In order to detect sdlk , the UEdl
k needs to have access to

the effective channel. However, since no pilot is transmitted
in the DL, this CSI is not available at UEdl

k . To address
this issue, we apply the use-and-then-forget capacity-bounding
technique [9], where UEdl

k uses the stochastic CSI to detect
sdlk . Therefore, by applying local PZF precoding, we can
rewrite the received signal in (5) as

ydlk = DSPZF
k sdlk + BUPZF

k sdlk +
∑

k′∈Kd\k
DIPZF

kk′ s
dl
k′

+
∑

`∈Ku

UIPZF
` sul` + wdl

k , (18)

where UIPZF
` , hk`

√
ρuς` and

DSPZF
k ,

√
ρdE

{∑
m∈Zdl

k

amθmk
(
gdl
mk

)†
vdl,ZF
mk

+
∑

m∈T dl
k

amθmk
(
gdl
mk

)†
vdl,MR
mk

}
,

BUPZF
k ,

√
ρd

(∑
m∈Zdl

k

amθmk
(
gdl
mk

)†
vdl,ZF
mk

+
∑

m∈T dl
k

amθmk
(
gdl
mk

)†
vdl,MR
mk

)
− DSk

DIPZF
kk′ ,

√
ρd
∑

k′∈Kd\k

(∑
m∈Zdl

k

amθmk′
(
gdl
mk

)†
vdl,ZF
mk′

+
∑

m∈T dl
k

amθmk′
(
gdl
mk

)†
vdl,MR
mk′

)
, (19)

represent the strength of the desired DL signal (DSk), the
beamforming gain uncertainty (BUk), CLI caused by the UEdl

k′

(DIkk′ ), and CLI caused by the UEul
` (UI`), respectively. The

combined contribution of the last four terms in (18) is treated
as effective noise, which remains uncorrelated with the target
signal [9].

Proposition 1: With PZF precoding, the achievable DL SE
at UEdl

k is given by

SPZF
dl,k(a,θ, ς) =

τc − τt
τc

log2

(
1 +

(ΞPZF
k (θ,a))2

ΩPZF
k (θ, ς,a)

)
, (20)

where a , {am}, θ , {θmk}, ς , {ς`},∀m, k, ` and

ΞPZF
k (θ,a) ,

√
ρd
∑

m∈M

(
δ
Zdl

k
m amθmkγ

dl
mk

+δ
T dl
k
m Namθmkγ

dl
mk

)
ΩPZF
k (θ, ς,a) , ρd

∑
m∈M

∑
k′∈Kd

(
δ
Zdl

k
m am(βdlmk − γdlmk)

× θ2
mk′γ

dl
mk′

N−|Sdlm |
+δ
T dl
k
m Namθ

2
mk′γ

dl
mk′β

dl
mk

)
+ρu

∑
`∈Ku

ς`β
du
k`+1. (21)

Proof: See Appendix A. �
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Remark 1: The DL SE result in Proposition 1 is compre-
hensive and encompass both full-ZF (FZF) and MR precoding
as special cases:
• FZF precoding: δZ

dl
k

m = 1, δT
dl
k
m = 0, and |Sdlm | = Kd.

• MR precoding: δZ
dl
k

m = 0 and δT
dl
k
m = 1,

B. Uplink Spectral Efficiency

In order to detect the desired signal sul` from rul` at the
DCCU, it relies only on statistical knowledge of the channels.
To this end, we employ the use-and-then-forget capacity-
bounding technique [9] and obtain the achievable UL SE
(in bit/s/Hz) of the UEul

` . We notice that according to (8),
the received signal at the DCCU is a function of vul

m` and
vdl
mk. Therefore, different choices of DL and UL beamforming

designs at the APs, result in different expressions for the UL
SINR. For general case of local PZF combining and PZF
precoding (PZF/PZF), the received UL signal (8), can be
expressed as

rPZF
` = DSPZF

ul,`s
ul
` +

∑
q∈Ku \`

UIPZF
ul,q`s

ul
q

+
∑

q∈Kd

MIPZF
ul,q`s

dl
q + ANPZF

ul,`, (22)

where

DSPZF
ul,` =

√
ρu

(∑
m∈M

δ
Zul

`
m αm`bm

√
ς`(v

ul,ZF
m` )†gul

m`

+ δ
T ul
`
m αm`bm

√
ς`(v

ul,MR
m` )†gul

m`

)
, (23a)

UIPZF
ul,q` =

√
ρu

(∑
m∈M

δ
Zul

`
m αm`bm

√
ςq(v

ul,ZF
m` )†gul

mq

+ δ
Zul

`
m αm`bm

√
ςq(v

ul,MR
m` )†gul

mq

)
, (23b)

MIPZF
ul,q` =

√
ρd
∑

i∈M
aiθiq

(∑
m∈M

δ
Zul

`
m αm`bm

(
vul,ZF
m`

)†
× Fmi

(
δ
Zdl

q

i vdl,ZF
iq +δ

T dl
q

i vdl,MR
iq

)
+δ
T ul
`
m αm`bm

×
(
vul,MR
m`

)†
Fmi

(
δ
Zdl

q

i vdl,ZF
iq +δ

T dl
q

i vdl,MR
iq

))
,

(23c)

ANPZF
ul,` =

∑
m∈M

δ
Zul

`
m αm`bm(vul,ZF

m` )†wul
m

+ δ
T ul
`
m αm`bm(vul,MR

m` )†wul
m . (23d)

Now, sul` is detected from rPZF
` .

Proposition 2: The achievable UL SE for the UEul
` at the

DCCU with PZF/PZF design is given by

SPZF
ul,` (a,b, ς,θ,α)=

τc−τt
τc

log2(1+SINRPZF
ul,`(a,b, ς,θ,α)),

(24)
where

SINRPZF
ul,`(a,b, ς,θ,α)

=
ρu

(∑
m∈M δ

Zul
`

m αm`bm
√
ς`γ

ul
m` +Nδ

T ul
`
m αm`bm

√
ς`γ

ul
m`

)2

ΨPZF
` (b, ς,α) + ρd

∑
i∈M

∑
q∈Kd

aiθ2
iqγ

dl
iqΦPZF

`i (b,α)
,

(25)

with

ΨPZF
` ,

∑
m∈M

(
ρu

∑
`′∈Ku

(
δ
Zul

`
m α2

m`bmς`′
γulm`(β

ul
m`′ − γulm`′)

N − |Sulm |

+ δ
T ul
`
m Nα2

m`bmς`′γ
ul
m`β

ul
m`′

)
+ δ
Zul

`
m α2

m`bm
γulm`

N − |Sulm |
+ δ
T ul
`
m Nα2

m`bmγ
ul
m`

)
, (26a)

ΦPZF
`i ,

∑
m∈M

bmα
2
m`

δ
Zul

`
m γulm`

N−|Sulm |

 δ
Zdl

q

i βdlmi
N−|Sdlm |

+δ
T dl
q

i Nβdlmi


+δ
T ul
`
m Nα2

m`bmγ
ul
m`

 δ
Zdl

q

i βdlmi
N−|Sdlm |

+ δ
T dl
q

i Nβdlmi

 ,

(26b)

where βmm , σ2
SI,m.

Proof: Since the proof follows the same procedure as in the
DL scenario, it is omitted here for brevity. �

Remark 2: The UL SE in Proposition 2 includes different
combining/precoding designs in NAFD CF-mMIMO systems.
More specifically,

• PZF combining/ MR precoding: set δ
T dl
q

i = 1 and δ
Zdl

q

i =
0 in ΦPZF

m`i.

• MR combining/ MR precoding: set δ
T dl
q

i = 1, δ
Zdl

q

i = 0,
δ
Zul

`
m = 0, and δT

ul
`
m = 1.

• FZF combining/ MR precoding: set δ
T dl
q

i = 1, δ
Zdl

q

i = 0,
δ
Zul

`
m = 1, δT

ul
`
m = 0, and |Sulm | = Ku.

• FZF combining/ FZF precoding: set δ
T dl
q

i = 0, δ
Zdl

q

i = 1,
δ
Zul

`
m = 1, δT

ul
`
m = 0, |Sulm | = Ku and |Sdlm | = Kd.

C. Sum Spectral Efficiency Maximization

We now formulate an optimization problem to maximize
the sum SE of the considered network by optimizing the mode
assignment vectors (a,b), the UL LSFD weights α, and the
UL and DL power control coefficients (θ, ς). The optimization
constraints include the per-UE SE requirement, as well as the
maximum available transmit power at each AP and UL UE.
More specifically, the optimization problem is

max
x
Sξ,NAFD(x) (27a)

s.t. (1)− (3), (14), (6), (9),

Sξ,NAFD
ul,` (b, ς,θ,α) ≥ Soul, ∀` (27b)

Sξ,NAFD
dl,k (a,θ, ς) ≥ Sodl, ∀k, (27c)

θmk ≥ 0, ∀k,m, (27d)

where ξ ∈ {PZF,MR,FZF}, x , {a,b, ς,θ,α}, Soul and
Sodl are the minimum SE requirements of UEul

` and UEdl
k ,

respectively, and the total SE of the NAFD system is

Sξ,NAFD(x) ,
∑

`∈Ku

Sξ,NAFD
ul,` (b, ς,θ,α)

+
∑

k∈Kd

Sξ,NAFD
dl,k (a,θ, ς). (28)

We emphasize that problem (27) optimizes a set of different
variables to simultaneously satisfy the quality of services to the
Ku+Kd UEs. A full service satisfaction to all the UEs might
be impossible in challenging circumstances such as harsh
propagation conditions with limited power budget in both the
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Algorithm 1 CHDE
Input: NAFD CF-mMIMO; scale factor F, crossover rate CR,
and maximum number of generations Gmax;
Output: a,b, ς,θ, and α;

1: Generation index G← 1;
2: Randomly initialize a population P(G) of I individuals;
3: Repair and evaluate each individual within P(G);
4: while Termination condition not met do
5: Offspring B(G) ← ∅;
6: for i← 0 to I do
7: Generate mutant vector u(iG) using (41) and (42);
8: Generate trial solution v(iG) using (43);
9: Repair and evaluate v(iG);

10: if f
(
v(iG)

)
≥ f

(
x(iG)

)
then

11: B(G) ← B(G) ∪ v(iG);
12: else
13: B(G) ← B(G) ∪ x(iG)

14: end if
15: end for
16: P(G+1) ← B(G); G← G+ 1;
17: end while

UL and DL data transmissions. Note that if only one user does
not meet their Se requirement, then the feasible region of the
problem (27) is empty and there is no solution found. The
innovative idea is to detect which users should be scheduled
or which subset of UEs should be served. In our framework,
this selection process is not arbitrary but coupled with problem
(27). Specifically, the feasibility of the optimization problem
directly depends on whether the chosen subset of UEs can be
simultaneously supported under the stringent SE and power
constraints. We emphasize that the achievable UL and DL
SE of each user is obtained based on the quasi-static channel
model. Consequently, the feasibility of problem (27) is over
multiple coherence blocks whenever the large-scale fading
coefficients remain.

IV. PROPOSED DIFFERENTIAL EVOLUTION ALGORITHM

We propose a constraint-handling differential evolution
(CHDE) algorithm, which combines a SE lower boundary
constraint-handling mechanism with DE. The overall flow of
the proposed algorithm is illustrated in Algorithm 1. CHDE
begins with a randomly initialized population including I
individuals, while each individual corresponds to a solution.
In each generation, all individuals participated in the evolu-
tionary process through two operators: mutation and crossover.
Mutation introduces diversity by perturbing existing solutions,
while crossover combines current solutions and mutant vectors
to generate candidate offspring. Additionally, CHDE retains
only top solutions across generations and handles constraints
by stopping service to UEs below the SE threshold and
reallocating power to the remaining UEs, thereby improving
efficiency. Upon termination, the best individual is returned as
the solution.

A. Solution Representation and Population Initialization
Each individual represents a potential solution, and the

fitness value of an individual corresponds to the objective

of the solution to problem (27). At the beginning of the
algorithm, a population P(G) consisting of I individuals. Each
individual is represented by an len-dimensional vector, where
len = 2M + Ku + MKu + MKd + 1 and each element is
in [0, 1]. Specifically, the i-th individual of the population at
G-th generation is expressed as follows

x(iG) = [x
(iG)
1 , x

(iG)
2 , . . . , x

(iG)
len ]T , (29)

Since this representation is continuous, a decoding step is
required to map the vector elements into decision variables of
problem (27). In particular, the first 2M elements correspond
to the operation modes of APs, denoted by

{
x

(iG)
n

}M
n=1

and
{x(iG)

n }2Mn=M+1. Specifically, ∀m ∈ [1, . . . ,M ], we have

am = 1
(
x(iG)
m ≥ 0.5

)
, bm = 1

(
x

(iG)
m+M ≥ 0.5

)
, (30)

where 1(·) denotes the indicator function. Additionally, the
segments {x(iG)

n }2M+Ku

n=2M+1 and {x(iG)
n }2M+Ku+MKu

n=2M+Ku+1 are adap-
tive to be converted into ς and α, respectively. Finally,
{x(iG)

n }2M+Ku+MKu+MKd

n=2M+Ku+MKu+1 and x(iG)
2M+Ku+MKu+MKd+1 rep-

resent how the power allocation satisfies constraint (14),
specifically as follows:

θmk =

√√√√ amx
(iG)
len

γdlmkϕmk

x
(iG)
2M+Ku+MKu+(m−1)Kd+k∑2M+Ku+MKu+mKd

n=2M+Ku+MKu+(m−1)Kd+1 x
(iG)
n

.

(31)
Otherwise, we denote x(bestG) as the individual with the max-
imum fitness in the G-th generation obtained by evaluating the
objective function of problem (27) for the current population.

B. Individual Repairing and Evaluation With Infeasibility

The quality of each individual within the population is
evaluated across the optimal capability of the optimization
problem. The fitness of each individual x(iG) is defined from
the objective function as follows:

f
(
x(iG)

)
= Sξ,NAFD (x(iG)

)
. (32)

Corresponding to the maximization problem, an individual
x(iG) is better than another x(jG) when f(x(iG)) is larger than
f(x(jG)). However, to address constraints (27b) and (27c), we
employ a technique to suspend service for idle UEs without
ensuring power constraints. Specifically, assuming K̃u and K̃d
are sets of UL and DL UEs, respectively, who do not meet
the lower power boundary, defined as follows:

K̃u = {` : Sξ,NAFD
ul,` (b, ς,θ,α) < Soul, ∀` ∈ Ku}, (33)

K̃d = {k : Sξ,NAFD
dl,k (a,θ, ς) < Sodl, ∀k ∈ Kd}. (34)

Denote Uc and Dc as two diagonal matrices representing
the corresponding service for UL and DL UEs, defined as:

U c` = 1
(
` ∈ Ku \ K̃u

)
, Dc

k = 1
(
k ∈ Kd \ K̃d

)
, (35)

where 1(·) denotes the indicator function. Then, the solution
related to the individual x(iG) is updated:

ς̃ = Ucς, α̃ = Dcα, (36)
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θ̃mk =

√√√√ amx
(iG)
len

γdlmkϕmk

x
(iG)
2M+Ku+MKu+(m−1)Kd+kD

c
k∑2M+Ku+MKu+mKd

n=2M+Ku+MKu+(m−1)Kd+1 x
(iG)
n Dc

k

,

(37)

where, ς̃ , α̃ and θ̃ have some zero elements at positions of
UEs that are not served. Therefore, the SE of each UE and
the fitness of individual x(iG) are calculated again as follows:

S̃ξ,NAFD
ul,` =

{
Sξ,NAFD
ul,` (b, ς̃, θ̃, α̃), ∀` ∈ Ku\K̃u,

0, ∀` ∈ K̃u,
(38)

S̃ξ,NAFD
dl,k =

{
Sξ,NAFD
dl,k (a, θ̃, ς̃), ∀k ∈ Kd\K̃d,

0, ∀k ∈ K̃d,
(39)

f(x(iG)) =
∑

`∈Ku

S̃ξ,NAFD
ul,` +

∑
k∈Kd

S̃ξ,NAFD
dl,k . (40)

The suspend-service mechanism is applied per large-scale
fading timescale. Dropped UEs are reinserted and re-evaluated
in the nsext time slot; therefore, our method does not
permanently starve a UE unless it remains infeasible over
consecutive timescales due to the power budget.3

C. Reproduction and Individual Selection

In the G−th generation, each individual x(iG) will create an
offspring individual across mutation and crossover operators,
aiming to explore and exploit the solution space. In this
paper, we first use the well-established DE/current-to-pbest/1
operator to create a mutant vector, which has been widely used
in advanced DE variants such as JADE, LSHADE, and their
various extensions [28], [29] due to the robust balance between
convergence speed and population diversity. The mutant vector
is mathematically described as

u(iG) = x(iG) + F
(
x(pbestG) − x(iG)

)
+ F

(
x(r1G) − x(r2G)

)
, (41)

where u(iG) is a mutant vector corresponding to the par-
ent solution x(iG), x(pbestG) is selected randomly from the
top best solutions, x(r1G) and x(r2G) are selected randomly
from current population, and F is a scaled factor. Specif-
ically, x(pbestG) − x(iG) represents a local search behavior
aimed at guiding the individual’s movement to exploit the
promising solution space provided by the best individual. The
second component x(r1G) − x(r2G) represents the disparity
between the two randomly selected individuals, serving as a
global search behavior. Nonetheless, (41) may generate some
elements of u(iG) are outside the search range boundaries
[xminj , xmaxj ], we applied the correction performed in [30]:

u
(iG)
j =

{
(xminj + x

(iG)
j )/2 if u(iG)

j < xminj ,

(xmaxj + x
(iG)
j )/2 if u(iG)

j > xmaxj .
(42)

After generating the mutant vector, u(iG) is crossed with the
parent x(iG) to generate trial vector v(iG). In this paper, Bino-
mial Crossover, which is the most commonly used crossover

3Such persistently infeasible UEs can be handled by higher-layer scheduling
mechanisms, e.g., QoS constraint relaxing, while the proposed algorithm
focuses on providing a feasible physical-layer configuration.

operator in DE, is employed and implemented as

v
(iG)
j =

{
u

(iG)
j U [0, 1) ≤ CR or j = jrand,

x
(iG)
j otherwise,

(43)

where U [0, 1) denotes a uniformly random number in range
[0, 1), and jrand ∈ {1, 2, . . . , len} is randomly preselected to
ensure that v(iG) has at least on dimension different from
x(iG) aiming to create the diversity within the population.
After generating all trial vectors v(iG), their fitness is evaluated
by (40). Selection process then compares each x(iG) with
its trial vector v(iG), keeping the better one for the next
generation.

x(i(G+1)) =

{
v(iG) if f(v(iG)) ≥ f(x(iG)),

x(iG) otherwise.
(44)

D. Termination Condition

CHDE will be terminated if one of the following two criteria
is satisfied: i) the number of generations reaches a maximum
specified, thereby ensuring bounded computational complex-
ity and preventing excessive runtime and ii) the objective
function remains unchanged over predetermined generations,
which implies the search process convergence to the stable
solution. These criteria jointly provide a balance between
solution quality and computational efficiency, allowing the
algorithm to terminate either when sufficient exploration has
been completed or when further iterations are unlikely to yield
improvement.

E. Discussion of Proposed Algorithm

We probabilistically analyze the convergence of CHDE to
an optimal solution using an ε-optimal solution space.

Definition 1: Let us introduce S∗ε to be the space of the
ε−optimal solution to (27), which is

S∗ε =
{
x
∣∣|f(x)− f(x∗)| ≤ ε,x and x∗ ∈ S

}
, (45)

where f(·) and S denote the objective function and the feasible
space of problem (27), respectively. However, x∗ is the optimal
solution and ε is a small positive value.

The set S∗ε consists of all solutions whose objective values
deviate from the global optimum by at most ε. From an
initial point, Algorithm 1 gradually improves population
quality along generations, therefore the population tends to
move closer to regions of higher fitness, which increases the
likelihood that at least one individual lies within an ε−optimal
solutions space.

Lemma 1 [6]: For a population P with I individuals,
the probability of the population converging to an individual
belonging to S∗ε by exploiting CHDE is defined as follows

Pr (P ∩ S∗ε 6= ∅) ≥ 1− (1− µ(S∗)Pep)
I
, (46)

where Pep is the mutation probability of each individual,
µ(S∗ε ) is the measure to S∗ε regarding the reproduction.

Lemma 2 [6]: Let P(G) be the population at the G − th
generation. Then, the convergence to the global optimum by
CHDE is

lim
G→∞

Pr
(
P(G) ∩ S∗ε 6= ∅

)
= 1. (47)
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Lemmas 1 and 2 indicate that CHDE converges to the global
optimum from an initial population within the feasible domain
after a sufficiently large number of generations. Therefore,
we continuously analyze the ideal number of generations for
CHDE to converge toward the space S∗ε .

Definition 2: Assume that x∗ε is a solution in the solution
space S∗ε , let f (G)

best = f(x(bestG)) be the best fitness of
population P(G), define ∆

(G)
ε = max{f(x∗ε)−f

(G)
best, 0}, which

is used to measure the distance of the population to the
ε−optimal solution. Obviously, the sequence {∆(G)

ε }∞G=1 gen-
erated by CHDE is a non-negative stochastic process. Then,
the stopping time of CHDE is Tε = min{G ≥ 1 : ∆

(G)
ε = 0},

which is the first hitting time [31] for the algorithm towards
an ε−optimal solutions for problem (27).

Definition 3: Assume that {∆(G)
ε }∞G=1 is a stochastic pro-

cess on a probability space (Ω,F ,Pr). The natural filtration
of F is denoted by F (G) = σ(∆

(1)
ε ,∆

(2)
ε , . . . ,∆

(G)
ε ). At the

generation G, the average gain is expressed as follows

g(G) = E
{

∆(G)
ε −∆(G+1)

ε

∣∣F (G)
}
. (48)

In [31], evolutionary process {P(G)}∞G=1 of CHDE is
modeled by a Markov chain. Accordingly, the behavior of
population P(G+1) depends only on P(G). Therefore, the
sequence {∆(G)

ε }∞G=1 is also referenced to as a Markov
chain, and the gain in (48) can be simplified to g(G) =

E
{

∆
(G)
ε −∆

(G+1)
ε

∣∣∆(G)
ε

}
. Theorem 1 bounds the expected

first hitting time of CHDE via average gain.
Theorem 1: Let {∆(G)

ε }∞G=1 be a stochastic process asso-
ciated with CHDE, where ∆

(G)
ε ≥ 0,∀G ≥ 1. Suppose

h : (0,∆
(1)
ε ]→ R+ be a monotonically increasing continuous

function. If E
{

∆
(G)
ε −∆

(G+1)
ε

∣∣∆(G)
ε

}
≥ h(∆

(G)
ε ), when

∆
(G)
ε > 0, then E

{
Tε
∣∣∆(1)

ε

}
≤ 1 +

∫∆(1)
ε

0
1
h(t)dt.

Proof: See Appendix B. �
Theorem 1 provides a theoretical bound on convergence

speed, linking the expected stopping time of CHDE to the
magnitude of improvements obtained per generation.

Complexity Analysis: We now analyze the computational
complexity of the proposed algorithm based on basic oper-
ations with the complexity of O(1), including addition,
subtraction, multiplication, and inversion. Based on Remark 1
and Remark 2, the computational complexity of the fitness
function f(·), which is defined in (32), is independent of
the linear proceeding technique ξ. Without loss of general-
ity, we analyze the computational complexity of the fitness
function with PZF precoding. For each UEdl

k , evaluating
the SE SPZF

dl,k requires a computational complexity in the
order of O(MKd). The complexity to compute the SE for
UEul

` is in the order of O(MKu + M2Kd). Therefore, the
complexity to compute the fitness function is O(MK2

d +
MK2

u + M2KdKu). Each individual can be evaluated up
to a maximum of (Kd + Ku) times to ensure constraints
(27a) and (27b) (the maximum of evaluations occurs when
there is still one UE who has not yet met the lower SE
requirement after each evaluation). The complexity to evaluate
each individual is O((Kd+Ku)(MK2

d+MK2
u+M2KdKu)).

Let FEO = (Kd+Ku)(MK2
d+MK2

u+M2KdKu). Regard-
ing the computational complexity of CHDE, the population
initialization step requires O(I × len + I × FEO), where
len = 2M + Ku + MKu + MKd + 1. In each generation,
the population sorting requires O(I log(I) to select the top
best solution. The reproduction step requires O(I × len).
The individual repairing and evaluation processing within the
offspring requires O(I × FEO). The selection step requires
O(I). Therefore, the computing complexity of the proposed
algorithm is O(GI(K3

u +K3
d +MK2

uKd +MKuK
2
d).

Remark 3: It is worth noting that the dominant compu-
tational cost of the proposed CHDE algorithm lies in the
individual repairing and fitness evaluation stages, whose com-
plexity scales as O(I × FEO) per generation. Importantly,
individuals in the population are evaluated independently,
making the fitness evaluation inherently parallelizable across
individuals. Therefore, although the computational complexity
is analyzed under a sequential execution model, the actual
wall-clock runtime can be substantially reduced by exploiting
parallel computing architectures, such as multi-core Central
Processing Units or Graphics Processing Units. This paral-
lelism enables efficient implementation of CHDE in practical
systems and helps mitigate the computational delay associated
with large-scale network optimization.

Remark 4: The DE-based algorithm is selected to solve
problem (27) and address the infeasible circumstances since
(27) is non-convex, mixed-integer, and highly nonlinear due to
the coupling between continuous power allocation and binary
AP mode selection variables. Algorithm 1 is well-suited for
such problems because it does not rely on convexity assump-
tions, no gradient evaluations of the objective functions and
constraints, and demonstrates strong performance in exploring
complex search spaces. Compared to the other metaheuristics,
e.g., genetic algorithm and particle swarm optimization, the
DE-based algorithm has been empirically shown to offer
faster convergence and higher solution quality for continuous
optimization problems.

V. NUMERICAL RESULTS

We consider an NAFD CF-mMIMO system in which the
APs and UEs are dispersed randomly within a 0.5 × 0.5km2

square, with the edges wrapped to prevent the boundary
effects. Unless otherwise stated, the values of the network
parameters are: number of APs M ∈ [10, 30, 60, 80, 120],
number of transmit radio frequency chains N ∈ [24, 8, 4, 3, 2],
number of UL UEs Ku ∈ [3, 5, 10], number of DL UEs Kd ∈
[3, 5, 10]. The number of AP antennas must be significantly
larger than the number of users to avail of the benefits of mas-
sive MIMO. In the considered scenarios, this ratio spans from
12 to 40. The other system parameters include communication
bandwidth is B = 50 MHz, length of the coherence block τc =
200, length of the pilot τt = Ku+Kd, and Sodl = Soul = SQoS .
Consequently, the noise power σ2

n = kBT0BF , where Boltz-
mann constant kB = 1.381 × 10−23 Joules\oK, temperature
noise T0 = 290oK and noise figure F = 9dB. Let ρ̃d = 0.8
W, ρ̃u = 0.2 W and ρ̃t = 0.2 W be the maximum transmit
power of the APs, UL UEs and UL training pilot sequences,
respectively. The normalized maximum transmit powers ρd,
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Fig. 1. Total SE of different benchmarks comprising CHDE, CHGA, CHPSO, and Random-NAFD.

ρu, and ρt are obtained by dividing the respective transmit
powers by the noise power. We set σ2

SI,m/σ
2
n = 50 dB. The

large-scale fading coefficient βmk(βdlmk, β
ul
m`, β

du
k`) is modeled

by [10] as βmk = 10
PLd

mk
10 10

Umk
10 , where 10

PLd
mk

10 and 10
Umk
10

represent the path loss and represents the shadowing effect,
respectively. Here, Umk and PLdmk (in dB) are calculated
as Umk ∼ N (0, 42), PLdmk = −30.5−36.7 log10 (dmk/1m),
where dmk is the distance between AP m and UE (AP)
k, calculated as the minimum distance across various wrap-
around scenarios, considering the 10-meter height difference.
The shadowing terms from an AP m, ∀m ∈ M to different
UE k ∈ Kd(` ∈ Ku) are modeled as [23, Eq. (93)].

We compare our proposed CHDE algorithm with the
baseline scheme, denoted as Random-NAFD,4 and robust
benchmark algorithms for optimization problems that incor-
porate constraint-handling techniques, including the genetic
algorithm [32] (CHGA) and particle swarm optimization [33]
(CHPSO). Specifically, we evaluate the performance gain of
the proposed model compared to the previous model [23] and
the efficiency of CHDE in solving problem (27). Furthermore,
we analyze the average SE per UE and the number of UEs
served by the network when the minimum SE threshold
increases. All the numerical results were generated using
Python simulation on a personal computer with Intel R© Core
i5-13500H CPU and 16 GB RAM. These simulations are
primarily intended to provide theoretical insights into the
algorithm’s behavior and performance trends, rather than to
present real-time operation.5

Figure 1 presents the total SE of all UEs under various
system configurations characterized by the number of APs and
DL/UL UEs. This paper considers that there are 240 antennas
(MN = 240) divided equally for each AP. The proposed

4For Random-NAFD, APs are randomly assigned to FD/HD mode. For
HD APs, UL/DL operation modes are randomly chosen. Power is equally
allocated to UEs. Power control is equally designed for DL APs with full
power. There is no LSFD (αm` = 1, ∀m, ∀`).

5Due to hardware limitations, the system performance and the efficiency
of the considered benchmarks are evaluated offline or for systems with low
mobility. For practical applications, our algorithm requires a computing system
capable of solving the problem (27) in sub-milliseconds in order to respond to
the rapid change of propagation environments. In more detail, implementations
using compiled languages like C++ or/hardware accelerators (e.g., GPUs,
FPGAs, or ASICs) can reduce runtimes by orders of magnitude [34].

CHDE consistently outperforms the benchmark schemes,
achieving performance gains of up to 28%, 29%, and 82% over
CHPSO, CHGA, and Random-NAFD, respectively. For the
heuristic scheme Random-NAFD, the average total SE is lower
because of the heterogeneous distribution of UEs relative to
the APs and the equal power allocation applied without LSFD.
Therefore, this verified the necessity for joint optimization of
power control and LSFD weight design. Compared with the
robust benchmarks, CHDE yields 10%–30% improvements.
Problem (27) is a combination optimization. However, the
problem can be regarded as an approximately continuous real
optimization when expressed through the individual’s repre-
sentation. Hence, CHDE outperforms CHPSO and CHGA, as
DE is well-suited for continuous variables.

In Fig. 2, we plot the convergence behavior of CHGA,
CHPSO, and the proposed CHDE, all initialized with identical
parameters. While each algorithm significantly improves the
total SE throughout the evolutionary process, CHDE sur-
passes the others in the quality of the final solution. In the
early generations, CHGA and CHDE converge faster than
CHPSO; however, CHGA exhibits premature convergence as
the algorithm becomes trapped in a local optimum. CHPSO
improves monotonically over generations, but the gains remain
marginal. In contrast, CHDE demonstrates superior ability
to escape local optima and enters the stable convergence
phase around the 100-th generation. While CHGA shows
faster progress initially, premature convergence limits its
effectiveness. In contrast, CHDE ultimately achieves superior
performance in both convergence stability and final solution
quality.

Figure 3 illustrates the average runtime of CHDE under
various scenarios. It is observed that the runtime is influenced
by the number of UEs, the number of APs, and the number
of antennas per AP. The algorithm runs efficiently when the
number of UEs is relatively small, such as 6 or 10 UEs,
and when the number of APs is appropriately configured.
However, as the number of users increases, e.g., to 20 UEs,
the resource allocation process becomes more complex, and
evaluating the fitness of individuals consumes more computa-
tional resources, leading to a significant increase in runtime.
Moreover, increasing the number of APs also increases the
algorithm’s complexity, while the system performance tends
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Fig. 2. Convergence of different benchmarks comprising CHDE, CHGA, and CHPSO.

TABLE I
IMPACT OF THE DE OPERATORS ON THE PERFORMANCE OF CHDE

Fig. 3. Runtime of CHDE.

to degrade. For instance, with 6 UEs, the runtime of CHDE
is 52.45s with 30 APs, but the runtime increases by 12
times when using 120 APs, while the total SE decreases by
approximately 1.47 times. Similarly, for a larger-scale scenario
with 20 UEs, the runtime is 289.2s with 30 APs, whereas
increasing the number of APs to 120 results in a 41.5-fold
increase in runtime due to the significantly larger number of
optimization variables. Therefore, it is important to configure
an appropriate number of APs for the system. Moreover, Fig. 2
indicates that CHDE enters a stable convergence regime after
roughly the 100-th generation, beyond which performance
gains become marginal. This suggests that early-stopping
criteria can be employed in practice to reduce the runtime,
e.g., when the fitness improvement between successive gen-
erations becomes negligible, while preserving near-optimal
performance, thereby enhancing the practicality of CHDE for
large-scale network optimization.

Table 1 summarizes the performance of various DE opera-
tors used for reproduction. The rand/1 and rand/2 strategies
exhibit strong exploration abilities. However, as the level of
randomness increases in rand/2, the SE decreases, indicating
that excessive randomness can impair the ability of the algo-
rithm to exploit promising solution regions, thereby slowing
convergence. In contrast, the best/1 operator, which relies
entirely on the best individual, tends to converge quickly but
often suffers from premature convergence, limiting the overall
effectiveness. It is observed that introducing a random factor
in best/2 enhances the SE by enabling solutions to escape the
local region. To leverage different strategies, CHDE enhances
diversity by selecting reproduction candidates from among the
top individuals, rather than relying solely on the best one.
In addition, a random component is introduced to enhance
the exploration capability. Experimental results validate that
CHDE consistently outperforms the compared operators by
approximately 5.8%–14.39%.

Figure 4 compares the proposed model with the previous
model in [23], where only HD-mode APs are employed. The
proportion of APs operating in FD mode ranges from 16%
to 33%, depending on system configuration, and this ratio
increases with higher AP density. The performance gain of
the proposed model is affected by both the loop interference-
to-noise ratio (LINR) and the number of APs. When LINR
is higher than noise, system performance tends to decrease,
resulting in lower SE. In contrast, increasing the number of FD
APs generally improves the relative efficiency of the proposed
model.

Figure 5 illustrates the impact of the number of APs on
the total SE of the network system. It shows that for each
scenario (Ku = Kd ∈ [3, 5, 10]), there is an optimal number
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Fig. 4. Efficiency of the proposed model compared to the previous model [19] that only includes APs operating in HD mode.

Fig. 5. Impact of number of APs (MN = 240).

of antennas per AP that maximizes the total SE. Initially, when
the number of APs increases, the total SE also increases across
all scenarios. However, after reaching a specific number of
APs, the total SE no longer increases and may even decrease
when this amount becomes too large since the total number of
antennas across the APs remains constant (MN = 240). The
presence of larger residual SI and CLI negatively impacts the
total SE. Additionally, when individual SE lower constraints
are imposed, the system needs to allocate more power to UEs
with unfavorable links. Then, stronger interference exists, and
the total SE is sacrificed to compensate for these UEs.

Figure 6 demonstrates the SE per UE with lower threshold
SQoS = 0.2 bits/s/Hz. With the same power provided to the
system, when the number of UEs increases, SE per UE slightly
decreases. Additionally, SE per UE is also influenced by the
AP-antenna configuration implemented in the network, which
aligns with the analysis of total SE as indicated in Fig. 1.
With M = 30 and N = 8, the SEs per UE in three scenarios
with 6, 10, and 20 UEs are 4.21, 3.54, and 2.54 bits/s/Hz,
respectively. There is a significant disparity between SE of
DL UEs and SE of UL UEs. Moreover, as the number of
UEs and APs increases, the gap between the maximum SE
and minimum SE per UE becomes more pronounced. With
20 UEs (Kd = Ku = 10), the max-min distance ranges from
0.56 to 3 bits/s/Hz. High UE density, combined with a small
number of antennas per AP, presents a significant challenge for
the network system in allocating power to reduce interference
and ensure specific SE requirements for UEs.

CHDE suspends service to UEs whose SE requirements
cannot be met, thereby improving network quality and

enhancing resource efficiency. Figure 7 illustrates the impact
of the minimum SE constraints on average SE and the
number of UEs served with SQoS ∈ [0, 3] bits/s/Hz. Most
UEs are served when the constraints are relaxed. However,
as the minimum SE threshold increases, it becomes more
challenging to serve the UEs. This effect is even more evident
in networks with high UE density. Figure 8 illustrates the
average number of time slots required to serve all UEs under
different initial SE thresholds. In this experiment, UEs that
are not scheduled in a given slot are retained with new UEs
for a subsequent scheduling slot. We evaluate three network
sizes with initial SE thresholds of 0.5, 1.5, and 3.0 bit/s/Hz.
To prevent long-term starvation, a re-entry mechanism with
threshold relaxation is introduced. If a UE remains unserved
for several consecutive time slots due to unfavorable channel
conditions, its SE requirement is gradually relaxed to a lower
level, ensuring eventual service. For instance, in the 6-UE
scenario, all users are served after an average of 2 time slots
with a 0.5 bit/s/Hz threshold, whereas approximately 14 time
slots are required with a 3.0 bit/s/Hz threshold. In the latter
case, the SE constraint of persistently unserved UEs is relaxed
to 1.5 bit/s/Hz after several slots. Similar behavior is observed
in the 12-UE and 20-UE cases. These results demonstrate that
the proposed relaxation mechanism guarantees that no UE is
permanently excluded.

Additionally, this paper evaluates the performance of the
proposed algorithm in a large-scale system scenario, where
the system serves 100 UEs (Ku = Kd = 50) with a LINR
of 20 dB, as depicted Fig. 9. The results demonstrate the
superior effectiveness of the proposed algorithm compared to
other algorithms. The total SE reaches its maximum when the
system includes 30 APs. However, the improvement of the
total SE is not significantly higher than in the scenario with
20 UEs, due to the same power limitation of the system. The
impact of the number of UEs on the system performance is
depicted in Fig. 10. The total SE of the system is improved
with a higher number of UEs. This figure also shows the
gain of CHDE compared to other benchmark schemes with
two AP configurations (M = 30, 60) in various UE density
scenarios. The balance between the number of APs and the
number of antennas per AP influences the rate of increase in
total SE. However, the total SE increases rapidly as the number
of UEs grows from 6 to 20, but the rate of improvement
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Fig. 6. Average SE per UE.

Fig. 7. Impact of SE lower requirement on the average of SE per UE and the number of served UEs.

Fig. 8. Average served UEs versus number of time slots for different network
sizes and initial SE requirements.

Fig. 9. Large-scale system with 100 users.

slows down when the system serves up to 100 UEs. The
total SE tends to saturate as the number of UEs exceeds

Fig. 10. Impact of the number of UEs.

a certain threshold, due to power limitations and increased
interference.

VI. CONCLUSION

This paper analyzed and optimized the ergodic SE in NAFD
CF-mMIMO systems, which can flexibly operate in FD or
HD mode with linear processing. By jointly designing the
AP mode of operation, power control, and LSFD weights,
this research maximizes the total SE, while accounting for
individual UL and DL QoS SE requirements as well as UL
and DL transmit power constraints. We derived the analytical
SE for each UE in this proposed model under arbitrary
fading channel models and the impact of loop interference
caused by FD APs. Leveraging the robustness of evolutionary
computation, CHDE was proposed to maximize the total SE

Authorized licensed use limited to: Hanoi University of Science & Technology. Downloaded on May 23,2026 at 08:25:25 UTC from IEEE Xplore.  Restrictions apply. 



16006 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 25, 2026

while satisfying specific constraints. The algorithm employs
a repair mechanism to handle constraint violations, which
may exclude some UEs due to practical limits. Numerical
results verify the model’s superiority over prior systems and
demonstrate CHDE’s efficiency against benchmarks.

APPENDIX A
PROOF OF PROPOSITION 1

By applying the use-and-then-forget capacity bounding
method from [9], the associated SE of UEdl

k is expressed as

Sdl,k =
τc − τt
τc

log2

(
1 +
|DSPZF

dl,k|2

∆dl

)
, (49)

where ∆dl = E
{
|BUPZF

dl,k|2
}

+
∑
k′∈Kd\k E

{
|DIPZF

dl,kk′|2
}

+∑
`∈Ku

E
{
|UIPZF

` |2
}

+ 1. Therefore, we need to compute
DSdl,k, E

{
|BUdl,k|2

}
, E
{
|DIdl,kk′ |2

}
, and E

{
|UI`|2

}
. To

compute DSdl,k, by replacing gdl
mk = (ĝdl

mk + g̃dl
mk), we get

DSdl,k=
√
ρd

∑
m∈Zdl

k

amθmkγ
dl
mk+N

∑
m∈T dl

k

amθmkγ
dl
mk

 , (50)

which is based on the observation that vdl,ZF
mk , vdl,MR

mk , and
g̃dl
mk are zero-mean RVs and are independent of each other.
Note that E

{
|BUdl,k|2

}
= ρdΞk − |DSdl,k|2, where

Ξk = ΞZF
k + ΞMR

k + 2

(∑
m∈Zdl

k

amθmkγ
dl
mk

)
×
(
N
∑

m∈T dl
k

amθmkγ
dl
mk

)
, (51)

with ΞZF
k , E

{∣∣∑
m∈Zdl

k
amθmk (gdl

mk)
†
vdl,ZF
mk

∣∣2} and

ΞMR
k , E

{∣∣∑
m∈T dl

k
amθmk (gdl

mk)
†
vdl,MR
mk

∣∣2}. Additionally,

ΞZF
k = E

{∣∣∣∑
m∈Zdl

k

amθmk
(
ĝdl
mk + g̃dl

mk

)†
vdl,ZF
mk

∣∣∣2}
=

(∑
m∈Zdl

k

amθmkγ
dl
mk

)2

+
∑

m∈Zdl
k

amθ
2
mk(βdlmk − γdlmk)

γdlmk
N − |Sdlm |

, (52)

where we have used (10) and∑
m∈Zdl

k

amθ
2
mkE

{∣∣∣ (g̃dl
mk

)†
vdl,ZF
mk

∣∣∣2}
=
∑
m∈Zdl

k

amθ
2
mk

(
βdlmk−γdlmk

)
(γdlmk)2E

{[((
Ĝdl
Sm
)†
Ĝdl
Sm

)−1]
kk

}
,

=
∑

m∈M
amθ

2
mk

(
βdlmk − γdlmk

) γdlmk
N − |Sdlm |

, (53)

where, g̃dl
mk and vdl,ZF

mk are independent, and the result follows
from [35, Lemma 2.10]. Moreover, ΞMR

k is derived as

ΞMR
k

= var
(∑

m∈T dl
k

amθmk
(
ĝdl
mk + g̃dl

mk

)†
vdl,MR
mk

)
+

∣∣∣∣E{∑m∈T dl
k

amθmk
(
ĝdl
mk + g̃dl

mk

)†
vdl,MR
mk

} ∣∣∣∣2

=
∑

m∈T dl
k

amθmk

(
E
{∥∥ĝdl

mk

∥∥4
}

+E
{∣∣(g̃dl

mk)†ĝdl
mk

∣∣2}
−(Nγdlmk)2

)
+

∣∣∣∣E
∑
m∈T dl

k

amθmk
(
ĝdl
mk+g̃dl

mk

)†
vdl,MR
mk


∣∣∣∣2

=
∑
m∈T dl

k

amθ
2
mkNγ

dl
mkβ

dl
mk+

N∑
m∈T dl

k

amθmkγ
dl
mk

2

. (54)

Therefore, plugging (52) and (54) into (51), we have

E
{
|BUdl,k|2

}
= ρd

(∑
m∈Zdl

k

amθ
2
mk(βdlmk − γdlmk)

× γdlmk
N − |Sdlm |

+
∑

m∈T dl
k

amθ
2
mkNγ

dl
mkβ

dl
mk

)
. (55)

Similarly, we can compute E
{
|UI`|2

}
= ρuς`β

du
k` and

E
{
|DIdl,kk′ |2

}
= ρd

(∑
m∈Zdl

k

amθ
2
mk′(β

dl
mk−γdlmk)

γdlmk′

N−|Sdlm |
+N

∑
m∈T dl

k

amθ
2
mk′γ

dl
mkβ

dl
mk′

)
. (56)

Using (50), (55), and (56) into (49), the desired result is in
(20).

APPENDIX B
PROOF OF THEOREM 1

From the average gain, an upper bound on E[T0] is obtained
Lemma 3: [36]: Let {ζ(G)}∞G=1 be a stochastic non-negative

process. Let T ζ0 = min{G|ζ(G) = 0} and σ−algebra H(G) =
σ(ζ(1), ζ(2), . . . , ζ(G)). Assume that E{T ζ0 } < +∞. If there
exists α ∈ R and E{ζ(G) − ζ(G+1)|H(G)} ≥ α > 0,∀G ≥ 1,
then E{T ζ0 |ζ1} ≤

ζ1
α .

Let χ(x) = 0 if x = 0. Otherwise, χ(x) =
1 +

∫ x
0

1
h(t)dt if x > 0. We consider the two cases:

(i) If ∆
(G)
ε > 0 and ∆

(G+1)
ε = 0, E{χ(∆

(G)
ε ) −

χ(∆
(G+1)
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0
1
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(G)
}
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F (G) = σ(∆
(1)
ε ,∆
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ε , . . . ,∆
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∆
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ε ) > h(t),∀t ∈ [∆

(G+1)
ε ,∆

(G)
ε ].

From (i) and (ii), E
{
χ(∆

(G)
ε )− χ(∆

(G+1)
ε )|F (G)

}
≥

1,∀∆(G)
ε > 0. Considering a stochastic process{

χ(∆
(G)
ε )

}∞
G=1

, denote Tχ0 = min
{
G
∣∣χ(∆

(G)
ε ) = 0

}
as the first hitting time. Using Lemma 3 and
E
{
δ(G)
ε −∆

(G+1)
ε

∣∣F (G)
}

= E
{

∆
(G)
ε −∆

(G+1)
ε

∣∣∆(G)
ε

}
,

Theorem 1 is proven

E
{
Tε
∣∣∆(1)

ε

}
= E

{
Tχε
∣∣χ(∆(1)

ε )
}
≤ 1 +

∫ ∆(1)
ε

0

1

h(t)
dt.
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systems from Linköping University (LiU), Sweden,
in 2020. He was a Research Associate with the
University of Luxembourg. He is currently with the
School of Information and Communication Tech-

nology (SoICT), HUST. His interest lies in convex optimization problems
and machine learning applications for wireless communications and image
& video processing. He received the Award of Scientific Excellence in the
first year of the 5G wireless Project funded by European Union Horizon’s
2020 and the National Outstanding Young Scientist Award (Golden Globe) in
Science and Technology, Vietnam, in 2023. He was an Exemplary Reviewer
of IEEE WIRELESS COMMUNICATIONS LETTERS in 2016, 2017, and 2021,
respectively.

Authorized licensed use limited to: Hanoi University of Science & Technology. Downloaded on May 23,2026 at 08:25:25 UTC from IEEE Xplore.  Restrictions apply. 



16008 IEEE TRANSACTIONS ON WIRELESS COMMUNICATIONS, VOL. 25, 2026

Bui Trong Duc received the B.Sc. degree in com-
puter science from the Talent Program and the
M.Sc. degree in data science, both with Excellent
classification, from Hanoi University of Science and
Technology, Hanoi, Vietnam, in 2024 and 2026,
respectively. He is currently an Assistant Lecturer
with the School of Information and Communi-
cation Technology, Hanoi University of Science
and Technology. His publications have appeared in
IEEE TRANSACTIONS ON WIRELESS COMMUNI-
CATIONS, IEEE TRANSACTIONS ON EMERGING

TOPICS IN COMPUTATIONAL INTELLIGENCE, IEEE INFOCOM, IEEE
GECCO, and IEEE WCCI. His research interests include artificial intelligence,
computational intelligence, and wireless communications.

Mohammadali Mohammadi (Senior Member,
IEEE) is currently a Lecturer with the Centre
for Wireless Innovation (CWI), Queen’s University
Belfast, U.K. Previously, he held the position of
a research fellow with CWI from 2021 to 2024.
He has published more than 90 research papers in
accredited international peer-reviewed journals and
conferences in the area of wireless communication.
He has co-authored three invited book chapters.
His research interests include signal processing for
wireless communications, cell-free massive MIMO,

integrated sensing and communications (ISAC), reconfigurable intelligent sur-
faces, and physical layer security. He received the Exemplary Reviewer Award
of IEEE TRANSACTIONS ON COMMUNICATIONS in 2020 and 2022 and
IEEE COMMUNICATIONS LETTERS in 2023 and the Exemplary Editor Award
of IEEE COMMUNICATIONS LETTERS in 2025. He serves as an Associate
Editor for IEEE COMMUNICATIONS LETTERS, IEEE OPEN JOURNAL OF
THE COMMUNICATIONS SOCIETY, Digital Signal Processing, and Physical
Communication (Elsevier).

Hien Quoc Ngo (Fellow, IEEE) is currently a
Professor with Queen’s University Belfast, U.K. He
has co-authored many research articles in wireless
communications and co-authored Cambridge Uni-
versity Press textbook Fundamentals of Massive
MIMO in 2016. His main research interests include
cellular/cell-free massive MIMO systems, integrated
sensing and communications, reconfigurable intelli-
gent surfaces, and physical layer security.

Dr. Ngo received the IEEE ComSoc Stephen O.
Rice Prize in 2015, the IEEE ComSoc Leonard G.

Abraham Prize in 2017, the Best Ph.D. Award from EURASIP in 2018,
and the IEEE CTTC Early Achievement Award in 2023. He also received
the IEEE Sweden VT-COM-IT Joint Chapter Best Student Journal Paper
Award in 2015. He was awarded the UKRI Future Leaders Fellowship in
2019. He serves as an Editor for IEEE TRANSACTIONS ON WIRELESS
COMMUNICATIONS, IEEE TRANSACTIONS ON COMMUNICATIONS, Digital
Signal Processing, and Physical Communication (Elsevier). He was an Editor
of IEEE WIRELESS COMMUNICATIONS LETTERS and a Guest Editor of IET
Communications and IEEE ACCESS in 2017.

Michail Matthaiou (Fellow, IEEE) received the
Ph.D. degree from The University of Edinburgh,
U.K., in 2008.

He is currently a Professor of communications
engineering and signal processing and the Deputy
Director of the Centre for Wireless Innovation
(CWI), Queen’s University Belfast, U.K. He is also
an Eminent Scholar with Kyung Hee University,
Republic of Korea. He has held research/faculty
positions with Munich University of Technology
(TUM), Germany; and the Chalmers University of

Technology, Sweden. His research interests span signal processing for wire-
less communications, beyond massive MIMO, reflecting intelligent surfaces,
mm-wave/THz systems, and AI-empowered communications. He and his
co-authors received the IEEE Communications Society (ComSoc) Leonard
G. Abraham Prize in 2017. He currently holds the ERC Consolidator Grant
BEATRICE (2021–2026) focused on the interface between information and
electromagnetic theories. To date, he has received the prestigious 2023 Argo
Network Innovation Award, the 2019 EURASIP Early Career Award, and
the 2018/2019 Royal Academy of Engineering/The Leverhulme Trust Senior
Research Fellowship. His team was also the Grand Winner of the 2019 Mobile
World Congress Challenge. He was a recipient of the 2011 IEEE ComSoc
Best Young Researcher Award for the Europe, Middle East and Africa
Region, and a co-recipient of the 2006 IEEE Communications Chapter Project
Prize for the Best M.Sc. dissertation in the area of communications. He has
co-authored articles that received Best Paper Awards at the 2018 IEEE WCSP
and 2014 IEEE ICC. In 2014, he received the Research Fund for International
Young Scientists from the National Natural Science Foundation of China.
He is currently the Editor-in-Chief of Physical Communication (Elsevier), a
Senior Editor of IEEE WIRELESS COMMUNICATIONS LETTERS and IEEE
Signal Processing Magazine, an Area Editor of IEEE TRANSACTIONS ON
COMMUNICATIONS, and the Editor-in-Large of IEEE OPEN JOURNAL OF
THE COMMUNICATIONS SOCIETY.

Authorized licensed use limited to: Hanoi University of Science & Technology. Downloaded on May 23,2026 at 08:25:25 UTC from IEEE Xplore.  Restrictions apply. 


