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ABSTRACT

This paper presents an application of differential evolution in opti-
mizing the exploitation of full-duplex communication for Cell-Free
Massive Multiple Input Multiple Output (CF-mMIMO), a potential
candidate for 6G networks. This paper proposes a new dynamic
network-assisted full-duplex CF-mMIMO network, where access
points can operate in either half-duplex or full-duplex mode, and
each full-duplex access point can serve uplink and downlink users
simultaneously. A long-term total spectral efficiency maximization
problem is formulated subject to a network operation model and
individual spectral efficiency requirements with a limited power
budget. Due to the intrinsic nonconvexity and infeasible circum-
stances where some users might not achieve the rate requirements,
we adapt differential evolution to design a low computational com-
plexity algorithm, attaining good power allocation and network
operation mode in polynomial time. We further analytically inves-
tigate the number of generations required to reach the optimal
solution. Numerical results demonstrate the effectiveness of our
system design and proposed algorithm over state-of-the-art bench-
marks. The network can offer satisfactory service to most users,
although several may be unscheduled under harsh conditions.
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1 INTRODUCTION

Full-duplex communication in Cell-Free Massive MIMO (FD CF-
mMIMO) represents an advanced mechanism by enabling simul-
taneous transmission and reception on the same frequency chan-
nel [1]. By enabling uplink (UL) and downlink (DL) transmissions
to happen simultaneously on the same time-frequency resources,
full-duplex systems can reclaim the bandwidth that is typically
lost in traditional half-duplex (HD) systems. However, interfer-
ence management in FD CF-mMIMO systems is more complex
than in their HD counterparts due to residual self-interference
(RSI). Although passive and active self-interference (SI) suppression
techniques have effectively reduced the self-interference power to
background noise levels, deploying power-hungry circuits across
all access points (APs) would increase the energy to unacceptable
levels, especially given the large number of APs in the network [8].
Inter-AP/UE interference, known as cross-link interference (CLI),
also degrades FD CF-mMIMO network performance. To mitigate
the adverse impacts of RSI and CLI on the performance of FD
CF-mMIMO networks, an effective solution is to adopt a novel
physical layer design for CF-mMIMO, termed network-assisted full
duplexing (NAFD), as introduced in [18]. In NAFD CF-mMIMO,
APs can function in FD mode, hybrid-duplex mode, or flexible-
duplex mode. This allows NAFD to integrate all duplex modes
within the network [7]. Each AP’s transmission mode (UL/DL) can
be dynamically adjusted according to network conditions and re-
quirements, e.g., the location and number of UL and DL users (UEs),
as well as their quality-of-service (QoS) requirements, enabling
simultaneous and adaptable support for both UL and DL services. A
shared characteristic in [7, 19, 21] is the reliance on instantaneous
channel state information (CSI), which requires frequent resource
updates and causes high overhead in CF-mMIMO. The statistical
CSI-based method in [4] assumes inter-AP CSI and ignores per-UE
QoS, risking service outages. The SCA-based approach in [10] faces
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scalability and delay issues. All limit APs to HD mode, reducing
communication flexibility, except [20]

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 spectral efficiency (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 cancella-
tion 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 communications, respectively. Using PZF design, each AP
adopts maximum-ratio (MR) and zero-forcing (ZF) linear process-
ing to support UL and DL transmissions of different groups of UEs.
However, the resource allocation problem and the control of AP
operating modes remain critical challenges in NAFD CF-mMIMO
network .

Evolutionary algorithms have emerged as a promising approach
for solving resource allocation problems in communication systems
[16]. In [14], the authors utilize a genetic algorithm (GA) to optimize
sliding-mode control for discrete-time networked Markov jumping
systems with channel fading, minimizing the convergence region.
The study [17] employs differential evolution (DE) to optimize
beamforming in RIS-assisted communication, improving communi-
cation reliability. Additionally, to mitigate co-channel interference
and reduce complexity, a pilot allocation-based AP selection algo-
rithm using particle swarm optimization (PSO) is proposed in [5]. In
full-duplex distributed massive MIMO system, an elite preservation
genetic algorithm (EPGA), which prevents optimal solutions from
being lost during evolution, is introduced to enhance spectral effi-
ciency [24]. Therefore, leveraging the robustness of evolutionary
algorithms, our main contributions are summarized as follows:

e We propose a new dynamic NAFD CF-mMIMO network,
where APs can operate in either HD or FD mode, and each
FD AP can serve UL and DL UEs simultaneously. The SE
expressions for each UE are derived for the predetermined
operating modes of APs and linear signal processing using
PZF. Then, we formulate a total UL and DL SE maximization
problem subject to limited transmit power budgets, network
operating modes, and given individual QoS requirements for
UEs. The considered problem is non-convex and NP-hard;
An adapted DE-based algorithm is proposed to handle the
inherent non-convexity of the problem. In infeasible cases
where not all UEs’ requirements can be simultaneously met,
our proposed algorithm identifies unsatisfied UEs while en-
suring service provision for the remaining ones;

Numerical results demonstrate the effectiveness of the NAFD
CF-mMIMO system in enhancing the SE of each UE. Fur-
thermore, the optimized AP operating modes significantly
improve network services and mitigate congestion.

Notation: The superscripts (-)*, (-)T, and ()" stand for the conju-
gate, transpose, and conjugate-transpose, respectively. The circular
symmetric complex Gaussian distribution having variance o2 is

denoted by CN (0, o2). Finally, E{-} is the statistical expectation.
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Figure 1: NAFD CF-mMIMO system with FD and HD APs.

2 SYSTEM MODEL

This paper considers a dynamic NAFD CF-mMIMO network,
where M APs coherently serve K, UL and K; DL users. We denote
M=z2A{1... M}, Kz={1,...,Kz} and Ky 2 {1,...,Ky} the sets
of indices of the APs, DL UEs and UL UEs, respectively. Moreover,
UE‘;1 and UEﬁ1 refer to UL user £ and DL user k, respectively. All
APs are connected to the CPU via high-capacity backhaul links as il-
lustrated in Fig. 1. The DL and UL data transmissions are performed
simultaneously exploiting the same time and frequency band. Each
user has one single antenna, while each AP has N transmit radio
frequency (RF) chains and N receive RF chains.

2.1 UL Pilot Training and Channel Estimation

The channel vector between the UEﬂ1 (UE?I) and the m-th AP,
gl e eV (gil, e CNX) is modelled as gd, = /g 5ol
(g”mlt, = ﬁ;}t,g”mlf), where ﬁfnlk (ﬁ;’nl[) is the large-scale fading coef-
ficient, while gg}k e chx1 (gfnl[ € CN*1) is the small-scale fading
vector with the elements being independent and identically dis-
tributed (i.i.d.) CN(0, 1). The channel coefficient between the UE‘;l
to the UEl‘i1 is ( ﬂg;ﬂ)l/ 2hp, where ﬁg? is the large-scale fading co-
efficient and ilk( is distributed as CN (0, 1). Finally, we denote the
channel from AP m to AP i, for i # m, as Z;,; € CN*N whose
elements are i.i.d. CN(0, fmi). For i = m, Zpm, Vm, represents SI
channel at FD APs, with elements that are i.i.d. CN (0, agl’m) [9].

Within a coherence interval of 7. symbols, each UL/DL UE trans-
mits a pairwise orthogonal pilot sequence of 7; symbols to all APs.
This condition necessitates 7; > K; + Ky,. Relying on the received
pilot signals at AP m and by using the minimum mean-square er-
ror (MMSE) estimation technique, gq; ;i and g1 ,,,, are estimated.
By following [12], the MMSE estimates gi}k and g“mlt, of gfnlk and
gumlf are modeled as gi}k ~ CN(0, denlkl)’ and ggnl[ ~ CN(0, y;’nlt,l),
o P B)? 1 mpe(B)®

. dl
respectively, where Yok = rep 41 Yme = T gt

2.2 DL-and-UL Payload Data Transmission

The mode assignment for AP m is defined such that a,, = 1 (b, = 1)
if AP m operates in the DL (UL) mode, and 0 otherwise. The HD
AP m only operates in HD mode, which is defined as

am +bm =1, or amby, =0, Vm (1)
For the FD AP m, we have
am +bm =2, or amby, =1, Vm. 2)

Using the locally acquired channel estimates, the APs apply linear
processing techniques, such as MR or ZF, to the signals transmitted
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to the K; DL UEs. Let sdl ~CN(0,1) denote the intended symbol

for UEdl AP m uses precodmg vector v © € CN*1 and transmits

4 = avpa Zke?(d kavmksk , 3)

where pg is the maximum normalized transmit power at each AP
and 0, > 0, for all m and k, is the power control coefficient at AP
m for UE k. The received signal at UEﬁ1 is written as

.
d1 d1 1
2 = NPE D ey O (8] Vot
;
a\"oa
RPN Zk’e?( \e AmOmi (gmk) Vmk Sk
1
D e, rext +will )

gl ~ CN(0,1) is the AWGN at UEl‘il. The third term in (4),

denotes the CLI caused by the UL UEs transmitting simultaneously
over the same frequency band. Moreover, x}‘l represents the trans-
mit signal from the UE?I. Let s}‘l, with E {|s}fl |2} = 1 denote the
transmit symbol by UE?1 and let p, represent the maximum normal-
ized transmit power at each UL UE. By considering the UL power
control at each UL UE, transmit signal from UEUI is x;) \//Tg[s ral

where ¢y is the transmit power control coefﬁment at UE‘;1 with

where w

0<c¢r <1,V ()

The UL APs receive the signal transmitted from all UL UEs. Thus,
the received signal y4} € CN*1 at AP m can be written as

1 ~ ul ul
m = VPu Zfem Vbméegmese
/ dl _dl
+ \/’D_dZiGM\m ZkG’Kd bmaieikzm,vlksk
+VPd Zke‘Kdv bmamgmkzmmvfiksgl +v bmwuml (6)

where W‘,Jn1 is the CN(0,Iny) AWGN vector. In (6), the second term
represents DL interference, and the third captures SI if AP m is
FD-enabled. AP m then applies linear processing to the received
signal. The resulting (Vumlt,)nyUm1 is then sent to the CPU for signal
detection. To enhance the achievable UL SE, the CPU further multi-
plies the received signal by the LSFD coefficient aye, Ym, k. Then,
the aggregated received signal for UE“1 is

ol = ZmeM ame (Vi) Ty, Ve e %, . )
Without loss of generality, we assume that
lamel* <1, Vem. ®)

2.3 Precoding/Decoding Design

Each AP m in DL mode (FD AP or HD AP in DL mode) divides the
DL UEs into two groups: S;jnl c {1,...,Ky}, which includes the
index of strong DL UEs, and ’W,‘jll c {1,...,Ky}, which includes
the index of weak DL UEs, respectively. Then, AP m employs the
ZF precoding for DL UEs in 83! and MR precoding for DL UEs
in ‘WAL, The local PZF transmit precoding at AP m, is given by

dlkZF fnlkG‘\jglm((Gdlm)T(A}?Slm)flek, where G?Slm an N X |ng1|
collective channel estimation matrix from all the UEs in Sgll to AP
m as G‘gm = [gg}k : k € 8411, Moreover, e, is the k-th column of

Ig,. Therefore, for any pair of UE]‘i1 and UE]‘i1 in SI, we have

1499

GECCO ’25, July 14-18, 2025, Malaga, Spain

ifk =k,

otherwise.

(&%, ©)

d1
)y dl ZF _ ) Vmk
0

Additionally, we define a pair of binary variables for each UEﬁl and

UL AP m as follows
5521 _ 1 itmeZE 57”;11 _ 1 ifme T
0 otherwise, 0 otherwise,

where Z]‘jl and 7;‘11 denote the set of indices of APs that assign
the UE]‘il into 83! for ZF precoding and the set of indices of APs
that assign the UEdl into ‘W3l for MR precoding defined as

Zdl L {m:keSHm= M3}, (10)
T (mikeWm=1,..M} (11)

with Zdl N le = ( and Zdl U le M c M, where Ml
1ncludes all FD APs and HD APs operatmg in DL. With PPZF design,
the transmit signal in (3) is given by

dl _ dl,ZF $d1
Xm = am Vpd( ZkESdl emkvmk Sk

dl,MR dl
+Zkewg,1 Oy v I MRS ) (12)

Note that AP m must satisfy the average normalized power con-

straint, i.e., E {||xdl ||2} < pg, is defined as follows [12]
Zke'K mk‘Pmkemk = am, (13)
Sk 7 d1,ZF
where @1 = o |3d1| +38,F N, and E{“v || }— o IS‘ﬂI By

using local PZF combining at AP m, the 1nterference generated by
strong UL UEs (in SY} ¢ %) that have strong channel gains is sup-
pressed using ZF combining. Conversely, the interference generated
by weak UL UEs (in ‘Wl ¢ %) which have weak channel gains,
is tolerated through the use of MR combining. The ZF combining
at AP m, is given by vLJl zF _ yul G”l((Gul)TGUI) er, where e,

is the ¢-th column of IK and GUI [gml, e ng ].
ul MR _ &

for MR combining vector, we set v = gm - Additionally, we
define binary variables for each UE‘;l and UL AP m as

Moreover,

ifme Zu,

5%t = !
0 otherwise,

57;}11 _ ifme 7{7“1,
m

1
mo- {0 otherwise,
where Z;‘l (‘7;,”1) denotes the set of indices of APs that assign UE‘;l

into SY! for ZF combining (the set of indices of APs that assign
UE‘;1 into ‘W4l for MR combining), with

Zh 2 meeSYy, T2 (miee Wiy,

wherem=1,....M, Z{* n 7" =0 and ZJP U7 = MU c M,
while MY! consists of all FD APs and HD APs operating in UL.
The UE grouping can be based on different criteria. The UEs

grouping strategy in PZF [6] relies Zl Sl (ﬁmk/zt ? Pm, t) > 0%,

where according to which AP m defines its set Sy, by including UEs
whose contribution to the total channel gain is at least v%. Here,
{Bm., - ’ﬁ_m,Kd} represents the collection of large-scale fading
coefficients sorted in decreasing order.

(14)
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3 SPECTRAL EFFICIENCY ANALYSIS

3.1 Spectral Efficiency
By applying PPZF precoding [12], we can obtain the achievable DL

SE of each user as in Proposition 1.
ProrosITION 1. With PZF precoding, the achievable DL SE at
UE]‘il is given by
- (5,77 (0.2))
Tc— Tt log, (1 + F’fZF— . (15)
. Q7 (6,g.2)
wherea = {am}, 0 = {01}, ¢ = {se}, Vm, k, £ and
_ R Zdl .7—d1
:22':(9, a) £ ‘/p_dZmeM (5m’< amHmkyfnlk+5 k NaQOkyfnlk),
O (O.6:0) 2 4 Y1 Dy (O 0 (BE =135

92 Ydl gl
mk’ ! mk’ k ~ pdu
N—|Sd1| 5 Nam mk' ¥ mk’ﬂmk)+puZ[eq(§fﬁk(+l
m

Siii(a.0.9) =

PROPOSITION 2. The achievable UL SE for the UE?1 at the CPU
with PZF/PZF design is given by

Sttt (ab,g 0, )=

™ Jog, (1+SINR ffi(abg 0 @), (16)

where, SINREle(a, b,¢. 0, ) =

zu! 2
Pu( Zme i O’ ame ey + NO amz\/bmgry,“nl,)

VP (b6, @) + pg Die m Lgeky 019,(])’“1 LoPZF (b, o)

17)

1
. \ z Yot ot = Yome?)
w77 = 5 (o 3 (057 b 200t i
m

meM ek,
yul
+ 6 v Namfmef’Ym[ﬂm€/)+5m 0( bm mé T
[Smi |
1
+5,7,,?J Nafm,bmy;’nlf), (18a)
zu
CI)PZFAZ b 2 5m[ UI(§qﬁMI Td ﬂ )
i~ meM mam[N—|S;Jn1| |Sdl| mi
Zdl
5.1 ﬂmi ‘T‘ﬂ
ot N“mzmefnlg(T(ﬂ' Nﬁmz),ﬁmm 2 02, (18b)

The DL SE in Proposition l is comprehensive and encompass

1
both FZF precoding W1th Sm Z =1, 57? =0, and |S%| = Ky;

MR precoding with 5 =0and 57;‘d = 1 According to (7), the
received signal at the CPU is a function of v}, and le For the gen-
eral case of local PZF combining and PZF precodmg (PZF/PZF) the
achievable UL SE of each user can be expressed as in Proposition 2.
The UL SE in Proposition 2 includes different combining/precoding
designs in NAFD CF-mMIMO systems. More specifically, PZF com-

7‘d1
bining/ MR precoding: §,7 =1 ind 5izq =0in <I>rPnZ{,f, MR combin-
2o _ o, 620"

7l
ing/ MR precoding: 5,7 = 1,5, =0, and (5,,{ = 1;FZF
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gl dl ul 1

combining/ MR precoding: 6,7 =1, 5Zq =0, 5Z =1, 57?1 =0,
r]—d dl

and |S“1| = Ku,FZF combining/ FZF precoding: §; 7 =0, 5Z =1,

ul
52 = 1,67 Z 0,184 = K, and |S9] = K.

3.2 Sum Spectral Efficiency Maximization

We formulate the maximization of the total SE of the considered
network by optimizing the mode assignment vectors (a, b), the UL
LSFD weights «, and the UL and DL power control coefficients
(0, ). The 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 can be expressed as

max SENAFD () (19a)
s.t. (1), (2), (5), (8). (13)
SN P b6 0,0) 2 sul, (19b)
glNkAFD(a 0.6) = S, v (19¢)
Opic = 0, Vi, m, (19d)
where ¢ € {PZF, MR FZF},SENFD (x) 2 3 o SglNkAFD(a, 0,c)
+ Drek, Sflr\i,AFD(b, 6.0,a),x = {abg0 a}, S and S are

the minimum SE requirements of UE?1 and UEﬂl, respectively. Full
service satisfaction for all UEs may be unachievable under infeasible
conditions, such as severe propagation and limited power.

4 PROPOSED ALGORITHM

In this section, we propose a constraint-handling differential evo-
lution (CHDE) algorithm that combines a SE lower boundary con-
straint handling mechanism with DE. Since individuals may violate
the SE lower requirement constraints, CHDE employs a constraint
handling technique by stopping service to UEs that cannot meet
SE threshold. An overview of CHDE is illustrated in Algorithm 1.

4.1 Population Initialization

A population P(P) (G = 1) is initialized, consisting of I individuals.
Each individual is represented by a vector, where each element is
a real value in the range [0, 1]. Specifically, the i-th individual at
G-th generation is denoted as

x(09) = [x(19) IO (6T, (20)
where len = 2M+K,+MK,+MK +1, {xr(liG)}M nd {x(lG)}n M+1

correspond to the operation modes of APs, Vm € [1,...,M] with

(iG) .0 (iG)
={l if x,, 7 > 0.5, b 2{1 if x marg 2 0-5 (21)

0 otherwise, 0 otherwise.

Additionally, {x(lG) }i}‘:/;\ﬁl and {x(lG) }if; Aﬁ;”ff“ are adaptive

. . (iG) \2M+K,,+MK,+MK
to be converted into ¢ and a. Finally, {x, " }} "\ KM, 41 and
2(;\2[( +MEK, +MK,+1 Tepresent the constraint (13),
(iG) l6)
0. = amX|ep IMAK,+MK,+(m-1)Kg+k (22)
mk = v Lo o 3 ZMAK MK, +mK g LG’
mk TN Lo M4 K+ MKy +(m—1)Kg+1 "1
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4.2 Individual Repairing and Evaluation
Including Infeasible Circumstances

The fitness of each individual x(/C) is defined from the objective
function of problem (19), denoted as f(x(10)) = SSNAFD (x(iG) )
An individual xP) is better than another x/S) when f(x(iG))
is larger than f (xUG)). However, to address constraints (19b) and
(19¢), we employ a technique to suspend service for idle UEs without
ensuring power constraints. Specifically, assuming %, and 7~(d are
sets of UL and DL UEs respectively, who do not meet the lower
power boundary, defined as follows:

K= 1{0:S5Pbg0,a) <S8 VeeK,)  (23)
Ka =1k S50, 0,6) < S, VK € Ky} (24)

Denote U¢ and D€ as two diagonal matrices representing the
corresponding service for UL and DL UEs, defined as:

c_J1 ifte K\ Ks . _Jrifke KN\Ky, 25)
7)o ifrek,, k™o ifk ek,
Then, the solution related to the individual x(/¢) is updated:
¢=U%, a=D, (26)
(iG) 5 6) D¢
i amXy,, X o M+Ky+ MKy +(m—1)Kag+k —k @7)
m ),dl Omk 22M+Ku+MKu+mKd (zG)DC’
mk CMK 2up o M+ K+ MKy (m—1)Kg+1 1
where, &, @& and 6 have some zero elements at positions of UEs

that are not sgrved. Therefore, the SE of each UE and the fitness of
individual x(!6) are calculated again as follows:

(iG)\ _ GENAFD GENAFD
) = ZEG’K ule Zke‘K dLk (28)
SENAFD _ §1 ZAFD(b 8.0, a), Vi € K\ Ky,
Sy Sy (29)
0, V£ € ‘Ku,
senarp _ [SS0(2,6,6), Vi € K\Ky,
Saik ank (30)
> 0, Yk € 7((1,

4.3 Reproduction and Individual Selection

In the G—th generation, this paper first uses DE/current-to-pbest/1
operator to create a mutant vector, which is described as

w6 = 4 (6) L F (X(pbestG) _X(iG))+F (X(rlG) _x(rzc))’ (31)

where u®) is a mutant vector corresponding to the parent solution
X(iG)) X(pbestG)
x(11G)

is selected randomly from the top best solutions,

(2G) are selected randomly from current population,

(pbestG) _ X(iG)

and x
and F is a scaled factor. Specifically, x represents
a local search behavior aimed at guiding the individual’s move-
ment to exploit the promising solution space provided by the best
individual. The second component x("1) — x("2G) represents the
disparity between the two randomly selected individuals, serving
as a global search behavior. Nonetheless, since (31) may generate

elements of uli®) outside [x}"i", x;"“x ], we apply the correction

from [15]. Then, a trial vector v(i©) is generated by crossing x(i6)
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Algorithm 1 CHDE
Input: NAFD CF-mMIMO; scale factor F, crossover rate CR,
and maximum number of generations Gpax;
Output: a,b,g, 0, and «;

: Generation index G « 1;
: Randomly initialize a population P(G) of I individuals;
: Repair and evaluate each individual within $ (G),
: while Termination condition not met do
Offspring 86 — g;
fori < 0toldo
Generate mutant vector u(iC) using (31);
Generate trial solution v(:G) using binomial crossover;
Repair and evaluate v(iG);
iff(v(iG)) > f(x(iG)) then
B(6)  g(G) yyiG),
else
B(G)  g(G) y(iG)
end if
end for
PGt  86). G — G+1;
17: end while

R AN T >

-
=4

and u(i®) using the binomial crossover operator [3]. After all of the
trial vectors v(!C) have been generated, the fitness of each is evalu-
ated by (28). Then, a selection process determines the survivors for
the next generation. Specifically, the selection operator compares
each individual x(/¢) against its corresponding trial vector v(iG),
keeping better vectors in the population. CHDE terminates if one
of the following two criteria is satisfied: i) the number of genera-
tions reaches a maximum specified, and ii) objective value remains
unchanged over predetermined generations.

4.4 Discussion of Proposed Algorithm

We now probabilistically analyze the convergence of CHDE to an op-
timal solution with an e—optimal solution space. Algorithm 1 grad-
ually improve population quality and converges towards e—optimal
solutions space, which is presented in Lemma 2.

DEFINITION 1. Let S} to be the space of the e—optimal solution,
Sk ={x[If(x) - f(x*)| < e x and x* € S}, (32)

where f(-) and S denote the objective function and the feasible space
of the problem (19), respectively. However, x* is the optimal solution
and ¢ is a small positive value.

LEmMMA 2. [17] For a population P with I individuals, the proba-
bility of the population converging to an individual belonging to S
by exploiting CHDE is defined as follows

Pr(PNS:#2) 21— (1-pu(S*)Pep),

where Pep € [0,1] is the mutation probability of each individual,
u(Sy) is the measures to the space S} regarding the reproduction.

(33)

Lemma 2 indicates that CHDE converges to the global optimum
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;.
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DEFINITION 3. Assume that X} is a solution in the solution space

S, let fb(g; = f(x(bestG)) be the best fitness of population P(S),

define AEG) = max{f(x}) - fb(gg 0}, which is used to measure the
distance of the population to the e—optimal solution. Obviously, the
sequence {AEG) } 6=y &enerated by CHDE is a non-negative stochastic
process. Then, the stopping time of CHDE is T, = min{G > 1: AgG) =
0}, which is the first hitting time [22] for the algorithm towards an
e—optimal solutions.

In [22], the evolutionary process {P(G) o=, of CHDE is modeled

by a Markov chain. Therefore, the sequence {AgG)}gzl is also
referenced to as a Markov chain, and the gain can be defined as
g(G) =E {AiG) — AgGH) |A£G) } Based on the average gain, the
expected of first hitting time of CHDE is represented in Theorem 1.

THEOREM 1. Let {AEG) } &=y be a stochastic process associated with

CHDE, where AgG) > 0,YG > 1. Suppose h : (0, Agl)] — R* bea
monotonically increasing continuous function.

IfE {AEG) - A§G+”|A£G)} > h(ALD) , when AC) > 0, then

(1)

B{TalV} < 1+/0A€

1

oyt (34)

PRrROOF. See Appendix A. O

Complexity Analysis: The computational complexity of the
fitness function f(-) is independent of the linear proceeding tech-
nique & Without loss of generality, we analyze the computational
complexity of the fitness function with PZF precoding. For each
UE]‘il, evaluating SE requires O (MKy). The complexity to compute
the SE for UE?1 is in the order of O (MKy, +M?K). Therefore, the fit-
ness function requires the complexity of O(MK; +MEK2+M?K4Ky,).
Each individual can be evaluated up to a maximum of (K + Ky,)
times to ensure constraints (19b) and (19c). The complexity to eval-
uate each individual is O((Kg + Ky) (MK? + MK, + M*K4Ky,)). Let
FEO = (Kq + Ky)(MK3 + MK, + M*K4Ky). Regarding the com-
putational complexity of CHDE, the population initialization step
requires O(Ixlen+IXFEO), where len = 2M+K, + MKy, + MK ;+1.
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In each generation, the population sorting requires O(Ilog(I) to se-
lect the top best solution. The reproduction step requires O (I x len).
The individual repairing and evaluation processing within the
offspring requires O(I X FEO). The selection step requires O(I).
Therefore, the computing complexity of the proposed algorithm is
O(GI(K;, + K} + MK{Kq + MK,K3).

5 NUMERICAL RESULTS

We consider an NAFD CF-mMIMO system in which the APs and UEs
are dispersed randomly within a 0.5 0.5 km? square. 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}, num-
ber of UL/DL UEs K;, = K € {3, 5,10}, communication bandwidth
B = 50 MHz, length of the coherence block 7. = 200, length of the
pilot 7; = Ky + Ky, and 89, = 87 = Sgos. The noise power ol =
kpToBF, where Boltzmann constant kg = 1.381 x 10~23 Joules\°K,
temperature noise Ty = 290°K and noise figure F = 9dB. Let
pPa =08W, p, =0.2W and g; = 0.2 W be the maximum transmit
power of the APs, UL UEs and UL training pilot sequences, respec-
tively. The normalized maximum transmit powers py, py, and p; are
obtained by dividing the respective transmit powers by the noise
power. The large-scale fading coefficient S5 ( ﬂ:jnlk, ﬁ;‘nl[, ﬁ]‘:‘;) and
shadowing terms are modeled by [2, 10]. We compare our proposed
CHDE algorithm with the baseline scheme, denoted as Random-
NAFD!, and robust benchmark algorithms for optimization prob-
lems that incorporate constraint-handling techniques, including the
genetic algorithm (CHGA) [13] and particle swarm optimization
(CHPSO) [11]. Specifically, we analyze the gain of the proposed
model compared to the previous model [10] and the efficiency of
CHDE. Additionally, we observe the SE average for each UE and the
number of UEs served when the SE minimum requirement creases.

Fig. 2 illustrates the total SE of all UEs versus different scenarios,
including the number of APs and the number of DL/UL UEs. Re-
sults demonstrate that CHDE outperforms the other benchmarks.
Specifically, CHDE achieves performance gains of up to 28%, 29%,
and 82% over CHPSO, CHGA, and Random-NAFD, respectively.
Regarding the results from the heuristic schema Random-NAFD,
the average total SE is lower due to the heterogeneous locations of

For 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 (¢ = 1, Vm, V¢).
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Table 1: Impact of the DE operators on the performance of CHDE

Operator K,=K;=3 K,=Kz=5 K, =Kz =10
M=30N=8 M=60,N=40 M=30,N=8 M=60,N=40 M=30,N=8 M-60,N =40
DE\rand\l  22.23 + 3.36 22.79 £ 5.10 28.07 £ 3.69 29.45 + 2.68 38.64+3.14  49.96 + 6.50
DE\rand\2  22.09 + 3.32 22.82 + 5.00 27.71 + 3.40 29.54 + 3.12 37.29£2.19  49.24 +7.55
DE\best\l  21.96 + 3.41 22.53 + 5.22 27.30 + 3.27 29.01 + 2.71 37.23 + 1.80 46.99 + 6.37
DE\best\2  22.05 + 3.27 23.08 + 5.42 28.15 + 3.93 28.45 + 2.74 38.90 + 2.81 49.38 + 6.30
CHDE 23.52+4.44  2485+652  30.71+443  31.93+3.56  4259+3.61  54.39+7.98

UEs corresponding to APs, while power allocation is equal without
considering LSFD. Compared with the robust benchmarks, CHDE
is more efficient than others, specifically, the improvement is from
10% to 30%. Although (19) is a combination optimization, the prob-
lem is approximately continuous real optimization based on an
individual’s representation. Therefore, CHDE is better than CHPSO
and CHGA due to the adaptation of DE algorithm.

In Fig. 3, we visualize the convergence trends of the employed
evolutionary algorithms, including CHGA, CHPSO, and our CHDE.
All algorithms begin with the same initial parameters. Although
all algorithms demonstrate substantial improvements in total SE
during the evolution process, CHDE surpasses the others in both
convergence speed and the quality of the final solution. In the
initial generations, the convergence rate of CHDE and CHGA is
better than CHPSO. However, CHGA quickly gets stuck in the local
optimal region. While CHPSO monotonously improves the solu-
tion quality over generations, the improvement is marginal. CHDE
demonstrates superior capability in escaping local optima com-
pared to CHGA and CHPSO and begins to converge from around
the 100-th generation. This indicates that CHDE is effective in
finding high-quality solutions and search time.
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Regarding the efficiency of the proposed model compared to the
previous model [10], which only includes APs operating in HD
mode, the numerical results are presented in Fig. 4a and Fig. 4b. The
gain gap of the proposed model is influenced by various factors,
such as loop interference-to-noise ratio (LINR) and the number of
APs. Specifically, with the configuration where M = 20 APs, the
improvement level of the proposed model is up to 4.7%. With the
configuration of M = 40 APs, the improvement level is in the range
of 1 — 6%. When LINR is higher than noise, this negatively impacts
the system performance, thereby reducing the SE and transmission
rate. On the other hand, when the AP density is high, with many FD
APs being utilized, the efficiency of the proposed model increases.
Additionally, we also provide statistics on the ratio about 16 —33% of
APs operating in FD mode, depending on the system configuration.

The impact of the number of UEs on the system performance
is depicted in Fig. 4c. The total SE of the system is improved with
a higher number of UEs. Figure 4c also shows the gain of CHDE
compared to other benchmark schemes with two AP configura-
tions (M = 30, 40) 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, as the number
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of UEs becomes too large, the improvement slows down due to
power limitations. CHDE is integrated with a technique to suspend
service for idle UEs without ensuring SE constraints. This helps
improve network quality and minimize wasted resources when the
SE requirements for certain UEs cannot be met. Fig. 5 illustrates
the impact of the minimum SE constraints on average SE and the
number of UEs served with Sgos € [0, 3] bits/s/Hz. Most UEs are
served when the constraints are relaxed. However, as minimum SE
threshold increases, it becomes more challenging to serve the UEs.
This effect is even more evident in networks with high UE density.
Additionally, Table 1 presents the results obtained using different
DE operators for reproduction. The rand\1 and rand\2 operators
demonstrate effective exploration capabilities. However, when the
random factor increases in rand\ 2, the total SE decreases due to the
difficulty in exploiting promising solution regions, which hinders
the algorithm’s convergence. Conversely, when reproduction is
solely guided by the best individual in best\1, the algorithm con-
verges rapidly to local optima, reducing its overall effectiveness.
The total SE improves when a random factor is introduced in best)\ 2,
which helps solutions escape local optima. To leverage the strengths
of different operators, CHDE, instead of relying solely on the best
individual, selects one individual from the top best individuals to
enhance diversity. Additionally, random factor is incorporated to
improve exploration capability. Results demonstrate the superior
performance of CHDE compared to the other operators.

6 CONCLUSION

This research addressed the challenges posed by propagation envi-
ronments to maximize the total SE, while accounting for individual
UL and DL QoS SE requirements as well as UL and DL transmit
power constraints in NAFD CF-mMIMO systems, which can flexibly
operate in FD or HD mode with linear processing. We derived the
analytical SE for each UE in this proposed model under arbitrary
fading channel models and the impact loop interference caused by
FD APs. Leveraging the robustness of evolutionary computation,
we proposed a new algorithm, CHDE, to maximize the total SE
while satisfying practical constraints. The algorithm incorporates
an individual repairing mechanism when detecting any constraint
violated, leading to some UEs not being served due to rate require-
ments and power limitations. Numerical results demonstrated the
gains of the proposed model compared to previous systems and the
efficiency of CHDE compared to the benchmarks.
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A PROOF OF THEOREM 1

LEmMMA 4. [23] Let {g(G) Y-, be a stochastic non-negative process.
Let Toév = min{G|§(G) =0}, o—algebra HG) = o(g(l), . ..,§(G)).
Assume that E{Tog} < +oo. If there exists « € R and E{{(®) —
{COHO)Y 2 0> 0,¥G 2 1, then B{TS |1} < <.

Let denote

0
x(x) = {1+/x
0

()AL > 0and ALTH

o]

(i) IfAY) > 0and ALCHY > 0, E { KAL) - X(A§G+”)|¢<G>}
Al

1
e .
{Agcn) h(t) { h(AgG)) (37)

- —1(6) B{alD-al|F@) 21,
h(A:™7)

where (a) is obtained by h(A9) > (1), vt € [AL9) AL,

From (i) and (ii), E{y(A?)) = y(ALC*)|F @)} > 1,vAlD) > 0.

For a stochastic process {)((A‘EG))}‘(’;’:P TOX = min{G|X(A£G)) =0}

as first hitting time. Using Lemma 4 and E {6£G) —AEGH)‘T(G)} =

ifx=0,

35
—L_dt ifx>o0. (35)

h(t)
=02 {x(a\%) - (a7 @]
9y

mdtlT(G)} > 1, where7 (©) = o’(Agl), ) '-’AEG))

(36)

G G
@ AL — pALGHD

dt|F (G)}

E {AEG) - AgGH) |A£G) }, Theorem 1 is proven

N
E(T.|aM} = B{1¥ |y (A)) < 1+/0 —_dt.

A0) (38)
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