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Abstract—In this paper, we investigate the low-complexity
distributed combining scheme design for near-field
cell-free extremely large-scale multiple-input-multiple-output
(CF XL-MIMO) systems. Firstly, we construct the uplink
spectral efficiency (SE) performance analysis framework for CF
XL-MIMO systems over centralized and distributed processing
schemes. Notably, we derive the centralized minimum mean-
square error (CMMSE) and local minimum mean-square error
(LMMSE) combining schemes over arbitrary channel estimators.
Then, focusing on the CMMSE and LMMSE combining schemes,
we propose five low-complexity distributed combining schemes
based on the matrix approximation methodology or the
symmetric successive over relaxation (SSOR) algorithm.
More specifically, we propose two matrix approximation
methodology-aided combining schemes: Global Statistics &
Local Instantaneous information-based MMSE (GSLI-MMSE)
and Statistics matrix Inversion-based LMMSE (SI-LMMSE).
These two schemes are derived by approximating the global
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instantaneous information in the CMMSE combining and the
local instantaneous information in the LMMSE combining with
the global and local statistics information by asymptotic analysis
and matrix expectation approximation, respectively. Moreover,
by applying the low-complexity SSOR algorithm to iteratively
solve the matrix inversion in the LMMSE combining, we derive
three distributed SSOR-based LMMSE combining schemes,
distinguished from the applied information and initial values.

Index Terms—XL-MIMO, cell-free networks, MMSE
processing, asymptotic analysis, symmetric successive over
relaxation.

I. INTRODUCTION

ITH the rapid development of wireless communica-
Wtion, wireless communication networks have evolved
to the sixth-generation (6G) [1], [2], [3]. The 6G wireless
communication networks are anticipated to satisfy the rapidly
growing performance requirement and increasingly diverse
application scenarios [4], [5], [6]. From the fourth genera-
tion (4G) of wireless communication networks, multiple-input
multiple-output (MIMO) technology has been viewed as an
important facilitator to provide excellent spectral efficiency
(SE) performance of wireless networks [7], [8], [9]. With
the continuous evolution of wireless communication, MIMO
technology involves continuous growing number of antennas
and more flexible hardware design. Many emerging paradigms
of MIMO technology emerge to empower the future wireless
communication networks, such as the extremely large-scale
MIMO (XL-MIMO) [10], [11], [12], [13], cell-free mas-
sive MIMO [14], [15], [16], [17] reconfigurable intelligent
surfaces (RIS) [18], [19], [20], and movable antenna [21],
[22], [23], [24]. Among these emerging MIMO technologies,
XL-MIMO and CF mMIMO technologies have sparked lots
of research interest for their major respective characteristics of
the extremely large number of antennas [10] and the prominent
distributed network topology [15].

For XL-MIMO technology, an extremely large number of
antennas, e.g., hundreds of even to thousands of antennas, are
utilized, which are usually deployed in a dense manner with
the antenna spacing much smaller than the widely applied
half-wavelength antenna spacing in conventional MIMO net-
works [10], [25]. With the involvement of these numerous
antennas, one major characteristic of the XL-MIMO is the
near-field spherical wave characteristic, which is different
from the far-field planar wave characteristic in conventional
MIMO systems [26], [27], [28], [29], [30]. As for the near-
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field channel model, the authors in [29] comprehensively
introduced the near-field non-uniform spherical wave (NUSW)
line-of-sight channel model and mathematically compared
the NUSW model with the conventional planar wave
model. The authors in [30] proposed a wavenumber domain
Fourier plane-wave representation-based method to model the
near-field non-line-of-sight (NLoS) near-field channel, which
has been widely applied in the analysis of XL-MIMO systems
[32], [33]. Based on the spherical wave-based channel model,
the authors in [34] explored the degree-of-freedom (DoF)
performance for both the discrete and continuous aperture
XL-MIMO systems and found that the DoF performance
for XL-MIMO systems is determined by the array aperture
instead of the number of antennas. To tackle the practical
issues of high hardware cost and power consumption suf-
fered by XL-MIMO, the authors first proposed an innovative
concept termed array configuration codebook (ACC) in [35],
which provided a new promising framework to enable flexible
XL-MIMO cost-effectively. In [32], the authors implemented
performance analysis for the multi-user XL-MIMO system.
However, the majority of existing works on XL-MIMO focus
on the single base station (BS) scenario and it is necessary to
consider practical multi-BS systems.

One promising multi-BS MIMO topology is the CF
mMIMO network [15], [16], [17]. In CF mMIMO networks,
a large number of BSs, also called as access points (APs), are
deployed at a wide area, with the number of antennas each AP
relatively small, e.g. 2 or 4 [15]. All APs embrace the capa-
bility of signal processing and are linked to one or multiple
central processing units (CPUs), where all APs can cooperate
with each other with the assistance of CPUs to provide uniform
service for user equipments (UEs). Relying on the prominent
paradigm topology, many uplink processing schemes, from
the fully centralized one to the fully distributed one, can
be applied [15]. Notably, as studied in [15], the central-
ized processing and large-scale fading decoding (LSFD)-aided
distributed processing schemes with their respective mini-
mum mean-square error (MMSE)-based combining schemes
are most advanced to achieve excellent SE performance.
Moreover, the authors in [17] were the first to apply the
novel channel map technology to the CF mMIMO multiple
access scheme, where prior channel knowledge is leveraged to
effectively enhance transmission performance and also holds
the potential to reduce transmission complexity and over-
head. Motivated by the CF mMIMO networks, the multi-BSs
XL-MIMO system can also be implemented in a distributed
CF manner with processing ideas like CF mMIMO networks.
This paradigm is called as “CF XL-MIMO”. The basic idea
of CF XL-MIMO is to implement cell-free cooperation with
XL antenna apertures at a moderate number of BSs. Note that
the number of antennas at each site in CF XL-MIMO is much
larger while the number of sites is much smaller than those of
conventional CF mMIMO. “Cell-free” mainly emphasizes the
cooperative paradigm for different sites instead of deploying
a large number of sites like that in conventional CF mMIMO.
Compared to the widely studied single-site XL-MIMO net-
work, distributing the antenna array across coordinated sites
in the CF XL-MIMO network can provide more uniform
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near-field capability and enhanced macro-diversity. Compared
to the CF mMIMO network, the CF XL-MIMO network,
which relies on the XL-array at each site, showcases enhanced
per-site local signal processing and computing capability. This
alleviates the centralized processing burden and facilitates the
practical implementation of CF networks in some hot-spot
scenarios, such as the stadium and campus.

Some recent works consider this CF XL-MIMO paradigm
[36], [37], [38]. The authors in [36] investigated the uplink SE
performance for CF XL-MIMO networks with the distributed
processing scheme. The authors in [37] and [38] focused on
the multi-agent reinforcement learning (MARL)-empowered
CF XL-MIMO networks. More specifically, the authors in
[37] studied the MARL-aided CF XL-MIMO networks, from
the perspective of antenna selection and power control. The
authors in [38] investigated a double-layer MARL-enabled
power control scheme for CF XL-MIMO networks, which can
efficiently suppress the interference. However, there exists a
research gap for the uplink combining scheme design for CF
XL-MIMO networks. The combining design poses significant
importance to efficiently decode the signal and achieve the
excellent SE performance. Many works have studied the
combining scheme design for CF mMIMO networks [15],
[16]. However, there exist the following major challenges
to directly utilize the widely applied combining schemes in
CF mMIMO networks. Firstly, both the prevailing centralized
and distributed competitive combining scheme in CF mMIMO
networks, e.g., centralized MMSE (CMMSE) as in [15]]and
local MMSE (LMMSE) combining as in [15]], require the
prerequisite of the MMSE channel estimator. However, apply-
ing the MMSE channel estimator in XL-MIMO systems
poses significant computational complexity, which restricts
the practical implementation of XL-MIMO networks. Thus,
it is urging to study the MMSE combining schemes under a
generalized channel estimator instead of limiting the channel
estimator as the MMSE one. Secondly, the computation of
MMSE combining schemes involves computationally demand-
ing instantaneous information matrix inversion, which is of
significantly high computational complexity when the number
of antennas is large. Therefore, it is necessary to derive some
low-complexity MMSE combining schemes with the aid of
some potential low-complexity methods.

Motivated by the above statements, in this paper, we study
the low-complexity combining scheme design for near-field
CF XL-MIMO systems. Our main contributions are listed as
follows.

e We provide the SE performance analysis frameworks
for both the centralized and distributed processing-aided
CF XL-MIMO systems. Notably, the near-field channel
model and the mutual coupling effect are involved. More
importantly, we derive the CMMSE and LMMSE com-
bining schemes under arbitrary channel estimators.

e With the aid of matrix approximation, we propose
two low-complexity distributed MMSE-based combining
schemes. The first one is called Global Statistics & Local
Instantaneous information-based MMSE (GSLI-MMSE),
where the matrix approximation is applied to approxi-
mate the global instantaneous information. The second
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one is called Statistics matrix Inversion-based LMMSE
(SI-LMMSE), where the local instantaneous information
in the matrix inversion is approximated by the local
statistic information, and therefore the matrix inversion
for this combining is based on the statistics information.

e By employing the low-complexity symmetric succes-

sive over relaxation (SSOR) algorithm to iteratively
solve the computational demanding matrix inversion
in the LMMSE combining, we propose three SSOR
algorithm-based LMMSE combining schemes. The first
two, Instantaneous SSOR algorithm-aided LMMSE
(Ins-SSOR-LMMSE) and Statistics matrix inversion
SSOR algorithm-aided LMMSE (Sta-SSOR-LMMSE),
are derived by directly applying the SSOR algorithm to
the LMMSE and SI-MMSE combining schemes, respec-
tively, with zero initial value. The third one is called
Instantaneous SSOR algorithm with Statistics-based Ini-
tial value aided LMMSE (Ins-SI-SSOR-LMMSE), where
the statistics-based initial value is introduced to enhance
the achievable performance and accelerate the conver-
gence speed of the SSOR algorithm.

The rest of this paper is organized as follows. Sec-
tion II introduces the system model of the considered CF
XL-MIMO network including the fundamentals of the near-
field channel model and the mutual coupling effect. In
Section III, we introduce the fundamentals of uplink transmis-
sion, where the centralized and distributed processing schemes
are studied and their respective achievable SE expressions
are derived. In Section IV, two matrix approximation-aided
low-complexity distributed MMSE-based combining schemes,
GSLI-MMSE and SI-LMMSE, are proposed. Section V
presents three SSOR algorithm-based LMMSE combin-
ing schemes, Ins-SSOR-LMMSE, Sta-SSOR-LMMSE, and
Ins-SI-SSOR-LMMSE combining schemes. In Section VII,
numerical results for all considered low-complexity distributed
combining schemes are presented. Finally, we draw the major
conclusions in Section VIII.

Notation: Let boldface lowercase letters x and boldface
uppercase letters X denote the column vectors and matrices,
respectively. diag (Xy,---,X,,) represents a block-diagonal
matrix, where the square matrices X, --- , X,, are located on
the diagonal. We define =, E{-}, and tr {-} as the definitions,
the expectation operator, and the trace operator, respectively.
Let (), ()7, and (-)* represent the conjugate transpose,
transpose, and conjugate, respectively. I,,,, denotes the n xn
identity matrix. We define x ~ N (0, R) as a circularly sym-
metric complex Gaussian distribution vector with correlation
matrix R.

II. SYSTEM MODEL

In this paper, we investigate a CF XL-MIMO net-
work, where M BSs, linked via fronthaul links, serve K
single-antenna UEs in a wide L x Lm? square coverage
area, as illustrated as Fig. 1. Each BS is equipped with the
XL-UPA, where the numbers of antennas each BS in the
horizontal and vertical directions are N, and IV, respectively.
Thus, each XL-UPA has total N = N, x N, antennas. We
let the center of the coverage area be the origin and we
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Fig. 1. TIllustration of the studied CF XL-MIMO network.

assume that all UPAs are parallel to the x — y plane. Then,
let the coordinates of the bottom left point of the m-th BS be
T = [Tm, Ym,2m|T € R3 with y,,, = Lps being the height
of each BS. Following the similar representation method as
in [34], we can derive the position of the n-th antenna for
the m-th BS, where the antenna index is counted row-by-
row from the bottom left, as vy, = [Frn.a, Tmnys rmmz]T =
[Zm+mod(n—1, N;)A,, Lps+[(n—1)/Ny ] Ay, zm]T € R3.
A, and A, denote the horizontal and vertical antenna spacing,
respectively. Moreover, we define the position of the k-th UE
as S = [Sk.,Sk.y, Skl € R3, where s, = Lyg is the
height of each UE.

A. Near-Field Channel Model

The near-field channel model with both the LoS and
NLoS components is considered. We define the uplink
channel vector between the m-th BS and the k-th UE
as hy = hor + hr € CV, where h,,, and hop
are the LoS and NLoS components, respectively. For
the LoS component h,,;, we apply the non-uniform
spherical wave (NUSW) propagation model introduced

in [29, Sec. II]. More specifically, we have h,e =
dmk e—jQTﬂ(dme_dWLk)

\/ﬁ [Me—j%"(dmm—dmk)

mk | dmik 7 dim Nk

where dynip = |tmn — Sk| is the distance between the n-th
antenna of the m-th BS and the k-th UE, d,,x, = |r,, — sk| is
the reference distance, X is the wavelength, and 571;10,@8 denotes
the large-scale fading coefficient for the LoS component
between BS m and UE k, which captures many impacts like
the distance-dependent pathloss, transceiver hardware, and
antenna gain, e.t.c.

For the NLoS component h,,;, the Fourier plane-wave
representation method [31], [32], [33] is utilized to model it.
Note that the n-th element of flmk can be modeled based on
the four-dimensional (4D) Fourier plane-wave representation
[31] as

. 1
[hmk]n:m//// [e7% (kz7ky7rmn) Ha (kxakyaﬁmw‘{y)
DxD

Authorized licensed use limited to: Auburn University. Downloaded on April 05,2026 at 04:17:30 UTC from IEEE Xplore. Restrictions apply.

>



11802

X 5Ky, Ky, Sk )dkpdkydigdry, (1

where a,(k,, ky, Tn) = edlkarmn,athyrmn,y+v(ka,ky)rmn, 2]
is the receiving  response,  as(Kg,Ky,Sk) =
eIk sk othysky+Y (ke ky)sk o] is the transmitting
response, k = [ky, ky, k)T is the receiving wave
vector, K = |[Kg, Ky, ). is the transmitting wave
vector, (kg ky) = (K7 — K2 E§)1/2, and
D = {(ks,ky) € R?|k2 + k7 < x?} denotes the integration
region with kK = 27/\ being the wavenumber. Moreover, the
angular response H,(kg, ky, g, Ky) is modeled as

A (kx’ ky’ K, Hy) W (kxa kya Re, Ky)
Y2 (kg by) Y2 (Ry b))

where A(ky,ky, ks, ky) denotes the spectral factor, which
is set as A(ky, ky, k) = 2—\/’% in the isotropic scattering
environment, and W (ky, ky, ks, ky) ~ CN(0,1) collects the
random characteristics. Furthermore, (1) can be approximately
expanded based on the theory of Fourier plane-wave expansion
[31], [32], [33] as

Bmk’%\/ﬁ Z

H, (kac; kya Hzafiy) =

Ha,mk’ (gaca éy) aAmk (éxa éy)a (2)

(ba ) EE,
where the n-th element of ani 1S [amk(le,ly)ln
ﬁa,. (i’:iz,?/:,rmn e~I%se: with Ly, = N +A, and
L., = N,A,, and & = {(ly,4y) € Z* : (UuA/L,)* +

(by\/Ly,)? < 1} is the lattice ellipse at the receiver. More-
over, we have H, mi(ly,l,) ~ CN(0,8N%0552  (0,,0,)),
where BNES denotes the large-scale fading coefﬁment for the
NLoS component between BS m and UE k and 52, (¢,, ()
is the normalized variance at the sampling point (¢, £,) with
ok (loyly) = oy (gzvgy)/Z(z,,ey)egT oo, (s, by), Where
o2, (z,0,) is the variance at (¢, £, ), which can be computed
as in [31, Appendix]. Based on the structure of (2), we can
further construct flmk as

flmk = \/N Z Ha,mk(£w7€y)amk(€za€y)

(2 ,Zy)ec‘,‘r
= Uk = Ny sias 3)

where U,,, € CN*" i3 a deterministic semi-unitary
matrix, collecting n, vectors {apk ({z,€y) € CN}p, 4,)ce, -
with Umkng = I, and n, = |&| X €
Crrxmris a diagonal matrix with diagonal elements being
{NBNESG2 | (o, ) } e, 0,y 6,0 and Dygiia ~ CN(0,1,,,).
Furthermore We can compute the spatial correlation matrix for
Bmk as Ryp = E{Bmkﬁgk} = UmkzmkUZk € (CNXN,
which satisfies SNES = tr(R,,;)/N. In summary, we can
easily derive h,,;, which is composed of both the LoS and
NLoS components.

Remark 1: The near-field spherical wave channel introduced
above can reduce to the far-field planar wave channel as the
transmitting distance increases. Notably, as will be discussed
in Remark 12, our studied combining schemes in this paper
showcase promising applicability to many channel models
instead of just the near-field-specific ones. Thus, the near-field
channel model methodology is a representative choice, instead
of a prerequisite for our proposed combining schemes.
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Remark 2: There are many distance boundaries to distin-
guish the near-field and far-field, and a well-studied one is
the Rayleigh distance, which can be computed as 2D?/\
for a single antenna array, where D is the array aperture.
Note that this Rayleigh distance is computed based on the
maximum phase error across the antenna array [39]. How-
ever, this single-array motivated distance boundary may not
be directly applicable to the CF XL-MIMO network since
there exists more than one antenna array in a coopera-
tive processing manner. Thus, it is not rigorous to infer
a network-level near-field boundary from any one antenna
array in isolation. Indeed, the network-level near-field region
boundary for the CF XL-MIMO network remains a chal-
lenging open research direction. Some criteria, motivated by
the antenna array gain or degree-of-freedom [39] across the
whole network with cooperative BSs, may be the potential
solutions.

B. Mutual Coupling Effect

In XL-MIMO systems, the number of antennas is extremely
large. To deploy these numerous antennas, the antenna
spacing is typically much smaller than the conventional half-
wavelength antenna spacing in massive MIMO systems [10].
When the antenna spacing is small, the mutual coupling effect
would be severe. In this part, we introduce the modeling of
the mutual coupling effect. We define the mutual coupling
matrix at each BS as Zpg € CNY*Y which can be denoted
as [40], [41]

Zps = (Za+ Z1)(Zpsc+ ZrIn)"H, )

where Za, Zp, and Zpsc € CN*N denote the antenna
impedance, load impedance, and mutual impedance matrix
at the BS side, respectively. We can further denote Z, as
Za=Rz, +jXz, with Rz, and Xz, being the resistance
and the reactance, respectively. Moreover, based on [41],
we have Rz, = W{Wo—i—ln(m&) C; (kA +

27 sin?
G2 [83 (2000 = 28 (RA)]+ =G24 [0 +In (254) +
and Xz,

C; (QHAZ) —2C; (KJA[)]}

41 sin? (%
(28; (vA) + cos (kA [25; (KA — S; (264))] .~
sin (kA}) [2C; (kA) — C; (2kA;) — C; (2gj . where

A is the dipole length of each antenna element, r denotes the
wire radius, 1 denotes the intrinsic impedance, 7, is the Euler
constant, respectively. Besides, S;(-) and C;(-) denote the
sine and cosine integral functions, respectively. The modeling
of Zpgs,c is given in Appendix B.

III. UPLINK TRANSMISSION

Relying on the distributed deployment as in Fig. 1,
each BS embraces the ability to receive and process the
signals. Mainly two uplink processing schemes can be
implemented in the studied CF XL-MIMO system: cen-
tralized and distributed processing schemes. These two
schemes are motivated from the promising CF mMIMO
technology [15], [16]. To maintain the overall structure of
this paper, we first introduce the phase of channel esti-
mation, and then briefly introduce these two processing
schemes.
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A. Pilot Transmission and Channel Estimation

In the phase of pilot transmission, 7, mutually orthogonal
pilot signals, ¢;,...,¢, , are applied,' where o ]I> = 7.
All UEs send their respective pilot signals to all BSs and the
received pilot signal at BS m can be denoted as

K
Y2 =" /prZpshpidr, + Nb, € CV ()
k=1
where ¢, denotes the pilot signal transmitted by UE k with
tr € {1,...,7,}, pi is the transmitting power for UE k, and
N2, € CN*7» is the received noise at BS m with independent
Nc (0,0?) elements with o being the uplink noise power.
With the introduction of the mutual coupling effect, we define
the effective channel between BS m and UE k as

gmk = Zpshmy = Zpshmy + Zpshmy 2 8nk+&mi € CV
(6)
with Rx 2 E{g.gf,} ZpsRmiZH s being the
effective spatial correlation matrix for the effective NLoS
component g,,; between BS m and UE k.
With the aid of the theories in [15, Sec. II-A], we can easily
derive the MMSE estimate of g,,,x as

gi\y/{}:/ls = 8mk + v/ kamk‘Il;n}c (y;fnk - ygﬂc)? @)

_ _p \H
where ‘I’mk £ E{(ymk yfnk)(yfnk_yizk) }*/Tp =
ZZGP plTple + o IN, ymk = Yﬁ#’tk =

Zzepk \FTpgml + 0, Yo = > 1Py, VPITpEmls
and n? , = NP ¢, ~ N¢(0,7,0%Iy), with Pj, being the
subset of UEs using the same pilot as UE £ including itself.
Note that the computation of the MMSE estimate involves the
N x N matrix inversion, which is computationally intensive
when N is large. Motivated by the structure of the MMSE
estimate, by replacing R, ¥ kN gM}XISE by arbitrary
channel statistics-based matrix A, we derive a generalized
estimator as

— Vi) ®)

Then, we define the channel estimation error as g,x £
Emk — Emk. Note that, for the MMSE estimator, the channel
estimate g,,; and estimation error g,,; are independent [15].
However, for an arbitrary matrix A,,x, the channel estimate
and estimation error may not be independent but correlated.
More specifically, based on (8), we can derive the covariance
matrices for g,,, and g gmk, and the correlation matrlx between
gmk %nd gmk as Rmk - E{gmkgmk} - gmlgml + le
with R, = E{Amk( Ymk y;'rnnk)(yfnk yfnk)HAHk}

gmk: = 8mk t+ Ak (ank

Amk‘I’mkAmks Cnk £ E{gmkgmk} = Rmk —
\/ Tp mkAmk mk:\/i'rp mk + TpAmk‘I’mkAmka and
Bmk - E{gmkgmk} - \/77—1) mkRmk Amk\I’mkAmk,

respectively. These matrices would also be applied in the com-
bining design in the following. Note that the MMSE channel
estimator in (7) is a special case of the generalized channel
estimator introduced in (8). By letting A, = \/pi RmklIlmk,,
the generalized channel estimator in (8) can reduce to the

I'This orthogonal pilot setting poses challenges in scenarios with high user
density, which showcase the application of non-orthogonal pilot [42] and
robust signal processing schemes under severe pilot contamination.
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MMSE channel estimator in (7). If the system cannot fully
capture the accurate channel covariance matrices information,
or if there exists severe estimation errors for channel covari-
ance matrices, it is not feasible to implement the MMSE
channel estimator based on accurate channel matrices. Another
potential channel estimator choice is the element-wise MMSE
(EW-MMSE) channel estimator A, = |/prD ,,LkI‘m > Where
only the diagonal components of the channel matrices are
applied, with D, = diag([f{mk]m :n =1,...,N) and
Tor = diag([®mp]nn :n=1,...,N).

B. Data Transmission

During the phase of the uplink data transmission, all UEs
simultaneously transmit 7. — 7, data symbols within each
coherence block and the received data signal at BS m can
be represented as

K K

b= Zpshpkts + 0y = > GmkTk + 0, (9)
k=1 k=1

where 5, ~ N¢(0, pr) represents the data symbol sent by UE
k and n,, ~ N¢(0,0%Iy) denotes the receive noise at AP
m. Note that after receiving the data signal as (9), each BS
can just serve as a relay or can implement a distributed data
detection, which corresponds to the centralized or distributed
processing schemes in the following.

1) Centralized Processing: Under the centralized process-
ing, all the received pilot and data signals at all BSs are
transmitted to the CPU, where all the tasks of channel estima-
tion and data detection are implemented at the CPU. Relying
on the theories in [15], we can derive the estimate of the

collective effective channel gr = [gh,... ,ng] = gk +
Sk € (CMN with Ry, £ E{g.g}’} = diag(Rug, ..., Ram) €
CMNXMN ,

&k =8k + Ar(y) — ¥3): (10)
where Aj e diag(Alk,...,AMk) S (CMNXMN, yz £
YT e CMN. gb & [ght L R €
(CJWN, v, £ gliag(llllk,.. ‘I’Mk) € CMNXMN_ More-
over, we have R, = ]E{Ak(yk -y, — yOHEALY =
TpAk\I’kAkH = dlag(le,.. R]\/[k) S (CMNXAIN
Bk £ E{gkgf} = \/P TpAkRk - TpAk\I’kAH =
diag(Big;, - - - BMk) € CMNXMN "and C = E{gkgk} =
Rk — /D TkaA — A /D Tka + TpAk‘I/kAm =
diag(Ciyg, ..., Cup) € CMNXMN regpectively, with g =

gr — 8k being the estimation error of g.

Furthermore, the collective received data signal can be
denoted as y? = 22{21 gr7), +n with n ~ N¢(0,0%Iy).
The CPU can select an arbitrary received combining scheme
vi € CMN to decode the data symbol for UE k as

K
T = kayd = Vngkl’k + vagm —|—v,€1n

I#k
One well-studied combining scheme is the MMSE combining,
which can minimize the conditional MSE MSE;, = E{|z; —

21|%|&x }. However, most of existing MMSE combining for-
mulations, such as [15, Eq. (13)]and [16, Eq. (12)], are based

(11
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on the MMSE channel estimator, which mismatch the scenario
with the generalized estimator in this paper. Thus, it is vital
to derive the generalized estimator-based MMSE combining
scheme as in the following corollary.

Corollary 1: Under the generalized estimator as in (10), the
centralized MMSE (CMMSE) combining scheme minimizing
MSEy, = E{|x), — 2x|?|gx} can be represented as

K -1

> p (88 + B+ B +C)) + o' Tyn| &k
=1
(12)
Proof: The conditional MSE can be expanded as MSE; =
E{|lzr — 2e’lgr} = E{wwzf|ge} — E{ze2f(gc} —
E{éwzilge} + E{@wiflgr} = e — pe&fvi—
pvilge + Vi [Zfil (m&g" + piBi + pB + piCi)+
o Iyn]| Vi, ORE =
Vil (]E{Zzl; p(&+81) (gl+g1)H|gk}+U2IMN> Vi with
K s = N(a A - K A aH|a
E{lel pz(gl+gz)(gz+gl)H\gk} =E {2121 plglng|gk}+
K o~ ~H|a K~ ~H\a
E\ X i pgsllery + E {Zzzlngzgf’\gk} +
E S mgellen s = S, (mgs! +pBi+ B+
p1C;) based on the results derived above. Then, by letting
BMTSJE’“ = 0, we can easily derive the MMSE combining as
(12) that minimizes MSE,.l
Furthermore, we can evaluate the achievable SE perfor-
mance for the centralized processing scheme. One well-studied

evaluation method is to compute the achievable SE by the use-
and-then-forget (UatF) capacity bound [43] as

Vi = Pk

where

Te — Tp

,UatF ,UatF
SEp T = = —Llogy(1+9¢7™),  (13)
C
where the signal-to-interference-and-noise ratio (SINR)
,y]cC,UatF is
¢, UatF__ prE{vi gr}|?
L =

R .
> pE{|vi'g*} —pr E{v{gr} 2 +o?E{||lvi]?}
=1 (14)
Note that this capacity bound holds for any channel estimators.
When the MMSE estimator is applied, the channel estimate
and estimation error are independent, that is By = 0. One
more tight standard capacity bound [43] can be applied to
evaluate the achievable SE for UE k as

Te — Tp

SEz,stan _ E{10g2(1 + ,yz,stan)} (15)
c
with
HaA |2
c,stan Dk ’Vk gk‘

Tk K ] « -
> lviial? +vif (Z pCi + UzIMN) Vi
Ik =1

(16)

These two capacity bounds are both well applied in the CF
mMIMO research. The standard capacity bound is computed
based on the instantaneous information, with the prerequisite
that the MMSE channel estimator is applied. On the contrary,
the UatF capacity bound holds for any type of channel
estimator and is computed based on the statistical information.
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The performance gap between these two bounds is very small,
which has been evaluated in [16, Fig. 2].

2) Distributed Processing: Each BS showcases the capabil-
ity to process the signals with the aid of multiple antennas. In
this subsection, we introduce a distributed processing scheme,
where the channel estimation and first layer soft data detection
are implemented at each BS, and the second layer final data
detection is applied at the CPU. This distributed processing
scheme is motivated from CF mMIMO networks [15].

More specifically, with the aid of local channel estimates,
each BS can design a local combining scheme for UE kv, €
CN to locally implement a soft data detection as

K
- H _d H H H
Tmk = Vouk¥m = Vink8mkTk + E Vink8mlTl + Vi p iy

£k
)

Many distributed combining schemes can be applied [15], [16].
One widely applied combining scheme is the LMMSE scheme
as [15, Eq. (16)], which can minimize the local conditional
MSE MSE, .. = E{|zx — Zmk|?|&mx }. Note that well-studied
LMMSE combining formulation including [15, Eq. (16)] also
holds only for the MMSE channel estimator. We can derive the
LMMSE combining scheme, which holds for arbitrary channel
estimators, as in the following corollary.

Corollary 2: With the generalized channel estimator as
in (8), the LMMSE combining scheme, which minimizes
MSE . = E{|zx — #mr|?|&ms } is given by

K -1

Vmk=Pk lz pl(gnﬂggl + Bml + B{;Ill + le) + UQIN gmlv

=1 (18)

Proof: This result can be easily proved based on the method
in Corollary 1. ]
Then, all BSs send their local data estimates to the CPU,
where the final decoding can be implemented at the CPU
with the aid of the LSFD weight coefficients {ami : m =
1,..,M}as &, =S a* , &mp. And we can compute the
achievable SE for UE k based on the UatF capacity bound as
Te — Tp

SE¢ =

logy (1 +7¢), (19)

(&

with

Eale

pr |al'E {bkk}|2
afl (SIS, pE{bubfl} ~piE (b} E {bfl,} + 02Dy, ) ay

(20)
where by, = vl g, ..., vi g € CcM,
ay = [alk, . aMk] S (CM, and Dy =
diag[E{||viklI?}, - - - E{|[vaxl*}] € CM>M_— More
importantly, (20) can be maximized by aj =

(SE PEDLbE) — pE{bi)E(bfL} +0°Dy)  E{bu}
with its maximum value vi"* = p,E{bf% }a} based on [15,
Corollary 2].
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IV. MATRIX APPROXIMATION AID DISTRIBUTED
COMBINING DESIGN

In our studied CF XL-MIMO networks, the BS is usually
equipped with a large number of antennas. Thus, some matrix
approximation methodologies can be implemented to approx-
imate some components in MMSE-based combining schemes
introduced above to derive some efficient low-complexity
distributed combining schemes. In this section, we introduce
two matrix approximation aid distributed combining schemes.

A. GSLI-MMSE Combining Scheme

Firstly, we study a global statistics & local instantaneous
information (GSLI)-based MMSE combining scheme. We start
from the CMMSE combining as in (12). Note that (12) can
be further constructed as

-1
Vi = Pk (GPGH + Q) Gek, 20

where G £ [&1,...,8x] € CMNxK qQ =
S pi(Br+ Bl + Cp) + 0Ly, P = diag(py, . ... px) €
CEXK and ey, is the k-th column of Ix. Following the matrix
inversion method in Lemma 1, we can further formulate (21)
as

vi = QG (GHQ*G + P*l) ' P ey, (22)
by letting the matrices in Lemma 1 be A = Q, B = G, and
C = P, respectively. Note that v can be further represented
as vip = [vI, ..., vl 1T with v, € CV. Relying on the
block diagonal characteristic of By, and Cy, we can also rep-
resent Q in the block diagonal form as Q = diag[Qy, . . ., Q]
with Qu = Y05, pr(Bont + B, + Cpy) + 0?1y € CVXN,
With the aid of the block diagonal characteristic of Q, we can
further construct v,,,; as

-1

Vik = peQy, G (GFQTIGHPTY) e (23)
where G, = [Em1,.. - 8mx] € CV*K denotes the local
channel estimates at BS m. Ideally, v,,; can be applied at
each AP m in a distributed manner. However, the direct
implementation of (23) at each BS requires global instanta-
neous channel state information (CSI), which needs significant
signaling transmission burden from other BSs via fronthaul
links. To facilitate the practical implementation (23), we
apply the asymptotic analysis to approximate some terms in
(23) by the statistical information and derive a GSLI-MMSE
combining scheme (we call this scheme as GSLI-MMSE since
it is obtained from the MMSE combining scheme) as in the
following corollary.

Corollary 3: An efficient distributed GSLI-MMSE combin-

ing scheme at BS m for UE k based on global statistics &
local instantaneous information is represented as

-1
Pk 1A 1 1

= Db S+-—P 24

Vmlk MNQme( TN ) e, (24
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where the (k,1)-th element of 3 € CK*K js

1 .
MN@?Q_lgla if 1 ¢ Pk
(2], = T g1 1 s
NSk Q gz+MNTptr(Az\I'kAkQ ).if 1€ Py,

(25)
Proof: We first formulate (23) as

-1

_ P ~-1p L aHA-14 1 -1
Vmk — MNQm Gm (MNG Q G+MNP ) €.
(26)

Then, we focus on the term ﬁGHQ’lé € CE*K_ Note
that the (k,[)-th element of this term is

1 - N 1
7GH 71G = — AH 71/\ . 27
{MN Q Ll MNng g 27
For [ ¢ Py, we have
1 . . 1 R 1 .
MNg’?Q g = m(ng +81)Q (& + &.0)
(@ 1 _ 1
= e Qe (28)

where step (a) follows from the standard asymptotic analysis
result as (39) in Lemma 2 at the Appendix since g, (1) and
&:,(1) are mutually independent with g (1) = Ax(y}, — ¥})
and g,?Q*lgm) = 0 [44]. For | € Pk, g (1) and g; (1) are
correlated. Following the standard result as (38) in Lemma 2
at the Appendix, we have

1 .
—8'Q &

MN [g?Q—lgl +Tptr (Al‘Ilk?AkHQ_l)]

(29)
Based on these derived results, we can easily derive the com-
bining scheme as in (24) by approximating ﬁ@H QG e
CH*XK based on the asymptotic analysis-aided results as in
(28) and (29). |

Remark 3: As observed in Corollary 3, the combining
scheme in (24) is an asymptotic analysis-aided form of (23),
which can be computed based on the global statistics informa-
tion, represented by 32, and local instantaneous information,
represented by G It is feasible to implement the combining
scheme as in (24) at each BS in a distributed manner, since
only the global statistics, instead of global instantaneous,
information is required in (24). Note that the channel statistics
remain constant over a long period of time. Thus, to implement
(24) in a distributed manner, the global statistics information
needs to be transmitted to each BS by only one time in
each realization of the BS/UE locations. Then, each BS can
locally design the GSLI-MMSE combining scheme based
on Corollary 3 with the aid of received global statistical
information.

Remark 4: Based on a similar idea to Corollary 3, a dis-
tributed combining scheme called reduced-complexity MMSE
(RC-MMSE) combining is studied in [45] for the conventional
CF mMIMO network. It is worth noting that the RC-MMSE
combining in [45] only holds for the scenario with single-
antenna BSs over the Rayleigh fading channel model, only
with the NLoS component. Even if the MMSE channel
estimator is applied, the GSLI-MMSE combining in this
paper is still a more generalized version of the RC-MMSE

= MN
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combining, where the multiple-antenna BSs and the near-field
spherical wave channel model with both the LoS and NLoS
components are considered. These generalizations involve the
matrix-level derivation methodology and more complicated
channel characteristics, which require a different derivation
method and are not a straightforward expansion of [45]. Note
that the GSLI-MMSE combining in Corollary 3 can reduce to
the RC-MMSE combining as in [45, Eq. (8)]by letting g, = 0
and N = 1.

B. SI-LMMSE Combining Scheme

Note that we apply the asymptotic analysis method
in Corollary 3 to approximate the global instantaneous
information-based terms. In this part, we propose a Statis-
tics matrix Inversion-based LMMSE (SI-LMMSE) combining
scheme. More specifically, we start from the LMMSE scheme
as in (2). As observed in (2), only the term &,,;8%, in
the matrix inversion part is based on the local instantaneous
information, and the other terms are all based on the local
statistics information. Notably, by approximating the term
&g, by its long-term second-order expectation, we can
derive the SI-LMMSE combining scheme as in the following
corollary.

Corollary 4: By approximating gmlggl by its long-term
second-order expectation, we derive the SI-LMMSE combin-
ing scheme as

K
Vmk =Pk Zpl (le + Bml + Banl -+ le)
=1

+0°In] " Bk, (30)

where R,y £ E {gngl,} = gnugll, + R, is the expecta-
tion of &,,&4,.

Remark 5: This combining scheme is mainly motivated
from the single-cell MMSE (S-MMSE) combining scheme
introduced in [43, Eq. (4.8)], where some terms are replaced
by their expectations. We can observe from Corollary 4 that
the SI-LMMSE combining scheme can be designed based on
the local channel information at each BS. More importantly,
the SI-LMMSE is designed with the aid of the statistics-based
matrix inversion, which embraces much lower computational
complexity than that of the instantaneous information-based
matrix inversion in the LMMSE combining scheme.

Remark 6: Note that (30) is a distributed combining scheme,
which is derived from the LMMSE combining scheme as
in (18). Notably, following the similar approach, a Statis-
tics matrix inversion-based Centralized MMSE (SI-CMMSE)
combining scheme can also be derived via the CMMSE as
in (12) by approximating &g in (12) as its expectation
gig! + R, = Ry.

V. SSOR AID DISTRIBUTED COMBINING DESIGN

We notice that the LMMSE combining as in (2) involves
N x N instantaneous information-based matrix inversion with
the computational complexity of O(N?) computation com-
plexity, which is of high computational complexity when N
is large. To facilitate the practical implementation of this
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scheme, we apply a low-complexity SSOR algorithm to solve
the computationally demanding matrix inversion.

A. Fundamentals of the SSOR Algorithm

In this part, we first introduce the basic fundamentals of
the SSOR algorithm. We consider an SLE as Ax = b, where
A € C™*"™ is a Hermitian positive definite matrix and x, b €
C"1. The fundamentals of the SSOR algorithm to solve this
SLE are detailed as follows.

1) First, A is decomposed as

A=D+L+L" (31)

where D is the diagonal component of A, L and L rep-
resent the strictly lower and upper triangular component
of A, respectively.

2) Then, we apply the successive over relaxation (SOR)
method within the forward order to derive the first half
iteration result as

(D + wL)x1/2) = (1 — w)Dx® — WL x® + wb,

(32)
where ¢ is the iteration number and w is the relaxation
parameter, which is computed as

2
YT 20

with g = (14 /K/N)? — 1 [46].
3) Finally, we apply the SOR method within the reverse
order to obtain the second half iteration result as

(D + wLT)x+D = (1 — w)DxHY2 — yLx+1/2)

+ wb. (34)

Remark 7: By applying this SSOR method, the highly
computational demanding matrix inversion with O(N?) com-
putational complexity can be avoided since only the total

computational complexity of O(N?) [46] is required for each
iteration in (32) and (34).

(33)

B. Ins-SSOR-LMMSE Combining Scheme

In this part, we introduce an Instantaneous SSOR algo-
rithm aided LMMSE (Ins-SSOR-LMMSE) combining scheme
g‘Z*SSOR. More specifically, the SSOR algorithm introduced
in Sec. V-A is applied to solve the instantaneous information-
based matrix inversion in (18). We let the variables of the
SSOR algorithm in Sec. V-A be
K

A= p@mgl) + B + Bl 4+ Ci) + 0%Ly £ Al

=1
(35)
b = pr&mk = bk, and x = V}EZ*SSOR respectively. Thus,

following the steps of the SSOR algorithm, the main steps
of the Ins-SSOR-LMMSE combining scheme VLI:Z_SSOR are
summarized in Algorithm 1.

Remark 8: As observed from Algorithm 1, all variables,
including Aﬁ,‘;s, are based on the instantaneous information.
Thus, the matrix inversion of (DI“S + wLInS) or (D™ +
WL H) with Al = DI  LIns 4 LI H should be

computed for every channel realization.
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Algorithm 1 Ins-SSOR-LMMSE Combining Scheme

Input: AEL‘S given in (35) and b, = pr&mi for all
AP-UE pairs; the number of algorithm
iterations Np;.,; relaxation parameter w
computed in (33);

Output: Ins-SSOR-LMMSE combining scheme
vifl‘z_ssop‘ for all AP-UE pairs;

1 Inmitiation: i = 0, Vf:Z_SSOR’(O) =0;

2 repeat

3 1=14+1

4 Decompose Ai,rlls based on (31);

5 Update the first half iteration result

:;Zfssom(wg) via (32);

6 Update the second half iteration results

VI TSSORG) yia (34),;

7 until 7 > Npep;

Algorithm 2 Sta-SSOR-LMMSE Combining Scheme

Input: Af,fa given in (36) and b, = pr&msx for all
AP-UE pairs; the number of algorithm
iterations N;.,; relaxation parameter w
computed in (33);

Output: Ins-SSOR-LMMSE combining scheme

vIns=SSOR for a1l AP-UE pairs;

mk
e e . Ins—SSOR, (0
1 Initiation: ¢ =0, v} 0 _ o,
2 repeat
3 t=1+1

4 Decompose A5t based on (31);
5 Update the first half iteration result
_ i+ L
StamSSOR.(2) g (32);
6 Update the second half iteration results
VIRTSSORG) yia (34);
7 until 7 > Nyer;

C. Sta-SSOR-LMMSE Combining Scheme

Then, we investigate a Statistics matrix inversion SSOR
algorithm aided LMMSE (Sta-SSOR-LMMSE) combining
scheme V%Z*SSOR. More specifically, we apply the SSOR
algorithm to solve the statistics matrix inversion in the
SI-LMMSE combining scheme as in (30) by letting variables

of the SSOR algorithm in Sec. V-A as

K
A= R+ By + B+ Crp) + 0Ty £ A5,
=1
(36)
b = pr&mi 2 bor, and x = Vo2 TSSOR regpectively. Based

on the fundamentals of the SSOR algorithm, we summarize
the main steps of the Sta-SSOR-LMMSE combining scheme
via=SSOR in Algorithm 2.

Remark 9: Compared with the Ins-SSOR-LMMSE com-
bining as in Algorithm 1, where A" is based on the
instantaneous information, A% in Algorithm 2 is only based
on the statistics information, which remains constant over in
each realization of the BS/UE locations. Thus, the matrix
inversion of the (DSt 4 wLS%) or (DS* 4 WLStH) with
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ASta — DSta 1,Sta L TSt H only needs to be computed once
for each realization of the BS/UE locations, which involves
much smaller computational complexity than that of the
Ins-SSOR-LMMSE combining scheme.

D. Ins-SI-SSOR-LMMSE Combining Scheme

Algorithm 3 Ins-SI-SSOR-LMMSE Combining Scheme
Input: A»s given in (35) and b, = pr&mx for all

m
AP-UE pairs; the number of algorithm
iterations Np..,; relaxation parameter w
computed in (33);
Output: Ins-SI-SSOR-LMMSE combining scheme
vﬁZ_SI_SSOR for all AP-UE pairs;
1 Initiation: i = 0, vf}‘Z_SI_SSOR’(O) = ppAStalg -
2 repeat
3 t=1+1
4
5

Decompose A},I;S based on (31);
Update the first half iteration result
:ZfslfsSOR,(z+§) via (32)’
6 Update the second half iteration results
Ins—SI—SSOR, (i) _ . .
via (34);

ok
7 until 7 > Nyger;

As observed in above two SSOR method aided combin-
. . Ins—SSOR,(0) _ Sta—SSOR,(0)
ing schemes, the initial values v,  Vok
are set as 0. To enhance the achievable performance and
accelerate the convergence speed of the SSOR algorithm,
motivated by [47], we propose an Instantaneous SSOR
algorithm with Statistics-based Initial value aided LMMSE
(Ins-SI-SSOR-LMMSE) combining scheme VEZ_SI_SSOR.
More specifically, we define the initial value of the SSOR
algorithm as x(©) = VEZ*SI*SSOR’(O) = prpASta—lg o with
AS'2 given as in (36). Then, we apply the instantaneous
information-based matrix AI'S to design the Ins-SI-SSOR-
LMMSE combining scheme, and the main steps are provided
in Algorithm 3.

Remark 10: As examined in the following simulation
results, the introduction of statistics matrix-based initial value
can not only improve the performance but also accelerate the
convergence speed of the SSOR method. Besides, the involve-
ment of the initial value requires N x N matrix inversion
with the computational complexity of O(N?3) computation
complexity. However, the matrix inversion in the initial value
computation is based on the statistics information and thus
is only needed to be computed once for each realization of
the BS/UE positions, which is of much smaller computational
complexity than the LMMSE combining in (18).

Remark 11: This part provides a potential initial value
choice for the SSOR algorithm. Note that the zero initial value
choices utilized in Sec. V-B and Sec. V-C are simple and robust
but not optimal choices. Balancing the achievable performance
and coverage speed, as discussed in the simulation results, we
advocate for utilizing the statistical information-based initial
values for the instantaneous SSOR algorithm-aided LMMSE
schemes. As for the Sta-SSOR-LMMSE combining scheme,
it would be insightful to explore some more potential initial
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TABLE I
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COMPARISON OF ALL STUDIED COMBINING SCHEMES IN THIS PAPER

Computational complexity | Computational complexity
Scheme Basic idea Applied information of combining vector of precomputation based
computation on statistics
Minimizing the global Global instantaneous O(M2N2KN, +
CMMSE a MN3K
S conditional MSE information M3N3N,) o )
Applying the asymptotic ..
Global statistics &
analysis to approximate the . O(MN? + MN2KN, + 303 0
- N
GSLI-MMSE global instantaneous loca'I 1nstant'f1neous K3 + MNK2N,) oM K*)
- . . information
information matrices
Minimizing the local Local instantaneous
LMMSE MNZKN, MN?3N, MN3K
conditional MSE information o rt ") o( )
Applying the matrix Local instantaneous
SLLMMSE expectati(.)ns to approximate inf(.)rr.nat%or} & locj,al O(MN? + MN?KN,) O(MN3K)
local instantaneous statistics information
information matrices matrix inversion
Applying the SSOR
Ins-SSOR ?lgorithm to so}ve the l(?cal Locz.ﬂ instant.aneous O(MN? KN, Niyer) O(MN®K)
instantaneous information information
matrix inversion
Applying the SSOR Local instantaneous
Sta-SSOR alg(?ri.thn? to solve.: the loc%ll inf(.)rl'nat%on & locﬁal O(MN?KN, Niyer) O(MN3K)
statistics information matrix statistics information
inversion matrix inversion
Local instantaneous
Involving the statistics information & local
MNZ2KN,N
Ins-SI-SSOR information-based initial statistics o M N3T ) Iter + O(MN3K)
value to the Ins-SSOR scheme information-based
initial value
value choices in the future. For instance, in scenarios with i
low user mobility, we can apply the previously computed —«—CMMSE

combining scheme results as the initial values in a new round
of SSOR iteration to further involve the iteration savings and
performance enhancement than the zero initial value scenario.

VI. OVERVIEW AND PRACTICAL IMPLEMENTATION
GUIDANCE FOR STUDIED COMBINING SCHEMES

To have a comprehensive overview of all studied combining
schemes in this paper, we compare all studied combining
schemes from the perspective of the basic idea, applied infor-
mation type, and computational complexity in Table I. Note
that the terminologies Ins-SSOR, Sta-SSOR, and Ins-SI-SSOR
denote respective SSOR-based LMMSE combining schemes
introduced above. The computational complexity is computed
for each realization of the BS/UE locations, where Npse,
is the iteration number of the SSOR algorithm. We assume
that the statistical information varies with each realization of
the BS/UE locations, and NV, is the number of instantaneous
channel realizations per realization of the BS/UE locations.
Moreover, unless otherwise stated, the matrix inversion in one
particular scheme is implemented based on the information
type in the “Applied information”, where I, denotes the

—6— GSLI-MMSE
r |—8— LMMSE

Average SE [bit/s/Hz]

4 8 12 16 20
Number of antennas per side N, each BS

Fig. 2. Average SE performance for the GSLI-MMSE combining scheme
against the number of antennas per side each BS N, with M = 4, K = 20,
and Ay = \/4.

number of channel realizations for each realization of the
AP/UE locations.

To provide practical implementation guidance on when
each proposed combining scheme is advocated to be used,
we relate them to the available information, the per coher-
ence block computational/latency budget, and the stability
of second-order statistics. The GSLI-MMSE is recommended
when the approaching CMMSE performance is desired, but
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280 T T T

—xu— CMMSE
r | —e— GSLI-MMSE
—&— LMMSE

Sum SE [bit/s/Hz|

Number of BSs

Fig. 3. Sum SE performance for the GSLI-MMSE combining scheme against
the number of BSs M with N = 16, K = 20, and A, = \/4.

12+ 11.89211.822

B CMMSE
[ GSLI-MMSE
[ 1LMMSE

Average SE [bit/s/Hz|
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exchanging global instantaneous CSI is infeasible, while
exchanging slowly varying global statistics is acceptable. The
SI-LMMSE is recommended under stringent online complex-
ity/latency constraints, since the statistics-based terms can
be reused across many instantaneous channel realizations.
However, it cannot effectively exploit instantaneous channel
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Fig. 6. Sum SE performance for the SI-LMMSE combining scheme against
the number of antennas per side each BS N, with M = 6K = 20, and
Ay = A/4.

realization-dependent interference suppression and may suffer
a larger gap to the LMMSE scheme with a large number
of array antennas, as will be demonstrated in Fig. 6. The
SSOR-based schemes provide a tunable tradeoff between
performance and complexity through the number of iter-
ations. The Ins-SSOR-LMMSE is suitable when per-block
iterative processing is affordable, and one aims to approach
the LMMSE without explicit matrix inversion. The Sta-SSOR-
LMMSE is preferable when second-order statistics are stable
and further online savings are required by reusing a statistics-
based system matrix, at the cost of additional mismatch under
rapidly varying instantaneous conditions. The Ins-SI-SSOR-
LMMSE is recommended when the iteration budget is small,
but one still targets excellent performance, since the statistical
information-based warm start accelerates convergence and
yields a more favorable accuracy-complexity tradeoff with few
iterations.

Remark 12: The proposed combining schemes are not
specifically tailored to any particular near-field channel model.
Instead, they are formulated in terms of the estimated channel
response g,,r and long-term second-order statistics, such
as the channel covariance matrices-related terms. Therefore,
when these inputs are obtained under the near-field spherical-
wave model and the mutual coupling as described in Section II,
the corresponding near-field and mutual coupling effects are
embedded in g,,, and the associated statistics, and thus,
the resulting combining vectors naturally incorporate such
characteristics. Note that all studied combining schemes with
tractable expressions hold not only for the near-field channel
model, but also for the generalized channel models distributed
as gk ~ Ne(&mk, Rok). For instance, R, can be modeled
based on the Weichselberger model, the Kronecker model,
and so on [48]. This fact showcases the generalizability and
scalability of the studied combining schemes.

Remark 13: The proposed schemes can be implemented
in a distributed manner, where each BS can perform local
combining with its own instantaneous CSI and different lev-
els of statistical information. These schemes are robust to
limited channel bandwidth and non-negligible latency, since
only long-term statistical information needs to be exchanged
between different BSs. However, in networks with limited
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resources (e.g., limited channel bandwidth or severe latency),
spatial division multiplexing (SDM) and over-the-air (OTA)
techniques can be flexibly utilized to enhance the practical
feasibility of the studied combining schemes.

VII. NUMERICAL RESULTS

We consider a CF XL-MIMO system, where BSs and
UEs are randomly located at a 1 X 1km? area. All BSs
and UEs are assumed to have LoS paths, and thus the
large-scale fading coefficient for the LoS and NLoS parts can
be modeled as f;f}f = %Bmk and ﬁijll,gos = ﬁﬁmk,
respectively, where [(,,; 1s modeled based on the 3GPP
COST 231 Walfish-Ikegami model as in [49, Eq. (5.2-3)] and
Kmp = 101:370-003dmr js the Rician x factor between AP m
and UE k. Moreover, we consider the BS and UE heights as
Lps = 12.5m and Lygp = 1.5m, respectively. Besides, we
have the carrier frequency f. = 3GHz, 7. = 200, 7, = 1,
pr = 200mW, and 02 = —94dBm, respectively. For the
parameters of the mutual coupling effect, we have n = 120 7,
Yo = 0.577, Zp, = 509, A; = 0.1\, and, r = 1075\,
respectively. Unless mentioned, we have Ny, = 5, and we
apply the MMSE channel estimator. For each realization of the
BS/UE locations, there are N, = 800 channel realizations.
Besides, we consider the square UPA at each BS, where
N, = N, and A, = A,. Note that the network scale can be
characterized by the system load metric—the ratio between
the total BS antennas and the total UE antennas, that is
MN,N,/K in this paper. The scenarios with relatively large
or small load ratios can showcase the scenarios with extremely
large antenna arrays and with ultra-high user density, respec-
tively. Based on this criteria, one can access to various network
scales in the following simulation results. Meanwhile, different
with the single-site XL-MIMO network, where hundreds or
even thousands of antennas are provisioned at single BS, the
CF XL-MIMO network distributes the antenna array across
the cooperated BSs within the coverage area. Thus, under
this cooperative paradigm, the effective antenna number in
CF XL-MIMO is the total number of BS antennas, that is
MNyN,. In the following, our simulations will involve CF
XL-MIMO configurations ranging from hundreds to more than
two thousand antennas.

In Fig. 2, we investigate the average SE performance for
the GSLI-MMSE combining scheme against N,. As observed,
the GSLI-MMSE combining scheme showcases excellent SE
performance approaching that of the CMMSE combining
scheme and significantly outperforms the LMMSE combining
scheme. For instance, with N, = 16, there is only 0.38%
performance gap between the GSLI-MMSE and CMMSE
combining schemes and 42.38% performance improvement
between the GSLI-MMSE and LMMSE combining schemes,
respectively. Moreover, the SE performance gaps between
the GSLI-MMSE and CMMSE combining schemes becomes
smaller as N, increases, where there are 1.96% and 0.42%
performance gaps for N, = 4 and N, = 16, respectively.
This observation showcases that more excellent performance
can be achieved by the GSLI-MMSE combining when the
number of antennas is large, which demonstrates the asymp-
totic behavior in Corollary 3. Notably, the GSLI-MMSE also
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performs well in the scenario with a small number of antennas,
which further demonstrates its promising applicability. All
these findings demonstrate that the proposed GSLI-MMSE
combining scheme can showcase excellent performance with
only additional global statistics information compared to the
LMMSE combining scheme.

Fig. 3 shows the sum SE performance for the
GSLI-MMSE combining scheme against //. We observe that
the GSLI-MMSE showcases the excellent SE performance
in both scenarios with small and large M. Moreover, the
performance gap between the GSLI-MMSE and LMMSE
combining schemes becomes larger as M increases. For
instance, 25.95% and 44.63% SE improvement can be
achieved by the GSLI-MMSE combining compared to the
LMMSE combining for M = 2 and M = 6, respectively. This
is because the GSLI-MMSE combining scheme can utilize
the global statistics information from all BSs to facilitate the
SE performance. Meanwhile, the performance gaps between
the GSLI-MMSE and the C-MMSE combining schemes are
tiny for different numbers of BSs.

In Fig. 4, we study the average SE performance for the
GSLI-MMSE combining scheme under different channel esti-
mators. The UatF capacity bound is applied to evaluate the
achievable SE performance for the centralized processing
since the standard capacity bound as in (16) only holds for
the MMSE channel estimators. EW-MMSE and generalized
least-square (GLS) estimators are involved with A, =
\/pTgDmkl";@}€ and Ax = 1/(\/pr7p)In, respectively, with
D, = diag([Rmglnn : n = 1,..,N) and Ty =
diag([Pmklnn : n = 1,...,N). As observed, the MMSE
estimator can achieve the highest SE among these estima-
tors for any choice of the combining scheme. Besides, the
GSLI-MMSE combining performs well under all considered
channel estimators and the performance gap between the
GSLI-MMSE and CMMSE combining is smallest under the
MMSE estimator, that is only 0.59%.

Fig. 5 shows the sum SE performance for the GSLI-MMSE
combining scheme against A/A,, which demonstrates that the
larger value of A/A, denotes the smaller antenna spacing.
As observed in Fig. 5, there is an optimal antenna spacing,
which can achieve the best SE performance. For instance,
for the GSLI-MMSE combining scheme, the performance
gap between A\/A, = 2 and A\/A, = 6 is 35.11% in the
scenario without the mutual coupling effect. This observation
demonstrates that, to facilitate the performance, the antennas
at each BS should be deployed in a manner with proper
antenna spacing. However, we confirm that this observation
in this paper is directly derived from the simulation results,
which is not further studied since it is not the key technical
issue of this paper. This phenomenon is also observed in [38,
Fig. 12], which is advocated to be further studied in the future.
Moreover, we find that the mutual coupling effect may not
significantly degrade the achievable performance. Even for
A, = )\/8, there is only 0.24% performance gap between
the scenarios without and with the mutual coupling effect for
the GSLI-MMSE combining.

Fig. 6 investigates the sum SE performance for the
SI-LMMSE combining scheme against N,. As observed,
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Fig. 7. Average SE performance for the SSOR algorithm-based combining
schemes with M = 8, K = 10, and A, = )\/8.

the SI-LMMSE performs well, especially when the num-
ber of antennas each BS is small. For N, = 4 and
N, = 12, the performance gaps between the SI-LMMSE and
LMMSE combining schemes are 32.04% and 53.02%, respec-
tively. Meanwhile, the performance improvements between the
SI-LMMSE and LMR combining schemes are 106.35% and
39.26% for N, = 4 and N, = 12, respectively. These obser-
vations stem from the fact that the approximation in SI-MMSE
as (30) removes the instantaneous interference-subspace infor-
mation carried by g,,,&,. When the array dimension grows,
the LMMSE combining in (18) can increasingly exploit the
instantaneous channel directions to suppress interference more
effectively, whereas the SI-ILMMSE combining relies on the
average subspace described by R,,; and thus cannot effec-
tively exploit the instantaneous variability of the interference
subspace that is encoded in g,,,;&",. However, the S-LMMSE
combining scheme showcases an excellent trade-off between
the achievable performance and the computational complexity.
The computational complexity of this scheme is significantly
smaller than that of the LMMSE combining scheme (this argu-
ment can be observed from Table I and will also be verified
in the following) and the SI-LMMSE scheme significantly
outperforms the LMR scheme.

Next, we focus on three SSOR algorithm-based combining
schemes. In Fig. 7, we study the average SE performance for
the SSOR algorithm-based combining schemes with different
N,. As observed, the Ins-SI-SSOR combining scheme (we
omit the terminology “LMMSE” for simplicity) can achieve
the best SE performance among three SSOR-based com-
bining schemes and there is only 12.68% performance gap
between the Ins-SI-SSOR and LMMSE combining schemes
for N, = 8. Meanwhile, the Ins-SSOR and Sta-SSOR combin-
ing schemes showcase 81.16% and 23.67% SE improvement
compared with the local maximum ratio (LMR) combining
scheme v,k = &mk, respectively, for N, = 16. Besides,
the Ins-SSOR combining scheme outperforms the Sta-SSOR
combining scheme since the Sta-SSOR combining scheme
is a matrix expectation-aided approximation version of the
Ins-SSOR combining scheme. And we observe that the perfor-
mance gap between the Sta-SSOR and Ins-SSOR combining
schemes becomes larger as IV, increases.
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Fig. 9. Computational complexity of all studied combining schemes with
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Fig. 8 showcases the convergence examples for three SSOR
algorithm-based combining schemes. As observed, with the
aid of the initial values, the Ins-SI-SSOR can significantly
outperform the other two SSOR algorithm-based combining
schemes, whether from the perspective of the achievable
performance or the convergence speed. More specifically,
for instance, 20.24% and 49.04% SE improvement can be
achieved by the Ins-SI-SSOR scheme compared with the Ins-
SSOR and Sta-SSOR schemes, respectively, for Ny, = 10.
Besides, the Ins-SI-SSOR scheme converges very fast, where
only very few iterations are needed to achieve the excellent
performance.

To have a comprehensive vision of all considered combining
schemes in this paper, we now compare all studied schemes
in this paper from the perspectives of the computational
complexity and the achievable performance. Fig. 9 compares
the computational complexity of all proposed combining
schemes against the total number of antennas each BS V.
As observed, the GSLI-MMSE combining scheme involves
the largest computational complexity, where the main compu-
tational complexity comes from the precomputation based on
the statistics information as illustrated in Table I. Meanwhile,
the SI-LMMSE combining scheme showcases the significantly
smaller computational complexity than other schemes, since
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Fig. 10. Average SE performance for all studied combining schemes over
the MMSE and EW-MMSE channel estimators with M = 4, K = 10, and
Az = \/8.

the statistics matrix inversion is only needed to be computed
once in each realization of the BS/UE locations among all
N, channel realizations. Besides, the SSOR algorithm-based
schemes embrace much smaller computational complexity
than the LMMSE combining scheme. Since the forward
order and reverse order computations as in (32) and (34),
respectively, are required in every iteration and every chan-
nel realization, the computational complexity of the SSOR
algorithm-based schemes is larger than that of the SI-LMMSE
scheme.

Finally, in Fig. 10, we compare the average SE performance
for all studied combining schemes in this paper over MMSE
and EW-MMSE channel estimators. We consider CMMSE,
LMMSE, and local regularized zero-forcing (LRZF) combin-
ing as [43, Eq. (4.9)] as the benchmarks. Note that the LRZF
combining is regarded as a low-complexity approach derived
from (18) by neglecting the covariance matrix-related terms in
the matrix inversion and applying the standard matrix inversion
result. As clearly observed in Fig. 10, our studied combining
schemes can achieve excellent SE performance compared to
the benchmarks. More specifically, the GSLI-MMSE combin-
ing scheme can achieve the approaching performance to that
of the CMMSE combining scheme over both the MMSE and
EW-MMSE channel estimators. Note that the SSOR-based
combining schemes and the SI-LMMSE combining scheme
perform better over the MMSE channel estimator than the
EW-MMSE channel estimator. For instance, with N, = 8,
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the performance gaps between the Ins-SI-SSOR combining
scheme and the LMMSE combining scheme over the MMSE
and EW-MMSE channel estimators are 12.3% and 64.29%,
respectively. This observation demonstrates the importance of
deriving the accurate estimation of the channel covariance
matrices to implement low-complexity combining schemes
to achieve excellent SE performance. Moreover, all these
schemes can significantly outperform the lower benchmark
generated by the LRZF combining scheme.

VIII. CONCLUSION

Low-complexity distributed combining scheme design for
near-field CF XL-MIMO has been studied in this paper.
Firstly, we have obtained the uplink SE performance analysis
frameworks for CF XL-MIMO networks with the centralized
and distributed processing schemes. We have derived the
CMMSE and LMMSE combining schemes, which held for
arbitrary channel estimators. Then, we have applied the matrix
approximation methodologies to derive the GSLI-MMSE and
SI-LMMSE combining schemes, where the global instan-
taneous information in the CMMSE combining and the
local instantaneous information in the LMMSE combining
is approximated by the global and local statistics infor-
mation, respectively. Furthermore, we have derived three
distributed SSOR-based LMMSE combining schemes by
applying the low-complexity SSOR algorithm: Ins-SSOR-
LMMSE, Sta-SSOR-LMMSE, and Ins-SI-SSOR-LMMSE
combining schemes, which have been distinguished from
the applied information and initial values. Numerical results
have demonstrated that proposed low-complexity combining
schemes can achieve the excellent SE performance with
much smaller computational complexity than the conventional
MMSE combining schemes.

APPENDIX A
SOME USEFUL LEMMAS

Lemma 1: For the matrices A € C"t*"1 B € C"*"2 and
C € C™*"2 we have

(A+BCB)"'B=A"'BBAfA'B+C ) lCc!,
(37
which can be easily proved based on the standard matrix
inversion lemma as in [43, Lemma B.3].
Lemma 2: For A € Cm*™ x ~ N¢ (0, n%Inl),

y ~ Nc (0, nllInQ, x and y are assumed to be mutually
independent and independent of A. Moreover, we assume that
A showcases uniformly bounded spectral norm. Following the
standard results in [50], we have

1
xHAx =< —tr(A), (38)
ny
x7 Ay = 0. (39
APPENDIX B

MODELING OF Zgg,c IN (4)

As for Zpgs,c, for the array configuration as in Fig. 1,
motivated by [34], Zps,c can be constructed by N, x N,
sub-matrices with the dimension of N, x N, each, that is
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Si [ua (dab,vs dBs.min;.n) ] }
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|-

} [ ( ab v;dBSn1n17h

(d

(d

abvadBSnlnl, )] [

(
( ab,v dBS ninj h)
[ (dab v;dBS n1n17h)

2 (dab,m dBS,nln’l,h)]

}

n . 2C; [ul (dab vy dBS,nin )] —2C; [ /1 (dab vy ABS nyn h)] [UQ ab, vadBSn n h)} }
+ —s dab v ’ mangh ’ R 1, 41
8w m [UO ( > )] { +C; [U’/Q (dab,va dBS,TMTL/lJL)] -G [ u3 (dab,v; dBS,nln/lJL)} [’LL ab,vs dBS mandh ] @
Zpsc = [Z%bS’C]Nnyy with ZaBbS,C € CNe*Ne being the + Si[ua(dap )]} + %sin[uo(daij)]{QCi[2u0(dabﬂ,)]
mutual impedance matrix between the a-th row of antennas
b — Cilus(dabw)] = Cilta(dap,0)] — nfug(dapo)]}  (43)

and the b-th row of antennas, where {a,b} = {1,...,N,}.
The mutual impedance between the nq-th antenna in the a-th
row and the n)-th antenna in the b-th row, counting from
the left to right, can be denoted as Z%bS,nln'l , which is the

(n1,n})-th element of Z%,
ab ab

s,c- We can uniformly formulate

iBs ,nin as <iBs ,ninj = RBS nin} + ]XBS ,ning and we

denote dBSnln1 = |n1 — nl\Az, dab v = |a - b|Ay, and
ab _ 2A2 2 A2

dBs nynt = (n1 —n7)?A2 + (@ — b)2AZ as the horizontal

distance, vertical distance, and distance between the nq-th
antenna in the p-th row and the n/-th antenna in the g-th
row respectively. Based on [40, Sec. 8.6.2], we can compute
b4 S nan; OVer four possible combinations for p, ¢, and nq,nj.
For a = b,ny = nl, z%,bsmn Z4. For a = b,ny # nf,
according to the “side-by- side” scenario in [40, Sec.
8.6.2], we have RBSnln = 1={2Cilvo(dBs,nynyn)] —
Ci[vi(dBsnint h)] - Cilv2(dBsnint )} and

%%,nlni = _%{2Si[v0(dab,v)} - Si[vl(dBS,nln’l,h)] -
Silva(dBsnns w)l} With vo(dpsnini n) = KAdBSnin ks
vildpsmnyn) =kl /dhg 0, A + A, and
UZ(dBS,nln’l,h) = H[\/m Al] For

a # b,ny = n}, according to the in (40) and (41), respectively,
shown at the top of the page, where ug(dapn) = Kdab,vs
[(dQBS nini,h + d2 v)1/2 + dab,v]’
1/2 _ d

Ul(dab vy dBSnyn, h) =

dap vadBS nlnl,h) = [(dBS nin’ h + dab v) ab,v]’

abvvdBSnlnl,h) = "{{[ BS,nin,h + (dab,v

where w4 (dap,v) = 26(dgp o +Ar) and us (dap,w) = 26(dap,v —
A;). In summary, we can easily derive Zpg by plugging all
these results in (4).
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