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Abstract

In this paper, we investigate a cell-free massive multiple-input multiple-output system with both access points
and user equipments equipped with multiple antennas over the Weichselberger Rayleigh fading channel. We study
the uplink spectral efficiency (SE) for the fully centralized processing scheme and large-scale fading decoding
(LSFD) scheme. To further improve the SE performance, we design the uplink precoding schemes based on
the weighted sum SE maximization. Since the weighted sum SE maximization problem is not jointly over all
optimization variables, two efficient uplink precoding schemes based on Iteratively Weighted sum-Minimum Mean
Square Error (I-WMMSE) algorithms, which rely on the iterative minimization of weighted MSE, are proposed for
two processing schemes investigated. Furthermore, with maximum ratio combining applied in the LSFD scheme,
we derive novel closed-form achievable SE expressions and optimal precoding schemes. Numerical results validate
the proposed results and show that the -WMMSE precoding schemes can achieve excellent sum SE performance

with a large number of UE antennas.

Index Terms

Cell-free massive MIMO, uplink precoding, weighted sum-rate maximization, spectral efficiency.

I. INTRODUCTION

Cell-free massive multiple-input multiple-output (CF mMIMO) has attracted a lot of research interest

and is regarded as a promising technology for future wireless communications, for its ability to achieve
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uniformly high spectral efficiency (SE) [2]—[7]. Basically, a large number of access points (APs), arbitrarily
distributed in a wide coverage area and connected to one or several central processing units (CPUs), jointly
serve all user equipments (UEs) on the same time-frequency resource. Compared with the traditional
cellular mMIMO system, the CF mMIMO system operates with no cell boundaries and many more APs
than UEs [8]-[10]. Relying upon the prominent network topology of CF mMIMO, four uplink (UL)
signal processing schemes, distinguished from levels of the mutual cooperation between all APs and the
assistance from the CPU, can be implemented as [S)]. Among these schemes, the “Level 4” and “Level 3" are
viewed as efficient processing techniques. The so-called Level 4 is a fully-centralized processing scheme
where all the pilot and data signals received at APs are transmitted to the CPU via the fronthaul links
and the CPU performs channel estimation and data detection. The similar scheme was also investigated
in [11]-[13]. The so-called Level 3 stands for a two layer decoding scheme: in the first layer, each AP
estimates channels and decodes the UE data locally by applying an arbitrary combining scheme based
on the local channel state information (CSI); in the second layer, all the local estimates of the UE data
are gathered at the CPU in which they are linearly weighted by the optimal large-scale fading decoding
(LSFD) coefficient to obtain the final decoding data. The LSFD scheme has been widely investigated in
[14]]-[17] since it can make full use of the prominent network topology for CF mMIMO and achieve
excellent performance.

To promote the practical implementation of the CF mMIMO network, a new framework of scalable CF
mMIMO system and its respective processing algorithms were proposed in [9] by exploiting the dynamic
cooperation cluster (DCC) concept. Besides, the scalability aspects in a realistic scenario with multiple
CPUs were considered in [18]], where the data processing, network topology and power control strategies
with multiple CPUs were discussed. Moreover, the authors of [19] considered the uplink of a radio-strip-
based CF mMIMO network architecture with sequential fronthaul links between APs and proposed MMSE-
based sequential processing schemes, which significantly reduced the fronthaul requirement. However,
when the CF mMIMO network is operated in practice, a more practical capacity-constrained fronthaul
network would have a great effect on the system performance. The authors of [20] and [21] discussed
the uplink performance of a CF mMIMO system with limited capacity fronthaul links. Furthermore, it
is worth noting that the CF mMIMO architecture has been co-designed with another promising future
wireless technology: Reconfigurable Intelligent Surface (RIS) [22], [23], which would undoubtedly provide

vital tutorials for the future wireless network design.



The vast majority of scientific papers on CF mMIMO focus on the scenario with single-antenna UEs.
However, in practice, contemporary UEs with moderate physical sizes have already been equipped with
multiple antennas to achieve higher multiplexing gain and boost the system reliability. The authors of [24]]
investigated the UL performance of a CF mMIMO system with multi-antenna UEs over maximum ratio
(MR) combining and zero-forcing (ZF) combining. The authors of [25] considered a user-centric (UC)
approach for CF mMIMO with multi-antenna UEs and proposed power allocation strategies for either sum-
rate maximization or minimum-rate maximization. Besides, the authors of [26] analyzed the downlink SE
performance for a CF mMIMO system with multi-antenna UEs and computed SE expressions in closed-
form. Then, the SE performance for a CF mMIMO system with multi-antenna UEs and low-resolution
DACs was investigated in [27]. Nevertheless, these works only investigated a simple distributed processing
scheme and are based on the overly idealistic assumption of independent and identically distributed (i.i.d.)
Rayleigh fading channels, neglecting the spatial correlation that has a significant impact on practical CF
mMIMO systems [[15], [16]. The authors of [28] considered a CF mMIMO system with multi-antenna
UEs over the jointly-correlated Weichselberger model [29] and analyzed four UL processing schemes.

As observed in [26], [28], increasing the number of antennas per UE may not always benefit the SE
performance. The SE would reach the maximum value with particular number of antennas per UE, then
decrease with the increase of number of antennas per UE. One main reason for this phenomenon is
that the UEs cannot make full use of the benefit of equipping with multiple antennas to achieve higher
SE performance without UL precoding schemes. So it is undoubtedly vital to design the UL precoding
scheme to further improve the performance of systems. However, it is worth noting that the design of
UL precoding for CF mMIMO has not been investigated. For the traditional mMIMO or MIMO systems,
one popular optimization objective for the uplink/downlink precoding design is to maximize the weighted
sum rate (WSR) [30]-[33]. The authors of [30] and [32] discussed the equivalence between the WSR
maximization problem and the Weighted sum-Minimum Mean Square Error (WMMSE) problem in MIMO
systems and proposed an iteratively downlink transceiver design algorithm for the WSR maximization.
Note that the algorithm relies on the iterative minimization of weighted MSE since the WMMSE problem
are not jointly convex over all optimization variables. Moreover, the authors of [31] investigated the UL
precoding scheme optimization based on [30] under sum-power-constraint or individual-power-constraint.

Motivated by the above observations, we investigate a CF mMIMO system with both multi-antenna

APs and UEs over the Weichselberger Rayleigh fading channel. Two pragmatic processing schemes: 1)



the fully centralized processing scheme; 2) the large-scale fading decoding scheme are implemented. The

main contributions are given as follows.

« We design an efficient UL precoding scheme to maximize the WSR for the fully centralized processing
scheme based on an iteratively WMMSE (I-WMMSE) algorithm. Note that the design of -WMMSE
precoding scheme for the fully centralized processing scheme is implemented at the CPU and based
on the instantaneous CSI.

o For the LSFD processing scheme, we derive a UL precoding scheme for the WSR maximization
based on an iteratively WMMSE algorithm. The design of -WMMSE precoding scheme for the
LSFD scheme is implemented at the CPU but based only on channel statistics. More importantly,
we compute achievable SE expressions and optimal precoding schemes in novel closed-form for the
LSFD scheme with MR combining.

o We analyze the practical implementation and computation complexity for the proposed -WMMSE
precoding schemes. It is found that the proposed I-WMMSE precoding schemes can be guaranteed
to converge. More importantly, the proposed UL precoding schemes are efficient to achieve excellent
sum SE/rate performance and the average rate benefits from the multiple antennas at the UE-side,

which undoubtedly provides vital insights for the practical implementation of multi-antenna UEs.

Note that this paper differs from the conference version [1] in the following aspects: i) we investigate
the fully centralized processing/LSFD schemes and design their respective UL precoding schemes, while
only the LSFD scheme was considered in [1]]; i7) we provide details for the derivation of the -'WMMSE
precoding schemes, which are omitted in [[1]] due to the lack of space; iii) we analyze the practical im-
plementation and convergence behavior of the proposed precoding schemes. More importantly, numerical
results show vital insights for the CF mMIMO system with the proposed UL precoding schemes.

The rest of this paper is organized as follows. In Section [l we consider a CF mMIMO system with the
Weichselberger Rayleigh fading channel, and describe the channel estimation and data detection. Then,
Section [[IIl introduces the fully centralized processing and LSFD processing schemes, and provides their
respective achievable SE expressions. Novel closed-form SE expressions for the LSFD scheme with MR
combining are derived. More importantly, based on the achievable SE expressions, we propose UL I-
WMMSE precoding schemes for two processing schemes. Then, Section V] provides some insights for
the practical implementation and computation complexity of proposed -WMMSE precoding schemes. In

Section [V] numerical results and performance analysis for the -WMMSE precoding schemes are provided.



Fig. 1. A cell-free massive MIMO system.

Finally, the major conclusions and future directions are drawn in Section

Notation: Lowercase letters x and boldface uppercase letters X denote the column vectors and matrices,
respectively. E{-}, tr{-} and £ are the expectation operator, the trace operator, and the definitions,
respectively. |-|, ||-|| and |||z are the determinant of a matrix or the absolute value of a number, the
Euclidean norm and the Frobenious norm, respectively. vec (A) denotes a column vector formed by the
stack of the columns of A. The n x n identity matrix is represented by I, ... The Kronecker products and
the element-wise products are denoted by ® and ®, respectively. Finally, x ~ A¢ (0, R) is a circularly

symmetric complex Gaussian distribution vector with correlation matrix R.
II. SYSTEM MODEL
In this paper, we investigate a CF mMIMO system consisting of M APs and K UEs, where all APs

are connected to one or several CPUs via fronthaul links as shown in Fig. [Il For simplicity, there is only
one CPU and all APs serve all UEJ The numbers of antennas per AP and UE are L and N, respectively.
A standard block fading model is investigated, in which the channel response is constant and frequency
flat in a coherence block of 7.-length (channel uses). Let 7, and 7. — 7, denote channel uses dedicated
for the channel estimation and data transmission, respectively. We denote by H,,;, € C¥*V the channel

response between AP m and UE k. We assume that H,,, for different AP-UE pairs are independent.
A. Channel Model

Based on the jointly-correlated (also known as the Weichselberger model [29]) Rayleigh fading channe!H,

H,,. is modeled as
Hoie = Ui (@t © Hia) Ul ()

'As shown in Fig. [Il a more practical network topology is with multiple CPUs and dynamic cooperation clusters, where each UE is only
served by a cluster of APs and the APs are grouped into cell-centric clusters. Each cell-centric cluster is connected to a particular CPU.

*Note that the Rayleigh fading channel is a special case of the Rician fading channel. And the performance gap between the Rician
channel and the Rayleigh channel is small [34]. However, the focus of this paper is not on the channel model but on the UL precoding
scheme design. So for the simplicity of analysis, we investigate an essential Rayleigh fading channel by assuming there is no line-of-sight
(LoS) link between each UE and AP.



where Uy = [Wokr1s s Wonkern) € CH*F and Uy = [Wonkei1, -+ Wnkev] € CV*Y are the eigen-
vector matrices of the one-sided correlation matrices Ry, = E [H,,, HZ, ] and R, £ E [H] H;,, |,
and H,,;5q € CE*N is composed of i.i.d. N¢ (0,1) random entries, respectively. Besides, we denote
by Q. = Qi © Qe € RN the “eigenmode coupling matrix” with the (/,n)-th element [€2,.z],,
specifying the average amount of power coupling from W4, ; t0 Wpkt,. Hyui can also be formed as
H,; = bk, - e ] with hyyy, € C’ being the channel between AP m and n-th antenna of UE
k. By stacking the columns of H,,; on each other, we define h,,,; = vec (H,p) = [h7, 1, -+ hl, (7 ~

N (0, Ryi), where Ry, 2 E{h,,,;hZ, } is the full correlation matrix
Ry = (U;knk,t ® Ui, )diag (vee (Qpur)) (U;knk,t ® Umk,r)H- (2)

Moreover, note that R,,; can be structured into the block form as [28] with the (n,i)-th submatrix
being ;,ifk = E{hmknhﬁkl} Besides, the large-scale fading coefficient /3, can be extracted from R,
as Bnr = 7t (Ryk) = 7 [|Qmell,. It is worth mentioning that the motivations for adopting the
Weichselberger channel model are: 1) The Weichselberger model investigated in not only captures
the correlation features at both the AP-side and UE-side but models the joint correlation dependence
between each AP-UE pair through the coupling matrix; 2) The coupling matrix €2, reflects the practical
spatial arrangement of scattering objects between AP m and UE k. More significantly, the Weichselberger
model can reduce to most channel models of great interest by adjusting the coupling €2, to particular
formulation, such as the Kronecker model and i.i.d. Rayleigh fading model [28]], [29]; 3) Compared with
other stochastic channel models, the Weichselberger model displays significantly less modeling error,

which is validated based on the practical measurement in [29].
B. Channel Estimation

For the channel estimation, mutually orthogonal pilot matrices are constructed and each pilot matrix
is composed of N mutually orthogonal pilot sequences. We denote by ®; the pilot matrix assigned to
UE k with <I>kH ®, = 7,Iy, if | = k and O otherwise. And Py, is the index subset of UEs using the
same pilot matrix as UE £k including itself. When all UEs transmit their pilot matrices, the received
signal at AP m Y?, € CF*7 is YP = S°%  H,,F} ,®F + NP, where F;,, € CV* is the precoding
matrix for UE % under the phase of pilot transmission, NP € CL*™ is the additive noise at AP m with
independent A (0, 02) entries and o2 being the noise power, respectively. The pilot transmission should

be implemented under the power constraint as tr(thF{;{p) < pr, where py is the maximum transmit

power for UE k. To derive sufficient statistics for h,,,;, AP m projects YP  onto ®; as Y = YP &; =



Z{il H,.,F, (@f@};) +INP &) = Zlepk o HuFi, + QP ., where Q°, = NP & Then, following the

standard MMSE estimation steps in [35] and [36], AP m can compute the MMSE estimation of h,,; as

o = vee(F) = Ry FE @ -1yP 3)

k,p

where H,,; is the MMSE estimation of H,.., Fi, = F @11, %, £ vee (Y2,) = 3 cp, TFiphym + o,
b, = vec(QP ) and W, = ZlePk Tpf‘LpleF{i + 021y, respectively. Note that the estimate h,,. and
estimation error flmk = h,; — ﬁmk are independent random vectors distributed as flmk ~ Nc(0, Rmk)
and h,,; ~ Nc(0, C,,1), where R, 2 TpRmkﬁgp‘I’;}CthRmk and C,.x» 2 R, — R,,,. We can also
form R,,, and C,,;, in the block structure with the (n,i)-th submatrix being f{%k = E{ﬁmk,nﬁﬁk,i} and
C, = E{hy,,,hf, ;}, respectively.

C. Data Transmission

For the data transmission, all antennas of all UEs simultaneously transmit their data symbols to all

APs. The received signal y,, € CL at AP m is

K
Ym = Y Huisi + 1, )
k=1

where n,, ~ N¢(0,021;) is the independent receiver noise. The transmitted signal from UE k s, € CV
can be constructed as sy = Fy. ,x;, where x;, ~ N¢(0,Iy) is the data symbol for UE k and Fy, € CNxN
is the precoding matrix for the data transmission which should satisfy the power constraint of UE £ as
tr(FroFy,) < pr-

ITI. SPECTRAL EFFICIENCY ANALYSIS AND [-WMMSE PRECODING DESIGN
In this section, we investigate two promising signal processing schemes, called “fully centralized pro-
cessing” and “LSFD processing”, and analyze their corresponding SE performance and design respective
iteratively WMMSE precoding schemes.

A. Fully Centralized Processing
1) Spectral Efficiency Analysis: For the fully centralized processing scheme, all M APs send all the

received pilot signals and data signals to the CPU. Indeed, both the channel estimation and data detection
are implemented at the CPU. The collective channel h;, € CM%V for UE k can be constructed as h;, =

[vec(Hyz)T, -+, vec(Hpmp) )T ~ Ne(0,Ry) with Ry, = diag (Ryg, -+ , Rag) € CMINXMLIN being the

3We only optimize the precoding matrices for the phase of data transmission F .. The optimization of F , is left for future research.
Although we do not design F, , in this paper, we try to keep the derived equations more generalized. So a scenario with arbitrary Fy,
instead of limiting F', ;, to a particular form is investigated. It is worth noting that all equations in this paper hold for any F, ;, so undoubtedly
provide some important guidelines for the investigation of optimization design for F, , in the future work.



whole block-diagonal correlation matrix for UE k. Similar to (3)), the CPU can derive the channel estimate

~ ~ ~ T _ _ _ ~ ~
for UE k aﬂ h, & [h{k, e hfjfvjk} ~ N (0, 7, R Fff W 'Fy JRy) where Fyp, = diag(Fyp, ..., Frp)
~— —

. M
and W, ! = diag(¥},..., ¥;..). The channel estimation error is h, ~ A (0,Cy) where C;, £ Ry, —

TkaFkH,plIlglf‘k,ka. Moreover, the received data signal at the CPU can be denoted as

K
iyt =Y ML, H x4+ o] ng)7 (5)
N - _ —

=y k=1 :Hk = n

or a compact form as y = 22{:1 H.F; .x;, +n.

Under the setting of “fully centralized processing”, we assume that UL precoding matrices (F';, and
F} ) are available at the CPU. Based on the collective channel estimates, the CPU designs an arbitrary
receive combining matrix V, € CEM*N for UE k to detect x;, as

K
)v(k = ny = V]?I:Ika,uXk -+ folkaxk —+ Z VleFl,qu + an, (6)
l#k

and the conditional MSE matrix for UE £k is
Erq) = E{(x, — %) (¢ — i) " [{H}, {Fru}}
) ) K (7)
=Ty = VITFy, — FEAIV, - VE (S (BFAL 4 C) + oLy | Vi

=1
where F;, £ F,FII, C; £ diag (C}, -+ ,C)y;,) € CMXML and C!,, = E{H,,F; ,HZ} € CH*L with
the (3, ¢)-th element of C;,; being [C},]. = S > [F]

[ p2p1]
pap1 L ml ljq

By implementing the per-user-basis minimum mean-squared error-based successive interference cancel-
lation (MMSE-SIC) detector while treating co-user interference as uncorrelated Gaussian noise, we derive

the achievable SE for UE k as follows.

Corollary 1. An achievable for UE k under the setting of “fully centralized processing” with the MMSE

SEy 1) = (1 = %) E {log, b ®)

where Dk7(1) é Vfﬂka,u and Ek,(l) é V,? (leil ]:A‘:[l]?‘l’u:[:]:lH — ﬂka,uﬂkH + leil C; + O'ZIML> Vk

estimator is

Iy + Dy =, 1y Dy

“Note that the pilot signals received at the APs are first transmitted to the CPU and then the CPU estimates the channels, where 7, M L
complex scalars are sent from the APs to the CPU at each coherence block. Alternatively, all APs can first estimate the channels as (@), and
then send their channel estimates to the CPU, where M K LN complex scalars are sent from the APs to the CPU at each coherence block.
Since the pilot contamination is investigated (7, < K IN) in this paper, we consider the first transmission protocol due to its lower fronthaul
overhead.



The expectations are with respect to all sources of randomness.
Proof. The proof follows from the similar approach as [28, Corollary 1] and is therefore omitted. O

We notice that Corollary [1 holds for any combining schemes. One promising combining scheme is the

MMSE combining as

p -1
VMMSE _ (Z (ﬂlFl,uﬂ{{ + CE) + 021ML> H,F., )

=1
which can minimize the mean-squared error MSEy, 1) = tr(Ej 1)). With the MMSE combining scheme,

the conditional MSE matrix in (7)) is
K -1
EZ?(tl) = IN - FkHMI:IkH (Z (ﬂlFl7uﬂ{{ + C;) + UzIJ\/[L) ﬂka’u (10)
=1

More importantly, the MMSE combining in (9) can also maximize the achievable SE in (8) as follows.

Corollary 2. The achievable SE for UE k in [8) can be maximized by the MMSE combining scheme in

©) with the maximum value
1
sty = (1 ) B { oy [T + P2 B8 (Z (AFLB + ) — B, B+ 0—21ML> ALFy,
¢ 1=1
(11)

Proof. The proof can be found in [28, Appendix B] and is therefore omitted. O

2) Iteratively WMMSE Precoding Design: In this part, we design the uplink precoding scheme for the

“fully centralized processing”. One popular weighted sum-rate maximization problem is investigated a

K
max » i (1)SEx, )
1

I

(12)

s.t. HFk,u,(l) < Pk Vk = 1, .. .,K

where fu4,(1) represents the priority weight of UE k and SEj (q) is given by (8).

>The notation F is short for {Fk,u}k=1,.. K, denoting all variables Fy, , with k = 1, ..., K. Similar definitions are applied for V, A, W,
S in the following. In this section, we denote by F, , (1) and Fy, ,, (2) the UL precoding matrix of UE k for the fully centralized processing
and LSFD scheme, respectively.
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As [30] and [32], the matrix-weighted sum-MSE minimization problem as

{F,V,W} 1 (13)

is equivalent to the weighted sum-rate maximization problem , where W, ;) € CV*¥ is the weight
matrix for UE k. We notice that (I3)) is convex over each optimization variable F, V, W but is not jointly
convex over all optimization variables. Following the method in [30], we can solve (13) by sequentially
fixing two of the three optimization variables F, V, W and updating the third.

Fixing the other variables, the update of V, is given by the MMSE solution as (9). Under the MMSE
combining, the MSE matrix is given by (I0). Then, note that optimal W 1y for is

W = Erqy; (14)

which can be easily derived through the first order optimality condition for Wy, ;) by fixing F and V.

Remark 1. When the MMSE combining V™5 and WZ%) for all UEs are implemented in (13), we have
tr(Wi, 1y Eg, 1)) —log, }Wk,(l)} = tr (Iy)—log, |(EZ?(1))‘1|. So the matrix-weighted sum-MSE minimization

problem in (13) would reduce to the equivalent optimization problem of (I12) asd:

K 1
maxz Lk, (1y 10gs (EZ‘f’i ) '
{F} —1 ) (15)
2
st || Fruml|” <peVE=1,.... K

which is a well-known relationship between Ezp(tl) and SEzp(tl).

Finally, fixing V and W, the update of Fy,, (1) for results in the optimization problem aﬂ

®Note that “SE” is equivalent to “rate” except from having one scaling factor (7. — 7;,)/7c. Since 7. and 7, are constants in this paper,
so we ignore the difference between SE and rate in the optimization problem.

"It is worth mentioning that the updates of optimization variables are based on the preliminary of fixing the other optimization variables.
For instance, when updating F, ., (1), we should fix the other optimization variables (V. and W, (1)) but not only limited to their respective

optimal solutions VY™MSE and W' | So we update F. (1) based on (I6) with generalized Vi, and Wy, (1) instead of (I3) with optimal

k(1)
VMMSE and WZ"&)-
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K . . H
min Zﬂk,(l)tr ka,(l) (IN — V]];IHka,u,(l)> (IN — V]?Hka,u,(l)) }

{F) &
K B K K

+ ) et | Wi VI <Z H/F,, o Fl, o ) Vil = e logy [Wi )]
k=1 L 1k k=1 (16)

K
+ Z Mk, (1)tr
k=1

I

K
Wi VY (Z E {HlFl,umF{fumH{f ) F} + 0'2IML> Vk]
=1

s.t. HFk,u,(l) < Pk Vk = 1, .. .,K

which is a convex quadratic optimization problem. So the classic Lagrange multipliers methods and
Karush-Kuhn-Tucker (KKT) conditions can be applied to derive an optimal solution. The Lagrange

function of (16)) is

K . . H
f(Fruy - Fru) = Z Pk, (1) bT [Wk,(l) (IN - VfHka,mu)) (IN - VfHka,mu)) ]

k=1
K B K
+ Z,uk,u)tr W)V <Z HlFl,u,(l)FlIil,(l)HlH> Vi
=1 L 1k
K r K . ~
+3 et [Wia VE (Z E{HFy, 0 Ff, B ‘ F+ 0—21ML> Vk]
k=1 L =1
K
+ Z A1) [tr (Fk7u,(1)F£{u,(1)) — i
k=1

7)

Finally, we derive the optimal precoding scheme as the following theorem.

Theorem 1. By fixing other optimization variables and applying the first-order optimality condition of

with respect to each ¥y, 1), the optimal precoding scheme is given by

K -1
FyP ) = o | 2 a (B VW, VIR + E LIV VIR VW) + AMUIN] A VW )
LI=1

- K 1
= Mk, 1) ZM,(l) <I:IkHVlWl,(1)VlHﬂk + Ckl) + )\k,(l)IN] ﬂkHVka,(l)7

LiI=1

(13)
where Ay, 1y > 0 is the Lagrangian multiplier and the (i, n)-th element of Cjy = E{ﬂfVlle(l)V{{fIHV, A2
S CNXN is [Ckl] = tr(le{flkmflkH’Z}) =tr (\_/'lem) with \7[ é VlWl’(l)VlH and Ck,m’ é E{flk’nflkH’Z} =

in
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diag (C, ..., Chiy) € CMEXML According to the KKT condition, Ay, 1y and Fy, ., 1) should also satisfy

I

[Framll” <pr A <HFk7u,<1>H2 - Pk) =0, Ar) >0 (19)

Proof: The proof is given in Appendix [ |
We denote by Fy, 1)(Ak,1)) the right-hand side of (18], when Zf; uh(l)(ﬂkHVlWl,(l)VlHﬂk + C)
is invertible and tr[Fy,, (1)(0)Fy . 1)(0)"] < py. then leii(l) = Fiu,) (0), otherwise we have

tr[Fru, (1) M) ) i) 71 = pi

to satisfy (19).
Corollary 3. tr[Fk,u,(l)()\k,(l))Fk,u,(l)()\k,(l))H] is a monotonically decreasing function of Ay (1).
Proof: Let DADY denote the eigendecomposition of Zil uh(l)(ﬂ{jV;Wl,(l)Vﬁﬂk + Cy). Fol-

lowing the method in [30], we define ® = uz’(l)DH}AI,IijW,%’(l)ICIkaD and we have

—1 -1
tr[Fk,u,(l)()\k,(l))Fk,u,(l)()\k,(l))H] =tr { (DADH —+ )\k,(l)IN) DQ)DH (DADH + )\k,(l)IN) }

) -2 al [(ﬁ] (20)
n=1 ([A]nn + )\k,(l))
SO tr[Fk,u,(l)()\k,(l))Fk,u,(l)()\k,(l))H] is a monotonically decreasing function of Ay (1). [ ]

Based on Corollary 3] optimum A (1) (denoted by )\Zf)(tl)) can be easily obtained by a one-dimensional

(1-D) bisection algorithm so we derive the solution for Fk,u,a)()\Zf)(tl))- Furthermore, an iterative opti-
mization aﬁgrithm for Fy (1), called “iteratively WMMSE (I-WMMSE) algorithm”, is summarized in

Algorithm [If. The convergence of Algorithm [1] is proven in [30, Theorem 3].

Remark 2. Note that the design of ¥y, is a valuable future direction to further improve the system
performance. One valuable optimization problem is to minimize the total MSE of the channel estimators

of all UEs as
K

min tr (C
{Fk,p}; (Cx) 1)

s.t. ||Fk,p||2 < Pk Vk = 1, .. .,K

where the optimization goal is only based on the statistical knowledge so Fy,, is also based on the

statistical knowledge.
8To balance the efficiency and the computational complexity of the proposed algorithm, we also include the stopping criterion “RE?) <

Rg;l). Moreover, the F'WMMSE precoding scheme is derived at iteration (¢ — 1), which may achieve higher sum SE than the one at
iteration 3.
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Algorithm 1: -WMMSE Algorithm for the Design of F}, , (1)

Input: Collective channel estimates flk for all UEs; Estimation error covariance matrices C,,; for
all possible pairs; UE weights 1, (1) for all UEs;

Output: Optimal precoding matrices Fy, , (1) for all UEs (F,(j’)m(l) for the first or third stopping

criterion and F,(;;l()l) for the second stopping criterion);

1 Initiation: ¢ = 0, Fi&?&,@) and Rg(l)g = 215:1 ,uMI)SE,(fgl) for all UEs; maximum iteration number
I(1),max and threshold &(1);

repeat

3 1=1+1

4 | Update the MMSE combining scheme V,(;) with F,(jgl()l) based on (@);

5 Update optimal MSE matrix E,(;)(l) with Fl(’u_(ll)) based on (10, and update W,(;;)(l) based on

;

6 | Update optimal precoding matrix Fl(f]l(l) with V,(;) and Ws)(l) based on (18], where )‘S,)u) is
found by a bisection algorithm;

7 Update sum weighted rate RE?) = Zle Mk,(1)SE,(j,)(1)
. i i—1 i—1 i i—1 ,
s until |RY) — ROV /ROTY <eqy or RY) < RETY or i > Iy ax

[

B. Large-Scale Fading Decoding

1) Spectral Efficiency Analysis: Another promising processing scheme is “large-scale fading decoding”,
which is a two-layer decoding scheme to decode the data symbol. Note that UL precoding matrices (F ,
and F, ;) are assumed to be available at all APs and the CPU. In the first layer, AP m applies an arbitrary
combining matrix V,,,;, € CE*¥ to derive local detection of x;, as

K
R = VI ym = VEH Frox+ Y VEHFLx + Vi, (22)
=1,k

We notice that V,,;; is designed based on local channel estimates at AP m and one handy choice is

A

MR combining V. = H,,,x. Moreover, local MMSE (L-MMSE) combining
" -1
Vo :(Z (AP A+ C) + 021L> L, F, (23)
1=1
is also regarded as a promising scheme, since (Z3) can minimize E{|| xx — V2 y,.. || {Hi}, {Fru}}.
In the second layer, the “LSFD” method is implemented at the CPU [35]. The CPU weights all the local
estimates X,,, from all APs by the LSFD coefficient matrix as

M M M K
R = AlFu=> ALVIH Fox,+> > ALVEH,F x40, (24)
m=1 m=1

m=11=1,l#k

where A, € CV* is the complex LSFD coefficient matrix for AP m-UE kand nj, = "M A# VI n,
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Moreover, we can rewrite X, in a more compact form as

K K
f(k = AkHGkka’uXk -+ Z AkHleFl’qu + Il;€ = AkH <Gkka,uxk -+ Z leFthl + ﬁ;) ’
I=1,l#£k I=1,l#£k ( 5)

~
Xk

-~

where Ay, £ [AT,,... AT, )T € CYVN Gy £ [V Hy; .. VI Hy] € CYV*N and
0, = [Viing;...; Viiny| € CMVN,
Note that the CPU does not have the knowledge of channel estimates and is only aware of channel

statistics [5]. The conditional MSE matrix for UE k Ej (o) £ E {(xk — Xy (xp — Xp)H |®} is

K
Ei @ = Iy — F{ E{G{ A, — AJE{Gy}Fp. + Af <Z E{GnF G2} + g2sk> Ay, (26)
=1

where © denotes all the channel statistics and Sy = diag(E{VEV;},--- [ E{VI V,;}) € CMNMN,

Then, we apply classical use-and-then-forget bound to obtain the following ergodic achievable SE.

Corollary 4. For the “LSFD” scheme, an achievable SE for UE k can be written as
T,
SEj2) = <1 N T_p) log ’IN + Dy (5 Pr2) | 27)

where Ek’(g) = Zliil AEE{GJQZFLuGg}Ak - Dk7(2)DkH’(2) + 0’2AkHSkAk and Dk’(g) = AfE{Gkk}Fk7u
Proof. The proof follows similar steps as the proof of [28, Corollary 2] and is therefore omitted. O

Note that A, can be optimized by the CPU based on channel statistics to maximize the achievable
SE in (27). Based on the theory of optimal receivers as in [37]], we derive the optimal LSFD coefficient

matrix, which not only maximizes the achievable SE but minimizes the conditional MSE, as follows.

Corollary 5. The achievable SE in is maximized by

X -1
AP = (Z E{GuF1,Gf}} +o—28k> E{Gt}Fi, (28)

=1

leading to the maximum value as

opt
SEx @)

K —1

T — —

— <1 - T—p) logy Iy + F{LE{Gy} <§ E{GuF .G} —E{Gu} Fr.E{G/} + 0‘2Sk> E{Gr} Frul-
¢ I=1

(29)
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Note that the optimal LSFD coefficient matrix in 28) can also minimize the conditional MSE for UE k

MSEk7(2) = tl"(Ekv(g)).
Proof. The proof is given in Appendix U

If the optimal LSFD coefficient matrix is applied, the MSE matrix for UE k can be written as

K —1
EN, = Iy - FLE{G]} (Z E{GuF .Ga} + 028k> E{Gx}F . (1)

=1

Furthermore, if MR combining V,,,;, = ﬂmk is applied, we derive closed-form SE expressions as follows.

Theorem 2. For MR combining V ,,;, = I:Imk, @7) can be computed in closed-form as

C

T, _
SEk,2),c = (1 - T—p> log, ‘IN + DkH,(2),CZk,%2)7CDk,(2),C , (32)

where X, (2),e = A (Zl 1 Tkl ) + ZlePk T, (2) )Ak — D, (2),¢ D ky(2),c + 0’2AHSk cAk and Dy, (2),e =
Ak Zthu, with E{Gkk} =7, = [Z{Iw .. ,ij\;[k] and Skc = dlag(Zlk, s ZMk) with the (n,n’)—

th element of Z,, € CN*N being [Zy),,,, = tr(f{%,’;) Moreover, Ty 1) = £ diag(T él)l, . ,I‘Sl?M) €
CMNXMN " qpd TZ";"("”Z/) = I‘,(j)m — I‘,S?m if m = m' and A F oA otherwise, where TZ";"("”Z/) de-

notes (m,m’)-submatrix of Ty, ) € CMN*MN the (n,n')-th element of N x N-dimension complex
matrices At Ao Ty, and T37 . are (Ao = te(E08), [Amiklun = tr(E20), [Tl =

Sy i [Fuwtr(REGRER) and [T, L given by

L] = I (e (R

=1 /:1
N N ' '
2 o (B o RIPREPIE o))+t (PO o R ) o (B o R }
q1=1gq2=1

= SH -1 T = = 1 F
with gy = TR FL W Fr iRk Envie = TRk B ¥ FioRt Poi ) = TSk (Pok —
TpFl pleFﬁ))SH

mk?

(33)

Sk = R P WL Pro o) = S Frp R FELSH R and Py o) being (n, i)-

submatrix of RQI and P mEL(2) respectively. Furthermore, the optimal LSFD coefficient matrix in (28))

and MSE matrix in (31) can also be computed in closed-form as

—1
AZPS (Zl L Thry + 2 iep, Thie) +0 S, c) Z,F} .

By = Iv = FALZE (S0 T + Yien, T + 0°Ske)  ZiFra.

(34)

Proof: The proof is given in Appendix [Cl [ ]
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2) Iteratively WMMSE Precoding Design: For the LSFD scheme, we also investigate a weighted sum-

rate maximization problem as

K
max SE
) ; Mk, (2)9 Lk (2) 35)

I

st [Frue| <prVE=1,... K

where /i (o) represents the priority weight of UE k for the “LSFD” scheme and SEj (5) is given in (27)
with arbitrary combining structure in the first decoding layer.

Similarly, the matrix-weighted sum-MSE minimization problem ag

K

o uin ; w2 7 (Wi Er,2) — 108y [Wi )] G6)

s.t. HFk,u,(2)H2 < VE=1,... K
is equivalent to the weighted sum-rate maximization problem (33), where W, (5 is the weight matrix for
UE k. Note that (36) is convex over each optimization variable F, A, W, G, S but is not jointly convex
over all optimization variables. So we can solve (36) by sequentially fixing four of the five optimization
variables F, A, W, G, S and updating the ﬁfth
The update of A, and Ej, (o) are given by the optimal LSFD scheme (28) and MSE matrix with optimal

LSFD scheme (3I)). Note that optimal Wy, () for (36) is WZT’(;) = E;’%z).

Remark 3. When A™ and WZ?&) for all UEs are applied in (36), we notice that (36) becomes to the

equivalent optimization problem of (33) as

K -1
max Z Lk, (2) log, (EZ‘,’(E>) '
FGSHT (37)
2
st ||Fruel| <peVE=1,....K

which is a well-known relationship between Ezp(tz) and SEzp(tz) and proven in Appendix [El

Last but not least, fixing other variables, the update of Fy , o) for BO) results in the optimization

°The notation G denotes all G-relevant variables, like E{GF; ., 2)Gfi} and E{Gyx}, etc.
'9As for G and S, if L-MMSE combining scheme applied, E {Gyx} and Sy, are relevant to F} u,(2) so we should also update them. On
the contrary, E{Gyy} and Sy with MR combining structure are irrelevant to F so we only need to update E{G;F; , (2)G}.
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problem as

i D e [ (W (0 FEL B (G} 40) (0~ Bl o2 Gl A0

K
= 38
+ Z Mk, (2) [tl" (Wk,(g)Ag (Z E {leFl7u,(2)Gg} + U2Sk> Ak>] (38)
k=1 I#k
2
s.t. HFk’u7(2)H < Pk Vk = 1, ey K
which is a convex quadratic optimization problem. Thus, we can also derive the optimal precoding scheme

by applying classic Lagrange multipliers methods and KKT conditions. The Lagrange function of (38) is

K
f (F17u7(2)7 Tt FK7u7(2)) = Z 'uk7(2) |:tr <Wk7(2) (I FkHu E {G } Ak) ( Fk ,u (2 E {G } Ak) >:|

K K
+ Z M, (2) [tl‘ (Wk7(2)AkH (Z E {leFlﬂh(g)Gg} + 028k> Ak>]
k=1 I#k
K

+ Z Ak, (2) (tr (Fk,u7(2)Filzu,(2>) - Pk)-

k=1

(39)

Theorem 3. By applying the first-order optimality condition of (39) with respect to each ¥y 2y and

fixing other optimization variables, we obtain the optimal precoding scheme as

-1
F ) = Hi (2 (Z 1,2 {GﬁAlE;(g)Aﬁ le} + Ak,@)IN) E{Gj}.} ArE; (), (40)

where N\, 9y = 0 is the Lagrangian multiplier during the phase of “LSFD” scheme. According to the KKT

condition, A\ (2) and Fy (2) should also satisfy

HFk,u,(Z)HZ <Py k(2 (HFk7u,(2)H2 —pk> =0, A =0. 41)

Note that when Zz L E{G{ AlE Al Gy} is invertible and tr [Fku( )(O)Fk,m@)(O)H] < pr,
then leﬁ,(z) = F}, 0,2 (0), otherwise we must have tr[Fy , 2)(Ak,2))Fru ) ( Ak, 2)) "] = pi. Following the
similar method in Corollary [3| we notice that \; ;) can be easily found by a 1-D bisection algorithm
since tr[Fm,(g)()\k7(2))Fk,u7(2)()\k,(g))H ] is a monotonically decreasing function of Ay (o).

Moreover, if MR combining V,,;, = ﬂmk is applied in the first layer, we can compute expectations in

#Q) in closed-form as following theorem.

Theorem 4. With MR combining V ,,;, = H,., and the optimal LSFD scheme applied, we can compute
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E{GE 1, Azpt, and EZf’(tz) in closed-form as Theorem[2l Moreover, we have Ty, = E{G{iAlE;é)AlHle} e
CN*N where the (i,n)-th element of Ty, is tr(A;Gyypi) with Ay = AlEl_é)AlH and the [(m — 1) N +
p, (m' — 1) N + p']-th (or [0, j]-th briefly) entry of Gigni = E{glk’ngg@} € CMNXMN peing

p

0, 1 ¢Pr,m#*m

tr(Rkaf{%’), 1 ¢ Pr,m=m

E{gun8ikitoj = { tr(E")te(BY), 1€ Ppm#£m!

o (RyPIE 1)) + 72 SN S0 o (B, RUGREBYY )

+7; Zé\i:l Zg:l tr (f’gﬂ,(z)ﬁ:ﬁ) tr (Pfﬁ,(z)ﬁ%)a L€ Py,m=m
(42)

— o —1 1 — R -1 1 R —1
where Z,,;, = TpRmkaH,p\IlmkFl,ple’ Skl = TpRm’lFlI,{p\Ilm/le,pRm’k, S = leFlI,{p\Ilml’ Pmlk,(l) =
TSt (Pt — Tpfk,pRmkng)Sgl and P, 2) = Smle,pRmkfgpS£l. Plugging the derived results into

t .
@Q), we can compute F," (2) in closed-form as

K —1
F e = Hi(2) (Z 1, Tur, + M(z)IN) Zy A (43)
=1

Proof: The proof is given in Appendix [H [ ]
Furthermore, an iterative optimization algorithm for Fy, ,, (o) is summarized in Algorithm 2l The con-

vergence of Algorithm [2 is proven in [30, Theorem 3].
Remark 4. Relying on the iterative minimization of weighted MSE, two efficient uplink I-WMMSE

precoding schemes to maximize the weighted sum SE are proposed. The I-WMMSE precoding schemes
for the “FCP” and “LSFD” schemes are investigated in Algorithm (Il and Algorithm 2] respectively. Note
that the design of I-WMMSE precoding scheme for the FCP/LSFD is based on instantaneous CSI/channel
statistics, respectively. More importantly, we can compute I-WMMSE precoding schemes in novel closed-
form only for the LSFD scheme with MR combining based on Theorm
IV. PRECODING IMPLEMENTATION AND COMPLEXITY ANALYSIS
In this section, we discuss the practical implementation and analyze computational complexity for the

UL precoding schemes investigated in Section

A. Precoding Implementation
1) Precoding Characteristics: As described above, we investigate a standard block fading model, where

the channel response is constant and frequency flat in a coherence block, which contains 7. channel
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Algorithm 2: -WMMSE Algorithm for the Design of F}, ,, (o)
Input: Channel statistics © for all possible pairs; UE weights ji; (2) for all UEs;

Output: Optimal precoding matrices Fy, , (o) for all UEs (F(Z for the first or third stopping
(i—

criterion and F

1 Initiation: : = 0, F( (2 and R(O Zk 1 Mk (2) SE for all UEs; maximum iteration number

I(2),max and threshold (2
2 repeat
3 t=1+1
4+ | Update channel statistics ©@, such as E{G\}, E{GUF""V(G)H} and S,
s | Update optimal LSFD matrix A\” with F(’ (12 and @0 based on (28);

6 | Update optimal MSE matrix Es)@) ith F(Z 13 A,(; and E{G } based on (3I)) and update

for the second stopplng Crlterlon)

W(i) .
k,(2)° . 4 4 ‘
7 | Update optimal precoding matrix Flgl,)u,(Z) with A,(j), Wlii)@) and ®) based on ({@Q), where
)\,(j)(’z) is found by a bisection algorithm'
8 Update sum weighted rate R Zk L My (2 )

o until |R() — R V|/RGY < 5(2 or R < R(2 > 1(2) mas

uses. For the “fully centralized processing” scheme, we notice that the -WMMSE precoding design is
implemented at the CPU based on the instantaneous CSI as (I8). Moreover, to guarantee the convergence
of Algorithm [I, only MMSE combining as (9)) is advocated to detect the UL data since the equivalent
relationship between EZ%’(tl) and SEZ%’(tl), which only satisfies with MMSE combining, should be guaranteed.
As for the LSFD scheme, the optimal design of FZ%,@) as (@0) can only be implemented at the CPU, but
relies only on channel statistics. Besides, L-MMSE or MR combining can be applied at each AP. When

MR combining is applied, all terms in Algorithm [2] can be computed in closed-form as Theorem 4l

2) Fronthaul Requirements: For the FCP scheme with the -'WMMSE precoding, in each coherence
block, all APs should relay their received signals to the CPU and the CPU requires precoding matrices
F. ., (1) feedback to all UEs. All APs need to send 7.M L complex scalars (7, M L complex scalars for the
pilot signals and (7, — 7,) M L complex scalars for the received data signals). Besides, the full correlation
matrices {R,,;} are available at the CPU, which contains M K L? N? /2 complex scalars for each realization
of the AP/UE locations/statistic. Moreover, the CPU transmits optimal precoding matrices to all UEs,
which are described by K N? complex scalars per coherence block. In summary, for the FCP scheme
with the 'WMMSE precoding implemented, total 7.M/ LN, + M KL?N?/2 + K N%N, complex scalars
are transmitted via fronthaul links for each realization of the AP/UE locations. For comparison, when

""Note that the channel statistics remain constant for each realization of the AP/UE locations and each realization of the AP/UE locations
contains N,- channel realizations (coherence blocks).
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the FCP scheme without the -WMMSE precoding is implemented, all APs should also transmit 7.M L
complex scalars for the received signals to the CPU in each coherence block and MK L?N?/2 complex
scalars for {R,,;} to the CPU for each realization of the AP/UE locations. So for the CFP scheme without
the 'WMMSE precoding, total 7.M LN, + MK L>N?/2 complex scalars are transmitted via fronthaul
links for each realization of the AP/UE locations.

As for the LSFD scheme with the -WMMSE precoding, all APs transmit their local data estimates
Xk, described by (7. —7,) M KN complex scalars, to the CPU per coherence block. Besides, E{Gyy} €
CMN*N = described by MK N? complex scalars for each realization of the AP/UE locations, are also
required at the CPU. As for E{GyF;, )GH} € CMV*MN following the formulation method investigated
in Appendix [E the optimization of F,, ) requires the knowledge of {E [Vgl’phmkmhg, k,sz’l,p’} }
described by M? K2N* /2 complex scalars for each realization of the AP/UE locations, where v,,;,, denotes
the p-th column of V,,;. Moreover, the CPU requires optimal precoding matrices Fy , 2) feedback to all
APs and UEs only for each realization of the AP/UE locations, which are K N? complex scalars. As for the
LSFD scheme without the FlWMMSE precoding, local data estimates X,,;, described by (7. — 7,) M K'N
complex scalars per coherence block, E{Gyy.}, described by M K N? complex scalars for each realization
of the AP/UE locations, and E{G G} € CMN*MN ' described by M2K?N?/2 complex scalars for each
realization of the AP/UE locations, are required. That is total (7. —7,) MKNN, + MKN?+ M?*K*N?/2
complex scalars transmitted via fronthaul links for each realization of the AP/UE locations.

3) Practical Implementation: Note that the basic motivation of the investigated [-WMMSE precoding
schemes is to achieve as good the sum uplink SE performance as possible so we ignore some practical
issues, which are vital for the realistic implementation of the investigated precoding schemes. When the
precoding schemes are implemented in practice, these realistic issues should be considered.

e Capacity-constrained fronthaul network

As discussed above, the -lWMMSE precoding require more fronthaul requirements than the case without
the -WMMSE precoding. It is quite vital to consider a more practical capacity-constrained fronthaul
network [38]. Moreover, the wireless fronthaul [39], which is more flexible than the conventional wire
fronthaul, would also be regarded as a promising solution to boost the practical implementation of the
I-WMMSE precoding.

e Scalability aspects with dynamic cooperation clusters

When the precoding schemes are implemented in practice, a more realistic network architecture with
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multiple CPUs and dynamic cooperation clusters should be advocated, where each UE is only served by
a cluster of APs (that a is user-centric cluster) and the APs are grouped into cell-centric clusters as shown
in Fig. [Il Note a user-centric cluster might consist of APs connecting with different CPUs. Based on the
signal processing schemes in [9]], [18]], the analytical framework in this paper can be implemented in a
scalable paradigm where the fronthaul requirements and computational complexity can be relieved with
an anticipated modest performance loss compared with canonical architecture. The I-WMMSE precoding
design with these two practical aspects is left in future work. To bring valuable technical insights for
the study of FlWMMSE precoding schemes with the DCC strategy and the capacity-constrained fronthaul
link, we provide two tutorials for the FCP and LSFD in Fig. [2| based on [9]], [10], [38].

Tutorial 1. The -WMMSE precoding for the FCP with the DCC strategy

Tutorial 2. The -WMMSE precoding for the LSFD with the DCC strategy and |
and the capacity-constrained fronthaul |

the capacity-constrained fronthaul

1: Joint initial access, pilot assignment, and cluster formation for the DCC 1: Joint initial access, pilot assignment, and cluster formation for the DCC topology

topology based on a classical algorithm in [9, Sec V. A] or a more efficient based on a classical algorithm in [9, Sec V. A] or a more efficient algorithm as [10,
Algorithm 1].

2: Each AP transmits the quantized versions of the local detection signals in (22) to the

algorithm as [10, Algorithm 1].

2: Each AP transmits the quantized versions of its received pilot signals and data
signals to the CPU based on Case 1 in [38] called "Quantized Estimate of the
Ch l and Q ized Signal Available at the CPU" as [38, eq. (11) ].

3: Based on Section III. A. (1), generate the DCC based processing scheme for

CPU based on Case 2 in [38] called "0 ized Weighted Signal Available at the CPU" i
as [38, eq. (20)]. ]
3: Based on Section III. B. (1), generate the DCC based processing scheme for the

the FCP (the receive combining and achievable SE computation) motivated by
[9, Sec V. B].

4: Based on Section III. A. (2), formulate the -'WMMSE precoding design
optimization problem with a capacity-constrained fronthaul motivated by [38,
eq. (24)] and [38, eq. (26)] .

5: Obtain the optimal precoding scheme based on potential methods.

LSFD (the local combining design, P-LSFD, and achievable SE computation) motivated |
by [10, Sec IL BJ.
4: Based on Section III. B. (2), formulate the I-WMMSE precoding design optimization |
problem with a capacity-constrained fronthaul motivated by [38, eq. (24)] and [38, eq. |
(26)]. ‘

5: Obtain the optimal precoding scheme based on potential methods.

Fig. 2. Two tutorials to investigate the I-WMMSE precoding schemes with the DCC strategy and the capacity-constrained fronthaul.

B. Complexity Analysis

In this subsection, we analyze the computational complexity of two precoding schemes investigated.
Since the bisection step for A (1),2); generally takes few iterations compared with other steps, we
ignore bisection steps for A, y(1),2); in the complexity analysis. For the fully centralized processing
scheme and each realization of the AP/UE locations, the per-iteration complexity of iterative optimiza-
tion is O (M?K?N°N,.). For the LSFD scheme and each realization of the AP/UE locations, the per-
iteration complexity of iterative optimization based on L-MMSE combining with the Monte-Carlo method,
MR combining with the Monte-Carlo method and MR combining with the closed-form expressions are
O (M?K?N3N,), O (M?K?*N3N, + M?KN?) and O (M?K?N°®), respectively. To further reduce the
computation complexity, it’s quite necessary to apply the asymptotic analysis method [40], [41] to compute

the terms, which cannot be computed in closed-form, in approximation results.
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TABLE 1
COMPARISON OF TWO PRECODING SCHEMES IN THIS PAPER. THE NUMBER OF COMPLEX SCALARS IS COMPUTED FOR EACH
REALIZATION OF THE AP/UE LOCATIONS. THE SUM SE IMPROVEMENT IS COMPUTED WITH M = 20, K =10, L =1 AND N = 4.

FCP LSFD
CSI Instantaneous CSI Statistical CSI
Detection scheme MMSE combining L-MMSE/MR combining + Optimal LSFD scheme

Number of complex scalars
sent from APs to the CPU T.MLN, + MKL?*N?/2 (e = Tp)MKNN, + MKN? + M?K?N*/2
with -WMMSE precoding

Number of complex scalars
sent from APs to the CPU T.MLN, + MKL?>N?/2 (te — 7p)MKNN, + MKN? + M?>K?*N?/2
without I-WMMSE precoding

Number of complex scalars

: 2
feedback sent from the CPU KN*N; KN

: 272 n3
Per-iteration computational L-MMSE: O (M?K?N®N,)

complexity O (MPK*N°N;) MR (Monte-Carlo): O (M2KN°N, + M*KN°)
MR (Analytical): O (M*K?*N°)
Sum SE improvement 28.93% L-MMSE: 46.74%

MR: 15.13%

V. NUMERICAL RESULTS

In this paper, a CF mMIMO system is investigated, where all APs and UEs are uniformly distributed in
a 1x1km? area with a wrap-around scheme [42]. The pathloss and shadow fading are modeled similarly as
[28]]. In practice, Uk v, Upni s and €2, are estimated through measurements [29]. However, we generate
them randomly in this paper, where the coupling matrix €2,,, consists of one strong transmit eigendirection
capturing dominant power [43. Besides, we have Fy, , = FIEOL)I (1@ = \/%IN. As for Algorithm [I]
and Algorithm balancing the convergence and accuracy, we assume that /(1) max = [(2)max = 20,
E(1) =€) = O X 107, and weights for all UEs are equal (kg (1) = Hr,2) = 1) without losing generality,
respectively. Moreover, we consider communication with 20 MHz bandwidth and ¢ = —94 dBm noise
power. All UEs transmit with 200 mW power constraint. Each coherence block contains 7. = 200 channel
uses and 7, = K N/2. Besides, a pilot assignment approach similar as that in [28] is investigated.

Figure [3] shows the cumulative distribution function (CDF) of the achievable sum SE over different
realizations of the AP/UE locations for two processing schemes investigated (we shortly call “full
centralized processing” as “FCP” in the following) over “I-WMMSE precoding” or “w/o precoding’
We notice that the FCP scheme undoubtedly achieves higher SE than that of the LSFD scheme since the

2In this paper, we choose one eigendirection capturing dominant channel power (randomly accounting for 80% ~ 95% of the total

channel power) and other eigendirections contain the remaining power.
B The “w/o precoding” scenario denotes that identity precoding matrices F kou,{(1),2)} = v/ 5&In are implemented without optimization.
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FCP with MMSE combining is a competitive scheme in CF mMIMO [5]. More importantly, the proposed
I-WMMSE schemes are efficient to improve the respective achievable sum SE performance, e.g., 12.78%,
19.54% and 28.13% sum SE improvement for the FCP, the LSFD with MR combining and the LSFD
with L-MMSE combining, respectively. Besides, for the LSFD scheme with MR combining, markers “o”
generated by analytical results overlap with the curves generated by simulations, respectively, validating
our derived closed-form expressions.

Figure M shows the achievable sum SE as a function of the number of antennas per AP with two
processing schemes investigated and different precoding scheme. We notice that, for the FCP or LSFD
with (L-)MMSE combining, the performance gap between the “I-WMMSE” and “w/o precoding” becomes
smaller with the increase of L, which implies that (L-)MMSE combining can use all antennas on each

“Note that the achievable sum SE investigated is the average sum SE value taken over many AP/UE locations.
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AP to suppress interference and achieve excellent SE performance even without any precoding scheme.
For instance, the performance gap between the “I-WMMSE” and “w/o precoding” for the LSFD with
L-MMSE combining is 46.74% and 6.17% over L = 1 and L = 6, respectively. Meanwhile, for the LSFD
with MR combining, the performance gap between the “I-WMMSE” and “w/o precoding” becomes large
with the increase of L, e.g. 15.13% and 25.48% for L = 1 and L = 6, respectively. Besides, for the
LSFD scheme with MR combining, markers “0J” generated by analytical results overlap with the curves
generated by simulations, respectively, validating our derived closed-form expressions.

To further show the advantage of the proposed I-WMMSE precoding schemes, Fig. [Sl shows the average
rat as a function of the number of antennas per UE. We find that the average rates for all schemes with
[-WMMSE precoding schemes grow with /N and the average rates for the case without UL precoding
may also suffer the degradation with the increase of N. The implementation of the lWMMSE precoding

'SNote that one main reason for the phenomenon that additional UE antennas may give rise to the SE degradation is that increasing N will
increase the channel estimation overhead and reduce the pre-log factor “(7. — 7p) /7.” in all SE expressions [26], [28]]. So we investigate
“the average rate” in Fig. B ignoring the effect of “(7. — ) /7"
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schemes undoubtedly makes UEs benefit from multiple antennas and achieve excellent rate performance.
Moreover, we observe that the [-lWMMSE precoding schemes perform more efficiently with a larger
number of UE antennas. For instance, the average rate improvements achieved by the F-lWMMSE precoding
for the LSFD with L-MMSE combining are 31.91% and 9.43% for N = 6 and N = 2, respectively.
However, the average SE (with scaling factor (7. — 7,,)/7.) with FZWMMSE precoding implemented may
also degrade with the increase of N as the Fig. 2 in [1] since, with the increase of NV, the prerequisite
of “mutually orthogonal pilot matrices” still requires huge channel uses for the pilot transmission and
the inter-user interference also increases. So the design of non-orthogonal pilot matrices and per-antenna
power control scheme are quite necessary, which are regarded as promising ways to reduce the cost of
pilot transmission and further improve the SE performance [44].

Figure [0 discusses the average SE with [-WMMSE precoding schemes against N over different 7.
Note that Fig. 3] can be viewed as a special case in Fig. [6] with the coherence block with infinite length
T. = 00. We observe that the average SE with -WMMSE precoding schemes increases with N over
T. = 500 or co, which means the SE performance can benefit from having additional UE antennas when
the coherence block resource is abundant.

Figure [/] investigates the average SE as a function of M for the LSFD scheme over different precoding
scheme. For MR combining, markers “00” generated by analytical results overlap with the curves
generated by simulations, respectively, validating our derived closed-form expressions again. Besides, the
I-WMMSE algorithm is more efficient to improve the SE performance for MR combining than that of
L-MMSE combining for the scenario over large L and M, e.g., 4.03% and 24.21% SE improvement for L-
MMSE combining and MR combining with M = 60, respectively, implying that the L-MMSE combining

!6The “WMMSE precoding” denotes the precoding schemes generated by the 'WMMSE algorithm with only single iteration.
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based on large L and M can achieve excellent SE performance even without any precoding scheme and
the proposed -WMMSE precoding scheme is handy to mitigate the weakness of MR combinin.

Figure [8] considers the average SE as a function of N over the i.i.d. and the Weichselberger Rayleigh
fading channel. As observed, the proposed I-WMMSE precoding schemes are more efficient over the
Weichselberger Rayleigh fading channel. For instance, 24.89% and 9.77% average SE improvement can
be achieved when N = 6 over the “Weichselberger” scenario for the LSFD scheme with MR combining
and the FCP scheme, respectively, but only 0.29% and 6.63% average SE improvement can be achieved
for “LL.D. Rayleigh channel”. Moreover, compared with Fig. [5] we notice that the lWMMSE precoding
scheme for the FCP scheme is more efficient in the highly loaded system (the scenario in Fig. [5) where
the number of total AP-antennas is comparable with the number of total UE-antennas.

Figure (9 illustrates the convergence behavior of the -lWMMSE algorithms for the FCP scheme and
the LSFD scheme with L-MMSE/MR combining. Note the convergence example in Fig. [0 (a) for the
FCP is given by a particular channel realization and the convergence example for the LSFD in Fig. [9 (b)
is given by a particular realization of the AP/UE locations. Note that the algorithms investigated can be
guaranteed to converge and are efficient to achieve excellent sum SE performance. Besides, Fig. [0l (b) for
the LSFD scheme with MR combining validates our derived closed-form expressions in Algorithm

Figure [10l investigates the total number of complex scalars sent via the fronthaul per channel use against
7. for each realization of the AP/UE locations. As observed, total number of complex scalars per channel
use for the FCP/LSFD scheme becomes smaller/larger, which can also be easily found from Table [IL
Besides, the LSFD scheme requires more fronthaul signaling than the FCP scheme since APs under the
LSFD scheme need to transmit all received data signals to the CPU, which requires a huge fronthaul load.
More importantly, with the increase of 7, the gap between “I-WMMSE precoding” and “W/O precoding”
becomes smaller for either the FCP scheme or the LSFD scheme. Considering the SE performance
improvement of the I-WMMSE precoding, additional fronthaul loads can be acceptable, especially when
the coherence resource is abundant. Although the computational complexity of Algorithm [1| for the FCP
scheme is much higher than that of Algorithm [2| for the LSFD scheme, the FCP scheme needs much
less fronthaul signaling than that of the LSFD scheme and can achieve better SE performance. So two
processing schemes and their respective precoding schemes can be chosen based on different requirements.

MR combining is a simple combining scheme but cannot efficiently suppress the interference.
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VI. CONCLUSION

We consider a CF mMIMO system with both APs and UEs equipped with multiple antennas over
the Weichselberger Rayleigh fading channel. The FCP scheme and LSFD scheme are implemented. To
further improve the sum SE performance, efficient UL precoding schemes based on iteratively WMMSE
algorithms are investigated to maximize weighted sum SE for the two processing schemes. Note that we
compute achievable SE expressions and optimal precoding schemes in novel closed-form for the LSFD
scheme with MR combining. Numerical results show that the investigated -WMMSE precoding schemes
are efficient to achieve excellent sum SE performance. More importantly, it can be seen that the proposed
I-WMMSE precoding schemes are more efficient with a larger number of UE antennas, which means
the -WMMSE precoding schemes can achieve excellent performance even with a large number of UE
antennas. The derived results undoubtedly provides vital insights for the practical implementation of multi-
antenna UEs in CF mMIMO systems. In future work, we will investigate the design of UL precoding
scheme for the phase of pilot transmission and consider the practical implementation of the investigated
I-WMMSE precoding schemes with capacity-constrained fronthaul network and dynamic cooperation
clusters. Moreover, the non-orthogonal pilot matrix design will also be considered to further improve the
performance for the CF mMIMO system with multi-antenna UEs. Last but not least, the UL precoding
performance over a more practical Rician fading channel with phase-shifts will also be analyzed.

APPENDIX A

SOME USEFUL LEMMAS

Lemma 1. Let X € CM*N pe a random matrix and Y is a deterministic M x M matrix. The (n,i)-th

element of E {XHYX} is tr (Y -E {XZX,?}) where x; and x,, are the i-th and n-th column of X.

Lemma 2. For matrices A € CN>NM B ¢ CM*N:) C e CN*M) and D € CM*M, we have
(A+BCD)'=A"'-A"'B (DAT'B + C_l)_1 DA™Y, which is a well-known matrix inversion lemma
[36, Lemma B.3].

APPENDIX B

PROOF COROLLARY [3]

Since the CPU is only aware of channel statistics, we need to treat E{ Gy } F. , as the true deterministic

K
channel and rewrite X in 23) as X, = E{Gyx} FruXe+(GriFrnw — E{Gir} Fru) Xx + Z GuFux + nj,
I=1,I#k

- -
'

v
where v is a complex circular symmetric noise with an invertible covariance matrix E;, = E{vv|@} =
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ZlKlE{leFk JFILGHY - E{Gkk}Fk uF "E{G[,} + 0°S;. Firstly, we whiten the noise as E, xk =

=, E {Gir} Fruxi + V, where v = ._k V becomes white. Next, we project =, xk in the direction of

[I]

E {Gir} Fiu to obtain an effective scalar channel as

1

_1 H
(Ek 2E {Gkk} Fk,u) Ek 2x (E {Gkk} Fk u)H H_lE {Gkk} Fk uxk + (E {Gkk} Fk u) .:];1V. (44)

Based on theories of optimal receivers [37], we derive optimal LSFD matrix A= E;lE {Gip}F g as

-1
=1

Moreover, based on the the standard results of matrix derivation in [45], we can easily obtain the LSFD

matrix minimizing the conditional MSE for UE k& MSE,(CZ) = tr(E,(f)) as

K 1
Ay = (Z E{GuF., .G} + 028k> E{Gir} Fr - (46)

=1
We notice that the LSFD matrix in @3)) is equivalent to the LSFD matrix in (46]), except from having
another scaling matrix Iy — (C#B™'C +1 N)_1 CHB~'C on the right side, which would not affect the
value of @7), where B = Y1 | E{GyF}. JFILGH} 4 0°Sy and C = E{Gy}F} . So the LSFD matrix

in (#6) cannot maximize the achievable SE but minimize the MSE for UE k.

APPENDIX C

PROOF OT THEOREM [2]

In this part, we compute terms of in closed-form for the LSFD scheme with MR combining V ,,; =
H,,... For the first term Dy 2) = AFE{Gyi}Fu, we have E{Gy,} = [E{V{iH ;. }; .. E{VY, Hux}] =
z7. ..., 27,17 & Z;, where Z,;, = E{VZ H,,} = E{H? H,,,} € C"*V and the (n,n')-th el-
ement of Z,,; can be denoted as [Zx]nn = E{flﬁknﬁmkn/} = tr(Rﬁ{,’j) So we derive the closed-
form for Dy (o) as Dy 2)c = AJZyFy,. As for the second term S, € CMV*MN we have S; =
diag(E{VEV .}, ... .E{VE, Viy}) = diag(Zy, ..., Zuyy). For E{GyF;.GE}, we notice that the
(m,m’)-submatrix of E{GF; .G} is E{VZ H,,F, . HZ, V, .}

Based on [28], we compute E{mGHmlFl,uHﬁ,lefk} for four possible AP-UE combinations. For
“m % m/,l ¢ Py, we have E{VZ H,,F;, HZ V, ,} = 0 for the independence between V,,; and
H,,.. For “m # m/,1 € P,”, we have E{VH H,,F, ,HY, V. } = E{VE H,}F E{HL V,,} =

At Fi oAk, where the (n, n')-th element of N x N-dimension complex matrices A, = E{VZ H,,},
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A = B{HE, Vo1 } are [Apualnw = E{hZ, B} = tr(E27) and [Apilne = E{hE, By} =
tr(Enn) with Z £ E{h, b} = 7R FIEL @ Fy R, Sy 2 E{hyi b} = 7R FE W0 Fy Ry
For “m = m/,l ¢ P,”, we define kaz £ E{VZ H,,F,,HIV,.} € CV*N with the (n,n)-th element
[F;}Lkz] ZZ 1 Z =1 [Fr o] lE{hmk niml ahlh zhmk,n’} being

N N N N
- Z Z Flu zztr E {hml z’hyHnlz} E{hmk n’hmk n} - ZZ Flu 14 ztr Z ZL,]ZL) (47)

i=1 ¢/=1 i=1 i'=1

since ﬂmk and H,,, are independent. Finally, for “m = m/,l € P,”, ﬂmk and H,,; are no longer inde-
pendent. We define I‘(Q)l £ E{VE H,,F, ,HEV,.} € CV*Y whose (n,n')-th element is [I‘gil]m/ =
va L Z]Y L [Fy u]iriE{hﬁk ahm, +hi, thk w }. We follow the similar method in [28] and derive

O = S0 S0, [Fraluste (RGP (472 S50 S0 [Fuliftr (P, o REEREPIE )]+
2 quzl qu:l [Fl,u]i/itr(PZiZl @ RY q2)tr(PZ,‘ﬁ qul) where P,4,1) = 7S (P —7, Fy, pleFl,p)Sﬁk,
S, 2 Rmk]?‘gplll;}f and Pmkl’(g) = SmkFl,pleFLpSmk, respectively. Besides, le and Pmkl @) denote
(n,i)-submatrix of Rflnl and Pikl,@)’ respectively.

In summary, combining all the cases, we have E{GMFLHGZ} = Th,1) + Tri2) if [ € Pr and Ty ()
otherwise, where Ty 1y 2 diag(T};), ..., [yy) € CMY*XMN and Tyt = ry — 1y, ifm=m
and AmleLuAm/lk otherwise. Plugging the derived results into (28]) and (31), we can easily compute the
optimal LSFD coefficient matrix and MSE matrix in closed-form as (34). So we have finished the proof
of Theorem [2l For more details on the derived expression, please refer to [28, Appendix D].

APPENDIX D

PROOF OF THEOREM [1]

When other optimization variables are fixed, we derive the partial derivative of w.I.t F,(:l)l as

8f (Fl,u,(l) FK u,(
OF w1

Z iy (BEVIWL 0 VI + B {BEVIW, 0 VI VW) 4+ 00T

- Nk,(l)Hk IVIWL ).
(48)

8f(F1,u,(1) 7777 FK,u,(l))
OF (1)

By applying the first-order optimality condition and setting = 0, we can easily obtain
the optimal precoding scheme. Besides, A; (1) and F}, ,, (1) should also satisfy KKT condition as ({19).

As for Cy, £ E{HIV,W, ) VITH,|V, W} € C¥*¥, by applying Lemma [I} the (i, n)-th element of
Cy is tr(ViE{hy,,hf’;}) where V; £ VW, )V and hy,, = [b],,,...,hT;, |7 € CML is the n-th

column of Hy. Finally, we derive C,,; = E{flknfl{jl} = diag (C}i,...,Cn, ) € CMIXML gince flmkn
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and flm/k,n for m # m’ are independent and both have zero mean. So Cy,; is a block-diagonal matrix

with the square matrices C}j = E{hy,,hff },..., C3, = E{hyy,,hii, } on the diagonal.
APPENDIX E
PROOF OF ([13)

For the LSFD scheme, the conditional MSE matrix for UE k can be written as (26). Based on [28,
Appendix C], we prove that (28) can also minimize MSE, (o) = tr (Ek’(g)). With 28) implemented, E;, (5

is given by (BI). Then, by applying Lemma 2, we have

-1
~1
(EZI,)(;)) = Iy + Fily o E {Gp} (ZE{leFlu Gt —E{Gu} FruoE {G.} +0°S )

=1

X E{Gii} Fru 2

where A £ 1y, B £ —F} E{G}}},C £ (35, E{GuF . Gfi}+0?S,) ™ and D £ E{G}Fy. 2),

respectively. We show the equivalence between SEk (2 and log, |(E°p(t )~!| without a factor (1 —7,/7.).

APPENDIX F

PROOF OF THEOREM [4]

When MR combining V,,;, = H,,. and the optimal LSFD scheme applied, we can easily compute
E{GHE}, A", and Ezp@ in closed-form as Theorem 2l Furthermore, by applying Lemmal [T} the (i, n)-th
entry of Ty, = E{G/ AlEl @ A'Gy} € CVN can be denoted as tr(A;E{gy g/l }), where A, =S
AlEl_’( A and gy, € CMY is the n-th column of Gy. Note that the (m — 1) N + p-th element of
i is D B, so the [(m — 1) N + p, (m' — 1) N + p/]th (or [o, j]-th briefly) entry of Gy 2
E{gikngii} € CYV*MN can be denoted as E{h/ L p Pk L th/z o}, which can be computed for four
AP-UE combinations as Theorem [2l

For “l ¢ Py, m # m'”, we have E{ﬁglphmknhH,m ’lp} = 0. For “l € Py,m # m'>, we have
D g tr(R7, RP?). For “l ¢ Py, m = m”, we have O O s
E{h, o E{hE, By} = tr(E )te(ER,,), where B, = 7R FIL U F R,y and B,y =

TR By Rk, For “1 € Py, m = m'”, we obtain E{h!, h, b2, by} = tr(REPEP )+
7';3 qu—l qu—l tr(P%’k ,(2) anzquZan[l]li ,(2) ) + Tg 22\1:1 22\2;1 tr(P%lrL ,(2) anql> (an(l]li ,(2) RqQZ)v where
St = Ry FILU 1 P ) = Tpsml(\yml—fpﬁk pRmkFgfp)sHl and P12y = Sy F pRot FESH, with

R, and Pmkl  being (n, 7)-submatrix of R2 2 and p: mii,(2)> Tespectively. We can compute E{ikn8ik ;i toi

in closed-form as (@2)) and sz

w(2) 1D closed-form as (43)).
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