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Abstract

In cell-free massive multiple-input multiple-output systems, a large number of distrib-
uted wireless access points (AP) simultaneously serve a number of user equipments
(UEs). This setup has recently been introduced as a promising alternative for the current
5G cellular networks. The setup has the ability to offer a good quality of service, espe-
cially for the UEs on the cell edges, be it that there is still a need for low-complexity
signal processing algorithms. In this paper, the problem of optimal power allocation
combined with uplink receive combining and downlink transmit precoding is tackled
by providing efficient distributed MMSE-based algorithms. The necessary fronthaul
communications to estimate the combining/precoding vectors and the necessary
large-scale channel statistics are reduced to a minimum and rely on in-network sum-
mation that can be accomplished whenever the APs can be arranged into a tree-
topology. Non-weighted max-sum and max—min are used as utilities for the power
allocation, but the algorithms are not limited to these cases. Simulations show that the
proposed algorithms outperform heuristic power allocation methods, both in uplink
and downlink.

Keywords: Cell-free massive MIMO (CFMMIMO), Uplink receive combining, downlink
transmit precoding, Optimal power allocation, distributed processing, Minimum-mean-
squared-error (MMSE)

1 Introduction

‘multiple-input multiple-output’ (MIMO) technology plays an important role in pre-
sent-day wireless communication standards and networks. It uses multiple antennas
to transmit and receive multiple data signals simultaneously over one and the same
radio channel and hence increase spectral efficiency. Massive MIMO (mMIMO) sys-
tems use a large(r) number of antennas, to reap additional benefits in rich scatter-
ing environments. While mMIMO was initially viewed as a promising concept for
future cellular wireless communication networks, it already became a reality in 2018

with commercial deployment in several countries [1]. The signal processing methods
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Fig. 1 Comparison of a cellular massive MIMO system (left) with a CFmMIMO system (right). In a CFmMIMO
system, a large number of APs with multiple antennas are connected to a NC, serving a large number of UEs
in the coverage area

required to achieve large spectral efficiency gains compared to conventional multi-
user MIMO systems [2] are available and well understood [3]. The spectral efficiency
gains associated with mMIMO emerge from the higher spatial resolution, its robust-
ness against small-scale fading due to the so-called ‘channel hardening’ effect, and its
ability to suppress interference even with imperfect channel state information (CSI).

One of the major shortcomings of current cellular wireless communication net-
works, where a user equipment (UE) is served only by the access point (AP) of the cell
it resides in, is that UEs on the cell edges experience a low channel gain to their serv-
ing AP and a high interference power from nearby cells. Current uplink (UL) receive
combining and downlink (DL) transmit precoding algorithms do not effectively miti-
gate such interference. To address this issue, the concept of cell-free massive MIMO
(CFmMIMO) [4-6] has been proposed as a promising alternative for the current 5G
cellular networks. In CFmMIMO systems a large number of APs are connected to a
network center (NC) and cooperate via a fronthaul network to serve a large number
of UEs in the network simultaneously as shown in Fig. 1. The joint operation of the
APs then allows for implementing interference-rejecting combining and precoding
algorithms effective for all UEs in the network. CFmMIMO thus effectively eliminates
cell borders while still reusing the network layout as rolled out previously, which
offers the potential to spectacularly increase performance as compared to current cel-
lular mMIMO systems.

CFmMIMO has its roots in works on distributed MIMO [7, 8] and coordinated
multipoint [9, 10], but with the distinction that a UE can be served by several APs,
instead of only by the one AP serving the cell in which the UE is located and that
the transmission is coordinated by a NC. To allow for a scalable and low-complex-
ity implementation, CFmMIMO has to operate under the following constraints [6]:
(a) the time division duplex (TDD) protocol is used, exploiting channel reciprocity
between UL and DL; (b) UL channel estimates are computed locally at each AP and
will be used only locally, which means that they are not directly communicated to the
NC over the fronthaul links; (c) combining/precoding vectors are computed locally at
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the APs and not at the NC; (d) the fronthaul network is only used to send data sym-
bols and the necessary channel statistics to perform centralized data decisions.

1.1 Related works

The authors in [4, 11] proposed to use maximum ratio combining and conjugate beam-
forming for UL and DL data transmission in CFmMIMO systems, presented closed-
form expressions for the spectral efficiency in UL and DL for each UE and formulated
max—min power control algorithms, which were shown to outperform a cellular setup.
However, using more complicated combining and precoding algorithms combined
with heuristic power allocation methods [5, 6, 10, 12, 13], are shown to lead to higher
throughputs. Optimal UL power allocation and receive combining was investigated in
[14, 15] using minimum-mean-squared error (MMSE) processing by formulating the
original max—min signal-to-interference-plus-noise ratio problem for the optimization
of combining vectors at a central point (like the NC). Unfortunately centralized compu-
tations increase the fronthaul communication and are not complying with the scalable
characteristics of CFmMIMO systems as defined before. Optimal DL power allocation
was considered in [5] combined with zero-forcing transmit precoding: although the
gains were significant, the zero-forcing transmit precoding again requires a fully cen-
tralized computation with significant fronthaul communications. In [16], optimal power
allocation algorithms for local partial zero-forcing were proposed as a scalable coun-
terpart and showed to achieve a performance close to the performance of zero-forcing
transmit precoding and the centralized regularized zero-forcing transmit precoding,
which is a benchmark in DL transmit precoding and can be related to MMSE combin-
ing in the UL via UL/DL duality [17, 18]. In [19], a max sum SE problem in an uplink
CFmMIMO system was also investigated. Artificial neural networks were used, with the
UE positions as input and the power control policy as the output. An UL CFmMIMO
system with limited fronthaul was taken into consideration in [20], where zero-forcing
was employed locally to heuristically estimate the max sum SE power control scheme.
For single antenna APs, a deep neural network-based power allocation method was pro-
posed in [21].

1.2 Contributions

The missing point in the research field is the fact that (optimal) MMSE-based combin-
ing/precoding in its original form can only be performed at the NC if all antenna signals
are transmitted to it, which implies a large fronthaul communication overhead. Oth-
erwise, heuristic combining/precoding schemes can be used at the APs, reducing the
fronthaul communication overhead strongly, but optimal performance can no longer be
guaranteed. The same can be stated for the UL and DL power allocation. Therefore, in
this paper an MMSE-based distributed UL receive combing and power allocation algo-
rithm (D-UL-RCPA) and DL transmit precoding and power allocation algorithm (D-DL-
TPPA) are presented that are scalable and yet attain this optimal performance. The
combining/precoding vectors are computed only at the APs, such that the computation
are distributed over the network and are not only performed by the NC. The necessary
fronthaul communications to estimate the combining/precoding vectors and the nec-

essary large-scale channel statistics are reduced to a minimum and rely on in-network
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summation that can be accomplished whenever the APs can be arranged into a tree-
topology. The reduction in fronthaul communications is especially large when the total
number of antennas in the network is larger than the total number of UEs.

The algorithms are derived based on general lower bounds of the system achievable
rate, taking into account the effect of channel estimation errors. Non-weighted max-sum
and max—min are used as utilities for the power allocation, but the algorithms are not
limited to these cases. The former power allocation strategy maximizes the proposed
lower bound for the total system sum rate, while the latter, targeting fairness across
users, maximizes the minimum spectral efficiency lower bound across all the UEs. Simu-
lations show that the proposed algorithms outperform heuristic power allocation meth-
ods, both in UL and DL.

1.3 Paper outline and notation

The paper is organized as follows. The signal model is presented in Sect. 2. In Sect. 3 an
optimal UL receive combining and power allocation strategy is developed and an effi-
cient distributed algorithm for a CFmMIMO system is presented, A similar algorithm
is developed in Sect. 4 for DL transmit precoding and power allocation, using UL/DL
duality. Some further considerations about the power allocation strategies and network
topologies are presented in Sect. 5. The performance of the proposed algorithms is
numerically evaluated and compared in Sect. 6. Conclusions and further research direc-
tions are provided in Sect. 7.

Superscripts.” and ./ are used to denote the transpose and conjugate transpose opera-
tion. Bold lower case letters b = [b; ... bx]T are used to denote complex vectors and
bold upper case letters are used to represent complex matrices A = [a; ... ag]. Iy is
the N x N identity matrix and 0 denotes an all zeros vectors whose dimensions are clear
from the context. The multi-variate circularly symmetric complex Gaussian distribution
with correlation matrix R is denoted by A'C(0,R), diag{ay, . ..,ax} is used to denote a
diagonal matrix with a;,...,ax on its diagonal and Blkdiag{Aj,..., Ak} is used for a
block-diagonal matrix with the square matrices Ay, ..., Ax on the diagonal. Finally ||.||
and E{.} denote the Euclidean norm and expected value operator respectively.

2 Signal model

Consider a CFmMIMO system consisting of K single-antenna UEs and L APs, each hav-
ing N antennas and local processing capabilities, that are randomly deployed over the
coverage area. The APs are connected to a NC via a fronthaul network. This setup allows
for coherent transmission and reception of data to and from the UEs. In the CFmMIMO
literature [5, 22] it is often assumed that the number of antennas NL is much larger than
the number of UEs K and that both L and K are large.

The time-frequency resources are divided into coherence blocks of 7. samples during
which the channels are assumed to remain constant [18]. APs and UEs operate using a
TDD protocol and a channel coherence interval is divided into three phases: UL chan-
nel estimation, UL data transmission and DL data transmission. These phases consist of
Tp, Tu and 74 samples respectively, such that 7. = 7, + 7y + 74. Since the TDD protocol is
used, the UL channel and the DL channel are assumed to be each other’s conjugate due
to channel reciprocity, so that indeed only UL channel estimation has to be performed.
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Fig. 2 Schematic overview of the signal model with the used symbols

The channel from UE k to AP /is given by hy; € CV and the channel from UE k to all the
APs is denoted by hy = [h,f1 . h,{L]T € CNL, The channels hy; are assumed to remain
constant during a coherence block and drawn from an independent correlated Rayleigh
fading realization N'C(0, Ry;) in each coherence block.! Ry; € CN*N s the positive semi-
definite spatial correlation matrix describing the large-scale fading, including geometric
pathloss, shadowing, antenna gains, and spatial channel correlation [24]. The large-scale
fading is assumed to remain constant over different coherence blocks. The Gaussian
distribution models the small-scale fading. Due to the spatial distribution of the APs
in the network, the channel vectors of different APs are independently distributed, i.e.
E {hklthn} = Onxn for [ # n, such that channel estimation can be performed indepen-
dently at each AP. A schematic overview of the signal model is provided in Fig. 2.

2.1 UL channel estimation

In the UL channel estimation phase, the UEs send UL pilots to allow for simultane-
ous channel estimation at the APs. There are 7, mutually orthogonal pilot signals
{¢1,...,¢1,} € C™ of 7, samples, normalized to have unit power. This implies that qﬁiH o;
is equal to 7p if i = j and 0 otherwise. Each UE is assigned to a pilot signal when it gains
access to the network (see [4, 17] for pilot assignment protocols). As K is often much
larger than 7, the same pilot signal will be assigned to multiple UEs, leading to pilot
contamination and the associated negative effects on the channel estimation [3, 25, 26].

The received signal yfﬂOt € CNX% at AP [ is given as:

K

pilot pilot H pilot

YO =D VP gy +nj (1)
k=1

where p,[:l °is the pilot transmit power of UE k and n}’ll(’t € CN*% is thermal noise.

Let S¢ C {1,...,K} denote the subset of UEs assigned to the same pilot signal ¢; for
t € {1,...,1p}. After despreading, i.e. multiplying the signal coherently with ¢;/||¢:|l, the

. . ilot
received signal ysl “ecCN

pilot pilot pilot
Yo = Z Voopi hy+ny, (2)

ieS;

at AP /is given as

! One can consider the more general Rician fading channel [23], but this is not considered here for simplicity.
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where the thermal noise ntl ' for each pilot signal ¢ is distributed as N'C(0, jollflt ).

Assuming that AP [ is aware of the local large-scale fading correlation matrix Ry; (see
e.g., [27-30] for correlation matrix estimation methods) of all the UEs, the MMSE esti-
mate of hy; for k € S; is

~ ilot — ilot
hy =1/ rppzlo Rkl\Ilﬂlwa (3)

where

lot_ pilot,H lot
‘I’tl:E{Yslo Yoo } ZTPPPIOR +Rg;l:?,t (4)

€Sy

The MMSE estimate flkl of hy is an unbiased estimate with estimation error
hy = hy — hy. The distribution of both random variables is given by

~ NC(0, 7} Ry W, Rt ), (5)

. B
hy ~ NC (0» Ry — 1opp OtRkl'I’ﬂlel) £ NC(,Cp). (6)

It is noted that the N x N matrices \/rpp}: OtRkZ\II 4 and Cy can be precomputed for
complexity reduction at AP k, since they only depend on the channel statistics, which are
changing slowly throughout the communication.’

2.2 UL data transmission

In the UL data transmission phase, the received signal yUL € CN at AP [is given by
K
=D hwsi+ = His + )t )
k=1

where s; € C is the signal transmitted by UE k with UL transmit power
pr = E{ssff} and nft € CN ~ NC(0,R
ponent, including thermal antenna noise and quantization noise during UL trans-
CNXK g —=Ts1 ... sk]¥ e RK and

p=I[p1 ... px]T € CK are the concatenation of the channels from all the UEs to

nan) is an additive Gaussian noise com-

mission. Furthermore, H; =[hy; ... hg] €

AP [, the signals transmitted by all the UEs and the UL transmit powers respectively.

ULT ULTIT - CoNL
oy 1M eC

Stacking the received signals of all APs in y = [y, as well

as the noise components in nY' = [nULT ngL’T] e CNL ~ NC(0, RUL) where
RUL — Blkdiag{RH}Ln e RHLLnL }, results in the network-wide signal model:
y"' = Hs + nt (8)

withH=T[h; ... hg] = []—[1F HE]T € CNLxK

% Changes are due to UE mobility or new scheduling decisions, but these channel statistics changes are typically 50
times slower than the small scale fading statistics changes, so are assumed negligible for several coherence blocks.
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In network-wide UL receive combining the signal s is estimated by linearly combining
the received signal yY* with a combining vector v; € CNL, i.e. § = v,];[ yUL. Note that this
linear combining can be performed in the network if AP [ selects the local combining
vector vig € CN in vi = [v,?1 e v,?L]T and computes the local estimate v,Zyl. The NC

then estimates s; by combining the local estimates as:

L

s H UL _ _H Hy oo 4 H UL

Sk = E VY, =V hgsi + E vihisi +viin™, (9)
=1 i#k

The goal is then to choose the combining vector vy that provides a good estimate §;, but
where the APs use only local CSI. A popular choice in CFmMIMO literature is max-
imum-ratio (MR) combing with vy = flkl [4, 31, 32]. An alternative heuristic scheme,
which performs generally better but requires more processing power of the AP is local
MMSE combining [6]. Network-wide UL power allocation algorithms for MR combin-
ing can be found in [14, 15, 22]. In this paper, network-wide MMSE combining [17]
and associated power allocation algorithms will be considered, requiring typically net-
work-wide CSI. However this paper shows that if a limited number of parameters can
be exchanged between the NC and the APs, this network-wide MMSE combining and
associated power allocation can still be obtained locally at each AP.

2.3 DL data transmission
In the DL data transmission phase, the received signal y,l()L at UE k is given by

L K
= S S A
=1 i=1 (10)
= Wi/t + YW wi /it + npt
i#k

where ¢ € C is the signal transmitted to UE k with unit DL transmit power, py is the
network-wide DL transmit power allocated to UE k, VIEL ~NC (O, sz 'DL) is an additive

Gaussian noise component, wy = [w,?1 .. .w;fL]T € CM s the concatenation of the pre-
coding vectors used for UE k. Also denote the DL transmit powers as
p=I[p1 ... ,oK]T € RX and the predocing matrix as W = [w; ... wk] € CNLxK, Again
the selection of the precoding vector should only depend on local CSI for CFEmMIMO.
The most popular choice is MR precoding with

by ”
VE{lIhg!12)

DL power allocation algorithms for different local precoding schemes can be found

Wi =

in [4, 5, 33]. In this paper, network-wide MMSE precoding [34] and associated power
allocation algorithms will be considered, requiring typically network-wide CSI. How-
ever this paper shows that using a similar approach as for UL data transmission, this
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network-wide MMSE precoding and associated power allocation can still be obtained
locally at each AP.

3 UL receive combing and power allocation

3.1 UL receive combining

A standard lower bound for the ergodic capacity of the UL data transmission for UE k
can be obtained by rewriting (9) using the estimated channels as

Sk = VlllelkSk + V]I:Iflksk + ZV]];[(IAIL + fli)si + VanUL

= (12)
and is given by the achievable UL spectral efficiency (SE) [24, 35]

SEVL = %E{logz <1 n SINREL'i““)} [bits/s/Hz] (13)
with the instantaneous effective signal-to-interference-and-noise ratio SINRkUL'inSt given
as

,4‘91<|V/1<{1A1k|2 (14)

- 2 )
Zi#kp,'|v,f1hi|2 + i1 PivE Covie + vE R L vy

where C; = Blkdiag{C;1,...,C;r}. The expectation is with respect to the different chan-
nel realizations.

The UL SE is valid for any combining vector vi. In this paper optimal receive com-
bining is considered and it can be seen from expression (13) that the optimal instan-
taneous combining vector can be obtained by maximizing the generalized Rayleigh
quotient in the instantaneous SINR in (14). The optimal combining vector is unique
up to a scalar multiplication, and so to make the solution unique, the solution that
minimizes the mean-squared error Ef|s; — §k|2|l:I} is chosen. The MMSE combining
vector for UE k is then given by

K -1
V}:AMSE = Pk (ﬁPHH + Zpici + REJ;) hy (15)

i=1

with P = diag{py, ..., px}as shown in [27].
The following theorem shows that the MMSE combining vectors for UEs
k=1...K, ie., the combining matrix VMMSE _ [vi\AMSE,..., }}AMSE], can be com-

puted in a way that allows for an efficient distributed implementation.

Theorem 3.1 The MMSE combining matrix VMMSE can be written as

X1
Xy
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K -1
X, = (Zpkckl + R}fﬁl,) H;. (18)

k=1

Proof See “Appendix 1”01

In [27], the network-wide distributed MMSE receive combining (N-DRC) algorithm
is proposed based on the computation of the MMSE combining vectors in Theorem 3.1.
The algorithm can be summarized in the following steps for each coherence block:

1 Each AP [ estimates H; and computes X; as in (18) and Xfl:ll. It transmits the com-
bined signals x; = Xf{ leL and the parameters X;{ H; to the NC.

2 The available links in the network are used efficiently such that the NC obtains the
in-network sums x = Zle x;and XTH = ZIL=1 Xfl:ll.

3 The NC uses X/'H to compute U =[u; ... ug] as in (17) and computes the esti-
mates Sy as ufx for all UEs.

Some important advantages of this distributed algorithm compared to a centralized
algorithm, i.e. when each AP serves as a receiver that directly transmits its received sig-
nals to the NC, are repeated here:

+ The NC only has to invert a K x K matrix in (17) instead of the LN x LN matrix in
(15). However, this requires that each AP inverts an N x N matrix to compute X;,
where the necessary local matrices can be precomputed and kept fixed as long as the
transmit powers p remain unchanged.

« Ifthe in-network sums in step 2 are computed efficiently exploiting the available net-
work topology, this will reduce the network signaling strongly compared to the trans-
mission of all NL signals.

+ The method is also robust against link failures: if the data (x; and Xfl H,) from a cer-
tain AP [ is not received as a term in the in-network sums, the obtained estimate will
still be optimal for a network setup with AP / removed.

It is important to note that the MMSE combining vectors depend on the UL trans-
mit powers, the noise statistics and the channel estimation I:I, which in turn depends
on the pilot transmit powers, the pilot assignment strategy and the large-scale statis-
tics. The UL SE in (13) is as a consequence also influenced by these parameters. In the

Page 9 of 31
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following subsection a way to improve this achievable bound is provided, based on

power allocation.

3.2 UL power allocation preliminaries
With UL power allocation® the UL transmit powers p are set to maximize some utility
function for some UL receive combining strategy. The problem can be formulated math-

ematically as:

max U(SEl, ey SE[()
peP (19)
st. SEx = SE(p,vk(p)) Vk

where, for instance, (13) is used for SE; and P is a convex region of allowed UL transmit
powers p for the UEs, e.g. corresponding to a total power constraint or a per UE power
constraint. The utility function is assumed to be (quasi-)concave and nondecreasing. In
this paper, two specific utility functions are considered, but the proposed algorithm is
not limited to these cases. The channel hardening makes power allocation different in
CFmMIMO systems compared to single-antenna systems. While the combining vec-
tors v will be adopted depending on small-scale variations of the channels, p will only
be adopted to large-scale variations to effectively compute the expectations in e.g. (13).
Since the expected value operation in the expression for the SE in (13) contains the log-
arithm, finding the optimal power allocation is difficult due to the non-trivial relation
between p and the SEEL’l(p, vi). Therefore a different SE formulation will be considered
for the UL power allocation, which is obtained under the assumption of channel hard-
ening®. For this, only the part of the desired signal received over the average channel
E {v,]j h} is treated as the true desired signal, i.e.

Sk = E{V/]jhk }Sk + (Vlljhk — E{V/]jhk})sk
+ Z thisi + v,f[n. (20)
ik

This results in a deterministic channel under uncorrelated interference and noise for
which the following SE (also referred to as the use-and-then-forget bound [24]) can be
derived:

SEVL? = %“ log, (1 + SINREL'Z) [bits/s/Hz] (21)
C

where

| E{vi e}
ZfilpiE{fohif} — pi E{vE [ +E{|an|2}

(22)

% The pilot transmit powers are assumed to remain fixed. The estimation of the quantities Cy and ﬁk is thus not depend-
ing on the assigned UL transmit powers. Joint pilot and UL transmit power allocation methods can be found in [36, 37],
but are not considered here.

* When the number of antennas per AP is large, the effective channels to the desired UEs are almost deterministic after
combining/precoding, although the channel responses are random. This phenomenon is called channel hardening and

vi'hy E(vihy) .
k k K
can be expressed as —g— — —— if NL — oc.
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Table 1 Overview of used symbols for power allocation

Symbol Meaning Place of
computation

Vi E(v/'hy) NC
Ui Efvh?) NC
& EQv/Cvy) NC
Vi E{v/RuL v} NC
e Evive) NC
& E{v]iCivia} AP
v} E{v/RY Vi) AP
1) E{vlivi) AP

defines the signal-to-interference-and-noise ratio SINRkUL'Z. The expectations are with
respect to the different channel realizations. The expression is in theory only depending
on the large-scale fading.

It is intuitively clear that the SEEL’2 is a less tight lower bound for the ergodic capacity
than the achievable lower bound given by SEEL’I, since the channel estimates are not uti-

lized in the signal estimation, i.e.
UL,1 UL,2
SE; "' > SE; . (23)

However, simulations in [24, Sect. 4.2] show that the bound is still tight for LN > 1, i.e.
when channel hardening has its effect. The bound is also tight for a deterministic chan-
nel, i.e. when only 1 channel realization is used to compute the expectations over the
channel realizations. The simulations also show that the bound is tight for any combin-
ing scheme, but that using the MMSE combining vector leads to a tighter bound than
any other multiple of this MMSE combining vector, e.g. when a constraint vy Hhy = 1is
used in each coherence block.

Since closed form expressions for the expectations in (22) are difficult to derive for the
optimal MMSE combining vector (15),” the next theorem provides a way to estimate the
expectations without having access to the true channels H.

Theorem 3.2 If the combining vector vy is independent of the instantaneous channel
estimation error {hy vk and also independent of the instantaneous UL noise n", then the
expectations can be computed without knowledge of the true channel H:

E{vfhe} =y, (24)

L
2
E{ vi'hy| } =v + &K = v + Zf?/ﬁp (25)

=1

° There are closed form expressions available in [15, 38] when the number of antennas in the network grows to infinity,
but these do not allow for an efficient distributed computation.
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L
2
E{ i } == Vi (26)
=1

The right-hand side symbols are defined in Table 1 and these only depend on the channel
estimates and the large-scale statistics {Cy }yx and R}I%

Proof See “Appendix 2” O
The requirements for Theorem 3.2 are valid for the MMSE combining vector (15), as
VIE/[MSE only depends on the instantaneous channel estimates H and the fixed matrices
{Clvi and R}
The (ergodic) statistics in Table 1 can be estimated using (recursive) time-averaging
at the NC or in a distributed way using in-network sums for &; and vy, if each AP [ has

access to the transformation matrix U, since vi; = X;uy.

3.3 UL receive combining and power allocation
To be able to perform the power allocation problem (19) with SE(p, vi(p)) defined as
SEEL’2 in (21), the following alternating optimization method is proposed.

1 Seti < 0and initialize p° randomly such that p° € P.
2 Determine the combining matrix Vi*1 for each coherence block that maximizes:

m\;/lx U(SE4,...,SEg)

. (27)
st. SEx = SEZ2 (', vi) VK

for fixed transmit powers p’. Since the relation between SEEL’Z(pi, vi) and v is non-
trivial, (23) is used to obtain a tractable optimization problem:

m\a;lx U(SE4,...,SEg)

| | 28
st SEx = SE{™ (9, vi) (= SE{™ (91, wi) ) VK. 29

Due to the nondecreasing function U (SE;, . .., SEk), this is equivalent to maximiz-
ing SINREL’irISt in (14) for each k in each coherence block. The solution is thus given
by (15) and (16).

3 Determine the optimal transmit powers p’*! that maximize:

max U(SEq,...,SEk)
peP

st. SEx=SE{™ (pvi!) vk

Page 12 of 31
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4 Seti <— i+ 1and return to step 2.

To following theorem is relevant to determine the convergence of the proposed alternat-
ing optimization method.

Theorem 3.3 Suppose that f(X1,X2) is continuously differentiable over a closed convex
set X = X1 x Xy. Furthermore, suppose that for each x! € X, the maximizations

xi+1 = arg max f (zl, xlz) (30)
zleXl
and
xéﬂ = arg max f (xi“, zz) (31)
ZyEX)

are uniquely attained. Let {x'} be the sequence generated from a random initial point
x° € X using the above equations. Then every limit point of {x'} is a stationary point of

maxxex f (X).

Proof The proof is a simplification of the proof in [39, Sect. 2.7] for block coordinate
descent methods. Only two blocks are considered here and the maximizations in the
theorem need to be replaced with a minimization of —f(x) to obtain the same result. []

Although not fully applicable to the proposed alternating optimization method, this
theorem can still be used to show that the alternating optimization method converges
to a stationary point of (19) when the number of antennas NL goes to infinity. In that
case, the bound (23) is tight, i.e. SEkUL'1 ~ SEEL'2 and this implies that step 3 of the
alternating optimization method is optimizing (19) for a fixed p’. The maximum in
optimization problems (27) is uniquely attained whenever U is nondecreasing, so it
still needs to be checked if a unique solution to (29) can be found for the given utility
function.

Based on this, a distributed UL receive combining and power allocation algorithm
(D-UL-RCPA) is proposed in Algorithm 1, where the (16)—(18) is used in each coher-

E]L(JL,Z P, Vli(“) are gathered over B coherence

ence block and the statistics to determine S
blocks before a better power allocation is computed. If the channel statistics {Rgs}vx
remain constant and the necessary large-scale statistics are estimated without estima-
tion error, i.e. B — 00, one can see that the proposed algorithm is basically performing
the alternating optimization method with (27)—(28). It exhibits the same convergence
behavior in that case. For a finite window B the large-scale statistics for the power allo-
cation step are only obtained approximately but the algorithm will still provide a good
performance compared to other methods as will be shown in the simulations sections.
Simulations show also that p is not changing much after 3 iterations if the large-scale
statistics remain constant, demonstrating the good tracking performance of the pro-

posed algorithm.
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Algorithm 1 also has the advantages listed in Sect. 3.1: The NC only has to deal with
K x K matrices, the communications over the fronthaul network can be done effi-
ciently using in-network sums and the algorithm is robust against link failures. The
extra communication of U and the parameters {£y;, Vi }vk,; are only necessary for the
power allocation step, so whenever the performance of the estimation task at hand is
sufficient, these steps can be removed to save network resources. Furthermore, it can
be seen as an adaptive algorithm, since is adapts to slow changes in the channel statis-

tics over time.

Algorithm 1: Distributed UL MMSE-based receive combining and

power allocation (D-UL-RCPA)

1 Initialize p € P.
2 for each coherence block in {1, ..., B} do

1

3

end

3 The NC gathers the large-scale statistics &xi, v Vk, 4 (using in-network sums).
4 The NC solves power allocation problem (28) to obtain new values for p. Examples op

- Each AP [ estimates I:IL locally and computes X;

K —1
X, = (Zpkckl +R3anl> H,. (32)

k=1

- Each AP [ transmits the parameters X{'H, € C**¥
and the transformed signals x; = X7 y'" € C¥ for all
received signals in the coherence block to the NC.
The network is used to perform in-network sums to
obtain

L L
X = ZXL, XHH = Z XZHI:Il (33)
=1 =1

- The NC computes U using (17) and broadcasts U to
all APs.
- The NC estimates the UL signals as

3 =ufx Vk. (34)
- The NC updates the large-scale statistics as

Y& Yk + éuﬁ’ X"hy, vk, (35)

Ui — Ui + é|u,?XHf1i\2 Vk, i. (36)
Each AP [ updates the local large-scale statistics as

€ Gt SulXPCu X ki, (37)

Vb vk + %u{j X/ Ror, Xiue k. (38)

optimization algorithms will be provided in Subsection 5.1.

5 The NC transmits the new values for p to all APs and pi to UE k Vk.

6 Reset vy, Uki, &L, VL Vk, 4,1 and return to step 2.

Page 14 of 31
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4 DL transmit precoding and power allocation

4.1 DL power allocation preliminaries

When a precoding vector wy is used to encode data for UE £, the desired signal is received
at UE k propagates with a gain of th wg. The UE k does not know this gain a priori, but it

can estimate its mean value E {th wg }, which is a common approach in massive MIMO sys-
tems. The received DL signal can then be expressed as

R = E{dlwi} e + (hiwi — E{bi'wi }) /ot

+ Z thWz\/ECL + }’IEL. (39)
ik

Here E {th wy } represents a deterministic channel and the other terms represent uncor-
related interference and noise. The following achievable SE can then be obtained using
the hardening bound [4, 5, 24]:

SEPL? — %d log, (1 + SINR}?L) [bits/s/Hz] (40)
C

with SINR,]()L given as

ol E{wihy }|?
S BE(IWTh 2} — or | Efwi iy )2 + o 2P0

(41)

Here the assumption E{||wi||?} = 1is not implied, while this is the case in [4, 5, 24]. The
total transmit power allocated to UE k is still given by pxE{||w||?}, which is no longer
only determined by py, but is also influenced by the statistics of E{||w|]?}.
The DL power allocation problem with a per AP total power constraint, is finally for-
mulated as
max U(SE4q,..., SEx)
0=0
st. SEx =SE"*(p,W(p)) VK,

4
P (42)
> pkmk <P VI
k=1
with P! the maximum transmit power of AP / and
,U,i = E{WZWH}. (43)

4.2 UL-DL duality

Instead of solving the primal problem (42) directly, it is proposed to solve the dual prob-
lem using a dual subgradient descent procedure. The dual problem to (42) can be found
by introducing L dual variables 0 = [o7 ... or]¥ for the L power constraints and an
extra common dual variable / resulting in

. £DL ,W, V,ﬂ.
L AL (44)
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where the Lagrangian LDL (p, W,a", ) is given as

L K
U(SED™, .. SER™) =AY o <Z prttk — Pf) . (45)

=1 k=1

For some specific cases with deterministic channels (e.g. [40, 41]), it is possible to show
that the duality gap between the primal and dual problem is zero, so that solving the
dual problem will result in a primal optimal solution. Unfortunately this is not the case
for the general CFmMMIMO DL power allocation problem in (42), so convergence to a
global optimum can not be guaranteed. However, the proposed algorithm will provide
an efficient way of obtaining a set of locally optimal DL power allocation and precoding
vectors.

To be able to find the optimal precoding strategy for W, a change of variables is intro-
duced. SEEL’2 in (42) is replaced with the expression for the SE of a virtual UL network
SEEL’V = P log,(1+ SINR}(JL‘V), depending on the newly introduced variables p”, which
will replace the DL transmit powers p. The virtual UL network SINR,EL’V depends on p’, W
and o and is defined as:

PIE{wihe} [
. .
S P E{ Wil - gy E{wEn P+, ot (46)
—_————

Vk

In order to show that this results in the same allowed region for SE , it can be shown
that any set of DL SEs {SE}?L'Z}W< obtained with specific DL transmit powers p > 0 can
also be obtained as UL SEs {SEEL’V}Vk with specific virtual transmit powers p” > 0 and
visa versa. Equating the virtual UL SE expression SEEL’V with the DL SE expression SE}?L'Z
for all UEs, as done in expression (47),

L
o Bl T (ZPE’E{IthiQ}JrPZ(E{IWH =B {w hk}2)+ZaZ’uk> =

itk =1

PRIE v ] (Z piB{ w0} + p(B{wi b =TETw e ) + ai’DL) vk,

i#k
(47)

result in the following relation between the UL and DL transmit powers:

p=(M@p",W, a”))fldiag{alz'DL, ce GI%DL}pV (48)
with

2
S kaE{|w,1("[hi} } +v  ifk =i
Ml = 7 (49)

—pZE{\lehk\z} if k # i.

The matrix M is real-valued with positive diagonal elements and non-positive off-diago-
nal elements, and is column diagonally dominant. Therefore, M is an M-matrix [42]. As
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M-matrices are inverse positive, it is clear that for each p” > 0, solving (48) will yield DL
transmit powers p > 0. Similar results can be shown for the inverse relation, where p” is
computed from p.

Summing all left- and right-hand sides of (47) for all UEs, results in the following relation
between the virtual UL transmit powers and DL transmit powers:

Z Pi Z o) uj, = ZPZ%Z oL (50)
k=1 =1

As such the dual problem (44) can be written as

£ (p', W, 6",
LRI S 6D

where the Lagrangian LY (p", W, ¢, /) is given as

L
U(SE}IL’V EUL WV (Zpkol ,DL Z lePI{) . (52)
=1

If the expressions for estimating the statistics in Theorem 3.2 are used in (46) and the
expectations are replaced by immediate channel estimations, an expression for the vir-
tual instantaneous SINREL'V’lnSt is obtained as

phiwihy|?

(53)
Zz;ékpt |wk h | + Zz lpzwk C iWk +w/];1R‘l‘j‘]{vwk

with RUL" = Blkdiag{o}Iy,...,0}In}. Again the optimal value for wy that maximizes
this Rayleigh quotient is given by a closed form formula similar to (15), but with p and
RUYL replaced by p” and RVL",

This instantaneous expression for SINREL’V’"‘St can again be used to define a SEEL’V'1 as

SEVL! —E{logz (1 + SINRVM" ‘”St) } [bits/s/Hz] (54)

which provides as before a tight upper bound for the virtual SEEL’V, ie.:
SEZ™ < SEM! (55)

and this bound is tight for LN > 1.
Taking the equivalence defined above into account, the combined DL transmit precod-
ing and power allocation problem can be formulated as

L
min  max U(SEy,... SEK)—)(ZpV 2.DL quf)
k=1 =1

o">0p">0
W

A>0 (56)

s.t. SEx = SE." (p¥, Wi, 6¥) < SE™"! (p", wi, 0¥) VK

with the optimal value for p defined using (48).
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4.3 DL transmit precoding and power allocation

Since the dual problems (56) is convex in ¢, it can be solved via a subgradient projec-
tion algorithm, where the subgradient for ¢” can be found using the proposed UL-DL
duality. A subgradient can be derived from (45) as

K
(@) (Pi -3 pz(aV)E{w;;%V)w;l(aV)}) (57)
k=1

where p*(0%),A*(6”) and W?*(¢") are the optimal solutions of min;>g
max,>o,w L£PY(p, W,6") and can also be obtained using the optimal solutions of
min;>o mMax,>o,w LYYV (p”, W,06") and using (48) to obtain p*(¢"). By inspecting
min;>o MaxXpy>0,wW LULv (p”, W, a"), it can be shown that this is the dual problem of the
following virtual UL problem:

max  U(SEYM,.. SEY)
p’'>0,W

K L
s.t. Zp,‘:az’DL < Z ol"P,f.
k=1 =1

The optimal solutions for p* (") and W*(¢") can alternatively be found from this virtual
UL problem, which is a particular instance of problem (19) and can thus be solved using
Algorithm 1.

However, as computing the required maximization for (57) in the CFmMIMO
setup will require multiple iterations of Algorithm 1 over different coherence
blocks, this will result in a slow tracking speed. Therefore, it is proposed to use
the solutions after one iteration of the alternating optimization method to update
the dual variables. Also all the subgradients (57) are scaled with a common fac-
tor 2*(¢"), which can be compensated by the stepsize, so its computation can be
avoided. The simulations in Sect. 6 will show that the convergence behavior is not
affected.

The proposed algorithm to solve the DL transmit precoding and power allocation
problem can thus be summarized as follows:

1. Seti — 0and initialize p*° > 0,0"° > 0 randomly

2. Determine the precoding matrix Wi+ for each coherence block that maximizes:

max U(SEy,...,SEx)
A\ 4

. . 59
s.t. SEk=SE}(JL"”1<pV",W/<,0V") vk (59)

for a fixed transmit power p*/ and o by using the virtual quantities in the MMSE-

expression (15) or (16).

v,i+1

3. Determine the optimal transmit powers p that maximizes:
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max U(SEy,...,SEk)
p'=0

st. SEi = SE/EJL'V (p",w,i“,av"') vk
K L
2,DL !
S stot < e
k=1 =1

and compute p'*! using (48).
4. Update the dual variables with stepsize ¢; using the current estimate for the subgradi-

ent:

K
o/t = max (ali —t; <Pf - Z p,i“u,lf“) ,0) vi. (61)

k=1

5. Seti < i+ 1and return to step 2.

Algorithm 2 presents the corresponding distributed DL tranmsit beamforming and
power allocation algorithm (DL-D-DTTP). Algorithm 2 also has the advantages of
Algorithm 1, since the communications over the fronthaul network and the local
computations are similar. The introduction of the dual variables ¢ and the virtual
uplink network allows to make abstraction of the DL transmit power constraints
in (44) and transforms them into a virtual noise source using RUL". The virtual
uplink problem has only one constraint related to the virtual uplink powers and can
then be efficiently solved using Algorithm 1. The dual subgradient method is used
to update the dual variables, which can be done efficiently and locally at each AP,
without requiring the transmission of the transmit precoder W; = X;U to the other
APs or NC.

It is possible for an AP to include additional constraints on its antenna powers.
Examples are per-antenna power constraints or per-cluster constraints when an
AP is a concatenation of different antenna arrays with local power amplifiers. The
proposed algorithm can be extended by introducing an additional dual variable
oy, for each additional constraint locally at AP / and redefining v,l( asy ,, crl‘,’mv,l(’m
where the sum is over all the local constraints and v,l(’m is the measured power rel-
evant for the m-th constraint. The dual variable update can be extended in a simi-
lar way. The virtual noise correlation matrix RH,]B,V in (62) should then include the
extra dual variables on the corresponding positions. The introduction of the addi-
tional constraints at an AP increases the computational load of an AP, but not of
the NC.°

© Note that the per-AP power constraint will only hold upon convergence of the subgradient algorithm. Therefore, it

may be necessary to rescale the DL transmit powers locally at each AP / such that Zf:w Pkl ;1,2 < P! before transmitting
the DL signal. This will not influence the convergence of the algorithm.
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Algorithm 2: Distributed DL MMSE-based transmit precoding and

power allocation (D-DL-DTPA)
6]

1 Initialize p¥, 0¥ and p randomly

2 for each coherence block in {1, ..., B} do

1 - Each AP [ obtains a local estimate of H; and
computes X; as

K -1
X, = (Zp}gckz +a;’IN> H,. (62)

k=1

- Each AP [ transmits the parameters XZHI:II e ChxK
to the NC.

2 The network is used to perform in-network sums to
obtain

L
X"H=> X{'H,. (63)
=1

3 - The NC computes U using (17) and broadcasts U to
all APs.

- The NC updates the large-scale statistics as
1 .
Ve 4= gk + ur X hy vk, (64)
1 R
Ui — Ui + E|u,§X”hi\2 Yk, i. (65)
4 - Each AP [ transmits the DL signal
K
Z Xiug \/[Tkﬁk (66)
k=1
- Each AP [ updates the large-scale statistics

1
[ Eufxffcux,uk vk, i (67)

1
uﬁc — uﬁc + EukHXFqu;c Vk, (68)

vk o b Vk. (69)

end

3 The NC gathers the large-scale statistics &, Uk, Zle alPtl for all UEs k, ¢ (using
in-network sums).

4 The NC solves power allocation problem (60) for fixed precoding vectors to obtain new
values for p” and find the new value for p using (48).

5 The NC transmits the new values for p”, p to all APs.

6 Each AP [ performs a dual update as in (61)

7 Reset i, vL;, Eri, VL VE, 0,1 and return to step 2.

5 Further considerations

5.1 Examples of power allocation strategies

In this subsection, two different utility functions are introduced, which will be used for
the simulations in Sect. 6. It is repeated that the requirements are that the utility func-
tion is monotonically nondecreasing in each argument SE; and that the power allocation
problem in (29) and (60) have a unique maximum that can be obtained. The details of

Page 20 of 31
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the algorithms used to obtain the optimal solution for (29) and (60) can be found in the
provide references.

The first utility function is the non-weighted max-sum SE, which represents the total
number of bits per second that are transmitted without considering how these bits are
assigned between the UEs. The max-sum SE problem can be expressed as

K
U(SE;,...,SEx) = Z SEg. (70)
k=1

Note that the above problem is usually not convex in p or p for given combining/pre-
coding matrices Vitl Witl and, hence, it is hard to obtain the optimal solution [43].
There exist global optimization methods [44, 45], but their computational complexity is
unsuitable for real-time applications. A pragmatic solution is to instead settle for a local
optimum. Common approaches for finding a local optimum to the max-sum SE prob-
lem are the weighted MMSE method [46] or successive convex optimization [47], which
result in iterative algorithms. Schemes using machine learning can potentially find bet-
ter solutions [20, 21], but require some off-line training and will not provide guaranteed
convergence to the optimal solution. Therefore, successive convex optimization [47] will
be used for the simulations in Sect. 6.

The max-sum SE intrinsically provides a higher SE for users with good channel condi-
tions, while leaving users with worse channel conditions at a disadvantage. Therefore the
goal of the second utility function is to provide uniform fairness for all users. The aim of
the non-weighted max—min SE fairness is to maximize the minimum SE among all the
UEs in the network:

U(SE4,...,SEx) = mkm SEy. (71)

Since the SE of UE k is an increasing function of the effective SINRVM? or SINRVLY
respectively, maximizing the minimum SE is the same as maximizing the minimum
effective SINR among all the UEs. This quasi-concave problem can be solved using the
epigraph trick [48] combined with a bisection method [4, 5, 47, 49] or using fixed-point
algorithms [50]. Since all these algorithms converge to a global maximum, the methods
in [5] is chosen for the simulations in Sect. 6.

Other utility functions that result in convex optimization problems for fixed combin-
ing/precoding matrices V™1, WiT1 [44], are for example the weighted geometric mean
I SE}:”( and the weighted harmonic mean (3_; wi/SEx) ™! for some positive weights
{witvk.

5.2 Network topologies

The proposed algorithms have been described as if the network has a tree topol-
ogy, where all the APs are connected and the NC is the root node. However, they are
applicable to any network topology since selecting a tree topology is always possible
whenever all the APs are connected [51]. The tree topology allows for an efficient way
of computing the required in-network sums in D-UL-RCPA and D-DL-TPPA by start-
ing from the leaf nodes and summing up all the required data when moving towards
the root node. Therefore, many current technologies like radio-stripes [52], very large
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Table 2 Number of complex scalars communicated over each fronthaul link (either from AP to NC
or from NC to AP) during B coherence blocks

Channel UL signal estimation UL power DL data transmission DL power
estimation allocation allocation
Network-wide SEPAand  Bt,NL Bty NL - B(zyK + NL) -
DTPA
D-UL-SEPA and D-DL- - B(t,K + K?) K2+ K Bt K + K2 K2+ K
DTPA

Table 3 Key parameters of considered simulation setup, based on [17]

Parameter Value

Network area T kmx 1 km

Number of APs L=50

Number of antennas per AP N=24.2816
Frounthaul communication gain O(%) 0(2),0(4),0(8),0(16)
Bandwidth 20 MHz

Noise model RUL = o2y, UkZ,DL — o2 Vk
Noise power 02 = —94dBm
Maximum UL transmit power 100 mW

Maximum DL transmit power P: = 1000 mW

Samples per coherence block . = 200

Channel gain at 1 km — 140.6dB

Pathloss exponent 367

Height difference between AP and UE 10m

Standard deviation of shadow fading 4

Number of coherence block B =100

Number of Monte Carlo simulations 50

aperture mMIMO [53], distributed mMIMO [54], etc. can be used to realize the pro-
posed algorithms.

Table 2 provides an overview of the required communications in one iteration i of the
proposed algorithms compared to a network-wide setup, where each AP merely trans-
mits its received signals to the NC. Note that quantities like Xf[ H; are Hermitian sym-
metric, so only transmitting the upper blockdiagonal part suffices. The big advantage of
the proposed algorithms is that the training signals do not need to be transmitted to the
NC and that only K signals are broadcast over the different links instead of NL. Therefore
the gain in fronthaul communication can be expressed as (9(%). Another advantage of
the proposed algorithms is that the required large-scale statistics Ry; have to be available
only at AP / and that the processing requirement of the NC is relaxed, i.e. it only has to
invert K x K matrices instead of NL x NL matrices.

6 Numerical simulations

Numerical simulations are used in this section to demonstrate the performance and
convergence properties of the proposed algorithms. The parameters used for the setup
are presented in Table 3. The propagation model in [24, Sec. 4.1.3] with spatially cor-
related fading is used. 7, = 190 and tq4 = 190 are used respectively when evaluating
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Fig. 3 Different UL SE for MMSE combining with fixed UE transmit power

the SE expressions for UL and DL. A per UE transmit power constraint is used for UL
power allocation and a per AP transmit power constraint for DL power allocation. The
presented figures and tables are the results averaged over 50 Monte Carlo simulations.
The APs and UEs are distributed uniformly at random over the area with a wrap-around
technique to determine the shortest distance between a UE and the APs in each Monte
Carlo simulation. B = 100 channel realizations are used to estimate the expectations and
to estimate the large-scale statistic of Table 1.

6.1 Numerical simulations UL

6.1.1 Estimation method

The first UL simulations are conducted to investigate the validity of Theorem 3.2 and the
tightness of (23). This is done for a scenario where all UEs are transmitting with maxi-
mum power pi = 100 mWVk and MMSE-based combining is used. The results for dif-
ferent numbers of antennas per AP are shown in Fig. 3.

SE}(JL’2 and the SE,EJL’2 (true), which is the result obtained when the true channel is used
in the expectation, are almost perfectly overlapping for all the considered setups. This
shows that when a sufficiently large number of samples are used to estimate the quanti-
ties of Theorem 3.2, the required assumptions hold for the MMSE-based combining vec-
tor. Here B = 100 samples are used for the expectations, so this provides already a good
estimate of the average channel statistics.

Regarding the tightness of the bound in (23) which can be observed by comparing
SE}(JL’1 and the SE}(JL’Z, it can be observed that SE}(JL’2 is always a lower bound for SEELJ,
but this bound becomes tighter as the number of antennas per AP increases. For the
setup with N = 16, there is almost no difference between the different SEs, which vali-
dates the assumption of equality in the proposed algorithms.

6.1.2 Convergence behavior
To investigate the convergence behavior of D-UL-RCPA, the utility function over differ-
ent iterations is plotted in Fig. 4, both for max-sum and max—min power allocation. The



Van Rompaey and Moonen J Wireless Com Network ~ (2023) 2023:48 Page 24 of 31

500

400} i
& -
I N—16
N = — §RUL1
200 | A
- SE[ L,2
100[) 1 2 3 4 5
8
6l g
=
=
‘g — QUL
NG o | —sEu
-- GEUL2

0 1 2 3 4 5
iterations

Fig. 4 Convergence behavior onfﬂ SEx and ming SE, for D-UL-RCPA over different iterations with max-sum
(upper figure) and max-min (lower figure) power allocation and a per UE transmit power constraint

iterations are started from a random feasible power allocation p0 > 0. The results are
plotted for both SEEL’1 and SE}(‘TL’2 and for different numbers of antennas.

As expected, both ZlesE,gL’l and Zle SE}(JL’2 for max-sum power allocation and

E,EJL’1 and miny SEEL’2 for max—min power allocation are monotonically increas-

mingS
ing and reach an equilibrium point after 3 iterations for each setup. This is even the case
for the max-sum power allocation, although the power allocation problem is here only
solved to local optimality. The fast convergence and significant performance improve-

ment are desirable properties of D-UL-RCPA.

6.1.3 Performance

The performance of the combining vectors and power allocation obtained after conver-
gence of D-UL-RCPA is compared with heuristic distributed combining methods,
namely MR combining and Local MMSE (LMMSE) combining. In MR combining, the
local combining vector is chosen as vy = flkl for UE k at AP /. In LMMSE, the combin-
ing vector is chosen to minimize the local MMSE criterion E{]|sy — vﬂyﬂ |2|1:[1} and is

given as vy = pi (I:IIPI:[f + Zf:lpicil + R}fll;ll)ilﬁkl, The optimal power allocation
for both combining schemes is chosen similar as in D-UL-RCPA, but with U fixed to an
identity matrix Ix. The optimal power allocation for MR combining is then found in one
iteration, since vy is independent of p. For LMMSE combining this will result in an iter-
ative algorithm, but convergence is here also observed after 3 iterations. The cumulative
distribution function (CDF) of the UL SE per UE is provided in Fig. 5 for 3 kinds of
power allocation: uniform power allocation (where each UE transmits with maximal
power), max-sum and max—min power allocations and for setups with either N = 4
antennas per AP or N = 16 antennas per AP. The values of the utility function compared
to uniform power allocation are given in Table 4 for max-sum and Table 5 for max—min
power allocation.

It is clear that the proposed power allocation algorithm improves the utility function
for all the presented receive combining methods. MR combining requires no inversion,
but its performance is always inferior to LMMSE combining. Even though LMMSE
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Fig.5 UL SE of SEY"'(-) and SEY? (- -) for different combining schemes with uniform, max-sum and max—
min power allocation

Table 4 Y°F_SE, after convergence of D-UL-RCPA (uniform power allocation | max-sum power

allocation)
L=50,N=8,K=50 L=50,N=16,K=50 L=100,N=28,K=50
SEUL,Z SEUL,1 SEUL,Z SEUL,1 SEUL,Z SEUL,1
MR 425|551 - 82.0[104.1 - 89.2|121.3 -
LMMSE 122.3]129.3 127.7]135.0 184.7|1197.4 187.0[199.7 195.51206.6 198.3|209.7
MMSE 248.0[285.2 257712954 371.61417.8 375.0[421.2 389.01441.3 393.4/447.0

Table 5 min,SE, after convergence of D-UL-RCPA (uniform power allocation | max-min power

allocation)
L=50,N=8,K=50 L=50,N=16,K=50 L=100,N=8,K=50
SEUL,Z SEUL,1 SEUL,Z SEUL,1 SEUL,Z SEUL,1
MR 0.0/0.8 - 0014 - 0.0[1.6 -
LMMSE 0723 0724 2034 21134 2237 23[3.7
MMSE 12/40 13]40 32/64 32/64 3570 35)7.1

combining requires an inversion of an N x N matrix in each coherence block at each AP,
while for MMSE-based combining this inversion only has to be performed after B coher-
ence blocks at an AP /, its performance is always inferior to MMSE-based combining.

6.2 Numerical simulations DL
6.2.1 Convergence behavior
D-DL-TPPA is run for 40 iterations using a stepsize of t; = min(1, 10/7) and initialized
with virtual UL powers pZ’O = 100 mW Vk and a random feasible DL power allocation
0° > 0. The utility function over different iterations is plotted in Fig. 6, both for max-
sum and max—min power allocation. To verify if the constraints in all the APs are satis-
fied, the maximal constraint variation max; Zle pkE{waZ } is shown in Fig. 7 over
the different iterations. The per AP transmit power constraints are satisfied when this is
below 1000 mW.

While difficult the observe in Fig. 6, the utility function is no longer monotoni-
cally increasing since the proposed method is based on a dual subgradient projection
algorithm. However, the objective remains approximately constant after 4 iterations.
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different iterations with max-sum and max-min power allocation and a per AP transmit power constraint

Looking at the constraint violation in Fig. 7, it can be observed that only for N = 4, 8,16
and max-sum power allocation convergence is reached after 40 iterations. For N = 2
is fluctuating around 1100 mW, probably because the APs have a lower degree of free-
dom (fewer antennas) so need more iterations with smaller stepsizes to converge. The
constraint violations for max—min power allocation are converging very slowly, which is
typical for dual subgradient methods. However, as will be shown in the next subsection,
the performance after 40 iterations is still superior even when the DL transmit powers

are normalized to satisfy the constraints.

6.2.2 Performance

Finally, the performance of the precoding vectors and power allocation obtained after 40
iterations of D-DL-TPPA is again compared to MR precoding and LMMSE precoding.
To make sure that the per AP transmit power constraint is not violated during the evalu-
ation, the DL transmit powers are normalized at the APs where this constraint is vio-
lated. The heuristic power allocation method proposed in [17] is used to determine the
DL transmit powers for full power transmission. The cumulative distribution function
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Table 6 S"f_SEP-? after convergence of D-DL-TPPA (full power transmission | max-sum power

allocation)
L=50,N=8,K=50 L=50,N=16,K=50 L=100,N=8,K=50
MR 59.8|65.7 1113|1242 1244|1450
LMMSE 1 624O|1 28.0 297,2|1 974 325.9\21 6.3
MMSE 214.3|278.0 336.0|412.5 369.7.0\453.2

Table 7 min,SEPY? after convergence of D-DL-TPPA (full power transmission | max-min power

allocation)

L=50,N=8,K=50 L=50,N=16,K=50 L=50,N
=16,K
=50

MR 04[0.8 09|14 10015
LMMSE 0.4\2.4 1.4\3.5 1.6|3.9
MMSE 0.9]4.0 2665 28)7.2

(CDF) of the DL SE per UE are provided in Fig. 8 for 3 different power allocations: full
power transmission, max-sum and max—minpower allocation, and for setups with either
N = 4 antennas per AP or N = 16 antennas per AP. The values of the utility function
compared to full power transmission are given in Table 6 for max-sum and Table 7 for
max—min power allocation.

Similar observations as for the UL simulations can be made concerning the perfor-
mance of D-DL-TPPA. The proposed power allocation algorithm improves the utility
function for all the presented precoding methods, MR combining requires less compu-
tational effort, but its performance is inferior and MMSE-based combining outperforms
LMMSE combining.

7 Conclusion

This paper has presented distributed MMSE-based receive combining, transmit beam-
forming and power allocation strategies for both UL as well as DL data transmission in
CFmMIMO systems. The necessary fronthaul communications to estimate the combin-
ing/precoding vectors and the necessary large-scale channel statistics are reduced to a
minimum and rely on in-network summation that can be accomplished whenever the
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APs can be arranged into a tree-topology. The computations are also distributed over the
different APs and the NC. It is shown that the MMSE-based algorithms reach optimal
performance.

In this paper it is assumed that all APs serve all the UEs in the network and the data of
all the UEs is transmitted to one central NC. This is not scalable when the network size
and the number of UEs grow larger. Therefore in future work, the current algorithms will
be used as benchmark algorithms when designing future scalable algorithms in which
not all APs serve all users and certain APs take some of the functiona;ity of the NC. To
not revert to cellular systems, a user-centric approach [17, 32] will be followed, in which
each UE can determine its serving APs.

Appendix 1: Proof of Theorem 3.1

VMMSE — [VMMSE M
— M

Proof The combining matrix . VMMSE] can be written as

-1
K

VMMBE — | HPH? + ) “piCi+RYy [ HP. (72)

nn
i=1

T

The matrix VMMSE can further be written as
N -1.
- (HPH +T) fir
R R N\ —1 A R
- {T_l - T_1H<P_1 + H”T—lﬂ) HHT_I} fir
1A 1 NHp—1y)
=T H(P— +HIT H)

—~ ~\ —1 —~ ~
(P (P—l +H T_1H> T T—1HP> (73)

I
X1

=|: (Pfl—i—XHl:I)i1
Xy

with X; and X H defined in (18) and (17) respectively. In (73) the Sherman-Morrison-
Woodbury formula is used together with the fact that T is a block-diagonal matrix. (]

Appendix 2: Proof of Theorem 3.2

Proof By using hy = ﬁk + hg with flk and hy independent random variables, the
required expectations for Theorem 3.2 can be written as:
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E{v{'h;} =E{v,’jﬁk} +E{vfflk}
=E{V]I<—Iflk }, (74)

E{Vn = (R ) (o 50) e

:E{ vih; } vkhh Vk}

:E{ 'y 2} +E hh } }

:E{ h»2}+E{vk Civi } 7

=E{ \/ A, 2} +E kalclzvkl

:E{ viTh 2} - ZE{VZCiszz}

=1

where in (74) and (75) independence between v; and the zero-mean channel estimate he

is used. Similarly, it is possible to rewrite the last expectation as

2 2
E{’V}?HUL’ }:E{‘VII({HULHULH ]‘ }
E{vkE{ UL ULH} k}

- E{v,]jRH,];vk}
i (76)

UL

=1
L
HpUL
= Z E{vkl Rnlnlvkl}
=1

where this time independence between vy and the additive uplink noise vector nV" is

used.
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