
Received 18 September 2024, accepted 9 October 2024, date of publication 14 October 2024, date of current version 22 October 2024.

Digital Object Identifier 10.1109/ACCESS.2024.3479409

Performance and Architectural Tradeoffs in
Scalable Cell-Free Massive MIMO
MUTEEN MUNAWAR , (Student Member, IEEE), MAMOUN GUENACH , (Senior Member, IEEE),
AND INGRID MOERMAN, (Senior Member, IEEE)
Interuniversity Microelectronics Centre (IMEC), 3001 Leuven, Belgium
IDLab, Ghent University, 9000 Ghent, Belgium

Corresponding author: Muteen Munawar (muteen.munawar@imec.be)

This work was supported by the European Community’s Research Foundation Flanders (FWO) under Grant A2582000101.

ABSTRACT The massive number of APs is often perceived as a complexity bottleneck for the scalable
deployment of Cell-free (CF) systems. In this context, we propose various system-level results and valuable
insights on some of the multidimensional design challenges: the energy efficiency (EE) gap between cellular
and the worst-case scenario of scalable CF systems, the interplay between different split processing options,
the fronthauling bandwidth, and the offered low-resolution hardware implementations. We discuss the need
for physical layer optimizations to trade off performance versus complexity. As a first result, we reveal
significant fronthaul bandwidth savings through joint power control and access point scheduling, and proper
dimensioning of resolutions for the converters and fronthaul data. In the context of the EE gap analysis,
we first provide a novel generalized system model framework that depicts the possibility of all levels of
processing with a single system model and allows multiple transmit antennas at each AP and user in the pool
ofM APs and K users and multistream transmission per user. We formulate a novel optimization framework
to maximize the EE where the non-convex fractions corresponding to user performance are coupled with the
log-sum function due to the necessity of selecting the optimal number of data streams for each user. To solve
this problem, we propose a solution to determine the optimal number of data streams, power allocations,
and transmit/receive digital filters. Based on these solutions, we introduce a novel four-step alternating
optimization algorithm. Regarding the EE gap analysis, in the worst-case scenario of scalable CF networks,
which is of practical interest, CF remains roughly twice as energy-efficient as cellular networks. To facilitate
future comparative studies, we also provide a detailed complexity analysis.

INDEX TERMS Scalable cell-free systems, multistream transmission, split processing, fronthaul bandwidth,
alternating optimization, energy efficiency, complexity analysis.

I. INTRODUCTION
The ever-increasing demand for high data rates and reliable
wireless communication networks is shaping radio access
architecture. Future wireless communication networks must
support a wide range of heterogeneous applications, hence
increasing the pressure on radio access requirements. 6G
requirements will be even more challenging and diverse than
those in 5G, pushing the extremes in high throughput, ultra-
low latency and jitter, coverage, and massive machine-type
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communications. 6G will also target a wider landscape of
challenging applications and verticals [1], requiring careful
design choices for network building blocks. To meet these
stringent requirements of future-generation communication
systems, the concept of radio access has evolved from the
conventional cellular network with a cell-centric design,
where each user equipment (UE) is connected to one
access point (AP), to a user-centric approach referred
to as cell-free (CF) massive MIMO (mMIMO) (Fig. 1).
In CF, each UE can, in principle, communicate with
all APs, which are connected to one or more central
processing units (CPUs) for further coordination, allowing
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FIGURE 1. General CF massive MIMO architecture (left) and cellular massive MIMO architecture (right).

macro diversity gains and advanced interferencemanagement
processing [2], [3].

However, several design bottlenecks hinder the deploy-
ment of a scalable and cost-effective CF mMIMO architec-
ture, as depicted in Fig. 1. An underlying assumption of this
architecture is that the transceiver processing chain will be
shared between the CPU and the APs, commonly referred to
as split processing [4], [5], [6]. A key design bottleneck is
thus the interplay of the split processing between the CPU
and the APs and the limited bandwidth of the fronthaul (FH)
transporting the traffic between the CPU and its associated
APs. Placing the split closer to the radio frequency side, i.e.,
a more centralized processing, will increase the bandwidth
on the FH but will ease coordination between APs. If more of
the processing steps are performed at the AP, coordination
capabilities will be limited, hence the promised gain of
the distributed radio access will be diminished. Several
earlier contributions consider high functional splits, including
distributed beamforming (e.g., [7], [8]), which, in collocated
mMIMO, reduces the required FH bandwidth. However, this
solution does not hold in the distributed scenario as will be
shown in Section III. We also want the overall system design
to minimize the total dissipated power through the use of
simple signal processing and ensure higher energy efficiency
(EE). Other nontrivial challenges include powering and tight
synchronization between the large-scale distributed APs.

Improving the EE of CF mMIMO has spurred quite
some research in the scientific community by modeling the
problem as a resource allocation problem. For instance, [7]
proposed joint AP scheduling to maximize the downlink
(DL) EE wherein a simplified power model for some of
the hardware (HW) components (namely the AP amplifier
and the FH) is developed for this purpose. In [9] and [10],
the authors proposed to jointly optimize the DL power
control and the ON/OFF mode of the APs to minimize the
total transceiver power consumption while achieving a target
spectral efficiency. However, EE should not be restricted
to some building blocks of the transceivers but should also
cover the energy consumption of the whole end-to-end

radio infrastructure, including supporting functions such as
the cooling infrastructure, and any centralized computing
resources in, e.g., cloud-edge data centers. Nevertheless,
a theoretical analysis of some isolated system designs in the
end-to-end link, such as the optimization of beamforming,
power allocation, and EE to name a few, is a necessary
first step. However, the end-to-end system co-optimization
to efficiently design and interconnect the massive distributed
APs is by nature a complex and heterogeneous multidimen-
sional design space. It requires multidisciplinary research
crossing different disciplines, beyond the current state of the
art, in order to build up scalable CF mMIMO solutions.

Current literature on the study of EE maximization
and its comparison with cellular systems is limited to
single-stream transmission power per user [8], [11], [12],
[13], [14], [15], [16]. However, it should be noted that modern
communication devices are equipped with multiple antennas
at both the AP and user sides. Hence, it is necessary to
develop algorithms that can provide an optimal number of
data streams for each user based on an objective function.
Additionally, multiple receive antennas at each user device
can help achieve better interference management, and thus
improve EE compared to single receive antenna or single
stream transmission per user [17]. Considering an EE gap
analysis between such generalized CF and cellular systems
can provide better insights into howmuchwe can expect from
CF over cellular in a worst-case scenario. Here, the worst case
of CF means a scenario where scalability is implemented in
the worst possible way, i.e., only one AP per user is selected
using a method such as large-scale fading. Note that various
scalability methods, combined with such a generalized CF
setup, would result in several flavors of CF with complexity,
performance, and cost tradeoffs. Hence, it is interesting
to observe that given multiple receive antennas per user,
each with multistream transmission and better interference
cancellation capabilities in both cellular and CF, CF can still
provide more EE than cellular systems. In this context, and in
contrast to existing literature [11], [12], [13], [14], [15], [16],
we first provide a generalized system model for CF systems
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where each AP and user can have an arbitrary number of
transmit and receive antennas in the pool of M APs and K
users, with the possibility of Lk number of data streams for
the k-th user. Moreover, the provided system model depicts
all levels of signal processing possibilities in the same model,
such as centralized and distributed processing.

Based on such a generalized system model, we formulate
an EE maximization problem where the number of data
streams per user is a novel optimization variable in addition to
power allocations and transmit-receive digital filters. Based
on the solutions provided, we devise a novel multi-step
alternating optimization (AO) framework. To facilitate future
comparative studies, we also provide a detailed breakdown of
the complexity analysis associated with the proposed per-user
multistream transmission algorithm.

In the context of these aforementioned directions, the
contribution of this paper is multidimensional. Specifically,
in this paper, we

• study a novel EE maximization problem in the presence
of per-user multistream transmission and propose an
algorithm with detailed complexity analysis,

• provide insights into the EE gap between CF and cellular
systems (both ideal and practical extreme cases of
scalable CF) when multiple data streams per users are
involved,

• review some key design challenges that must be
addressed to develop scalable and cost-effective CF
mMIMO systems,

• highlight the design trade-offs and the interplay between
split processing, hence the underlying signal coordi-
nation capabilities, and FH bandwidth requirements
through simple representative system-level calculations,

• present first performance results showing some offered
system design relaxations of the FH bandwidth require-
ments through (i) joint power control andAP scheduling,
and (ii) low digital-to-analog converter (DAC) resolu-
tion, and

• provide an estimation of the energy savings that can be
performed based on power estimations of this system.

In Section II, we provide an EE gap analysis between CF
and cellular systems. Section III discusses the interplay
between split processing and the FH bandwidth requirement.
In Section IV, we elaborate on the need for resource
allocation, taking some of the system limitations into account.
In Section V, we discuss hardware relaxation options that
benefit from the massive number of deployed APs and could
reduce the FH bandwidth requirements. Finally, we conclude
in Section VI.
Notations: Scalars are denoted by italic letters, whereas

vectors and matrices are denoted by bold-face lower- and
upper-case letters, respectively. The subscripts/superscripts
v and h denote vertical and horizontal polarization, respec-
tively. For a complex-valued vector v of length N , vT denotes
the transpose, v(n)/v(n) denotes the nth element of v, v∗

denotes the complex conjugate of each element, 1v denotes

a vector of size v with all entries 1, vH denotes the conjugate
transpose, ∥v∥ denotes the Euclidean norm, diag (v) denotes
a diagonal matrix with each diagonal element being the
corresponding element in v, arg(v) denotes a vector with
each element being the phase of the corresponding element
in v, v > 0 denotes the number of non zero elements in v,

logsum (v) means
K∑
k=1

log (vk), and sum (v) means
K∑
k=1

(vk).

II. EE GAP BETWEEN CELLULAR AND SCALABLE CF
The general CF mMIMO architecture, as sketched in Fig. 1,
consists of one or more CPUs connected to the core network
through a backhaul link and a massive number of APs
connected to the CPUs through one or a few wired FH links.
Given a total of M APs, each equipped with Nt,m transmit
antennas, where m = 1, · · · ,M , and a total of K users, each
equipped with Nr,k receive antennas and Lk data streams,
where k = 1, · · · ,K , the DL channel between AP m and
user k is denoted byHH

k,m ∈
Nr,k×Nt,m (standard block fading

model), resulting in the total channel from all APs to user k
as HH

k ∈
Nr,k×Nt , i.e., HH

k = [Hk,1,Hk,2, · · · ,Hk,M ]H , and

Nt =

M∑
m=1

Nt,m.

Let sk,l and pk,l /qk,l denote the data symbol and DL/uplink
(UL) power allocation for the l-th data stream of user k . The
DL/UL signal model for user k can be developed as (1)/(2),
shown at the bottom of the next page, where w̄k,m,l ∈

Nt,m×1

denotes the transmit digital filter (beamforming vector) at AP
m for the l-th data stream of user k , fHk,l ∈

1×Nr,k denotes the
receive combining vector for the l-th data stream of user k ,
and z denotes the noise vector.

To analyze the EE gap between cellular and CF, we follow
the strategy outlined below: we specify a target SE perfor-
mance for each user, consistent in both cellular and CF;
We derive the corresponding linear optimal transmit/receive
digital filters, i.e., w̄k,m,l , fk,l , optimize the number of data
streams, Lk , for each user, and calculate the minimum
transmit power needed to achieve those targets; finally,
we calculate the EE as the ratio of achieved SEs and
consumed total power.

A. PROBLEM FORMULATION
To maximize the EE, we need to achieve the pre-specified
target spectral efficiency performancewith theminimum pos-
sible transmit power; hence, the problem can be formulated
as shown in (P1), shown at the bottom of the next page. The
meaning of each expression in (P1) is as follows:∣∣∣∣∣fk,l

M∑
m=1

HH
k,mwk,m,l

∣∣∣∣∣
2

depicts the intended signal strength for the l-th data stream of
user k ,

Lk∑
j̸=l

∣∣∣∣∣fk,l
M∑
m=1

HH
k,mwk,m,j

∣∣∣∣∣
2
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depicts the interference for the l-th data stream of the k-th
user from other data streams of the same user, whereas

K∑
i̸=k

Li∑
j=1

∣∣∣∣∣fk,l
M∑
m=1

HH
i,mwi,m,j

∣∣∣∣∣
2

shows the interference for the l-th data stream of user k by the
data streams of other users. The log-sum expression in (P1)
shows the coupling of the SE expression for a user k with its
number of data streams.

∧
s

k,DL
=
[
fk,1, fk,2, · · · , fk,Lk

]H


Hk,1
Hk,2

...

Hk,m
...

Hk,M



H 

w̄1,1,1 w̄1,1,2 · · · w̄k,1,l · · · w̄K ,1,LK
w̄1,2,1 w̄1,2,2 · · · w̄k,2,l · · · w̄K ,2,LK

...
... · · ·

... · · ·
...

w̄1,m,1 w̄1,m,2 · · · w̄k,m,l · · · w̄K ,m,LK
...

... · · ·
... · · ·

...

w̄1,M ,1 w̄1,M ,2 · · · w̄k,M ,l · · · w̄K ,M ,LK




√
p1,1

√
p1,2

. . .
√
pk,l

. . .
√
pK ,LK





s1,1
s1,2
...

sk,l
...

sK ,LK


+
[
fk,1, fk,2, · · · , fk,Lk

]Hz. (1)

∧
s

k,UL
=



w̄k,1,1 w̄k,1,2 · · · w̄k,1,l · · · w̄k,1,Lk
w̄k,2,1 w̄k,2,2 · · · w̄k,2,l · · · w̄k,2,Lk

...
... · · ·

... · · ·
...

w̄k,m,1 w̄k,m,2 · · · w̄k,m,l · · · w̄k,m,Lk
...

... · · ·
... · · ·

...

w̄k,M ,1 w̄k,M ,2 · · · w̄k,M ,l · · · w̄k,M ,Lk



H

K∑
i=1



Hi,1
Hi,2

...

Hi,m
...

Hi,M


[
fi,1, fi,2, · · · , fi,Li

]


√
qi,1

√
qi,2

. . .
√
qi,l

. . .
√
qi,Li




si,1
si,2
...

si,l
...

si,Li


+



w̄k,1,1 w̄k,1,2 · · · w̄k,1,l · · · w̄k,1,Lk
w̄k,2,1 w̄k,2,2 · · · w̄k,2,l · · · w̄k,2,Lk

...
... · · ·

... · · ·
...

w̄k,m,1 w̄k,m,2 · · · w̄k,m,l · · · w̄k,m,Lk
...

... · · ·
... · · ·

...

w̄k,M ,1 w̄k,M ,2 · · · w̄k,M ,l · · · w̄k,M ,Lk



H

z. (2)

min
wk,m,l ,fk,l ,Lk ,pk,m,l

M∑
m=1

K∑
k=1

Lk∑
l=1

pk,m,l

s.t.
Lk∑
l=1

log2

1 +

∣∣∣∣fk,l M∑
m=1

HH
k,mwk,m,l

∣∣∣∣2
Lk∑
j̸=l

∣∣∣∣fk,l M∑
m=1

HH
k,mwk,m,j

∣∣∣∣2 +

K∑
i̸=k

Li∑
j=1

∣∣∣∣fk,l M∑
m=1

HH
i,mwi,m,j

∣∣∣∣2 + σ 2

 ≥ λk , ∀k,

M∑
m=1

K∑
k=1

Lk∑
l=1

pk,m,l ≤ Pmax,

∥∥wk,m,l
∥∥2 ≤ pk,m,l, ∀k,m, l, (P1)
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More specifically, note that in (P1), the SE of user k and
the objective function, i.e.,

M∑
m=1

K∑
k=1

Lk∑
l=1

pk,m,l

are coupled with three variable dimensions, i.e., AP index m,
data stream index l, and user index k . Hence, to minimize
the total transmit power, we need to ensure that the power
allocated to Lk data streams of user k at all APs is minimal
so that EE can be maximized. In other words, we also need to
optimize the number of data streams Lk for all users.
As a first step, owing to the centralized processing, we can

define

wk,l =
[
wT
k,1,l w

T
k,2,l · · · wT

k,M ,l
]T

and

HH
k =

[
HT
k,1 HT

k,2 · · · HT
k,M

]H
which depict the total digital filter from all APs to the l-th data
stream of user k and the total channel from all APs to user k ,
respectively. We can reshape our problem (P1) as follows:

min
w̄k,l ,fk,l ,Lk ,pk,l

K∑
k=1

Lk∑
l=1

pk,l

s.t.
Lk∑
l=1

log2

(
1 +

pk,lek,l
rk,l + qk,l + σ 2

)
≥ λk , ∀k

ek,l =

∣∣∣fk,lHH
k w̄k,l

∣∣∣2 ,

rk,l =

Lk∑
j̸=l

∣∣∣fk,lHH
k

√
pk,jw̄k,j

∣∣∣2 ,

qk,l =

K∑
i̸=k

Li∑
j=1

∣∣∣fk,lHH
i

√
pi,jw̄i,j

∣∣∣2 ,

M∑
m=1

K∑
k=1

Lk∑
l=1

pk,m,l ≤ Pmax.

(P1.1)

Note that in (P1.1), pk,m,l can be easily extracted from
pk,l by selecting the proper indexing corresponding to APs
in the expression of

√
pk,lw̄k,l . For instance, the norm of

the first Nt,m elements of
√
pk,lw̄k,l determines the power

allocated to the l-th data stream of user k at AP m, i.e., pk,m,l .
Similarly, the power allocated to the l-th data stream of user
k at other APs can also be retrieved by proper indexing.
To solve (P1.1), in the following subsections, we propose
solutions and introduce a four-step AO algorithm.

B. PROPOSED SOLUTION
Assuming an initial setup where the number of data streams
for user k , denoted by Lk , and the corresponding power allo-

cations, pk (where pk =

Lk∑
l=1

pk,l), for all users are configured

to min
(
Nt ,Nr,k

)
and Pmax

Lk
, respectively, the optimal linear

MMSE filters for the transmit and receive digital filters, w̄k,l
and fk,l , can be derived through interdependent optimization:

w̄k,l =

∧
emax

(
S
fk,l
k,l ,T

fk,l
k,l

)
∥∥∥∧
emax

(
S
fk,l
k,l ,T

fk,l
k,l

)∥∥∥ (3)

fk,l =

∧
emax

(
Sw̄k,lk,l ,Tw̄k,l

k,l

)
∥∥∥∧
emax

(
Sw̄k,lk,l ,Tw̄k,l

k,l

)∥∥∥ , (4)

where Sfk,lk,l = Hk fk,lfHk,lH
H
k represents the correlation matrix

for the received signal strength, while Tfk,l
k,l is given by

Tfk,l
k,l =

K∑
i̸=k

Li∑
j=1

ρi,jHifi,jfHi,jH
H
i +

Lk∑
j̸=l

ρk,jHk fk,jfHk,jH
H
k + σ 2I

denotes the matrix of interference plus noise, assuming fk,l
is fixed. Similarly, Swk,lk,l = HH

k wk,lwH
k,lHk is the correlation

matrix for the received signal strength whenwk,l is fixed, and

Tw̄k,l
k,l =

K∑
i̸=k

Li∑
j=1

ρi,jHH
k w̄i,jw̄H

i,jHk +

Lk∑
j̸=l

ρk,jHH
k w̄k,jw̄H

k,jHk +

σ 2I represents the interference plus noise matrix under the
same condition. Further details on optimizing wk,l and fk,l
are provided in Algorithm 1.

Given wk,l and fk,l for all k and l from (3) and (4),
respectively, the problem (P1.1) involving Lk for all k and
the corresponding pk for all k can be formulated as

min
Lk ,pk,l

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l

s.t.
min(Nt ,Nr,k)∑

l=1

log2

(
1 +

pk,lek,l
rk,l + qk,l + σ 2

)
≥ λk , ∀k

ek,l =

∣∣∣fHk,lHH
k w̄k,l

∣∣∣2 ,

rk,l =

min(Nt ,Nr,k)∑
j̸=l

∣∣∣fHk,lHH
k

√
pk,jw̄k,j

∣∣∣2 ,

qk,l =

K∑
i̸=k

min(Nt ,Nr,j)∑
j=1

∣∣∣fHk,lHH
i

√
pi,jw̄i,j

∣∣∣2 ,

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l ≤ Pmax (P1.2)

To solve (P1.2), we need to handle the fractions that are
coupled with log-sum expressions. To address the log-sum
expressions, we define min

(
Nt ,Nr,k

)
optimization variables,

denoted as λk,l for all k and l, and replace λk with
Lk∑
l=1

λk,l for
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all k . Thus, we have

min
Lk ,pk,l ,λk,l

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l

s.t.
min(Nt ,Nr,k)∑

l=1

log2

(
1 +

pk,lek,l
rk,l + qk,l + σ 2

)

≥

min(Nt ,Nr,k)∑
l=1

λk,l = λk , ∀k,

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l ≤ Pmax. (P1.3)

Introducing the constraint
Lk∑
l=1

λk,l = λk for all k , we can

modify (P1.3) as

min
Lk ,pk,l ,λk,l

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l

s.t. log2

(
1 +

pk,lek,l
rk,l + qk,l + σ 2

)
≥ λk,l, ∀k, l,

min(Nt ,Nr,k)∑
l=1

λk,l = λk , ∀k,

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l ≤ Pmax. (P1.4)

Note that there is now a one-to-one correspondence between
the left and right expressions in the first constraint of (P1.4).
Hence, it is straightforward to show that the convex
formulation of (P1.4) can be derived as

min
Lk ,pk,l ,λk,l

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l

s.t. pk,lek,l −
(
2λk,l − 1

) (
rk,l + qk,l + σ 2

)
≥ 0,

∀k, l,
min(Nt ,Nr,k)∑

l=1

λk,l = λk , ∀k,

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l ≤ Pmax. (P1.5)

Note that (P1.5) is a convex formulation and hence can be
solved using existing general-purpose convex solvers, such
as CVX [18]. More specifically, following the guidelines
provided in [18], (P1.5) can be written in CVX, which
return optimized values for λk,l and pk,l for all k and
l. Given these optimized λk,l and pk,l from CVX, the
optimal values for Lk and pk for all k can be computed

as
[
pk,1, pk,2, . . . , pk,min(Nt ,Nr,k)

]
> 0 and

min(Nt ,Nr,k)∑
l=1

ρk,l ,

respectively, for all k .
Although (P1.5) can be solved using CVX, we note that

general-purpose convex solvers are usually computationally
expensive. Hence, we discuss a relatively low-complexity
approach to solve (P1.5) below.
To achieve this, we decompose (P1.5) further into two sub-

problems, i.e., a divide-and-conquer strategy, corresponding
to λk,l and pk,l . First, wewrite (P1.5) for λk,l by assuming that
pk,l for all k and l are initialized by equal power allocations,
i.e., Pmax

Lk
, similar to what was done in the context of wk,l and

fk,l for all k and l in (3) and (4), respectively. Given pk,l for
all k and l, (P1.5) for λk,l is reduced to a feasibility check
problem:

Find λk,l

s.t. pk,lek,l −
(
2λk,l − 1

) (
rk,l + qk,l + σ 2

)
≥ 0, ∀k, l,

min(Nt ,Nr,k)∑
l=1

λk,l = λk , ∀k (P1.6)

where e′k,l = pk,lek,l . We note that (P1.6) is convex and
less complex than (P1.5) for the following reasons: 1) Fewer
constraints, and 2) Fewer optimization variables, i.e., only
λk,l for all k and l. Now, before we decompose (P1.5) for
pk,l for all k and l, we note that the solution of (P1.6) can
be further accelerated by introducing an auxiliary objective
function as follows:

max
λk,l

K∑
k=1

Lk∑
l=1

αk,l

s.t. pk,lek,l −
(
2λk,l − 1

) (
rk,l + qk,l + σ 2

)
≥ αk,l, ∀k, l,

min(Nt ,Nr,k)∑
l=1

λk,l = λk , ∀k (P1.7)

where
Lk∑
l=1

αk,l for all k and l is an introduced auxiliary

variable that helps (P1.7) narrow down its feasibility region
and thus accelerates the solution process. More details on
such methodologies can be found in [18]. Nevertheless, given
λk,l for all k and l, we can write (P1.5) for pk,l as follows:

min
pk,l

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l

s.t. pk,lek,l − λ′
k,l

(
rk,l + qk,l + σ 2

)
≥ 0, ∀k, l,

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l ≤ Pmax (P1.8)

Again, note that (P1.8) is convex. More specifically, the
first constraint in (P1.8) sets pk,l for all k and l with equality

150194 VOLUME 12, 2024



M. Munawar et al.: Performance and Architectural Tradeoffs in Scalable Cell-Free Massive MIMO

constraints, i.e.,

pk,lek,l − λ′
k,l

(
rk,l + qk,l + σ 2

)
= 0, ∀k, l,

resulting in the minimum power, i.e., the objective function.
Additionally, constraint 1 of (P1.8) consists of

∑K
k=1 Lk

linear equations with
∑K

k=1 Lk unknowns. Hence, it can be
easily handled as a linear system of equations. To convert
it into a matrix-vector formulation, i.e., a linear system of
equations, we define:

1) The vector of unknowns

p = [ρ1,1, ρ1,2, · · · , ρ1,L1 , · · · , ρK ,min(Nt ,Nr,k )]
T

2) A diagonal matrix that represents the target weights
provided by (P1.7) divided by the effective channel gains per
data stream

J = diag 2λ1,1 − 1∣∣∣fH1,1HH
1 w1,1

∣∣∣2 ,
2λ1,2 − 1∣∣∣fH1,2HH

2 w1,2

∣∣∣2 , · · · ,
2λK ,Lk − 1∣∣∣fHK ,LKH

H
KwK ,LK

∣∣∣2
 ,

3) A non-diagonal matrix containing the total interference
terms in rows for each data stream

ω(r,c) =


∣∣∣fHk,rHH

k wk,c

∣∣∣2 , if r ̸= c,

0, if r = c,
∀k.

Based on these definitions, constraint 1 of (P1.8) can be
written in matrix-vector form as follows:

p
σ 2 + ω1K ′ =

1K ′

J
, (5)

where K
′

=

K∑
l=1

Lk . From (5), it is not difficult to show that

the optimal power allocations can be computed as follows:

p = σ 2
(
J−1

− ω
)
1K ′ . (6)

Note that (6) provides the optimal power allocation, i.e.,
because of the equality constraints, in a closed-form solution,
and is therefore much less complex than solving (P1.5)
using a general-purpose solver like CVX [18]. Given λk,l
and pk,l for all k and l from (P1.7) and (6), respectively,
as discussed earlier, the optimal values for Lk and pk for all k
can be computed as

[
pk,1, pk,2, . . . , pk,min(Nt ,Nr,k)

]
> 0 and

min(Nt ,Nr,k)∑
l=1

ρk,l , respectively, for all k .

While solving (6) is computationally efficient, it does
not take into account the second constraint of (P1.8). The
second constraint of (P1.8) requires that the sum of all power
allocations remains less than or equal to the total available
power budget, i.e.,

K∑
k=1

min(Nt ,Nr,k)∑
l=1

pk,l ≤ Pmax.

This constraint restricts us to a feasibility check problem.
For instance, given a communication setup and simulation
parameters, i.e., the number of transmit antennas, receive
antennas, users, channel models, target SE, and maximum
power budget, this constraint determines if the problem is
feasible or not. To account for this constraint, we must
perform a feasibility check before starting to solve (P1.8)
using (6). More specifically, in this context, if C < 1, where

C = max min
1≤k≤K , 1<l<Lk

(
2
λk,l−1

)
·

∣∣∣fHk,lHH
k wk,l

∣∣∣2
Lk∑
j̸=l

∣∣∣fHk,lHH
k wk,j

∣∣∣2+ K∑
i̸=k

Li∑
m=1

∣∣∣fHk,lHH
k wi,m

∣∣∣2 s.t.

K∑
k=1

Lk∑
l=1

ρkl ≤ Pmax, the feasibility of problem (P1) may be

compromised due to insufficient available power to meet
the desired performance target. In such cases, additional
measures may be required to address the issue. These
measures could include user exclusion, adjustment of target
SEs, or increasing the power limit Pmax.

Nevertheless, with a reasonable number of transmit
antennas, users in the system, and sufficient power resources,
such circumstances can generally be avoided [19].

A more detailed explanation of the optimization process
for fk,l , wk,l , Lk , and pk is provided through a systematic
four-step AO algorithm, as described in Algorithm 1.

C. OVERALL ALGORITHM
The proposed algorithm sequentially tackles (3), (4), (P1.5),
and (6) until the convergence of the objective function
defined in (P1.5) is achieved. Algorithm 1 provides a detailed
description of the complete algorithm.

We note that the joint optimization in Algorithm 1 is
complex, as detailed in Appendix. However, to achieve
our goal, i.e., to observe the performance between extreme
scenarios of scalability, we push the design from both
performance and complexity points of view. Nevertheless,
the complexity analysis framework provided in Appendix
can be exploited by future comparative studies to find the
performance and complexity trade-offs.

D. EE GAP ANALYSIS
In Fig. 2, we analyze the EE gap between cellular and CF
systems for both UL and DL when multistream transmission
per user is involved, in both the ideal and worst cases
of scalable CF systems2 The simulation parameters are as
follows: a 500 × 500m communication area, M = 50,
Nt,m = 4 for all m, K = 40, Nr,k = 4 for all k . In the
case of cellular, four BSs each have 50 collocated transmit
antennas 1. Unless otherwise specified, all other simulation
parameters, setups, and channel models are similar to those
in [11], and details are omitted here for brevity.

Specifically, in Fig. 2, we present the cumulative distri-
bution function of the EE of randomly located users in the
system. Solid curves represent DL and dotted curves are for

2A similar approach to that used for downlink can be applied to devise an
uplink algorithm; however, details are omitted for brevity.
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Algorithm 1 Algorithm for Solving (P1)

1: Set iteration i = 0 and initialize Li,k = min
(
Nt ,Nr,k

)
,

w̄i =
1

√
N t

[
1, 1, · · · , 11,L1 , · · · , 1K ,LK

]T ,1 and pi =

Pmax
K∑
k=1

min(Nt ,Nr,k)

[
1, 1, · · · , 11,L1 , · · · , 1K ,LK

]
.

2: repeat
3: Given pi, Lk,i, and w̄k,l,i, calculate fk,l,i, ∀k, l

using (4).
4: Given fk,l,i+1, ∀k , Lk,i, ∀k , and pi, update w̄k,l,i

using (3).
5: Given fk,l,i+1, w̄k,l,i+1, ∀k, l, and pi, solve (P1.7) and

update Lk,i as
[
λk,1,··· ,λk,min(Nt ,Nr,k)

]
> 0, ∀k .

6: Given Lk,i+1, ∀k , fk,l,i+1, and w̄k,l,i+1, ∀k, l, update
pi using (6).

7: Update i = i+ 1.
8: until the objective value of (P1.5) converges or the

maximum number of iterations is completed.
9: Retrieve pk,m,l , wk,m,l , and fk,m,l from optimized pk,l ,

wk,l , and fk,l , ∀m, with indexing corresponding to the
number of antennas of each AP, i.e., Nt,m.

10: Calculate the maximized EE per user k by dividing
the achieved targeted SEs of k by the minimized
corresponding power allocation, i.e., λk

pk
=

λk
Lk∑
l=1

pk,l

=

λk
M∑
m=1

Lk∑
l=1

pk,m,l

, ∀k .

UL cases. Green curves represent ideal CF, i.e., when all
APs communicate with all users. Red curves denote cellular
systems. Finally, the black curves represent theworst scenario
of scalable CF. Here, the worst scenario of scalable CF
means that each user gets to communicate with only one
AP, selected as a function of large-scale fading (a worst
approach to scalability). Given these curves, Fig. 2 provides
interesting insights. It shows, at 90 likelihood points, ideal
CF is 20 times more energy-efficient than cellular. And in the
worst scenario of scalable CF (which is of practical interest),
CF is still roughly 2 times more energy-efficient than cellular.
The performance of other flavors of CF e.g., with better
ways of scalability, more APs per user, etc., will lie between
these two extreme cases of CF, providing the corresponding
tradeoffs of performance and FH bandwidths.3

E. COMPUTATIONAL COMPLEXITY ANALYSIS
To support future comparative studies, we provide a com-
prehensive breakdown of the complexity analysis related to
solutions and algorithms in terms of floating-point operations
(FLOPs) in Appendix.

3Remember that with distributed processing in CF, the EE gap will be
even lower than shown in Fig. 2 (centralized processing), for both ideal and
scalable CF scenarios.

III. SPLIT PROCESSING AND FH ARCHITECTURE
The general CF massive MIMO architecture, as illustrated
in Fig. 1, consists of one or more CPUs connected to the
core network via a backhaul link and a large number of
APs connected to the CPUs through one or a few wired FH
links. The type of processing at the CPUs and APs depends
on the desired processing split, which is further determined
by factors such as the target FH latency and throughput
capabilities, the desired AP hardware complexity, and system
dynamics, such as UE mobility.

FIGURE 2. EE gap with extreme scenarios of scalability.

A. FH ARCHITECTURE
In general, every FH technology should (i) provide sufficient
bandwidth, (ii) be reliable, (iii) introduce minimal additional
latency crucial in time-critical indoor applications expected
in e.g., industry 4.0, and (iv) allow synchronization between
distributed APs. Simple calculations of the required FH band-
width (see discussions regarding Figs. 3 and 5 later) show that
the FH architecture needs to accommodate significantly more
traffic than the net user data, significantly increasing the cost
as this scales with the number of interconnected APs.

There are essentially two classes of FH architectures: the
star-topologywith point-to-point (P2P) FH links and themore
general point-to-multipoint (P2MP), where each subset of
APs is connected to a serial FH wire, as depicted in Fig. 1.
A ring topology can be perceived as P2MP architecture where
the serial FH loop is closed. Although the star topology
offers the highest bandwidth, reliability, and lowest latency,
it suffers from higher cost due to the number of cables that
need to be installed and managed. The P2MP, with few serial
FH links, offers a cost-effective solution that reduces the
number of FH wires. From the deployment point of view
and to reduce the chance that a single cable failure brings
down the entire system, a number of serial FH wires, each
accommodating a limited number of APs, should be foreseen.
Furthermore, some redundancy can also be added if the
likelihood of a wire breaking is high in some environments,
for instance, by connecting the APs to more than one cable or
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duplicating the serial FH wires. The radio-stripe architecture
recently proposed in [20] is an example of such a promising
architecture with a serial shared FH that offers cheap CF
mMIMO deployments. In the proposed architecture, the
APs are confined in cables (stripes), enabling, for instance,
invisible installation in existing construction elements.

However, such a serial FH architecture is severely limited
by its bandwidth constraints and different performance-
complexity trade-offs still need to be investigated through,
e.g., HW relaxations and the joint power control and AP
scheduling.

FIGURE 3. FH bandwidth: LTE use case.

TABLE 1. System parameters for the reference scenarios.

B. SPLIT PROCESSING
In Fig. 4, we show some of the basic split processing
options between the CPU(s) and the different distributed APs.
As depicted in the figure, there are essentially two main
classes of split processing architectures [21]:

• Analog-connected architecture, denoted as (c1), where
all the digital baseband processing up to the DAC and
the Analog-to-Digital Converter (ADC) included lies in
the CPU.

• Digitally connected architecture with options (c2), (c3),
(c4), and (c5), where the Analog Front-End (AFE)
and a fraction of the digital baseband processing are
distributed across the APs. The options (c2), (c3), (c4),

and (c5) can be linked with the options (8), (7)-(1), (7)-
2a), and (7.3) from the main functional split options of
5G [22].

To show the interplay for the different split options with
the FH bandwidth requirements, we consider two reference
scenarios with relatively low and high data rate requirements.
The different system settings are summarized in Table 1.
No system optimization is assumed at this stage, and the
different (worst case) FH bandwidths of the data path for the
different split processing options are summarized in Figs. 3
and 5 for LTE and 5G use cases, respectively. These do
not include the additional (potentially limited) overhead of
channel state information (CSI) and the digital beamformer
coefficient exchange. Analytical expressions of the different
required FH bandwidths are given in Fig. 4, where the bit
resolution bX denotes the resolution per in-phase/quadrature
dimension of the different processing blocks in the digital
baseband processing, namely X = encoder, decoder, mapper,
demapper, digital beamformer, (inverse) Fourier transform,
DAC, ADC. These bandwidths are proportional to the OFDM
symbol rate (not shown in the figure), which is the inverse of
the subcarrier spacing listed in Tab. 1.

Split option (c1), which is an analog interconnection
between CPU and APs, is not considered. It requires a
dedicated analog channel towards each AP. Although the
bandwidth requirement per AP is restricted to the actual
wireless bandwidth, which aggregates 2 GHz and 20 GHz for
the LTE and 5G case respectively in both UL and DL, the
required analog transceivers offer little flexibility, introduce
noise and distortion, making the signal transmission sensitive
to FH impairments and the cost prohibitive for large scale
deployment [23].
Split option (c2) is similar to (c1), except ADC/DAC

conversion is performed in the AP. As a result, a much
more resilient digital FH can be employed. The aggregated
bandwidth as depicted in Fig. 4 is equal in UL and DL and
proportional to the OFDM symbol length (NFFT + NCP), the
resolutions (bADC , bFFT ), and the number of APs (M ).
Moving from (c2) to (c3), FH bandwidth can be easily

reduced by performing up/downsampling, adding/removing
CP and (I)FFT in the APs, as no additional information needs
to be conveyed. This results, per transmit direction, in about
45% and 25% saving for respectively LTE and 5G, and the
gain will proportionally increase with the up/down-sampling
factor.

It is worth noting that the previously discussed functional
splits and the underlying FH requirements are equivalent
for distributed and collocated mMIMO scenarios. However,
moving to (c4) and (c5), this equivalence does not hold
anymore.

In collocated scenarios, the required FH bandwidth is fur-
ther reduced in splits (c4) and (c5), where the beamforming
is performed at the AP, and the proportionality of the number
of antennas on the FH bandwidth requirement is interchanged
to the number of UEs (or MIMO layers). In distributed
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FIGURE 4. Typical functional splits in CF mMIMO.

FIGURE 5. FH bandwidth: 5G use case.

scenarios, however, the (c4) and (c5) functional splits can be
challenging depending on the type of beamforming and the
availability of the CSI, as explained next.

The channel acquisition can, in principle, be distributed
through the use of a time division duplexing (TDD) protocol
that allows the CSI to be acquired at the APs during UL
training segment using orthogonal pilot sequences. The DL
channels can then be inferred for precoding by the virtue of
the UL and DL channel reciprocity, assuming the AP front-
end non-reciprocities are estimated and compensated for [24].
Different problems arise for UL versus DL, depending on the
level of signal coordination.

In the DL, distributed signal coordination can be carried
out at each AP by using only local CSI, without the need for
any extra overhead with the CPU. Furthermore, with respect
to the data transmission from the CPU to the APs, a split at
(c4) or (c5) results, in the same way as in the collocated case,
in a required FH bandwidth proportional to the number of
UEs. As shown in Figs. 3 and 5, this provides the smallest
possible load on the FH bandwidth. However, if the same
split is also used in the UL (which corresponds to level 3 and

level 2 combining in [11]), a severe bandwidth expansion
is observed since (in the most simplistic implementation)
each AP has to send the equalized data per UE to the
CPU. Furthermore, if complex beamforming schemes such
as zero forcing are used, then the corresponding CSI is also
required at the CPU, which further increases the required
FH bandwidth. To that end, it becomes more economical to
forward the demodulated (i.e., unequalized) data at each AP
directly to the CPU, where it is centrally processed. This
corresponds to a split at (c3) or (c2) in the UL (or level
4 combining in [11]), and reduces the required FH bandwidth
by an order of magnitude when compared to (c4) and (c5),
since the amount of data becomes independent of the number
of UEs (cf. Fig. 4 ).
It hence should not come as a surprise that the FH

requirements are significantly increased by roughly a factor
of 10 in the 5G use case compared to the LTE, corresponding
to the increase in wireless bandwidth. Also, in DL split
processing, (c5) and (c4) are attractive as the beamforming
is distributed without any exchange of the CSI between the
APs and the CPU when combined with the TDD protocol.
In UL, however, the bandwidth becomes proportional to the
number of scheduled APs and the number of users, hence the
need for proper AP scheduling [25] (see discussion later in
section IV, where it is shown that only a limited number of
APs are required per UE). Split processing (c3) can reduce
the FH bandwidth of the payload by a factor proportional to
the number of active UEs which, when combined with the AP
scheduling, can further relax the required FH bandwidth [26].
As noted earlier, the bandwidth requirements reported in

Figs. 3 and 5 do not include the exchange of the CSI and/or
the digital beamforming coefficients incurring additional
significant FH bandwidth. For instance, if the channels
are constant over a frame of 14 symbols, the exchange
of the channel coefficients when the channel estimation is
distributed exhibits roughly 20 Gb/s and 200 Gb/s for LTE
and 5G use cases, respectively. To counteract this prohibitive
additional overhead of exchanging the CSI, it is desirable to
use asymmetrical functional split for UL and DL, at least
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when using simple distributed signal coordination such as
conjugate beamforming or local zero-forcing. In this case,
the functional splits (c4) and (c5) can still be used in DL
enabling distributed beamforming hence no additional CSI
exchange as the channel estimation is distributed. In UL,
the splits (c3) and (c4)/(c5) with centralized and distributed
beamforming are enabled as the channel estimation can be
also performed centrally with limited additional overhead due
to the exchange of the UL training segment(s) of the TDD
frame, which amounts roughly to 2 Gb/s and 22 Gb/s for the
LTE and 5G use cases.

It is worth noting that process and forward techniques
over a serial FH as proposed in [20] could reduce the FH
bandwidth for distributed beamforming. However, latency
becomes a limiting factor, especially for indoor time-sensitive
applications in e.g. industry 4.0 [27].

FIGURE 6. UL single user outage data rate.

IV. POWER CONTROL AND AP SCHEDULING
In serial FH architectures, AP scheduling is mandatory to take
into account the FH-constrained bandwidth. In this context,
in Fig. 6, we show that, in practice, a given reference UE
will not need to use all APs to reach a certain performance
target; hence, it may favor FH bandwidth. To illustrate this,
we consider a piazza topology [11], wherein 100 APs are
placed along the perimeter of a 100 m × 100 m square. The
power control coefficients are optimized for the worst-case
sum spectral efficiency, subject to a maximum transmit
power constraint per AP. The single-user UL 5% outage
data rate (this is a lower bound on the achieved data rate
in 95% of the cases) in Fig. 6 shows that most of the data
rate comes from 20-30% of the APs, provided that they
are properly selected, for instance using large-scale fading.
Hence, significant performance-complexity tradeoffs can be
achieved by optimizing the UEs and AP associations in UL
(and DL), allowing the system to be operated at a much
lower FH bandwidth compared to the worst-case numbers
reported in Figs. 3 and 5. Obviously, real-time scheduling

aspects should also be considered using, for instance, simple
heuristics [25] or deep neural network-based solutions [28].

V. ADDITIONAL TRADEOFFS THROUGH HW RELAXATION
The use of a large number of APs opens another avenue to
relax the HW design. HW non-idealities of the APs translate
into additive noise, which can be approximated as Gaussian,
thanks to the law of large numbers. This fact has been
exploited in, e.g., [29], to work with low (mixed) ADC
resolutions. We show that, in our case, this can help relax the
quantization used on the FH links, hence further decreasing
the required FH bandwidth reported in Figs. 3 and 5.

FIGURE 7. Bit error probability for different DAC resolutions.

FIGURE 8. SNR loss w.r.t. bDAC and bFH (c3 split processing).

We consider next a DL CF mMIMO with 128 APs placed
along the perimeter of a 100 m × 100 m square, and 10 UEs
with OFDM parameters of the LTE use case listed in Table. 3,
assuming QPSK and (c3) functional split. The power control
coefficients are optimized for the worst-case sum spectral
efficiency subject to a maximum transmit power constraint
per AP.

VOLUME 12, 2024 150199



M. Munawar et al.: Performance and Architectural Tradeoffs in Scalable Cell-Free Massive MIMO

FIGURE 9. Power consumption w.r.t. DAC resolution.

To highlight the performance-complexity tradeoffs,
we first show the average bit error probability (BER) in
Fig. 7 for infinite resolution (see legend ‘Reference’) and
different DAC resolutions of the APs denoted as bDAC . The
figure clearly shows that even with very low DAC resolution,
the performance loss is limited. For instance, with 2-bits
DAC resolution, the same BER diversity is obtained with
roughly 1 dB signal-to-noise ratio (SNR) loss. This clearly
demonstrates that the relaxation of the DAC specifications
is promising to enable the deployment of cost-effective CF
mMIMO.

The reduced DAC resolution is particularly interesting to
further decrease the amount of the worst-case FH bandwidth
depicted in Figs. 3 and 5 by working at a lower FH resolution
bFH . We plot in Fig. 8 the relative SNR loss 1γ at BER =

10−6 with respect to the ideal SNR γREF when working with
finite DAC and/or FH resolutions.

First of all, it can be noticed that the resolution of the DAC
determines the best performance, and working at a relatively
higher FH precision bFH > bDAC does not necessarily
improve the performance. For instance, the operating point
given by bDAC = 2 and bFH = 4 yields 1γ ≈ 1 dB, which
is the same as bFH = ∞. However, operating at (bDAC = 2,
bFH = 2), the SNR gap is about 2.5 dB, amounting to roughly
1.5 dB loss compared to (bDAC = 2, bFH = 4). This is mainly
due to the fact that with the functional split (c3), the relatively
low FH resolution (bDAC = 2) is expected to have a higher
impact on the signal integrity that will undergo the IFFT and
pulse shaping processing before it can reach the DAC.

Furthermore, working with a smaller FH resolution than
bDAC incurs additional performance loss that amounts to e.g.,
≈1.2 dB for (bDAC = 4, bFH = 2). Therefore, increasing
the DAC resolution can help relax the FH BW requirements,
which can be inferred by comparing e.g., the SNR losses
obtained by the two designs, namely (bDAC = 4, bFH = 2)
and (bDAC = 2, bFH = 2). For instance, by tolerating
about 1 dB SNR loss when operating with bDAC = 4 and

bFH = 2, the DL FH bandwidth of the (c3) functional split
in Fig. 3 can be reduced by 75%. Similar conclusions can
be drawn for other functional splits (figures not included).
Therefore, significant complexity-performance tradeoffs can
be explored in the design space of the DAC and FH
resolutions.

While performance simulations can validate the operation
at reduced quantization accuracy, as illustrated in Figs. 7
and 8, an estimation of the related energy savings can be
performed based on power estimations of the system. Using
the model of [30] enables the estimation of the system power
consumption under different conditions. Fig. 9 illustrates
the corresponding effect of reduced quantization resolution
for a maximum transmit power of 20 dBm. While the
power amplifier (PA) is not affected, reducing quantization
accuracy strongly reduces the power consumption of digital
computations (see legend ’BaseBand’) as well as analog
front-end (see legend ’AFE’) power consumption via ADC
and DAC components. Note that the legend ’others’ in the
power model refers to power supply and scales proportionally
to the sum of all the other components.

These examples have very low power consumption for
the baseband part, which mainly comes from the limited
bandwidth of 20 MHz of the LTE system. The picture will
be different in future mm-wave systems with several GHz of
bandwidth. Future studies can build on updated models such
as [31] to assess the corresponding tradeoffs.

VI. CONCLUSION AND FUTURE DIRECTIONS
A. CONCLUSION
We first provide a generalized model for CF systems that
depicts all levels of processing, allows for an arbitrary number
of transmit and receive antennas at each AP and user, and
accommodates the transmission of multiple data streams
per user. Given this generalized per-user multistream trans-
mission system model, we study a novel energy efficiency
maximization problem where the number of data streams is
an optimization variable, in addition to other variables such as
power allocations, transmit digital filters at APs, and receive
digital filters at users for all data streams. We propose a
solution to optimize the number of data streams for each
user. More specifically, to handle the log-sum expression
coupled with the number of data streams, we introduce per-
data-stream weights as optimization variables and create a
one-to-one correspondence between performance and target
SE. This approach allows us to apply fractional programming
and convert our problem into a convex one. Based on these
solutions, we provide a multistep AO algorithm framework
and a detailed complexity analysis to facilitate future
comparative studies. Our numerical analysis demonstrates
that the worst-case scenario for CF systems is approximately
two times more energy-efficient than cellular systems. This
result provides an important driving factor when deciding
on a theoretical architecture for CF implementation with
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minimal hardware and computational costs while delivering
more efficient performance than cellular systems.

Additionally, we provide system-level insights and reveal
the main design and research challenges that the scientific
community, practitioners, and industries should focus on to
make CF mMIMO a reality. We have demonstrated that split
processing options, FH topology, and hardware relaxation
choices offer system designers promising optimization levers.

The massive number of APs can be seen as a complexity
bottleneck. However, we have shown that this also presents
significant complexity-performance trade-offs that can be
explored during the design phase to optimize end-to-end radio
access. Preliminary results for the considered setup reveal
substantial FH bandwidth savings through joint power control
and AP scheduling, as well as proper dimensioning of the
distributed APs’ DACs and FH resolution.

B. FUTURE DIRECTIONS
Considering power consumption at AP hardware, fronthaul,
and CPU in the calculation of energy efficiency gap analysis
compared to cellular systems can be easily incorporated
into our proposed algorithm. However, such an analysis
requires careful selection of power consumption values for
both CF and cellular networks, as standards have not yet
been defined. A possible approach is to consider a range
of power consumption values for mobile-grade components
in the CF architecture. Additionally, the formulated problem
(P1) in the context of distributed processing remains an open
and intriguing issue. Note that in distributed processing, each
AP performs local processing for filters with minimal or no
coordination with the CPU. Hence, it is interesting to analyze
whether it is feasible to achieve multistream transmission per
user in distributed processing or if a single stream per user is
more practical, given that local processing by APs can cause
interference with the same data stream for the same user.

Apart from these aspects, there are other system-level
factors that require careful analysis, such as synchronization,
financial feasibility of deploying massive distributed APs,
total energy efficiency, and UEs compatibility. For instance,
synchronization is crucial in cell-free networks, where all
APs ideally need to be precisely synchronized. Practically,
achieving this level of synchronization is challenging and
involve sophisticated technologies and protocols, which
result in performance and accuracy trade-offs.

Financially, deploying a cell-free network can be highly
demanding due to the large number of APs required, the
advanced equipment needed for synchronization, and the
high-capacity backhaul and fronthaul links. This financial
burden may limit deployment to areas with high economic
viability or where there are incentives for advanced network
infrastructure. Additionally, cell-free networks must be com-
patible with existing user equipment. This means the system
needs to ensure that user devices can effectively interact with
a large number of APs while supporting seamless handovers
and network coordination.

These are open research directions that require careful
consideration and further research to identify practical
solutions.

APPENDIX
COMPUTATIONAL COMPLEXITY ANALYSIS
Here, we provide a computational complexity analysis of
Algorithm 1. Specifically, we first determine the complexity
associated with each proposed solution. By summing the
complexities of all subproblems and multiplying by the
number of iterations that Algorithm 1 performs, we can then
determine the overall complexity of the algorithm.

• First, we address the computational complexity associ-
ated with the calculation of transmit and receive digital
filters, i.e., wk,l and fk,l . Specifically, in (3) and (4),
we have provided the calculation of transmit and receive
digital linear MMSE filters for each data stream using
the strongest generalized eigenvector. Note that the
matrices S and T for all k, l in (3) and (4) are rank-1
matrices. Therefore, the calculation of wk,l and fk,l for
all k, l in (3) and (4) essentially solves the Sv = λTv
eigenvalue problem. Although we can simply exploit a
MATLAB single-line command for this purpose, this
problem is usually solved using specialized algorithms
tailored for computing the dominant eigenvector of a
matrix pair. One common approach to efficiently solving
this problem is the Lanczos algorithm, an iterative
method capable of computing a few of the largest or
smallest eigenvalues and corresponding eigenvectors of
a large sparse matrix. The computational complexity of
the Lanczos algorithm is typically much lower than that
of general-purpose algorithms for eigenvalue problems.
For a rank-1 matrix pair (S,T), similar to our scenario,
the Lanczos algorithm can be particularly efficient as
it exploits the special structure of the problem. The
computational complexity of the Lanczos algorithm for
computing the dominant eigenvector of a matrix pair
is generally on the order of O(mN ), where m is the
number of Lanczos iterations required for convergence
and N is the size of the matrix. In our scenario, N is
Nt and Nr,k for wk,l and fk,l , respectively, resulting in
the computational complexity ofO(mNt ) andO(mNr,k ).
In practice, the Lanczos algorithm often converges
rapidly, especially for rank-1matrix pairs, so the number
of iterations required (and hence the computational
complexity) can be relatively low compared to methods
for more general eigenvalue problems. Other specialized
algorithms, such as power iteration or inverse iteration,
can also be used for computing the dominant eigenvector
of a rank-1 matrix pair, and they may have similar or
even lower computational complexity depending on the
specific problem characteristics.

• Now, we discuss the computational complexity associ-
ated with solving (P1.5) for λk,l . To analyze the Big O
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complexity of solving the (P1.5) using CVX, consider
the following details:
The problem involves minimizing the sum of power

K∑
k=1

min(Nt ,Nr,k )∑
l=1

pk,l

subject to various constraints. Specifically, the con-
straints include:
– Inequality constraints of the form

pk,lek,l − (2λk,l − 1)(rk,l + qk,l + σ 2) ≥ 0

which apply to each k and l.
– Equality constraints requiring

min(Nt ,Nr,k )∑
l=1

λk,l = λk

for each k .
In terms of the number of variables, there are
K∑
k=1

min(Nt ,Nr,k ) variables for λk,l . The number of

constraints includes
K∑
k=1

min(Nt ,Nr,k ) inequality con-

straints and K equality constraints resulting in a total of

approximately 2(
K∑
k=1

min(Nt ,Nr,k )) + K constraints.

When solving such convex optimization problems using
interior-point methods, which are commonly employed
by CVX, the complexity is generally polynomial in the
number of variables and constraints. The complexity of
these methods is typically denoted as O(n3.5), where n
represents the number of variables and constraints [18].
Hence, given that the number of variables and con-

straints is 2
( K∑
k=1

min(Nt ,Nr,k )
)

+ K the complexity of

solving the problem using CVX is

O

([
2
( K∑
k=1

min(Nt ,Nr,k )) + K
]3.5)

.

• Now, we discuss the computational complexity associ-
ated with the calculation of power allocations in (5).
Note that we provide a closed-form solution to calculate
the power allocations in (5). Given the closed-form
solution, it is possible to calculate the exact FLOPs
for this solution. First, let us examine the FLOPs of
each expression |fHk,lH

H
k wj,l |

2. Since the calculation of
J−1 and � requires the calculation of these expressions,
which are further used to calculate the power allocations,
we can break down the computation step by step:
1. Compute the matrix-vector multiplication Hw. This
operation requires Nr,k × Nt complex multiplications
and Nr,k × Nt − 1 complex additions. 2. Compute
the inner product f (Hw). This operation requires Nr,k
complexmultiplications andNr,k−1 complex additions.
3. Take the absolute value of the result, |fHw|. This
requires one complex multiplication and one square root

operation (or the equivalent of a complex absolute value
operation). 4. Finally, squaring the absolute value gives
|fHw|

2, which does not involve any additional FLOPs
as it is just a multiplication operation.
So, the total number of FLOPs is 2Nr,kNt + 2Nr,k + 1.
This expression accounts for the FLOPs required for the
matrix-vector multiplication, the inner product, and the
absolute value operation.

Now, there are
K∑
k=1

Lk number of |fHk,lH
H
k wj,l |

2 expres-

sions in the calculation for J−1, i.e., the diagonal matrix,

and
(

K∑
k=1

Lk

)2

−

K∑
k=1

Lk expressions in �, i.e., the

non-diagonal matrix. Hence, the total FLOPs for (5),
i.e., power allocations, are

(
2Nr,kNt + 2Nr,k + 1

)
×(

K∑
k=1

Lk

)
2
+

(
K∑
k=1

Lk

)
2
+

K∑
k=1

Lk (Nt − 1)
K∑
k=1

LkNt .

• Considering the complexities of each component and
multiplying by the number of iterations, we obtain the
total complexity of Algorithm 1:

i
[
O(mNt ) +O(mNr ) +

(
2Nr,kNt + 2Nr,k + 1

)
×

(
K∑
k=1

Lk

)2

+

(
K∑
k=1

Lk

)2

+

K∑
k=1

Lk (Nt − 1)
K∑
k=1

LkNt

+ O

[2( K∑
k=1

min(Nt ,Nr,k )

)
+ K

]3.5], (7)

where i denotes the number of iterations in Algorithm 1.
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