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Abstract—Federated learning (FL) has been considered as
a promising learning framework for future machine learning
systems due to its privacy preservation and communication
efficiency. In beyond-5G/6G systems, it is likely to have multiple
FL groups with different learning purposes. This scenario leads
to a question: How does a wireless network support multiple FL
groups? As an answer, we first propose to use a cell-free massive
multiple-input multiple-output (MIMO) network to guarantee
the stable operation of multiple FL processes by letting the
iterations of these FL processes be executed together within a
large-scale coherence time. We then develop a novel scheme that
asynchronously executes the iterations of FL processes under
multicasting downlink and conventional uplink transmission
protocols. Finally, we propose a simple/low-complexity resource
allocation algorithm which optimally chooses the power and
computation resources to minimize the execution time of each
iteration of each FL process.

I. INTRODUCTION

The concept of federated learning (FL), which was first
introduced in [1], proposed the radical idea of “not sending
raw data to third party companies during learning processes”.
It is definitely one shot with multiple critical goals including
privacy preservation and communication efficiency. Since then,
FL has quickly become an innovation trend for digital systems
with a wide range of applications, such as healthcare and self-
driving cars to name but a few [2], [3]. In FL, many users
(UEs) cooperate to implement the learning. More specifically,
first, each UE collects the data and trains a learning model
locally. This local learning model will be sent to the central
server. The central server then uses all local training models
from all UEs to compute the global update, which is then sent
back to the UEs for their further local training updates. This
process is done iteratively until a certain learning accuracy
level is achieved. In many scenarios, the above iterative
process needs to be implemented over a wireless network.
Thus, designing a good wireless framework to support FL is
of particular importance.

There are several works on the implementation of FL over
wireless networks, such as [4]–[6] and references therein.
These works can be classified into learning-oriented and
communication-oriented directions. The first direction con-
tributes to improving learning performance (i.e., test accuracy)
by reducing the detrimental impacts of wireless networks, such
as thermal noise, fading, and estimation errors, on FL [4],
[5]. The second direction contributes to reducing the time (in
sections) of an FL process executed over wireless networks by
optimally designing communication schemes [6]. However, all
above works considered the case of a single FL group.

It is foreseen that future wireless FL systems will include
multiple FL groups, where multiple groups of UEs with
different learning purposes participate in multiple FL processes
and get the learning results within a short period of time.
To support multiple FL groups, a wireless network needs to
simultaneously provide very high quality of service (high data
rate and high communication reliability) to all UEs in all FL
groups. This is a very challenging exercise and requires a
suitable wireless communication framework. To the best of
our knowledge, there has not been any work studying wireless
networks supporting multiple FL groups in the prior literature.

Paper Contribution: Following the communication-oriented
direction, this work proposes a novel communication scheme
to support multiple FL groups. We first propose using cell-free
massive MIMO (CFmMIMO) and let multiple iterations (each
corresponds to a FL process of a group) be executed in one
large-scale coherence time1. Thanks to the high array gain,
multiplexing gain, and macro-diversity gain, CFmMIMO can
provide very good quality of services for all users in the area
of interest [7], and hence, it is expected to guarantee a stable
operation of each iteration and then the whole FL process.
A specific transmission protocol is proposed where the steps
within one FL iteration, i.e., downlink transmission, computa-
tion at UEs’ devices, uplink transmission, are asynchronous.
The downlink follows the multicasting protocol, while the
uplink follows the conventional multiuser transmission. We
then propose an algorithm to allocate transmit power and
processing frequency to reduce the execution time of each FL
iteration of each FL group. Numerical results show that our
proposed scheme significantly reduces the FL execution time
compared to baseline schemes, and confirm that CFmMIMO
is a better choice than colocated massive MIMO with the same
maximum ratio technique for supporting multiple FL groups.

II. PROPOSED SCHEME AND SYSTEM MODEL

A. Multiple Federated Learning Framework
We consider a multiple FL system, where a central server

supports N FL groups. The n-th group has Kn single-antenna
UEs. We assume that each UE participates only in one FL
group. The FL frameworks of all groups can be different in
terms of loss functions but share the same four steps in each
iteration as follows [1], [8]:
(S1) A central server sends a global update to all the UEs of

each group.
1Large-scale coherence time is defined as a time interval where the large-

scale fading coefficient remains reasonably invariant.
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(S2) With the received global update, each UE updates and
solves its local learning problem over its local data and
then computes its local update.

(S3) Each UE sends its computed local update to the central
server.

(S4) The central server computes the global update by aggre-
gating the received local updates.

The above process will be done iteratively until a certain
learning accuracy level is achieved.
B. CFmMIMO-based Multiple-FL System Model

To support multiple learnings discussed in Section II-A,
we propose to use CFmMIMO, i.e. Steps (S1) and (S3) of
each learning iteration can be done via the downlink and the
uplink of a CFmMIMO system, respectively. Our proposed
CFmMIMO-based multiple-FL system includes M single-
antenna APs simultaneously serving N FL groups in the
same frequency bands under TDD operation. All the APs
are connected to the central processing unit (CPU) (i.e., the
central server) via high-capacity backhaul links, and thus, the
transmission times between the CPU and all the APs are
negligible.

We assume that each FL iteration of each FL group is
executed within a large-scale coherence time. This assumption
is reasonable since in many scenarios, the execution time of
one FL iteration is smaller than the large-scale coherence
time [6]. With this assumption, we then propose a specific
transmission protocol to support the learnings of N FL groups
for each FL iteration as shown in Fig. 1 (a). First, all groups
start their FL iterations at the same time when the APs switch
to a downlink mode. During this mode, all APs simultaneously
send the global updates from the CPU to all users in all
groups (corresponding to Step (S1)). Each user will start its
local computation if it receives enough global training update
(corresponding to Step (S2)). Then, the APs switch to an
uplink mode immediately after the receptions of the global
training update are completed at all the UEs. During this mode,
the users will send their computed local update to the APs (and
hence, the CPU) (corresponding to Step (S3)) if they finish the
local computation. Since the APs cannot transmit and receive
at the same time, the UEs that already finished their uplink
transmission will have to wait until all other UEs complete
their transmission to start their new FL iterations.

The global and local updates in Steps (S1) and (S3) can be
transmitted in one or multiple (small-scale) coherence times
based on their sizes, as shown in Fig. 1(b). Each coherence
block in Step (S1) (or (S3)) includes the channel estimation
phase and the downlink (or uplink) payload data phase.

Assume that at a particular time, there are N iterations
of N FL groups being served. Let M , {1, . . . ,M},
N , {1, . . . , N}, and Kn be the sets of APs, groups, and the
indices of the UEs in group n, respectively. In the following,
we will present the details of each step.

1) Step (S1): In this step, the CPU wants to send the
global updates to all users in all groups. This can be done
through the downlink transmission. Since the UEs of each
group receive the same global update, we propose to use a
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Fig. 1. (a): Illustration of FL iterations over the considered CFmMIMO
network with two groups n, n′ and two UEs for each group. (b): Detailed
operation of one FL iteration of each group.

multicast transmission with a co-pilot assignment for channel
estimation. Each coherence block of this step includes 2 main
phases: uplink channel estimation and downlink multicasting.

Uplink channel estimation: In each coherence block of
length τc symbols, all the UEs of a given group send the
same pilot of length τcp symbols to the CPU [9]. We assume
that the pilots of N groups are pairwisely orthogonal, which
requires τcp ≥ N . Denote by gmnk

= (βmnk
)1/2g̃mnk

the
channel from UE k of group n to AP m, where βmnk

and g̃mnk
∼ CN (0, 1) are the large-scale fading and small-

scale fading coefficients, respectively. At AP m, gmnk
is

estimated by using the received pilot signals together with the
minimum mean-square error (MMSE) estimation technique.
By following [9], we can obtain the MMSE estimate of gmnk

as ĝmnk
which is distributed according to CN (0, σ̂2

mnk
), where

σ̂2
mnk

=
τcpρp(βmnk

)2

τcpρp
∑

`∈Kn
βmn`

+1 .
Downlink multicasting: Since the global training updates

for all users in a given group are the same, the CPU en-
codes the global training update intended for the UEs of
group n into the same symbol sd,n and sends all symbols
sd,n,∀n∈N , to all the APs, where E{|sd,n|2} = 1 and E
is an expectation operator. After receiving the symbols from
the CPU, the APs use conjugate beamforming to precode
these symbols. The transmitted signal at AP m is thus given
as xd,m=

√
ρd
∑
n′∈N

∑
n′
`∈Kn′

√
ηmn′ ĝ∗mn′

`
sd,n′ , where ρd is

the maximum normalized transmit power at each AP and
ηmn′ ,∀m ∈ M, n′ ∈ N , is a power control coefficient
associated with AP m and FL group n. The transmitted power
at AP m is required to meet the average normalized power
constraint, i.e., E{|xd,m|2} ≤ ρd, which can be expressed as
the following per-AP power constraint:∑

n∈N

∑
nk∈Kn

σ2
mnk

ηmn ≤ 1,∀m ∈M . (1)

By following [10, Proposition 1], we can obtain the achiev-
able rate Rd,nk

(ηηη) for UE k of group n given in (2) shown at
the top of the next page, where ηηη , {ηmnk

}m∈M,n∈N ,k∈Kn
,
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and B is the bandwidth.
Downlink delay: Let Sd,n (bits) be the data size of the

global training update of group n. The transmission time from
the APs to UE k in group n is given by

td,nk
(ηηη) =

Sd,n
Rd,nk

(ηηη)
. (3)

2) Step (S2): In this step, after receiving the global update
from the APs in Step (S1), all the UEs run the same number
of local computation L over their local data sets to compute
local updates.

Computation delay: Denote by cnk
(cycles/sample) the

number of processing cycles for a UE k to process one data
sample, which is known a priori by an offline measurement
[8]. Let Dn (samples) and fnk

(cycles/s) be the size of the
local data set and the processing frequency of the UE k of
group n, respectively. The time for local computation at UE
k of group n is then given by [6], [8]

tC,nk
(fnk

) =
LDncnk

fnk

. (4)

3) Step (S3): In this step, each UE sends its local update
to the CPU. This is done via the uplink transmission which
include two main phases (uplink channel estimation and uplink
data transmission) per coherence block.

Uplink channel estimation: Since each UE sends a distinct
local update, a dedicated pilot assignment scheme (i.e. pilot
sequences assigned for all UEs are pairwisely orthogonal)
for channel estimation is assumed to use. The orthogonality
assumption simplifies the analysis and enables us to evaluate
the performance of our proposed CFmMIMO-based multiple-
FL system. The case of non-orthogonal pilots is left for future
work. Let τdp be the pilot length. Then, with a dedicated pilot
assignment scheme, we need to have that τdp ≥

∑
n∈N Kn.

The corresponding MMSE estimate ḡmk of gmnk
is distributed

according to CN (0, σ̄2
mnk

), where σ̄2
mnk

=
τdpρp(βmnk

)2

τdpρpβmnk
+1 [7].

Uplink payload data transmission: After sending the
pilots for the channel estimation, each user will send its local
update to the CPU. The signal transmitted from UE k of
group n is given by xu,nk

=
√
ρuζnk

su,nk
, where su,nk

,
with E{|su,nk

|2} = 1, is the associated symbol, ρu is the
maximum normalized transmit power at each UE, and ζn is
the power control coefficient. The power control coefficients
are chosen so that the average transmit power is constrained,
i.e., E

{
|xu,nk

|2
}
≤ ρu, which can be expressed through a

per-UE power constraint as
ζnk
≤ 1,∀n ∈ N , nk ∈ Kn . (5)

Using the signals received from all the UEs, the APs use the
channel estimates to compute and send match-filtered signals
to the CPU for detecting the UEs’ message symbols. The
achievable rate Ru,nk

(ζζζ) (bps) of UE k in group n is given
by (6) [7, Eq. (27)], shown at the top of the next page, where
ζζζ , {ζnk

}n∈N ,k∈Kn

Uplink delay: Denote by Su,n (bits) the data size of the
local training update of group n. The transmission time (uplink
delay) from UE k of group n to the APs is given by

tu,nk
(ζζζ) =

Su,n
Ru,nk

(ζζζ)
. (7)

Remark 1. We want to emphasize that the achievable down-
link and uplink rates given in (2) and (6), respectively, are
obtained under the case that all users participate in the
transmission. However, as we can see from the transmission
protocol in Fig. 1, for a given time, some users may have
finished their transmission, and hence, do not participate in
the downlink or uplink transmission with other users at the
same time. This will not cause any issue with our design since
the rates (2) and (6) are still achievable under this case.

4) Step (S4): After receiving all the local updates, the CPU
computes its global update. Since the CPU computational
capability is far more powerful than that of the UEs, the delay
of computing the global update is assumed as negligible.

III. PROBLEM FORMULATION AND SOLUTION

Reducing the learning time is one of the key targets of wire-
less communications-based FL systems. Thus, in this section,
we propose to allocate the transmit powers and processing
frequency to minimize the time of one FL iteration of every
group.2 As shown in Fig. 1, at the current iteration, every
group needs to wait until all groups finish their iterations to
start a new iteration. Therefore, the time of one FL iteration
of every group is the longest delay caused by one UE in the
network. Therefore, we formulate an optimization problem as
follows:

min
ηηη,fff,ζζζ

max
n∈N

max
nk∈Kn

(
td,nk

(ηηη) + tC,nk
(fnk

) + tu,nk
(ζζζ)
)

(8a)

s.t. (1), (5)
0 ≤ ηmn, 0 ≤ ζnk

,∀m,n, nk (8b)
0 ≤ fnk

≤ fmax,∀n, nk (8c)

max
n∈N

max
nk∈Kn

td,nk
≤min
n∈N

min
nk∈Kn

(
td,nk

+tC,nk

)
, (8d)

where fff , {fnk
}n∈N ,nk∈Kn

. Here, (8d) is introduced to
ensure that every UE sends its local update during the uplink
mode of the APs. In particular, it models the scenario that
the UE, which finishes its downlink transmission and local
computation the earliest, starts its uplink transmission after
the UE, which finishes its downlink transmission the latest,
starts its local computation (as seen in Fig. 1(a)).

The problem (8) can be rewritten in an epigraph form as
min
xxx

a (9a)

s.t. (1), (5), (8b)
rd,nk

≤ Rd,nk
(ηηη),∀n, nk (9b)

ru,nk
≤ Ru,nk

(ζζζ),∀n, nk (9c)
0 ≤ rd,nk

, 0 ≤ ru,nk
,∀n, nk (9d)

Sd,n
rd,nk

+
LDncnk

fnk

+
Su,n
ru,nk

≤ a,∀n, nk (9e)

b ≤ q (9f)
Sd,n
rd,nk

≤ b,∀n, nk (9g)

2In general, the objective should be the time of the whole FL process of
every group. However, minimizing this time is very challenging and somehow
impractical due to sophisticated synchronization requirements. In addition,
reducing the learning time of each iteration will also lead to a reduction in
the learning time of the whole FL processing.
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Rd,nk
(ηηη) =

τc − τcp
τc

B log2

(
1 +

ρd
(∑

n`∈Kn

∑
m∈M η

1/2
mn σ̂mnk

σ̂mn`

)2
ρd
∑
n′∈N

∑
m∈M ηmn′βmnk

(∑
n′
`∈Kn′ σ̂mn′

`

)2
+ 1

)
, (2)

Ru,nk
(ζζζ) =

τc − τdp
τc

B log2

(
1 +

ρuζn
(∑

m∈M σ̄2
mnk

)2
ρu
∑
n′∈N

∑
`∈Kn′ ζn′

`

∑
m∈M σ̄2

mnk
βmn′

`
+
∑
m∈M σ̄2

mnk

)
, (6)

q ≤ q1,nk
+ q2,nk

,∀n, nk (9h)
0 ≤ q1,nk

, 0 ≤ q2,nk
,∀n, nk (9i)

q1,nk
≤ Sd,n
rd,nk

,∀n, nk (9j)

q2,nk
≤ LDncnk

fnk

,∀n, nk, (9k)

where xxx , {ηηη,fff,ζζζ, rrrd, rrru, a, b, q, qqq1, qqq2}, rrrd = {rd,nk
}, rrru =

{ru,nk
}, qqq1 = {q1,nk

}, qqq2 = {q2,nk
},∀n ∈ N , nk ∈ Kn,

and rrrd, rrru, a, b, q, qqq1, qqq2 are additional variables. Here, (9f)–
(9k) follow from (8d). If we let vvv , {vmn}m∈M,n∈N and
uuu , {unk

}n∈N ,nk∈Kn
with

vmn , η1/2mn , unk
, ζ1/2nk

,∀m,n, nk, (10)
the problem (9) is, then, equivalent to

min
x̂xx

a (11a)

s.t. (9d)− (9k)
rd,nk

≤ Rd,nk
(vvv),∀n, nk (11b)

ru,nk
≤ Ru,nk

(uuu),∀n, nk (11c)∑
n∈N

∑
k∈Kn

σ2
mnk

v2mn ≤ 1,∀m (11d)

u2nk
≤ 1,∀n, nk (11e)

0 ≤ vmn, 0 ≤ unk
,∀m,n, nk, (11f)

where x̂xx , {xxx,vvv,uuu} \ {ηηη,ζζζ}; (11b), (11c) follow (9b), (9c),
while (11d)–(11e) follow (1), (5), (8b). The functions in the
right-hand sides of the nonconvex constraints (9j) and (9k)
have the following concave lower bounds:

h1,nk
(rd,nk

) , Sd,n

( 2

r
(i)
d,nk

− rd,nk

(r
(i)
d,nk

)2

)
≤ Sd,n
rd,nk

, (12)

h2,nk
(fnk

) , LDncnk

( 2

f
(i)
nk

− fnk

(f
(i)
nk )2

)
≤ LDncnk

fnk

. (13)

For the nonconvex constraints (11b) and (11c), Rd,nk
(vvv) has

a concave lower bound R̃d,nk
(vvv), which is given by [6]

R̃d,nk
(vvv) ,

τc − τcp
τc log 2

B
[

log
(

1 +
(Υ

(i)
nk)2

Π
(i)
nk

)
− (Υ

(i)
nk)2

Π
(i)
nk

+ 2
Υ

(i)
nkΥnk

Π
(i)
nk

−
(Υ

(i)
nk)2(Υ2

nk
+ Πnk

)

Π
(i)
nk((Υ

(i)
nk)2 + Π

(i)
nk)

]
≤ Rd,nk

(vvv), (14)

where Πnk
(vvv) = ρd

∑
n′∈N

∑
m∈M v2mn′βmnk

(∑
n′
`∈Kn

σ̂mn′
`

)2
+ 1, and Υnk

({vmn}m∈M) =
√
ρd
∑
n`∈Kn

∑
m∈M

vmnσ̂mnk
σ̂mn`

. Similarly, Ru,nk
(uuu) has a concave lower

bound R̃u,nk
(uuu), which is expressed as

R̃u,nk
(uuu) ,

τc − τdp
τc log 2

B
[

log
(

1 +
(Ψ

(i)
nk)2

Ξ
(i)
nk

)
− (Ψ

(i)
nk)2

Ξ
(i)
nk

+ 2
Ψ

(i)
nkΨnk

Ξ
(i)
nk

−
(Ψ

(i)
nk)2(Ψ2

nk
+ Ξnk

)

Ξ
(i)
nk((Ψ

(i)
nk)2 + Ξ

(i)
nk)

]
≤ Ru,nk

(uuu), (15)

where Ξnk
(uuu)=ρu

∑
n′∈N

∑
n′
`∈Kn′ u

2
n′
`

∑
m∈M σ̄2

mnk
βmn′

`
+

Algorithm 1 Solving problem (8)

1: Initialize: Set i=0 and choose a random point x̂xx(0)∈F .
2: repeat
3: Update i = i+ 1
4: Solving (20) to get its optimal solution x̂xx∗

5: Update x̂xx(i) = x̂xx
∗

6: until convergence
Output: (ηηη∗, ζζζ∗, fff∗)∑
m∈M σ̄2

mnk
, and Ψnk

(unk
) =
√
ρuunk

(
∑
m∈M σ̄2

mnk
).

As such, (9j), (9k), (11b), and (11c) can be approximated
respectively by the following convex constraints:

q1,nk
≤ h1,nk

(rd,nk
),∀n, nk, (16)

q2,nk
≤ h2,nk

(fnk
),∀n, nk, (17)

rd,nk
≤ R̃d,nk

(vvv),∀n, nk, (18)

ru,nk
≤ R̃u,nk

(uuu),∀n, nk. (19)
At iteration (i + 1), for a given point x̂xx(i), problem (11)
(and hence, (9)) can finally be approximated by the following
convex problem:

min
x̂xx∈F̃

a (20)

where F̃ ,{(9d)− (9i), (11d)− (11f), (16)− (19)} is a convex
feasible set.

In Algorithm 1, we outline the main steps to solve problem
(8). Let F , {(1), (5), (8b) − (8d)} be the feasible set of
(8). Starting from a random point x̂xx ∈ F , we solve (20) to
obtain its optimal solution x̂xx∗, and use x̂xx∗ as an initial point in
the next iteration. The algorithm terminates when an accuracy
level of ε is reached. In the case when F̃ satisfies Slater’s
constraint qualification condition, Algorithm 1 will converge to
a Karush-Kuhn-Tucker (KKT) solution of (11) [11, Theorem
1]. In contrast, Algorithm 1 will converge to a Fritz John (FJ)
solution of (11). By using the variable transformation (10), it
can be seen that the KKT (resp. FJ) solution of (11) satisfies
the KKT (resp. FJ) conditions of (9) and (8).

IV. NUMERICAL EXAMPLES

A. Network Setup and Parameter Setting
Consider a CFmMIMO network, where the APs and UEs

are randomly located in a square of D×D km2. The distances
between adjacent APs are at least 50 m. We set τc = 200
samples. The large-scale fading coefficients, i.e., βmnk

, are
modeled in the same manner as [12, Eqs. (37), (38)]. For ease
of presentation, all groups have the same number of UEs, i.e.,
Kn = K,∀n. The total number of UEs is thus NK. We choose
τcp=N , τdp=NK, Sd=Su=5 MB, noise power σ2

0 =−92
dBm, L = 50, fmax = 3×109 cycles/s, Dn = 5×106 samples,
cnk

= 20 cycles/samples [8], for all n, nk, α = 2 × 10−29.
Let ρ̃d = 1 W, ρ̃u = 0.2 W and ρ̃p = 0.2 W be the maximum
transmit power of the APs, UEs and uplink pilot sequences,
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Fig. 2. Comparison among the proposed approach and baselines (K = 8
(users per group), N=3 groups, and D = 0.5 km).
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Fig. 3. Comparison among the proposed approach and baselines (M = 80
(antennas), N=3 groups, D = 0.5 km).

respectively. The maximum transmit powers ρd, ρu and ρp are
normalized by the noise power.

B. Results and Discussions
To evaluate the effectiveness of our proposed scheme

(Joint OPT CF), we consider the following baseline schemes
• Separate OPT CF: Processing frequencies fff are opti-

mized first, given the same downlink power to all groups,
i.e., ηmn

∑
nk∈Kn

σ2
mnk

= 1/N,∀n and the transmitted
power of each UE is ηnk

= 1,∀n, nk. The optimized
values of fff are then used as the input for optimizing ηηη
and ζζζ.

• Joint OPT Co: For the same setting and number of an-
tennas, we apply our Algorithm. 1 for colocated massive
MIMO (mMIMO), which is a special case of CFmMIMO
where all the APs are collocated at a base station in the
center of the considered square.

Figs. 2 and 3 compare the time of one FL iteration with
the considered schemes. As seen, Algorithm 1 gives the best
performance. Specifically, compared to Separate OPT CF, the
time reductions by Algorithm 1 are up to 66% with M = 20,
K = 8, and up to 64% with M = 80, K = 10. The figures not
only demonstrate the noticeable advantage of a joint allocation
of power and processing frequency, but also show the benefit
of using massive MIMO to support FL. Thanks to massive
MIMO technology, the data rates of each UE increases when
the number of antennas (i.e., APs) increases, leading to a
decrease of 40% in the execution time of one FL iteration
as shown in Fig. 2.

Figs. 2 and 3 also show that CFmMIMO significantly
outperforms colocated mMIMO. In particular, the reduction

in the time of one FL iteration is by up to 87% with
M = 80, K = 10. This is reasonable because CFmMIMO,
with antennas distributed over a geographic area, is likely to
suffer less from UEs with unfavorable links than colocated
mMIMO. Higher coverage probability and lower training time
are thus expected.

V. CONCLUSION

This work has proposed a novel scheme with CFmMIMO as
a solution for future wireless networks to support multiple FL
groups. Using successive convex approximation techniques,
we have also successfully proposed an algorithm to allocate
power and processing frequency in order to optimally reduce
the training time of each FL iteration. Numerical results
showed that our proposed algorithm significantly reduces the
time of each FL iteration over the baseline schemes. They
also confirmed that with the same maximum ratio technique
to support multiple FL groups, CFmMIMO is a better choice
than colocated mMIMO.
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