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Abstract—Straggler effect is the main bottleneck in realizing
federated learning (FL) in wireless networks. This work proposes
a novel user (UE) selection approach to mitigate this effect with
UE sampling in cell-free massive multiple-input multiple-output
networks. Our proposed approach selects only a small subset
of UEs for participating in one FL process. Importantly, since
the UEs are selected before any FL process is executed, the
performance of FL during the executing time is not affected by our
method. Here, we select UEs by solving an FL transmission time
minimization problem that jointly optimizes UE selection, power
control, and data rate. The problem is formulated to capture the
complex interactions among the FL training time, UE selection,
and straggler effect. This mixed-integer mixed-timescale stochastic
nonconvex problem is constrained by the minimum number of
UEs to guarantee the quality of learning. By employing online
successive convex approximation, we propose a novel algorithm
to solve the formulated problem with guaranteed convergence
to the neighbourhood of their stationary points. Our approach
can significantly reduce the FL transmission time over baseline
approaches, especially in the networks that experience serious
straggler effect due to the moderately low density of access points.

Index Terms—Cell-free massive MIMO, federated learning, user
selection.

I. INTRODUCTION

Recently, federated learning (FL) has been considered to
be a communication-efficient and privacy-reserved solution to
train artificial intelligent models at mobile devices in wireless
networks [1]. By definition, an FL process is an iterative
process in which users (UEs) use their local data to compute
training updates, and send the updates to a central server. The
central server then aggregates these updates to compute a global
training update, and finally send the global training update
back to all the UEs. However, the central server needs to wait
until receiving the training updates from all the UEs before
processing any next step. As such, some straggler UEs who
have unfavorable links may dramatically slow down the whole
FL process. This is called “straggler effect”, which is the main
bottleneck in realizing FL in wireless networks.

For mitigating the straggler effect, several solutions have
been proposed in [2]-[5] but not yet sufficiently effective.
Specifically, [2], [3] propose heuristic UE sampling schemes
to select a subset of UEs for uploading the local updates to the
central server. These techniques mitigate the straggler effect by
reducing the probability of straggler UEs participating in an FL
process. However, they are not always effective because there is
a chance that sampled UEs are straggler UEs. On the other hand,
the optimal/suboptimal UE selection approaches to mitigate the
straggler effect are developed in [4], [S]. In spite of that, the
time-division multiple access and frequency-division multiple
access networks in [4], [S] might not be suitable to support

FL. The FL training time in these networks could be drastically
prolonged when the number of UEs is large.

Paper Contribution:' This paper consider cell-free massive
multiple-input multiple-output (CFmMIMO) networks, which
have recently been known as a promising candidate to sup-
port FL [7]. Because of their macro-diversity gain, favorable
and channel hardening property, the stable operation of an
FL process is guaranteed by using a communication scheme
proposed in [7]. Here, we propose an UE selection approach to
mitigate the straggler effect for a general FL framework with UE
sampling [2], [3]. In our approach, UEs are selected by solving
an FL transmission time minimization problem that captures
the complex interaction among the training time, straggler
effect, and UE selection. This mixed-integer mixed-timescale
stochastic nonconvex problem jointly optimizes UE selection,
power control, and data rate. It is also subjected to the practical
constraints on the minimum number of UEs to guarantee the
quality of learning. Upon using the online successive convex
approximation techniques, we develop a novel algorithm that
converges to the neighbourhoods of the stationary points of the
formulated problem. Numerical results show that our proposed
UE selection approach reduces the FL transmission time more
than half, compared to the baseline schemes, especially in the
networks that have a moderately low density of access points.

II. CELL-FREE MASSIVE MIMO SYSTEM MODEL TO
SUPPORT WIRELESS FEDERATED LEARNING

A. UE Selection Model

Let N be the total number of UEs. Denote by a; an indicator
variable that shows whether a UE k € N' £ {1,...,N} is
selected to take part in an FL process or not, i.e.,

A |1, if UE kK is selected,
ay = . (1
. 0, otherwise.
Let NV be the set of selected UEs to participate in an FL process,

ie., -

_ N = {kla = 1,Yk € N}, 2
and N £ > ken ak is the size of V. Given the binary values
of {ax}ren, (2) can be rewritten as:

N is the index set of rnd(IV) largest elements of @,  (3)
where @ £ [a1,...,ay]”, and rnd(N) is the nearest integer of
N. Note that when the elements of a are binary, (3) is equivalent
to (2). When they are not binary, they can be considered as
priority weights for UEs. In the latter case, (3) includes the
UEs that have highest priority weights, and hence, is equivalent

!'The extended version of this work was submitted for publication to the IEEE
Transactions on Wireless Communications [6].



to (2) in this sense. Here, (3) is used to assist our UE selection
approach, which is discussed later in Section IV-3.

B. The General FL Framework with UE Sampling [2], [3]

After UEs are selected, an FL process starts with selected
UEs. Here, we consider the process that has a general FL
framework with UE sampling [2], [3]. This process includes
the four steps:

(S1) The central server sends the global downlink (DL) training
update to all N selected UEs, and choose randomly a
subset S of K < N UEs with replacement according
to the sampling probabilities {p1,...,p5}

(§2) The UEs in s update and solve their local machine
learning (ML) problems on their local data set and then
compute the local uplink (UL) training update

(S3) The UEs in 8™ send their computed local UL training
updates to the central server

(S4) The central server computes the global DL training update
by aggregating the received UL training updates.

The process continues and terminates when a global accuracy

is obtained.

C. CFmMIMO System Model

To support the FL framework discussed above, we consider
a CFmMIMO network where the given set N of UEs (i.e., the
clients) and CPU (i.e, the central server) are connected via a set
of APs M ={1,..., M} [8]. The UEs connect to the APs via
wireless links, while the APs connect to the CPU via backhaul
links with sufficient capacities.

1) UL channel estimation: UL pilot sequences are sent by all
the UEs to all the APs simultaneously. Denote by 7. the number
of samples of each coherence block, and by 7; (samples) the
length of one pilot sequence. Let /7; ¢, € C™*! be the pilot
sequence transmitted from UE k € N, where || ¢, ||>=1,Vk €
N. Denote by gy = (Bmk)'/2Gmr the channel from UE k to
AP m, where B, and g ~ CN(0,1) are the large-scale
fading and small-scale fading channel coefficients, respectively.
At AP m, g, 1s estimated by using the received pilots and the
minimum mean-square error (MMSE) estimation. The MMSE
estimate gy, Of gy is distributed according to CN(0,02,,),

7t (Bmk)> [8]
ZZENTtPtB'nLZl‘PkHLPEPJ'_l )

2) Step (S1): The CPU encodes the global DL training
update intended for UE k into a symbol sq 4 ~ CN(0,1), and
sends all the symbols s4,Vk € N, to all the APs. Denote
by Sq (bits) and Rgj (bps) the data size of the global DL
training update and the data rate of sending the global DL
training update to UE k, respectively. The transmission time
from the CPU to all the APs is giyen by

axSq
tap(a,Ry) = kXN

arRak’

where Rd £ [Rd,h PN ,Rd7N}T.ZkeN 7
To transmit the symbols received from the CPU, the APs
first use conjugate beamforming to precode these symbols.
Then, the precoded versions will be broadcasted to all the
UEs. Specifically, the transmitted signal at AP m is given as
Ta,m=/Pd ) _pen /Tmk(Gmk)* 5,k Where pg is the maximum
normalized transmit power at each AP and 7, Vm € M,k €
N, is a power control coefficient. The transmitted power at AP
m is required to meet the average normalized power constraint,

2 _
where o7, =

“

i.e., E{|xq,m|>} < pa, which can be expressed as the following
per-AP power constraint:

Y Toukthmk < 1,Ym. 5)

keN
Since no power shouled be allocated to the unselected UEs, we

have
Vk € N :if a;, = 0, then Vm € M, 1, = 0. (6)

At UE k, the achievable DL rate (bps) is [8]

Ry <hgir(n), (7N
where n £ {Nmk tmem, ken and hg (1) is given in (8) shown
at the top of the next page [8], and B is the bandwidth. The
transmission time from the APs to UE g is given by
agOd
R’ ©))

3) Step (S3): For given a, 1et~8(") C N be the set of K UEs
randomly sampled from the set NV, using the UE sampling tech-
niques [2], [3]. Here, this set is chosen by randomly sampling
UE with replacement according to the sampling probabilities
{p1,...,p5}. Denote by by an indicator showing whether UE
k is sampled or not, i.e.,

1, ifkes™
0, otherwise,

After computing a local UL training update, UE k € S ()
encodes this update into a symbol s, x~CN(0,1), and allocates
a transmit amplitude value /p,(j to this symbol. A baseband
signal i.e., Tyr = v/ pPulkSuk, 1S then sent to all the APs,
and subjected to the average transmit power constraint, i.e.,
E {|zy,x*} < pu. This constraint can be expressed in a per-UE

constraint as
0<( <1,VkeN. (11)
Since {by},csm are only chosen for a given a, and no power

should be allocated to the unsampled UEs, we have

Vk € N :if apb, = 0, then ¢ = 0. (12)
Let S, (bits) and R, i (bps) be the data size of the local UL
training updates and the data rate of transmitting the local UL
training update from UE k to the CPU, respectively. Here, we
assume that S, is the same for all the UEs. The transmission

time from UE k € 8™ to the APs is §iven by
arbr Sy

tu,k(aka Ru,k) = Tk (13)

Using the signals received from all the UEs, the APs compute
and send match-filtered signals to the CPU to detect the UEs’
message symbols. The transmission time from the APs to the
CPU is thus expressed as

tar(ar, Rax) =

by & VkeN. (10)

arbrSy
(@, Ry) = ke b (14)
R E;ke/\/ arb Ry k .
where R, = [Ry1,...,Run]". At the CPU, the achievable

UL rate for UE £ is given by

Ruk < hui(Q), (15)
where ¢ £ {Cx}ren and hy, x(€) is defined in (16) shown at
the top of the next page [8].

III. PROBLEM FORMULATIONS

The transmission time of Step (S1) involves the transmission
time of sending the global DL training update from the CPU to
the APs, and that from the ?Ps to all the UEs, i.e.,

axSq axSq
Td a,Rd = kEN TREC max
( ) ZkeNade,k keN Rd,k

a7

———
Straggler effect in Step (S1)
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The transmission time of Step (S3) consists of the transmission
time of transmitting the global UL training update from the UEs
to the APs, and that from the APs to the CPU, i.le.,S
b Su . ag u
Tu(a, Ry)= Sk Zien W05
Rk Y oken ke Rk

~—————

Straggler effect in Step (S3)
Therefore, the transmission time of one iteration of the FL
process is

max
keN

(18)

T,(a,R4,R,) = Td$aRd)+TgaR) (19)
In (17) and (18) the terms of straggler effect can be much

larger than the remaining terms, when there are UEs that have
highly unfavorable links in a network having a large number
of UEs. Therefore, the straggler effect could significantly affect
the transmission time of each iteration of the FL process in (19).

On the other hand, as seen from (19), T,(a, R4, R,,) depends
on both a (UE selection) and (R4, R,) (rate allocation). How-
ever, the UEs are selected before any FL process is executed,
while the rates are optimized before each iteration of the FL
process happens. Therefore, to measure how efficiently the
transmission time is optimized, we introduce a new metric
termed “ergodic or effective transmission time of one iteration
of an FL process”, i.e., T. = E{T,(a,R4,R,)}. Since each
iteration of the FL process happens in one large-scale coher-
ence time [7], E{T,(a,R4,R,)} is, therefore, the average of
T,(a,R4, R,) over the large-scale fading and user sampling
realizations.

Before any FL process is executed, UEs are selected to
mitigate the straggler effect by solving an optimization problem
that minimizes the effective transmission time of one iteration
of an FL process as

znli%n R T.(a,R4,R,) = E{T,(a,Rq,R,)} (20a)
an,6 g,y
s.t. (1),(5),(6),(7),(11),(12), (15)
0 <k, Vk (20¢c)
0 < Ra,Vk (20d)
0 < Ru,kaVk (206)
S x> Now. 0n

where Ngor, > k]%N is a threshold to ensure the quality of
learning. The quality of a statistical learning scheme such
as FL is defined as the test accuracy obtained after running
that scheme. It can be shown in [9] that the test accuracy of
FL becomes worse if a number of UEs that are selected to
participate in an FL process decreases. In (20f), the quality
of FL is thus guaranteed by keeping the number of UEs
participating in an FL process to be larger than a certain value
Nqov- In practice, Nqor, is experimentally chosen according to
specific ML models. Problem (20) is challenging because of
its nonconvex stochastic nature, mixed-integer mixed-timescale
structure, binary constraints and tight coupling among the
variables.

IV. PROPOSED ALGORITHM

First, we observe that z € {0,1} & z € [0,1] &z — 22 <0
[10]. Therefore, problem (20) is equivalent to

min E{T,(a,R4,R,)} (21a)
a77’7Cde7Ru
s.t. (5),(6),(7),(11),(12), (15), (20b) — (20f)

> (ar —af) <0 (21b)

keN
0<a,<1,Vk. (21c)

We then rewrite (21) in an epigraph form as
min E{T,(a, R4, Ry, td,tu)} (22a)
x

s.t. (5),(0),(7), (11),(12), (15), (20b) — (20f), (21b), (21c)
ade

< t4, Vk (22b)
d.k
b Sy,
M < tu.,Vk, (220)
Ak
where T, = =ken @S¢ Ly oy o ey @kbeSu s

Zke.’\/ (l,deyk ZkEN(lkkau,k’
{a,n,{,Rq, R, ta,ty}; t4 and t, are additional variables. (22)

can be decomposed into a family of short-term subproblems
and a long-term master problem as follows.
For a given a, in each large-scale coherence time, the short-

term subproblem is expressed as:
min To (Rd7 Ru; tda tu) (23)

st ), (6) (7), (11), (12), (15), (20b) — (20e), (22b), (22¢),
where £ = z\ a. For given optimal solutions Z to problems

(23), the long-term master problem is expressed as:

min §(a) = E{T,(a)} (24)
_ St (201), (21b), (219)
where T,(a) is rewritten as T,(a) = e S” ,

S, € RY is a vector whose elements are_ Sd, S’ € RN is a
vector whose k-th element is bS,,, and R € RY is a vector
whose k-th element is by R, .

1) Solving the Short-term Subproblem (23): Problem (23)
can be rewritten as

m,in To (Rd7 Ru7 td7 tu) (253-)
x

s.t. (7),(15), (20b) — (20e), (22b), (22¢),
o2k < Uk, Y, k (25b)
Ui < ag, Ym, k (25¢)
> Gk < 1,¥m (25d)
keN
Gk < akbk;Vk (25¢)

where Z 2 {Z,0} and ¥ 2 {¥nk }mem ren are additional
variables. Here, (25b)-(25d) follow from (5) and (6); (25¢)
follows from (11) and (12). If we let v £ {1 fmem ken and

u = {ugtren With v, = n:n/,f,Vm,k, and uy £ C;/Q,Vk,
then (25) can be rewritten as:
m,in TO (Rd7 Ru7 tdv tu) (263.)
x

s.t. (22b), (22¢), (25¢), (25d)



Algorithm 1 Solving the short-term subproblem (23)

1: Initialize: Set k=1 and choose a random point VerF.

2: repeat

3 Update k =k + 1

4:  Solving (31) to get its optimal solution Z*

5. Update %) ="

6: until convergence

Output: (n*,¢", f*, R, R})

OVt < Tk, Vi, o (26b)
0 < vk, Vm, k (26¢)
ui < apbg,Vm, k (26d)
0<u, <1,Vk (26e)
0< Ry < hg k(v),Vk (26f)
0 < Ryk < hyr(u),Vk. (26g)

where z £ {Z,v,u} \ {n,¢}.
Regarding the nonconvex constraints (26f) and (26g), the

concave lower bound hd,k(’l)2 of hg(v) is given by [7]

. T )2 T(“) 2 T T
hu(v) £ log, (1-+ o )- S Ea
Hk Hk Hk

(T(H))Q(Tz +Hk)
— s o < hak(v),
I (0 7)2 + 10,) ,
where I1.(v) = pa 3 oe (Zme/vl Ve B 2) loi" @
+Pd D en oment VartTmeBmi + 1, and Ty ({Umr fmer) =

27

/Pq Zme M UmkO,,- Similarly, the concave lower bound
hu,kf“‘) of hu,k(u) is (\II(K))Q (\D(N))Q \I’(K)\I/
hu k(u) é10g2 (1 + k o k + 2 k
> ’:(’1) ’:('{) =(x)
=L —L —k
(E\2 2 1 =
| \ =
- ( k ) ( BT k) < h%k(’U[), (28)

El(:) ((\I,(K))Q + :(H))

= k —k 2
where Zj(u)=p, ZEGN\k “3 ( ZmGM UWan Z,,”f) | ‘P/If{ @ |” +

Pu D pen ug > meMm ToiBme + > meM O and Wy (uy)=
p}/Quk(ZmeM o2 ). As such, (26f) and (26g) can be respec-

tively approximated by
de <hdk( ) Vk e N
Ruk<huk()Vk€N 3
At the iteration 1, for a given point Z(*), problem (26) (hence
(23)) can finally be approximated by the following convex
problem:

(29)

mln T (R(i7Ru7td7 )7 (31)

where F£ {(22b), (22c) (25¢), (25d), (26b)—(26¢), (29), (30)} is
a convex feasible set.

In Algorithm 1, we outline the main steps to solve problem
(23). Let F = {(22b), (22¢), (25¢), (25d), (26b) —(26g)} be the
feasible set of (26). Starting from a random point £ € F, we
solve (31) to obtain its optimal solution Z*. This solution is then
used as an initial point in the next iteration. The algorithm ter-
minates when an accuracy level of ¢ is reached. The converged
solution of Algorithm 1 will fulfill the KKT conditions of the
main problem (23). The proof of this convergence property
follows [11], and hence, omitted.

2) Solving the Long-Term Master Problem (24): Given so-

lution Z to short-term subproblems (23), we have t4 = %,

@S54 Therefore, we can have ty =a” t,,

where k* £ argmax %24 e
keN  TThE

where £, is the vector whose elements are 0 except for the k*-

th element, and the value of this element is Rfi —. Similarly,
b Sy e : i

ty = % with j* éargérﬁx% and b;- =1. It can be

rewritten as t, =al iu, where fu is the vector whose elements

are 0 except for the j*-th element, and the value of this element

is %. Now, the long -term problem (24) is equiyalent to
min g(a) £ E{° TR +alty+alE, + 2 ~“} (32)
a”R,

s.t. (ZOD (21b), (21c).
Let V(a) £, o (ar —a?) = a™(1—a), then (21b) becomes
V(a) < 0. We now consider the problem
H}lln L(a,\) £ g(a) + A\V(a)
s.t. (20f), (21c¢),

where L(a, \) is the Lagrangian of (32), A is the Lagrangian

multiplier corresponding to (21b), and 1 € RY is an all-one

vector. Let H = {(20f), (21c)} be the feasible set of (24).

Proposition 1. The following statement holds:

(i) The value of V) at the solution of (24) corresponding to

A is decreasing to 0 as A — +o00.

(ii) Problem (33) has the following property
min g(a) = sup min L(a, \),
acH A>0 acH

and is therefore equivalent to (32) at the optimal solution
A* > 0 of the sup-min problem in (34).

The proof of Proposition 1 is rather standard, and follows
from [10, Proposition 1]. Theoretically, it is required to have
Vi = 0 in order to obtain an optimal \*. According to
Proposition 1, V) decreases to 0 as A — +o00. Since there is
always a numerical tolerance in computation, it is sufficient to
accept V) < e for some small € with a sufficiently large value
of A\ chosen. In our numerical experiment, for ¢ = 0.001, we
see that A = 1 is enough to ensure V) < . Note that this way
of choosing \ has been widely used in the literature, e.g., [10],
[12].

At the large-scale coherence time or iteration n + 1, problem
(24) is approximated by the following convex problem:

min L(a), (35)
where L(a) is a surrogatgefunction of L(a), and defined as

Z(a)éﬁ(nJrl) —|—((V E)(nJrl))T(a _a(n+1)) +T||a —atD) ||2’

£t _ g(n+1) + AV (D), g(n+1) = (1- ¢(n+1))g(n) +

¢(n+1)T(7L+1)’ (v £)(n+1) — (vg)(n+1) + )\(vv)(n+1)’ and

(vg)(n+1) — (1 _ ¢(n+1))(vg)(n) 4 ¢(7L+1)(VT)(7L+1). Here,

3% =0, (V3)® =0, (Y is a weighting parameter,

N S (@™ NT B R ((a" T\ T g
(VT)( +1) _Sa((a ()(a(ni)l))TdéESz )~ Sa)

+ §u((a(n+1))Tﬁu)ik{i((a(n+l))T:§u)
(@0 +0)TR,)?

and (VV)(+1) =1 — 24 +1),

3) Solving the Overall Problem (20): Algorithm 2 outlines
the main steps to solve the overall problem (20). In the large-
scale coherence time n, for a given random value of a(mtl) ¢
‘H, the set N e+t of the selected UE:s is constructed by (3). The
index set S™*Y of sampled UEs in A/ 41 §s chosen by (10).
The short-term subproblem (23) is solved by Algorithm 1 after
Ié") iterations to obtain a KKT solution. This solution is then
used to construct the approximate long-term master problem
(33). After solving (33) to obtain an optimal solution (a*)("+1),

(33)

(34)

+id +iu7




Algorithm 2 UE selection to mitigate the straggler effect for
FL in CFmMIMO networks
1: Initialize: Set n = 0, select a random a("t1) € X
2: repeat
3. Update K/("H) by (3), choose S from N by (10)
4:  Solve the short-term subproblem (23) to obtain its
optimal solution (9*,{*,R;,R,) by using Algo-
rithm 1, and update (11(”‘“),((”H),Rgnﬂ),R;"H)) =
(n*,¢", Ry, R,)
5:  Solve the approximate long-term master problem (35) to
obtain its optimal solution (a*)™+1)
6:  Update a("t2) by (36)
7. Update n =n+1
8: until convergence
Output: a* = a1

we update a("*+2) as

a}(€n+2) _ (1 _ 7T_(n+1))a§€n+1) + 7r("+1)(a2)("+1),‘7k, (36)
where 7("*1) is a weighting parameter; {¢(™), 7(™} is chosen
to satisfy the following conditions [13, Assumption 5].

(AD) ¢ =0, 15 < O(n°), <€(0,1), and 3, (¢™))* < oc;

A2) 7™ — 0, > 7 = oo, 3 (7)? < oo, and
1imn_>oo%:0.

Once Algorithm 2 converges, the FL process is then executed
using the solution a obtained by Algorithm 2.
Definition 1. A solution (a*,x*) is called a stationary solution
of problem (21) (or (20)) if * is a KKT solution of the short-
term subproblem (23) for a=a*, and a* is a KKT solution of
the long-term master problem (24) for x=x".

As discussed in Section IV-1, the solution x* obtained from
Algorithm 2 is a KKT solution of the short-term subproblem
(23). By a similar argument as in [13], the solution a("th)
obtained from Algorithm 2 is proved to be a KKT solution of
the long-term master problem (24). As such, the convergence
of Algorithm 2 to a stationary point of problem (20) in the
sense of Definition 1 is guaranteed if the numbers of iterations
of Algorithms 1 and 2 are infinity, i.e., Ién) — 00, I, —00. In
practice, it is acceptable to choose finite {I é")}ne{lw) 7.} and
I, for an approximate convergence. Therefore, Algorithm 2 is
guaranteed to converge to the neighbourhood of the stationary
solutions of problem (20).

V. 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 x D km?. The locations
of APs and UEs are generated with the following practical
properties:
(P1) The UEs are more likely to stay close to some local points.
(P2) Some local areas attract more UEs than other local areas.
(P3) The APs are more likely to locate close to some local
points.
(P4) Some local areas have more APs than other local areas.
We adopt the method in [14] to model the property (P1). First,
let @ be a homogeneous Poisson Point Process (PPP) in @ with
a density u, and ¢ be the number of the Poisson Points (PPs) in
®. Denote by V = {V1,...,V,} the set of all Voronoi cells that
are generated from these PPs. ® is then thinned by retaining
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Fig. 1. The convergence of Algorithm 2 (M =10, N =6, NooL =3, K =3).
points in ® independently with probability p and removing the
rest. The thinned version ®,, of ® models the local points that
attract UEs and the Voronoi cells corresponding to the PPs
of ®, models their local areas. Let Z be the set of indices
of the PPs retained in ®. Here, the UEs are then uniformly
distributed in the Voronoi cells of these PPs, i.e., {V; }icz. Since
the Voronoi cells of ®, is larger than those of the retained
points of ®, the UEs are thus pushed towards the interior of the
local areas, which captures the property (P1). Here, the larger
thinning probability p implies the higher probability of a UE in
a Voronoi cell close to its local point.

To capture the property (P2), we set a probability p; for the
local area ¢ € 7 that is chosen to come by each UE. We assume
that {p; };cz are the same for all the UEs. In each realization,
we randomly choose a set {p;}icz such that ), - p;=1 and
max;cz p; —mingez p; = A, where A controls the difference
in the attraction of the local areas. Each UE k € A is then
selected to the local area ¢ with probabilities {p; };cz. Finally,
the selected UEs in each local area ¢ €7 is uniformly distributed
in the corresponding Voronoi cells V;. To capture the properties
(P3) and (P4), the APs are non-uniformly distributed using the
same method that captures the properties (P1) and (P2).

In each network realization, the locations of APs are fixed and
those of the UEs change over the iterations of the FL process.
Since each iteration of the FL process happens in one large-
scale fading coherence time (in the order of seconds), the total
running time of an FL process is expected to be around several
minutes. Therefore, we assume that the UEs only move around
their current local areas during the FL process. Here, in each
iteration of the FL process of each network setup realization,
the locations of UEs are uniformly distributed in the Voronoi
cells that those UEs belong to.

We set 7. =200 samples. The large-scale fading coefficients,
e.g., Bmk, are modeled in the same manner as [15, (37), (38)].
To estimate channels, a random pilot assignment is used as in
[7]. We choose a thinning probability p = 0.3, A = 1/4 for
UEs and A =1/10 for APs, 7, =10, S4 =5, =0.5 MB, and
noise power o = —92 dBm. Let ps=1 W, p, =0.2 W and
p¢t =0.2 W be the maximum transmit power of the APs, UEs
and UL pilot sequences, respectively. The maximum transmit
powers pq, p, and p; are normalized by the noise power. We
set (") = 101(94(371 and ¢("™) = ng}m which satisfy conditions (A1)
and (A2) in Section IV-3.

B. Results and Discussions

First, we evaluate the convergence behavior of the proposed
Algorithm 2. As seen from Fig. 1 with an arbitrary network
realization, Algorithm 2 converges in around 30 iterations.

To further evaluate the effectiveness of Algorithm 2, we
consider the following baseline schemes:
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Fig. 2. Comparison among the proposed approach and baselines (N = 6,
NqoL =3 and K =3).
o Baseline 1 (BL1): UE selection is not optimized. The
transmitted powers and rates of Steps (S1) and (S3) for all
N original UEs are optimized by using a slightly modified
version of Algorithm 1.
 Baseline 2 (BL2): This baseline is similar to BL1 except
that the UEs are selected by randomly choosing N UEs
from the original N UEs, where N € [NgoL, N —1] is a
random number.
In each network realization, the effective transmission times 7
obtained by baselines (BL1) and (BL2) are the average times
over the large-scale fading and user sampling realizations. For
ease of presentation, our “optimal” UE selection approach is
denoted by “OPT”.

Fig. 2 shows the comparison among the considered schemes
in terms of the effective transmission time 7, of each iteration
of an FL process. As seen, OPT gives the best performance.
In particular, while BLL1 and BL2 achieve nearly the same
performance, OPT provides substantial time reductions over
these schemes, e.g., 63% with M =10 and D=2 km.

The figure also shows the importance of UE selection in
reducing the FL training time, especially in the networks that
have a moderately low density of APs, i.e., having a large
value of D and a small/moderate number of APs. This is
because the straggler effect becomes serious in such these cases.
Specifically, compared to the transmission time 7, obtained by
BLI, the amount of time reduction by OPT with M =10 and
D=2 km is approximately twice that with D=1 km. The amount
of time reduction by OPT also increases when the number of
APs decreases. This is because the APs are located close to
some local points which may be far from the UE locations.
When D is large, there are more UEs that have unfavorable links
for a larger area. Moreover, due to the smaller array gain, the
data rates of UEs decrease when the number of APs decreases.

VI. CONCLUSION

This work has proposed an UE selection approach to mitigate
the straggler effect for FL in CFmMIMO. Targeting the trans-

mission time minimization for the general FL framework with
UE sampling [2], [3], we have jointly designed UE selection,
power control, and data rate under practical requirements on the
maximum transmit powers of APs and UEs, and the minimum
number of UEs to guarantee the quality of learning. A mixed-
integer mixed-timescale stochastic nonconvex problems were
formulated with the objectives of minimizing the transmission
time of each iteration of an FL process. Utilizing online suc-
cessive convex approximation techniques, we have successfully
developed a novel algorithm to solve the formulated problem.
The proposed algorithm has been proved to converge to the
neighbourhood of stationary points. Numerical results have
showed that our UE selection approach significantly reduces
the FL transmission time over the baselines under comparison,
especially in networks with moderately low AP density.
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