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Abstract—Federated Learning is a new learning scheme for collaborative training a shared prediction model while keeping data locally

on participating devices. In this paper, we study a new model of multiple federated learning services at the multi-access edge

computing server. Accordingly, the sharing of CPU resources among learning services at each mobile device for the local training

process and allocating communication resources among mobile devices for exchanging learning information must be considered.

Furthermore, the convergence performance of different learning services depends on the hyper-learning rate parameter that needs to

be precisely decided. Towards this end, we propose a joint resource optimization and hyper-learning rate control problem, namely

MS� FEDL, regarding the energy consumption of mobile devices and overall learning time. We design a centralized algorithm based on

the block coordinate descent method and a decentralized JP-miADMM algorithm for solving the MS� FEDL problem. Different from the

centralized approach, the decentralized approach requires many iterations to obtain but it allows each learning service to

independently manage the local resource and learning process without revealing the learning service information. Our simulation

results demonstrate the convergence performance of our proposed algorithms and the superior performance of our proposed

algorithms compared to the heuristic strategy.

Index Terms—Federated learning, resource allocation, multi-access edge computing, decentralized optimization
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1 INTRODUCTION

NOWADAYS, following the great success of Machine
Learning (ML) and Artificial Intelligence (AI) applica-

tions, there are more and more intelligent services that have
transformed our lives. This progress has been drastically
elevated by the ubiquity of device-generated data that is
available to the service operator and stronger computing
power at cloud data centers and mobile devices. Recently,
the deployment of MEC servers at the edge networks has
been acknowledged as one of the key pillars to revolutionize
mobile communication by assisting cellular base stations
with low latency computing capability. When compared to
cloud datacenter, the machine learning training process can
be done at the mobile edge network with the help of multi-
access edge computing (MEC) servers, resulting in lower

communication latency for exchanging learning informa-
tion. Therefore, these enablers unlock the full potential of
edge ML applications for the vision of truly intelligent next-
generation communication systems in 6G [1]. However, the
ML applications raise a privacy concern in the data collec-
tion for training purposes. In many ML applications (e.g.,
Crowdtracker [2], Waze Carpool [3], etc.), users are required
to share their sensitive personal information (i.e., user loca-
tion, user identity, user photos, etc.) to the server. Further-
more, uploading a massive amount of data throughout
radio access links or the Internet to the cloud data centers is
costly. Hence, the strong computation capabilities of the
increasingly powerful mobile devices empower the local
inference and fine-tuning of Deep Neural Networks
(DNNs) model on device without sending their training
data to the server [4], [5]. On the other hand, using solely
the personalized local data could lead to the overfitting
problem of the local training models. Thus, sharing the local
learning model parameters among user equipments (UEs)
equip to build up a generalized global model is the primary
idea of a brand-new ML scheme, namely federated learning
[6], [7], [8]. The deployment of this learning scheme at the
edge networks brings up latency and transmission cost
reduction by sending the weight parameters of local learn-
ing models to the MEC server instead of sending device-
generated data to the cloud and enhances the user privacy
compared to the conventional centralized training [9]. Inevi-
tably, the federated learning scheme is one of the vital ena-
blers to bring edge intelligence into reality.

In the typical federated learning scheme, the actual train-
ing process is decentralized as each UE constructs a local
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model based on its local dataset. Then a shared global model
is updated at the server by aggregating local learning weight
parameters from all UEs such as gradient, and learning
weight parameters. After that the updated global model is
broadcast back to UEs. As an example, the work of [6] has
provided the simplest form of a federated learning algorithm
in which the learning parameters of the global model are
averaged from local ones at UEs. However, the performance
of this learning scheme at the edge networks firmly depends
on the allocated computation resources for local training and
communication resources for uploading the updated local
model parameters to the MEC server. Therefore, the alloca-
tion problem for both computation and communication
resources is crucial for deploying a federated learning
scheme at the edge networks. This type of problem is well-
studied in [10], [11] that design resource allocation frame-
works regarding learning performance and resource cost.
Since these works focus on the model of a single federated
learning service in the edge networks, there is the necessity
of an extensive study and analysis for the upcomingmultiple
learning services systems. Indeed, more data consisting of
network-level mobile data (e.g., call detail record, radio
information, performance indicator, etc.) and app-level data
(e.g., device profile, sensing data, photos, video streaming,
voice data, etc.) [12] can be collected on user equipment such
as mobile devices, wearable devices, augmented reality
headset, IoT devices. As a result, it enables many ML appli-
cations and services can be deployed on UEs or in the edge
networks. In addition to the independent deployment for
different learning tasks, multiple deep learning models can
be deployed together and provide better performance sys-
tems such as themobile vision system [4], [5].

According to the essential deployment of multiple feder-
ated learning services, the computation resources necessar-
ily are shared among these services for the local training
while the communication resources are shared among
mobile devices for exchanging learning information from
different services. Moreover, the performance of learning
services depends on the learning parameters that need to be
precisely decided regarding the resource allocation cost and
the overall learning time. In this paper, we study the under-
explored problem - the shared computation, communication
resource allocation, and the learning parameter control for multi-
ple federated learning services coexisting at the edge networks.

In Fig. 1, we depict the system of multiple federate learn-
ing services where a Federated Learning Orchestrator (FLO)
at the MEC server is in charge of the computation and com-
munication resource management, controls the hyper-learn-
ing rate parameter of learning services and operates these
federated learning services. Accordingly, FLO performs
two main processes as follows

Resource Allocation Process. In this work, we consider the
flexible CPU sharing model such as the CPU frequency shar-
ing among virtual machines or containers to perform the
local learning updates. Since those virtual instances often
require a high deployment cost, we consider the pre-allocat-
ing CPU strategy for different services. To capture the trade-
off between the energy consumption of mobile devices and
overall learning time, we propose a resource optimization
problem, namely MS� FEDL that decides the optimal CPU
frequency for each learning service and the fraction of total

uplink bandwidth for each UE. As shown in Fig. 1, comput-
ing (i.e., CPU cycles) and communication (i.e., bandwidth)
resources are shared among learning services and UEs,
respectively. In addition to resource allocation, it also con-
trols the hyper-learning rate of learning services such as
the relative accuracy of the local learning problem at the
UEs.

Federated Learning Process. After the shared computation
and communication resources allocation, FLO performs the
federated learning process iteratively according to the fol-
lowing steps: training local model, transmitting local learn-
ing model to FLO, updating the global model, and
broadcasting the global model to UEs until the convergence
is observed.

In order to provide an efficient approach for the resource
allocation and learning parameter control of multiple feder-
ated learning services, in this work, we develop the problem
design and analysis for FLO, which can be summarized as
follows

� In Section 3, we first propose a resource-sharing
model for multiple learning services. Then, we pose
the resource allocation and learning parameter con-
trol problem for FLO to manage multiple learning
services with the MS� FEDL problem, which is in the
form of a multi-convex problem.

� In Section 4, we develop both centralized and decen-
tralized approaches to solve the MS� FEDL problem.
Specifically, We first propose a centralized algorithm
based on block coordinate descent framework that
provides a quick scheme by decoupling the global
problem into three subproblems such as CPU alloca-
tion, bandwidth allocation, and hyper-learning rate
decision subproblems. After that, we develop a
decentralized approach based on the JP-miADMM
algorithm which allows each learning service to
independently manage the resource allocation, local
learning process and cooperatively operate under
the management of FLO. Although the decentralized
approach requires many iterations to convergence, it
provides a more flexible and scalable method for
resource allocation without revealing the learning
service information.

� In Section 5, we provide extensive numerical results
to demonstrate the convergence performance of the
proposed algorithms. Moreover, we present the per-
formance gain of our proposed algorithms when

Fig. 1. Multiple federated learning services model.

542 IEEE TRANSACTIONS ON MOBILE COMPUTING, VOL. 22, NO. 1, JANUARY 2023



compared with the heuristic strategy. Finally, we
present the conclusions in Section 7.

2 RELATED WORKS

Many attempts on distributed training over multiple
machines have recently given rise to research on decentral-
ized machine learning [11], [13], [14]. However, most of the
algorithms in these works are designed for machines having
balanced and i.i.d. data, and is connected to high-throughput
networks in data centers. With a different scheme, Federated
Learning (and related on-device intelligence approaches),
which has attracted much attention recently [6], [7], [15],
[16], [17], [18], [19], exploits the collaboration of mobile devi-
ces that can be large in number, slow and/or unstable in
Internet connections, and have non-i.i.d. and unbalanced
data locally. In the simplest form of a federated learning
algorithm (i.e., FedAvg [6]), the authors provide a simple
mechanism of averaging the updated learning parameters of
the local model using local data at individual UEs. On the
other hand, CoCoA+ [17] provides a general framework
under a strong theoretical convergence analysis, in which
the local learning problem of UEs is transformed into dual
problems and can be solved by any arbitrary solvers. Differ-
ent from CoCoA+ framework, in our recent work [20], we
develop a new federated learning algorithm, namely FEDL

that uses an additional Bregman divergence in the learning
objective [21] to encourage the local model being close to the
global model. Most of these existing works aim to provide
the learning algorithms that focus on learning performance
and providing the theoretical convergence analysis. How-
ever, for the practical deployment in mobile edge networks,
a resource allocation problem for federated learning service
needs to be carefully designed to manage the computation
and communication resources. Furthermore, it is important
to control the learning parameters by considering energy
consumption and learning time convergence. The work of
[11] introduced this type of problem for the distributed gra-
dient descent analysis, in which the authors propose a con-
trol algorithm that determines the best trade-off between
local updates and global parameter aggregation to minimize
the loss function under a given resource budget.

In our previous work [10], [20], we propose a resource
allocation problem among UEs and the hyper-learning rate
control of learning services in the wireless environment
regarding the computation, communication latency, UE
energy consumption, and the heterogeneity of UEs. In this
paper, we study the extensive design for multiple federated
learning services that co-exist at the edge networks with the
change in the sharing of bandwidth allocation based on
OFDMA instead of transmission power control in our previ-
ous work. Also, we consider the additional broadcast time,
extra communication overhead, and the time for averaging
operation at the edge server. Furthermore, both resource
allocation and learning processes can be controlled by a FLO
at the MEC server which performs the resource allocation in
the centralized or decentralized approaches and is being an
aggregator for the global learning update. For the centralized
solution approach, the MS� FEDL problem is bi-convex and
we adopt the alternative minimization algorithm to provide
a solid approach that can help the subproblems of the

MS� FEDL problem can be solved by arbitrary convex solv-
ers. When all services from the same owner such as multiple
deep learning models can be deployed together and provide
better performance mobile vision systems in [4], [5], this
approach can be sufficient to provide an efficient resource
allocation mechanism in which the sharing of service infor-
mation in the MS� FEDL problem is not an issue. However,
the centralized approachwill be limited when scaling up to a
large number of users and require the sharing of all informa-
tion among services. To resolve these problems, we develop
another flexible decentralized solution approach based on
the combination of multi-convex and parallel setting of
ADMM. The conventional ADMM algorithm can be applied
in convex problem [22], and later extended to parallelly solve
subproblem with JP-ADMM [23]. Recently, the new analysis
for the convergence of the multi-convex ADMM problem
[24]. To the best of our knowledge, the combination of these
two extended algorithms for ADMM hasn’t applied in other
works as in our decentralized approach. Our decentralized
approach can be useful for independent service providers
such as multi-tenant FL services that use the common shared
resources from the third-party edge provider. The decisions
can bemade by each service and shared with FLO only with-
out revealing the learning service information (i.e., dataset
information, exchange local updates information between
UEs and the MEC server, the number of CPU cycles for each
UE to execute one sample of data).

3 MULTI-SERVICE FEDERATED LEARNING
AT THE EDGE

3.1 Federated Learning Algorithm Design

In this subsection, we summarize our recent federated
learning algorithm design according to [20] as in the detail
of Algorithm 1. Accordingly, in the typical setting of feder-
ated learning for a general supervised learning problem,
given a sample data fxi; yig 2 D with input xi 2 Rd, the
learning task is required to train the model parameter w to
predict the correct label yi by minimizing the loss function
fiðwÞ. The training data at UEs can be the usage information
or sensing data from the integrated sensors. Different from
the conventional centralized learning, the dataset of the fed-
erated learning scheme is distributed over a set of N UEs
where each participating UE n collects training data sam-
ples and stores a local dataset Dn such that

D ¼ [
n¼1::N

Dn; \
n¼1::N

Dn ¼ ;:

The local loss function of the learning problem using the
local dataset of UE n is defined as

FnðwÞ :¼
1

jDnj
X
i2Dn

fiðwÞ: (1)

Assumption 1. The local loss function Fnð�Þ is L-smooth and
b-strongly convex, 8n, respectively, as follows, 8w;w0:

FnðwÞ � Fnðw0Þ þ
�
rFnðw0Þ; w� w0� þ L

2
w� w0k k2

FnðwÞ � Fnðw0Þ þ
�
rFnðw0Þ; w� w0� þ b

2
w� w0k k2;
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where hx; x0i denotes the inner product of vectors x and
x0 and �k k is Euclidean norm. These strong convexity,
smoothness assumptions are also used in [25], and satisfied
in popular ML problems such as l2-regularized linear
regression model with fiðwÞ ¼ 1

2 ðhxi; wi � yiÞ2 þ b
2 wk k2; yi 2

R, and l2-regularized logistic regression with fiðwÞ ¼
log
�
1þ expð�yihxi; wiÞ

�
þ b

2 wk k2; yi 2 f�1; 1g. Accordingly,
we denote r :¼ L

b
as the condition number of Fnð�Þ’s Hessian

matrix.

Algorithm 1. Federated Learning Algorithm (FEDL)[20]

1: Input: w0, u 2 ½0; 1�, h > 0.
2: for t ¼ 1 toKg do
3: Local Training: Each UE n solves its local learning prob-

lem (3) in Kl rounds to achieve u-approximation solu-
tion wt

n satisfying (5).
4: Communication: All UEs transmit wt

n and rFnðwt
nÞ to

the edge server.
5: Aggregation and Feedbacks: The edge server updates

the global model as in (9) and then fed-backs wt and
rF ðwtÞ to all UEs.

Then, the global loss function of the global learning prob-
lem is as follows

min
w

F ðwÞ :¼
XN
n¼1

jDnj
jDj FnðwÞ: (2)

Accordingly, the global learning model can be obtained
by solving the global problem (2) using an iterative update
process at the server and UEs in the federated learning
scheme. These updates perform alternatively within a num-
ber of global rounds (i.e., Kg) that consists of four following
steps at one global round as

� S1. Local Training: Every UE needs to train a local
model by using the local training data Dn.

� S2. Upload local model: UEs transmit the local learning
model and global gradient updates to the server.

� S3. Update global model: The global model is con-
structed based on the weight parameters of local
models at the server.

� S4. Broadcast global model: The updated global model
and gradient are broadcast to all UEs.

Local Training at UEs. According to [20], instead of solv-
ing the local objective in the equation (1), the surrogate
problem is solved to attain the local model wt

n for each
global round t as follows

min
w

Jt
nðwÞ :¼ DFnðw;wt�1Þ þ h F̂ ðwjwt�1Þ; (3)

whereDFn denotes the Bregman divergence [21] of Fnð�Þ

DFnðw;wt�1Þ

:¼ FnðwÞ � Fnðwt�1Þ � hrFnðwt�1Þ; w� wt�1i;

F̂ ðwjwt�1Þ denotes the first-order approximation of the
global function F ð�Þ at wt�1

F̂ ðwjwt�1Þ :¼ F ðwt�1Þ þ hrF ðwt�1Þ; w� wt�1i;

and h > 0 is the weight that balances between two objec-
tives which is also our controlled learning parameter. The
Bregman divergence is the generalized distance between
the local model solution w and the latest global model
parameter wt�1 (e.g., square Euclidean distance) that is
widely applied in machine learning applications, statistics,
and information geometry [21]. Thus, the local model at
UEs can be constructed by minimizing the surrogate objec-
tive with the approximated loss function minimization such
that its parameters is close to the latest global model param-
eter wt�1. Then the equivalent local learning problem is
derived as follows

min
w

Jt
nðwÞ ¼: FnðwÞ þ

�
hrF ðwt�1Þ � rFnðwt�1Þ; w

�
:

(4)

Since it is usually difficult to obtain the optimal solution in
the learning problem (4), UEs is required find a (possibly
weak) solution wt

n instead. As an analogy from the definition
for the relative accuracy in [14], [26] for the approximation,
the local weight parameters at all UEs satisfy

rJnðwt
nÞ

�� �� � u rJnðwt�1Þ
�� ��; 8n; (5)

where the relative local accuracy u 2 ð0; 1Þ is common to all
UEs. This parameter also defines the quality of the approxi-
mation solutions when solving the local learning problem
(3), in which u ¼ 0 the optimal solution is obtained, while
u ¼ 1 we have no progress (i.e., wt

n ¼ wt�1). Since the objec-
tives Jt

nðwÞ and Fnð�Þ have the same Hessian matrix, Jt
nðwÞ

is also b-strongly convex and L-smooth. Accordingly, the
gradient descent (GD) method is reasonable to solve (4) and
requiresKl number of local iterations to achieve the accuracy
u-approximation of the solution.

wkþ1
n ¼ wk

n � hkrJt
nðwk

nÞ; (6)

where hk is a learning rate. Note that each UE holds a small
portion of samples, i.e, Dn < < D, 8n. In case of large Dn,
mini-batch SGD can be used to alleviate the computation
burden on UEs, but the convergence rate will be different.
We assume that the generated convergent sequence ðwk

nÞk�0

for the local model satisfying a linear convergence rate [27]
as follows

Jt
nðwk

nÞ � Jt
nðw�

nÞ � cð1� gÞk
�
Jt
nðw0Þ � Jt

nðw�
nÞ
�
; (7)

where w�
n is the optimal solution of the local problem (4),

and c and g 2 ð0; 1Þ are constants depending on r.

Lemma 1. With Assumption 1 and the assumed linear conver-
gence rate (7) with w0 ¼ wt�1, the number of local rounds for
solving (3) to achieve a u-approximation condition (5) is

Kl ¼
2

g
log

C

u
; (8)

where C :¼ cr.

Global model updates at the server: Considering a synchro-
nous federated learning scheme, the global model parame-
ter is then updated by aggregating the local model
parameter wt

n from all UEs as follows
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wt ¼
XN
n¼1

jDnj
jDj w

t
n: (9)

This updated global model is then broadcast along with
rF ðwtÞ to all UEs (line 5) to all UEs. The convergence of the
global problem (2) is achieved by satisfying

F ðwtÞ � F ðw�Þ � �; 8t � Kg; (10)

where � > 0 is an arbitrarily small constant, w� is the opti-
mal solution of the problem (2). The algorithm enhances
data privacy by exchanging learning information only
rather than the local training data. The convergence analysis
for FEDL is developed in [20].

Theorem 1. With Assumption 1, the convergence of the FEDL

algorithm is achieved with linear rate

F ðwtÞ � F ðw�Þ � ð1�QÞkðF ðwð0ÞÞ � F ðw�ÞÞ; (11)

where Q 2 ð0; 1Þ is defined as

Q :¼ hð2ðu � 1Þ2 � ðu þ 1Þuð3hþ 2Þr2 � ðu þ 1Þhr2Þ
2r
�
ð1þ uÞ2h2r2 þ 1

� :

(12)

Corollary 1. The number of global rounds for FEDL to achieve
the convergence satisfying (10) is

Kg ¼
1

Q
log

F ðw0Þ � F ðw�Þ
�

; (13)

We show the detail proofs of Lemma 1, Theorem 1, and
Corollary 1 in our prior work [20]. Note that the conver-
gence of FEDL can always be obtained by setting sufficiently
small values of both h and u 2 ð0; 1Þ such that Q 2 ð0; 1Þ.
Thus, Q 2 ð0; 1Þ is only the sufficient condition, but not the
necessary condition, for the convergence of FEDL. Thus,
there exist possible hyper-parameter settings such that
FEDL converges butQ =2 ð0; 1Þ. Even though the convergence
of FEDL algorithm is only applicable to strongly convex loss
(e.g., linear regression problem) in theory, we show that
FEDL also empirically works well in the non-convex case
with CNN learning models. The further convex and non-
convex learning models and design of the FEDL algorithm
were profoundly analyzed in our prior work [20].

Learning Time Model: According to the convergence anal-
ysis of the federated learning algorithm, we obtain the con-
vergence rate and the global rounds depend on the hyper-
learning rate h and the relative accuracy of the local learning
problem u as in Corollary 1. Therefore, the total learning
time can be defined in the general form as follows

TIMEðh; uÞ ¼ KgðQÞ 	 ðcþ T ðuÞÞ; (14)

where c is the one round of communication time, T ðuÞ is the
required time to obtain the relative accuracy u of the local
learning algorithm, and KgðQÞ is the required number of
global rounds in the Equation (12) and the Q is defined in
the equation (12). In a common setting of many federated
learning frameworks [6], [18], the number of local iterations

is often fixed for each UE, thus, the remaining control
parameter is the hyper-learning rate h that affects to the
number of global rounds. Accordingly, we substitute the
constants and get the simplified form as follows

KgðQÞ ¼ A

Q
;

Q ¼
h
�
2ðu � 1Þ2 � 2ðu þ 1Þur2 � hr2ðu þ 1Þð3u þ 1Þ

�
2r
�
ð1þ uÞ2h2r2 þ 1

� ;

¼ Ch�Dh2

2r
�
Bh2 þ 1

� ;
(15)

where

A :¼ log
F ðw0Þ � F ðw�Þ

�
> 0;

B :¼ ð1þ uÞ2r2;
C :¼ 2ðu � 1Þ2 � 2ðu þ 1Þur2;
D :¼ r2ðu þ 1Þð3u þ 1Þ:

3.2 Multi-Service Sharing Model

In this paper, we consider a multi-service federated learning
scheme with one Federated Learning Orchestrator (FLO) at
the MEC server and a set N of N UEs as shown in Fig. 1.
Each participating UE n stores a local data set Ds;n with size
Ds;n for each federated learning service s. Then, we can
define the total data size of a service s by Ds ¼

PN
n¼1 Ds;n.

The CPU resource of each UE is consumed to perform the
local learning problem in (4) for each service s by using
the local data. Therefore, it is crucial to share the CPU
resource of each UE amongst the local learning problems of
multiple services efficiently. After the local training, all UEs
upload their updated local model parameters to the MEC
server by using the wireless medium. Hence, it is also
important to efficiently share the communication resource
(i.e., bandwidth) among the UEs. At the MEC server, FLO is
deployed to manage computation (i.e., CPU) and communi-
cation resources sharing among learning services and UEs.
In addition to resource allocation, FLO also controls the
hyper-learning rate of learning services.

3.2.1 Local Computation Model

We denote the required number of CPU cycles for each UE
to execute one sample of data belong to service s by cs,
which can be measured offline [28]. The required CPU
cycles are directly proportional to the number of samples in
the local dataset. Since all samples fxi; yigi2Ds;n

have the
same size (i.e., number of bits), the number of CPU cycles
required for UE n to run one local iteration of learning ser-
vice s is csDs;n. The allocated CPU-cycle frequency for the
service s is denoted by fs;n. Then the energy consumption of
UE n to compute one local iteration for learning service s
can be expressed as follows [29]

Ecmp
s;n ¼

XcsDs;n

i¼1

bn

2
f2s;n ¼ bn

2
csDs;nf

2
s;n; (16)

where bn=2 is the effective capacitance coefficient of UE n’s
computing chipset. In addition, the computation time per
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local iteration of the UE n for a service s is
csDs;n

fs;n
: Using a

synchronous federated learning scheme, local training time
for one local iteration of the learning service s is the same
with the computation time of the slowest UE as

Tcmp
s ¼ max

n2N

csDs;n

fs;n
þ tms;n; (17)

where tms;n is the extra overhead to access memory. We
denote the vector of fs;n by fs 2 Rn:

3.2.2 Communication Model

After processing the local learning problem, UEs need to
exchange the local information to FLO on a shared wireless
medium via a multi-access protocol (i.e., OFDMA). There-
fore, the achievable transmission rate (bps) of UE n on the
given the allocated fraction wn of the total uplink bandwidth
Bul is defined as follows:

ruln ðwnÞ ¼ wnB
ullog 2 1þ hnpn

N0

� �
; (18)

where N0 is the background noise, pn is the transmission
power, and hn is the channel gain of the UE n. Since the
dimensions of local models and global gradient updates in
line 4 of the Alg. 1 are fixed for all UEs, the data size (in
bits) of local information updates does not change and is
denoted by vs for each learning service s. Thus, uplink
transmission time of each UE n for a service s is

tuls;nðwnÞ ¼
vs

ruln ðwnÞ
: (19)

In addition, the downlink broadcast delay should be
taken into account to transmit the global changes to all users
using the downlink bandwidth Bdl as follows

rdln ¼ Bdllog 2

	
1þ hnP

N0



: (20)

Since the global information and the local information has
the same size vs, then, the downlink transmission time for
the updated global information is tdls;n ¼ vs

rdln
: Thus, the down-

link of the service s is tdls ¼ maxn2N tdls;n.
Accordingly, the communication time of a learning ser-

vice s consisting of the uplink transmission time and down-
link transmission time is defined as

Tcom
s ¼ max

n2N
tuls;nðwnÞ þ tdls þ texs;n; (21)

where texs;n is the extra communications overhead during the
transmission (e.g., establishing TCP connection) and assumed
to be random constants for each FL service communication.

Furthermore, the energy consumption for the uplink
communication of UE n for the service s is defined as

Ecom
s;n ¼ pnt

ul
s;nðwnÞ:

3.2.3 Global Round Model

As aforementioned in subsection II.A, we have the number
of global rounds and the number of local iterations are
KgðQÞ and Kl;s, respectively. Then, the running time of one
global round of the learning service s includes local learning
time and transmission time which is defined as follows

Tgl
s ðTcmp

s ; T com
s Þ :¼ Tcom

s þ Tavg
s þKl;sT

cmp
s ; (22)

where Tavg
s is the computation time of the averaging opera-

tion. Since the simple averaging operation can be performed
very quickly with strong computation capabilities of the
edge server and the size of local updates information (i.e.,
local learning model, global gradient updates) are the same
for every global round, Tavg

s is assumed to be small constant
for each service s.

Furthermore, in one global round of each service s, the
total energy consumption of all UEs for learning and uplink
transmission is expressed as follows

Egl
s ðfs; wÞ :¼

XN
n¼1

Ecom
s;n þKl;sE

cmp
s;n : (23)

Finally, the total cost of a learning service s is defined as

Cs :¼ KgðQsÞ
	
Egl

s ðfs; wÞ þ ksT
gl
s ðTcmp

s ; T com
s Þ



;

where ks is the trade-off between running time and the
energy consumption of UEs that needs to be minimized.

3.3 Problem formulation

Since the learning services jointly occupy the shared CPU
resource in each UE, and the shared uplink bandwidth
resource to upload the weight parameters of local models.
Thus, FLO takes a role to manage these shared resources
and controls the hyper-learning rate of learning services. To
minimize the running time cost and the energy consump-
tion of UEs, we propose the multi-service Federated Learn-
ing optimization problem for FLO, MS� FEDL, as follows

TABLE 1
The Summary Table of Important Notations

Var Definition

s Index denoting FL service
n Index denoting participating UE
Ds;n The size of local dataset of the service s at UE n
cs The number of CPU cycles required to process 1 bit

of data sample of the service s
Ecmp

s;n The energy consumption of service s at UE n to
compute one local iteration

Ecom
s;n The energy consumption of service s at UE n to

transmit the local updates
Tcmp
s The local training time for one local iteration of

service s
T com
s The transimission time of service s

Bul The total uplink bandwidth
Bdl The downlink bandwidth
vs The size of local information updates of the service s
Kl;s The number of local iterations of service s
KgðQsÞ The number of global rounds using FEDL

Cs The total cost of the learning service s
hs The hyper-learning rate hs using FEDL

fs;n The allocated CPU-cycle frequency for service s at
UE n

wn The allocated fraction of the uplink bandwidth for
UE n
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min.
f;w;h

X
s2S

KgðQsÞ
	
Egl

s ðfs; wÞ þ ksT
gl
s ðTcmp

s ; T com
s Þ



s.t.
X
s2S

fs;n ¼ ftot
n ; 8n 2 N ; ðShared CPUShared CPUÞ

(24)

X
n2N

wn ¼ 1; ðShared BandwidthShared BandwidthÞ (25)

fs;n � fs;min; 8s 2 S; 8n 2 N ; (26)

wn � wmin; 8n 2 N ; (27)

0 < Qs < 1; hs > 0; 8s 2 S; ðLearning parametersLearning parametersÞ
(28)

Tcmp
s � csDs;n

fs;n
þ tms;n; 8s 2 S; 8n 2 N ; (29)

Tcom
s � tuls;nðwnÞ þ tdls þ texs;n; 8s 2 S; 8n 2 N ; (30)

where ftot
n is the total CPU frequency of UE n. The main

decision variables include the allocated CPU frequency (i.e.,
f :¼ ffs;ng) for each service s at UE n, the allocated fraction
(i.e., w :¼ fwng ) of total uplink bandwidth for each UE n,
and the relative accuracy (i.e., u :¼ fusg) of the local learning
problem at UEs. According to the constraints in (26), (27), all
of the learning services and UEs are required to be allocated
at least the minimum amount of CPU frequency and band-
width to train and upload the learning parameters of local
model. Besides, the auxiliary variables Tcmp

s is the computa-
tional time of one local iteration, and Tcom

s is the uplink
transmission time which depends on f and w in the con-
straint (29), (30), respectively. The constraint (24) indicates
the shared CPU resource among learning services and the
constraint (25) defines the shared uplink bandwidth for
each UE. Lastly, the constraint (25) provides the feasible
ranges of the learning parameters in the FEDL algorithm for
each learning service.

4 SOLUTIONS TO MS� FEDL

4.1 Centralized Approach

Even though the MS� FEDL problem is non-convex, we later
show the specific form of this problem is bi-convex [30]. The
convexity proofs of subproblems are shown in the appendi-
ces. For solving this type of problem, we adopt the popular
technique, Block Coordinate Descent (BCD) algorithm [30].
The block coordinate descent method cyclically solves the
optimization problem for each block of variables while fix-
ing the remaining blocks at their last updated values by fol-
lowing the Gauss-Seidel update scheme. In the MS� FEDL

problem, there are two blocks of variables such as block of u
and block of f; w. The detail of the centralized algorithm is
shown in Algorithm 2.

Given the fixed values f̂ ; ŵ for the resource allocation
variable block f; w and the corresponding computation,
communication time ^Tcmp

s ; ^Tcom
s , the total cost for each learn-

ing service s (i.e., Ĉs :¼ Egl
s ðf̂s; ŵÞ þ ksT

gl
s ð ^Tcmp

s ; ^Tcom
s Þ), we

have the learning parameter decision problem as follows

SUB1-c : Learning Parameter Decision Problem

min.
h

X
s2S

KgðQsÞĈs

s.t. 0 < Qs < 1; 8s 2 S;
hs > 0; 8s 2 S;

where h :¼ fhsg. In KgðQsÞ, Qs are the functions of the
hyper-learning rate hs and it is defined in the Equation (15).
However, the hyper-learning rate decision subproblem
SUB1-c can be decentralized for each learning service s
without any coupling among services in the constraints.
Thus, each service s can make the decision independently
by solving the following decentralized subproblem.

SUB1-d : Decentralized Learning Parameter Decision

min.
hs

KgðQsÞĈs

s.t. 0 < Qs < 1;
(31)

hs > 0: (32)

Lemma 2. There exists a unique solution u� of the convex prob-
lem SUB1-d satisfying the following equation:

h�s ¼
�Dþ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
D2 þBC2

p

BC
;

where the relative accuracy of the local learning problem suffi-
cient small and closed to 0.

Algorithm 2. Centralized Algorithm for MS� FEDL

1: FLO updates the information of learning service require-
ment, UE resources;

2: Compute h� from SUB1-cproblem using Lemma 2;
3: Compute f� from SUB2-cproblem given h�;
4: Compute w� from SUB3-cproblem given h�;

Accordingly, we provide the proof for Lemma 2 in the
appendix section. In addition, Fig. 2 illustrates the convexity
of the SUB1-d subproblem for three learning services. The
optimal solutions are obtained by using Lemma 2 andmarked
as the circles which are also the lowest values of the objective
curves. As an observation, both high and low values of the
hyper-learning rate h cause a higher number of global rounds
Kg and higher total cost for each learning service.

According to Lemma 2, the optimal hyper-learning rate
solutions do not depend on the total cost for each learning

Fig. 2. SUB1-d convexity for three learning services using the similar
settings in the next section.
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service Ĉs. Thus, the optimal solution of this problem is inde-
pendent to the other decisions. Then, given the optimal learn-
ing parameter h� and the corresponding Q�

s , the problem can
be decomposed into two independent sub-problems for CPU
frequency allocation and bandwidth allocation as follows

SUB2-c : CPU Allocation Problem

min.
f;Tcmp

X
s2S

Kl;sKgðQ�
sÞ

X
n2N

bn

2
csDs;nf

2
s;n þ ksT

cmp
s

 !

s.t. Tcmp
s � csDs;n

fs;n
þ tms;n; 8s 2 S; 8n 2 N ;X

s2S
fs;n ¼ ftot

n ; 8n 2 N ; ðShared CPUShared CPUÞ

fs;n � fs;min; 8s 2 S; 8n 2 N ;

where Tcmp :¼ fTcmp
s g.

This problem decides a number of CPU frequency for
each learning service at UEs.

SUB3-c : Bandwidth Allocation Problem

min.
w;Tcom

X
s2S

KgðQ�
sÞ
	X

n2N
pnt

ul
s;nðwnÞ þ ksT

com
s



s.t. Tcom

s � tuls;nðwnÞ þ tdls þ texs;n; 8s 2 S; 8n 2 N ;X
n2N

wn ¼ 1; ðShared BandwidthShared BandwidthÞ

wn � wmin; 8n 2 N ;

where Tcom :¼ fTcom
s g.

Using block coordinate descent, FLO solves alternatively
three convex subproblems of the hyper-learning rate decision,
CPU allocation, bandwidth allocation. Discussion as men-
tioned above, the optimal hyper-learning rate decision can be
obtained independently, then only one iteration is required in
block coordinate descent style algorithm. These convex prob-
lems that can be easily solved by using a off-the-shelf convex
solver (i.e., IpOpt solver [31]). After solving these problems,
the resource allocation solutions and the decision of the
hyper-learning rate are sent to the UEs to start the learning
process. Thewhole operation process is illustrated in Fig. 3.

4.2 Decentralized Approach

In addition to the centralized algorithm,we develop a decen-
tralized algorithm, which leverages the parallelism structure
for subproblems update of Jacobi-Proximal ADMM [23] into
the multi-convex ADMM framework [24], namely JP-
miADMM. Since the original form of multi-convex ADMM
using the conventional Gauss-Seidel scheme does not allow

solving the CPU allocation subproblem independently, the
integrated Jacobi-Proximal ADMM form provides the paral-
lelism structure for this subproblem. The JP-miADMM algo-
rithm consists of two procedures, such as primal update
which can be independently solved by each service s and
dual update takes the role of a coordinator from the solutions
of learning services. Note that in the following primal sub-
problems of JP-miADMM, the objectives comprise the addic-
tive norm-2 terms which are the augmented term that
originally is introduced in ADMM and proximal term in
Jacobi-Proximal ADMM. These two updates are performed
iteratively until the convergence condition is obtained. In
this algorithm, we introduce the dual variables v; y, and the
auxiliary variable z that are used in the next subproblems.
The detail of the decentralized algorithm is shown in Algo-
rithm 3 by alternatively updating the primal variables, pri-
mal residual and dual variables until the convergence
conditions in line 14 are obtained. Specifically, the first condi-
tion is the condition of CPU allocation based on the Frobe-
nius norm of allocation matrix f while the second one is
based on the vector norm of bandwidth allocation solutionw.

Algorithm 3. Decentralized Algorithm for MS� FEDL

1: FLO updates the information of learning service require-
ment, UE resources;

2: Each learning service s computes h�s from Lemma 2;
3: Initialize k ¼ 1; f ð1Þ; wð1Þ;
4: repeat
5: Primal update:
6: for learning service s 2 S do
7: Compute fðkþ1Þ

s from SUB2-dproblem given h�s; f
ðkÞ
s ;

8: Compute wðkþ1Þ
s from SUB3-dproblem given h�s ; z

ðkÞ;
9: Dual update:
10: Update the global consensus bandwidth allocation vari-

able zðkþ1Þ in the Equation (34);
11: Update primal residual in the Equations (35) and (36);
12: Update dual variable in the Equations (37) and (38);
13: k ¼ kþ 1;
14: until kf ðkþ1Þ � f ðkÞkF � �1, kzðkþ1Þ � zðkÞk � �2.

Since the optimal hyper-learning rate decision (i.e., h�) is
obtained independently according to the closed-form in
Lemma 2 for each learning service, the JP-miADMM algo-
rithm consists of an iterative process on the shared CPU
and bandwidth allocation as follows

4.2.1 Primal Update

In the primal update, each service s solves iteratively its
CPU allocation, bandwidth allocation, and hyper-learning
rate decision subproblems.

SUB2-d : Decentralized CPU Allocation (finding f ðkþ1Þ
s )

min.
T
cmp
s ;fs

Kl;sKgðQ�
sÞ
	X

n2N

bn

2
csDs;nf

2
s;n þ kTcmp

s



þ yðkÞT fs

þ r1
2

�� X
j6¼s;j2S

f
ðkÞ
j þ fs � ftot

��2 þ n

2
kfs � f ðkÞ

s k2

s.t. Tcmp
s � csDs;n

fs;n
þ tms;n; 8n 2 N ;

fs;n � fs;min; 8n 2 N ;

Fig. 3. Centralized deployment.
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where Q�
s is the function of h� and the decision variable fs is

the vector of ffs;ng. Under the mild conditions, i.e., the split-
table objective functions are closed proper convex and the
existence of a saddle point satisfying KKT condition,
the sufficient condition of JP-ADMM for the global conver-
gence to the saddle point according to Theorem 2.1 in [23]
can be guaranteed by choosing parameters such that

n > r1

	 jSj
2� a

� 1


; and 0 < a < 2;

In the bandwidth allocation subproblem, there is a cou-
pling among services due to all services have the same allo-
cated bandwidth allocation wn at UE n. Thus, we transform
the SUB3-c subproblem into the following equivalent
problem by introducing the auxiliary consensus variable
(i.e., z :¼ fzng) and the consensus constraint (33). This trans-
formation is commonly used to handle global consensus
variables in ADMM framework [22].

min.
Tcom
s ;w;z

X
s2S

KgðQ�
sÞ
	X

nu

pnt
ul
s;nðws;nÞ þ kTcom

s



s.t. Tcom

s � tuls;nðws;nÞ þ tdls þ texs;n; 8s 2 S; 8n 2 N ;X
n2N

ws;n ¼ 1; 8s 2 S; ðShared BandwidthShared BandwidthÞ

ws;n � wmin; 8s 2 S; 8n 2 N ;

ws;n ¼ zn; 8s 2 S; 8n 2 N :

(33)

Accordingly, each service s decides the allocated band-
widthwðkþ1Þ

s by solving individually its subproblemas follows
SUB3-d : Decentralized Bandwidth Allocation

min.
Tcom
s ;ws

KgðQ�
sÞ
	X

n2N
pnt

ul
s;nðws;nÞ þ kTcom

s




þ nðkÞT ðws � zðkÞÞ þ r2
2

��ws � zðkÞ
��2
2

s.t. Tcom
s � tuls;nðws;nÞ þ tdls þ texs;n; 8n 2 N ;X

n2N
ws;n ¼ 1; ðShared BandwidthShared BandwidthÞ

ws;n � wmin; 8n 2 N ;

where ws :¼ fws;ng.
The optimal solution of these convex problems can be eas-

ily obtained by using a convex solver (i.e., IpOpt solver [31]).

4.2.2 Dual Update

After independently updating the resource allocation,
hyper-learning rate decision for each learning service, the
dual update is performed to coordinate these solutions and
update the dual variables for the next iteration. We first
update the global consensus variable zn of the allocated
bandwidth for each UE as follows

zðkþ1Þ
n ¼ 1

jSj
X
s2S

�
wðkþ1Þ

s;n þ ð1=r2Þnðkþ1Þ
s

�
; 8n 2 N : (34)

Update primal residual:

r
ðkþ1Þ
1 ¼

X
s2S

f ðkþ1Þ
s � ftot; (35)

r
ðkþ1Þ
2;s ¼ wðkþ1Þ

s � zðkþ1Þ; (36)

where r1; r2 is the vector ofN devices.
Update dual variable:

yðkþ1Þ ¼ yðkÞ þ r1r
ðkþ1Þ
1 ; (37)

nðkþ1Þ
s ¼ nðkÞs þ r2r

ðkþ1Þ
2;s ; (38)

where y :¼ fyng; ns :¼ fns;ng.
Using JP-miADMM, FLO needsManagement Aggregator

and a particular module for each learning service. First, each
FL learning service module performs CPU allocation, band-
width allocation, and hyper-learning rate decision then
sends the CPU and bandwidth allocation decision to Man-
agement Aggregator and then running the aggregation pro-
cess for variable z, primal residual, and dual variables. This
process iteratively performs until the convergence condition
is achieved. Then, the resource allocation solutions and the
decision of the hyper-learning rate are sent to the UEs that
participate in the learning process. The whole process of the
algorithm deployment is illustrated in Fig. 4. In the MEC
server, each service can run its own virtual instance to man-
age the resource allocation and learning aggregator.
Although the decentralized approach requires many itera-
tions to convergence, it provides a more flexible and scalable
approach for the resource allocation without revealing the
learning service information (i.e., dataset information,
the learning weight parameters exchange between UEs and
the MEC server, the number of CPU cycles for each UE to
execute one sample of data). The decisions can be made by
each service and sharedwith FLO only.

Note that the chosen parameters r1, r2 in the augmented
and proximal terms could affect the convergence perfor-
mance of the decentralized approach. Furthermore, for a
particular global convex problem with additional running
conditions, JP-ADMM obtains oð1=kÞ convergence rate
according to Theorem 2.2 in [23], where k denotes the num-
ber of iterations. Specifically, kxk � xkþ1k2Mx

¼ oð1=kÞ where
xk is the primal solution at the iteration k and Mx is defined
in [23]. Accordingly, the gaps between updated primal vari-
ables become gradually smaller throughout the iterative
updates and the solutions converge toward the optimal
ones. Conventionally, for a global convex problem, JP-
ADMM converges faster than the dual decomposition
method [23] but still requires a higher number of iterations
compared to Gauss-Seidel ADMM as shown in the simula-
tion results of [32]. For the multi-convex case, miADMM
can guarantee the global convergence to the Nash point
(i.e., stationary point) with the convergence rate oð1=kÞ [24].
In the next section, we provide numerical results for the
convergence performance and the efficiency of the pro-
posed algorithms.

5 PERFORMANCE EVALUATION

5.1 Numerical Settings

In this work, we assume that three learning services are
deployed at the edge networks. Moreover, 50 heterogeneous
UEs are positioned within the coverage area of the base

NGUYEN ETAL.: TOWARD MULTIPLE FEDERATED LEARNING SERVICES RESOURCE SHARING IN MOBILE EDGE NETWORKS 549



station to participate in the federated learning system. Simi-
lar to our prior works [10], [20], we consider that the chan-
nel gain between the base station and the UE follows the
exponential distribution with the mean g0ðd0=dÞ4 where g0 ¼
�40 dB, the reference distance d0 ¼ 1m between BS and
UEs. Here, the actual distance d between the UEs and the
base station is uniformly generated between ½2; 50�m. Fur-
thermore, the uplink system bandwidth B ¼ 20MHz is
shared amongst UEs, the Noise power spectral is 10�10 W ,
and the transmit power of UEs and BS are 10W and 40W ,
respectively. In this work, we assume that the size of the
uploaded local model and downloaded global model is the
same and it is set to vs 2 f100; 200; 300gKB for each service.

For the local training model at UEs, we first set the train-
ing data size of UEs in each learning service following a uni-
form distribution in 10� 20MB. The maximum
computation capacity (i.e., CPU frequency) at each UE is
uniformly distributed between ½1; 2�GHz. The required
CPU cycles cs to train one bit of data at the UE for each
learning service is f50; 70; 90g cycles. Furthermore, the mini-
mum required CPU frequency for each service is fmin

s ¼
0:1GHz. We consider that the effective capacitance coeffi-
cient is the same for all UEs as bn ¼ 2 � 10�28 and the trade-
off parameter ks is set to 0.2. For the federated learning
parameters, we set L ¼ 1; b ¼ 0:5; g ¼ 1; and c ¼ 1. Then,
the relative accuracy of the local problem at UEs for each
service is u 2 f0:07; 0:06; 0:05g. This setting reflects the CPU
frequency requirement and model size as above and defines
the required number of local iterations for each learning ser-
vice correspondingly. Finally, for the algorithm setting, we
set the convergence thresholds in the algorithms as �1 and �2
are 10�4 and 10�5, respectively. Then, the values of the
parameters r1, r2, and n are 1000, 10, and 1500 respectively.

5.2 Numerical Results

We first illustrate a realization for the random location and
local dataset size of UEs as shown in Fig. 5. For this realiza-
tion, we demonstrate the convergence of the total cost, pri-
mal residual, CPU allocation, bandwidth from two solution
approaches in Fig. 6. Accordingly, the centralized approach

solely requires one iteration to get the optimal solution and
the decentralized solution approach performs an iterative
update process with many iterations to achieve that conver-
gence condition such as the changes of solutions below
small thresholds. Starting from the same initial points, the
centralized approach is quickly converged within one itera-
tion while the decentralized approach requires 95 iterations
to achieve the same solution in Fig. 6a. Even though, the
decentralized algorithm needs only 35 iterations to get
almost similar cost compared to the optimal one, however,
the allocated CPU frequency in Fig. 6d needs more itera-
tions to obtain the same optimal solution from the solver or
centralized algorithm. Different from a slow convergence of
CPU frequency, the bandwidth solutions are quickly con-
verged after 3 iterations and so the primal residual r2 in the
Equation (36). In practical usage, we can stop when the pri-
mal residual starts converging to zero after 55 iterations as
illustrated in Figs. 6b and 6c. As a result, these solutions still
guarantees to be a feasible solution and obtain such a very

Fig. 5. Generated distance (in m) and training size (in MB) at each UE.

Fig. 4. Decentralized deployment.
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similar to optimal cost. In light of this observation, we later
test the convergence performance of the integrated early
stopping strategy in the decentralized algorithm.

Now, we will discuss the characteristic of the optimal
solution in Fig. 6 as follows. As an example, by the reason of
Service 1 having the smallest local model parameter size to
update, it has the highest hyper-learning rate and corre-
spondingly takes more global rounds, less number of local
iterations. Thereby, in order to proceed with the local learn-
ing and perform more global rounds quickly, Service 1
occupies most of the CPU frequency of UEs. Unlike Service
1, Service 3 has the lowest hyper-learning rate, takes the
least CPU frequency, and performs less global rounds. As
the learning scheme in this work follows a synchronous fed-
erated learning, all UEs have to complete the local update
and send the local weight parameters to the server before
updating model at the MEC server. Thus, the users who are
far from the base station and have more training data to pro-
cess will require longer time to train, then upload the local
model. Accordingly, these devices receive the larger fraction
of the uplink system bandwidth to upload their local

parameters to the server. As shown in Fig. 5, UE48 is one of
the furthest UEs from BS and has a larger amount of local
data. Therefore, the largest fraction of the uplink system
bandwidth is allocated to UE48 as shown in Fig. 6f.

Moreover, we compare the optimal learning time, energy
consumption, and total cost with two heuristic approaches
as shown in Fig. 7. In the first heuristic approach, the CPU
frequency of the UEs is equally allocated to the learning
services. Moreover, the uplink system bandwidth is equally
allocated to the UEs as well to upload the local learning
weight parameter to the server. Then, FLO decides solely
the optimal hyper-learning rate for each learning service by
solving the SUB1-c problem. The second heuristic
approach is adopted to proportionally allocate the local
CPU based on the local data size (i.e., Ds;n) of each service
at UEs and allocate bandwidth based on the transmission
capacity of each UE. From the figures, we observe that the
cost including the learning time and energy consumption of
UEs for all services is reduced more than 18 and 16 percent
than that of the Heuristic 1 and Heuristic 2 strategies.
Among three learning services, Service 1 has the lowest

Fig. 6. Convergence experiment.

Fig. 7. Cost comparison.
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CPU requirement and the smallest size of local model
parameters. Therefore, it needs the lowest learning time
and energy consumption as well. However, the minimum
local performance at UEs of Service 1 compels more global
rounds and the lowest values of the hyper-learning rate h

than that of Service 2, and 3.
Furthermore, we vary the trade-off parameter to study the

effects of the conflicting goals of minimizing the time cost
and energy cost of each FL service. As increasing the trade-
off parameter (i.e., ks), the MS� FEDL gives a higher priority
to minimize the running time than that of the energy con-
sumption of UEs. Consequently, Fig. 8c shows the decreas-
ing curve of running time. Meanwhile, the services require
more energy consumption from UEs. Moreover, the priority
of services in terms of running time can be controlled by
varying the trade-off parameter ks of the service s. Accord-
ingly, the service which has a higher priority can be set with
a higher value of ks to reduce the learning time in solving the
MS� FEDL problem. In Fig. 8, we only increase the trade-off
parameter k3 of Service 3 to demonstrate the higher priority
of Service 3 than that of the other services. As a result, the
total running time of Service 3 can be decreased while the
total time of Service 1 and 2 are increased. On the other hand,
the energy consumption of UEs to serve Service 3 is
increased while the energy consumption of UEs to serve
other services is slightly decreased.

To boost the convergence speed, we can apply the early
stopping strategy for the decentralized algorithm, namely
the Decentralized-ES algorithm, by using the convergence
condition on the primal residuals instead of the primal vari-
ables as we discuss above. In Fig. 9, we run 100 realizations
for the random location and local dataset size of UEs while
keeping the other settings to validate the convergence speed
of the decentralized approach using the Jacobi-Proximal
scheme for multi-convex ADMM, the early stopping version
of the decentralized algorithm and the original multi-con-
vex ADMM algorithm using Gauss-Seidel scheme. Accord-
ingly, we observe that the median values of the required
iterations of the decentralized, decentralized-ES and
miADMM algorithms for convergence are 96 iterations, 67
iterations, and 70 iterations, respectively. The decentralized
algorithm requires higher number of iterations on average
than the original miAdMM algorithm. However, the early
stopping strategy helps to speed up the convergence rate
and obtain nearly the optimal cost. Statistically, there is
only a 0.05 percent difference with the optimal cost. Note

that, the original miADMM does not fully support the par-
allel operation in the primal problem and requires cyclic
learning service operating based on Gauss-Seidel update
scheme. Besides, even though the proposed decentralized
algorithms require a higher number of iterations to conver-
gence, they provide privacy preserved and flexible
approaches to independently control the learning process
and resource allocation for each learning service. Note that,
if the stringent time-constrained is required, the centralized
algorithm is applicable because it can provide the solution
within two iterations.

6 PRIVACY DISCUSSION

There are twodifferent privacy concerns in themultiple feder-
ated learning services system: (1) the revelation of personal
data with the provider or among the users, and (2) the sharing
service data among different learning services. Recent FL
approaches acquire minimal learning information for sharing
such as model parameters to preserve the privacy of personal
data. Thus, FL exhibits its benefit in privacy enhancement
compared to the conventional centralized machine learning
approaches. However, reverse engineering could reveal the
user identity from the learning model [33]. To prevent this
kind of attack, Differential privacy [34] approaches in FL can
ensure that the processes of collecting, aggregating, and ana-
lyzing data do not reveal sensitive information on individual
users such as privacy analysis, noise injection, and data-

Fig. 8. The trade-offs in energy consumption and total running time by varying k.

Fig. 9. Convergence performance of the decentralized algorithms in 100
realizations.
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driven solutions [35]. In addition to Differential Privacy,
Secure Aggregation [36] approaches focus on the aggregation
operations using encryption techniques without revealing the
contribution of each user.

Different from the privacy concern (1) in FL, the proposed
decentralized optimization algorithm for resource allocation
and learning parameter control in MS� FEDL problem can
reduce the required exchanged service information among
different learning serviceswhichmight belong to different ser-
vice providers. In particular, the proposed algorithm does not
require sending the size of local datasets and local updates of
UEs as well as the CPU cycles to execute a training sample in
eachUE.However, in the centralized approach (i.e., BCDalgo-
rithm), the FL Orchestrator needs to collect all of this informa-
tion from all services to solve the centralized optimization
problem. On the other hand, the proposed decentralized algo-
rithm provides a flexible operation to allow coordination of
service providers by solely exchanging the decision variables
with the coordinator after solving their subproblems indepen-
dently. In doing so, the decentralized approach could further
get better scalability by lowering the number of decision varia-
bles in each subproblem. According to our experiments, the
running time of one iteration in the decentralized methods is
faster than that of the BCD algorithm. We measured the run-
ning time for an iteration in the different resource allocation
schemes by using a normal PC (i.e., Core i5-7500). As such,
one iteration of the BCD algorithm requires 0.5 second on
averagewhile one iteration of the proposedADMMalgorithm
performs significantly faster (i.e., 0.15 second on average).
According to the decentralized design, the number of varia-
bles in subproblems of ADMM is less than BCD subproblem
by a factor of jSj times, where jSj is the number of services, so
the complexity of subproblems. Hence, ADMM approaches
could provide a better scalability solution approach for the
shared resource allocation. The existence of FLOrchestrator as
a third-party provider can reduce the direct information
exchange among service providers. However, to further
enhance the privacy preservation of the services from reverse
engineering issues among providers, the proposed algorithm
can be adopted with existing privacy-preserving techniques
for the ADMM algorithm. For example, the method in [37],
[38] associates primal variable perturbation by adding time-
varying Gaussian noise in each iteration. Note that, this might
acquiremore iterations and a longer time to converge.

7 CONCLUSION

In this paper, we analyzed a multi-service federated learn-
ing scheme that is managed by a federated learning orches-
trator to provide the optimal computation, communication
resources and control the learning process. We first formu-
late the optimization model for computation, communica-
tion resource allocation, and the hyper-learning rate
decision among learning services regarding the learning
time and energy consumption of UEs. We then decompose
the proposed multi-convex problem into three convex sub-
problems and solve them alternatively by using the block
coordinate descent algorithm in the centralized manner.
Besides, we develop a decentralized algorithm to preserve
the privacy of each learning service without revealing the
learning service information (i.e., dataset information,

exchange local updates information between UEs and the
MEC server, the number of CPU cycles for each UE to exe-
cute one sample of data) to FLO. The simulation results
demonstrate the superior convergence performance of the
centralized algorithm and the efficiency of the proposed
approach compared to the heuristic strategy. Furthermore,
by experiment, the early stopping strategy can boost the
convergence speed of the decentralized algorithm with an
infinitesimal higher value than the optimal solution. The
proposed resource allocation and learning parameter con-
trol problem could be extended to adopt other federated
learning algorithms such as CoCoA and CoCoA+ in [39].

To scale up our design, different MEC servers in different
cells can independently allocate their resources. The recent
works have analyzed the hierarchical federated learning
framework in [40], [41] and game-strategic formulation that
provide promising directions to extend this work regarding
the scalability issue. We advocate the wireless dynamic and
packet losses impacts as in [42] on the bounds of global iter-
ations in the FEDL algorithm and MS� FEDL problem are
also important to employ FL scheme to the realistic commu-
nication scenarios. We leave the possibly extensive analysis
of the proposed approaches for our future works.
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