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ABSTRACT In Federated Learning (FL), a global statistical model is developed by encouraging mobile
users to perform the model training on their local data and aggregating the output local model parameters
in an iterative manner. However, due to limited energy and computation capability at the mobile devices,
the performance of the model training is always at stake to meet the objective of local energy minimization.
In this regard, Multi-access Edge Computing (MEC)-enabled FL addresses the tradeoff between the model
performance and the energy consumption of the mobile devices by allowing users to offload a portion of
their local dataset to an edge server for the model training. Since the edge server has high computation
capability, the time consumption of the model training at the edge server is insignificant. However, the time
consumption for dataset offloading from mobile users to the edge server has a significant impact on the
total time consumed to complete a single round of FL process. Thus, resource management in MEC-enabled
FL is challenging, where the objective is to reduce the total time consumption while saving the energy
consumption of the mobile devices. In this article, we formulate an energy-aware resource management for
MEC-enabled FL in which the model training loss and the total time consumption are jointly minimized,
while considering the energy limitation of mobile devices. In addition, we recast the formulated problem
as a Generalized Nash Equilibrium Problem (GNEP) to capture the coupling constraints between the radio
resource management and dataset offloading. To that end, we analyze the impact of the dataset offloading
and computing resource allocation on the model training loss, time, and the energy consumption. Finally,
we present the convergence analysis of the proposed solution, and evaluate its performance against the
traditional FL approach. Simulation results demonstrate the efficacy of our proposed solution approach.

INDEX TERMS Dataset offloading, energy-aware resource management, federated learning, generalized
Nash equilibrium game, multi-access edge computing.

I. INTRODUCTION

Federated Learning (FL) builds a statistical model by allow-
ing mobile users to train local models on datasets residing
at their mobile devices [1]. The users only share the trained
local model parameters to a central server for model aggrega-
tion; thus, the local datasets’ privacy is preserved. In recent
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years, several works study FL over wireless networks [2]-[8].
These works are motivated by the possibility of leveraging
existing cellular infrastructure for offering learning services
to the users via distributed model training approach, such as
FL [9]. However, most of the works [3]-[8] highlight the
implication of wireless resource optimization, convergence
analysis, and training-time minimization when performing
distributed model training over dynamic wireless conditions.
Moreover, there are several other overlooked challenges and

VOLUME 9, 2021


https://orcid.org/0000-0002-6652-3600
https://orcid.org/0000-0002-5781-4131
https://orcid.org/0000-0002-5692-1189
https://orcid.org/0000-0003-3484-7333
https://orcid.org/0000-0002-9688-9806

C. W. Zaw et al.: Energy-Aware Resource Management for FL in MEC Systems

IEEE Access

open problems for the direct implementation of FL over
wireless networks [10], [11]. On the one hand, the model
training’s performance is significantly influenced by local
datasets and computing resources used for the training. On the
other hand, the subset of mobile devices selected in each
round of model training affects the time required to reach
a global model’s desired accuracy level. This situation gets
exacerbated when we have dynamic wireless conditions.

The trade-off between the model performance, energy and
time consumption can be resolved by enabling Multi-access
Edge Computing (MEC) in FL [12]. In particular, MEC
brings the high computing servers closer to the mobile users
so that users with low computing and energy capability are
able to offload their latency and computing-intensive tasks
to the edge server [13]-[15]. Therefore, mobile users are
able to offload a selected portion of local dataset to the edge
server where a statistical model is trained by the edge server
simultaneously with several mobile devices in hands [16],
[17]. Even though FL is intended for the privacy preserving
application, a portion of local dataset which are not privacy-
sensitive can be offloaded to the MEC for further computa-
tion. Then, the MEC server can perform the model training
on all the datasets offloaded by the mobile users, simultane-
ously, and perform averaging of local model parameters and
the obtained model to build a single global model. Besides,
the users can determine the offloaded data samples based on
the freshness of the collected data. Thus, this approach is
more practical as it should be up to the users to decide the
kind of data they want to share and further improve the model
performance.

Moreover, the performance of the global model in FL is
highly affected by the heterogeneity in computing resources
of the mobile device for training the local model. Besides, due
to the energy limitation of the mobile devices, the user may
use less amount of local dataset and computing resource for
the model training, which would result in lower model perfor-
mance. Thus, the trade-off between the energy consumption
of mobile devices and performance of the training model
is required to be addressed in FL. In this regard, the edge
server is a powerful computing device; hence, the time and
energy consumption of the model training at the edge server
is negligible. Therefore, it is intuitive to leverage the MEC
infrastructure for sharing computation burden of resource
constrained mobile devices during the model training process
in FL. By allowing the mobile users to offload a portion of
their local datasets to the edge server, the performance of
the global model can be preserved while saving the energy
consumption of the mobile devices.

Inline with this idea, the works in [17] and [16] proposed
the local data sharing mechanism for FL. In [16], the authors
mitigated the non-i.i.d. data problem by allowing a limited
number of users to upload their local data to a server; and
thus, the server trains a model on the uploaded data to support
the FL process during model aggregation. Authors in [17]
proposed a distributed data augmentation algorithm in which
users share a fraction of their local dataset to confront the lack
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of on-device data samples. Similar to these approaches [16],
[17], we give users the ultimate power to decide the dataset
offloading. On the other hand, as a ML developer, the global
model gets benefited with our proposed scheme, wherein
we balance between the high accuracy obtained in a cen-
tralized setting and the distributed privacy preserving model
training framework, such as FL. The proposed mechanism is
practical and can be applied to real-time applications such
as autonomous driving and mobile surveillance, where the
privacy of the data collected from the devices is not a major
concern.
In summary, we raise two overlooked yet fundamentally
coupled research questions here:
o How to involve more number of mobile devices, having
a moderate computational capacity and reasonable pri-
vacy concerns, in the FL training process?
o How to perform an efficient resource optimization while
ensuring the model performance?

In this article, we propose a MEC-enabled FL model to
address the tradeoff between the training model’s perfor-
mance, total time, and energy consumption of mobile devices.
The joint model learning and resource management problem
is challenging due to the coupling among the offloading
decision and resource management. Thus, Generalized Nash
Equilibrium Game is formulated for the dataset offloading
and uplink radio resource management to minimize the total
time taken for one global iteration. The mobile users’ energy
limitation is considered in the local computing resource man-
agement problem where the mobile users have a moder-
ate computational capacity and reasonable privacy concerns.
The energy-aware resource management algorithm for the
MEC-enabled FL is proposed in which the model training and
resource management problems are solved alternatively.

A. RELATED WORKS

1) RESOURCE MANAGEMENT IN FL

The wireless resource management has been an interest-
ing topic in FL. Author in [3] analyzed the communication
latency for decentralized learning over wireless networks,
where each node is allowed to communicate with its own
neighbors. The optimization model is proposed in [4] for
FL over wireless networks, where the energy and time con-
sumption are jointly optimized by power allocation, local
computing resource, and model accuracy. FL over wireless
communication networks is studied in [5]-[7] in which the
authors discussed the joint optimization of the model training
and wireless resource allocation. The channel uncertainty is
considered in [8] where the joint user scheduling and resource
block allocation is performed so as to minimize the loss of FL.
accuracy. The cost and learning loss are jointly minimized
in [18] by selecting mobile users who are participating in FL.
The selected users are allowed to determine the amount of
data samples used for the model training. Two level aggre-
gation for FL is proposed in [19] in which an intermediate
model aggregation can be performed at the edge server where
the final model aggregation is performed at the cloud server.
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2) RESOURCE MANAGEMENT IN MEC

The joint optimization of radio and computing resource man-
agement in MEC has been studied thoroughly in previous
works. Authors in [20] proposed a two step optimization for
radio and computing resource allocation so as to minimize
the total processing time. A multi-cell MEC is considered
in [21] in which the radio and computing resources are jointly
optimized to save the energy consumption of the mobile
users where the latency limit of the task offloading is consid-
ered. The queueing model for resource allocation is studied
in [22]-[24] in which the stability of the queues is required to
be satisfied in task offloading and resource allocation.

3) RESOURCE MANAGEMENT WITH GENERALIZED NASH
EQUILIBRIUM PROBLEM (GNEP)

GNEP is a promising technique to handle the strong coupling
of optimization variables in resource allocation problems
where both the objective and strategy sets of players are
dependent on each other. The properties, existence of Gen-
eralized Nash Equilibrium (GNE), and solution algorithms
are studied in [25]. GNEP for service provisioning problem
is proposed in [26]-[28] to model the multi-cloud systems
among multiple service providers. GNEP for the task offload-
ing in MEC is proposed in [29] in which the total time
consumption is minimized by the offloading decision. The
joint radio and computing resource management for MEC
is formulated as a GNEP in [30], [31] in which the authors
proposed a penalty-based resource management algorithm to
find a GNE.

B. OUR CONTRIBUTIONS

In this article, an energy-aware resource management prob-
lem is formulated for the MEC-enabled FL model. Our con-
tributions are as follows:

o We propose a MEC-enabled FL in which mobile users
are allowed to offload a portion of their local datasets
to the edge server. The proposed MEC-enabled FL
reflects a practical scenario where the users have mod-
erate computational capabilities and reasonable privacy
concerns. The mobile users can determine the offloaded
data samples depending on the freshness or privacy of
the generated data samples. Moreover, the proposed
MEC-enabled FL model addresses the tradeoff among
the performance of learning model and energy consump-
tion of the mobile devices.

o The energy-aware resource management problem is
formulated for the proposed MEC-enabled FL. model.
The learning model, dataset offloading, local comput-
ing, and uplink radio resources management are jointly
optimized to minimize the training loss and time con-
sumption for one global round, ensuring the energy
constraints of the mobile devices.

o The uplink radio resource management of the edge
server and the dataset offloading of the mobile devices
are formulated as a GNEP to focus on the coupling
among the resource management. The optimal solution
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FIGURE 1. Resource management for MEC-enabled federated learning.

of the dataset offloading and the resource management
is derived, where the time consumption of the local and
edge model is adjusted.

« Extensive simulations are performed to compare the
performance of the proposed MEC-enabled FL and tra-
ditional FL in terms of the learning model, time, and
energy consumption for the dataset offloading, and local
computing resource management. In addition, we ana-
lyze and validate these performance metrics of the pro-
posed algorithm on the cell-center and cell-edge user
is analyzed in which the system heterogeneity of the
mobile users is considered.

The rest of the paper is organized as follows. The system
model is presented in Section II in which the communication
and learning model for the MEC-enabled FL model are pro-
posed. The energy aware resource management problem is
formulated in Section III by considering the energy limit of
the mobile devices to minimize the total time consumption of
one global iteration. The energy aware resource management
algorithm for MEC-enabled FL is proposed in Section IV.
In addition, the performance of the proposed model is com-
pared with the traditional FL in Section V. The paper is
concluded in Section VI.

Il. SYSTEM MODEL

A single-cell MEC system is considered in this article where
an edge server is deployed at the access point which is utilized
for training a statistical model simultaneously with the mobile
devies. The energy consumption for the model training at the
mobile users can be reduced by offloading the portion of their
datasets to the edge server for the training. In the proposed
MEC-enabled FL consists of an edge server, and a set of
mobile users, Z € {1,2,---,1} where user i has the local
dataset D; to train a local model. The proposed MEC-enabled
FL system is shown in Fig. 1 where the mobile users are
allowed to offload 0 < §; < 1 portion of the local dataset
to the edge server, while the remaining (1 — §;) portion of
the dataset is used for the local model training. Depending on
the energy level of the mobile users, the computing resource
used for the local training is managed in order to minimize
the training loss and time consumption of the model training.
The dataset offloading and computing resource allocation is
determined by the mobile users individually while the edge
server controls the radio resource management for the dataset
offloading and weight transmission.
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FIGURE 2. An illustration of MEC-enabled federated learning model.

An illustration of the proposed MEC-enabled FL model is
shown in Fig. 2 in which the time consumption at each stage
is defined. Moreover, the synchronous update model for FL
is considered in this article. The mobile devices participating
in FL train their local model with datasets residing at the
mobile devices and transmit the weights of the model to the
edge server in the traditional FL approach. In our proposed
MEC-enabled FL model, the mobile devices simultaneously
offload a portion of their datasets to the edge server and train
their local model with the remaining portion. After all the
offloaded datasets are received by the edge server, the edge
training is performed. The model aggregation is carried out
after the edge training and the weight transmission of all
mobile devices.

A. COMMUNICATION MODEL

In this article, we consider the Orthogonal Frequency Divi-
sion Multiple Access (OFDMA) for data transmission,
i.e., for the dataset offloading and weight transmission. The
size of offloaded dataset varies across the mobile users
depending on their channel condition and energy level,
whereas the size of weight vectors is the same for all mobile
users. Thus, the radio resource management for the uplink
transmission is performed twice for the dataset offloading and
weight uploading. These two transmissions are not performed
simultaneously. The fraction of bandwidth allocated to user i
for dataset offloading is denoted as @;, while @; is for the
weight uploading. Thus, the achievable data rate of user i for
the dataset offloading is defined as

R = @ log, (1 + p’;—f’) . )

In addition, the achievable data rate of user i in uploading
the weight vector is

R = G0 log, (1 + ’Z—?) , )

where o is the total available bandwidth of the access point
for the uplink transmission, p; is the transmit power of
user i, g; is the uplink channel gain of user i, and ng is
the additive white Gaussian noise. For simplicity, let R;
be wlog, (1 + pn"—‘g’). Thus, the achievable data rate for the
dataset offloading and weight uploading is denoted by @;R;
and w;R; respectively.
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B. FEDERATED LEARNING MODEL
In traditional FL, a statistical model is learned by allowing
users to train a local model on the dataset residing at their
mobile devices. In order to achieve the higher model perfor-
mance, the objective of user i is to minimize the training loss
by optimizing the weight parameter w; with respect to its local
dataset D; as follows:

mivlv:ierﬁize Z (Wi, Xj, ),

j€D;

where X; € R" and y; € R are the features vector and label
of the data sample j € D;, n is the dimensions of the features
vector. In this work, the Mean Squared Error (MSE) is used
for calculating the loss function where the logistic regression
is implemented for the model learning. After the local training
is done at user i, the weight vector w; is sent to the edge server
for the model aggregation, where a global model is developed
as defined in [1] which is as follows:

2iez [ DilWi

ZieI Dil
The final model is derived by the contribution of mobile users
which is defined as the proportion of the size of their local
dataset to the total dataset.

The performance of the global model depends not only on
the local dataset but also the computing resources used for the
local training. A local model at user i is trained by updating
the w; at multiple iterations according to stochastic gradient
descent approach. User i could save its energy consump-
tion by stopping the training after a few iterations. In order
to preserve the performance of the final global model and
energy consumption of the mobile devices, users can offload
a portion of their dataset to the edge server. The proposed
MEC-enabled FL is described in the following sections.

W=

C. LOCAL TRAINING MODEL

In the proposed MEC-enabled FL model, user i is allowed to
offload a portion §; of its local dataset D; to the edge server,
while the remaining (1 — §;) portion of the local dataset is
used in training a model on the mobile devices. The objective
of user i is to optimize a weight vector, w;, by minimizing the
training loss which is defined as follows:

minimize L(wi, Xj, ), 3)
w;eR” Z_ %
JjeD;

where 75,- is the dataset to train the local model in which
samples are chosen randomly from D; and |Di| = (1-8,)|Dil.
After the local model is trained on the mobile device, user
i uploads the weight vector, w;, to the edge server which
describes the local model. Thus, user i needs to perform two
independent operations: i) the local training and ii) weight
transmission to the edge server. Therefore, the time consump-
tion of user i to execute the two stages is defined as

t}ocal _ (1 =8)f (DDt +f(|wi|)
' vil'i oiR;

“)
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where f(|D;]) is a linear function of |D;| which defines the
size of user i’s local dataset in bytes, t is the number of CPU
cycles required for one byte in the model training, y; is the
fraction of CPU resources used for the model training, I'; is
the total available CPU resources at user i, and f(|w;|) is a
linear function of the weight vector w; which defines the size
of the weight vector in bytes. The local energy consumption
of user i for the local model training and weight transmission
to the edge server is calculated as

S(wil)
! wa—symﬂﬁmrﬁ+m(f—L NG
a),-R,-
where i is the chip capacitance related to the CPU of the
mobile device as defined in [32].

D. EDGE TRAINING MODEL

In order to preserve the local energy and the performance of

the final model, user i is allowed to offload §; portion of its

local dataset D; to the edge server, where the model training is

performed on the offloaded dataset in which the weight vector

Wg is optimized to minimize the training loss as follows:
minimize

wg eR?

lwWe, Xj, ), (6)
j€Dx
where 25E = U,-EI@I-, 75,- is the offloaded dataset of user i in
which the data samples are chosen randomly from the local
dataset D; such that |D;| = 8;|D;|, D;UD = D;, and D,ND; =
@. The model training at the edge server involves two stages
as well which are the dataset offloading of the mobile users
and the weight optimization. Thus, the time consumption of
the edge training is defined as follows:

tedge — max 5L}“("ZDID + ZiEI 81f(|Dl|)T i
ieZ WiR; g
where ['g is the available CPU resources of the edge server.
The energy consumption of user i in the dataset offloading is
calculated as follows:
~ §if(IDil)
off !
oM — p. | ————= ). 8
¢ pi < @R ®)
Once the model training at the edge server is executed and
the weight transmission from the mobile users is completed,
the final model aggregation is performed. Following the anal-
ysis of [1], we define the final model aggregation as follows:

)

> icz |Dilwi + |Dg|we
iz IDil ’
where the contribution of the weights from the mobile users

and the edge server to the final model is proportional to their
data samples used in the model training.

V_V:

&)

ill. PROBLEM FORMULATION

In this section, the energy aware resource management prob-
lem for the MEC-enabled FL is formulated, where the train-
ing loss and the time consumption for one communication
is jointly minimized while considering the energy level of
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the mobile devices. It is crucial to minimize the time taken
for one communication round in the proposed MEC-enabled
FL because the time taken for dataset offloading influences
the total time consumption which can be significantly higher
than the traditional FL model. Since both the edge server, and
the mobile user i gets involve in the model training for the
proposed MEC-enabled FL model, the total time taken for
one communication round is defined as follows:

ttotal — max {max {tl_local} , tedge} , (10)

i€l

where the synchronous model update is considered. In addi-
tion, the total energy consumption of user i in the proposed
MEC-enabled FL is defined as follows:

total __ local off
e =e " +e]. (11D

Thus, the energy aware resource management problem for
the MEC-enabled FL is formulated in which the training
loss and the total time consumption are jointly minimized by
guaranteeing the energy limit of the mobile devices.

The optimization problem of the edge server, where the
uplink radio resources are managed so as to jointly minimize
the edge training loss and total time consumption is defined
as follows:

minimize
wreR" [@,0]eSE

Z IwE, %, y)) | + g %!
‘GbE

subject to eEOtal < Ae;, Viel, (12)

where o1 and «» are, respectively, the scaling parameters for
the training loss and total time. The set Sg is defined as

Seg = 1lo, w]|2w,§l Zwl =

i€l i€l

®>0¢, (13)

where @ = [‘:’i]irez’ @ = [&]_7. Sg defines the limit of the
uplink radio resource allocation where the sum of the fraction
of uplink bandwidth allocated to the mobile users must not
exceed 1 for both dataset offloading and weight transmission,
and the resource allocation must be non-negative.

The dataset offloading and computing resources optimiza-
tion of user i to jointly optimize the local training loss and the
total time consumption is as follows:

total

. en?Rl’plr,n)l/,Z]ZS o Z I(wi, xj,y) | +axt
subject to e}mal < Aei. (14)
The set, S; is defined as
Si={[6;,7ill0<8 <1,0=<y <1}, (15)

where S; defines the boundaries for the data offloading vari-
able §;, and computing resource allocation y;, to ensure that
8; and y; are non-negative and must not exceed the total
available resources.
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The formulated energy-aware resource management prob-
lem is challenging to solve due to the non-convexity and
strong coupling among the decision variables. Thus, we first
decouple the formulated problem of user i into the com-
puting resource management problem and dataset offload-
ing problem. Then, the GNEP is formulated for the uplink
radio resource management at the edge server and the dataset
offloading at the user i in which the coupling in their objective
function and strategy sets are analyzed.

IV. ENERGY-AWARE RESOURCE MANAGEMENT

FOR MEC-ENABLED FL

In this section, the energy-aware resource management algo-
rithm is presented where the model training and the resource
management problem at the edge server and the mobile users
are decoupled and solved alternatively. The uplink radio
resource management problem of the edge server where the
objective is to minimize the total time consumption while
guaranteeing the energy limit of the mobile devices is defined
as follows:

minimize #°@
[®,0]€Sk

subject to e§°tal < Ae;, Viel. (16)

Thus, the edge server solves (6) and (16) alternatively. More-
over, the objective of the mobile user i is to minimize the total
time consumption by optimizing the dataset offloading and
computing resource management by ensuring its energy limit
is as follows:

minimize ¢!
[8i,7i1€S;

subject to el < Ae;, a7

where the mobile user i solves (3) and (17) alternatively.
Due to the non-convexity and coupling among the dataset
offloading §;, and the computing resource management y;,
the resource management problem of user i is decoupled into
two independent problems, which are the dataset offloading
problem and the computing resource management problem.

A. COMPUTING RESOURCE MANAGEMENT FOR
MEC-ENABLED FL

Given the dataset offloading decision §; and the uplink band-
width allocation for the weight transmission ;, the comput-
ing resource management problem of user i to minimize the
total time consumption by taking its energy limit is defined
as

local

minimize f;

V€S
subject to el < Ae;, (18)

where S; = {i0 < y; < 1}. As stated in Appendix VI,
the local time consumption t}"cal is decreasing in y;, but the
local energy consumption e;"tal is increasing with respect to
y;. Thus, the optimal value of y; exists when tl.l"Cal can be
decreased until e}"tal = Ae;. The closed form solution of y;,
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which can be derived with the KKT conditions, is described
as follows:

. . . 1/2
Ae; — p; (&fngDi,D + fgiv]véin)
Yi = s
l Y1 — 8)f (IDiDT ()2
¥ = max{min{y;, 1}, 0}, (19)

which is the projection of ; onto S;.

Proof: Appendix B-A. |

Thus, the optimal computing resource allocation of user i
depends not only on its energy level but also the amount of
datasets used for the local training and energy consumption
for the uplink transmissions. The computing resource used
for the local model training y; will be less if the energy
level of the mobile user i, Ae; is low, or the total energy
consumption of the uplink transmissions is high. Moreover,
in order to guarantee the energy limit of the mobile device i,
less computing resource should be used for the model training
if the amount of dataset used for the model training is large.

The energy limitation of the mobile users is assumed to
be satisfied by the computing resource management of the
mobile users. Thus, we eliminate the energy limitation con-
straints of the mobile devices from the dataset offloading
and uplink resource management problem. However, our pro-
posed solution approach can satisfy the energy limitation of
the mobile devices which is shown in the simulation results
in Section V.

B. DATASET OFFLOADING PROBLEM

The dataset offloading of the mobile users and the uplink
bandwidth management of the edge server can be formu-
lated as follows. Given the computing resource allocation y;,
the uplink bandwidth management for the dataset offloading
®;, and the weight transmission @;, the dataset offloading
decision of user i can be formulated as follows:

thtal , (20)

minimize
5;€S;
where S; = {6i|0 < §; < 1}. The dataset offloading problem
(20) can be rewritten as

minimize At
5,‘,68,’
subject to t}oca] < At,
edge
;o <AL, 2h

edge _ 8f(IDi) + Z,-Ezlsif(\'DiDT‘

where 1; = "%k i

C. UPLINK RESOURCE MANAGEMENT PROBLEM

Given the dataset offloading §; and the computing resource
allocation y;, Vi € Z, the uplink bandwidth allocation for the
dataset offloading @ and the weight transmission @ of the
edge server can be formulated as follows:

minimize @, (22)

[@,®]eSE
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The uplink bandwidth management problem (22) can be
rewritten as
minimize At
[@,®]eSE
subject to t}oca] < At, VielZ,
1% < A1, Viel (23)

As defined in (21) and (23), the dataset offloading decision
8; is strongly dependent on the uplink bandwidth allocations
@; and w;. Since the uplink bandwidth resource is limited,
the management of the uplink radio resources among the
mobile users with respect to their data offloading decisions
is challenging.

D. GNEP FORMULATION FOR TIME MINIMIZATION

The GNEP formulation is defined in order to address the
strong coupling among the uplink bandwidth and the dataset
offloading, where not only the objective functions of the
players but also their strategy sets are dependent on each
other, as defined in (21) and (23). Let P = {0, 1,2, ---,1}
be the set of players in the time minimization game, where
the edge server is indexed as O, and the mobile user i as
i =1,2,---,1. The action of the edge server, which is the
uplink bandwidth management for the dataset offloading and
the weight transmission, is denoted by xq, where xg := ®, ®].
In addition, the action of user i, Vi € Z, which is the dataset
offloading decision, is denoted by x;, where x; :=;.

The coupling constraints of the edge server and the mobile
users are rewritten as follows. The local time consumption
constraint is re-defined as

@i, vi, @) <0, (24)
where h%oc"‘l(&-, Vi, @) = tl.l"cal — At. The edge time consump-
tion constraint is re-defined as

6, @) < 0, (25)

where /5°5°(8, @) = 1% — A1, 8 = [8:1 ;.
The GNEP formulation of the edge server for the uplink

bandwidth resource management is defined as

Go(x—o) : minimize At
[@,0]€Sy
subject to Al°(s;, v, @) <0, Viel,
K6, @) <0, VieI, (26)

where Sv'o = Sg. Let 30 be the set of the coupling constraints
of the edge server which is defined as

So= {[cb, @RS, i, @) <0, B8, @) < 0, Vi e I} .
27)

The compactness and convexity of Go(x—¢) is defined in the
following lemma.

Lemma 1: 50 is compact and convex set. hf"“‘l(éi, Vi, ©f)
and hfdge(& ;) are continous and convex in ®, ®.

Proof: Appendix A-B. 0

34944

The GNEP formulation of the mobile user i for the dataset
offloading is defined as
Gi(x_;) : minimize At
(Si,ES,‘
subject to 71°(8;, y;, @) < 0,
h€ (8, &) < 0, (28)

where 5} = §;. Let Si be the set of the coupling constraints
of player i which is defined as

S = {hl-"”‘(ai, yio @) < 0, K28, ) < 0] . 9)

The compactness and convexity of G;(x_;) is defined in the
following lemma.

Lemma 2: S‘i is compact and convex set. hf”““l((si, Vi, ;)
and hfdge(S, ;) are continuous and convex in §;.

Proof: Appendix A-B. (|

1) THE EXISTENCE OF THE GNE
The GNE of the formulated generalized Nash game is defined
as a point x* which solves G,(x_,), Vp € P. The existence
of the GNE is stated by the following theorem.

Theorem 1: There exists a generalized Nash equilibrium if
the following conditions hold for p, Vp € P.

o év’p, Vp € P, are convex and compact sets.

o S‘p, Vp € P, is closed and convex.

o The objective function, which is At, is continuous and

convex with respect 10 X).

2) SOLUTION APPROACH TO GNEP

The GNE x; of the formulated GNEP G, (x_,) can be derived
by the KKT conditions. Thus, X} := ®, ®] and X} :=;,Vi €
7, is as follows:

- 172
~ 1 A (IDil)
* s 30
@i 5 [x,-aif(b,-n]]/z[ R; ] G0
ieZ R;

. 1 [quw,-n}”z an
i Lf(x 12 R[ s

ez [0
. [fUDi) (D)) | f(Dir ]
o _[ @iR; + e + vili }

. . 8D
5 [f(IDzl)r LDEP YL ﬂ)r}’ )
yili wiR; e

where 1; and A; are the Lagrange multipliers associated to two
coupling constraints for user i.
Proof: Appendix B-B. ]
The Lagrange multipliers, A; and A;, Vi € Z, are updated
as follows.

(33)

Xk _ )N\i-(_l + A; if e, > Ae;,
TTEY e < A

=13k, (34)
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where A; is an increment parameter of user i. As defined in
(30) and (31), the Lagrange multipliers 5\,- and X; act as a
weight parameter to the proportional resource allocation of
the uplink bandwidth. Since e; is decreasing in @; and ®;,
the energy limitation of user i can be satisfied by allocating
more uplink bandwidth to user i in the dataset offloading
which has the higher energy consumption than the weight
transmission.

E. ENERGY-AWARE RESOURCE

MANAGEMENT ALGORITHM

The energy-aware resource management algorithm is pro-
posed for the joint learning, dataset offloading, comput-
ing, and uplink resource management for the MEC-enabled
FL which works as follows. First, the initial value for
the Lagrange multipliers, dataset offloading, computing and
uplink resource allocation are chosen. Users offload a portion
of their local dataset to the edge server as stated at line 4.
Users and the edge server perform the model training simul-
taneously as defined at line 5. Once the weight update of the
all users is received at the edge server, the model aggregation
is performed as stated at line 7. The Lagrange multipliers,
the dataset offloading, computing and uplink resource allo-
cation are then updated. In addition, the edge server and the
users perform the model training and the updated weights
are aggregated. This process is repeated until convergence as
defined in lines 9-21. Since all mobile users and the edge
server implement the best response strategy, the proposed
algorithm will converge to a stationary point. The loss value
] is defined as | = Zjeﬁ I(W, xj, y;), where it calculates the

testing loss of the final model on the test dataset D.

V. SIMULATION RESULTS

We consider a single-cell macro base station deployed
together with an edge server for the model training and aggre-
gation. MINIST dataset is used for the model training where
the logistic regression is performed on 50 mobile users. The
data samples in the whole dataset are randomly shuffled and
distributed among users where each user has approximately
1,200 data samples. The total available uplink bandwidth is
considered as 20 MHz. The edge server is equipped with
16 GHz CPU. We consider the system heterogeneity in the
simulation where the mobile users have different CPU fre-
quency and energy limitation where the CPU frequency of the
mobile users follows a uniform distribution of [1.2, 1.5] GHz.
The energy limit of the mobile users is considered to follow a
uniform distribution as well which is [45, 60] watt. We com-
pare the traditional FL and proposed MEC-enabled FL where
the dataset offloading for the edge training is not allowed
in the traditional FL. which uses all the data samples in the
local dataset for the training. The loss value in the figures is
the testing loss on the final model. For the proposed energy-
aware resource management algorithm, the initial points for
the dataset offloading and computing resource allocation are
chosen randomly while the uniform allocation is performed
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FIGURE 3. Loss and time consumption with respect to the fraction of
offloaded data.
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FIGURE 4. Loss, energy, and time consumption with respect to the
fraction of computing resource allocated.
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FIGURE 5. Loss, energy, and time consumption with respect to the
fraction of offloaded data.

on the uplink bandwidth resources. To compare the tradi-
tional and proposed MEC-enabled FL in terms of the size of
offloaded dataset and computing resource, the uniform allo-
cation is used for the uplink bandwidth resource management.

Fig. 3 shows the comparison of the traditional and pro-
posed FL on the size of offloaded dataset regarding loss and
total time consumption. Since the dataset offloading is not
allowed in the traditional FL, the loss and total time con-
sumption are constant across the size of the offloaded dataset.
The proposed MEC-enabled FL can achieve the better model
performance by offloading the portion of local dataset where
the edge server performs the model training on all the local
dataset offloaded from the user. The proposed MEC-enabled
FL is same as the traditional FL when the fraction of the
offloaded data is zero which means the mobile users use all
the dataset for the local training. When the fraction is 1,
the proposed FL is same as the centralized model training
where all the local datasets are used for the model training at
edge server. Since the users need to upload the local datasets
to the edge server, the total time consumption of the proposed
model is higher than the traditional FL but it can be minimized
by the decent resource management approach.

Fig. 4 and Fig. 5 show the testing loss, energy and time
consumption of the proposed model with respect to the com-
puting resources and dataset offloading for the cell-center and
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FIGURE 6. Comparison of local time taken for (i) local training, (ii) weight
transmission, and edge time taken for (i) dataset offloading, (ii) edge
training, with respect to the fraction of offloaded data.
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FIGURE 7. Comparison of traditional and proposed MEC-enabled FL in
loss and time consumption.

cell-edge users. As more computing resources are used for
the local model training, the loss and time consumption is
decreased. However, the energy consumption of the mobile
device will increase with the computing resource allocation.
As for the amount of offloaded dataset, the loss and energy
decreases as the size of offloaded dataset increases since the
energy consumption of the model training is much higher
than that of transmissions. But, the total time consumption
is increased with respect to the offloaded dataset due to the
time taken for dataset offloading. The total time taken for
the cell-center user is much lower than that of the cell-edge
user. Since the synchronous update is used for the model
aggregation, the cell-edge user has the high impact on the
total time consumption.

Fig. 6 shows the time taken for the local and edge training
for the cell-center and cell edge user. The time taken for the
local training gets lower than that for the edge training as the
offloaded data size increases. Due to the poor channel condi-
tion, the cell-edge user needs higher time consumption in the
dataset offloading than the cell-center user. Thus, the decent
resource management approach is required to minimize the
total time consumption.

Fig. 7 shows the comparison of the traditional and pro-
posed FL on Algorithm 1 where the algorithm converges
to a stationary point after a few iterations. The proposed
MEC-enabled FL performs better than the traditional FL
since the offloaded local datasets are trained collectively
at the edge server. With the proposed resource manage-
ment approach, the MEC-enabled FL can achieve lower
time consumption than the traditional FL. Fig. 8 shows the
convergence of the algorithm in the final model loss, total
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Algorithm 1 Energy-Aware Resource Management Algo-
rithm

1: Choose an initial value for the Lagrange multipliers
M2 viel
k < 0.
Choose an initial value for 6;‘, yik, c?)f J)f‘ ,VieT.
User i, Vi € 7 offload (Sf of its dataset to the edge server.
User i, Vi € Z, and the edge server perform the model
training simultaneously.
6: User i, Vi € 7 uploads its weight parameters.
7: The model aggregation is performed at the edge server.
8
9

: repeat

: k<—k-+1.
10: Atuseri,VieZ,
11: vk« ;" as defined in (19).
12: 8;.‘ < 8} as defined in (32).

2

13: Sl’-‘ of the dataset is offloaded to the edge server given
ot

14: The model training is performed given 8{‘ and yik.

15: wf.‘ is uploaded to the edge server given J){.‘ .

16: At the edge server,
17: Xf , Xf ,Vi € 1, are updated as defined in (33) and
(34).

18 @ < @F,VieZ, as defined in (30).

19: c?)Z‘ <~ @}, Vi €T, as defined in (31).

20: The model training is performed given 8.

21: The model aggregation is performed.

22: until Hik - ik_lj < e and ||t‘°tal'k — ptotal.k—1 || <e.

Cell-center user Cell-edge user
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—+— Time

)
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80 —+— Time

E

60

By

Time consumption (s)

=

0 25 50 75 100 0 25 50 75 1

Iterations Iterations

S

FIGURE 8. Convergence of the algorithm in loss, energy and time
consumption.

time consumption and individual energy consumption of the
cell-center and cell-edge user. The energy consumption of the
cell-center user fluctuates more than that of cell-edge user
where the energy limit of the mobile users are guaranteed
eventually.

Fig. 9 and Fig. 10 shows the comparison of the resource
management of the Algorithm 1 at the cell-center and cell-
edge users. Due to the poor channel condition of the cell-edge
user, less local dataset is offloaded to the edge server while
more uplink resource is required for the dataset offloading
than the cell-center user in order to minimize the total time
consumption. Similar to the uplink resource allocation for
the dataset offloading, the cell-edge user require more uplink
bandwidth for the weight transmission than the cell-center
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APPENDIX

A PROOF OF CONVEXITY
A. ENERGY CONSUMPTION OF USERS

The first derivatives of the total energy consumption of user i
with respect to §;, i, @;, and @; are as follows:

36,‘
a6;
36,’
i
8€i
dw;
ae,-
0w;

OiR;

—Yf(IDihT (1),

29 (1 — 8)f (IDil)Tyil'?,

_pf (D)

@7 Ri

_ _piwib.

@7 R

k]

=
&

cell-center user

—+— cell-edge user

S
0
o
o
b+

cell-center user

for weight transmission

S

Q9
o
=)

Computing resource allocation
Uplink bandwidth allocation

—v— cell-edge user

20 40 60 80 100 20 40 60 80 100
Iterations Iterations

FIGURE 10. Convergence of the algorithm in computing resource and
uplink bandwidth allocation for weight transmission.

user to reduce the total time consumption. Since the cell-edge
user offload a small portion of its local datasets to the edge
server, the higher amount of computing resource is required
for the local training than that of the cell-center user which is
shown in Fig. 10.

VI. CONCLUSION

In this article, the energy-aware resource management for the
MEC-enabled FL is proposed. In particular, the mobile users
are allowed to offload a portion of their local dataset to the
MEC server; and hence, the tradeoff between the performance
of the training model and the energy consumption at user
devices with respect to the amount of data samples used
for the local training is handled. To that end, an energy-
aware resource management problem is formulated with
the objective of minimizing the training loss and time con-
sumption, while satisfying the device’s energy constraints.
The formulated problem is decoupled into multiple sub-
problems due to the coupling between the decision variables.
Then, the solution for the computing resource management
is derived by ensuring the energy budget of the mobile
users. Moreover, the problem of dataset offloading and uplink
resource management is formulated as a GNEP, and the
existence of a GNE is derived. The solution to the dataset
offloading and uplink bandwidth allocation is derived to min-
imize the total time consumption. To that end, the energy-
aware resource management algorithm is proposed. Finally,
extensive simulations are performed which show that the
total time consumption of the proposed MEC-enabled
FL model is competitively lower than the traditional FL
approach when adopting the proposed resource management
algorithm.
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The second derivatives of ¢; with respect to §;, y;, @;, and
w; are as follows:

32 e;
= O’

362

5> =2y (1 = &) (IDiTT; = 0,
ay;
3% e _ 2pbf (DD 0.
da? R
3% e _ 2pif(wib) 0.
dw? @} R;

The second derivatives of e; are non-negative which are
3% e; > Obecause 0 < §; < 1,0 <@ < land0 < &; < 1.
Thus, ¢; is convex with respect to §;, y;, @; and w;.

B. TIME CONSUMPTION

The time consumption for the edge model training of user i
includes the time taken for the datasets offloading and model
traing at the edge server which is defined as

8£(IDil) + Y iez 8if IDihT
I'e ’

tedge
' WiR;

The time taken for the edge training tiedge is affected by only
the dataset offloading §; and @;. Thus, the first derivatives of
129 with respect to §; and @; are

7% F(D) L fDir

381‘ 5),'Ri FE
d

06 &f(DiD)

v, @R

The second derivatives of tl.e dze with respect to §; and @; are

L
382 ’

025 25D _
d@? o

dge . . ~
Thus, tie £¢ is convex with respect to §; and @;.
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The time taken for the local model training tl-loca] is affected
by the dataset offloading §;, the computing resource alloca-
tion y;, and the uplink bandwidth allocation for the weight
transmission @;. Thus, the first derivatives of tl.local with
respect to §;, y;, and w; are

o f(Dir
s vl
ot (1= 8)f (1Dt
Vi B )/l-zr,' '
o f(Iwil)
Aw; __a_)izR,-.

The second derivatives of til"cal with respect to §;, i, and @;
are

2 (local
a tiOCa _
382 |
0% i _ 21 = &) (IDil)e 0.6:0<y<1)
aylz y3F - ’ . — = 3
0% i 27(wib
da} o} R

Thus, t}ocal is convex in §;, ¥; and ;.

APPENDIX B
DERIVATION OF OPTIMAL SOLUTIONS
A. OPTIMAL COMPUTING RESOURCE DERIVATION

To derive the closed form solution of the computing resource
management y; of user i, the Lagrangian of (18) is defined as
follows:

(I =8)f (D) +f(|Wi|)
vili W;R;

+ B[ = 8 (DD (iT? - Aei]

The first derivative of L£(y;) with respect to y; is

Ly) =

IL(yi) (I -é)f (Dihr
D= T 2By (1 - 8 (IDiDTHT?
Y Y T
By setting the first derivative of L(y;) to zero, which is
0Ly _
ayi T

[ _a-syamp 7"
o 2sva —syrqoir} |

If B = 0, y; would be undefined. Thus, 8 must be greater
than zero which makes the following condition: e'°t@!
Ae; according to the KKT conditions. Thus, the computing
resource management of user i can be derived from et"tal =
Ae; as follows:

Aei — pi (8J(|DI) +m) 1/2

iR, iR

Y1 = 8)f (IDiT(T')?

Vi =

34948

B.OPTIMAL DATASET OFFLOADING AND UPLINK
BANDWIDTH DERIVATION
The Lagrangian of (28) is defined as follows.

L) = At +u [‘WD D), Tier S (DT At}
;R; I'g

p |:(1 = 8)f (D)t +f(_|Wi|) _ At} '
yili W;R;

The first derivatives of £(3;) with respect to §; is as follows.

ILG) A (D) N MDDt Mf(DiDT
38 @R g vili

s

where the Lagrangian, £(§;) is linear in §;.
To derive the solution of @;, @;, the Langrangian of (26) is
defined as follows.

8 (IDil) Z 78 (IDil)T
L(@, w)_At+ZA [ 1< - At]
i€l wlRl Te
(1 =é&)f(Diht f(|W1|)
* ZA [ vil'i W;iR; A[:|

ieT

+ﬁ[§5)i—1} +;1|:§5),-—1:|.

The first derivatives of L(®, ®) with respect to @, @ are

IL(®, @) L-aiquiD N
= = + i,
0L@, &) _ /\Lf(lwll)
w; @? R;

By setting the first derivatives of L(®, ®) to zero, which are
L©.6) _ () apq M("’ ®) — (, the following equations can be

Bw
derived.
Lsgaoin ]
w:[M] , (35)
MAR;
= nA1/2
@i:[)»zf_(lwzl)] . (36)
HUR;

As defined in (35) and (36), if 5»,' and A; are zero, @; and @; are
zero. The uplink resource allocation @; cannot be zero since
user i needs to offload §; portion of the local dataset unless
8; = 0. The uplink allocation for the weight transmission o;
cannot be zero since user i always need to upload its weight
parameter. Thus, ):,- # 0 and A # 0. In case of & and 1,
the uplink resource allocations, @; and ;, are undefined if
i and @ are zero, respectively. Thus, & # 0 and & # O.
According to the KKT conditions, if i # 0 and ft # 0,
we have the following conditions.

@i =1, (37)

;= 1. (38)
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By substituting (35) and (36) into (37) and (38), the values
of i1 and /& are derived as follows.

Laraon "]’
Qi = Z % ,
iel
- 1/2
_ A (Jwil)
- 2]
i€l

Thus, the optimal values for the uplink bandwidth allocations
can be derived as follows.

- 1/2
o = i 1 > Aidif (IDil) 7
Sy [Aisifébm] R;
- 1 |:5\if(|Wi|):|l/2
EER T

which can be depicted as the proportional resource allocation.
Regarding the KKT conditions, if A; # 0 and A; # 0,
we have the following conditions.
tfdge = A1,
rlocal — Ar.
From the above conditions, we have tl.e dge _ t}"cal
be expanded as

8if (IDil) n ez 0 (Diht
wiR; I'e o
Thus, we can derive §; as follows.
5 = [f(JDiI) +f(|Dﬂ|) +f(|Di|)T]_l
wiR; I vil'i
fUDiht +f(|Wi|) B Yjet i Sif IDiDT
vil'i W;R; e

which can

(I =8)f(DiDr

f(wil)
vil'i * '

W;R;

The dataset offloading, §;, is determined to balance off the
time consumption among the local training and edge training.
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