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devices is a promising approach. This reduces latency and traffic load on the
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Mobile edge COH}PUting resources and capacities maybe limited or shared between several users. We
Resource allocation propose an approach called FedMeta2Ag, which we evaluate using the MNIST
Task offloading database. With 20 epochs, the training accuracy reached 91.5%, while the test

accuracy achieved 92.0%. Performance consistently improved during the initial
20 iterations and gradually stabilized thereafter. Additionally, we compared the
performance of our proposed model with existing methods, finding that our ap-
proach outperforms existing models in predicting performance more accurately.
Thus, this approach effectively meets the demanding performance requirements
of wireless communication systems.
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1. INTRODUCTION

Mobile edge computing (MEC) and internet of things (IoT) are transformative technologies that have
revolutionized the way data is processed and applications are delivered [1], [2]. MEC brings computation and
storage capabilities closer to the network edge, enabling real-time data processing and reducing latency [3]]. IoT,
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on the other hand, connects a multitude of smart devices and sensors, allowing for seamless communication and
data exchange [4]]. The convergence of MEC and IoT offers significant opportunities for innovative applications
and services [5]. However, effective resource management is critical to fully exploit the potential of these
technologies.

Resource management involves allocating computing resources, such as computational power, mem-
ory, and network bandwidth, in a manner that optimizes performance and ensures efficient utilization [6]. Fed-
Meta2Ag has been identified as a new approach to address the challenges of resource management in MEC-IoT
environments [7]]. Federated approach enables collaborative learning on decentralized data while preserving
privacy and security [8]]. It allows multiple IoT devices to train a shared model without the need to transfer
sensitive data to a central server. Metal,, on the other hand, leverages past experiences to enable models to
learn and adapt quickly to new tasks or environments [9].

However, resource management in MEC-IoT based FedMeta2Ag faces several challenges [10]. First,
the dynamic and heterogeneous nature of MEC-IoT environments necessitates adaptive resource allocation
(ARA) strategies that can efficiently utilize available resources. IoT devices vary in terms of computational
capabilities, network connectivity, and energy constraints, making it challenging to allocate resources effec-
tively. Additionally, the resource demands of different applications or tasks may vary over time, requiring
the system to be capable of dynamically adjusting resource allocation [11]]. Furthermore, privacy and security
are paramount concerns in federated learning (FL). The distributed nature of the data and the need to protect
sensitive information pose challenges in ensuring privacy-preserving operations and secure model aggrega-
tion. Balancing privacy requirements with the need for efficient resource utilization adds an additional layer of
complexity to resource management in FedMeta2Ag [12]].

In the context of resource management in MEC-IoT environments, several research studies have ad-
dressed different aspects of the problem. Moghaddasi and Rajabi [13] proposed a double deep Q-learning ap-
proach for energy-efficient resource management in device-to-device (D2D) MEC environments. Their work
focused on optimizing energy consumption but did not consider the privacy-preserving and security aspects
of FL in resource management. In [14], [15] proposed a joint computation offloading and resource allocation
scheme for MEC-IoT systems to optimize latency and energy consumption. While their approach addressed
the optimization objectives, it did not incorporate FL. or MetaL techniques in the resource management pro-
cess. Dandoush et al. [16], addressed the privacy concerns in FL-based resource management by proposing
a privacy-preserving approach. However, their work did not consider the integration of MetaL. techniques for
ARA in MEC-IoT frameworks.

In a more recent study, proposed a reinforcement learning-based approach for dynamic resource allo-
cation (DRA) in MEC-IoT systems [17]. Although their work addressed DRA, it did not explore the potential
of FL or MetaL techniques in resource management. Furthermore, introduced a hierarchical resource man-
agement (HRM) framework using deep reinforcement learning (DRL) in MEC-IoT networks [18]. While their
approach provided a hierarchical structure for resource allocation, it did not specifically focus on the integration
of FL or MetaL techniques.

A similar study proposes DRL techniques to efficiently handle task offloading and resource allocation
in MECs [19]. The authors have developed DRL methods for solving optimization problems in MECs, focus-
ing on task offloading and service migration. These methods enable systems to autonomously learn optimal
solutions to the two optimization problems mentioned above. To further improve the efficiency of the DRL-
based task offloading method, the authors have integrated reinforcement Metal. In addition, for the service
migration problem, they exploited the DRL-based solution. The results are satisfactory compared with the
heurestic algorithms.

Li et al. [20] conducted research on the task offloading problem in MEC systems and proposed
a distributed algorithm to address the task scheduling problem for end devices. Their approach leverages
spatial correlation features in the scenario and efficiently schedules multiple tasks. They also investigated the
collaborative computing scheduling problem in terms of processing time and bandwidth usage. The objectives
were to minimize long-term energy consumption and schedule tasks efficiently based on latency requirements.
However, a limitation of their work is that the algorithm needs to be retrained for new scenarios and requires
devices to broadcast their relevant information during the training process.

Al-Ameer and Bhaya [21] have proposed a FL approach to resource management in MEC-IoT sys-
tems. However, MetaL. techniques were not integrated into the federated approach they proposed for ARA.
Recently, Adoum et al. [22] proposed a resource allocation approach based on a FedMeta2Ag framework for
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MEC-IoT environments.

Given the existing research gaps and limitations, there is a need for a comprehensive approach that
integrates FL and MetaL techniques to address the resource management challenges in MEC-IoT environments.
Such an approach should consider energy efficiency, privacy preservation, security, adaptability to dynamic
conditions, and efficient allocation of computing resources. By incorporating both FL. and MetaL, it would
be possible to achieve efficient resource allocation while preserving privacy, optimizing performance, and
enhancing the capabilities of MEC-IoT systems.

In this article, we propose a new approach to joint resource management in MEC-IoT based Fed-
Meta2Ag that tackles these challenges. By integrating FL and MetaL techniques, we aim to develop a frame-
work that not only optimizes resource allocation but also ensures privacy preservation and security in MEC-IoT
environments. Our research aims to provide a comprehensive solution that addresses the resource management
challenges posed by dynamic and heterogeneous MEC-IoT systems, enabling efficient utilization of computing
resources and enhancing the performance of applications and services. Our main contributions are summarized:

— Proposal of a method for task offloading and resource allocation in the context of MEC-IoT using a
meta-FL approach. The aim is to optimize task and resource allocation in MEC environments for IoT
applications.

— Proposal of a new federated method that enables Metal. in MEC environments. The proposed approach
enables collaborative learning of multiple edge IoT devices and enhancement of their task offloading
capabilities while preserving data confidentiality and reducing communication overheads.

— Design of a MEC-IoT framework based on double aggregation Meta-FL. Our framework uses a double
aggregation approach in the FL process adapted to MetaL in the MEC-IoT. The proposed method aims
to improve the aggregation step in the FL process, enhancing knowledge sharing and model convergence
between edge devices.

— Development of an algorthm called FedMeta2Ag and its extension integrating reinforcement learning
(FedMetaR2Ag).

The remainder of the article is organized as: section 2 presents the system model and problem for-
mulation based on FedMeta2Ag for an MEC-IoT environment. In this section, the system architecture, com-
munication model, local task execution, and task offloading to the MEC server are presented and described.
The problem of joint resource management based on FL in the MEC-IoT context is also formulated. Fur-
thermore, our algorithm, FedMeta2Ag, and its extension using reinforcement learning techniques adapted to
dynamic environments are presented and described. In section 3, through repeated simulations, we evaluated
our FedMeta2Ag algorithm considering accuracy rate and model loss as performance criteria, across different
learning epochs during training and testing phases. Finally, we discuss and compare the results of our proposed
approach with the results of other similar works. Section 4 summarizes the main contributions of our approach
and presents some perspectives.

2. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we present the system architecture, communication model, local task execution and
task downloaded to the local MEC servers (MEC-L) for our proposed joint resource management approach in
MEC-IoT based FedMeta2Ag. The architecture is composed of three tiers: the IoT user devices, the MEC-L
server, and the central server. Each IoT user device includes a local compute unit and a wireless communication
module. The MEC-L server provides local computing resources and storage, while the central server handles
the global parameter updates and model aggregation.

2.1. System architecture

In this subsection, we present a federated method for MetalL within the MEC framework. The training
system is organized with a decentralized structure, similar to the traditional federated approach. We incorporate
the model-agnostic meta-learning (MAML) strategy into the federated framework and carry out a dual model
aggregation using MEC-based model aggregation to achieve improved model performance and task offloading
simultaneously. After the global model is thoroughly trained, individual testing is conducted following a few
gradient descent fine-tuning steps.

The training system is configured with a decentralized structure, identical to the conventional FL
approach. We implement the MAML strategy in the federated framework and perform a dual model aggregation
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based on MEC based model aggregation to simultaneously achieve better model performance and better task
offloading. Once the global model is well trained, the test is carried out individually after a few gradient descent
fine-tuning steps.

We consider a system with MEC-L server placed at the user’s periphery and a central MEC server
(MEC-C) as illustrated in Figure 1. The set of MEC-L server and MEC-C is denoted M = {1,2,...M}.
There are N IoT devices (ID) noted N' = {1,2,....N}. Each [oT device has a task that is assumed to be atomic
(cannot be divided). Tasks are executed locally, or downloaded to the MEC-L server for processing.

Global aggregation
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Figure 1. Model for task offloading and resource allocation based on FedMeta2Ag in MEC

The unloaded task must be processed locally by the central processing unit (CPU). The task requiring
unloading must be transmitted to the MEC-L server and processed. To avoid bottleneck at the MEC-L server
level, each server is only responsible for a certain number of IoT end-devices, where a generalized model is
obtained after aggregation to enable new users to use the model directly, thus reducing the learning time. Each
MEC-L server obtains its own global model. The process is iterative, until a better model is found.

For more collaborative and to have the same high-performance model for all devices, the general
model obtained is then transferred to the MEC-C server to obtain a more general model after global aggregation.
This more generalized model is then sent to all the MEC-L edge servers, which in turn dispatch it to the IoT
devices.

The computational task on each IoT device T; is defined as (F;, D;, T;"**) for any ¢ element in the
set A [23]]. Here, F; represents the total number of CPU cycles, D; indicates the size of the data transmitted
from the IoT devices to the MEC-L during the task offload phase, and 77" is the maximum tolerated latency.
The values of D;, F; and T;"** are determined using the methods described in [24], [25]. The binary task
unloading strategy is considered as:

X ={z;; €{0,1}[i e N, j € M|} 1

x;; = 1 indicates that the i*" ToT device decides to offload the task to the jth server MEC-L, while z;; = 0
indicates that the ith IoT device decides not to unload the task on the j** MEC-L.

2.1.1. Communication model

Our proposed approach employs a communication model where each user device communicates with
the MEC-L server using a get-compute-set protocol. When a device has a learning task to perform, it sends a
request to the MEC-L server to obtain computational resources. The MEC-L server then allocates the necessary
compute resources and downloads the model parameters locally. Once the resources are allocated, the device
performs the local computations and sends the results back to the MEC-L server for storage and aggregation.
The device delegates the computation task to the MEC server, the uplink and downlink are represented as
Rayleigh channels, with the transmission rate of each device being defined according to the principles described
in [26]:
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P/th . .
rij = Blogy(1 + LMY YieN, VjieM )

o2

where B is the bandwidth, P;; is the transmission power from the it" 10T device to the j th MEC-L, o2 denotes
the noise power and h;; is the channel gain which is expressed as:
Bolij

hi; = , VieN,VjeM 3)
T e+ Y ) ’

where 3 is the channel power gain, ;; is the fading factor, (X; —Y;) the coordinates of the ' MEC, (z; —v;)
the coordinates of the i*" IoT device. Consequently, considering the throughput expressed above, the time and
energy consumed are defined by [27]]. The time taken to offload data from the i*" IoT device to the j** MEC-L
is defined by:

D; ) .
Ty;=—, YieN,VjeM 4)

The energy consumed is expressed as:

2.1.2. Local task execution

When a user device receives a task, it first checks if it has sufficient local resources to perform the
computation. If it does, it performs the computations locally and sends the results back to the MEC-L server.
If the device’s local resources are insufficient, it sends a request to the MEC-L server for additional resources.
The MEC-L server then evaluates if it has enough resources to allocate before sending the results back to the
device.

If the IoT device decides to process the task locally, the additional cost has two components: local
processing latency and local power consumption, since no task offload is involved. These two components are
determined in accordance to formulas taken from [28]]. The local computation time is:

F; .
Tl==, VieN (6)
fi
where f! denotes the computing power of the i*" ToT device’s CPU (i.e. the number of cycles per second). The
local processing power consumption is:

et = k(f))’Fi, VieN; (7)
where k, is the power consumption factor per CPU cycle of the IoT device and is equal to: k = 10720,

2.1.3. Task downloaded to the MEC-L server

When a user device requests resources from the MEC-L server, the task is downloaded to the server.
The server then identifies an appropriate model to use and aggregates the results from the user devices to
optimize the model. Once the model has been optimized, the server sends the updated model parameters back
to the user devices to continue the learning process.

When unloading a task, data is sent to the MEC-L server. The energy calculations on the MEC server
side are ignored [29], [30]. The server subsequently sends the computation and processing results back to the
terminal device in a data format.

Given that the downloaded data size is notably larger than the data returned by the server, transmission
delay during the return of computation results to the user device is ignored [31], [32].

When the IoT device decides to offload a computational task to the MEC-L server for processing,
the server must allocate corresponding computational resources to the offloaded computational task. The task
execution time of the i*" device on the j** MEC-L is:

TEIEZTEC, \V/ZEN, VJEM (8)

ij
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where f)/#C MEC is the capacity of the j*" MEC allocated to the i*" IoT device. When the IoT device uploads
a computation task to the MEC server, the resource allocation policy is defined as:

_ [rMEC |, :
F={f; lieN, jeMl|} &)
The global time consumption for a task is:
T =Ty + T, Vie N, VjeM (10)

The energy consumed during unloading is:

ef\;IEC_L = pijTij; Vi € N, Vj e M (11D

2.2. Problem formulation
In this subsection, the problem is formulated based on the various equations. The time consumption
for each IoT device is considered as:

TL‘ = Z Iij(Tij—Fﬂejze)—"(l—iEij)ﬁ, Vi EN, VJ eM (12)
JjEM

Total energy consumption is expressed as:

E; = injeffEC—L+(1—xij)e§, Vie N, Vj e M (13)
jeEM

The objective function Q (X, F') is defined as:

QX F) =3 Y (NT,+ A\ E) (14)

ieN jeM

where A7 and AP are weighted coefficients. The weighted coefficients are determined by specific application
scenarios. AT > AP if the task is urgent. If the task is energy-sensitive, A\’ > AT can be implemented. The
weighted coefficients in energy and computation time can be determined by applying multicriteria decision-
making theory [33].

The objective of the mathematical model is to minimize the latency and energy consumption of all
IoT devices subject to latency requirements and limited resources is as:

g{r{ng(X,F) (15)

St :
Cl . Titjrans S jwzmam
02 . Z MEC S F_]\/[ECfL

ij jmaz

03 . 0 S fzijC S FMEC*L

j,max

Cy: Z fi>0

Cs: A\F+XF =1

Ce : Tij € {07 1}

C7Zl‘ij +£L'7;0 =1
where F%ig_L is the computational capacity of the j** MEC-L. With regard to constraints, C; indicates
that the transmission time must not exceed the maximum time. C5 and Cs indicate that the total peripheral
computing resources allocated to all tasks must be the maximum computing capacity of the MEC-L server. Cy4
indicates that the IoT devices have local computing capacity. C5 indicates that the task must be either urgent,
or energy-sensitive, but not both, hence: A7 + \¥ = 1. Cg and C indicate that the device can make only one
decision at any given time.
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Observing both the presence of discrete (X) and continuous (F) variables, it is clear that that Q is a
mixed-integer nonlinear programming (MINLP) problem, is non-convex and is non-convex and NP-hard [30],
and that it is difficult to solve.

Therefore, the problem is decomposed into two subproblems: task unloading decision subproblem,
taking into account constraints Cs and C'7, and constraints C5 to C5 for the resource allocation sub-problem.

In this article, task offloading is solved using the FedMeta2Ag algorithm and the convex optimization
technique for resource allocation.

Considering the task unloading decision as a series of discrete binary variables, we design our algo-
rithm, which can quickly learn the optimal unloading decision X *. The (I6) is written as:

St Cs, Cr

once X * is identified, the problem can be reformulated as:
Q2 = min Q(X", F) (17)

MEC

with regard to , the second derivative of the fraction AlT(fIf%) gives us:
ij

IQ(X*, F) MF; . .
8fMEC = (fMEC) Vie N, VjeM
o MEC)2 :2( WEC) Vie N, VjeM (18)
ij ij

According to the convexity theorem for functions, this problem is categorized as a convex optimization
problem due to the second-order derivative being greater than zero. There is then an absolute minimum at
point F' = F*. Consequently, the problem satisfies the slater condition, and the karush-kuhn-tucker (KKT)
optimality conditions can be used to find the optimal allocation of resources at a point F™*. The function ()2,
which represents the objective, is defined as:

F; F;
mmz Z NI+ rme) + f_l’o:r]Jr
i€EN jEM ij 3
D; . :
APIPy =+ h(f*TF], YieN, VjeM

)

Applying the lagrange multiplier method, the lagrangian function for A(F, §) can be expressed as:

F; F;
L(A(F. mlnz Z )\T fMEC)—i_iroT]—’_
ieEN jeEM g
D;
APIP— + k(£]°T)? Fi] + B( Z FEC =),
"1 jEM
Vie N, VjeM (19)

where £ is the lagrange multiplier associated with constraints (Cy, C3) on computational resources satisfying
B < 0. The partial derivative of L(A(F, 8)) with respect to M EC gives us:

OL(A(F, F; _ _
M:_)‘?(MEC)'FBv Vie N, VjeM (20)
3 1]

In accordance with the KKT condition:

OL(A(F, B))
) MEC
ij

=0 2y
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The optimal solution for f#¢ is:

wpos _ [ME: VieN, VjeM (22)
ij = 8% > ? y VJ

B* > 0, the objective function tends to reach its optimal point, then:

> MEC —FMECL =0, VieN,VjeM (23)

17 j,max

jEM
Integrating (22) into (23), the lagrange multiplier becomes:
EjeM /\ZTF i

p* = MEC—ILy\g
( j,max )

Vie N, VjeM (24)

Finally, by bringing (24) to (22), the equation for optimal resource allocation is written:

F?WEC*L /)\TF'L
MECk = _Jma —, YieN,VjeM (25)

i
’ Zje/vl /\zTFi

2.3. Federated dual-aggregation Metal. within the MEC framework (FedMeta2Ag)

In this subsection, we introduce an algorithm, FedMeta2Ag, designed to address the trade-off between
training model performance, total time, and mobile device energy consumption. It is important to note that
Metal. allows for optimizing performance based on a small number of adaptation examples across diverse
tasks.

This algorithm is increasingly utilized within the domain of supervised learning and reinforcement
learning [34)]. The MAML is a gradient-based MetalL algorithm that operates through two interconnected
stages: meta-training and meta-testing. During meta-training, a flexible initial model is learned to facilitate
quick adaptation across various tasks, while meta-testing involves adapting the initial model to a specific task.

2.3.1. Description of the FedMeta2Ag algorithm

In the FedMeta2Ag algorithm, each IoT device leverages the MetalL approach on its respective dataset
D; = {(z%,yd")} containing input z¢* and label y.

During each episode, a task T is randomly sampled from a task distribution P(T) over D", where in
the meta-training involves a support set DY and a query set Dg. Each local meta-model is initialized with the
server’s § parameters and subsequently trained using D'".

Specifically, each IoT device d; downloads the parameter 6 from the MEC-L server for initialization
and then trains the model fyon the support set D using one or two gradient descent steps. The training loss
is determined by the error of the base model fy (the base-learner in Metal.), and is obtained by:

1 ) )
Lp§ =15 D>, W)y (26)

S (@i yieDy

In the evaluation steps (outer loop), it tests the base model fydi on the query set Dté’ to update the parameters
from 6% at 6% As a result, the loss L Dg is calculated to update the base model.

1 ) )
Lpg=1m >, W@y 27)
Q (@l ,yd)eDy
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Algorithm 1 FedMeta2 Ag with double aggregation (FedMeta2Ag)

Require: Task distribution: P(T'), Hyperparameters: «, 3, k, m
Ensure: Aggregate model
1: //Execution on Central Server
: Update global model
. Initialize 6. for each MEC-L server
. for each MEC-L server m; € M do
Retrieve 6; from each MEC-L server
06 = le Z 9[
end for
: //Execution on Local Server
: Update global model for each device
0 <« 6.
. Initialize 6 for each device
: for each episode E = ey, €3, ...¢; do
Sample of m devices and distribution of 6
for each device d; € D; in parallel do
gu < ModelTrainedMAML(6)
end for
00— 5 gep, 9u
: end for
: //Execution on IoT device
: ModelTrainedMAML(6)
: Sample the data set in support D and query D¢
: Calculate the loss LD? using (26)
: 0‘” — 60— OéVgLTk (fg)
: Calculate loss Lpgj using (27)
: 9‘“’ — Hdi — ﬂVgLTk (fgdz)
. Find the decision to unload tasks X*
: Obtain a high-performance model for the central server
D Gu — g

NP - NV I SN

I T N T N I S I S R e e
® VD EORN =~ D0 E LN~ O

It then sends the 6% meta-model to the MEC-L server. The MEC-L server aggregates the various
local meta-models to update the global model. Considering that each MEC-L server is only responsible for a
limited number of IoT devices, each MEC-L server obtains its own meta-model, whose performance may differ
from that obtained by other servers. All these meta-models are sent to a MEC-C server, which aggregates them
into a more general model. This more general model is sent to all MEC-L servers, which dispatch the new
initialization parameters to all IoT devices. The learning rate of the inner loop is defined by « and that of the
outer loop by 3. In the meta-test, the decision is the test set D", also composed of a support set D% and a
query set Dgj.

2.3.2. FedMeta2Ag integrating reinforcement learning

The proposed algorithm, FedMetaR2Ag, integrates reinforcement learning, specifically proximal pol-
icy optimization [35]). It is proposed to jointly manage task offloading and resource allocation decisions in the
MEC environment. The objective is to quickly determine the optimal task offloading decision X * and compute
the optimal computational resource allocation strategy F'* ibased on the KKT conditions using the MAML
algorithm. Each task T} has an initial state distribution ¢;(X7), transition distribution ¢;(X:11|X¢, a¢|), and a
loss corresponding to the reward function.

The fundamental components of reinforcement learning include the environment, agent, state, action,
and reward. In our system, the controller acts as the agent and interacts with the MEC environment. For
problem 1, we define the state, action, and reward as:

— State: the state (s(t)) serves as the basis for the agent’s action selection [36]. In the MEC system, the
agent needs to acquire specific states.
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— Action: once the state s(¢) is obtained, the reinforcement learning policy 7) is integrated into the network,
enabling the network to choose the optimal task offloading action to maximize the system’s reward. In
this system, the agent’s action, referred to as task unloading strategy X is responsible for offloading tasks
[37]].

a(t) = [z1(t), x2(t), — — — — = ;o (1)) (28)

— Reward: the main aim of the system is to minimize the objective function Q(X, F), as part of its opti-
mization process, while reinforcement learning is employed to maximize the system’s reward.
The combination of reinforcement learning and Metal. enables the creation of a meta-policy fy that
can be efficiently adapted to new tasks T. Here 6 represents the parameter of the policy network . Initially, K
tasks T}, are randomly sampled from the task distribution P(T'), where k € [1, K|. T}, M trajectories Dy, are
generated using fg. These trajectories Dy, are then utilized to update the sub-meta policy fy.

' =0 — oV Ly, (f}) (29)

In this context « represents the learning rate, which determines the rate at which the model adapts to
new information. L, refers to the loss function associated with task T}, which is defined based on the reward
obtained from the reinforcement MetalL model.

H
Lz, (f) = ~Es(t),a(t) ~ fo[Y_ ra(s(t), a(t))] (30)

In this scenario, H represents the horizon of the markov decision process, which determines the length
of the decision-making sequence, f¢ refers to the model for which the loss is to be calculated.

Once the f; sub-meta policy has been updated, it is utilized to sample a trajectory of task Tj. This
trajectory is then used to calculate the valid loss L, (fp, ) of the sub-meta policy f; The meta-policy update
is defined as, with (3 representing the meta-policy rate:

0 =0— BVoLyp, (fodi) (3D

when a new task that conforms to the task distribution P(T) is encountered, it has the potential to achieve
convergence with fewer gradient updates. In this context, n represents the learning rate, which determines the
step size of the gradient updates during the learning process.

afin =0- UVQLT(fF)) (32)

The task unloading decision, being a discrete variable, is addressed using a discrete proximal policy
optimization (PPO) and a meta-reinforcement learning framework called a MAML. The resource allocation
policy is computed using KKT conditions, and FL is employed to aggregate the models obtained from each
device. These three algorithms are combined to form the FedMetaR2Ag algorithm, which is described in detail
in Algorithm 2] (in Appendix).

3.  ANALYSIS OF RESULTS AND DISCUSSION

In this section, we evaluate the performance of our system, joint resource management for MEC-IoT
environment based on meta-FL, and discuss the obtained results. The key performance criteria used in the
measurements include learning accuracy and losses. Additionally, we evaluate the efficiency of our algorithm
by considering its learning time for different scenarios.

3.1. Simulation parameters settings

To simulate the proposed FedMeta2Ag algorithm, we used the Anaconda 2021 development environ-
ment (version 4.12.0) and the Python programming language version 3.9.12.

The hardware used for the simulation was an 8th generation HP ProBook 430 G5 computer with an
15-8250U CPU running at 1.80 GHz, 8 GB of RAM, and a 257 GB SSD.

For the evaluation of the algorithm, we used the Modified National Institute of Standards and Tech-
nology (MNIST) database. We randomly selected 50% of the data for the training phase, while the remaining
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data was used for the test phase. Each IoT device divided its local dataset into a support set and a query set.
The support set contained only one labeled example for each class.

To showcase the efficiency of the FedMeta2Ag algorithm in MEC server scenarios, we conducted
multiple tests and present the simulation results to verify its effectiveness.

For our evaluation, we considered batches of 50, 100, 150, and 200 customers. The number of epochs
varied between 5, 10, 15, and 20. It is important to note that all other simulation parameters were kept constant
during these experiments.

3.2. Analysis of accuracy results

We evaluate the accuracy of our system on the basis of different epochs (5, 10, 15, and 20), during
the training and test phase, considering 50, 100, 150, and 200 customers. By observing the evolution of
accuracy measurements over time, we can evaluate the learning performance and convergence of our algorithm
FedMeta2Ag.

3.2.1. Accuracy considering 5 epochs

The accuracy results obtained after 5 training epochs, for 50 iterations, varied based on the batch size.
With a batch size of 50 customers, the training accuracy (see Figure 2) reached 91.4%, and the testing accuracy
(see Figure 3) reached 91.9%. When the batch size was increased to 100, 150, and 200 customers, the training
and test accuracies were 89.5% and 90.3%, 88.4% and 89.2%, 87.2% and 88.0%, respectively.

0.9 1 0.9 1
081 0.81
0.7
> > 0.7 A
Y 0.6 1 o
o 5 0.6 1
3 051 ]
[v] v}
0.5 A
< 0.4 <
=—#— 50 customers 0.4 1 —#— 50 customers
0.31 = 100 customers = 100 customers
0.2 —e— 150 customers 0.3 —— 150 customers
' 200 customers 200 customers
6 1|0 2|0 3‘0 4‘0 5‘0 0 10 20 30 40 50
Number of iterations Number of iterations

Figure 2. Training phase considering model accuracy Figure 3. Test phase considering model accuracy at 5
at 5 epochs epochs

We can be concluded that the optimal results for the majority of customers are attained after the tenth
(10*") training stage. However, as the number of customers increases, the model’s performance progressively
declines. Moreover, the simulation results show that the 200-customer batch requires a minimum of 15 training
steps to achieve optimal results as compared to other simulation cases. On the other hand, the results for the
50-customer batch are better than those for other customers, indicating that its meta-model is easier to train and
exhibits high stability.

3.2.2. Accuracy considering 10 epochs

The accuracy results obtained after 10 training epochs, for 50 iterations, varied based on the batch
size. With a batch size of 50 customers, the training accuracy (see Figure 4) reached 91.6% and the testing
accuracy (see Figure 5) reached 91.9%. When the batch size was increased to 100, 150, and 200 customers,
the training and test accuracies were 89.7% and 90.3%, 88.3% and 88.6%, 87.5% and 88.4%, respectively.

By varying the epoch to 10 while keeping the same batch of customers, we notice that starting from
the 27*" iteration, the performance achieved reaches a plateau of 90%. This performance remains relatively
constant, with a slight improvement to 91% from the 39" iteration on wards. However, as we increase the
number of customers, we consistently observe that the system becomes saturated, and the model’s performance
declines. This suggests that there is a limit to the system’s capacity to handle a higher number of customers,
resulting in decreased performance.
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Figure 4. Training phase considering model accuracy Figure 5. Test phase considering model accuracy at 10
at 10 epochs epochs

3.2.3. Accuracy considering 15 epochs

The accuracy results obtained after 15 training epochs, for 50 iterations, varied based on the batch
size. With a batch size of 50 customers, the training accuracy (see Figure 6) reached 91.7% and the testing
accuracy (see Figure 7) reached 91.8%. When the batch size was increased to 100, 150, and 200 customers, the
training and test accuracies were 89.6% and 90.3%, 88.6% and 88.6%, 87.3% and 88.4%, respectively. This
indicates that the model performs better in the test phase compared to the training phase, suggesting that it is
able to generalize well to unseen data.
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Figure 6. Training phase considering model accuracy Figure 7. Test phase considering model accuracy at 15
at 15 epochs epochs

3.2.4. Accuracy considering 20 epochs

The accuracy results obtained after 20 training epochs, for 50 iterations, varied based on the batch
size. With a batch size of 50 customers, the training accuracy (see Figure 8) reached 91.5% and the testing
accuracy (see Figure 9) reached 92.0%. When the batch size was increased to 100, 150, and 200 customers,
the training and test accuracies were 89.6% and 90.1%, 88.5% and 89.3%, 87.5% and 88.4%, respectively.

As we consider increasingly larger batches of customers, we observe a decline in the model’s perfor-
mance. With a batch of 50 customers, the model’s performance starts at 80% and gradually increases to 91.5%.
For a batch of 100 customers, the best performance achieved is 89.6%. With a batch of 150 customers, the
model’s performance is found to be 88.5%. Finally, with 200 customers, we obtain a performance of 87.5%
and 88% in the training and test phases respectively.

These results suggest that the performance of the system is limited by its capacity to handle large
batches of customers. As we overload the system with more customers, its ability to perform effectively is
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reduced, ultimately leading to a decline in performance. Therefore, it is essential to find the optimal batch size
that balances performance and capacity, in order to ensure the best possible results for the task at hand.
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Figure 8. Training phase considering model Figure 9. Test phase considering model accuracy at
accuracy at 20 epochs 20 epochs
3.2.5. Summary

In all cases of simulation, we can see that the performance obtained in the test phase is far superior
to that obtained in the training phase. Considering 20 epochs, performance during training is 91.4%, while
that obtained with test data is 92.0%. Performance continues to increase during the first 20 iterations, then
becomes progressively stable. We note that epoch variation has no impact on the model, as the aim is to have
a high-performance model that can adapt to different tasks. The MAML algorithm allows rapid generaliza-
tion, so we don’t need to go to several epochs to decide. With just 5 epochs we can already decide. As we
increase the number of customers, model performance decreases in almost all cases. As illustrated by Figure
10, performance with 50 customers is better than with 100, 150, and 200 customers. It’s only the variation in
the number of customers that impacts on the algorithm’s performance. When there are several customers, the
system is overloaded and performance gradually deteriorates. The proposed model only takes into account a
limited number of devices. Observations from the local.meta-models of each IoT device indicate that perfor-
mance consistently improves during the initial 10 steps and then stabilizes gradually. Since each meta-model
requires five local iterations, the model achieves convergence within 50 rounds. The results depicted in the var-
ious figures demonstrate that the FedMeta2Ag algorithm with double aggregation (FedMeta2Ag) consistently
outperforms other approaches, exhibiting faster and more stable convergence.
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Figure 10. Observation of performance by varying epochs by considering 50, 100, 150, and 200 customers

3.3. Analysis of losses results
In section 3.1, our algorithm is evaluated in terms of accuracy, considering different epochs (5, 10, 15,
and 20) for a simulation of 50 iterations. Our algorithm is now evaluated in terms of losses for a training of 5,
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10, 15, and 20 simulated at 50 iterations.

In the subsections, we examine the losses obtained during the training and test phases for different
batch sizes and epoch numbers. Specifically, we analyze the losses obtained for the batch sizes of 50, 100, 150,
and 200 customers. For each of these batch sizes, we vary the number of epochs between 5, 10, 15, and 20. We
keep all other simulation parameters constant.

By analyzing the losses during the training and test phases, we can obtain insights into the effective-
ness of the model for different batch sizes and epoch numbers. These insights can help us determine the optimal
combination of batch size and epoch number that yields the best results for the task at hand.

3.3.1. Losses considering 5 epochs

The loss results obtained after 5 learning epochs, for 50 iterations, varied according to batch size.
Considering 50 customers in the training phase, we observe that the loss decreases and reaches 30.3% (Figure
11). While it decreases during the test phase and reaches its lowest point at 29.1% (Figure 12). With 100
customers, the loss decreases to 38.8% in training and 36.0% in the test phase. Observing the Figure 12, the
losses are a bit higher than the previous two cases. They decrease to 45.5% and 43.4% respectively in the
training and test phase with 150 customers, to 52.8% in the training phase and 49.8% in the test phase with 200
customers.
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0.50 0.50 A
0.25 0.25 A
0 10 20 30 40 50 0 10 20 30 40 50
Number of iterations Number of iterations

Figure 11. Model losses at training phase considering Figure 12. Model losses at test phase considering 5
5 epochs epochs

3.3.2. Losses considering 10 epochs

The loss results obtained after 10 learning epochs, for 50 iterations, varied according to batch size.
With a batch size of 50 customers, the training loss reached 30.2% and the test loss reached 29.0%. When the
batch size was increased to 100, 150, and 200 customers, the training and test losses were 38.4% and 36.4%,
45.4% and 43.2%, 52.6% and 50.0% respectively. By increasing the number of customers, the losses in the
training and test phase increase respectively (see Figures 13 and 14).

3.3.3. Losses considering 15 epochs

In this part, we set this time the number of epochs to 15. We clearly observe that the more the number
of customers increases, the more the losses increase. This therefore degrades the performance of the model in
the training phase and in the test phase.

Thus, we find that the training losses for 50 customers are 30.4% (see Figure 15) and 28.9% in the
test phase (see Figure 16). They increase to 38.8% and 36.4% respectively in training and testing with 100
customers. With 150 customers, the losses are 45.6% in the training phase and 43.0% in the test phase. The
losses continue to increase and reach 52.8% and 50.0% respectively in the training and test phase with 200
customers.
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3.3.4. Losses considering 20 epochs
The loss results obtained after 15 learning epochs, for 50 iterations, varied according to batch size.
With a batch size of 50 customers, the training loss (see Figure 17) reached 30.2% and the test loss (see Figure

18) reached 28.6%.
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Considering 20 epochs, the losses are around 30.2% and 28.6% in the training and test phase. With
100 customers, the losses obtained in the training phase are 38.6% and 36.2% in the test phase. Considering
this time 150 customers, the losses are 45.4% and 42.8% respectively in the training and test phase. They
increase with the number of customers and reach 51.9% and 49.5% respectively in the training and test phase
with 200 customers.

3.3.5. Summary

The results of the training phase show that there was a loss of 30.3%, and in the subsequent test phase,
the loss was reduced to 29.1%. This indicates that the model improved slightly in its ability to predict and
minimize losses. However, it is worth noting that the number of customers had a direct impact on the losses
in both phases. As the number of customers increased, the losses also increased. Figure 19 provides visual
representation and additional insights on this relationship between the number of customers and losses in both
the training and test phases.
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Figure 19. Observation of losses by varying epochs and customers

The obtained losses during training and testing are displayed in Table 1, providing a visual representa-
tion and additional insights on the relationship between the number of customers and losses. The table clearly
illustrates the impact of the number of customers on both phases of the training and testing, which further
supports the previously made observations. As the number of customers increases, there is a corresponding
increase in losses in both phases of the training and testing. This relationship is consistent with the findings
discussed earlier.

Table 1. Different simulation stages with 50 turns and 20 epochs
Number customers  Acc. train (%)  Ac. test (%)  Loss train (%)  Loss test (%)

50 91.5 92.0 30.4 29.1
100 89.6 90.1 39.0 37.3
150 88.5 89.3 454 43.6
200 87.5 88.4 51.9 49.5

3.3.6. Algorithm training time

In this part, we present the running time of the algorithm, as shown in Figure 20 considering 50, 100,
150, and 200 customers at 5 epochs. This time takes into account the time for the formation of the meta-model,
that is to say the time between the device and the aggregation server. This observation is made by considering
20 iterations.

3.3.7. Overall execution time

This section deals with the time consumption of the model by varying the number of customers. As
the histogram shows in Figure 21, the time consumption with 50 customers is much less than that of other
batches of customers. Due to system overload, training with 50 customers consumes less, which is in with the
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expectations. It can be observed that as the number of customers increases, the algorithm requires more time
to compute the different training rounds.
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Figure 20. Training time by varying the number of customers
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Figure 21. Overall execution time by considering 5 epochs and 50, 100, 150, and 200 customers

Figure 21 presents the overall execution time analysis, considering 5 epochs and varying customer
numbers (50, 100, 150, and 200). The figure provides a visual representation of the relationship between the
number of customers and the overall execution time. The time consumption with 50 customers is much less
than that of other batches of customers. It can be observed that as the number of customers increases, the
algorithm requires more time to compute the different training rounds.

3.4. Discussion

Hangjia et al. [38]] proposed a privacy-preserving algorithm for client selection based on the double
deep Q-networks (DDQN) algorithm and FL. Experiments were carried out on different FL server tasks. The
simulation results give an accuracy of 89%. The simulation was run on 250 rounds using the fashion-MNIST
database. Whereas with FedMeta2Ag, the algorithm achieves an accuracy of 91% with only 5 epochs. MAML
enables rapid adaptation of FL. However, the authors did not evaluate the algorithm’s losses.

Lietal. investigated a task offloading mechanism in MEC using federated reinforcement learning.
They evaluated the effectiveness of the algorithm by analyzing the model loss under different learning rates to
determine the change in learning loss. The authors found that when the learning rate was set to 0.1 and 0.0001,
the training loss was relatively high. However, when the learning rate was set to 0.01, the loss decreased earlier,
starting at 55% and eventually reaching 15%. This suggests that a learning rate of 0.01 was more effective in
reducing the loss during training.

Furthermore, the results indicated that the model quality was influenced by the number of users. With
more users participating, the model quality tended to be higher. However, the authors observed that the quality
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of the overall model did not continue to improve with 30 participating users. The quality of the final model was
found to be similar to that of the models with 12 and 20 users. Therefore, the number of users did not have a
significant effect on the model quality.

In our case, the losses decrease to 29%. With fewer iterations, the model loss was greater, while
with more iterations, the results gradually stabilized, which aligns with our theory. By increasing the number
of iterations and maintaining the same environment, our algorithm could potentially achieve better results
compared to the findings in [39]. This difference can be explained by the fact that [39]] uses reinforcement
learning, which learns with rewards. In our case, Metal. learns from another algorithm and with few epochs,
the algorithm is stable.

Li et al. [40] proposed an algorithm for federated reinforcement learning (q-FedAvg) in edge net-
works. They used several types of data to confirm the model’s effectiveness. Using the synthetic database, the
performance of the model obtained with 2000 training rounds is 80%. Our model, on the other hand, performed
better than 90%.

Based on on this observation, we claim that the proposed model demonstrates higher performance
and is well-suited for MEC, validating the integrated model in a FL framework with two levels of aggregation.
We have achieved a scalable and computationally efficient framework that eliminates the requirement for cen-
tralized computation. This framework offers flexibility in striking a balance between communication cost and
local computation cost.

4. CONCLUSION

This study presented a solution for task offloading and resource allocation in MEC for IoT by utilizing
a FedMeta2Ag approach. The paper introduces the FedMeta2 Ag algorithm, which leverages FedMeta2Ag to
optimize task offloading and resource allocation decisions for IoT devices. The algorithm’s effectiveness is
assessed using the MNIST dataset, and the results demonstrate improved performance during the test phase
compared to the training phase. One advantage of this approach is its ability to learn from the experiences of
all IoT devices, resulting in more robust and accurate models. With a consideration of 20 epochs, the training
accuracy is measured at 91.5%, while the test data achieves an accuracy of 92.0%. Furthermore, the accu-
racy steadily increases during the initial 20 iterations and eventually stabilizes. Additionally, the performance
evaluation includes a comparison with existing methods, revealing that our approach predicts performance
with greater accuracy than the existing models. This approach effectively meets the demanding performance
requirements of wireless communication systems.

For our future work, we will consider further improvements in future research: i) scaling the approach:
this article primarily concentrated on the MNIST dataset, which is considered relatively small. To further
evaluate the performance and effectiveness of the FedMeta2Ag algorithm, future research can investigate its
scalability to larger and more intricate datasets. This exploration will enable the algorithm to be assessed in
real-world scenarios that involve a higher volume of data; ii) robustness towards heterogeneous IoT devices:
this article assumes a uniformity of capabilities and characteristics among IoT devices, which may not reflect
the reality of heterogeneous [oT environments. In practice, IoT devices can vary significantly in terms of
processing power, energy constraints, and network connectivity. It is important for future research to consider
the robustness of algorithms and approaches in accommodating such heterogeneity. This will ensure that the
proposed solutions can effectively handle the diverse range of IoT devices encountered in real-world scenarios;
iii) confidentiality and security considerations: confidentiality and security are crucial considerations in FL, as
it involves training models on decentralized data from multiple devices. To ensure the protection of sensitive
data and preserve user privacy, it is important for future research to focus on enhancing the privacy and security
mechanisms within the FedMeta2Ag algorithm. This can involve exploring techniques such as encryption,
differential privacy, secure aggregation, and secure communication protocols. By addressing these concerns,
the algorithm can provide stronger safeguards for data confidentiality and user privacy during the training
process; and iv) real-world deployment and validation: this article conducted performance evaluations of the
FedMeta2Ag algorithm using simulated scenarios. To gain a deeper understanding of the practical challenges
and benefits associated with implementing the algorithm in real-world MEC-IoT environments, future research
can focus on its deployment and validation in such settings. This real-world deployment and validation will
provide valuable insights into the algorithm’s effectiveness and feasibility in practical scenarios, helping to
bridge the gap between theoretical evaluations and real-world applications.
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APPENDIX

Algorithm 2 FedMeta2 Ag incorporating reinforcement learning (FedMetaR2Ag)

Require: Task distribution: P(T), Hyperparameters: «, 3,7, k, m
Ensure: Optimal decision for task unloading X™* and resource allocation F'™*.

1:

//Execution on Central Server

2: Update global model
3: Initialize 8. for each MEC-L server
4: for each MEC-L server m; € M do
5. Retrieve #; from each MEC-L server
6: 0. = % Z 0,
7: end for
8: //Execution on Local Server
9: Update global model for each device
10: 0 < 0,
11: Initialize 6 for each device
12: for each episode E = ey, €2, ...¢; do
13:  Sample of m devices and distribution of ¢
14:  for each device d; € D, in parallel do
15: gy < trainedMAMLmodel(theta)
16:  end for
17: 00— % ZdieDi Gu
18: end for
19: //Execution on IoT device
20: ModelTrainedMAML(#)
21: while not done do do
22:  From the distribution P(T’) of the sample of & tasks: P(T) ~ Ty,
23:  for T}, do
24: Sample K trajectories Dy, of T}, using finetq and calculate the loss Ly, (finetar): equation (30)
25: 2. =0 — aVG’LTk (fg/)
26: Sample a trajectory D’ using fp; and calculate the loss Lz, (fo; ): (27)
27 end for
28:  Update meta-policy 6 = 6 — 3V L, (fo;)
29: end while
30: Sample a new task P(T") ~ T and K trajectories D using fy
31: Update final policy 0, = 6 — nVoLr(fp)
32: Find the decision to unload tasks X*.
33: Calculate the optimal allocation solution F'* using (25)
34 Gy efin
35: Return g, to MEC-L server
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