
586 IEEE TRANSACTIONS ON COMPUTERS, VOL. 73, NO. 2, FEBRUARY 2024

Digital Twin-Assisted Federated Learning Service
Provisioning Over Mobile Edge Networks
Ruirui Zhang , Zhenzhen Xie , Member, IEEE, Dongxiao Yu , Senior Member, IEEE,

Weifa Liang , Senior Member, IEEE, and Xiuzhen Cheng , Fellow, IEEE

Abstract—Federated Learning (FL) offers collaborative ma-
chine learning without data exposure, but challenges arise in
the mobile edge network (MEC) environment due to limited
resources and dynamic conditions. This paper presents a Digital
Twin (DT)-assisted FL platform for MEC networks and intro-
duces a novel multi-FL service framework to address resource
dynamics and mobile users. We leverage DT models to opti-
mize device scheduling and MEC resource allocation, aiming to
maximize utility across FL services. Our work includes heuristic
and constant approximation algorithms for offline multi-FL
service scenarios and we also investigate an online setting of our
solution with dynamic bandwidth and moving client conditions.
To adapt to changing network conditions, we utilize historical
bandwidth data in DTs and implement a deep reinforcement
learning algorithm, Ra_DDPG, for automatic bandwidth alloca-
tion. Evaluation results demonstrate a significant 49.8% increase
in system utility compared to a benchmark algorithm, showcasing
the effectiveness of our approach.

Index Terms—Digital twin (DT), digital twin-assisted mobile
edge computing (DT-assisted MEC), multiple federated learning
services, deep reinforcement learning algorithm.

I. INTRODUCTION

FEDERATED learning is a promising collaborative learning
method that focuses on training machine learning models

in a manner that augments privacy safeguards. Motivated by the
current trend of machine learning as a service (MLaaS), which
promises to build, deploy and manage high-quality machine
learning models for various real-world applications [1], there
is an urgent need for enabling federated learning paradigm
to process multiple service requests simultaneously [2], [3].
Considering the competition among different service requests,
the needs of various data sources, and privacy concerns, mo-
bile edge computing (MEC)-based Federated learning (FL)

Manuscript received 29 August 2023; revised 15 November 2023; accepted
19 November 2023. Date of publication 29 November 2023; date of current
version 15 January 2024. This work was supported in part by the National
Natural Science Foundation of China (NSFC) under Grant 62122042 and in
part by the Major Basic Research Program of Shandong Provincial Natural
Science Foundation under Grant ZR2022ZD02. Recommended for acceptance
by H. Wu. (Corresponding authors: Zhenzhen Xie; Dongxiao Yu.)

Ruirui Zhang, Zhenzhen Xie, Dongxiao Yu, and Xiuzhen Cheng are
with the School of Computer Science and Technology, Shandong Univer-
sity, Qingdao, Shandong 266237, China (e-mail: sherryz@mail.sdu.edu.cn;
xiezz21@sdu.edu.cn; dxyu@sdu.edu.cn; xzcheng@sdu.edu.cn).

Weifa Liang is with the Department of Computer Science, City University
of Hong Kong, Hong Kong 999077, P. R. China (e-mail: weifa.liang@
cityu.edu.hk).

Digital Object Identifier 10.1109/TC.2023.3337317

presents an opportunity to remove the barriers by enabling mul-
tiple stakeholders to train machine learning models collabora-
tively, meanwhile, providing computation and communication
resources to response various service request efficiently [4], [5],
[6]. In particular, multiple FL services provisioning in such an
FL platform can select FL clients with heterogeneous resources
to respond to different FL service requests. Furthermore, the
selected FL clients can utilize their private data and the re-
sources provided by the MEC environment to fulfill specific
task requests.

We note that, since the edge resources are distributed and
scattered, the MEC network is featured by highly dynamic and
limited computing and communication resource constraints [7],
which may adversely affect the FL training performance, due
to the UEs often demand different amounts of resources under
diverse network conditions. Worse, an FL platform with multi-
service provisioning could exaggerate the resource competition,
and the dynamic network workload also inevitably affects the
performance of each training task, resulting in a lower total
income for the FL platform. Moreover, in MEC networks,
UEs exhibit variations in processing power and private data
sources. In the context of resource-constrained multi-service
provisioning, if the FL platform tends to involve every UE while
having diverse computing and communication resources and
varying data quality, it may inevitably result in an inefficient
training process. As mentioned in previous studies [8], [9], [10],
[11], [12], [13], optimization methods that allow for flexible
task offloading and adaptive resource allocation are popular
approaches for improving the FL training efficiency in MEC
environment. However, most existing works focused on a single
FL service request, and these investigations did not fully address
the underlying challenges associated with imbalanced data,
computing resources, and unstable network conditions arising
in multiple FL service provisioning.

Hence, it poses a key problem. That is, how to allocate the
limited computing and communication resources efficiently to
support multiple FL service provisioning in an MEC network si-
multaneously? To address this problem, we take the first step to
utilize digital twins (DTs) for resource allocation and client se-
lection to realize multiple services provisioning. A DT network
refers to a software replica of a real communication network
along with its operating environment. Therefore, adopting DT
in MEC networks ensures the FL platform access to accurate,
relevant, and timely data of the MEC network status. However,
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most of the existing digital twin-enabled MEC network has
not solved the challenges posed by heterogeneous FL partic-
ipants with dynamic mobility patterns and different histori-
cal behaviors.

In this paper, we study the multiple FL services provisioning
problem for a DT-assisted MEC network under changing net-
work conditions with dynamic bandwidth and constantly mov-
ing UEs. In order to facilitate the provisioning of multiple FL
services within an MEC network, it is important to concurrently
address FL client selection and bandwidth allocation for the
selected clients. Therefore, we introduce RL technique based
method into our implementation, and it adopts MDP model to
model the problem environment and offers guidance on how
to learn a near-optimal policy. We utilize the network DT to
interact with the MEC network environment continuously and
adopt Long-Short Term Memory (LSTM) network to predict
future network conditions based on accumulating knowledge
stored in MEC network DT. Furthermore, we also profile each
participant by analyzing the data quality, and the staleness to
measure the contribution value in each communication round
of FL. Based on the network insights provided by DTs and
FL participant behavior evaluation, we jointly consider the FL
client selection and bandwidth allocation strategy during FL
training process to enable multiple FL services provisioning
in an MEC network. Then, we present the design and imple-
mentation of a deep reinforcement learning (DRL) solution
that improves the utility of the FL platform through intelligent
bandwidth allocation. The proposed DRL algorithm, based on
DDPG, leverages the network insights from DT and actively
gives a bandwidth allocation decision in each communication
round that can adapt to the dynamic MEC network conditions.

The main contributions of this paper are summarized as
follows.

• We propose a novel DT-assisted MEC network service
provisioning framework for multiple FL services, where
DT offers continuous synchronization between the MEC
and the twin for multiple FL services.

• We formulate a multiple FL services provisioning problem
with the aim to maximize the accumulative utility of all FL
model training, by intelligently choosing UE participation
and the BS channel assignment to the chosen UEs. We
also show the NP-hardness of the problem of concern
through a reduction from a classical General Assignment
Problem (GAP).

• We propose a fast, scalable heuristic algorithm for the
offline setting of the defined problem, which delivers a
near-optimal solution. Under the constraint that each FL
training request has a fixed number of training rounds
and each UE’s transmission range can cover the entire
network, we devise a constant approximation algorithm for
this special case of the problem.

• For the online scenario with dynamic bandwidth and con-
stantly moving UEs, we adopt reinforcement learning to
enhance the multiple FL services provisioning in a DT-
assisted MEC network. Deep Deterministic Policy Gradi-
ent (DDPG) is adopted for bandwidth allocation based on
the monitored information of DT.

• We evaluate the performance of the proposed algorithms
against several baseline algorithms through extensive sim-
ulations. Numerical results demonstrate that the proposed
solution has promising performance in terms of band-
width usage and utility. The proposed online algorithm
outperforms baseline algorithms by increasing the utility
by around 30%.

The rest of this paper is organized as follows. Section II
introduces the system model, notations and notions, and prob-
lem definitions. Section III formulates the offline version of
the problem, proposes a heuristic algorithm for the problem,
and devised an approximation algorithm for a special case
of the problem. Section IV devises an online algorithm for
the online version of the problem. Section V evaluates the
performance of the proposed algorithms through simulations.
Section VI surveys related works, and Section VII concludes
the paper.

II. SYSTEM MODEL

We consider a DT-assisted MEC network G= (V ∪ U,E)
with a set V of base stations (BSs) and a set U of UEs, where
E is a set of links between BSs. We assume that a link between
two BSs is an optical link with high capacity, and thus the
bandwidth on the link is not considered as a constraint. Each
BS at location Loci is connected to a cloudlet vi, and Ccmp

i

and Csto
i are the computing and storage resource capacities on

vi, respectively. For a single FL training request, we assume
that the training time T is divided into equal time slots in-
dexed by t with 1 ≤ t≤ T . The learned model parameters of
the request are uploaded to a cloudlet by each involving UE,
and multiplexing methods such as TDMA and OFDMA can
be adopted for data transmissions from UEs to the BSs. The
available bandwidth for FL training requests may vary over time
due to the presence of other FL training requests competing for
communication resources in the MEC network. Let bi,t denote
the amount of available bandwidth between UEs and cloudlet
vi in the time slot t.

To make full use of the historical MEC network information
to support multi-FL service provisioning in varying network
conditions, this paper adopts DT as a promising solution to
provide a virtual replica of the MEC network. Referring to
the characteristics of the digital twin network, a DT-assisted
MEC network can use the virtual representation of the net-
work to analyze and emulate the physical network environment.
Specifically, we assume each UE uj,k has a corresponding DT
DT (uj,k) to capture its mobility changes and data uploading
channels, and each vi ∈ V has a DT DT (vi) to record its his-
torical bandwidth usage. For clarity, we use Fig. 1 to illustrate a
DT-assisted MEC environment with five BSs to support multi-
service provisioning in an FL platform. Each BS has a cloudlet
and all the UEs have a fixed transmission range. Different FL
service requests need to be sent to different FL servers for
better MEC resource utilization, for example, in Fig. 1, The
FL servers of the two FL services are located in cloudlet v5

and v1, respectively.
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Fig. 1. An example of a digital twin-assisted MEC network.

A. Multiple FL Services Provisioning in DT-Assisted MEC
Networks

In a DT-assisted MEC network, an FL platform with mul-
tiple FL services needs to broadcast K FL training requests
to M UEs. The set of FL training requests is denoted by
R= {r1, r2, . . . , rK} and each request rk is bounded with a
specific learning goal on a global model wk, which is defined
as follows.

min
wk∈Rd

Fk(wk) (1)

where Fk(wk) is the global loss function of FL training request
rk. We assume that each rk has an FL server sk that locates on
the cloudlet vi.

The contribution of any UE to support an FL training request
is defined as follows. In each FL training round, UE uj,k in
Uk = {u1,k, u2,k, . . .} performs local training on his local data
set Dj,k. The number of data samples in dataset Dj,k is denoted
as |Dj,k|. Then UEs of FL service rk will send their local
training updates to FL server sk to update global model wk.

B. Communication Model

We assume that each FL learning process follows a syn-
chronous communication strategy. That is, the FL server of the
FL service aggregates the local models sent by the chosen UEs
until it receives all local training updates from the chosen UEs.
Notably, the FL server needs to aggregate the local training
updates and generates a new global model during an FL training
process, it is necessary to deploy an FL server on a cloudlet
with sufficient resource to meet its resource need. Let ccmp

k

and cstok be the computing and storage resources requirement
of FL server sk, respectively. At time slot t, the location of
UE uj,k is denoted as Locj,k,t. Let |wk| be the size of global
model wk transmitted between a UE and FL server sk. In a
single training round, denote by ηj,k the upload transmission

rate of UE uj,k. For UE uj,k’s local training update, the trans-
mission delay between uj,k and vi is |wk|/(bi,j,k,tηj,k), where
bi,j,k,t is the amount of bandwidth allocated to uj,k. Then,
the number of FL training rounds lk,t for global model wk is
lk,t = minuj,k∈Uk

� bi,j,k,tηj,k

|wk| �.

C. FL Client Selection

We here first introduce a key observation that bridges the
training efficiency of a model and the number of selected clients
for multiple FL services that co-exists in an FL platform. We
then formulate an ILP solution for FL client selection.

The utility of each FL service is closely related to the con-
tribution of its chosen UEs. A subset Uk of UEs with high
contribution quality should be selected to boost the FL train-
ing process to achieve an accurate and fast-converging global
model. To maximize the system utility, an FL client selection
strategy should utilize the limited computing and communica-
tion resources in the MEC network to pick up the UEs with
large contributions to the objective function.

We denote dj,k,t as the amount of contribution made by UE
uj,k to the global model wk training at time slot t, which is
defined as follows.

dj,k,t = α ·
√

|Dj,k|+ η · tclocalj,k − ϕ · disj,k,t, (2)

where α, η and ϕ are constant coefficients, tclocalj,k is the lo-
cal training delay, and disj,k,t is the Euclidean distance be-
tween location Locj,k of UE uj,k and location Loci of the FL
server sk.

The first item α
√

|Dj,k| in the right-hand side of Eq. (2)
weighted by parameter α denotes the data quality of UE’s
local data set, while η · tclocalj,k is weighted by η to evaluate
the staleness of uj,k’s local training update. The final term
ϕ · disj,k,t is considered as the impact of the physical distance
and is weighted by ϕ.
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Let dk and lk be the accumulative values of the contributions
made by all selected UEs and global training rounds of model
wk after T time slots, respectively. The utility function Fu

k of
model wk in the end of its training process is defined as

Fu
k = β · fk(dk) + (1 − β) · gk(lk) (3)

where functions fk(dk) and gk(lk) are both continuous DR-
submodular (see Definition 1 below) and β ∈ [0, 1] is constant.
The system utility of an FL platform is

∑K
k=1 F

u
k .

Continuous submodular functions are defined on subsets
of R

n: X =
∏n

i=1 Xi, where each Xi is a compact subset
of R. Over continuous domains, a DR-submodular function
[14] is a submodular function with the diminishing returns
(DR) property,

Definition 1: (DR property). A function f(·) defined over
X is DR-submodular (has the DR property) if ∀a≤ b ∈ X ,
∀i ∈ [n], ∀j ∈ R+ s.t. (jχi + a) and (jχi + b) are still in X ,
it holds,

f(jχi + a)− f(a)≥ f(jχi + b)− f(b)

f(·) is a DR-submodular function.

D. Problem Formulation

Given an MEC network G= (V ∪ U,E) with mobile UEs
and dynamically changing computing and communication re-
sources, we divided the training time into T time slots. For
the corresponding digital twins of BSs and UEs, we let R be
the set of FL training requests of an FL platform, where each
request ri ∈R demands a global model wk for an independent
learning goal. To maximize the system utility

∑K
k=1 F

u
k of the

FL platform, the multi-FL service provisioning problem is to
jointly consider the FL client (UE) selection and the bandwidth
allocation to the clients for each FL service provisioning, with
the aim to maximize the accumulative utility gain of all service
model training, through choosing a subset of UEs to participate
in the training process of each FL model and allocating the
communication resources for the chosen UEs, subject to the
bandwidth resource capacity on each BS and the maximum
transmission range of each UE.

Theorem 1: The multiple-FL service provisioning problem
in G= (V ∪ U,E) is NP-hard.

Proof: We first show the NP-hardness of the multiple-
FL service provisioning problem by reducing the Generalized
Assignment Problem (GAP) to a special case of the problem in
time slot t, where all UEs have already been assigned channels
to upload their data with a fixed bandwidth cost and each FL
server has already been placed in one cloudlet. Moreover, this
special case has a fixed iterations requirement and thus the
system utility is

∑T
t=1

∑
uj,k

dj,k,t. The reduction proceeds
as follows.

The GAP contains |V | bins and |U | items, each bin vi ∈ V
is associated with a budget bi,t. For a bin vi, each item uj,k

has a profit dj,k,t with a weight bj,k,t. The GAP is to pack as
many items as possible to the |V | bins such that the total profit
is maximized, subject to the budget of each bin. It can be seen
that this is a special case of the problem of concern in this paper,

TABLE I
THE SUMMARY OF NOTATIONS

Notion Description

V = v1, v2, . . . , vN the set of BSs and each BS has a co-existed
cloudlet

N Total number of BSs (with its co-existed
cloudlet)

M Total number of UEs in the network
K Total number of FL training requests

W = {w1, w2, . . . , wk} the set of FL models
rk and R an FL training request, a set of FL training

requests
sk the FL server of rk
U the set of UEs in the network
Uk the set of UEs participating in the training of

global model wk

Loci a potential location for BS with its co-existed
cloudlet vi

Locj,k,t a potential location for uj,k at time slot t
bi,t the available channel bandwidth of vi at time

slot t
Ccmp

i and Csto
i the computing and storage resource capacities

on vi
E the set of wired links between BSs.

DT (vi) digital twin of vi
DT (uj,k) digital twin of uj,k

lk,t the number of training rounds of global model
wk at time slot t

ccmp
k the cost of computing resource of placing sk
cstok the cost of storage resource of placing sk

bi,j,k,t the bandwidth allocated to uj,k when it
chooses channel vi for uploading data at time
slot t

ηj,k the upload transmission rate of UE uj,k

disj,k,t the Euclidean distance between UE uj,k and
its FL server sk

and a solution to the latter will deliver a solution to the GAP. It
is well known that the GAP is NP-hard [15], so the multiple-FL
service provisioning problem is NP-hard, too.

For clarity, the symbols used in this paper are summarised
in Table I.

III. ALGORITHMS FOR THE OFFLINE MULTIPLE FL
SERVICES PROVISIONING PROBLEM

In this section, we first formulate a Mixed Integer Nonlin-
ear Programming (MINLP) for the offline multi-FL services
provisioning problem. We then present a heuristic algorithm
for the offline problem and an approximation algorithm for a
special case.

A. MINLP Formulation of the Offline Multi-FL Service
Provisioning Problem

Given a set R of FL training requests, the problem aims to
maximize the system utility by jointly considering the FL server
placement, client selection, and bandwidth allocation. The FL
server sk of request rk ∈R needs to be placed on a cloudlet
vi with the amount of computing resource ccmp

k and storage
resource cstok , respectively.

Let zi,k and yi,j,k be binary decision variables that show
whether sk is placed in vi and UE uj,k uploads its local updates
through the channel of vi in the training process of wk.

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on February 09,2024 at 05:44:03 UTC from IEEE Xplore.  Restrictions apply. 



590 IEEE TRANSACTIONS ON COMPUTERS, VOL. 73, NO. 2, FEBRUARY 2024

Recall that request rk demands the number of training rounds
lk no less than lmin

k . The amount of contribution of each training
round dk should be at least dmin

k , and the optimization objective
is to maximize the system utility as follows.

Maximize
K∑
k=1

Fu
k (4a)

s.t.
K∑
k=1

ccmp
k zi,k ≤ Ccmp

i , ∀i (4b)

K∑
k=1

cstok zi,k ≤ Csto
i , ∀i (4c)

∑
i

zi,k = 1, ∀k (4d)

∑
j

xj,kdj,k ≥ dmin
k , ∀k (4e)

lk ≥ lmin
k , ∀k (4f)∑

i

yi,j,k = xj,k, ∀uj,k (4g)

∑
uj,k∈U

|wk|lkyi,j,k ≤ biηj,k , ∀i (4h)

xj,k, zi,k, yi,j,k ∈ {0, 1}, ∀i, j, k (4i)

lk ∈ Z, ∀k ∈ {1, 2, . . . ,K} (4j)

Let Z = {zj,k | uj,k ∈ U}, X = {xj,k | uj,k ∈ U} and Y =
{yi,j,k | uj,k ∈ U & vi ∈ V } be FL server placement decision,
UE selection, and BS channel assignment, respectively.

Constraints Eq. (4b) and Eq. (4c) guarantee that the total
amounts of computing resource and storage resource demands
do not exceed the computing and storage capacity on each
cloudlet. Eq. (4e) and Eq. (4f) give the minimum contribution
value and expected number of iterations, respectively. Eq. (4h)
is the available channel bandwidth constraint.

B. Heuristic Algorithm

The offline problem is decomposed into two subproblems
and we solve the two problems separately by using a heuristic
algorithm For each FL training request, we first allocate the FL
server to an available cloudlet. We then select a subset of UEs
to participate in the training process and allocate bandwidth
resources to each selected UE.

Considering Constraint (4h), the bandwidth allocation is a
non-convex problem and a heuristic algorithm for this problem
is detailed in Algorithm 1. Firstly, let Uk be the sequence of
sorted UEs in U in non-decreasing order of Δej,k (Line 1-4).
A UE uj,k ∈ Uk with a larger Δej,k indicates the UE would
be chosen in an FL training request with a higher possibility.
Then, in each round, we use binary search to find a L and a
feasible solution to Y (Line 7-21). A pruning method is utilized
to reduce the calculation time (Line 18-21). Finally, the strategy
X is updated (Line 22-24).

Algorithm 1 A Heuristic algorithm for Bandwidth Allocation
Input: Initialization: M,N,K, an MEC network G=

(V,E), V = {v1, . . . , vN}, a set of FL training requests
R= {r1, . . . , rK}, a set of FL models W = {w1, . . . , wK},
and an associated set of utility functions F = {F1, . . . , FK},
the available channel bandwidth bi of each base station
vi ∈ V

Output: system utility value F for strategies X ′ and L′.

1: for Each UE group Uk ∈ U do
2: Compute b̂j,k =

∑
i bi,j,k∑

i 1 for each UE uj,k

3: Sort Uk in ascending order by Δej,k = b̂j,k/dj,k
4: Get the initialized Uk.
5: Initialize F as the given utility in the very beginning, X and

L= {l0, l1, . . . , lK} as the corresponding strategies;
6: while

∑
j,k xj,k <M do

7: Compute Lmin and Lmax;
8: Initialize parameters as L← Lmin; k̂ ← 1; l̂← l1; Δl←

lmax
1 − lmin

1 ;
9: while Δl > 1 do

10: if there is a feasible solution under the constraints X and
L: then

11: Lmin ← L;
12: Compute utility F ′;
13: if F ′ > F then
14: F ← F ′; X ′ ←X; L′ ← L;
15: else
16: Update Lmax by setting lmax

k̂
← lk̂;

17: lk ← l̂;
18: k̂ ← arg maxk∈{1,2,...,K}{lmax

k − lmin
k };

19: l̂← lk̂;
20: Δl← lmax

k̂
− lmin

k̂
;

21: Update lk̂ ← (lmax
k̂

+ lmin
k̂

)/2;
22: i← arg mink{

∑
j xj,k · dj,k};

23: î is index of the first zero value in Xi;
24: Update strategy X by setting xî,i ← 1;
25: return Utility value F and corresponding strategy X ′ and L′.

C. Approximation Algorithm for a Special Case

In the following, we consider a special case of the problem
under several restrictions by proposing an approximation al-
gorithm for it. Specifically, given a set R of FL training re-
quests, we assume that each request rk requires a fixed number
of rounds of the FL training process. Moreover, we assume
that all BSs are under the transmission range of each UE,
so the available bandwidth of each BS vi is summed up as
a total available bandwidth B, and let bj,k be the bandwidth
requirement of UE uj,k if it is selected. We need to select a
subset of UEs to participate in the global training process to
maximize the accumulative utility gain of all participating UEs
by maximizing the sum of contribution values of all FL training
requests, under the available bandwidth resource constraint.

To this end, we formulate an Integer Linear Programming
(ILP) for this special case of the problem as follows.

Maximize β ·
∑

uj,k∈Uk

dj,k · xj,k (5a)

s.t.
∑

uj,k∈U

xj,k · bj,k ≤B, (5b)

xj,k ∈ {0, 1}, ∀j, k (5c)
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Algorithm 2 Approximation algorithm for Special Case
Input: Initialization: M,N,K, an MEC network G=

(V,E), V = {v1, . . . , vN}, a set of FL training requests
R= {r1, . . . , rK}, a set of FL models W = {w1, . . . , wK},
the bandwidth requirement bj,k of UE uj,k and its
contribution value dj,k, and the available bandwidth B

Output: system optimization objective F for strategy X .

1: Initialize the utility value F = C and xj,k ← 0, ∀uj,k ∈ U ;
2: B′ ← 0;
3: Sort UEs in decreasing order by dj,k/bj,k and get a sequence

U ′;
4: while B′ <B do
5: Pick the UE uj,k with maximum dj,k/bj,k in U ′;
6: if bj,k +B′ ≤B then
7: xj,k ← 1;
8: B′ ←B′ + bj,k;
9: F ← F + dj,k;

10: Remove uj,k from U ′;
11: return Utility value F and corresponding strategy X =

{xj,k|uj,k ∈ U}.

Theorem 2: The problem under fixed requirement restric-
tions is NP-hard.

Proof: We show the NP-hardness of the problem under
fixed requirement restrictions by reducing the 0-1 knapsack
problem to it. The reduction is as follows.

The 0-1 knapsack problem contains one knapsack with a
maximum weight capacity of B. There are |U | items, and
each item uj,k ∈ U has a weight bj,k and value dj,k. The 0-1
knapsack problem is to maximize the sum of the values of the
items in the knapsack so that the sum of the weights is less than
or equal to the knapsack’s capacity. It can be seen a solution to
the problem under fixed requirement restrictions will deliver a
solution to the 0-1 knapsack problem. It is well known that the
0-1 knapsack problem is NP-hard, so the problem under fixed
requirement restrictions is NP-hard, too.

We find that this problem can be reduced to a 0-1 knapsack
problem. That is, each UE uj,k ∈ U has a corresponding item
with size bj,k and value dj,k, and the system corresponds to the
knapsack with the capacity B. We then give the approximation
algorithm detailed in Algorithm 2.

D. Algorithm Analysis

We determine the time complexity of Algorithm 1 and
analyze the approximation ratio of Algorithm 2.

Theorem 3: Given a DT-assisted MEC network G= (V ∪
U,E), a set R of FL training requests, a set of FL models W ,
and an associated set of utility functions, there is an algorithm,
Algorithm 1, for the offline version of multiple FL training
request assignment problem in G, which is O(|U | log |U |+
|U | · |R| log |R|) time.

Proof: We first show that the solution delivered by Algo-
rithm 1 is feasible. As none of the constraints is violated, it
can be verified that the solution indeed is a feasible solution.

We then analyze the time complexity of Algorithm 1. The
computation time for the initialization is O(|U | log |U |), while
binary search takes O(|R| log |R|) time. In each iteration, at

least one UE is considered, therefore, there are at most |U |
iterations in the proposed algorithm. The time complexity of
Algorithm 1 thus is O(|U | log |U |+ |U | · |R| log |R|).

Theorem 4: Given a DT-assisted MEC network G= (V ∪
U,E) and a set R of FL training requests, a set of FL models
W , the bandwidth requirement bj,k and contribution value dj,k
of UE uj,k, and the available bandwidth B, there is an approx-
imation algorithm, Algorithm 2, for the proposed problem,
where the approximation ratio is 2.

Proof: We analyze the approximation ratio of Algo-
rithm 2. Let OPT and S be the optimal solution and the
feasible solution of Algorithm 2 for the problem under fixed
requirement restrictions, respectively. If

∑
uj,k∈U bj,k ≤B then

S=OPT . Thus, we assume
∑

uj,k∈U bj,k >B. Let uj′,k′ be
the first one that is not selected in the training process in S. We
claim that

OPT < S+ dj′,k′ ≤ S+ max
uj,k∈U

dj,k ≤ 2 · S (6)

For the first part of the inequality 6, we note that UEs are
sorted in decreasing order of dj,k/bj,k in S. Therefore, if we are
allowed to just select a portion of one UE, then the most efficient
way is to load the UEs in S, plus a portion of Uj′,k′ , because
replacing any portion of these UEs by other UEs decreases the
utility value of the solution. This shows that the maximum total
value we can get is less than S+ dj′,k′ , which is therefore an
upper bound of OPT . The second part of the inequality lies in
the fact that dj′,k′ ≤maxuj,k∈U dj,k, and the last part is because
maxuj,k∈U dj,k ≤ S. So the approximation ratio of the proposed
algorithm for the problem under fixed requirement restrictions,
Algorithm 2, is 2.

IV. ONLINE MULTIPLE-FL SERVICE PROVISIONING

WITH RL SUPPORT

In this section, we propose an online algorithm for the dy-
namic multiple FL services provisioning problem with the aim
to maximize the system utility within T time slots, assuming
that FL requests arrive one by one without the knowledge of
future arrivals.

A. Algorithm Overview

The basic idea of the proposed algorithm consists of two
stages: data preprocessing and bandwidth allocation. For data
preprocessing, we leverage the historical trace information of
BSs and UEs stored in their DTs, which later are used to
predict the bandwidth of each channel and locations of UEs
in the next time period. A greedy algorithm is then employed
to determine the best channels for parameter transmission in
multiple FL service model training, and the bandwidth allo-
cation is carried out by a Markov Decision Process (MDP)
M = (st, actt, r(st; actt), st+1), where st is the current state
of MEC network, actt is the action adopted at time slot t,
r(st; actt) is the reward function and st+1 is the next state.
To solve the MDP, the Deep Deterministic Policy Gradient
(DDPG) method is utilized to find the near-optimal bandwidth
allocation solution to the MDP.
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B. Data Preprocessing

We use the DTs to store historical data of UEs, BSs and their
channels in the MEC environment. The historical trajectory
dataset TD(uj,k) of UE uj,k is also stored in DT (uj,k), which
includes the information about the mobility, the contribution
value, and the timestamp of uj,k and represented by a tuple
〈loc, dj,k,timestamp, timestamp〉. The DT DT (vi) of BS vi
contains channel available bandwidth and corresponding times-
tamp as < bi, timestamp >.

Let |TD(uj,k, loc)| be the number of data samples in
TD(uj,k) when uj,k reached location loc and |TD| be the
number of data samples in TD(uj,k). Then the predicted prob-
ability p(uj,k, loc) of UE uj,k at location loc is formulated
as p(uj,k, loc) =

|TD(uj,k,loc)|
|TD| . We adopt the Long Short-Term

Memory (LSTM) method to predict the amount of available
bandwidth of vi at time slot t, and the predictive value b̂i,t gives
the information on future bandwidth changes.

Having obtained the predicted location of each UE and band-
width on each BS, we then determine the channel of each UE
to transmit the local training updates. For UE uj,k at time
slot t, we select BS vi within uj,k’s transmission range while
having the maximum capacity and save the index of the BS
in caj,k,t. Therefore, the channel allocation result is defined as
CAt = {caj,k,t | uj,k ∈ U}.

C. Bandwidth Allocation

We adopt a deep reinforcement learning method for band-
width allocation. Specifically, we first formulate the bandwidth
allocation as a Markov Decision Process (MDP), where an
agent interacts with an environment for a given number of
time periods, with the aim to maximize the system utility of
a multiple FL services platform. At each time slot, the cloud
server acts as the agent and observes the state of the DT-assisted
MEC network environment, and then takes actions based on the
state. The action then impacts the environment and transits to
the next state. The agent receives a reward as a consequence
of its action and the change of the environment. The MDP is
formulated as follows.

State: The state of time slot t is represented by a vector
st = (B(t), D(t), CAt), where B(t) = {b̂i,t | vi ∈ V } denotes
the predicted bandwidth on each channel of BS vi, D(t) =
{dj,k,t | uj,k ∈ U} denotes the predicted contribution value
of all UEs and dj,k,t denotes the predicted contribution value
of uj,k at time slot t, CAt = {caj,k,t | uj,k ∈ U} denotes the
channel allocation for all UEs at time slot t. The value of dj,k,t
will be updated at time slot t only if UE uj,k is selected for
training in the last time slot.

Action: At the beginning of each time slot t, the agent needs
to select the subset of UEs Uk to participate in the training of
global model wk. Then the agent allocates the bandwidth to the
selected UEs based on the channel allocation CAt in state st.
If UE uj,k is not selected in an FL training request, then the
bandwidth btj,k is set to 0. In particular, the action space can be
represented as actt = {b(t)} where b(t) = {bj,k,t | uj,k ∈ U}
denotes the bandwidth of channel vcaj,k,t

allocated to uj,k for
uploading the local training updates.

Algorithm 3 Resource Allocation based on DDPG
Input: Initialization: Episode number M ′, Time horizon T , MEC

network G= (V ∪ U,E), V = {v1, . . . , vN}, the set of FL
training requests R, the set of FL global models Model =
{w1, . . . , wk}, predicted channel bandwidth b̂ti for each BS vi
at time slot t, predicted contribution value dtj,k for each user
uj,k at time slot t, the utility function Fu

k (t) = β · fk(dk,t) +
(1 − β) · gk(

∑t
t′=1 lk,t′);

Output: The trained actor and critic networks μ(s|θμ),
Q(s, act|θQ).

1: Randomly initialize the critic network Q(s, act|θQ) and the actor
network μ(s|θμ) with weights θQ and θμ, respectively;

2: Initialize the target network Q′ and μ′ with weights θQ
′ ← θQ,

θμ
′ ← θμ;

3: Initialize replay buffer R;
4: for episode← 1 to M ′ do
5: Initialize a random process N for action exploration;
6: Receive the initial state observations s1;
7: for t← 1 to T do
8: Get the predicted bandwidth and UE location using the

proposed method;
9: Select an action according to the current policy π and

exploration noise Nt;
10: actt ← μ(st|θμ) +Nt ;
11: The network allocates bandwidth to each UE;
12: UEs who have non-zero bandwidth join local model

training and upload local training updates;
13: while There exists one global model for an FL service in

time slot t do
14: Wait;
15: Update the predicted contribution value of selected UEs;
16: Observe reward rt(st, actt) and observe new state st+1;
17: Store transition (st, actt, rt, st+1) in R;
18: Sample a random minibatch of C transitions

(si, acti, ri, si+1) from R;
19: yi ← ri + γQ′(si+1, μ

′(si+1 | θμ′
) | θQ′

);
20: Update critic by minimizing the Loss:

1
C

∑
i (yi −Q(si, acti | θQ))2;

21: Update the actor policy using the sampled policy gradient:
22:

∇θμ ≈ 1
C

∑

i

∇actQ(s, act|θQ)|s=si,act=μ(si)

∇θμμ(s|θμ)|si ,
23: θQ

′ ← τθQ + (1 − τ)θQ
′
;

24: θμ
′ ← τθμ + (1 − τ)θμ

′
;

25: return Reward value.

Reward: The reward at the end of each time slot t is
r(st; actt), which is defined as follows.

r(st; actt) =
K∑
k=1

(
β ∗ fk(dk,t) + (1 − β) ∗ gk

(
t∑

t′=1

lk,t′

))
,

∀t= 1, . . . , T
(7)

where
∑t

t′=1 lk,t′ is the accumulative number of communica-
tion rounds in model wk training process and dk,t is the sum
of the amounts of contributions by all selected UEs.

Given the MDP, we use the Deep Deterministic Policy Gra-
dient (DDPG) [16] to allocate channel bandwidth to each UE.
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Fig. 2. An illustration of the communication resource allocation procedure.

Fig. 3. Performance of different FL models.

The proposed DDPG-based channel bandwidth uses the histor-
ical information in DTs to predict future bandwidth and UEs’
mobility. The proposed algorithm is given in Algorithm 3.

In the beginning, both the actor networks and critic net-
works are initialized randomly as the initial training parame-
ters. Then, the replay memory buffer is initialized for storing
the experiential samples in the training process. In each time
slot, the agent selects its action toward its current observation
and obtains the corresponding reward. Then, the new obser-
vation of the system state is obtained. The experience tuple
(st, actt, r(st; actt), st+1) is stored to the replay buffer. Finally,
the critic network and actor network are trained by sampling
records from the replay buffer. An example is shown in Fig. 2.

V. SIMULATIONS

In this section, we evaluate the performance of the proposed
algorithm through experimental simulations and investigate the
impact of important parameters on the performance of the pro-
posed algorithm.

A. Simulation Settings

1) Network Settings: We consider a DT-assisted MEC net-
work with 5 base stations and 150 users with 10 FL training
requests in a 20 × 20 square kilometers area. The distance

between any two BSs is set to be at least 3 kilometers. The
available wireless bandwidth at each BS is randomly drawn
from [20 MHz, 50 MHz]. For each FL training request, the size
of the trained model parameters is drawn between 0.02 MB
and 0.5 MB randomly, which is validated based on existing
networks, such as the Linear Regression network, CNN and
RNN, etc.

2) Task and Dataset Description: The whole training pro-
cess of FL tasks consists of T = 100 time slots and the length of
each time slot is set as 5 minutes. The number of UEs in an FL
training request is drawn from a Gaussian distribution which has
a mean of 15. Each FL training request is training on datasets
MNIST, FeMNIST, and Shakespeare with three different mod-
els: we perform Logistic regression on the MNIST dataset,
CNN on the FeMNIST dataset, and RNN on the Shakespeare
dataset. FedAvg is adopted in the simulations for local model
aggregation in FL training process. The performance of those
three models is shown in Fig. 3.

3) Training Settings: In each FL training request, data sam-
ples are uniformly assigned to the UEs. The local batch size is
set to 10, local epochs are 5 and the learning rate is 0.01. The
parameter ϕ in Eq. (2) for computing the value of each user’s
contribution value is in the range of [0, 1], and the staleness
penalty factor is β = 0.5.

4) Metrics: We evaluate all algorithms on three important
evaluation Metrics: bandwidth usage, utility value, and wasted
bandwidth.

• Bandwidth usage is characterized as the rate of band-
width resource utilization that effectively supports the syn-
chronous FL communication protocol.

• Utility value gauges the performance of each algorithm
within the context of the multi-service FL platform, mea-
suring its contribution to overall system utility.

• Wasted bandwidth: Notably, under synchronous FL
communication protocol settings, the performance of an
FL service request depends on the ‘slowest’ UE so a
well-designed bandwidth allocation strategy should en-
sure all the training updates from selected UE can have
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Fig. 4. Performance of algorithm Ra_DDPG by varying the value of
bandwidth.

a similar arrival time. Nonetheless, it’s essential to ac-
knowledge the presence of excess bandwidth within the
network that doesn’t contribute to expediting the training
process. This surplus bandwidth is appropriately defined
as Wasted bandwidth.

B. Impact of Key Factors

1) Impact on Bandwidth Prediction Method: We first inves-
tigated the performance of the proposed algorithm Ra_DDPG
by using LSTM as the bandwidth prediction method. Fig. 4
plots the utility value of Ra_DDPG under the predictive value
and measured value of bandwidth. The difference between the
two utility value curves is not significant, since the utility value
under the predictive bandwidth is up to 9% difference when
compared to the utility calculated under measured bandwidth.
The results demonstrate the effectiveness of the proposed band-
width prediction based on the LSTM network since the utility
curve under predictive bandwidth is close to the one under
measured bandwidth. This is because of the accurate bandwidth
prediction employed by LSTM and DTs.

2) Impact on UE Numbers: We then evaluated the perfor-
mance of Ra_DDPG in terms of bandwidth usage, utility value,
and wasted bandwidth, by varying the number of users (UEs)
from 50 to 200 with a fixed network size of 20 × 20. Fig. 5(a)
illustrates the actual bandwidth usage of the FL platform in
the MEC networks. It shows the actual bandwidth usage of the
FL platform in the MEC networks, where the bandwidth usage
decreases when the number of UEs increases. This is because
the competition increased with the growth of the number of
UEs. When the number of UEs reaches 200, Ra_DDPG can
still maintain the bandwidth usage of 51.72%, which indicates
a higher bandwidth utilization. We further evaluated bandwidth
wastage in Fig. 5(c). It shows that when the number of UEs
is increased, more bandwidth resource is wasted. This can be
attributed to the growing uploading time gap between different
UEs under the same FL task exacerbated by the fiercer com-
petition for bandwidth resources. In particular, our proposed
algorithm under 50 UEs wasted at most 30.78% during the
whole training process. Meanwhile, the wasted bandwidth only
increased 10% when the number of UEs is increased to 200.

We then compare the utility value of the proposed algorithm
by varying the number of UEs and depict the results in Fig. 5(b).

We can observe that the utility value of our proposed algorithm
growing from 831 to 5246 under the condition of 200 UEs,
while the utility value under 50 UEs is from 3324 to 13019
which indicates the utility is doubled. This is because when
the number of UEs increases, one FL training request can have
more available UEs to increase the utility gains.

3) Impact on Network Sizes: Fig. 6 shows the impact of the
network sizes with fixed 150 UEs and 5 base stations on the so-
lution of algorithm Ra_DDPG. Fig. 6(a) depicts the bandwidth
usage of the whole process by varying the size of the network
from 10 to 100. The utility value and the wasted bandwidth
with a different network size of 150 UEs are shown in Figs.
6(b) and 6(c), respectively. When the network size increased, we
observe that the bandwidth usage decreased while the wasted
bandwidth increased. At time slot 21, the proposed algorithm
has the lowest bandwidth usage 59.84% with network 100, and
it has the highest 66.48% with network size 10. It is seen that
the utility value decreases with the increase in the network size.
When the network size grows, the utility value decreased. This
is because the distance between UE and BSs in a large MEC
network could be longer, which leads to a larger transmission
delay and lower utility value. The utility value of the proposed
algorithm with network size 10 has the highest value of 3172,
while the utility value of that with network size 70 is the lowest
one of 1607.

C. Numerical Results

Given the channel allocation for each UE, we evaluated the
proposed algorithm Ra_DDPG against the offline algorithm and
greedy algorithm:

• Offline Algorithm: By running the offline algorithm, we
can get a nearly optimal bandwidth allocation. Such com-
parison is conservative because this algorithm represents
a lower bound of the optimal solution of the problem
of concern.

• Greedy: Bandwidth allocation using Greedy strategy. It
always allocates more bandwidth to the training requests
that have the lowest performance.

• Eq_client: For all UEs involved in the training of global
models, the bandwidth of each BS is allocated equally.
Moreover, UEs always choose the nearest base station to
upload the trained model parameters.

• Eq_task: The bandwidth of the system is equally allocated
to each FL training request. For each FL training request,
it adopts the offline algorithm as the bandwidth alloca
tion method.

• Par_task: For each FL training request, Par_task allocates
bandwidth proportional to the number of its UEs. For each
FL training request, it adopts the offline algorithm as the
bandwidth allocation method.

We compared Ra_DDPG against the proposed baseline algo-
rithms for the problem of joint participant selection and com-
munication resource allocation with 10 FL training requests and
different numbers of UEs in a DT-assisted MEC network as
shown in Fig. 7. Fig. 7(a) depicts the bandwidth usage curves
of different algorithms by varying the number of UEs from
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Fig. 5. Comparison results for the comprehensive performance of different UEs in Ra_DDPG. (a) The bandwidth usage with different UEs in the network.
(b) The utility value with different UEs in the network. (c) The wasted bandwidth with different UEs in the network.

Fig. 6. Comparison results for the comprehensive performance of different network sizes in Ra_DDPG. (a) The bandwidth usage with different network
sizes. (b) The utility value with different network sizes. (c) The wasted bandwidth with different network sizes.

Fig. 7. Comparison results for the comprehensive performance of different amounts of UEs in different algorithms. (a) The bandwidth usage with different
amounts of UEs among six algorithms. (b) The utility value with different amounts of UEs among six algorithms. (c) The wasted bandwidth with different
amounts of UEs among six algorithms.

50 to 200 in the network with a fixed size of 20. The results
of wasted bandwidth are shown in Fig. 7(c). We can see that
while all algorithms’ bandwidth usage decreases with the in-
creasing number of UEs, algorithm Eq_client has almost the
lowest bandwidth usage 44.5% among the four algorithms.
When the number of UEs grows from 50 to 175, we can see the
bandwidth usage of Ra_DDPG is similar to Eq_task, Greedy,
and Par_task, which is around 80% on average. However, when
the number of UEs arrives at 175, the bandwidth usage of
Ra_DDPG is 60%, which is 35% higher than those of the base-
line algorithms. The results indicate that Ra_DDPG performs
better than the other baseline algorithms and is close to the
offline algorithm.

We then evaluate the utility value and depict the results in
Fig. 7(b). It manifests that when the number of UEs grows,
the utility value of all algorithms decreases rapidly. When the
number of UEs grows from 50 to 150, the utility value decreased
and the variance among 6 algorithms is less than 1000. We
observed that Ra_DDPG tends to have the highest utility value
most of the time among the compared algorithms, even when
the number of UEs increases up to 200.

We further compared the performance of Ra_DDPG with
the baseline algorithms by varying the network size from 10
to 100 with 150 UEs and 5 BSs. The results are shown in
Fig. 8. Fig. 8(a) shows that, when the network size increased,
the bandwidth usage in the solutions delivered by the five
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Fig. 8. Comparison results for the comprehensive performance of different network sizes with different algorithms. (a) The bandwidth usage with different
network sizes among six algorithms. (b) The utility value with different network sizes among six algorithms. (c) The wasted bandwidth with different network
sizes among six algorithms.

comparison algorithms slowly downturn. Eq_client always has
the lowest bandwidth usage up to 31.91%. Meanwhile, the aver-
age bandwidth usage of Ra_DDPG is 68.83% which is 45.63%
higher than Eq_client and 15.04% higher than the results of the
other three algorithms.

The results of the utility value of different algorithms are
shown in Fig. 8(b). It shows that the average utility value of
algorithm Ra_DDPG is 3742.62 which is higher than the other
four algorithms. The average utility value of Greedy is 2497.90
which is close to Eq_task, and the average utility value of
algorithm Par_task, which is 3144.33, is slightly lower than that
of Ra_DDPG. The wasted bandwidth of different algorithms is
shown in Fig. 8(c). We can see that Ra_DDPG has the highest
bandwidth utilization and delivered the highest utility value
among the five algorithms.

VI. RELATED WORK

Due to the growth of big data, IoT and AI applications,
distributed machine learning has been extensively studied in
recent years[17], [18], [19], [20], [21], [22]. Considering the
data privacy, [23] first introduced FL as the primary solution
for training models without exposing raw data. There are many
investigations on implementing FL in MEC networks [24], [25],
[26], [27]. For example, Dinh et al. [28] is among the first
to extend FL over the wireless network. They considered a
resource allocation optimization problem in the FL training
process with heterogeneous computing and power resources.
[11] proposed a joint control solution of FL in MEC networks
with the aim of minimizing the long-term cumulative training
cost. [29] aimed at alleviating the communication bottleneck of
one-bit over-the-air aggregation for FL in edge networks and
proposed a one-bit broadband digital aggregation solution.

In the dynamic landscape of federated learning, the
integration of deep reinforcement learning (DRL) has attracted
increasing attention due to its potential to address the unique
challenges inherent in this decentralized, privacy-centric
paradigm. Several research endeavors have explored the
synergies between DRL and federated learning, each offering
valuable insights and methodological contributions. In
[30], [31], [32], the authors concentrated on enhancing the
performance of federated learning by utilizing DRL to assess

the learning quality of clients and select reliable participants
in the federated learning process. Moreover, [33] directed their
efforts towards addressing the issue of unreliable clients within
hierarchical federated learning. Furthermore, DRL has found
application in fortifying the resilience of federated learning
systems against adversarial attacks. For example, [34] studied
the poisoning attacks in FL systems and proposed a malicious
model detection mechanism with the help of DRL. In [35],
Weng et al. introduced an auditable and privacy-preserving
deep learning framework that incorporates a value-driven
incentive mechanism based on blockchain technology.

There are several recent studies on utilizing the DT tech-
nology in FL service provisioning [36], [37]. For instance,
[38] studied the problem of adaptive FL and DT for Industrial
IoT. Lu [39] leveraged the FL to construct DT models of IoT
devices based on their running data and formulated an asyn-
chronous model update scheme as an optimization problem,
where they utilized the deep neural network model to reduce
the transmission energy cost. [40] designed a mechanism with
DT assisted for edge computing under asynchronous FL set-
tings which obtained optimal resource management solution.
[41] studied a blockchain-empowered FL scheme to strengthen
communication security and data privacy protection in DT-edge
networks and proposed an asynchronous aggregation scheme,
which enhanced both communication efficiency and data secu-
rity for IoT applications.

Unlike the aforementioned studies that considered only a
single FL request in the FL platform, in this paper, we fo-
cus on multiple FL services provisioning in an MEC network.
We consider the network dynamics and resource competitions
among different FL requests, by adopting the DT of the network
to provide accurate and reliable prediction of bandwidth and
UE mobility.

VII. CONCLUSION

In this paper, we investigated multiple FL services provi-
sioning in a DT-assisted MEC network, which can provide
different FL services based on different FL training requests.
We first formulated a novel multiple-FL services provision-
ing problem of FL client selection and bandwidth allocation
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for each FL training request. We then proposed a heuris-
tic algorithm for the problem in the offline setting, and we
also devised a constant approximation algorithm for its spe-
cial case under fixed requirement constraints. We thirdly de-
vised a deep reinforcement learning based online algorithm,
Ra_DDPG, for the problem in the online setting, where the
bandwidth resource and locations of UEs vary over time. We fi-
nally evaluated the performance of the online algorithm against
other baseline algorithms through simulations. Simulation
results demonstrated that the online algorithm Ra_DDPG
outperforms the benchmarks. The future work built upon this
research includes exploring resource allocation with the trade-
off between fairness and training efficiency in multiple FL
services provisioning.
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