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Abstract—Federated learning (FL) is a distributed machine learning technique that enables model development on user equipments (UEs)
locally, without violating their data privacy requirements. Conventional FL adopts a single parameter server to aggregate local models from
UEs, and can suffer from efficiency and reliability issues — especially when multiple users issue concurrent FL requests. Hierarchical FL
consisting of a master aggregator and multiple worker aggregators to collectively combine trained local models from UEs is emerging as a
solution to efficient and reliable FL. The placement of worker aggregators and assignment of UEs to worker aggregators plays a vital role in
minimizing the cost of implementing FL requests in a Mobile Edge Computing (MEC) network. Cost minimization associated with joint
worker aggregator placement and UE assignment problem in an MEC network is investigated in this work. An optimization framework for FL
and an approximation algorithm with an approximation ratio for a single FL request is proposed. Online worker aggregator placements and
UE assignments for dynamic FL request admissions with uncertain neural network models, where FL requests arrive one by one without the
knowledge of future arrivals, is also investigated by proposing an online learning algorithm with a bounded regret. The performance of the
proposed algorithms is evaluated using both simulations and experiments in a real testbed with its hardware consisting of server edge
servers and devices and software built upon an open source hierarchical FedML (HierFedML) environment. Simulation results show that the
performance of the proposed algorithms outperform their benchmark counterparts, by reducing the implementation cost by at least 15% per
FL request. Experimental results in the testbed demonstrate the performance gain using the proposed algorithms using real datasets for

image identification and text recognition applications.

Index Terms—Mobile edge computing, federated learning, aggregator placement and UE assignment, hierarchical federated learning frame-

work, approximation algorithms, online learning algorithms

1 INTRODUCTION

I applications continuously generate large volume of

data in mobile edge computing (MEC) networks, which
need be analyzed to obtain valuable patterns for business
advantage and decision making [48], [50], [52], [53]. Feder-
ated Learning (FL) is a promising distributed learning tech-
nique to avoid privacy breaches of data generated by user
equipment (UE) - often including sensitive information
such as user face images. FL involves training a local model

on a UE and then aggregating these models to obtain a
global machine learning model. Conventional FL frame-
works usually adopt a single aggregator (referred to as a
“parameter server”) that receives all trained local models of
UEs to derive the global training model. As reported in
many existing studies [3], [25], [36], [58], such a FL frame-
work suffers issues such as inefficient communications and
communication failures. For instance, the single aggregator
becomes a bottleneck if many UEs send their local models
to it; or, if the single aggregator fails to operate, the local

o Zichuan Xu, Dapeng Zhao, and Mingchu Li are with the Key Laboratory for Ubiquitous Network and Service Software of Liaoning Province, School of Soft-
ware, Dalian University of Technology, Dalian, Liaoning 116621, China. E-mail: {z.xu, mingchulj@dlut.edu.cn, zhaodapeng97@mail.dlut.edu.cn.

o Weifa Liang is with the Department of Computer Science, City University of Hong Kong, Hong Kong. E-mail: weifa.liang@cityu.edu.hk.

o Omer F. Rana is with Physical Sciences and Engineering College, Cardiff University, CF10 3AT Cardiff, U.K. E-mail: RanaOF@cardiff.ac.uk.

o Pan Zhou is with the Hubei Key Laboratory of Distributed System Security, Hubei Engineering Research Center on Big Data Security, School of Cyber Sci-
ence and Engineering, Huazhong University of Science and Technology, Wuhan, Hubei 430074, China. E-mail: panzhou@hust.edu.cn.

o Wenzheng Xu is with the Department of Computer Science, Sichuan University, Chengdu, Sichuan 610065, China. E-mail: wenzheng.xu@scu.edu.cn.

e Hao Li is with Ningxia Research Institute, China Coal Research Institute, Beijing 100013, China. E-mail: hateif@163.com.

o Qiufen Xia is with the Key Laboratory for Ubiquitous Network and Service Software of Liaoning Province, the International School of Information Science &
Engineering, Dalian University of Technology, Dalian, Liaoning 116621, China. E-mail: giufenxia@dlut.edu.cn.

Manuscript received 23 March 2022; revised 25 September 2022; accepted 26 October 2022. Date of publication 2 November 2022; date of current version 28

November 2022.

The work of Zichuan Xu and Qiufen Xia was supported in part by the National Natural Science Foundation of China (NSFC) under Grants 62172068 and
62172071, and the “Xinghai scholar” program. The work of Weifa Liang was supported in part by City University of Hong Kong under Grant 9380137/CS. The
work of Pan Zhou was supported in part by the National Natural Science Foundation of China (NSFC) under Grant 61972448.

(Corresponding author: Hao Li.)
Recommended for acceptance by A.C. Zhou.
Digital Object Identifier no. 10.1109/TPDS.2022.3218807

1045-9219 © 2022 |IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on January 10,2023 at 01:41:58 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0000-0001-5438-1468
https://orcid.org/0000-0001-5438-1468
https://orcid.org/0000-0001-5438-1468
https://orcid.org/0000-0001-5438-1468
https://orcid.org/0000-0001-5438-1468
https://orcid.org/0000-0002-8207-6740
https://orcid.org/0000-0002-8207-6740
https://orcid.org/0000-0002-8207-6740
https://orcid.org/0000-0002-8207-6740
https://orcid.org/0000-0002-8207-6740
https://orcid.org/0000-0003-3597-2646
https://orcid.org/0000-0003-3597-2646
https://orcid.org/0000-0003-3597-2646
https://orcid.org/0000-0003-3597-2646
https://orcid.org/0000-0003-3597-2646
https://orcid.org/0000-0002-8629-4622
https://orcid.org/0000-0002-8629-4622
https://orcid.org/0000-0002-8629-4622
https://orcid.org/0000-0002-8629-4622
https://orcid.org/0000-0002-8629-4622
https://orcid.org/0000-0001-7969-6415
https://orcid.org/0000-0001-7969-6415
https://orcid.org/0000-0001-7969-6415
https://orcid.org/0000-0001-7969-6415
https://orcid.org/0000-0001-7969-6415
https://orcid.org/0000-0002-8396-6825
https://orcid.org/0000-0002-8396-6825
https://orcid.org/0000-0002-8396-6825
https://orcid.org/0000-0002-8396-6825
https://orcid.org/0000-0002-8396-6825
https://orcid.org/0000-0001-7978-4933
https://orcid.org/0000-0001-7978-4933
https://orcid.org/0000-0001-7978-4933
https://orcid.org/0000-0001-7978-4933
https://orcid.org/0000-0001-7978-4933
mailto:z.xu@dlut.edu.cn
mailto:mingchul@dlut.edu.cn
mailto:zhaodapeng97@mail.dlut.edu.cn
mailto:weifa.liang@cityu.edu.hk
mailto:RanaOF@cardiff.ac.uk
mailto:panzhou@hust.edu.cn
mailto:wenzheng.xu@scu.edu.cn
mailto:hateif@163.com
mailto:qiufenxia@dlut.edu.cn

XU ETAL.: HIERFEDML: AGGREGATOR PLACEMENT AND UE ASSIGNMENT FOR HIERARCHICAL FEDERATED LEARNING IN MOBILE... 329

Users cﬁc Q c Users c 7c c c
AN FL requests ‘ FL requests
. (= Ag“élraesgtg{or - g
Single z
Aggregator ¢ ==
- ! . Work%r 2z Sota. . S22 £
572 Congestion Aggregators ~ ZF ¢ A
/ NS
/ TFL mode] ) \ ' ““FL models
‘! P
UEs %& <> & UEs @ & " > &

(a) The conventional FL with a
single aggregator.

(b) The hierarchy-based FL with
master aggregators and worker ag-

gregators.

Fig. 1. The motivation for using hierarchical FL.

models of UEs will not be aggregated, thereby significantly
reducing the accuracy of the obtained global model. The
above concerns can become more important in an MEC net-
work that consists of heterogeneous cloudlets with different
computing resource capacities, spread across a large geo-
graphical area. In particular, assuming that the process of
obtaining a global model is referred to as an FL request, mul-
tiple FL requests are issued by users in an MEC network to
train different global models. Since the computing resource
of each cloudlet is limited, it will incur a performance deg-
radation when a large number of users request to obtain
machine learning models. Additionally, if a single request
needs to aggregate local models from many UEs, the cloud-
let that serves as the aggregator will not be able to respond
to other requests if it is depleted of computing resource — as
shown in Fig. 1a.

A hierarchical FL with a master aggregator and multiple
worker aggregators to combine trained local models from UEs
[4], is adopted to address the afore-mentioned issues of con-
ventional FL frameworks with a single aggregator. Specifi-
cally, a hierarchical FL has multiple rounds of training and
local model aggregations. In each round, each worker
aggregator collects the local models of its UEs. The master
aggregator obtains the global model by aggregating the
local models collected from all worker aggregators, and
returns the updated global model back to all UEs for the
next round of local training in each UE. Since the worker
aggregators can be distributed to multiple cloudlets of the
MEC network, the congestion level and cost of each worker
aggregator can be alleviated. The comparison between con-
ventional FL and the hierarchical FL is given in Fig. 1b.

1.1 Motivation and Challenges
Under a hierarchical FL framework, the admission cost of
FL requests is dominated by aggregator locations and the
assignment of UEs to different worker aggregators. If a UE
is assigned to a worker aggregator located far from itself,
the cost of transmitting its training data may be very high.
On one hand, from the perspective of users, a UE is not will-
ing to participate in the FL if its cost is high. On the other
hand, a service provider that operates the MEC network
will not profit from offering FL services for mobile users. In
this paper, we study the problem of joint worker aggregator
placement and UE assignment in an MEC network to mini-
mize implementation costs of all FL requests, which poses a
number of fundamental challenges, as discussed below.
First, various machine learning models can be developed
for a single learning task. For example, machine learning

models for object recognition include R-CNN [11], Faster R-
CNN [33], and YOLOV5 [19]. Given a specific FL request,
the models chosen/adopted are not always certain. To
enable learning in UEs, each UE can adaptively prune
machine learning models, referred to as submodels, of a full
machine learning model. Since each UE makes its own deci-
sion, which submodels are selected in UEs cannot be speci-
fied in advance. Due to the heterogeneous capabilities
available on UEs, submodels of a neural network with dif-
ferent hyper-parameters may be used to adapt to dynami-
cally-changing computing capabilities of UEs [8]. Applying
machine learning in MEC networks leads to uncertain local
training models at UEs, which are considered as uncertain
models. Such model uncertainty makes the placements of
worker aggregators a difficult optimization problem. As
such, the decision of placing worker aggregators and UE
assignment for an FL request has to be made under such
model uncertainty.

Second, the capacity constraint on each base station
requires worker aggregators to be distributed to different
base stations. FL implementation cost may be reduced if a
smaller number of worker aggregators are deployed. How-
ever, this may result in a higher communication cost as UEs
may require longer routing paths to send trained local mod-
els to these worker aggregators. Finding a trade-off between
communication cost and the number of worker aggregators
for each FL request implementation is challenging.

1.2 Novelty and Contributions

Current literature on FL in MEC networks has ignored the
joint aggregator placement and UE assignment, and often
focuses on optimizing communication and energy costs
[34], [54], [57], [63] as well as efficient UE assignment [59].
To the best of our knowledge, unlike these existing studies
that considered a single FL request admission only, we are
the first to consider the joint worker aggregator placement
and UE assignment. Our approach also considers multiple
FL requests with model uncertainty in an MEC network.
The main contributions of this paper are as follows.

e We propose a hierarchical FL optimization frame-
work for joint worker aggregator placement and UE
assignment for a single FL request admission. The
optimization framework consists of a well-tuned
search process to identify the number of worker
aggregators for a request, and an approximation
algorithm with an approximation ratio for the
worker aggregator placement and UE assignment.

e We consider the online worker aggregator placement
and UE assignment for multiple FL request admis-
sions with model uncertainty, by proposing a novel
online learning algorithm based on the multi-armed
bandits (MAB) method.

e We evaluate the performance of the proposed algo-
rithms by simulation. Results show that the pro-
posed algorithms outperform their counterparts by
reducing the implementation cost by at least 15% per
FL request.

e We built a testbed for hierarchical FL in an MEC net-
work and implemented a hierarchical FL software
framework HierFedML, extending an existing
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FedML framework [12]. Experiment results of Hier-
FedML demonstrate that the performance of the pro-
posed algorithms are promising, based on real data
sets for image identification and text recognition
applications.

The remainder of this paper is arranged as follows. Sec-
tion 2 introduces the system model, notations and problem
formulation. Section 3 describes the proposed optimization
framework and proposes an approximation algorithm for a
single FL request implementation. Section 4 describes mech-
anisms to support dynamic FL requests, for a sequence of
FL requests with model uncertainty, arriving one by one
without knowledge of their arrivals. Section 6 evaluates the
performance of the proposed algorithms by both simulation
and using a physical testbed. Section 7 includes concluding
comments.

2 RELATED WORK

In this section, we review existing studies and summarize
the differences between our work and existing efforts. We
focus specifically on efficiency achieved within conven-
tional (distributed) machine learning tasks, optimization for
FL and resource allocation for FL.

2.1 Efficiency in Machine Learning

Although there are studies focusing on efficiency of
machine learning-based tasks [2], [20], such methods cannot
be directly applied to FL in MEC networks, as they mainly
consider inference tasks instead of distributed training
tasks. Specifically, each FL request involves the collabora-
tion between different edge servers. For example, Acharya
et al. [2] studied the re-identification of persons in a large-
scale video surveillance network, by allocating inference
tasks in an MEC network with both edge servers and a
remote cloud. The objective is to promote the responsive-
ness of inference tasks for re-identification. Furthermore, Li
et al. [20] investigated the problem of task offloading from
Internet-of-Things (IoT) devices to edge servers. They
assumed each task to be executed on a single edge server;
while the FL request requires collaboration between differ-
ent aggregators in the MEC network. Xu et al. [50] focus on
distributed person re-identification and optimized the net-
work latency of the distributed model in an MEC network.
Recently, FL is emerging as a key distributed training tech-
nique that guarantees the privacy requirements of users [7],
[9], [26], [27], [41], [62]. However, most of these FL frame-
works do not focus on promoting the cost efficiency of FL in
MEC networks. For example, Mills et al. [27] modified
FedAvg to use distributed Adam optimization called CE-
FedAvg, greatly reducing the number of rounds of conver-
gence via a novel compression method. Duan et al. [9] made
use of adaptive data expansion and downsampling to solve
the imbalanced training data distribution problem. Since
FedAvg is not ideal for training data with highly skewed dis-
tribution [61]. Wang et al. [41] designed an experience-driven
framework to intelligently choose users to participate in FL.
Liu et al. [23] proposed an adaptive asynchronous federated
learning (AAFL) mechanism to achieve less convergence time
of training under resource constraints.

2.2 Efficiency Optimization for FL

Due to the distributive nature of FL, many existing studies
promote communication efficiency [34], [41], [57], [63], opti-
mize energy consumption [54], and find non-trivial trade-
offs between the accuracy and convergence speed [39], [45]
of a single FL request admission. However, little attention
has been paid to the worker aggregator placement and UE
assignment for FL request admissions. Wu et al. [46] con-
ducted a detailed analysis of parameter updates on non-i.i.d
datasets and compared the difference with ii.d datasets.
They proposed a structure-based communication reduction
algorithm. Liu et al.[24] proposed an efficient-communica-
tion approach, which provides a customized local training
strategy for vehicular clients to achieve convergence quickly
within fewer communication rounds. Wang et al. [43]
designed a federated deep-reinforcement-learning method
for the problem of cooperative edge caching. Yu et al. [56]
developed a mobility-aware edge content caching algorithm
to allow multiple vehicles to collaborate to learn a model.
Yang et al. [57] proposed a novel over-the-air computation
approach to enable a fast global model aggregation in a
wireless multiple-access channel.

2.3 Resource Allocation for FL in MEC Networks

Existing studies on resource allocation for FL in an MEC
network assumed that worker aggregators of an FL request
implementation are consolidated into a single location, and
ignore model uncertainty. They thus cannot be directly
applied to the aggregator and UE assignment problem
being considered in this paper. For example, Wang et al.
[42] analyzed the convergence bound of a distributed gradi-
ent descent algorithm. Luo et al. [25] studied the problem of
joint resource allocation and UE assignment problem to
minimize the implementation cost of FL requests. Shi et al.
[37] investigated the problem of joint UE selection and
resource allocation to maximize model accuracy under a
given training time budget. Though Xia et al. [47] investi-
gated the uncertainty of wireless channel state information,
they did not consider model uncertainty. Feng et al. [10]
explored a min-max cost-optimal problem to guarantee the
convergence rate of FL in edge networks, to minimize the
cost of UEs, subject to the constraints of delay and comput-
ing capacity. Ko et al. [13] studied the problem of UE selec-
tion and bandwidth allocation in a wireless network, with
an objective to minimize the average time associated with
training rounds while meeting a requirement on the train-
ing data type and volume. The placement of worker aggre-
gators was not considered, and the computing resource
capacity in the backhaul of the network was ignored in this
work. There are also studies focusing on promoting com-
munication efficiency for hierarchical FL in an MEC net-
work [21], [22]. Specifically, [21], [22] focused on incentive
mechanisms that could motivate data owners to participate
in the FL process such that communication efficiency is pro-
moted. In particular, under the hierarchical FL framework,
authors in [22] proposed a hierarchical game, where the
lower-level is an evolutionary game for resource allocation
and the upper-level is a Stackelberg game to determine a
reward for players. In contrast, in this paper we focus on
the worker aggregator placement and UE assignment
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Fig. 2. An example of a MEC network.

problem by assuming that UEs are willing to participate the
FL as long as they are selected. Wang et al. [44] also consid-
ered a hierarchical FL framework by proposing an algo-
rithm to group UEs into clusters. Each cluster has a single
worker aggregator and a master aggregator that collects
and aggregates the model from each cluster.

3 PRELIMINARIES

In this section, we first introduce the system model, defini-
tions and notations. We then formally define the optimiza-
tion problems being considered in this work.

3.1 System Model

As shown in Fig. 2, we consider an MEC network G = (BSU
CL, E) with a set BS of base stations and a set CL of cloud-
lets. Cloudlets are located in the backhaul of the MEC net-
work G. Let bs; and cl; be a base station and a cloudlet in BS
and CL, respectively. The resources of both base stations
and cloudlets have associated capacity constraints. Each
cloudlet cl; or base station bs; is a potential location Loc,
(e {BSuCL}) for implementing FL requests. Let C; and B,
be the computing and bandwidth resource capacities at
Loc,, respectively. E is a set of backhaul links interconnect-
ing base stations and cloudlets. Each base station bs; pro-
vides wireless connection for UEs and wired connection to
the backhaul network. Therefore, base station bs; also has a
capacity B(bs;) of wireless bandwidth. Each UE connects to
the MEC network via one of its close base stations. Let uey,
and ds;, be a UE and its data, respectively, where k is an inte-
ger with 1 < k£ < K and K is the number of UEs in the MEC
network. The volume of data ds;, is denoted by |ds|.

3.2 Federated Learning in MEC Networks
An FL request, denoted by r,,, is issued to train on the data-
sets that are distributed in UEs of the MEC network. Each
FL request r,, requires an FL service for persistent storage to
store its learned machine learning model and efficient coor-
dination of UEs to guarantee the trained accuracy. An FL
service is usually implemented in a Virtual Machine (VM)
or a container of the MEC network. Denote by 5,,, an FL ser-
vice. Let |w,,| be the size of a model that is transmitted
between a UE and its service S,,,.

In each round of FL training, the trained local model of each
UE needs to be sent for aggregation. We consider a hierarchical
aggregation framework with a master aggregator and a set of

worker aggregators, where the master aggregator is co-located
with FL service S,,. Due to limited resources on cloudlets and
base stations, the worker aggregators will be distributed to dif-
ferent nodes (cloudlets) in G. Let A4,,, , be the oth worker aggre-
gator of FL request r,,,. We assume that each UE has to register
itself to one worker to send its trained local model for aggrega-
tion. Let UE,, be the set of UEs for FL request 7,.

3.3 Cost Models
The implementation of an FL request incurs communica-
tion, data aggregation and local training costs [16], [49].

The communication cost is incurred due to the download-
ing of the global model from service S,, to each UE and
uploading the trained local models of UEs. Following exist-
ing studies [15], [40], [55], we assume that the communica-
tion cost is mainly due to the consumption of bandwidth
resources, which is proportional to the amount of data to be
transferred. Let ¢ ; be the cost of transmitting a unit
amount of data from UE uey, to location Loc, via base station
bs;. If UE uey, is assigned to a worker aggregator A, , in loca-
tion Loc,, the communication cost of ue; for updating its
trained model to A4,,, of service S, is

t

Ck.m,o

= ZLochBSUCE stieBS W]+ Gy Tmog - i
where z,,,, is a binary variable that shows whether worker
aggregator A,,, is placed at location Loc,, and z;; indicates
whether UE ue;, accesses the MEC network via base station
bs;. Similarly, each worker aggregator sends its aggregated
model to service S,,. Let y,, , be an indicator variable that
shows whether service S, is placed at location Loc,. The
communication cost due to model updating from a worker
aggregator to the master aggregator in S, is

t § t
C = w . "E . 7. C
m,0 Locg,Locy €BSUCL | m| mo.q " Ym.gq 79"

where cfm, is the cost of transmitting a unit of data from Loc,
to LOqu.

The data aggregation cost is due to local model aggrega-
tions in worker aggregators. Typical implementation of an
FL request takes an average of the gradient on its local
parameters and the current model, and service S,, aggre-
gates the local models by updating its current model. Data
aggregation cost of each worker aggregator depends on the
number of registered UEs and the location of the aggrega-
tion (i.e., with or without accelerators) [23], [51], [60].
Denote by UE,,, the number of UEs assigned to worker
aggregator A, ,, of FL request 7,,. Let ¢?, be the cost of data
aggregation for r,,, we have

a
c. = T O
m ZAm,,,eAm ZLocquSUCE moq & [Mul,

where A,, is the set of deployed worker aggregators of FL
request 7, and «, is the cost of aggregating a UE’s local
model in Log,.

The local training cost is due to the model training at each
UE. As the stochastic gradient descent method is adopted to
optimize a global loss function, the local training cost is pro-
portional to the size of the local dataset. Let ¢ be the cost
of learning a unit data in UE uey. The cost ¢, of local learn-
ing in UE uey, on its dataset dsy is ¢}, = i - |dsy|.
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3.4 Resource Consumption Models

Each UE, cloudlet or base station consumes wireless and
wired bandwidth resources for transmitting trained models.
Let 5, be the amount of wireless bandwidth resource that
base station bs; uses to receive data. The amount of band-
width resource required to transfer the amount |w,,| of
trained local model for FL request 7, is n; - |w,,|. Let & be
the amount of wired bandwidth resource assigned to trans-
fer a unit data. The amount of bandwidth resource
demanded by base station bs; for transferring wy, is & - |wpn,|.
The worker aggregator located at Loc, needs bandwidth
resource to transfer its aggregated parameters to the master
aggregator. Let £, be the amount of bandwidth resource it is
assigned to transfer a unit data at Loc,. Hence an amount
&, - |wn| of bandwidth resource is needed to transfer |w;,| of
aggregated parameters is needed.

Work aggregators need computing resources to aggre-
gate the trained models of UEs. Denote by UE,, , the set of
UEs assigned to worker aggregator A, ,, the computing
resource needed is proportional to the size of the parame-
ters for aggregation, i.e., CRy, 04 = ¥, - [UE 0| - [wi|, where
¥, is a proportional factor at location Loc,. Similarly, the
amount of computing resource allocated to service S, is
CR, , =V |An| - lwn| if S, is placed to location Loc,.
Although a single FL service may not consume significant
amounts of computing resources, multiple FL services can
run out of the entire available computing resource in a base
station easily [6], [29].

3.5 Problem Definitions

Assuming that the volume of each dataset ds; of UE ey, is
given, the joint worker aggregator placement and UE assignment
problem for a single FL request admission in an MEC network is
formulated as describe in this section. The problem aims to
jointly place service S, to a location, find a suitable number
of worker aggregators and their locations for an FL request
rm, and assign UEs to different base stations and worker
aggregators. The objective of the problem is to minimize the
cost of implementing the FL request, subject to the resource
capacity on each location Loc, € BS UCL.

Given a set R of FL requests arriving into the system
dynamically without knowing future FL request arrivals,
assuming that the model of FL request r,, is uncertain, the
online worker aggregator placement and UE assignment problem
for multiple FL requests with model uncertainty in an MEC net-
work is to find a the number of worker aggregators and
their placements for each FL request r, € R, and assign
UEs to base stations and worker aggregators of each r,,,
such that the total implementation cost of all FL requests in
R is minimized, subject to the resource capacity at each loca-
tion Loc, € BSUCL.

For clarity, the symbols used in this paper are summa-
rized in Table 1.

4 ALGORITHMS FOR THE JOINT WORKER
PLACEMENT AND UE ASSIGNMENT PROBLEM
WITH A SINGLE FL REQUEST ADMISSION

In the following we propose an optimization framework for

the problem, assuming that the model of an FL request is
given.

4.1 An Optimization Framework
The number of worker aggregators deployed for each FL
request ,, plays a vital role in minimizing its implementa-
tion cost. Specifically, more worker aggregators for FL
request r,, imply that these worker aggregators can be dis-
tributed to locations closer to its UEs, thereby reducing the
cost of updating the trained local model. This however may
increase the volume of data transfers from worker aggrega-
tors to service S, resulting in a high communication cost.
To identify the number of worker aggregators, we adopt
binary search. That is, the maximum number of worker
aggregators that can be instantiated is determined by the
available computing resource in each location. Let n™" and
n™** denote the minimum and maximum numbers of
worker aggregators of each FL request r,,, respectively.

Algorithm 1. Opt FWK

Input: An MEC network G, and an FL request 7,.
Output: The cost of implementing an FL request 7, in the MEC
network G.
1: Set values for n™™" and n
2); _
2: while cost(n™") < cost(n"™*") do
30 ny, e [,
4: Invoke algorithm ApproAG to obtain the cost cost(n,,) of
implementing request r,, with a number n,, of worker
aggregators;
Calculate cost(n™") and cost(n™™") if necessary;
if cost(n,,) < cost(n'™m), n/mn — n,.: else, '™ — n,,;
end while

maxr

according to equations (1) and

We first determine the value of n™". Intuitively, the mini-
mum value of n™" is 1, implying that the trained models by
all UEs are aggregated by a single worker aggregator. How-
ever, the available resource at location Loc, may not be ade-
quate to aggregate the data of all UEs in €. This means if
locations have the maximum computing resource
max{C, | VLoc,} to process the local models of UEs in U€,

we will get the minimum number of worker aggregators, i.e.,
|' Vq‘lmeugm‘
max{Cy | VLocq}

resource capacity of each location Loc,, we get the minimum

-‘. Similarly, if we consider the bandwidth

number of worker aggregators as [%-‘} Overall,

we have

nmin — max{ 1 " Yq- |wm‘ ' |u‘€m‘ —‘ " ﬁq . |wm\ . |U€m| "‘
"Imax{C, | VLoc,} I’ max{B, | VLoc,} )"

oY)

We then determine the value of n™*. The maximum
amount of computing resource consumed by worker aggre-
gator A,, , is determined by the number of UEs assigned to
it. In the worst case, a worker aggregator only aggregates
the local model from a maximum number |4, | of UEs, i.e.,

pmar — ‘ugm ‘ (2)

We proceed by describing the binary search process. Spe-
cifically, we follow a binary search procedure to find an
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TABLE 1
Symbols

Symbols Meaning

G = (BSUCL,E) AnMEC network with a set BS of base stations and a set CL of Cloudlet.

clj, and bs; a cloudlet in CL, and a base station in BS.

Loc, a potential location for implementing FL requests, which can be either a base station or a cloudlet.

Cyand B, the computing and bandwidth resource capacities at Loc,.

E a set of backhaul links interconnecting base stations and cloudlets.

B(bs;) the capacity of wireless bandwidth at bs;.

uey,, dsy, A UE and its dataset, where k is a constant with 1 < k < K.

|dsg] The volume of dsy..

rm, R, |R|and S,, an FL request, a set of FL requests, the numbers of FL requests and an FL service.

Wy, and |wy, | the parameter of a model and the size of the model parameter that is transmitted between a UE and its service .5,,.

Ao the oth worker aggregator of FL request r,,.

Ue,, the set of UEs for FL request 7,,.

ci,,‘ i the communication cost of ue;, for updating its trained model to A,, , of service .S,

Ymar €, c s and Ay

an indicator variable that shows whether S, is placed to Loc,, the cost of transmitting a unit amount of data from Loc, to
Locy and from A, , to the master aggregator in S,,,

the amount of computing resource demanded by aggregating a unit amount of data at location Loc,.

the amount of the computing resource which the set of UEs assigned to worker aggregator A,, , are needed and allocated to
the amount of wireless bandwidth resource bs; uses to receive data, wired bandwidth resource assigned to transfer a unit
amount of data and bandwidth resource it is assigned to transfer a unit amount of data at Loc,.

the number, the minimum and maximum number of worker aggregators of each FL request r,,, respectively.

a data unit as a smaller volume of data compared with that of |w,,| for dividing the trained local model of each UE into.

the cost of transmitting a unit amount of data from we;, to bs; and The cost of transmitting a unit amount of data from bs; to

the probabilities of associating ue;, to bs;, sending UE ue;,’s local models to worker aggregator A,, ,, placing A, , to loc, and

A, the set of deployed worker aggregators of 7,,.
oy and ¢, the cost of aggregating a UE’s local model in Log, and the cost of data aggregation for r,,.
Y
Hqé'm o the set of UEs assigned to worker aggregator A, ,.
CRy, 04 and CR, -
service S,,.
Nis & and fq
N, W and 0%
cost(ny,) the cost obtained by ApproAG.
dumt
Wino the set of potential locations for worker aggregator A,, ,.
c(-,-) and u(-,-) the cost and capacity of edge in auxiliary graph.
d.,and cﬁ_q
Loc,
f the flow obtained for UE we;, in an auxiliary graph.
Dhois Phios Pm,o,g and
Pmg placing service S, to location loc,.

Yig YY", and 7,

the events that the local models of UE ue,, are assigned to a worker aggregator at Loc,, ue;, is assigned to a worker aggregator
Am.or Ao is placed to loc,, and whether service S, of FL request r,, is placed to location Loc,.

Y, the number of UEs whose trained models are sent to Loc, for aggregation.

n(|wml) the average volume of trained local model of each UE uej,.

X a factor for scale-up the average model size of each FL request in algorithm Online
e a fixed length discretize the range of y intervals with.

VL and VL' The set of the range of x discretized and active values for .

numg (v)

He(v)

radius, and ball,

the number of requests before r,, that choose v as the value of .
the average cost obtained by the algorithm in the number num, (v) of selections of v.
the confidence radius and the confidence ball of arms in algorithm Online .

appropriate number n,,, of worker aggregators for FL request
7m inthe range of [, n™*]. Note that instead of comparing
the values of n,,, n™", and n™* in each round of the binary
search. We here compare the cost of implementing FL request
rm When the number of worker aggregators is selected, which
is obtained by invoking algorithm ApproAG or HeuAG to
place worker aggregators and service for r,,. Let cost(n,,) be
the cost of the solution delivered by ApproAG.

The detailed steps of the proposed optimization framework
are shown in Algorithm 1, which is referred to as Opt FWK.

4.2 An Approximation Algorithm With a Fixed
Number of Worker Aggregators

The proposed algorithm aims to map the problem to the

minimum-cost multi-commodity flow problem in an auxil-

iary graph G’ = (V', E). We treat the trained model of each

UE as a ‘commodity’ to be routed from its source to

destination. However, the commodity may be split into
multiple parts and routed along multiple routing paths as a
splittable flow in the minimum-cost multi-commodity flow
problem. In the extreme case, some cloudlets have to initial-
ize a certain amount of computing resource to process a
very small amount of data, leading to high overhead. On
the other hand, if we consider each local model as a basic
routing unit, the remaining resource of a cloudlet may not
be fully utilized because its remaining resource may not
have enough capacity to aggregate the local model. The
MEC network may have many such small ‘resource slices’
that will not be used for any model aggregation. To avoid
such cases, we consider a flexible granularity of routing unit
of the local models. Let d,,;; be the data unit of a split block.
The local model of each UE is divided into ‘“’” . split blocks,
assuming that |wy,| is divisible by d,;;. The 51ze of each split
block of each UE is considered as the demand of a
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UE
Layer

widget 2 for !
| aggregator 2 :
1

Aggregator Layer

Fig. 3. An example of the auxiliary graph G' = (V’, E’) with two worker
aggregators for an FL request r,,,.

commodity. Notice that the benefit of introducing dui
allows us to improve resource utilization. For example,
when cloudlets are under-loaded, we set d,;;; < |w|; other-
wise, we set d,ni¢ to a value smaller than |w,,|. The algorithm
proceeds as follows.

Auxiliary Graph Construction: We jointly place worker
aggregators to different locations, assign UEs to base sta-
tions, and find a location for service S,,,. To this end, we par-
tition nodes in V’ into different layers, with each layer
corresponding to one of the joint decision making processes.
Specifically, the nodes in V' of G’ are organized into four
layers, namely, the UE layer, base station layer, worker
aggregator layer and service layer, as shown in Fig. 3.

The UE layer consists of all UE nodes, i.e. we add each
uer, € UE,, into V' via V! «— V' U {uey | 1 < k < |UEL|}-

The BS layer consists of a set of base stations. For each
base station bs;, we create two virtual base stations and add
them to V’. Let bs, and bs/ be the two virtual base stations of
base station bs;, then V'« V'U{bs;, bs;, bs] |1<i<
|BS|}. We then connect bs; with bs} and bs; with bs/, by add-
ing directed edges (bs;,bs;) and (bs,,bs!) to E', i.e., E' —
E'U{(bs;,bs}), (bs,bs!) | 1 <i < |BS|}. The capacity on
edge (bs;, bs}) is the data unit (each unit has an amount d,,,;;
of data) that can be transferred using B(bs;) amounts of
wireless bandwidth of bs;, i.e.,

u(bsi, bS;) = I_B(bsi)/(dumt : 77@)] . (3)

Similarly, the capacity on edge (bs,bs/) is the maximum
number of data units d,,; that can be transferred, using
the amount B; of wired bandwidth, ie., wu(bs),bs]) =
| Bi/(dunit - &) ], where &; is the amount of wired bandwidth
resource to transfer a unit data to the backhaul of G by base
station bs;. The costs of such edges are set to zeros.

The worker aggregator layer consists of all potential loca-
tions of the MEC network for worker aggregators. We create
n,, widgets with each corresponding to the set of potential
locations for each worker aggregator A,, ,. Let W, , be such
a widget. We then add potential locations with adequate
resources to implement A4,, , to its widget W, ,. Specifically,
for each location Loc, with sufficient computing and band-
width resources to aggregate and transfer the size |w,,| of
trained model, a virtual location node Locﬁl is added to the

widget along with Loc,. Thatis, V' = V' U{Loc,, Loc}. We

then build widget W,,, by adding edges. We add an edge
(Locy, Loc) for each Loc, into the widget. The cost of
(Locy, Locﬁl) is the cost of aggregating d,,;; data units, i.e.,
c(Locy, Loc;) = dynit - &g, and the capacity on the edge thus is

u(Loc,, Loc;) = min{|Cy/dunity,)]; [ By/(dunitéy) |} )

which represents the maximum number of data units that
can be aggregated by the worker aggregators in location
Loc,. The cost of edge (Loc], d(n;,)) is zero, and its capacity
is infinity.

In the service layer, we create two virtual nodes Loc], and
Loc;” for each location Loc, and service S,,. Each pair of
nodes is added into a new widget for service S,,. An edge
<Locg,Loc’”> is added to E’ and its cost is set to «y, ie.,

C(Loc;/, Logg’ ) = dunit - &g Its capacity is set to the maximum
number of data units that can be aggregated by .S,,,, which is
’UJ(LOCZ7 LOCZ/) = min{ ch/(dum?t : Vq)J> LBq/(dum’t : ﬁq)J } We
finally create a virtual sink, denoted by s.

We proceed by interconnecting between the defined
layers. First, each UE ue;, in the UE layer is connected to
base station bs; of the BS layer if ue;, is within the transmis-
sion range of bs,. The cost of edge (uey, bs;) is the cost of
transmitting a unit data from we, to bs;, i.e.,

c(uey, bsi) = dunit - ¢, ©)

where ¢} ; is the cost of transmitting a unit data from uey, to
bs;. The capacity of edge (uey, bs;) is set to infinity. Second,
for each base station bs;, its virtual base station bs! is con-
nected to the source s(n,) of each widget in the worker
aggregation layer. The cost of edge (bs/, Loc,) is the cost of
transmitting d,,,;; amount of data from bs; to Loc,, that is,

(6)

c(bs!, Locy) = dypit - cﬁ"q,
where ¢{  is the given cost of transmitting a unit data from
bs; to Loc, that is given in advance. Its capacity is set as the
maximum number of data units that can be transferred by
the wired bandwidth capacity of base station bs; if an
amount ¢, of wired bandwidth is allocated to transfer a unit
data, i.e.,

u(bsi, Locy) = | By/(dunit - &)]- @

Approximation Algorithm: We now reduce the joint worker
aggregator placement and UE assignment problem for a sin-
gle FL request to the minimum-cost multi-commodity flow
problem in G'. That is, we consider the trained local model of
each UE as a commodity with a source ue;, a sink node s, and
a demand of |w,,|. The commodity needs to be routed in G’
from uey, to s. To route the commodities of all UEs to their sink
node s, we find a splittable multi-commodity flow in G’ from
each UE to s. Let f} be the flow obtained for UE uey. Flow f;
can be split into different paths in G’. We then adopt a ran-
domized rounding method that converts the obtained flow
into probabilities of assigning UEs and placing worker aggre-
gators and service for the FL request admission.

We calculate the probability of assigning a UE uey, to base
station bs;. In the BS layer, we use f,(bs;) to represent the
amount of flow that is routed via edges (bs;,bs;) and
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(bs, bs!). The probability py; of associating uey, to bs; is

= fi(bsi)/ (2 fr)- ®)

The data of each UE needs to be sent to a worker aggregator
for aggregation. Let p;, be the probability of sending UE
uey’s trained local model to worker aggregator A,,, for
aggregation, then,

DPko = fk(WrzL,o)/fk7 (9)

where f;,(W,,,) represents the total amount of flow routed
through the edges in widget W,,, ie., fi(

> LocyeWn o J(L0Cq, Locy).

mo) =

Algorithm 2. ApproAG

Input: An MEC network G, an FL request 7, and n,, worker
aggregators for ry,.
Output: An implementation of FL request r,,.

1: Construct an auxiliary graph G’ as shown in Fig. 3; and set
the costs and capacities of each edge accordingly;

2: Consider the local model w,, of each UE ue; as a commod-
ity with demand |wy, |/ dynit;

3: Find a splittable flow for each UE from ey, to s in the con-
structed auxiliary graph G’, and let f; be the flow for the
local model w,, if each UE uey;

4: Calculate the probabilities of assigning UEs to base stations,
worker aggregators and service S, to locations following
Equations (8), (10), and (11);

5: Randomly assign UE uey, to base station bs; according to
probability p.;;

6: For each worker aggregator, randomly place it in location
Loc, with probability p,, .4

7: Randomly place service S,,
pm,q;

8: for Each ue;, do

9:  Inthe UE and BS layers of the auxiliary graph, move each

split of f;, to the randomly selected base station;

10:  In the worker aggregator layer of G, move each split of f;,
to an placed worker aggregator with the minimum cost;

11:  In the service layer, move each split of f; to the location
where its service is placed;

12: end for

13: Transfer the obtained unsplittable flow f’ into UE assignments

and worker aggregator, service placement decisions;

to location Loc, with probability

We then calculate the probability of placing a worker
aggregator A,, , to location Loc,. The widget of each A,,, in
G’ consists of its potential locations. Denote by W, , the
widget for worker aggregator A,, ,. Let fi(Loc,, Wi, ,) be the
amount of flow routed via edge (Locq7 Loc) of widget Wi, ,.
The probability of placing A,, , to Loc, is

Znekeb{g fk(LOCq, Wm,o)
2. ZLocq/EBSUC[,,uekEMS fk(LOCq’> Wino)

Pmyoq = (10)

The reason is that the more flow routing via an edge of the
widget, the higher probability it will be selected as a loca-
tion for A, ,.

We thirdly calculate the probability of placing service .S, to
location Loc,, according to the amount of flows routed via the
service layer of G'. We use f;(Loc,, Sy,) to denote the amount

of flow that is routed via edge (Loc;, Loc]'). Let p,,, be the
probability of placing service S, tolocation Loc,, then,

Zuqeb{é‘ fk(Loctp Sm)

. (11)
ZLoc o EBSUCLuey.€UE fk’(Locq’v Sm)

Pmg =

(‘LUVIL(I.I‘

dunit

We finally assign each uey, to bs; with probability p;.;, and place
worker aggregator A,,, and service S,, to location Loc, with
probabilities p,,, ., and py, 4, respectively. The detailed steps of
the algorithm are given in algorithm ApproAG.

4.3 Algorithm Analysis
We first give the following properties of the proposed
approximation algorithm.

Property 1: p;.; is lower bounded by 5 “’“f . Recall that one
unit of flow in the auxiliary graph G’ represents an amount
|wmin| of local model. We then have a lower bound on the
probability

fk(bsl)/(Q . fk) > dunit/(z

since edge (bs}, bs!) has at least one unit of flow routed via
itself, if its flow is non-negative.

Property 2: The probability p,,,, of placing worker
aggregator A, , to location Loc, is bounded by d/(|wp, | -
[LE)), ie

’ |’LUm|), (12)

Pm,oq = fk‘(LOan I/VWL,())/2 ZLocq/EBSUCE fk(LOCq/, Wm,o)

Z d’unit/(Q : |wm‘ : |Z/{(€|), (13)
if the traffic of all UEs is routed via a single w1dget of G'.
Property 3: p,, , is lower bounded by o W\Z(E\ The mini-
mum size of local model that is routec{ via an edge
(Locg , Locg’ ) 1S dynit While the total amount of data routed

through the service layer of G’ is |w;, | - [UE|, then

Pmygq Z dunit/(z (14)

: ‘w7n| : |M€|).
Lemma 1. Assuming that B(bsy,)/(n; - |wn|) > [UE|/S and
min{B; | 1 <i < |BS|}/(& - |wm|) > |UE|/x, the wireless
and wired bandwidth resource capacities of each base station

2w ‘)/(duml) 1)
may be violated with a low probability of =V and

(2 ‘um‘ /(dumt) 1) . _
—(1 AP respectively, where § and «k are given con

stants in the range of (0, 1].

Proof. We first show the bound on the violation of wireless
bandwidth of base station bs;. Recall that each UE wue; is
associated with a base station bs; with probability py;.
Let X}, be the event that ue; is assigned to base station
bs;. We have X,; = 1 with probability p;,;. Let X; be the
number of UEs assigned to base station bs;, we have
Xi = e.cue Xiir and the expectation F(X;) of X; is
B(X) = 2 sopeue POXk1) = Loy Py 1ts variance
Var(X;) then is Var(X;) = E((X;)?) — (E(X;))%. Since
UEs are assigned to base stations randomly, the wireless
bandwidth capacity on each base station may be vio-
lated, and the probability of such a violation is Pr(X; >
B(bs;)/(n; - |lwy|)), which can be rewritten as Pr(|X; —
E(X)| > B(bs;)/(n; - |wn|) — E(X;)). Let B(bsyn) denote

the minimum wireless bandwidth capacity on base
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stations, following Chebyshev’s inequality [28], we have
B(bsi) E((X)*) — (B(X.))*

Pr(X; > < 5

Mi - [wl” = (B(bsi)/ (1; - [win]) = 3 e, cuie Pis)

< Zuekel,{é'pkﬂ?(l)Q - (Zuekel,{(‘:pk:i)Q

T (Bsi)/ (0 - [wm]) = X e e Pri)
Zuekeug(ﬁ - 1)

— (_Bbsmin)
(Pk ini*|wm| |Z/{(€|)

< Zuekel/h‘:(i - 1) . <1

S Ton o a9 SMCe P S
Corent — ED”

< (3 oeUmee D5 =1 EP), (5)

1 B(bsmin _ lug 1
assuming that ( fwmf >3 wepeute 1 = % with 0 < § <1,

and the rationale of this assumption is that a base station
can host a single UE; it however may not be able to host
all UEs. Since py; > dynit/(2 - |wn,|), we have

) < Sl 1) _ e\~ 1)
TG DMEP T G- uE?
2-[wm,
el (16)
T G- DUl

Therefore, the probability of violating the wireless band-

i i 1 . (2 ]wm])/(d umf) 1
width capacity on each base station bs; is =T

This probability is very small if many UEs participate in FL.
We then analyze the probability of violating the wired
bandwidth resource capacity on each base station bs;.
The derivation is similar as that in Inequalities (15) and
(16). We only need to replace B(bs;) with B;, which is
omitted for the sake conciseness. We thus conclude that
(@) (i) =1) |y here mndB | 1<i<IBS) 1] -
(1/k— 1) |UE] ‘me‘
Lemma 2. Assuming that |w > |UE|/Y, the computzng
resource capacity of each location Locq e BSucCL may be vio-
Zlug‘ |Vmear‘ /dunit
B vileeeuce))?”

lated with a very low probability of

where WV is a given constant.

Proof. We analyze the probability of violating the computing
resource capacity on each location Loc,. Recall that the total
amount of computing resource assigned to aggregate local
models of UEs depends on the number of UEs that are
assigned to location Loc, and whether service 5,, is placed
to Loc,. Let Y}, be an event that the local model of UE uey, is
assigned to a worker aggregator at Loc,. This event depends
on two sub-events of (1) uey, is assigned to a worker aggrega-
tor A,,,, which is denoted by random variable Y, and (2)
A is placed to Loc,, represented by random variable Y.
We then have the expectation of Y}, , by

E(Yig) = EY" Y =1)
= ZLOC(]EBSUC[, Pmyog * Pkos (17)

considering that events Y’ and Y” are two independent
events.

Let Y, be the number of UEs whose data is sent to Loc,
for aggregation. We have

E(YZZ) - ZuﬁkEZ/{S Y;n,q

Denote by Z,, the event that whether service S,, of FL
request r,, is placed to location Loc,. Its expectation is
E(Zn) = 3 Loc,eBsuce Pm.g- Clearly, if all the worker aggre-
gators and S, are placed to location Loc,, the computing
capacity of Loc, may be violated maximally. Following the
similar derivation in Ineq. (15), the probability of violating
the computing resource capacity on each Loc, is

= ZuekeL{S,LocquSUCL' Pm.oq * Pho-

C
Pr(Yeg+ Zn 2 1)

Yo Wl
Var(Yy,,) + Var(Z,,)

" (o — B(Yig) = B(Z0))°
_ BE((Yig)") = (BE(Yig)* + E((Zn)°) — (B(Zn))*

(yqﬁ,zm\ - Zuek,LOCq Prmog " Pko — ZLOCq pmq)?
Sty Pron DoV = (s Prioa i)’
a (ﬁ = DuepLocy Pmoq * Pho = Xpoc, Pina)’

ZLocq pm,q(1)2 - (ZLocq pm.q)2
(ot = ety P Pho = Y- 0c, Pna)”

2
ZuelmLocq (pm,o,q *Pko — (pm,o,q : pk,o) )

- (% = D ep,Locg Pmiog " Pho — 2o Lo, Pmg)”
ZLOC,, (Pmg — (pm?q)2)
(Vq\czm\ > uep.Locy Pmioq " Pho = 2o Lo, Ping)’
Zuq Locg (m -1
(o — UEL - [V = g L L))
Ytoe i = D) .
(o] = Loy et — JUE U CLI)?

- D vepLoc e — 1)
" (o — el V] - g uec)y?

2 t0e, (g = 1) )
(i — M el 57 ey oo — [UE U CLI)?

dynit

+

1
Zu(k Locy (m B 1)

(V Tum] ‘ug| ‘V' |U’mao.| |u5 U C£|)2
q m
ZLo(q (.Dm q )
(—y o — UV lowarl _ g U eL|)?
|ug| |V||wmarl /dum't
= (UEN) Y — [UEP |V wmas |/ dunir — UE U CL])®
|V| |Z/{g| |wmaz‘|/dunit
(JUE| /¥ — [UEP IV | wimae |/ dunit — [UE U CL])?

since Cy/ (v, lwml) > [UE|/¥ (20)
2|ug‘2 |V| |wma1' |2/dunit
|U5‘2|V| |wma;v|/dunil -

(1)

~(UE| )Y — lueuce)?®

Note that the derivation from Ineq. (18) to (19) is due to
the fact that the minimum non-negative flow goes to
edge (Locy, Loc)') is 1.
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The violation of bandwidth resources at a location
Loc, can be derived similarly; omitted. ]

Theorem 1. The approximation ratio of algorithm ApproAG is
2¢|wp |/ (|wim| — dunir) with probability 1/(e|UE|), where € is
constant with 0 < ¢ < 1.

Proof. Considering that algorithm ApproAG is a random-
ized algorithm, we show that its approximation ratio is «
with high probability. That is, Pr(C > « - OPI"), where C
is the cost by ApproAG and OFT is the optimal solution
to the problem. Let OPI" be the fractional solution of
OPT that splits the flow to route along different routing
paths in the auxiliary graph G'. We then have Pr(C >
a-OPT) < Pr(C > a-OPT") since OPT' < OPT. Due to
the Markov’s inequality,

Pr(C > «OPT) < Pr(C > «OPT') < E(C)/(@OPT"),

where E(C) is the expected cost of algorithm ApproAG.
Algorithm ApproAG consists of two stages: (1) splitting
the trained local model w,, of each UE into % numbers
of data units; and (2) finding a splittable flow in auxiliary
graph G’, and then assigning different splits of each UE
to the selected base station and worker aggregator. These
two stages push-up the costs in comparison with the
optimal fractional solution OPT” of the problem.

For Stage (1), we divide the local model of each UE
into numbers of data units with each having a volume of
dunit- However, the optimal fractional solution OPT’ to
the problem may consider smaller split blocks (smaller
values for d,;), because smaller split blocks can fit into
locations with low costs and small amount of available
resources. We thus have

Pr(C >a-OPT") < E(C)/(« - OPT)
< d’urlit/(2|wrrz|‘ug|)0Hl _ dumt/(2|wm‘ug‘)
o

- a-OPT’ 2

due to the bounds of probabilities p; i, Dm.oq and py, .
This is due to: (1) the local model w,, of each UE is split
into % data units; and (2) the number of data units of
each UE may be split into different paths of the auxiliary
graph. Let OFPT be the optimal solution to the original
problem.

The obtained splittable flow in Stage (2) may be infea-
sible. To make it become feasible, we reallocate the split
flows of each UE to the associated base station, placed
worker aggregators and service S,,. Such reallocation of
the split flows push up the costs of routing the trained
local models of UEs in UE. Denote by C the total cost of
the solution delivered by approximation algorithm
ApproAG. For simplicity, we distinguish such the cost
increase into the following three cases: (i) the cost push-
ups due to moving partial data units of a UE to its associ-
ated base station bs;; (ii) the cost push-ups because of
moving partial data units of a UE to its assigned worker
aggregator in location Loc, and (iii) the push-ups
incurred by moving data units to its assigned service S,
in location Locy.

Case (i). Following the construction of the auxiliary
graph G’, each UE uej, may has its data units being split

into |BS| base stations in the worst case. Let bs; be the
selected base station for ue; by algorithm ApproAG. It is
selected with probability p;. Let C| be the cost incurred
by the splittable flow f. In the worst case, for each uey, its
Wm| _ 1 data units are moved to bs;. Then, Eq. (22) can be

unit

rewritten as

Pr(C > a- OPT') < E(C)/(a - OPT')

< (‘wm‘/dum’t - 1)dum't/(2 . |wm| ) |USDOPT,
- o-OPT"

= (lwmn| = dunit) /(2 - [wi| - UE]) - cx.

(23)

Cases (ii) and Case (iii) can be discussed similarly,
omitted.

Let |wy| > 2 dyir and « = 2€|wy,|/(|wm| — dunit), we
have Pr(C > « - OPT) < 1/(e|U€]). Namely, the approxi-
mation ratio of algorithm ApproaG is ‘“?;L% with prob-
ability ﬁ, where €is a constant with 0 < e < 1. m]

5 AN ONLINE LEARNING ALGORITHM WITH
UNCERTAIN MODEL

In this section we propose an online learning algorithm for
the online worker aggregator placement and UE assignment
problem in an MEC network.

5.1 Basicldea

If the model size is uncertain, a feasible method is to imple-
ment each FL request 7, according to the average model
size. Let u(|wy,|) be the average size of local model of each
UE of request r,,. That is, we modify algorithm Opt FWK by
first calculating the minimum number n™™" of worker aggre-
gators, according to the average value u(|w,,|) instead of the
actual value |wy,|, and then considering each commodity in
ApproAG with a demand of |w,|. However, the actual
model size could be much larger than the average one. This
may lead to a violation on the resource capacity at a location
in the MEC network. To avoid such a resource violation, we
scale-up the average model size of each FL request by a fac-
tor of x, where x is a real value in the range of [1,%]
Specifically, we calculate n™" in Opt FWK by

nmin = max{1, (v, (L + 0 p(lwn DUER]) / (max{Cy | VLoc,}),

(& - (U4 0u(|wn]) - UE,]) /max{B, | VLoc,}}  (24)
Also each commodity of UE ue, of r,,, has a demand of
(1 + %) - u(lwml)/ dunit- (25)

To determine the value of x, we can simply adopt a fix value
for x and perform a one-time optimization. This however
may lead to the case where the actual performance of the
algorithm may deviate far from the optimal one if the actual
model size of each FL request deviates significantly from its
expected one. We thus learn the value of x adaptively as
requests are arriving into the system, by adopting a multi-
armed bandit-based online learning method with a fully
customized zooming algorithm [38].
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5.2 Online Learning Algorithm

We devise an online learning algorithm based on a custom-
ized zooming algorithm, by adjusting the scale up factor x
according to the current mean cost of implementing FL
requests. Specifically, we have infinite choices of x in its
range of [1, [wiaz|/|Wmin|]- Besides, there is not a clear mono-
tonic relationship between x and the mean cost of imple-
menting FL requests. To find an appropriate value for x, we
discretize the range of x into ¢ intervals with an equal length
of len = (|Wmaz|/|Wmin| —1)/¢. Letting ¢ be an integer in
range [1, ¢], we obtain a finite set of candidate values for y,
e, VL={1+(G—1)-len|1<i<¢}.

Given the set VL of candidate values for x, we adaptively
find a proper value for the scale-up factor y in the candidate
value set VL, by considering each value in VL as an arm of
the MAB method.

We design a novel activation and selection scheme to
decide which arms can be activated and selected. Specifi-
cally, we first activate a set of arms in VL, which is referred
to as activated set VL'. The arms in VL' are the representa-
tives of the arms in set VL. We then select an arm from the
activated set VL'. The benefit of such an activation and
selection approach is to group arms with similar costs, and
thereby reducing the arm selection space and enhancing the
efficiency.

Arm Activation: To this end, we keep a set of active arms
for the values in x. Let VL' be the set of active arms. Once a
value in VL is activated, it is put into set VL'. Values of x
with small differences may incur similar implementation
cost of FL request r,,. The activation of such values with
similar costs can reduce the efficiency of the algorithm. We
thus define a confidence radius for each arm v € VL, to active
a value ¢' in VL and not in the confidence radius of v into
candidate value set VL'.

For a value v and an FL request r,,, we use num,(v) to
denote the number of requests before 7, that have chosen v
as their value of x. Let u.(v) be the average cost obtained by
the algorithm in the number num,(v) of selections of v, and
|R| the number of FL requests. The confidence radius is
defined as

radius, = \/2|R|/(numq(v) + 1), (26)

and the confidence ball of v by ball, = {z € VL | |u.(v) —
u.(z)| < radius,}, which is a condition for the Lipschitz
bandits, that is, |, (v) — p.(z)| < radius,.

Ideally, the radii of arms in VL' should cover every value
in VL. Initially, the coverage radius of each arm is large,
since it has not been selected (meaning that num,(v) = 0).
As requests arrive, the confidence ball of each arm is shrink-
ing, leaving some values in V£ uncovered. To ensure all val-
ues in VL covered by the arms in VL', we add those
uncovered values into set VL'

Arm Selection: Having obtained a set of active arms, we
select an arm from VL' on the arrival of each FL request r,.
Ideally, we would like to select an arm that not only achieves
a lower cost but also covers more values in VL. We then select
the arm with the highest value of 1/u.(v) + 2 - radius,, and its
corresponding value is selected for x. The detailed steps of
the proposed algorithm is shown in Algorithm 3.

Algorithm 3. ONLINE

Input: An MEC network G, a set R of FL requests that arrives
one by one without the knowledge of future arrivals
and their model sizes.
Output: Implementation of each arrived FL request.
1: Discretize the range of x into ¢ intervals with a fixed length
of len = (|Wimaz|/|Wmin] — 1)/¢, and let VL be the obtained
finite set of values;
2: VL' — B; /*The set of values that are selected from VL*/
3: Greedily select a number of values in set VL that can cover
all values in VL by their radii, and add them to set VL'
4: for each arrived request r,, € R do
5:  Select a value from set VL' with the highest rank of
1/p.(c) + 2 - radius,;

6:  Invoke algorithm FWK with n,,;, being set following Eq. (24)
and the demand of each commodity set by Eq. (25);

7. Update the number of selections of each value in VL';

8:  if There are values that are not covered by the ones in V'

then
9: Add these uncovered values in V';
10:  endif
11: end for

Theorem 2. Assuming the costs satisfy the Lipschitz condition,

ie, |E(C(rm))— E(C(rm))| <L-|C(rn) — C(rm )|, the
regret of algorithm ONLINE is (% E\UE\ + L+

1)2V2R, where L is a given constant.

Proof. Let H,, be the random process of the model size of
FL request r,,, and its average value is u(|wy,|). Let C,, be
the solution cost delivered by algorithm ONLINE. Denote
by m/' the index of a previously implemented request r,,.
Assuming that FL request r,, is the to-be-implemented
one, the regret ret,, of dynamically adjusting the scale up
factor y after its admission is

ret, = E[C(ry))] — minlingm{cupt(rm/)}. 27

To obtain an upper bound on ret,,, we consider the fol-

lowing three cases: () |wy,| = (1 + x)u(|wn]); Qi) Jwn,| <

(1 + X)/L(‘wm‘); and (iii) |wm| > (1 + X)//L(|wm|)'

Case (i). We implement request r,, by its actual model
size. Let C”'(r,,) and C%(r,,) be the optimal solutions
for request being implemented according to model sizes
of |wy| and (1 + x) - u(|wy,|). Following Theorem 1, we

have
C(Tm) _ C)((rm) < 26(1 + X)/’L(‘me (28)
Cﬂpﬁ(rm) C;‘m(T'm) - (1 + X)M(|wm|) - dum',t

with probability 1/(ei/E]). From Ineq. (28), we have

C(rm) — COpt(rm) 2¢(1 + x)u(|wml)
< —1, (29)
CP (1) 1+ )u(jwn]) = dunit
which means that
2¢(1 + x)u(|wml) ) ot
C T'm -1 COp Tm
( ) ((1 + X) (|U}m‘) - dunit ( )
+ CP (1), (30)
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Assuming that request 7,, has the lowest implementa-
tion cost, the regret for Case (i) is

E(C(rm)) — C™"

2614 0u(wnl) o ) o,
(Tm/) = E(((l + X)/’L(|UJm|) - dunit 1)0 ( m) e ( m))

2¢(1 + x)u(Jwml)
_ (opt ) <
C (Tm ) = ((1 + X)M(|w’"l|) — dum't

1
X Cﬂpt(,rm) 6|Z/[8| + E(C”Ft(rm)) - Com(r'm')'

— 1)
(31

Due to the Lipschitz condition, Ineq. (31) can be rewritten
as

2e(1 + x)p(jwm])
R ()
E (Capt(r771)) - Capt(rm’ )

( 2e(1 + x)u(lwn)
- (1 + X)ﬂ(‘wm‘) — dunit
L-C% (rp) + E(CP (r,))

2¢(1 + x)n(Jwml)

= @ onthun))
+ E(C ().

1
—1)Cort ) ——
- dunit ) (7' ) €|Z/{(€| +

(32)

o 1
— 1)C Pt(’l"m) M+

o 1
BT ) g

- du'ﬂ,it

(33)

In each round of algorithm Online, each activated value
is treated as a representative of the values within its
radius radius,. In the worst case, each value is activated
and the value with the highest cost is selected in a ball of
each arm (value) v may be selected. This means

(33)
( 2¢(1+ )u(|wml)
(1 + X)/’L(‘me - dum‘t

( 26(1 + X)M('me .
(1 + X),LL(|U),,L|) — dunit Elug‘

1
14 L)2V2R—— + 2V3R
e|UE]

+L+1>2\/2R.

IA

IN

(34)

Case (ii), It can be seen that each request is imple-
mented by adopting a larger model size compared
instead of its actual model size. By Theorem 1, we have
C(rpn)/CP (rm) < Cy(ry)/CP (rm). The derivation from
inequalities (28) to (33) thus holds.

Case (iii). We have Cy(r,)/CP (rn) < C(rm)/C
(rm) < 2€|lwp,|/(|wm| — dynit). Following the similar deri-
vation from (28) to (33), we have
rety, < ((2€|wmin|)/((|wmin‘ - dunit) : 6‘1/{5” + L+ 1)2\/TR

In summary, we have a regret of (ﬁjﬁ%%
+L +1)2V3R. O

6 EXPERIMENTS

In this section, we evaluated the performance of the pro-
posed algorithms by both simulations and experiments in a
testbed.

6.1 Parameter Settings

We consider an MEC network generated by tool GT-ITM
[14]. 20% of locations in each network contain cloudlets or
base stations serving as potential locations for worker
aggregators of FL requests. The computing capacity of each

potential location is randomly drawn from [1,000 MHz,
5,000 MHz] [31]. The wireless and wired bandwidth capac-
ity on base stations and cloudlets are drawn from [1 Mpbs,
5 Mbps] and [1 Mpbs, 20 Mbps] [31], respectively. The num-
ber of FL requests varies from 5 to 30. The size of the trained
model parameter of each UE is randomly drawn in the
range of [0.05 MB, 0.5 MB] [29], which is calculated and vali-
dated based on existing neural networks, such as CNN,
ResNet, etc. The cost of transmitting 1IMB of data is drawn
from [0.1, 0.3]units via wireless links, and [0.05, 0.2]units in
wired links. The cost of aggregating one MB of data is with-
drawn from [0.1, 0.3]units [1].

We evaluated the proposed algorithms against the listed
three comparison algorithms:

e The first one is a heuristic algorithm in [35], referred
to as Heu-ANS. It greedily finds a location for each
worker aggregator with the minimum weighted sum
of the communication latency and energy consump-
tion of edge devices.

e The second one is a hierarchical FL framework,
referred to as algorithm CluFL in [44]. Algorithm
CluFL groups UEs into clusters, and each cluster
has a single worker aggregator, using the K-means
method, where the cluster head of each cluster has a
worker aggregator. There is also a master aggregator
that collects and aggregates the model from each
cluster.

e The third one, referred to as GREEDY, consolidates all
worker aggregators into a single location.

6.2 Simulation Results

We first evaluated algorithm OptFWK against its counter-
parts Heu-ANS, C1uFL and GREEDY for the problem of joint
worker aggregator placement and UE assignment problem
with a single FL request in an MEC network, as shown in
Fig. 4.

Fig. 4a depicts the cost curves of implementing an FL
request, by varying the number of UEs from 100 to 500
while fixing the network size at 20. We can see that algo-
rithm OptFWK has the lowest implementation cost among
the four comparison algorithms. The reasons are twofold.
On one hand, OptFWK leverages a binary search process to
find the appropriate number of worker aggregators for each
FL request. On the other hand, it places the worker aggrega-
tors to multiple locations, which results in that the worker
aggregators can be distributed to the locations close to UEs
with high probability. We can also see that the implementa-
tion cost of GREEDY increases with the growth of the num-
ber of UEs. This is due to the fact that the use of more UEs
means aggregating larger volumes of local models from
these UEs. Fig. 4b shows the implementation cost of an FL
request by varying network size from 10 to 100. It can be
seen that the implementation cost fluctuates. Specifically,
the cost increases when the network size grows from 10 to
20, because the communication cost grows with the increase
on the network size. However, the cost decreases afterwards
when the network size varies from 20 to 40. The reason is
that more worker aggregators are placed to the network to
reduce the cost of transmitting local models to worker
aggregators. Then, the cost increases when the network size
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Fig. 4. The performance of algorithms Opt FWK, Heu-ANS, C1uFL, and GREEDY.

keeps growing. The rationale behind is that the worker
aggregators may be placed sparsely in a large network,
thereby pushing up the implementation cost of updating
local models to the master aggregator. Fig. 4c describes the
cost of implementing an FL request by varying |w| from 50
to 500. The costs increase as |w| grows, because a larger
model size normally implies a higher communication cost.
Fig. 4d shows the running times of the comparison algo-
rithms. We can see that algorithm OptFWK has a slightly
longer running time than the rest of the algorithms as the
solution delivered by it has a better quality.

Fig. 5 shows the impact of the number of UEs and the
number of worker aggregators on the solution of algorithm
OptFWK. Fig. 5a depicts the number of worker aggregators
of implementing an FL request, by varying the number of
UEs from 100 to 500 while fixing network size at 20. The
number of worker aggregators increases with the increase
on the number of UEs. The reason is with more UEs, more
worker aggregators are to be distributed in the MEC net-
work to reduce the communication cost of local model
updating from UEs to their assigned worker aggregators. In
addition, there is a significant growth in the number of
worker aggregators when the number of UEs increases
from 300 to 350. This is because that the computing resour-
ces of potential locations are limited, the worker aggregators
may be dispersed in more locations, increasing the total
number of worker aggregators needed. Fig. 5b depicts the
number of worker aggregators of an FL request by varying
network size from 10 to 100. It can be seen that the number
of worker aggregators fluctuates with the growth of net-
work size. The rationale behind is that to reduce the com-
munication cost, the number of worker aggregators is not
needed to change much, as the worker aggregators may be
placed into locations that are close to UEs.

We then studied the performance of algorithms ONLINE
against those of algorithms Heu-ANS, C1uFL, and GREEDY
for the online worker aggregator placement and UE assign-
ment problem with the uncertainty on the size of trained
model. The results are shown in Fig. 6. Note that algorithms
Heu-ANS, C1uFL, and GREEDY are not inherently online in
nature. We thus consider that algorithms Heu-ANS, C1uFL,
and GREEDY performs ‘one-shot’ optimization at each time
slot.

Fig. 6a illustrates the total cost of implementing all FL
requests by varying the number of requests from 5 to 30
while fixing the network size at 20. We can see that the
implementation cost of algorithm Online is the lowest one
among the four comparison algorithms. Besides, the total
cost of implementing all FL requests increases when the
number of arrived requests keeps increasing, since more

requests need more resources to aggregate local models.
Fig. 6b shows the total costs of implementing all requests by
varying the number of UEs of each FL request from 100 to
500. Results show that the total costs of Online, Heu-ANS
and C1luFL fluctuate at much lower levels than that of algo-
rithm GREEDY. The reason is that Online, Heu-ANS and
CluFL place the worker aggregators to multiple locations,
while GREEDY consolidates all worker aggregators into a
single location. Also, the total cost of GREEDY increases as
the number of UEs grows. The rationale behind is that all
the local models of a large number of UEs normally needs
to be aggregated by more worker aggregators. Further, since
GREEDY consolidates all worker aggregators into a single
location, the choices of lower-cost locations become less and
less with the growth of the number of worker aggregators.
Fig. 6¢c depicts the total costs of the algorithms by varying
the network size from 10 to 50. Algorithm Online has the
lowest implementation cost among the three comparison
algorithms. Also, the total costs of the algorithms increase
when the network size increases from 10 to 20, decreases
when the network size varies from 20 to 40, and increases
afterwards. The reason is that as the network size grows,
more worker aggregators are needed to cover UEs, thereby
increasing the processing cost of worker aggregators. How-
ever, as the network size keeps increasing, there is a higher
probability of distributing worker aggregators to the loca-
tions close to UEs, decreasing the communication costs.
From Fig. 6d, it can be seen that the running times of all
algorithms increase with the network size. Although algo-
rithm Online has a higher running time than the other
three algorithms, the obtained cost is the lowest.

Fig. 7 demonstrates the impact of the number of requests
on a scale-up factor yx of algorithm ONLINE. Results show
that the value of x when ¢ = 100 is higher than the value
when ¢ = 1000, when p(|w|) € [50,200]. The reason is that a
lower number of intervals of the range [L, |wWnas|/|Wmin|]
means a larger range of each interval. This indicates that x
has a higher probabilities of selecting a larger value. Similar
trends can be found for other ranges of j(|w|).

We finally dealt with the impact of parameter d,;,;; on the
performance of algorithm OptFWK by varying dy,; from
0.005 to 5 and the number of UEs from 100 to 500.

Fig. 8a describes the cost of implementing an FL request.
For different numbers of UEs, the minimum cost of algo-
rithm OptFWK can be obtained when the value of d,,; is in
the range of [0.01,0.05]. This is because when the value of
dynit is large, the number of flows in the auxiliary graph in
OptFWK is small, the paths in the auxiliary graph cannot be
fully utilized, so the final distribution probability is not opti-
mal. Conversely, when the value of d,; is small, the
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Fig. 6. The performance of algorithms ONLINE, Heu-ANS, C1luFL, and GREEDY for the online worker aggregator placement and UE assignment

problem with model uncertainty.

number of flows in the auxiliary graph is large, and each
flow has a higher probability of being routed via sub-opti-
mal paths in the auxiliary graph. Similar trends can be
found in Fig. 8b, which shows the cost of implementing an
FL request by varying dyi; from 0.005 to 5 while changing
the network size from 10 to 50. It can be discovered that
with different network sizes, the minimum cost of Opt FWK
can be obtained when the value of d,n;: is [0.01,0.05]. In
addition, Fig. 8c describes the cost of implementing an FL
request by varying the d,,; from 0.05 to 5 while changing
the size of local model from 100 to 500. We can find that
with different model sizes, the minimum cost can be
obtained when the value of d,,;; is[0.01, 0.05]. It must be
mentioned that the value setting of d,,;; is also realistic in
real scenarios, as it matches the setting in our test-bed in
Section 6.3. This is also the reason that we set d,,;; in the
range of [0.01, 0.05] in the rest of our experiments.

6.3 Test-Bed Implementations
We designed a new optimization framework for the hierar-
chy FL based on the existing FL framework, and evaluated
the proposed algorithms for image identification and text
recognition applications on real datasets in a real test-bed.
We now describe the hardware and software of our test-bed
for the hierarchy FL in an MEC network in the following.
Hardware: We built a test-bed for the MEC network with
both real hardware devices and virtual network elements as
shown in Fig. 9. The hardware includes physical switches,
edge devices, edge servers, and virtual switches. There are
five Huawei S5720-32C-HI245-AC switches. Netconf and
SNMP protocols are used to manage the physical switches
and the links that interconnect them. The edge devices
include 3 NVIDIA Jetson AGX Xavier, 3 NVIDIA Jetson
TX2, and 3 NVIDIA Jetson Nano. These devices are con-
nected to the MEC network as UEs via WiFi access points.
Each edge server is equipped with an Intel(R) Xeon(R) Gold
5118 CPU and two NVIDIA 2080Ti GPUs. The afore-

mentioned edge servers and physical switches form a physi-
cal underlay, which can be seen as a resource pool with
computing and bandwidth resources. Built upon such a
underlay, we construct a overlay consisting of a number of
virtual switches whose topology corresponds to that of the
MEC network.

Software Framework: We implemented a hierarchical FL
training framework as Fig. 9 shows based on an open source
FL framework, i.e., FedML, which is referred to as Hier-
FedML. The framework includes three modules: (1) an opti-
mizer that implements the proposed algorithms. It accepts
FL requests as inputs to the algorithms, and the algorithms
returns configurations that include the number of UEs, the
datasets for training, the number of worker aggregators,
and the locations of worker aggregators; (2) a controller
which parses the configurations by the algorithms and
transfers the configuration into FL training plans; and (3) a
monitor monitors a hierarchy FL process based on the inter-
face provided by FedML, by providing necessary states of
the current FL processes.

Models and Datasets: Each FL is performed based on data-
sets MNIST [17], FedEMNIST [32], Shakespeare [7] and
HARBox [30] with three different models: 1) Logistic regres-
sion on the MNIST dataset; 2) CNN on the FedEMNIST
dataset; and 3) RNN on the Shakespeare dataset. By default,
we use the FedAvg based on FedEMNIST dataset. The train-
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4+ (=100,1000 p(w) €[50,300]
10{ 4 < =100,1000 p(w) €[50,400]
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Fig. 7. The x’s transformation of algorithms Online.
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Fig. 8. The effect of varying d,,,;; on the algorithm Opt FWK under different conditions.

ing model is the AlexNet architecture of CNN. Data sam-
ples are assigned to each UE uniformly. For all experiments,
the batch size, the learning rate, and the model optimizer
are set to 10, 0.03 and SGD, respectively. The values of
global communication round, the local epoch of each UE

and the group communication round are 10, 5 and 10,
respectively. The default setting of the numbers of UEs and
network size are 200 and 10, respectively.

Real and Virtual UEs: Note that in our experiments the num-
ber of real edge devices is small. To evaluate the performance
of the proposed algorithms when the number of UEs is large,

i hical FL training Soft ; « we use a container running in an edge server as a virtual UE.
|irarc ca’ T aling >othware ramewlo ' Figs. 10, 11 and 12 shows the results with virtual UEs. Figs. 13
Optimizer Controller FL Monitor and 14 illustrate the results with only real edge devices. '
, : Results: We evaluated the performance of Opt FWK in the
RRquest —| Configarser |— H;:Ei:'rcea' customized FedML framework by varying the number of
ecever = UEs from 100 to 500. Figs. 10a and 10b show the accuracy
Algorithm cFoLnLerr];rtfr '\Zf;g ; and loss of CNN on the FeDEMNIST dataset, from which
we can see that the proposed algorithms converge to a high
: o accuracy and low loss within 100 rounds of training for dif-
c ] FedML-API ferent numbers of UEs. Also, the accuracy increases with
onfiguration Model Data X
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Fig. 9. A hierarchical FL training framework based on an open source FL Round

framework, referred to as HierFedML.

Fig. 12. The performance of algorithms Opt FWK in FedML with machine
learning algorithms LR, CNN and RNN based on different real datasets.
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Fig. 11. The performance of algorithms Opt FWK, Heu-ANS, C1uFL, and

Fig. 14. The performance of algorithms Opt FWK, Heu-ANS, C1uFL, and
GREEDY in FedFL framework.

GREEDY in FedFL framework with hardware testbed.
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UEs means the training of more data, and a higher number
of local models will be aggregated in each round, leading to
a higher accuracy.

We then studied the performance of algorithms Opt FWK,
Heu-ANS, C1luFL, and GREEDY in FedFL framework while
fixing the number of UEs at 200 and the network size at 30.
Figs. 11a and 11b show the accuracy and loss of CNN on the
FedEMNIST dataset, from which we can see that GREEDY
has the fastest convergence followed by Opt FWK, Heu-ANS,
and CluFL, since GREEDY has only one aggregator. How-
ever, C1luFL has the slowest convergence, since it groups
UEs into a number of distributed clusters. Also, Opt FWK
can guarantee a relatively faster convergence while obtain-
ing the minimum cost among the four algorithms.

We finally studied the performance of algorithm Opt FWK to
test its applicability to different machine learning algorithms
LR, CNN and RNN, using different real datasets. From Fig. 12,
we can see that LR has a faster convergence speed due to its
simple structure, and RNN has the slowest convergence due to
long delays in transmitting large number of parameters.

We evaluated the performance of Opt FWK by varying the
dynit from 0.005 to 5 while changing the model size from 100
to 500 and fixing the number of UEs at 15. Note that to
obtain the right settings for d,,; we only use real edge devi-
ces. Fig. 13 describes the cost of implementing an FL
request. We can find that with different model sizes, the
minimum cost can be obtained when the value of dy,; is
[0.01, 0.05]. Note that this result is consistent with the simu-
lation results in Fig. 8, and this is the reason that we set d
in the range of [0.01,0.05] in all other experiments.

We finally evaluated the performance of algorithms
OptFWK, Heu-ANS, C1uFL, and GREEDY in FedFL framework
with only physical UEs. Fig. 14a describes that, with the
increase of the sizes of local models, the costs of the four algo-
rithms increase accordingly. At the same time, the cost of
OptFWK is the smallest compared to other algorithms, which
echoes the results of our simulation experiments and shows
that OptFWK can also guarantee the smallest cost in the actual
environment. Fig. 14b shows the accuracy and the convergence
speed of the algorithms, by fixing the size of local model as 300
of each FL request. We can see that the convergence speed of
GREEDY is the fastest, Opt FWK and Heu-ANS are moderate,
and C1uFL is the slowest. Since there are a limited number of
physical edge devices, the performance gap is not large.

7 CONCLUSION

In this paper, we investigated the problem of joint worker
aggregator placement and UE assignment in an MEC network
for different FL requests with model uncertainty. We first pro-
posed an optimization framework and an approximation algo-
rithm with an approximation ratio for a single FL request
admission. We then studied the problem of online worker
aggregator placements and UE assignments when a sequence
of FL requests arrives one by one without the knowledge of
future arrivals, assuming that the size of local model from each
UE is uncertain, for which we proposed an online learning
algorithm with a bounded accumulative regret, via leveraging
the multi-armed bandits technique. We finally evaluated the
performance of the proposed algorithms by simulations, and
simulation results show that the performance of the proposed

algorithms are promising. We also implemented a hierarchical
FL training framework HierFedML, and experiments based on
real datasets in HierFedML demonstrate that the performance
of the proposed algorithms indeed are promising.
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