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Abstract—Federated continual learning (FCL) is emerging as a
key technology for time-sensitive applications in highly adaptive
environments including autonomous driving and industrial digital
twin. Each FCL trains machine learning models using newly-
generated datasets as soon as possible, to obtain a highly accurate
machine learning model for new event predictions. The age
of data, defined as the time difference between the generation
time of a dataset and the current time, is widely adopted as a
key criterion to evaluate both timeline and quality of training.
In this paper, we study the problem of age-aware FCL in a
mobile edge computing (MEC) network. We not only investigate
optimization techniques that optimize the data selection and
aggregator placement for FCL but also implement a real system
as a prototype for age-aware FCL. Specifically, we first propose
an approximation algorithm with a provable approximation
ratio for the age-aware data selection and aggregator placement
problem for FCL with a single request. In real application
scenarios, there are usually multiple FCL requests that require
to train models, and delays in the MEC network are usually
uncertain. We then study the problem of age-aware data selection
and aggregator placement problem for FCL with uncertain delays
and multiple requests, by devising an online learning algorithm
with a bounded regret based on contextual bandits. We finally
implement a prototype for FCL in an MEC network, with various
heterogeneous user equipments (UEs) and cloudlets with different
computing capabilities in the network. Experiment results show
that the performance of the proposed algorithms outperform
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existing studies, by achieving 47% lower age of data and 12%
higher model accuracy.

Index Terms—Mobile edge computing, federated continual
learning, data selection and aggregator placement, approximation
and online algorithms.

I. INTRODUCTION

FEDERATED learning is emerging as the key technique of
distributed machine learning to unveil valuable informa-

tion hidden in various user equipments (UEs), without violating
the privacy requirements of users. It enables UEs to collabora-
tively learn a shared machine learning model while keeping all
the training data on UE, decoupling the ability to do machine
learning from the need to store the data in a central location.
Meanwhile, mobile edge computing (MEC) is envisioned as a
fundamental enabler for machine learning in close locations of
UEs. In particular, each federated learning admits a set of UEs
to train their datasets locally, and its aggregators aggregate the
trained parameters of each UE to obtain a global machine learn-
ing model [2], [40]. Such model aggregation by aggregators
can be done timely within the proximity of UEs, by deploying
neural network accelerators or GPUs in edge locations of MEC.

A. Motivation

A strong trend of the joint fields of federated learning and
MEC is federated continual learning (FCL), which provides
real-time guarantee for time-sensitive AI applications [44]. That
is, given a newly-changed environment of an MEC network,
how to adaptively train an accurate machine learning model
and use the model for inference in the new environment. For
example, FCL is being deployed for the driver assistance in
multiple autonomous vehicles, such as the perception and un-
derstanding of the world around the vehicle, which chiefly
involves the use of camera- and LiDAR-based systems to detect
and classify objects. As the vehicles move to a new location,
the current machine learning model needs to be updated online
and used for inference in no time. Another example is the digital
twin applications in industrial applications, where each digital
twin is defined as a real time synchronization of the physical
object. The datasets synchronized from a physical object to its
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digital twin need to be trained timely and used for inference
immediately when a new status of the physical object is present.

In this paper, we aim to enable timely FCL in an MEC
network, by timely training the newly-generated datasets when
the current model is no longer suitable for the new environment.
The age of data (AoD) is emerging as a key criterion to measure
the timeliness of such AI applications, with the aim of guaran-
teeing the most fresh datasets are trained timely. Specifically,
the age of data is defined as the difference between the current
time and the generation time of the dataset. The age of data
is particularly important in FCL. In particular, given a newly-
changed environment of an MEC network, the newly-generated
datasets are valuable to enable the fast converge of machine
learning model in the previous environment. Therefore, in
this paper, we aim to enable efficient age-aware FCL in an
MEC network.

B. Challenges and Novelty

Enabling age-aware FCL in the MEC network poses signif-
icant challenges. First, there are multiple user requests with
each requiring to train a machine learning model. Implementing
each FCL request in the MEC network thus involves dataset
selection and the placement of aggregators. However, the MEC
network is fully dynamic and heterogeneous with UEs, base
stations, and cloudlets having various capacities of computing
resource. Therefore, how to select datasets of which UEs, and
how to place the aggregators of FCL requests in the MEC
network are challenging. Second, minimizing the total AoD
in the FCL request requires complex tuning of various delays,
such as local training delays, trained parameter transmission
delays, and parameter aggregation delays. For example, a UE
may not have enough computing resource to train its most
fresh yet large datasets. Further, the datasets generated may
be postponed for training if the transmission path from UEs
to aggregators of FCL is congested. Third, the delays of local
training, transmission, and parameter aggregation are usually
uncertain in dynamic MEC environments. Particularly, UEs
usually have their main functionalities and local training may
be done opportunistically when they have idle computing re-
sources. Since the resource availabilities of UEs are uncertain,
the local training delays are uncertain as well. Besides, the
resources of the MEC network are fully dynamic, since there
are multiple FCL requests under implementation in it. Different
FCL requests can have influence on each other, thereby leading
to uncertain network delays.

To the best of our knowledge, we are the first to investigate
the age-aware data selection and aggregator placement prob-
lems for FCL in an MEC network, by designing approximation
and online learning algorithms for them. Although there are
studies on federated learning in MEC networks, most of them
ignored the AoD and uncertain delays and did not consider the
implementation of multiple FCL requests [20], [32], [33], [39],
[40], [42].

The main contributions of this paper are listed as follows.
• We formulate the age-aware data selection and aggregator

placement problems for FCL in an MEC network, with

the aim to minimize the total age of the analyzed datasets
required by FCL requests.

• For the problem with a single FCL request, we devise
an exact solution and an approximation algorithm with a
provable approximation ratio.

• For the problem with multiple FCL requests and uncertain
delays, we propose an online learning algorithm with a
bounded regret, by adopting a novel contextual bandit
learning technique.

• To evaluate the performance of the proposed algorithms,
we implement a real test bed with a number of real edge
devices, switches, and physical servers. Experimental re-
sults indicate that the proposed algorithms outperform
existing ones.

The rest of the paper is arranged as follows. Section II sum-
marizes the state-of-the-arts on this topic. Section III introduces
the system mode and problem formulation. Section IV pro-
poses exact and approximate solutions to the age-aware data
selection and aggregator placement problem for FCL with a
single request. Section V describes the online learning algo-
rithm for the problem with multiple FCL requests and uncer-
tain delays. Section VI implements a real testbed for FCL in
MEC networks and provides some experimental results on the
performance of the proposed algorithms in the testbed. Section
VII concludes this paper and gives the future work related to
the paper.

II. RELATED WORK

Studies on improving the efficiency of federated learning
in MEC networks usually focus on improving the conver-
gence speed of federated learning by motivating edge users
participating the learning, and optimizing the delays of each
round of federated learning in the MEC network. To the best
of our knowledge, we are not aware of studies that focus
on data selection and aggregator placement for continual fed-
erated learning in an MEC network, with the aim of mini-
mizing the AoD. Specific differences are summarized in the
following subsections.

A. Convergence Optimization

Improving the convergence speed of federated learning is a
major research direction in optimizing the efficiency of feder-
ated learning in MEC networks [8], [9], [14], [17], [21], [22],
[29], [30], [36], [38]. Most of them are not suitable for time-
sensitive applications in MEC networks as they do not optimize
the delays of training and transmitting data in each federated
learning process. For example, Duan et al. [8] designed a self-
balancing federated learning framework to solve the accuracy
degradation caused by imbalanced distributed training datasets
in the federated learning process. He et al. [9] designed au-
tomating federated learning to improve model accuracy and
reduce the manual design effort. Mills et al. [21] aimed to
reduce the convergence speed of FedAvg by reducing conver-
gence time via compressing the trained parameters that needed
to be transmitted. Prakash et al. [29] mitigated stragglers by
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injecting structured coding redundancy into federated learn-
ing. Ren et al. [30] designed a scheduling policy for unbi-
ased gradient aggregation in federated learning. Wu et al. [38]
proposed a multi-layer federated learning protocol to adopt
two-level (the edge and cloud levels) aggregation of trained
parameters with different aggregation strategies. Wang et al.
[36] proposed a control resource algorithm that determines the
best trade-off between local update and global parameter aggre-
gation to minimize the loss function under the resource-limited
MEC network.

B. Efficient Incentive Mechanisms

Another direction of optimizing the accuracy of FCL in
MEC networks is to devise incentive strategies to motivate
UEs with high quality training parameters to contribute in the
federated learning [3], [6], [15], [24], [25], [28], [35], [45].
Most of such studies however did not consider the impact
of data selection and aggregator placement on the accuracy
of FCL.

For example, Ding et al. [6] proposed a mechanism to mo-
tivate UEs to participate in federated learning, by considering
the training cost and communication delay of UEs. Mohammed
et al. [24] investigated the problem of promoting the accuracy
of federated learning by selecting the best candidate clients.
Nguyen et al. [25] proposed a fast-convergent algorithm that
performs intelligent sampling of UEs in each round of model
training. Pandey et al. [28] proposed a novel crowdsourcing
framework to establish an incentive mechanism to motivate
users participating in the federated learning, so that the commu-
nication efficiency during parameters exchanges is improved.
Wang et al. [35] selected UEs to counterbalance the bias intro-
duced by non-IID data.

C. Delay Optimization

Although the communication delay is a vital part of AoD,
existing studies on optimizing communication delay for feder-
ated learning cannot be directly applied to FCL in MEC [20],
[32], [33], [39], [41], [42]. The reason is that most of them
largely ignored the age of local datasets and complex interplays
between different delays.

For instance, Luo et al. [20] proposed a novel hierarchical
federated edge learning framework by focusing on the joint
allocation of computation and communication resources with
an aim to minimize global cost. Shi et al. [32] devised algo-
rithms for task scheduling and resource allocation to maximize
the model accuracy within a given total training time budget
for delay-constrained federated learning. Tran et al. [33] ex-
plored the trade-offs between computation and communication
latencies to accelerate the federated learning in MEC networks.
Xia et al. [39] designed a multi-armed bandit-based framework
for online client scheduling to minimize the training latency
in federated learning without knowing wireless channel state
information and statistical characteristics of clients. Yang et al.
[42] studied the problem of scheduling requests in a wireless
cellular environment, by considering the inter-cell interference
in the network.

D. Age Optimization

Although Age of Information (AoI) is a critical metric
in evaluating real-time communication systems, current re-
searches on AoI may not be applied to optimize FCL in MEC
directly [1], [10], [19], [34]. This is primarily because these
works often overlook the age of data that is fundamentally
different with AoI. Specifically, the AoI mainly considers the
freshness of data packets. The primary goal of studies on age of
information is to minimize the time difference between the gen-
eration and consumption of a data packet. In our study, simply
considering AoI may not work for federated continual learning,
because the performance of learning depends on which datasets
are used for training instead of which packets. Specifically,
datasets may consist of many data packets, and the optimization
of age of packets of a dataset may not lead to a minimum age
for the dataset.

For example, Asheralieva and Niyato [1] investigated the
problem of payoff maximization of Internet of Everything ap-
plications in an MEC network, by jointly optimizing the AoI,
security, and resilience to maximize the expected long-term
system payoff. Liu et al. [19] considered the promoting the
timeliness of tasks and data delivery in an MEC network with
both sensors and edge servers, by considering the age that
consists of energy harvesting duration, waiting and service de-
lays in edge servers. He et al. [10] investigated the problem
of AoI minimization for time sensitive applications such as
real-time monitoring in an MEC environment, by proposing a
Reinforcement Learning algorithm for the problem. Wang et al.
[34] designed a federated multi-agent reinforcement learning
algorithm to minimize the average AoI while maximizing the
number of tasks that can be executed by edge nodes, subject to
resource capacities in a dynamically-changing MEC network.

III. PRELIMINARY

In this section, we first introduce the system model and
notations. We then define the problems precisely.

A. System Model

We consider an MEC network G= (BS ∪ CL, E) consisting
of a set BS of base stations and a set CL of cloudlets, which are
deployed in locations within the proximity of UEs. As shown
in Fig. 1, a set of base stations provide wireless connections
with nearby UEs and computing resources to accelerate AI
applications by attaching neural network accelerators, such as
Intel Neural Stick 2 [13]. Let bsi be a base station in BS .
Cloudlets in CL are usually located in the backhaul of the MEC.
Each cloudlet, denoted by clj , contains several servers with
computing resources that can be leveraged by FCL to perform
parameter aggregation.

Each UE in the MEC network continuously generates
datasets over time. To timely train such datasets while guar-
anteeing the privacy requirements of UEs, an FCL request is
issued to train the datasets of each UE locally and the locally
trained parameters are sent to the MEC network for aggregation
via nearby base stations. Let uek be a UE with 1≤ k ≤K. Con-
sidering that the trained parameters of UEs can be aggregated in
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Fig. 1. An example of the MEC network. The federated learning framework
involves the coordination among UEs, aggregators, and master aggregators.
Specifically, each UE first performs local training (step 1), and then transmits
the trained parameters to its aggregators or master aggregators via wireless
and wired transmissions (step 2,3 and 5). On receiving the trained parameters
from UEs, the aggregators and master aggregators aggregate the parameters
to obtain a global model (step 4 and 6).

either a base station or a cloudlet, we consider a cloudlet clj or a
base station bsi as a potential location Locq (∈ {BS ∪ CL}) for
parameter aggregation. The aggregation of trained parameters
can be performed in containers of potential locations. However,
the computing and bandwidth resources of each potential loca-
tion are capacitated, and denoted by Cq and Bq the computing
and bandwidth capacities of Locq , respectively. An example of
the MEC network for FCL is shown in Fig. 1.

B. Age of Data

Each UE uek has a collection of datasets that are generated
in different time slots, and let DSk be such a collection of
UE uek. Each dataset dsk,t ∈ DSk is generated at time slot t.
Considering that each UE usually has limited storage capacity,
not all historical datasets can be stored. We thus assume that
each UE uek maintains a fixed volume of data generated in the
past. However, the size of a dataset of each UE may change at
different times. For example, given a UE that monitors tem-
perature and humidity in a greenhouse, its generated dataset
may be much larger and more variable during daytime. On the
other hand, the dataset could be smaller and less variable, during
nighttime. This means that both the number and age of datasets
that each UE maintains may be different in different time slots.

The staleness of a dataset has a significant negative impact on
the accuracy of its machine learning model [18], [31], [41]. For
example, in a camera network for intelligent surveillance, the
dataset of a new moving object (a vehicle or a person) captured
by a camera needs to be trained timely. Otherwise, the object
may not be recognized correctly in other cameras. The reason
behind this is that the newly generated dataset is typically more
relevant to the event prediction in the future. Thus, the generated
datasets of each UE need to be trained as soon as possible,

such that the most timely training parameters are aggregated
to obtain a global machine learning model.

We thus consider the age of data (AoD) as a fundamental
criterion to indicate the timeliness of training. The AoD is
defined as the elapsed time between the current time slot τ
and the time when the dataset is generated, then the age of
data dsk,t is

τ − tk,t, (1)

where tk,t is the time point when dsk,t is generated.

C. Federated Continual Learning in MEC

An FCL request to train a machine learning model based
on the datasets of UEs. Implementing an FCL request requires
multiple rounds of local training on datasets distributed in UEs
and aggregation in locations of the MEC network. Following
the hierarchy aggregation framework in [2], [40], we assume
that a service coordinates the aggregations of each FCL request.
Let Sm and rm be the service and an FCL request. As shown in
Fig. 1, in each round of the learning, each participating UE uek
trains its data locally to obtain a local model for FCL request
rm. Also, service Sm uses a set of aggregators that are located
in different locations to collect their local models from UEs.
Without loss of generality, we assume that one of the major
functionalities of each service Sm is to aggregate the parameters
received from its aggregators, serving as a master aggregator.
Therefore, service Sm finally aggregates the parameters from
all aggregators to obtain the global model of the current round.
Service Sm assigns the current global model to participating
UEs for the training of the next round. Note that in each round
of training, FCL has the same parallelism as that of federated
learning. Specifically, each UE performs computations (local
training) in parallel. After the training of their local models,
UEs send their trained model to aggregators for aggregation in
parallel. The FCL also considers data parallelism by continu-
ally training data that is generated dynamically. In particular,
datasets with different generation times in each UE are fully
utilized to train the fresh data by jointly considering the com-
puting and communication capabilities of UEs.

Each UE uek consumes computing resource to train its
dataset dsk,t, which is proportional to the volume of dsk,t.
Thus, the amount of computing resource required by UE uek
to train dataset dsk,t in each round is

αk · |dsk,t|, (2)

where αk is the amount of computing resource that is used
to process a unit amount of data. Let Ck be the capacity of
computing resource that each UE uek uses to train a unit amount
of data, then,

αk · |dsk,t| ≤ Ck. (3)

To fully utilize the heterogeneous UE capabilities, different
neural networks with different width of hidden channels are
used to perform local training in UEs [5]. As such, the sizes of
the obtained trained parameters of UEs are different. Let wl

m,k

be the trained parameters by uek with the lth hidden channel
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size, where l = 1 represents that the local model has the same
size as the global model and 1≤ l ≤ L, and |wm,k| the volume
of the trained parameters.

Aggregators are deployed close to the UEs such that the
transmission cost of trained parameters is minimized. Let Am,o

denote the oth aggregator of service Sm. Note that each FCL
request rm may not need to require the participation of all UEs
to obtain a global model. Besides, a UE may not be able to
transmit its trained parameters if its network delay is large at
the current time. Therefore, we let UEm,o be the set of UEs
whose trained parameters will be aggregated by the aggregator
Am,o of FCL request rm. The computing resource consumed by
aggregator Am,o due to aggregation of the trained parameters
from the UEs UEm,o is

∑
ue∈UEm,o

|wl
m,k| · βq, (4)

where βq is the amount of computing resource assigned to
aggregate a unit amount of data in location Locq ∈ CL ∪ BS .

D. Delay Model

The delay incurred during each round of an FCL is due
to local training in UEs, transmitting and aggregating trained
parameters. Let γk be the time that uek takes in training a unit
amount of data. If dsk,t is selected to train the model in uek,
the time spent in training dsk,t is

|dsk,t| · γk. (5)

The trained parameters of each UE uek are transmitted to its
registered base station first, and then from the base station to
its assigned aggregator that is located in a location of the MEC
network. As such, both wireless and wired transmission delays
are incurred. First, let dwls

m,k be the wireless transmission delay of
transmitting trained parameters wl

m,k from uek to its registered
base station, then,

dwls
m,k =

|wl
m,k|

rwls
k

, (6)

where rwls
k is the achievable wireless transmission rate of link

between uek and its base station that can be obtained following
studies in [4], [11]. Second, assuming that UE uek is registered
to an aggregator Am,o that is placed to location Locq , the
delay of updating its trained parameters from its base station
to Am,o of service Sm is δk,q · |wl

m,k|, where δk,q is the delay
of transferring a unit amount of data from the base station of
uek to location Locq .

Model aggregation by Am,o in Locq incurs a delay of

ξq · |wl
m,k|+ ξm · |wm|, (7)

where ξq and ξm are the delays of aggregating a unit amount
of data in location Locq and service Sm, and wm denotes the
aggregated parameters.

After aggregation, each aggregator sends its aggregated pa-
rameters to service Sm for final aggregation. If Am,o is placed
to Locq , the delay of updating wm from Am,o to service Sm

can be calculated by

δq,m · |wm|, (8)

where δq,m is the delay of transferring a unit amount of data
from location Locq to the location of service Sm.

Each round of FCL has a fixed length of time [2], [43]. Let Tr

be the time length of each round. The total delay experienced
by each UE in a round has to be smaller than Tr; otherwise, its
trained parameters will not be aggregated.

E. Problem Formulation

Given an MEC network G= (BS ∪ CL, E) with a set BS
of base stations, a set CL of cloudlets, and a set UE of UEs,
each UE continuously generate datasets for training in a finite
time horizon. There are multiple FCL requests that are issued
to train the generated datasets to obtain global model. It is very
important to select the proper datasets of each UE for each FCL
request. Our metric is to find the datasets with the minimum age.
The rationale behind is that the fresh dataset may have valuable
information that contribute a high quality global model. For
instance, in a real-time traffic monitoring scenario, utilizing the
most recent traffic data for model training is crucial, because
the most recent data indicates the real-time road conditions and
traffic flows and enables the model to generate more accurate
and timely predictions on upcoming traffic patterns or potential
congestions. Specifically, we focus on improving the efficiency
of the learning process of each FCL request, by adopting the
age of data as a key metric to guide the implementation of
each FCL request. To this end, we formulate the following
optimization problems.

Problem 1: the age-aware data selection and aggregator
placement problem for FCL in an MEC network with a single
request is to jointly place a number of aggregators for FCL
request rm, assign each UE to a placed aggregator, and select a
dataset of each UE for local training, with an aim to minimize
the age of all trained datasets, subject to the resource capacities
on base stations, cloudlets and the delay requirement of training
the selected dataset of each UE.

Problem 2: given a set R of FCL requests and uncertain
delays, the age-aware data selection and aggregator placement
problem for FCL in an MEC network with multiple requests
and delay uncertainty is to implement a subset of requests in
R, by jointly placing a number of aggregators of each FCL
request rm, assigning each UE to a placed aggregator, and select
a dataset of each UE for local training, with an aim to minimize
the age of all trained datasets of FCL requests, subject to the
resource capacities on base stations and cloudlets and the delay
requirement of training the selected dataset of each UE.

The relationship between Problem 1 and Problem 2 is in the
following: (1) Problem 1 deals with a single FCL request with
a focus on selecting the right datasets, while Problem 2 deals
with multiple FCL requests, and both problems are complement
with each other, (2) Problem 2 considers a more complicated
scenario based on Problem 1 by incorporating the delay un-
certainty. As such, the solution to Problem 1 forms a base for
that of Problem 2.

Note that the optimization problems focus on optimizing
the efficiency of FCL in an MEC network, given the limited
resources in the MEC network. On the other hand, promoting

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on February 09,2024 at 05:58:06 UTC from IEEE Xplore.  Restrictions apply. 



XU et al.: AGE-AWARE DATA SELECTION AND AGGREGATOR PLACEMENT FOR TIMELY FCL IN MEC 471

TABLE I
SYMBOLS

Symbols Meaning
G= (BS ∪ CL, E) an MEC network with a set BS of base stations, a set CL of cloudlets and a set E of links.
bsi, clj a base station in BS and a cloudlet in CL.
uek , K a UE and the number of UEs, where 1≤ k ≤K.
Locq (∈ {BS ∪ CL}) a potential location to aggregate the trained parameters of UEs.
Cq , Bq the capacities of computing and bandwidth resources of each potential location Locq .
DSk , dsk,t the collection of datasets generated by UE uek and the dataset generated by uek in time slot t.
|dsk,t|, tk,t the volume of dataset dsk,t, and the generation time slot of dataset dsk,t.
rm, R, Sm an FCL request, a set R of FCL requests, and the service that coordinates the parameter aggregations of each request.
αk the amount of computing resource that is used to process a unit amount of data by each UE uek .
Ck the capacity of computing resource that each UE uek uses to train a unit amount of data.
wl

m,k , wl
m,k the trained parameters by uek with the lth hidden channel size, where l = 1 represents that the local model has the same

size as the global model and 1≤ l≤ L, and its volume (size).
Am,o the task of the oth aggregator of service Sm.
UEm,o the set of UEs whose trained parameters will be aggregated by the aggregator Am,o of FCL request rm.
βq the amount of computing resource assigned to aggregate a unit amount of data in location Locq ∈ CL ∪ BS.
γk the time that uek takes in training a unit amount of data.
dwls
m,k the wireless transmission delay of transmitting trained parameters wl

m,k from uek to its registered base station.
rwls
k the achievable wireless transmission rate of link between uek and its base station.
δk,q the delay of transferring a unit amount of data from the base station of uek to location Locq .
ξq , ξm the delays of aggregating a unit amount of data in location Locq and service Sm, respectively.
wm, |wm| the aggregated parameters by service Sm, and its size.
Tr the time length of each round of an FCL.
xk,t,q an indicator variable to show whether dataset dsk,t is selected for local training in uek and assigned to location Locq to

aggregate the trained parameters.
ym,q a binary indicator variable that shows whether there is an aggregator in location Locq for FCL request rm.
x∗, y∗ the optimal fractional solution to the LP.
x′
k,t,q the filtered value of x∗

k,t,q .
DSmax, σ maxk{|DSk|} and a positive value with σ > 1.
η 1/(σ ·DSmax).
X , X ′ the sets of optimal fractional values (i.e., x∗

k,t,q) that are smaller and no smaller than η.
Yk,t, Yk,t,q the event that represents the amount of dataset that is selected for local training in uek , and the amount of data whose trained

parameters are sent to location Locq for aggregation.
Pr[·], ε the probability of an event, and a constant with ε > 0.
θ, Θ, |Θ| a context available in the system, the set of contexts, and the number of contexts.
Δ and Ξ a vector of the data updating delays (δk,q and δq,m) and a vector of the data aggregation delays (ξq and ξm).
pθ,m the recommendation probability of FCL request rm under context θ ∈Θ.
wτ,θ,m a weight of each context θ on FCL request rm at each time slot τ .
pm the probability of selecting FCL request rm to adjust dataset selection and aggregator placement.
φτ,θ,m the penalty of context θ is the total age of FCL request rm if rm is selected by context θ.
ε a constant in the range of [0, 1).

the accuracy of FCL is out of the scope of this paper, since
the accuracy mainly depends on specific neural network models
used to implement the FCL requests. Note that the proposed
algorithms in this paper are general enough to be applied to
FCL for various neural networks.

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

IV. SOLUTIONS TO THE AGE-AWARE DATA SELECTION AND

AGGREGATOR PLACEMENT PROBLEM FOR FCL IN AN MEC
NETWORK WITH A SINGLE REQUEST

We study the age-aware data selection and aggregator
placement problem for FCL in an MEC network with
a single request, by proposing an exact solution and an
approximation algorithm.

A. An Exact Solution

Recall that the dataset dsk,t ∈ DSk is generated at time slot
t by UE uek and τ − tk,t is the age of it. To obtain high quality
training, for current time slot τ , we may use the most fresh

dataset for local training in uek, to obtain the minimum age.
However, the current available resource in uek may not be
enough. Therefore, we need to strategically select datasets for
local training in each uek and place aggregators of each FCL re-
quest, to efficiently obtain high quality training. Let xk,t,q be an
indicator variable to show whether dataset dsk,t is selected for
local training in uek and assigned to location Locq to aggregate
the trained parameters, where max{1, τ − |DSk|} ≤ t≤ τ . Let
ym,q be a binary indicator variable that shows whether there
is an aggregator in location Locq for FCL request rm. The
objective is to minimize the total age of locally trained datasets
in time slot τ , i.e.,

ILP: min
∑

uek∈UE;dsk,t∈DSk

∑

Locq∈{BS∪CL}
xk,t,q(τ − tk,t),

(9)

subject to

|BS∪CL|∑

q=1

τ−|DSk|∑

t=1

xk,t,q = 1 ∀ uek ∈ UE (10)
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∑

Locq∈BS∪CL

ym,q = 1 (11)

xk,t,q ≤ ym,q ∀Locq ∈ CL ∪ BS (12)
|BS∪CL|∑

q=1

τ−|DSk|∑

t=1

xk,t,q · αk · |dsk,t| ≤ Ck, ∀uek ∈ UE (13)

∑

uek∈UE

τ−|DSk|∑

t=1

xk,t,q · |wl
m,k| · βq ≤ Cq, ∀Locq (14)

|BS∪CL|∑

q=1

τ−|DSk|∑

t=1

(
xk,t,q · |dsk,t| · γk

)
+ dwls

m,k

+

|BS∪CL|∑

q=1

(
xk,t,q(δk,q|wl

m,k|+ δq,m|wm|

+ ξq|wl
m,k|)

)
+ ξm|wm| ≤ Tr, ∀ uek ∈ UE (15)

xk,t,q, ym,q ∈ {0, 1} (16)

Constraint (10) guarantees that each UE uek chooses one of its
datasets in DSk and the trained parameters can only be sent
to a single location for aggregation. Constraint (11) ensures
that there is maximally a single aggregator in location Locq for
request rm. Constraint (12) guarantees that if a UE is assigned
to Locq for aggregation, an aggregator has to be placed into
Locq. Constraints (13) and (14) indicate that the computing
capacities of uek and an aggregator Am,o cannot be exceeded
by the total resource demand of the requests assigned to them,
respectively. Constraint (15) indicates that each request rm
should be processed during the given time Tr, such that its
local model can be updated for aggregation timely. Meanwhile,
Constraint (16) imposes an integral constraint on the variables
xk,t,q and ym,q.

B. An Approximation Algorithm

Since the exact solution may not be scalable for large prob-
lem size, we here instead propose an efficient approximation
algorithm by adopting a novel randomized rounding technique
that carefully controls the quality of the obtained solution. To
this end, we relax the ILP into an Linear Program (LP), and
obtain a fractional solution to the LP. We carefully adjust the
rounding procedure to minimize the gap of the rounded solution
(integral solution) from the optimal one.

We first relax constraint (16) of ILP to

0≤ xk,t,q, ym,q ≤ 1. (17)

Let LP be the obtained relaxed version of ILP. We can then
obtain a fractional solution to the LP in polynomial time. Let
x∗ and y∗ be the optimal fractional solution to the LP. The
fractional solution means that each aggregator may be ‘split’
into multiple locations and a dataset may be partially selected
and assigned to a location. This however is not feasible to the
age-aware data selection and aggregator placement problem for
FCL in an MEC network with a single request. We thus round
the fractional solution to an integral solution.

Algorithm 1 ApproS
Input: An MEC network G= (BS ∪ CL, E), a number of UEs, and an FCL

request rm.
Output: The age of implementing FCL request rm.
1: Relax Constraint (16) of ILP into Constraint (17) and obtain an LP;
2: Obtain a fraction solution x∗ and y∗ by solving the LP;
3: Filter x∗ to x′ according to Eq. (18) and Eq. (20);
4: for each UE do
5: Select the dataset dsk,t and assign its trained parameters to location

Locq with probability x′
k,t,q/σ;

6: if dsk,t is selected and its trained parameters are sent to Locq then
7: Place an aggregator in Locq and let ym,q = 1;

To obtain a high quality integral solution in the randomized
rounding, we filter out some small fraction values in the solu-
tion. The rationale behind is that a small fraction solution means
a small probability to select and assign a dataset of each UE,
thereby having the least contribution to minimize the age of
trained datasets. As a result, we filter out such fractional solu-
tions and amortize the filtered probabilities to the rest fractional
solutions. Specifically, we first filter out the value of each x∗

k,t,q.
Let x′

k,t,q be the filtered value of x∗
k,t,q, we then have

x′
k,t,q = 0, if x∗

k,t,q < η; (18)

otherwise, we amortize the filtered values of each x∗
k,t,q to the

variables that are no smaller than η. Specifically,

η = 1/(σ ·DSmax), (19)

where DSmax =maxk{|DSk|} and σ is a positive value with
σ > 1. For clarity, we use X and X ′ to denote the set of optimal
fractional values (i.e., x∗

k,t,q) that are smaller and no smaller
than η, respectively. If x∗

k,t,q ∈ X ′, we set it to

x′
k,t,q =

x∗
k,t,q ·

∑
x∗
k′,t′,q′∈X x∗

k′,t′,q′

∑
x∗
k′,t′,q′∈X ′ x∗

k′,t′,q′
+ x∗

k,t,q. (20)

Given the filtered fractional solution x′, we have each fractional
value x′

k,t,q greater than η and the filtered value of all x∗
k,t,q

(smaller than η) is amortized to x′. We then select the dataset
dsk,t of UE uek and assign its trained parameters to location
Locq with probability x′

k,t,q/σ. If dsk,t is selected and its
trained parameters are sent to Locq , we place an aggregator
in Locq , i.e. ym,q = 1. The detailed steps of the algorithm are
described in Algorithm 1, which is referred to as ApproS.

C. Algorithm Analysis

We first show that the obtained fractional solution x′ by
ApproS can be used to obtain a feasible randomized solution.

Lemma 1: Showing that x′ is a feasible probability is to show
that each variable x′

k,t,q ≤ 1.
Proof: According to the filtering and rounding procedure

of Algorithm ApproS, we consider the following cases: (1)
x∗
k,t,q < η, i.e., x∗

k,t,q ∈ X ; and (2) x∗
k,t,q ≥ η, i.e., x∗

k,t,q ∈ X ′.
For each variable x∗

k,t,q < η, we have x′
k,t,q = 0. In the follow-

ing, we thus prove case (2). The sum of all the optimal fractional
values of each uek and its dataset dsk,t is 1, since only one
dataset of a UE can be selected and the trained parameters can
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be assigned to a single location for aggregation. That is, if the
optimal fractional values of all UEs are considered, we have

∑

x∗
k,t,q∈X

x∗
k,t,q +

∑

x∗
k,t,q∈X ′

x∗
k,t,q = |UE|. (21)

Let DSmax be the maximum number of datasets of UE uek.
According to Eq. (20) and η = 1

σ·DSmax
, where σ is a positive

value σ > 1, we have

x′
k,t,q =

x∗
k,t,q · (|UE| −

∑
x∗
k′,t′,q′∈X ′

x∗
k′,t′,q′)

∑
x∗
k′,t′,q′∈X ′

x∗
k′,t′,q′

+ x∗
k,t,q

≤
x∗
k,t,q · (|UE| −DSmax · |UE| · η)

DSmax · |UE| · η + x∗
k,t,q

≤ x∗
k,t,q · (σ − 1) + x∗

k,t,q = σ · x∗
k,t,q. (22)

Since we scale down each variable in X ′ by a factor of
σ, x′

k,t,q ≤ 1.
We then show that the computing resource capacities are

violated with small probabilities.
Lemma 2: Assuming that Ck ≥ 6σ ln |UE|, the computing

resource capacity of each UE uek is violated with probability
of 1/|UE|2, where σ is a small positive constant with σ > 1.

Proof: In the current time slot τ , a single dataset of each
UE uek is selected for local training. The computing resource
allocated to processing the selected dataset should not exceed
its computing capacity Ck. Let Yk,t be the event that represents
the amount of dataset that is selected for local training in uek,
and Yk,t,q be the amount of data whose trained parameters
are sent to location Locq for aggregation. We have Yk,t =∑|CL∪BS|

q=1 Yk,t,q. Dataset dsk,t is selected and assigned to lo-
cation Locq with probability x′

k,t,q with 1
σ2DSmax

≤ x′
k,t,q ≤

1. We thus have Yk,t,q = |dsk,t| with probability
x′
k,t,q

σ and

zero with probability 1− x′
k,t,q

σ . Then, we can calculate the
expected amount of dataset that is selected for local training
in uek by

E(Yk,t) = E

( |CL∪BS|∑

q=1

Yk,t,q

)

=

|CL∪BS|∑

q=1

E(Yk,t,q) =

|CL∪BS|∑

q=1

x′
k,t,q

σ
· |dsk,t| (23)

=

|CL∪BS|∑

q=1

x∗
k,t,q

σ
· |dsk,t| (24)

≤ Ck/(αkσ), due to Constraint (13). (25)

Note that the derivation from (23) to (24) is due to the fact
that the filtered values of x∗ are also amortized to other frac
tional solutions.

Denote by Pr[·] the probability of an event. The capacity
of each UE uek being violated can be calculated by
Pr[Yk,t ≥ Ck]. By a Chernoff bound [23] with δ = 1,

we have

Pr[αkYk,t ≥ Ck] = Pr[αkYk,t ≥ 2αkE(Yk,t)]

≤ exp
(
− E(Yk,t · αk)/3

)
≤ exp

(
− Ck/(3σ)

)

≤ exp
(
− 6σ ln |UE|/(3σ)

)
= 1/|UE|2. (26)

We now show the computing resource capacity of each lo-
cation Locq is violated by a small probability of 1

|CL∪BS|2 .
Clearly, the trained parameter of each dataset will be sent to
a single location for aggregation. Recall that in Algorithm
ApproS, the trained parameter of dataset dsk,t is aggregated in

location Loqq with probability
x′
k,t,q

σ . Denote by Zq the amount
of trained parameters that are to be aggregated in Locq . We have
Zq =

∑
uek∈UE&&dsk,t∈DSk

Yk,t,q · |dsk,t| and E(Zq) is

E(Zq | Yk′,t′,q′ = 1) =
∑

uek∈UE,dsk,t∈DSk

E(Yk,t,q)|dsk,t|

≤
∑

uek∈UE,dsk,t∈DSk

x′
k,t,q|dsk,t|/σ

≤
∑

uek∈UE,dsk,t∈DSk

x∗
k,t,q|dsk,t|/σ

≤ Cq/(βqσ), due to Constraint (14).
(27)

Calculating the probability that the capacity of each location
is violated is to calculate

Pr[βq · Zq ≥ Cq | Yk′,t′,q′ = 1]

= Pr[Zq ≥ 2βqE(Zq) | Yk′,t′,q′ = 1]

≤ exp
(
− E(Zq)/3

)
≤ exp

(
− Cq/(3σ)

)

≤ exp
(
− (6σ ln |CL ∪ BS|)/(3σ)

)
= 1/|CL ∪ BS|2, (28)

by a Chernoff bound [23] with δ = 1.
Remarks: It is important to note that the theoretical analysis

on the resource violation ratio bounds aims to provide an upper
bound to capture worst-case scenarios. However, in real-world
scenarios, the capacity violation in a UE does not happen often
due to multiple safeguards in place, such as rate limiting and
buffer management. The proposed algorithm can be easily ex-
tended to preserve the resource capacity constraint, by scaling
down the amount of the available resource of each UE by the
worst-case violation ratio.

We now analyze that each uek has a small probability of
failing to upload its trained parameters to an aggregator.

Lemma 3: Assuming that DB ≥ 6σ lnTr, each uek ∈ UE
has a probability 1/(Tr)

2 of failing to upload its trained parame-

ters to its assigned aggregator, where DB =min
{
Tr, γk

Ck

αkσ
+

max{δk,q, δq,m, ηq} Cq

βqσ
|wm|
|wL

m,k|
+ Ec

}
.

Proof: Showing the lemma is to show that Constraint
(15) is violated with a small probability. To this
end, we divide Constraint (15) to three parts: part
(1):

∑|BS∪CL|
q=1

∑τ−|DSk|
t=1

(
xk,t,q|dsk,t|γk

)
, part (2):

dwls
m,k + ξm|wm|, and part (3):

∑|BS∪CL|
q=1

(
xk,t,q(δk,q|wl

m,k|+
δq,m|wm|+ ξq|wl

m,k|)
)
.
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For part (1), we use Mq to denote the delay of local training
in uek. Following inequality (25), we can get

E(Mk | Yk′,t′,q′ = 1)≤ γkCk/(αkσ).

For part (2), we use Nq to denote the amount of trained pa-
rameters that is assigned to Locq for aggregation. According to
inequality (27), we get

E(Nq | Yk′,t′,q′ = 1)≤ Cq max{δk,q, δq,m, ηq}
βqσ

|wm|
|wL

m,k|
,

where |wm|/|wL
m,k| is the ratio of the maximum size of local

model to the minimum size of local model.
For part (3), the delay of aggregating trained local models

is not related to the selection of dataset, because the size of a
local model depends on the selected neural network. It thus is
treated as a constant with an expectation of Ec. Let Dk be the
event representing the delay experienced by uek.

E(Dk) = E(Mk | Yk′,t′,q′ = 1) + E(Nq | Yk′,t′,q′ = 1)

≤min
{
Tr, γk

Ck

αkσ
+max{δk,q, δq,m, ηq}

Cq

βqσ

|wm|
|wL

m,k|
+Ec

}
,

according to Constraint (15). We then get

Pr[Dk ≥ Cq | Yk′,t′,q′ = 1]

= Pr[Dk ≥ 2βqE(Dk) | Yk′,t′,q′ = 1]

≤ exp
(
− E(Dk)/3

)
≤ exp

(
DB

)

≤ exp
(
− 6σ lnTr/(3σ)

)
= 1/(Tr)

2, (29)

by adopting a Chernoff bound [23] with δ = 1.
We finally show the approximation ratio of ApproS.
Theorem 1: Given an MEC network G and an FCL request,

there exists an approximation algorithm ApproS for the age-
aware data selection and aggregator placement problem for
FCL, and its approximation ratio is 2 with a probability of
exp(− 1

3 (1−
1

(Tr)2|UE| )), where Tr is the time length of each
round of an FCL process.

Proof: We now show the approximation ratio of Algorithm
ApproS. The objective of the age-aware data selection and
aggregator placement for FCL in an MEC network with a single
request is to minimize the total age of selected datasets in UEs.
Let OPT be the optimal age of the problem, i.e., the obtained
solution due to solving ILP. Let A be the AoD obtained by
Algorithm ApproS. Let Uk,t,q be the event that dataset dsk,t
of UE uek is selected and assigned to location Locq . We have
Pr[Uk,t,q = 1 | Uk′,t′,q′ = 1] = x′

k,t,q/σ. The obtained solution
A may not be a feasible solution if none of the UEs update its
trained parameters to aggregators. By lemma 3, the probabil-
ity that A is feasible is 1− 1/((Tr)

2|UE|). The expected age
obtained by Algorithm ApproS thus is

E(A) =
∑

uek∈UE;dsk,t∈DSk

Pr[Uk,t,q = 1 | Uk′,t′,q′ = 1]

≥
∑

uek∈UE

(1− 1/(Tr)
2), sincemin{τ − tk,q}= 1,

≥ (1− 1/(Tr)
2|UE|). (30)

To show the approximation ratio of Algorithm ApproS, we
show the following probability Pr[A≥ (1 + ε)OPT ], where ε
is a constant with ε > 0. Considering that the fractional solu-
tion to LP is a lower bound of the optimal solution, we have
OPT ≥ E(A), meaning that Pr[A≥ (1 + ε)OPT ]< Pr[A≥
(1 + ε)E(A)]. Similar to lemmas (1), (2), and (3), using the
Chernoff bound [23] with ε= 1, we obtain

Pr[A≥ 2OPT ]< Pr[A≥ 2E(A)]

< exp(−E(A)/3)

< exp(−1/3 + 1/(3(Tr)
2|UE|))), due to (30), (31)

where Tr is the time length of each round of FCL.

V. AN ONLINE LEARNING ALGORITHM FOR THE AGE-AWARE

DATA SELECTION AND AGGREGATOR PLACEMENT PROBLEM

FOR FCL IN AN MEC NETWORK WITH MULTIPLE REQUESTS

AND DELAY UNCERTAINTY

In this section, we propose an online learning algorithm with
a bounded regret for the problem for FCL in an MEC network
with multiple FCL requests and delay uncertainties.

A. Basic Idea and Definition of Contexts

To minimize the age of data, the delays of transmission and
processing play a vital role. Unfortunately, such delays can
be uncertain due to the dynamics of both networks and user
demands. The delay experienced by each UE uek is determined
by various factors, such as the congestion level of locations,
location and energy status of UEs, and etc. Each of such fac-
tors has a significant impact on the probability of successfully
updating the trained parameters of each UE. For example, if
UEs are busy with its main functionalities [7], [12], it incurs
prohibitively long local training delay. With more and more UEs
failing to update trained parameters, the accuracy of the global
model can be very low. We define a context as a combination of
factors. Specifically, let θ be a context available in the system.
We consider that each context θ consists of model updating and
aggregation delays. That is, Θ=<Δ,Ξ>, where Δ is a vector
of the data updating delays (δk,q and δq,m) and Ξ is a vector of
the data aggregation delays (ξq and ξm).

Our basic idea is to find the most influencing context on the
delay of processing a dataset. Given the dynamics of networks,
the contexts that have the most significant impact on a dataset
may vary as the time goes. We thus needs an adaptive and
dynamic online learning algorithm that reacts to such network
dynamics. A usual method to guarantee such adaptivity is to
follow a well-tuned exploit-and-explore method to find the best
policy that maps from a context to the selection of a request
in R. However, the optimality in such method may not be
guaranteed. Considering that the approximate solution can be
obtained via algorithm ApproS if the context is matched to an
FCL request, we thus consider the proposed algorithm ApproS
as an oracle to admit the selected FCL request under the con-
text. In this way, the context selection is adaptively while the
optimality of the obtained solution is guaranteed.
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Algorithm 2 OL
Input: G= (CL ∪ DC, E), a set R of FCL requests.
Output: The age of each FCL request in R.
1: for each time slot τ ← 1 . . . T do
2: R← ∅; // the set of selected FCL requests
3: for each FCL request rm ∈R do
4: if request rm is newly arrived then
5: Initialize the weight of request rm under each context θ as

wτ,θ,m = 1;
6: Invoke Algorithm ApproS;
7: else
8: Update pθ,m by Eq. (32);
9: Obtain the probability pm of selecting request rm by Eq. (33);

10: Select request rm with probability pm;
11: if FCL request rm is selected then
12: Invoke Algorithm ApproS;
13: In the end of time slot τ , observe the age information of FCL request

rm, and update its weight by Eq. (34);

B. Online Learning Algorithm

We now describe the detailed steps of the contextual online
learning algorithm. In each time slot τ , for a newly-arrived
FCL request, we invoke Algorithm ApproS to implement
it. For existing FCL requests, we allow their dataset selection
and aggregator location can be dynamically adjusted, which
consists of three stages: stage 1: request selection based on
contextual bandits; stage 2: age-aware FCL; and stage 3:
policy updating.

In stage 1, we observe the contexts that influence the age
of each FCL request and learn the correlation between con-
texts and the age of each FCL request. Specifically, each
context has a set of probabilities of recommending the FCL
requests to adjust the selection of datasets and aggregator place-
ments. Since the MEC network has various uncertain status
that influence the contexts and learning accuracy, such prob-
abilities usually are not known in advance and need to be
learnt iteratively. Let pθ,m be the recommendation probability
of FCL request rm under context θ ∈Θ. pθ,m is dynamically
updated as the context changes and more information is re-
vealed to the system. To this end, we maintain a weight of each
context θ on FCL request rm at each time slot τ , which is
denoted by wτ,θ,m. We assume that the recommendation prob-
ability of rm under context θ is proportional to the weight,
that is,

pθ,m = (wτ,θ,m)

⎛

⎝
|R|∑

m′=1

wτ,θ,m

⎞

⎠ . (32)

Let pm be the probability of selecting FCL request rm to adjust
dataset selection and aggregator placement, then,

pm =

(
∑

θ∈Θ

pθ,m

)
/|Θ|, (33)

where |Θ| is the number of contexts available in the system.
In stage 2, we select the FCL requests whose implementation

(dataset selection and aggregator assignment) will be adjusted
according to probability pm. That is, if request rm is selected,
its dataset selections and aggregator placements will be ad-
justed according to the current contexts, by revoking Algorithm

Fig. 2. The framework of online learning algorithm.

ApproS. The procedures continue until every request rm ∈R
is considered.

In stage 3, we obtain the context values of the current time
slot τ after adjusting each request rm in the time round. As such,
each request obtains a total age of the locally trained datasets
of its UEs. We consider such obtained age as the loss of the
online learning. According to the updated contexts and obtained
loss, we then update the probability of selecting FCL requests.
To this end, we update weight wτ,θ,m of FCL requests under
context θ in the end of each time slot, once the losses of each
FCL request are revealed. In other words, we assign penalties to
some contexts with higher losses. That is, the penalty of context
θ is the total age of FCL request rm if rm is selected by context
θ, denoted by φτ,θ,m. For each context, we update its weight on
request rm in the next time slot τ + 1 by

wτ+1,θ,m = wτ,θ,m · (1− ε)φτ,θ,m , (34)

where ε is a constant in the range of [0, 1). The above-
mentioned procedure continues iteratively until all requests are
considered. The detailed steps are shown in Algorithm 2 and
Fig. 2, referred to as OL.

C. Algorithm Analysis

We now analyze the accumulative regret of Algorithm OL.
We first define the regret within a finite time horizon T as

Reg(T ) = Φ(OL)− E(ΦR∗), (35)

where Φ(OL) is the sum of the age of the selected FCL requests
by Algorithm OL, R∗ is the best subset of requests to adjust
their implementation, and ΦR∗ is the total age if the best subset
R∗ of FCL requests are selected for adjustment.

Theorem 2: Given an MEC network G and a set R of FCL
requests, there exists an online learning algorithm OL for the
age-aware data selection and aggregator placement problem of
FCL in an MEC network with multiple requests and delay un-
certainty, and its regret is upper bounded by lnT

ε + 2εDSmax,
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where ε is a given constant in the range of (0, 1/2) and DSmax

is the maximum difference between a maximum age and a
minimum age of a request, and ΦR∗ is the total age if the best
subset R∗ of FCL requests are selected.

Proof: In Algorithm OL, we adjust the weight of each context
θ on each FCL request rm dynamically, according to the AoD of
its trained datasets in each time slot. Since the objective of the
problem is to minimize the AoD of the datasets that are trained
by FCL requests, a context that receives a lower age will be
assigned to a higher weight.

Let Wτ and Wτ,θ denote the total weight of all FCL requests
and the requests of context θ, respectively. We then have Wτ =∑

θ∈Θ Wτ,θ =
∑

θ∈Θ

∑
rm∈R wτ,θ,m ≥ 1, since the weight of

each context θ on an FCL request is initialized to 1 in time slot
1. Let θ∗ be the best context with the minimum age, the total
weight after T time slots is

WT+1 >wT+1(θ
∗) = (1− ε)φ

∗
> (1− ε)ΦR∗ , (36)

due to the definition of costs and the fact that (1− ε)a > (1−
ε)b for any positive values of a and b with 1≤ a < b.

We now find a correlation among the total weight of FCL
requests and the total age, by showing the relation between
Wτ+1 and Wτ in the following.

Wτ+1/Wτ =
∑

θ∈Θ

∑

rm∈R

wτ,θ,m(1− ε)φτ,θ,m/W ′
τ

<
∑

θ∈Θ

∑

rm∈R

(1− αφτ,θ,m + β(φτ,θ,m)2) · pθ,m

since Wτ ≥ 1

and ∃α, β > 0, (1− ε)x < 1− αx+ βx2 for all x > 0.
(37)

due to the definition of pθ,k

=
∑

θ∈Θ

∑

rm∈R

pθ,m − α
∑

θ∈Θ

∑

rm∈R

pθ,mφτ,θ,m

+ β
∑

θ∈Θ

∑

rm∈R

pθ,m(φτ,θ,m)2

= 1− α
∑

θ∈Θ

∑

rm∈R

pθ,mφτ,θ,m

+ β
∑

θ∈Θ

∑

rm∈R

pθ,m(φτ,θ,m)2

= 1− αE(Φ(OL, τ)) + βE(Φ(OL, τ)2)), (38)

where Φ(OL, τ) is the total age of FCL requests at time slot τ .
By taking a logarithm on inequality (38), we have

ln(Wτ+1/Wτ )< ln(1− αE(Φ(OL, τ)) + β�(OL, τ)2))

<−αE(Φ(OL, τ)) + βE(Φ(OL, τ)2), (39)

since ln(1− x)<−x for any x ∈ (0, 1). In particular, this
holds when (α, β) = (ε, 0). Considering all time slots within
the finite time horizon with 1≤ τ ≤ T , we have

T∑

τ=1

(αE(Φ(OL, τ))− βE(Φ(OL, τ)2))

<− ln(Wτ+1/Wτ )<− lnΠT
r=1(Wτ+1/Wτ )

Fig. 3. A prototype MEC network for FCL.

=− ln(Wτ+1/Wτ ) = lnW1 − lnWT+1

< lnT − ln(1− ε)ΦR∗ . (40)

With (α, β) = (ε, 0), we have E(Φ(OL))< lnT/ε+
(1/ε) ln[1/((1− ε))]E(Φ∗

R). Assuming that ε ∈ (0, 1/2), we
have 1

ε ln
1

(1−ε) ≤ 1 + 2ε, which means E(Φ(OL))− ΦR∗)<

lnT/ε+ 2εE(φ∗). Clearly we have φ∗ <DSmax. The regret
of OL thus is E(Φ(OL))− ΦR∗)< lnT/ε+ 2εDSmax.

VI. EXPERIMENTS

In this section, we evaluate the performance of the proposed
algorithms by implementing a prototype system.

A. Prototype Settings

We built a prototype MEC network with both real hard-
ware devices and virtual network elements, as shown in Fig.
3(a). Specifically, the prototype contains both an underlay with
hardware switches, UEs, servers and an overlay with virtual
switches. The physical underlay consists of five Huawei S5720-
32C-HI-24S-AC switches in two on-campus buildings. Each
switch is connected to at least two other switches. There are
also five servers with i7-8700 CPU and 16G RAM. Netconf
and SNMP protocols are used to manage the switches and
the links interconnecting them. As shown in Fig. 3(b), we
use heterogeneous edge devices, i.e., 3 NVIDIA Jetson AGX
Xavier, 3 NVIDIA Jetson TX2, and 3 NVIDIA Jetson Nano
as UEs, to perform local training of FCL requests. These UEs
connect to the MEC network via WiFi connections or wired
links. The servers and switches in the underlay can be seen
as a resource pool with computing and bandwidth resources
that can be used to build overlay networks. We use VXLAN
to virtualize the resources provided by physical servers and
switches in the underlay, to build an overlay that spans the
hardware in two different buildings. Specifically, the overlay
network has a number of Open vSwitch (OVS) [26] nodes and
VMs running in the physical servers.

We implemented a human activity recognition (HAR) ap-
plication to predict human activities, walking, hopping, phone
calls, waving and typing, based on the testbed and a 3-layer fully
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TABLE II
EXPERIMENTAL PARAMETERS

Parameter Value
Switch Model Huawei S5720-32C-HI-24S-AC
Number of Switches 5
Server CPU i7-8700
Server RAM 16G
Management Protocols Netconf, SNMP
UE Devices 3 NVIDIA Jetson AGX Xavier

3 NVIDIA Jetson TX2
3 NVIDIA Jetson Nano

Application Human Activity Recognition (HAR)
Hidden Channel Shrinkage Ratios AGX Xavier: 0.5, TX2: 0.25, Nano: 0.125
Data Entry Allocation Strategy Proportional to computing capability
Dataset Time Slot Distribution Poisson distribution

connected neural network [16], [27]. We deploy different sub-
models of the HAR application into UEs in our experiments.
Notice that each UE performs the computations in parallel,
substantially expediting the training and inference process. The
hidden channel shrinkage ratios for Jetson AGX Xavier, Jetson
TX2, and Jetson Nano are set to 0.5, 0.25 and 0.125 [5], re-
spectively. The data entries in HARBox are distributed into the
9 UEs in our testbed, and the number of entries allocated to each
UE is proportional to its computing capability. We also partition
the datasets of each UE into different time slots, where the num-
ber and the volume of datasets in each time slot follow a Poisson
distribution. We considered that each context is a combination
of updating delay from each UE to an aggregation location
and aggregation delays of locations. However, to show the
applicability of the proposed online learning to other scenarios,
we considered other contributing elements that impact the age
of the datasets, such as the size of the dataset on each UE, the
capacities of computing and bandwidth resources of each po-
tential location, and the accuracy of the models corresponding
to the datasets. The experimental parameters are summarized
in Table II.

We compared the proposed algorithms ApproS and OL with
the following benchmark algorithms:

• Algorithm Random selects the datasets randomly without
considering the age of each dataset. The online version of
this algorithm is referred to as OL_Random.

• Algorithm Greedy greedily selects the datasets with the
minimum age according to the resource availabilities of
base stations and cloudlets, and its online version is de-
noted by OL_Greedy.

• Algorithm CFL in [37] divides UEs into a number of
clusters, with each cluster having an aggregator to ag-
gregate its local models. Since CFL does not consider
the AoD and their selections, we use our dataset selec-
tion algorithm as the UE selection for CFL, for the sake
of fairness.

Note that algorithm CFL aims to cluster the UEs into different
groups and the algorithm does not involve the dataset selection.
We thus only compared algorithm OL with CFL for fairness. In
addition, to the best of our knowledge, we are not aware of any
algorithm that deals with the dataset selection for a single FCL
request, we only compared algorithm ApproS with Random
and Greedy, respectively.

Fig. 4. The impact of the network size on the performance of algorithms
ApproS, Greedy and Random.

Fig. 5. The impact of the maximum number of datasets in each UE on the
performance of algorithms ApproS, Greedy and Random.

B. Performance of Algorithm ApproS

We first evaluated the performance of Algorithm ApproS
for the age-aware data selection and aggregator placement prob-
lem for FCL in an MEC network with a single request against
that of Random and Greedy, by varying the network size (i.e.
the total number of base stations and cloudlets) from 10 to 40.
From Fig. 4(a), we can see that ApproS achieves the minimum
average age of each FCL request. It also achieves the highest
accuracy among the three algorithms, as shown in Fig. 4(b).

Specifically, the average age of data required by each imple-
mented FCL request is 47% and 24% lower than that of Ran-
dom and Greedy, respectively; while the accuracy by ApproS
is 12% and 9% higher than that of Random and Greedy. The
reason is that ApproS finds a fine trade-off between the age
of data and the obtained accuracy of the trained parameters of
each UE. Further, we can see that ApproS achieves 8% and 3%
lower delay than its counterparts, because ApproS carefully
selects datasets of each UE such that the transmission and
processing of the selected dataset meet the delay requirement
of FCL requests.

We then dealt with the performance of ApproS against
Random and Greedy, by varying the maximum number of
datasets in each UE from 5 to 20 and fixing the network size to
40. As shown in Fig. 5(a), we can see that the age achieves by
the algorithms is increasing with the growth of the number of
datasets in each UE. The rationale behind is that when each UE
has more datasets, the size of each dataset has a higher prob-
ability of being larger. This leads to higher data transmission
and processing delays, which can be reflected in Fig. 5(c). In
addition, the accuracy is also increasing, since better datasets
can be selected in each UE. Also, the accuracy gap between
ApproS and its counterparts is enlarging, because Random
and Greedy either randomly selects datasets or only greedily
selects the datasets with the minimum age.

We finally investigated the impact of the size of trained pa-
rameters on the performance of algorithms ApproS, Random,
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Fig. 6. The impact of the trained parameter size on the performance of
algorithms ApproS, Greedy and Random.

Fig. 7. The performance of algorithms OL, OL_Random, OL_Greedy and
CFL in online environment.

and Greedy, by changing the number of hidden layers and the
number of neurons in each layer of the global model and fixing
the network size to 40. As shown in Fig. 6(a), we can see that
the age of data of the three algorithms increases with the growth
of the size of trained parameters. The reasons are two fold: (1) a
larger trained parameter incurs a longer transmission delay that
is an important part of the age; (2) a longer transmission delay
pushes the algorithm to select smaller datasets, and the age is
pushed up when smaller datasets become stale. However, the
accuracy of the algorithms increases, because a larger trained
parameter means more hidden layers and neurons, as shown
in Fig. 6(b).

C. Performance of Algorithm OL

In the following, we studied the performance of algorithms
OL, OL_Random, OL_Greedy, and CFL, by fixing the net-
work size to 40 in a finite time horizon T . As shown in Fig.
7(a) and (c), the accumulated age of OL is much lower than that
of OL_Random, OL_Greedy, and CFL. In particular, the age
gap between OL and CFL is enlarging, as CFL does not consider
the age of data. Also, Fig. 7(b) depicts that the accuracy of OL
is higher than that of its counterparts, since it leverages contexts
including accuracy of trained parameters and network status to
optimize accuracy and AoD.

We then evaluated performance of algorithms OL,
OL_Random, OL_Greedy, and CFL, by varying the
maximum number of datasets in each UE from 5 to 20 while
fixing the network size at 40. Experimental results in Fig. 8
showed that algorithm OL delivers lower age and higher
accuracy than that of the rest algorithms. The performance gap
is much larger than that in Fig. 4, since OL dynamically learns
various contexts and optimizes the age and accuracy.

We finally investigate the impact of the size of trained param-
eters on the performance of the algorithms, as shown in Fig. 9.
We can see the age and accuracy of the four algorithms increase
with the growth of the size of trained parameters.

Fig. 8. The impact of the maximum number of datasets on the performance
of algorithms OL, OL_Random, and CFL.

Fig. 9. The impact of the trained parameter size on the performance of
algorithms OL, OL_Random, OL_Greedy, and CFL.

The delays of the four algorithms gradually approach the
length Tr of each round of training. This is because the larger
trained parameter will bring more hidden layers, more neurons
per hidden layer, and higher transmission delays, ultimately
resulting in higher transmission and aggregation delays. UEs
may fail to upload their trained parameters in some training
rounds, making them require more training rounds to converge
to a high accuracy and a high age.

VII. CONCLUSION AND FUTURE WORK

In this paper, we investigated the optimization problems of
age-aware data selection and aggregator placement for FCL in
an MEC network. We first devised an approximation algorithm
with a provable approximation ratio for the age-aware data se-
lection and aggregator placement problem for a single federated
learning request in an MEC network. We then investigated the
problem of age-aware data selection and aggregator placement
for FCL with multiple FCL requests and uncertain delays, by
devising an online learning algorithm with a bounded regret
based on contextual bandits. We also evaluated the perfor-
mance of the proposed approximation and online algorithms
in a real system with various heterogeneous equipment with
different computing capabilities. Experiments show that the
performance of the proposed algorithms outperform existing
studies by achieving 47% lower age of data and 12% higher
model accuracy.

The future work stemming from this study includes (1) the
neural network architecture of an FCL request that is important
roles in the training efficiency. In particular, the neural net-
work architecture may need to fit to edge devices with differ-
ent computing capacities. We thus will investigate the impact
of different neural network architectures on the age of FCL
requests; and (2) the implemented test bed can be extended
to different types of applications, by adopting the serverless
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computing architecture. However, we still need to design ef-
ficient architectures, software and interface, such that FCL de-
velopers could leverage serverless functions to implement the
training processes.
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