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Abstract— We consider federated learning (FL) with multiple
wireless edge servers having their own local coverage. We focus
on speeding up training in this increasingly practical setup.
Our key idea is to utilize the clients located in the overlapping
coverage areas among adjacent edge servers (ESs); in the
model-downloading stage, the clients in the overlapping areas
receive multiple models from different ESs, take the average
of the received models, and then update the averaged model
with their local data. These clients send their updated model to
multiple ESs by broadcasting, which acts as bridges for sharing
the trained models between servers. Even when some ESs are
given biased datasets within their coverage regions, their training
processes can be assisted by adjacent servers through the clients
in their overlapping regions. As a result, the proposed scheme
does not require costly communications with the central cloud
server (located at the higher tier of edge servers) for model
synchronization, significantly reducing the overall training time
compared to the conventional cloud-based FL systems. Extensive
experimental results show remarkable performance gains of
our scheme compared to existing methods. Our design targets
latency-sensitive applications where edge-based FL is essential,
e.g., when a number of connected cars/drones must cooperate
(via FL) to quickly adapt to dynamically changing environments.

Index Terms— Federated learning, edge server.

I. INTRODUCTION

W ITH the explosive growth in the numbers of smart
phones, wearable devices and Internet of Things (IoT)

sensors, a large portion of data generated nowadays is
collected outside the cloud, especially at the distributed
end-devices at the edge. Federated learning (FL) [1]–[9] is
a recent paradigm for this setup, which enables training of
a machine learning model in a distributed network while
significantly resolving privacy concerns of the individual
clients. However, training requires repeated downloading and
uploading of the models between the parameter server (PS)
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and clients, presenting significant challenges in terms of 1) the
communication bottleneck at the PS and 2) the non-IID
(independent, identically distributed) data characteristic across
clients [10]–[14].

In FL, the PS can be located at the cloud or at the edge
(e.g., small base stations). Most current studies on FL consider
the former, with the assumption that millions of clients are
within the coverage of the PS at the cloud; at every global
round, the clients in the system should repeatedly communi-
cate with the PS (located at the cloud) for downloading and
uploading the models. However, an inherent limitation of this
cloud-based system is the long distance between the client and
the cloud server, which causes significant propagation delay
during model downloading/uploading stages in FL [15], [16].
Specifically, it is reported in [15] that the supportable latency
of cloud-based systems is larger than 100 milliseconds, while
the edge-based systems have supportable latency of less than
tens of milliseconds. In order to support latency-sensitive
applications (e.g., smart cars) or emergency events (e.g.,
disaster response by drones) by FL, in this paper, we consider
a system where the PS is located at the edge, which is far
closer to the clients than the cloud [17].

An issue, however, is that although the edge-based FL
system can considerably reduce the latency between the PS
and the clients, the coverage of an edge server is generally
limited in practical systems (e.g., wireless cellular networks);
there are an insufficient number of clients within the coverage
of an edge server for training a global model with enough
accuracy. Accordingly, the limited coverage of a single edge
server could include biased datasets and thus could lead to
a biased model after training. Thus in practice, performing
FL with the clients in a single edge server would result in a
significant performance degradation.

A. Main Contributions
To overcome the above practical challenges, we propose

FedMes, a novel FL algorithm highly tailored to the envi-
ronment with multiple edge servers (ESs). Compared to con-
ventional cloud-based FL systems, FedMes does not require
costly communication (i.e., large time delay) with the cloud
server for model synchronization. Our key idea is to utilize the
clients located in the overlapping areas between the coverage
of ESs, which are typical in 5G and beyond systems with dense
deployment of ESs [18]. In the model-downloading stage, each
ES sends the current model to the clients in its coverage
area; in this process, the clients in the overlapped region
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Fig. 1. Basic concept of cloud-based FL, hierarchical FL and the proposed FedMes idea. Compared to existing methods, FedMes does not require costly
communication with the central cloud server for model synchronization, significantly reducing the overall training time. In FedMes, the clients in the overlapping
areas can act as bridges for sharing the trained models between edge servers (ESs). FedMes targets latency-sensitive applications where edge-based FL is
essential, e.g., when a number of cars/drones must cooperate (via FL) to quickly adapt to dynamically changing environments.

receive multiple models from different ESs. These clients in
the overlapping area take the average of the received models,
and then update the model based on their local data. Then each
client sends its updated model to the corresponding ES or ESs,
which is aggregated at each ES. A high-level description of
FedMes is given in Fig. 1(c).

For example, suppose that client k is located in the
non-overlapped region of ES i while client l is in the over-
lapped region between ES i and ES j. In conventional FL
systems, client l participates in the training process of only one
of ES i or ES j; on the other hand, in FedMes, client l can act
as a bridge for sharing the trained models between both ESs.
To be specific, the updated model of client k is averaged only
at its associated ES i. In the next step, this averaged model
is sent to the clients in its covered area, including client l.
After the local model updates at the clients, client l sends its
updated model to both ES i and ES j. From this point of view,
even when some training samples are only in the coverage of
a specific ES, these data can still assist the training process
of other servers. Hence, the proposed scheme does not require
costly communications with the central cloud server (located at
the higher tier of ESs) for model synchronization, significantly
reducing the overall training time compared to cloud-based FL
systems. Comparing with the scheme which does not consider
the overlapping areas, FedMes can provide a significant per-
formance gain especially when the data distributions across
coverages of different servers are non-IID, e.g., when a specific
server has a biased dataset within its covered area. Our main
contributions can be summarized as follows:

• We propose FedMes, an edge-based FL scheme highly
tailored to the practical cellular environment with multi-
ple ESs. By utilizing the clients in the overlapped regions
between ESs, FedMes enables fast FL.

• We derive the theoretical convergence bound and provide
insights on the convergence behavior of FedMes.

• We show via experiments that FedMes provides remark-
able performance gain compared to 1) the schemes that
require costly communications with the central cloud
server for model synchronization and 2) the scheme that
does not take the overlapping areas between ESs into
account.

B. Related Works
The concept of FL was first proposed in [1]; the authors

proposed an algorithm called federated averaging (FedAvg)
and confirmed its advantages via experiments on various
datasets and various data distribution setups. In [11], [13], [14],
the authors propose schemes to reduce the communication
overhead between the clients and the server in FL systems;
the authors of [13] quantize the model to reduce the commu-
nication burden, while the authors of [14] propose federated
distillation to achieve the same goal. In [10], the authors
propose a data sharing strategy to tackle the non-IID data
characteristics across clients. The convergence behavior of
FL schemes are studied in [6], [12], and security/privacy
issues of FL are addressed in [19]. FL is also being actively
studied in communications society, taking wireless channels
into account [7]–[9].

Thanks to the recent advent of edge computing, there
has been an increased interest in edge-facilitated FL systems
[6], [20]–[24]. The authors of [6] focused on optimizing FL
framework with a given resource budget in wireless edge
networks. The authors of [20] considered resource allocation
to minimize energy consumption at the clients in wireless
networks. Recently, coded computing schemes are proposed
for FL at the edge [24]. However, a single-server setup is
considered in [20] and [6], which is totally different from our
work leveraging multiple edge servers.

Only a few prior works on FL considered a setup with
multiple edge servers [22], [23]. A common idea of these
works is to perform hierarchical FL as illustrated in Fig. 1(b).
Each ES aggregates the models of clients in its covered
area, and the cloud server periodically aggregates the models
sent from the ESs. However, the schemes of [22], [23] still
require costly communication with the central cloud server
for model synchronization, which could significantly slow
down the overall training process. Here, if the communication
period with the cloud is small, frequent model synchronization
between ESs is possible but incurs a large communication time
delay. On the other hand, infrequent model synchronization
can lead to a bad performance especially with non-IID data
distributions across the coverages of edge servers. FedMes
overcomes these challenges by enabling fast FL without any
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help with the cloud server, i.e., only using the edge servers.
Fig. 1 shows the difference between cloud-based FL, hierar-
chical FL and the proposed FedMes idea. It is shown later in
Section V that our method can speed up training compared to
the cloud-based FL scheme and the hierarchical FL scheme
of [23].

Another line of work focused on fully decentralized FL (or
serverless FL) [25]–[28]. The basic idea of decentralized FL
approaches is to let the clients to exchange the updated models
directly with their neighbors (i.e., clients that are within their
communication ranges), without utilizing any servers (neither
the cloud server nor the edge server). This is different from
our approach leveraging multiple edge servers to enable model
synchronization within the cell while allowing the edge servers
to share the models by taking advantage of the clients in the
overlapped cell regions. The performance of decentralized FL
depends on the network topology (i.e., how the clients are
connected to each other). When the network is well-connected,
decentralized FL can achieve a good convergence rate (i.e.,
guarantee convergence) but have a large time delay for each
round since each client should communicate with a large
number of neighbors for model exchange. When the network
connection is sparse, the time delay for each round becomes
smaller but the convergence is not guaranteed especially in
a non-IID data distribution setup. Investigating the advantage
of serverless FL compared to the server-based FL schemes
(including cloud-based FL, hierarchical FL and the proposed
FedMes) is out of scope of the paper.

C. Organizations

The rest of this paper is organized as follows. In Section II,
we describe our problem setup with multiple edge servers. The
proposed FedMes algorithm is described in Section III and
its convergence bound is analyzed in Section IV. We pro-
vide experimental results in Section V. Finally, we draw
conclusions in Section VI.

II. SYSTEM MODEL

A. Background: Federated Learning

Let K be the number of clients in the system. Let nk be the
number of data samples in client k, with n =

∑K
k=1 nk being

the total number of training samples. We also denote the i-th
sample in client k by xk,i, for i ∈ {1, 2, . . . , nk}. Our goal is
to solve the following optimization problem

min
w

F (w) = min
w

K∑
k=1

nk

n
Fk(w), (1)

where Fk(w) is the local loss function of data samples in client
k, written as Fk(w) = 1

nk

∑nk

i=1 �(xk,i;w). Now we briefly
describe the conventional cloud-based FedAvg algorithm
in [1], a typical way to solve this problem (see Fig. 1(a)).
At step t, each client downloads the current model w(t) from
the PS, which is located at the cloud covering all the clients in
the system. Then each client (say, client k) sets wk(t) = w(t)
and performs E local updates according to

wk(t + i + 1)=wk(t + i)−ηt+i∇Fk(wk(t + i), ξk(t + i))
(2)

for i = 0, 1, . . . , E − 1, where ηt is the learning rate at step
t and ξk(t) is a set of randomly selected data samples from
client k at step t. Now each client sends the updated model
to the PS, and the PS aggregates the model as w(t + E) =∑K

k=1
nk

n wk(t+E). However, full client participation at each
aggregation step is impossible in practice and the PS often
selects a set St+E ⊂ {1, 2, . . . , K}, containing the clients that
transmit the results to the PS. Thus, we have

w(t + E) =
∑

k∈St+E

nk∑
k∈St+E

nk
wk(t + E). (3)

This overall process corresponds to a single global round.
This process is repeated until the model achieves the desired
performance or some stopping condition is met. According to
the algorithm, the model of the k-th client at step t + 1 is
written as

wk(t+1)=

⎧⎪⎨
⎪⎩

wk(t)−ηt∇Fk(wk(t), ξk(t)), if E � t + 1∑
q∈St+1

nq

Nt
[wq(t)−ηt∇Fq(wq(t), ξq(t))], o/w

(4)

where Nt =
∑

q∈St+1
nq .

B. Problem Setup: Multiple ESs With Overlapping Areas
In contrast with the conventional cloud-based FL systems

having a central cloud server covering the whole clients,
in this paper we consider L ESs each covering its own local
area. We call this local coverage of each edge server a cell.
Especially with dense deployment of ESs in 5G and beyond
networks, there generally exist more than one ES within the
range of a specific user that can be reliably communicate
with. We call this region in which the client can reliably
communicate with multiple ESs overlapping cell area.

Let Ci be the set of indices for users located in cell
i ∈ {1, 2, . . . , L}. Now define Ui as the set of user indices
for the non-overlapped region of cell i, which is the subset
of Ci. We also define Vi,j as the set of user indices for
the overlapping area between cell i and cell j (i �= j and
Vi,j = Vj,i), which is also the subset of Ci. Here, the clients
in Vi,j can communicate with both ES i and ES j during
model download or upload. While we can similarly define
overlapped regions with more than two ESs, we consider the
case in which the coverage of at most two ESs overlapped for
clarity of presentation. Then the coverage of cell i, i.e., Ci can
be written as

Ci = Ui ∪ ( ∪
j∈[L]\{i}

Vi,j) (5)

for all i ∈ {1, 2, . . . , L}. The overall coverage of the sys-
tem can be written as C = {1, 2, . . . , K} = ∪L

i=1 Ui ∪
(∪L

i=1 ∪L
j=i+1 Vi,j). Note that each ES can communicate with

the clients in its covered area only. Our goal is to solve the
problem in (1) in this setup, without sharing the learning
models at the higher tier of ESs (i.e., the cloud server) during
training.

III. PROPOSED FEDMES ALGORITHM

A. Algorithm Description

Now we describe FedMes, the proposed algorithm tailored
to the above setup with multiple edge servers. At the beginning
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of step t, each client in cell i downloads the current model
w(i)(t) from ES i and lets wk(t) = w(i)(t) if located in
the non-overlapped region, i.e., k ∈ Ui. Client k ∈ Vi,j

additionally downloads w(j)(t) from ES j and combines the
two received models according to

wk(t) =
1∑

k∈S
(i)
t

nk +
∑

k∈S
(j)
t

nk

×
( ∑

k∈S
(i)
t

nkw(i)(t) +
∑

k∈S
(j)
t

nkw(j)(t)
)
, (6)

where S
(i)
t and S

(j)
t are the sets of clients that sent their results

to ES i and ES j, respectively, at the previous aggregation
step. Here, a larger weight is given to the aggregated model
of the ES that utilized more training samples in the previous
aggregation step. Hence, client k ∈ Vi,j should receive the
value of

∑
k∈S

(i)
t

nk from ES i and
∑

k∈S
(j)
t

nk from ES j.
If the number of training samples utilized at both ES i and
ES j are the same, i.e.,

∑
k∈S

(i)
t

nk =
∑

k∈S
(j)
t

nk, then we
can rewrite (6) as

wk(t) =
1
2
(w(i)(t) + w(j)(t)). (7)

We take this assumption for the rest of the paper for ease of
presentation. Now every client (say client k) updates the model
with its own local data according to equation (2) for E steps
to obtain wk(t + E). Then, client k sends its updated model
wk(t+E) to the corresponding ES(s). In particular, the clients
in the overlapped region Vi,j send their results to both ES i
and ES j by broadcasting. Here, we note that this does not
require additional communication time since only one round
of communication is required at each client by the broadcast
nature of wireless networks.

Now every ES i collects the locally updated models from
the clients in its covered area Ci, to obtain the aggregated
result. In this aggregation process, each ES takes the weighted
average of the received models, where the weight depends on
the location of client k (i.e., whether client k is located in the
overlapped region or not). To be specific, let S

(i)
t+E be the set

of indices for clients that transmit the results to ES i. Then,
ES i obtains the aggregated result w(i)(t + E) by taking the
weighted average of the received models as

w(i)(t + E) =
∑

k∈S
(i)
t+E

γ
(i)
k wk(t + E), (8)

where γ
(i)
k is the normalized parameter that ES i gives weight

to client k, depending on its location:

γ
(i)
k =

{
αunk, k ∈ Ui

αvnk, k ∈ Vi,j for any j
and

∑
k∈S

(i)
t+E

γ
(i)
k = 1.

(9)

Here, αu and αv can be viewed as a design parameter. For
example, one can set αu < αv to give larger weights to the
clients in the overlapped regions that can act as bridges for
sharing the trained models between ESs. Note that by setting
αu = αv , the above aggregation rule in (8) at each ES reduces

Algorithm 1 Federated Learning With Multiple Edge Servers
(FedMes)
Input: Initialized model w(0), Output: Final global model
wf (T )
Set wk(0) = w(0) for all clients k =
1, 2, . . . , K

1: for each step t = 0, 1, . . . , T − 1 do
2: if E � t + 1 then
3: for each client k = 1, 2, . . . , K in parallel do
4: wk(t + 1) ← wk(t) − ηt∇Fk(wk(t), ξk(t))

// Local update
5: end for
6: else
7: Each edge server i randomly selects S

(i)
t+1 to receive

the updated models from the clients
8: for each client k = 1, 2, . . . , K in parallel do
9: if k ∈ Ui for some i ∈ {1, 2, . . . , L} then

10: wk(t + 1) ← ∑
k∈S

(i)
t+1

γ
(i)
k [wk(t) −

ηt∇Fk(wk(t), ξk(t))] // Edge aggregation
11: end if
12: if k ∈ Vi,j for i, j ∈ {1, 2, . . . , L} and i �= j then
13: wk(t + 1) ← 1

2

(∑
k∈S

(i)
t+1

γ
(i)
k [wk(t) −

ηt∇Fk(wk(t), ξk(t))]
// Average of two edge aggregations
+

∑
k∈S

(j)
t+1

γ
(j)
k [wk(t)− ηt∇Fk(wk(t), ξk(t))]

)
14: end if
15: end for
16: end if
17: end for
18: wf (T )← 1

L

∑L
i=1

∑
k∈S

(i)
T

γkwk(T )
// Averaged model of L edge servers

to the conventional FedAvg in [1]. This overall process at the
edge servers and the clients is repeated until some stopping
condition is met, say at step T . When the overall training is
finished, the models are averaged over all ESs to obtain the
final global model wf as follows:

wf (T ) =
1
L

L∑
i=1

w(i)(T ). (10)

The details of FedMes are summarized in Algorithm 1.
Compared to the conventional cloud-based FL systems which
require communication with the cloud server (located at the
higher tier of ESs) for model synchronization, in FedMes, only
the communications between the clients and ESs are required.
Fig. 2 shows an example with L = 3, |U1| = |U2| = |U3| = 2
and |V1,2| = |V2,3| = |V3,1| = 1. As can be seen from
Figs. 2(b) and 2(c), the unique characteristic of FedMes is
that the starting points of models could be different even for
the clients in the same cell, due to model average in the
overlapped regions. This is totally different from typical FL
algorithms in which the clients have the same starting points at
the beginning of each global round. From the overall process,
it can be also seen that even when some training samples are
only in the non-overlapped region of cell i, i.e., Ui, these data
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Fig. 2. Procedure of proposed FedMes algorithm.

can still assist the training process of other cells. We show
later in Section V that our scheme with multiple starting points
performs well by sufficiently reflecting the data samples that
are not in the coverage of a specific ES. By utilizing the weight
parameters γk in (9), the model of client k ∈ Ci at step t + 1
can be written as follows:

wk(t+1)=

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

wk(t)− ηt∇Fk(wk(t), ξk(t)), if E � t + 1∑
k∈S

(i)
t+1

γ
(i)
k [wk(t)− ηt∇Fk(wk(t), ξk(t))],

if E | t + 1 and k ∈ Ui

1
2

( ∑
k∈S

(i)
t+1

γ
(i)
k [wk(t)− ηt∇Fk(wk(t), ξk(t))]

+
∑

k∈S
(j)
t+1

γ
(j)
k [wk(t)− ηt∇Fk(wk(t), ξk(t))]

)
,

if E | t + 1 and k ∈ Vi,j

(11)

for i ∈ {1, 2, . . . , L} and j ∈ {1, 2, . . . , L} \ {i}.
Note that our FedMes can be easily generalized to cell

topologies with multiple ESs (more than two) having overlap-
ping coverage regions, by simply adding equations in (11) for
the regions with 3, 4 overlapping ESs or more. A generalized
algorithm with more than two overlapping regions is described
in Appendix A. We also note that (11) holds regardless of the
client’s location, which means that (11) is still valid even with
moving clients (i.e., mobile devices).

When implementing FedMes in practice, additional infor-
mation could be required at the ESs depending on the client
selection method. If adjacent ESs would like to cooperatively
select the clients in their overlapped areas, adjacent ESs
should share their client selection policy. However, this is not
necessary, because ESs can select their clients independently.

On the other hand, from the client’s perspective, each device
needs to know which ESs are accessible in order to determine
whether it should receive the models from multiple ESs. This
information can be easily obtained by inquiring connection to
ESs with negligible signaling overheads. Especially, the soft
handover technique adopted in cellular networks enables even
the devices in overlapped areas to obtain these information
easily and to communicate with adjacent multiple ESs.

B. Latency Analysis

In this subsection, we compare the latency performance of
FedMes with other baseline schemes.

1) FedMes: Assume that the size of the model is M bits. Let
c be the number of required CPU cycles to compute 1 bit and
f be the number of CPU cycles per second (i.e., computation
capacity at each client). We also assume that performing E
local updates require computation of d(E) bits at each client.
Then, the computation time at each client for E local updates,
denoted by tcomp, can be written as

tcomp =
c · d(E)

f
. (12)

Assume that orthogonal frequency division multiple
access (OFDMA) is utilized for uploading clients’ local mod-
els to their corresponding ESs after E local updates. Let
Bu be the uplink bandwidth between the client and the ES.
Similarly, we define Bd as the downlink bandwidth that the
edge server uses to send the aggregated global model to each
client. We also let hu be the uplink channel gain between the
client and the ES, which can be written as hu = gu/dη

edge.
Here, gu, η, dedge denote the fast fading component, pathloss
exponent, and the distance between the ES and the client,
respectively. We can similarly define the downlink channel
gain as hd = gd/dη

edge. Finally, we let pclient and pedge be the
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transmitter power at the clients and ESs, respectively. Then
the communication time for one-round trip between the client
and the edge server, tedge, can be written as

tedge =
M

Bu log2(1 + hupclient

BuN0
)

+
M

Bd log2(1 + hdpedge

BdN0
)
, (13)

where N0 is the noise spectral density. Here, we note
that the uplink communication time M

Bu log2(1+
hupclient
BuN0

)
is

significantly larger than the downlink communication time
M

Bd log2(1+
hdpedge
BdN0

)
since the clients generally have much smaller

transmit power compared to the server (i.e., pclient � pedge).
Now the running time of FedMes for a single global round
can be written as follows:

tFedMes = tcomp + tedge. (14)

2) Cloud-Based FL: In the cloud-based FL scheme, all
clients communicate with the central cloud server for model
uploading/downloading. The running time of the cloud-based
FL scheme for one global round becomes

tCloudFL = tcomp + tcloud, (15)

where tcloud is the communication time for one-round trip
between the client and the cloud server. We can write the chan-
nel between the client and the cloud server as h = g/dη

cloud,
where dedge � dcloud holds. Hence, the uplink communication
time of our scheme is significantly smaller than the uplink
communication time of the cloud-based FL. Moreover, since
the uplink communication time is the dominant factor of the
communication time delay, we generally have tedge � tcloud.
By comparing (14) and (15), it can be seen that FedMes can
significantly improve the latency performance compared to the
conventional cloud-based FL scheme.

3) Hierarchical FL: Both the edge servers and the cloud
server are utilized in the hierarchical FL scheme of [23]. In the
edge aggregation global round, each edge server aggregates
the local models sent from the clients in its covered area
and distributes the aggregated model to the clients. In the
cloud aggregation global round, the cloud server aggregates the
updated models from the ESs and distributes across the clients.
Suppose that the cloud aggregation is performed periodically
at every Tcloud global round. Then, the average running time
for one global round becomes

tHier =
1

Tcloud
[(tcomp + tedge)(Tcloud − 1) + tcomp + tcloud].

(16)

Note that tedge � tcloud holds. By rewriting the running time
of FedMes in (14) as tFedMes = 1

Tcloud
[(tcomp+tedge)(Tcloud−1)+

tcomp + tedge], it can be seen that the latency performance can
be significantly improved by using FedMes compared to the
hierarchical FL scheme, especially with small Tcloud. It can be
also seen that the gap decreases with a larger Tcloud. These
results are confirmed via experiments in Section V.

Remark 1: As stated in the introduction, the latency of
decentralized FL (or serverless FL) depends on the network
topology (i.e., how the clients are connected to each other).
Although analyzing the performance of serverless FL is out

of scope of this paper, we provide an example comparing the
serverless FL scheme with our FedMes in Appendix B.

IV. THEORETICAL RESULTS

In this section, we provide the convergence bound on
FedMes with the following common assumptions in FL [6],
[12], [29], [30] and distributed optimization [31], [32].

Assumption 1: For all k ∈ {1, 2, . . . , K}, Fk(w) is β-
smooth with respect to w, i.e., for any w and w′, Fk(w) ≤
Fk(w′) + (w −w′)∇Fk(w′) + β

2 ‖w−w′‖2.
Assumption 2: For all k ∈ {1, 2, . . . , K}, Fk(w) is μ-

strongly convex, i.e., for any w and w′, Fk(w) ≥ Fk(w′) +
(w −w′)∇Fk(w′) + μ

2 ‖w−w′‖2.
Assumption 3: The stochastic gradients in each device is

unbiased and its variance is bounded, i.e., Eξ[∇Fk(w, ξ)] =
∇Fk(w) and Eξ[‖∇Fk(w, ξ) −∇Fk(w)‖] ≤ σ2

k .
Assumption 4: The expected squared norm of stochastic

gradients is uniformly bounded, i.e., Eξ[‖∇Fk(w, ξ)‖2] ≤ G2.
All above assumptions hold for linear/logistic regression mod-
els but Assumption 2 generally does not hold for neural
networks with non-convex loss functions. We show later
in Section V that the proposed FedMes works well on
both neural networks (having non-convex loss functions) and
logistic regression models (that surely satisfy all the above
assumptions).

For analysis, we assume that all clients in the system
participate for each global round. By defining vk(t + 1) as

vk(t + 1) = wk(t)− ηt∇Fk(wk(t), ξk(t)), (17)

we can rewrite our result in (11) as follows:

wk(t+1)=

⎧⎪⎪⎪⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎪⎪⎪⎩

vk(t + 1), if E � t + 1∑
k∈Ci

γ
(i)
k vk(t + 1), if E | t + 1 and k ∈ Ui

1
2

( ∑
k∈Ci

γ
(i)
k vk(t + 1) +

∑
k∈Cj

γ
(j)
k vk(t + 1)

)
,

if E | t + 1 and k ∈ Vi,j

(18)

Let w∗ be the optimal solution of F (w) in (1). From the
β-smoothness of F , we have

F (wf (T ))− F (w∗) ≤ (wf (T )−w∗)T∇F (w∗)

+
β

2

∥∥wf (T )−w∗∥∥2
,

where wf (T ) is our final model defined in (10). Now we set
αu = 2αv and assume that all clients have the same number
of data samples. Then by taking expectation at both sides,
we have

E
[
F (wf (T ))

]
− F (w∗) ≤ β

2
E
[ ∥∥wf (T )−w∗∥∥2

]
(19)

=
β

2
E
[
‖v̄(T )−w∗‖2

]
(20)

where v̄(t) = 1
K

∑K
k=1 vk(t). Here, (20) comes from αu =

2αv and assuming that all clients have the same number of
data samples. Using same proof technique of [12], we have
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the following lemma which shows the upper bound on
E
[
‖v̄(T )−w∗‖2

]
in (20).

Lemma 1: Assume that Fk is β-smooth, μ-strongly convex.
If ηT ≤ 1

4β , we have

E
[
‖v̄(T + 1)−w∗‖2

]
≤ (1− μηT )E

[
‖w̄(T )−w∗‖2

]
+ η2

T E
[
‖ḡ(T )− g(T )‖2

]

+ 6βη2
T Γ + 2E

[ K∑
k=1

1
K
‖w̄(T )−wk(T )‖2

]
,

where w̄(t) = 1
K

∑K
k=1 wk(t), ḡ(t) = 1

K

∑K
k=1∇Fk(wk(t)),

g(t) = 1
K

∑K
k=1∇Fk(wk(t), ξk(t)) and Γ = F ∗ −

1
K

∑K
k=1 F ∗

k . Here, F ∗ is the minimum value of F and F ∗
k

is the minimum value of Fk.
Proof: See [12] for the proof.

Now based on Lemma 1, we have the following theorem
which provides the convergence bound of FedMes algorithm.

Theorem 1: Suppose Assumptions 1, 2, 3, 4 hold. Assuming
L = 3, consider a cell geometry with |U1| = |U2| = |U3| = u
and |V1,2| = |V2,3| = |V3,1| = v. By letting αu = 2αv and
selecting the learning rate ηt = 2

μ(γ+t) for γ = max{ 8β
μ , E},

the convergence bound of FedMes at time step T with full
client participation can be written as

E
[
F (wf (T ))

]
− F (w∗)

≤ β

γ + T

(B

μ
+ 2β ‖w(0)−w∗‖2

)
(21)

+
β

2
Q(T − 1) (22)

where Q(T ) = 2E[
∑K

k=1
1
K ‖w̄(T )−wk(T )‖2] and B =

1
K2

∑K
k=1 σ2

k + 6βΓ.
Proof: See Appendix C.

We can observe two terms from the convergence bound in
Theorem 1 above. The first term (21) is in the same form of
the bound in [12] with conventional cloud-based FL, and goes
to zero as time step T increases. The second term β

2 Q(T −1)
in (22) shows the gap between the model of each client and the
averaged model at time step T−1. In conventional cloud-based
FL scheme where the models of all clients are synchronized
at every global round, the second term (22) also goes to
zero as T increases, as illustrated in [12]. Similarly, if the
clients in the overlapping areas successfully act as bridges
for sharing the models between ESs in FedMes, the term in
(22) gets close to zero. More specifically, this term goes to
zero when the models of all clients converge to the same
model. Even if not, the algorithm can approach the optimal
solution within a certain error, when the variance of models
are bounded. In the next section, we empirically show that
FedMes achieves the accuracy of the conventional cloud-based
FL scheme at each global round, indicating that the effect
of the error term Q(T ) = E

[∑K
k=1

1
K ‖w̄(T )−wk(T )‖2

]
becomes negligible. In the following proposition, we provide
a more detailed analysis on this term of (22).

Proposition 1: Assuming E[||wk(t)||]2 ≤ Ω for all k and t,
the term Q(T ) in (22) can be upper bounded as

E
[ K∑

k=1

1
K
‖w̄(T )−wk(T )‖2

]

≤ 4
(γ + T )μ

(
48K

L
+ 24u)(E − 1)2G2 + β(

6K

L
+ 12u)Ω.

(23)

Proof: See Appendix D.
The first term of (23) goes to zero as T increases. The sec-

ond term β(6K
L + 12u)Ω can be viewed as an error term.

Note that this term is an increasing function of u. Since
K = (u+v)L, i.e., u = K

L −v, this error term can be rewritten
as a decreasing function of v. This indicates that more devices
in the overlapping areas reduces the error term and thus leads
to a better convergence.

V. EXPERIMENTAL RESULTS

In this section, we provide experimental results for our
algorithm using the MNIST [33], FMNIST [34] and CIFAR10
[35] datasets. We split the MNIST and FMNIST datasets
into 60,000 training samples and 10,000 test samples, and
split the CIFAR10 dataset into 50,000 training samples and
10,000 test samples. For MNIST and FMNIST, we utilized
the convolutional neural network (CNN) with 2 convolutional
layers and 2 fully connected layers, and 2 convolutional
layers and 1 fully connected layer, respectively. For CIFAR10,
we utilized VGG-11 for training. These results are provided in
Section V-C. In Section V-D, we additionally provide results
for training a logistic regression model using MNIST.

A. Comparison Schemes

We compare our FedMes with the following schemes. First,
we consider the hierarchical FL scheme [23], which utilizes L
edge servers and a single cloud server. Here, the cooperation
through the clients in the overlapped regions are not consid-
ered. In other words, the clients in the overlapped regions
communicate with only one ES. After E local updates at each
client, each edge server aggregates the models from the clients
in its own covered area and then distributes across the clients.
After Tcloud aggregations at each edge server, the cloud server
aggregates the models from the edge servers and distributes
across the clients. Here, the case with Tcloud = 1 can be
viewed as a cloud-based FL scheme since communication with
the cloud occurs with every E local updates at the clients.
Secondly, we consider Algorithm 1 with no overlap, where
the proposed Algorithm 1 is applied in a setup where the
clients in the overlapped regions communicate with only one
ES. Each edge server independently performs training without
any communication with the cloud, i.e., Tcloud = ∞. When
training is finished, the model parameters of different cells
are averaged to obtain the final global model.

B. Experimental Setup

We consider a setup with L = 3 edge servers and K =
90 clients. We also consider a cell geometry with |U1| =
|U2| = |U3| = u and |V1,2| = |V2,3| = |V3,1| = v, where
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Fig. 3. Test accuracy versus training time in a (client IID, cell IID) setup.

Fig. 4. Test accuracy versus training time in a (client non-IID, cell IID) setup.

Fig. 5. Test accuracy versus training time in a (client non-IID, cell non-IID) setup.

u + v = K/3 = 30 holds. In the aggregation step at the
edge servers, we let each edge server to collect the results of
randomly selected m = 20 clients in its covered area. Consid-

ering L = 3 edge servers, a total of 60 clients participate in
each aggregation step when there are no overlapping regions
(v = 0). When v > 0, each edge server has access to u + 2v
clients. For a fair comparison, we let each edge server to
collect the results of m = 20 clients, where um

u+2v of them
are taken from the non-overlapped region Ui, and 2vm

u+2v of

them are selected from the two overlapping areas, vm
u+2v of

each. Assuming that the adjacent edge servers select the same
vm

u+2v clients from the overlapping area by cooperation, a total

of 3(u+v)m
u+2v = 60(u+v)

u+2v clients participates in each aggregation
step. Hence, the number of clients participating at each global
round is reduced compared to the scheme with no overlap.

We set tedge/tcomp = 10 to capture the communication
bottleneck as in [13] and normalize tedge to 1. We define
tc = tcloud/tedge, where tc 
 1 holds due to the significant

communication delay between the client and the cloud
server. We set tc = 10 for experiments as in the setup in [23].
Mini-batch stochastic gradient descent with momentum is
utilized for training, with an initial learning rate of 0.01 and a
momentum term of 0.9. For all experiments, we set the number
of local epochs at each client to 5, and the local mini-batch
size to 10.

We consider three data allocation scenarios to test non-IID
situations: The first is the (client IID, cell IID) case, where
the datasets across K clients and across L cells are IID.
Secondly, we consider (client non-IID, cell IID) case where
each client randomly selects two classes for data assignment.
Hence, the datasets across clients are non-IID but across cells
are IID. The last is the (client non-IID, cell non-IID) where
the clients in each cell are given with two fixed classes.
Hence, the datasets across clients and cells are both non-IID.
For the first two scenarios, we only consider the case with
αu = αv since our scheme with αu = αv already shows the
optimal performance in these scenarios. For the last non-IID
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Fig. 6. Test accuracy versus tc . The test accuracies are computed at a specific time slot. 1) IID: time 30, 80, 80 for MNIST, FMNIST, CIFAR10. 2) (client
non-IID, cell IID): time 40, 80, 400 for MNIST, FMNIST, CIFAR10. 3) client/cell non-IID: time 60, 80, 1000 for MNIST, FMNIST, CIFAR10.

scenario, we consider different (αu, αv) scenarios. In addition,
we ignored the batch normalization layers of the VGG model
during training and testing for the last two non-IID scenarios.

C. Results With Deep Neural Networks
1) Experiments in a (Client IID, Cell IID) Setup: In Fig. 3,

we plot the test accuracy versus running time in a (client IID,
cell IID) setup. We let αu = αv for FedMes. We have the
following important observations in this setup. First, the pro-
posed schemes with v > 0 have very similar performances.
It can be seen that FedMes with u = 20, v = 10 has almost
the same performance as the scheme with all clients in the
overlapping areas (u = 0, v = 30). Comparing FedMes with
Algorithm 1 with no overlap (u = 30, v = 0), we have
the following results. For the MNIST dataset, Algorithm 1
with no overlap performs almost the same with the proposed
schemes, since the dataset is simple enough to achieve the
ideal performance by only utilizing the data covered by a
specific cell. With the FMNIST dataset, a slight gap between
FedMes and Algorithm 1 with no overlap is observed. For
a more complicated dataset CIFAR10, we have a larger gap
between them, around test accuracy of 8%.

Fig. 7. Error term Q(T ) versus global round using MNIST dataset in a
(client non-IID, cell non-IID) scenario.

Now we observe the hierarchical FL [23] with Tcloud = 1,
i.e., the cloud-based system where synchronization with the
cloud is performed at every global round. For all three datasets,
our observation is that FedMes can eventually achieve the
best-test accuracy of the cloud-based scheme, which is the
ideal performance. However, the proposed schemes do not
require costly communication with the central cloud server,
significantly reducing the running time to achieve the ideal
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Fig. 8. Test accuracy versus global round.

test accuracy compared to the cloud-based systems. The
hierarchical FL with Tcloud > 1 can reduce the period of
communication with the cloud, while achieving the ideal
performance. Hence, with a properly chosen Tcloud, it can be
seen that hierarchical FL with Tcloud > 1 performs better than
the cloud-based scheme with Tcloud = 1. However, it can
be seen that the hierarchical FL scheme still suffers from
communication delay with the cloud. Here, we note that a
very large Tcloud can reduce the communication time with
the cloud in the hierarchical scheme, but as Tcloud grows,
it gets closer to the comparison scheme Algorithm 1 with
no overlap. Therefore, significant degradation of the accuracy
with complicated datasets is expected when a large Tcloud is
chosen to reduce the communication time with the cloud. The
overall results show remarkable performance gains of FedMes
compared to others, especially with on CIFAR10.

2) Experiments in a (Client Non-IID, Cell IID) Setup:
Fig. 4 shows the result in a (client non-IID, cell IID) setup.
We set αu = αv for our schemes. Since the datasets across
the clients are non-IID, the performance of each scheme is
degraded compared to the case in Fig. 3. We also observe a
larger gap between the proposed schemes and Algorithm 1
with no overlap. The trend is consistent with the (client IID,

cell IID) case, confirming the advantage of FedMes utilizing
the clients in the overlapping cell areas.

3) Experiments in a (Client Non-IID, Cell Non-IID) Setup:
Finally, the case with non-IID datasets across both clients and
cells is illustrated in Fig. 5. In this non-IID setup, we consider
both cases with αu = αv and αu < αv for FedMes. An inter-
esting observation here is that the test accuracy of hierarchical
FL with Tcloud = 5 decreases before each aggregation step at
the cloud. This is because each edge server is given a biased
dataset within its coverage due to the cell non-IIDness, which
can degrade the performance before model synchronization at
the central cloud. Since Algorithm 1 with no overlap does
not allow any synchronization at the cloud during training,
it has significantly low test accuracy. In FedMes, the clients
in the overlapping cell areas enable to share the trained models
between edge servers. Therefore, even when some edge servers
have biased datasets within their coverage, the model of each
edge server can be assisted by various classes that are not
within its coverage. Especially in this scenario with non-IID
data across cells, it is observed that giving more weights to the
clients in the overlapping cell areas (i.e., αu < αv) can further
speed up training than the scheme that gives the same weights
to all clients (αu = αv). The overall results show that FedMes
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Fig. 9. Effect of varying αu, αv on FedMes with u = 20, v = 10.

Fig. 10. Number of clients located in each region with L = 3 cells.

is still powerful even in this non-IID setup, compared to the
schemes that require costly communication with the central
cloud server for model synchronization and the scheme that
does not take the overlapping areas between edge servers into
account.

4) Comparison With Varying tc: So far, we examined the
performance with a fixed tc = tcloud/tedge. Now the question
is, depending on tc of the current system, which scheme
performs the best and how much performance gain do we
have? Fig. 6 provides the result on test accuracy at a specific
time as a function of tc. The hierarchical FL scheme has
performance degradation with increasing tc. Since FedMes
does not utilize the cloud, its performance is not affected by tc.
Our observation is that FedMes performs the best even with
a small tc value. Especially in practical regimes where the
supportable latency of cloud-based system is much larger than
that of edge-based system, FedMes can provide significant
advantages compared to other baselines.

5) Test Accuracy Versus Global Round: Here we first
observe the behavior of the error term Q(T ) in (22) as a
function of global round. As can be seen from Fig. 7, the error
term decreases up to a certain constant. To see how this
error affects the performance of our scheme, we observe

Fig. 8, which provides the accuracy-versus-round plots. The
communication time delay is not considered in this plot. It can
be seen that FedMes with both (u = 0, v = 30) and (u = 20,
v = 10) achieve the same final accuracy with the cloud-based
system (purple line), except for the case with Fig. 8(i). For
CIFAR10 in a (client non-IID, cell non-IID) setup, FedMes
with (u = 0, v = 30) achieves the same final accuracy with
the purple line but the case with (u = 20, v = 10) does
not. This indicates that a larger number of clients should be
in the overlapping areas to mitigate the effect of the error
term, especially when the data distributions across the cells
are non-IID and the dataset is relatively complex.

6) Effect of Varying αu, αv: We previously showed in Fig. 5
that giving more weights to the clients in the overlapping
regions (during aggregation step at the edge servers) can
further speed up FedMes, especially in a (client non-IID,
cell non-IID) setup. In Fig. 8, which shows the performance
of FedMes with u = 20, v = 10, we provide additional
experiments to gain insights on the effects of varying αu and
αv. We have the following interesting observations. First, if αv

is too small, i.e., if we give too small weights to the clients in
the overlapped regions, the effect of clients in the overlapping
areas are neglected; the aggregated models of the ESs cannot
be shared through the clients in the overlapping areas, degrad-
ing the performance of learning. If αv is too large, i.e., if we
give sufficiently large weights to the clients in the overlapped
regions, the effect of clients in the non-overlapped regions are
neglected which also significantly degrades the performance
of the trained model. With an appropriate choice of αu and
αv in a (client non-IID, cell non-IID) setup, we can speed up
training compared to the simple approach that gives the same
weights to all clients in the system (αu = αv). In particular,
for MNIST, αv = 1.3αu gives the best performance, while
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Fig. 11. Experiments with multiple overlapping ESs in a (client non-IID, cell non-IID) setup.

Fig. 12. Performance of FedMes in an asymmetric cell topology.

αv = 1.5αu does it for FMNIST and CIFAR10. Compared
to the result in a non-IID setup, giving more weights to the
clients in the overlapped region does not provide additional
performance gain in an IID setup.

7) Experiments With Multiple Overlapping ESs: In the
previous plots, we considered a setup where each client is
located in the overlapping region of no more than two ESs.
Here, we assume that the clients can be in regions with more
than two overlapping ESs. Again, we focus on L = 3 ESs
and define u, v as above. We also introduce w, the number
of clients in the overlapped region among all L = 3 cells
(see Fig. 10). The number of clients in the system can be
written as K = 3(u + v) + w. Fig. 11 shows the performance
of FedMes depending on u, v and w, in a (client non-IID,
cell non-IID) setup. Here, we let each ES to give the same
weights to all clients regardless of the location. The overall
results show that having more clients in the overlapped regions
can speed up training. On CIFAR10, when u > 0, the case
with w > 0 can achieve a target accuracy much faster.

8) Experiments in an Asymmetric Cell Topology: In Fig. 12,
we provide additional experimental results in an asymmetric

Fig. 13. Asymmetric cell topology for Fig. 12.

cell topology. The number of edge servers are L = 3, and we
set the number of clients in each region as in Fig. 13. The
results are consistent with the plots in the main manuscript,
confirming the advantage of FedMes in practical asymmetric
cell topology.

9) Experiments With L = 4 Cells: Finally, to confirm the
applicability of FedMes further, we consider a scenario with
L = 4 cells having K = 100 clients in the system. We assume
|Ui| = u for i ∈ {1, 2, 3, 4} and |V1,2| = |V2,3| = |V3,4| =
|V4,1| = v, |V1,3| = |V2,4| = 0. Fig. 14 shows the test
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Fig. 14. Performance of FedMes with L = 4 cells.

Fig. 15. Test accuracy versus training time for training a logistic regression model using MNIST.

accuracy as a function of running time. The results confirms
the advantage of FedMes in practical scenarios with more than
three cells.

D. Results With a Logistic Regression Model

In this subsection, we provide experimental results for a
logistic regression model which satisfies the convexity assump-
tion of Assumption 2. We focus on the multinomial logistic
regression problem using MNIST with 10 classes. Each 2D
image with size 28×28 is converted to a vector of size 784 to
be the input of the model. Other setups are exactly the same
as described in Section IV-B.

Fig. 15 shows the test accuracy versus running time for
different data distribution scenarios. As in the previous plots,
it can be seen that the cloud-based FL with Tcloud = 1 does
not perform well due to the large communication time delay
between the clients and the cloud server. Other schemes have
similar performances in both IID and (client non-IID, cell IID)
setups. However, in a (client non-IID, cell non-IID) setup,
FedMes again shows significant performance gain compared

to others, confirming the advantage of utilizing multiple edge
servers and the clients in the overlapping cell areas.

VI. CONCLUSION

We proposed FedMes, a FL algorithm specifically geared to
the practical cellular environment with multiple edge servers.
By utilizing the clients located in the overlapping cell areas
that act as bridges for sharing the models between edge
servers, FedMes enables to speed up training without utilizing
the central cloud server. We derived the theoretical conver-
gence bound of FedMes and provided insights on the conver-
gence behavior. Extensive experiments verified the advantage
of FedMes compared to existing methods on various datasets
with different data distribution setups. Our solution enables
to support latency-sensitive applications by speeding up FL
in real-world wireless networks 1) having large communi-
cation time delay between the clients and the cloud server
and 2) having biased datasets within the coverage of each
edge server. Extending our result to federated distillation or
ES-specific personalization are interesting topics for future
research.
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APPENDIX A
GENERALIZATION TO THE CASE WITH MORE

THAN TWO OVERLAPPING ESS

Our idea can be generalized to overlapping of more than
two ESs following the procedure of Algorithm 1. Suppose a
specific client k is located in the overlapping area of three ESs:
ESs i, j and l. Then, we can simply rewrite the aggregation
process of (6) as

wk(t)

=
1∑

k∈S
(i)
t

nk +
∑

k∈S
(j)
t

nk +
∑

k∈S
(l)
t

nk

×
(∑
k∈S

(i)
t

nkw(i)(t) +
∑

k∈S
(j)
t

nkw(j)(t) +
∑

k∈S
(l)
t

nkw(l)(t)
)
.

(24)

If we further assume that the number of training samples
utilized at ESs i, j and l are the same, we can rewrite equation
(7) in the main manuscript as

wk(t) =
1
3
(w(i)(t) + w(j)(t) + w(l)(t)). (25)

Similarly, considering N -overlapping ESs, the above two
equations can be simply rewritten as

wk(t) =
1∑

i∈N
∑

k∈S
(i)
t

nk

∑
i∈N

∑
k∈S

(i)
t

nkw(i)(t) (26)

and

wk(t) =
1
N

∑
i∈N

w(i)(t), (27)

respectively, where N is the set of ES indices that simultane-
ously covers client k with |N | = N . Now client k performs
local update and broadcasts the updated model to all connected
ESs. Finally, each ES aggregates the models in its coverage
as in the current algorithm.

APPENDIX B
COMPARISON WITH SERVERLESS FL

Consider a serverless FL scheme in Fig. 16(a) where all
devices in a specific cell can communicate with each other
for model exchange. It can be seen that this scheme achieves
exactly the same accuracy with our FedMes (in Fig. 16(b))
at each global round. However, the serverless FL scheme can
require a significantly larger time delay in this scenario since
each device should communicate with a significant number of
neighbors at each global round.

APPENDIX C
PROOF OF THEOREM 1

We first have

E
[
‖ḡ(T )− g(T )‖2

]

=
1

K2

K∑
k=1

E[‖∇Fk(wk(T ), ξk(T ))−∇Fk(wk(T ))‖2]

≤ 1
K2

K∑
k=1

σ2
k (28)

Fig. 16. Comparison between serverless FL and the proposed idea.

where (28) comes from Assumption 3. By combining the result
of Lemma 1 and equation (28), we can write

E
[
‖v̄(T + 1)−w∗‖2

]
≤ (1− μηT )E

[
‖w̄(T )−w∗‖2

]
+ η2

T B + Q(T )

where Q(T ) = 2E[
∑K

k=1
1
K ‖w̄(T )−wk(T )‖2] and B =

1
K2

∑K
k=1 σ2

k + 6βΓ. Now by defining ΔT as

ΔT = E
[
‖w̄(T )−w∗‖2

]
, (29)

we have

ΔT+1 = E
[
‖v̄(T + 1)−w∗‖2

]
(30)

≤ (1− μηT )ΔT + η2
t B + Q(T ). (31)

Here, (30) comes from (18) and by letting
αu = 2αv. Equation (31) directly comes from the result
of Lemma 1.

Let ηT = α
T+γ for some α > 1

μ and γ > 0 such that

η1 ≤ min{ 1
μ , 1

4β } = 1
4β and ηT ≤ 2ηT+E . Following the

same procedure of Theorem 1 in [12], we have

ΔT+1 ≤ x

T + γ + 1
+ Q(T ) (32)

where x = max{ α2B
αμ−1 , (γ + 1)Δ0}. Now by choosing α = 2

μ

and γ = max{ 8β
μ − 1, E}, we can finally write

E
[
F (wf (T ))

]
− F (w∗)

≤ β

2
E
[ ∥∥wf (T ))−w∗∥∥2

]
=

β

2
ΔT

≤ 2β

γ + T

(B

μ
+ 2βΔ0

)
+

β

2
Q(T − 1)

=
2β

γ + T

(B

μ
+ 2β||w(0)−w∗||

)
+

β

2
Q(T − 1)

which completes the proof.
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APPENDIX D
PROOF OF PROPOSITION 1

For any α, we can write

E
[ K∑

k=1

1
K
‖w̄(T )−wk(T )‖2

]
(33)

= E
[ K∑

k=1

1
K
‖(wk(T )− α)− (w̄(T )− α)‖2

]
(34)

≤ E
[ K∑

k=1

1
K
‖wk(T )− α‖2

]
(35)

=
1
K

E
[ ∑

k∈U1∪U2∪U3∪V12∪V23∪V31

‖wk(T )− α‖2
]

(36)

where (35) holds because E[||x − E[x]||2] ≤ E[||x||2] is
satisfied for an arbitrary x. Let T0 be the time step for
aggregation at the ESs satisfying T0 ≤ T and T −T0 ≤ E−1.
Based on T0, define w̄(U1)(T0) = 1

u+v

( ∑
k∈U1

wk(T0) +
1
2

∑
k∈V12

wk(T0) + 1
2

∑
k∈V31

wk(T0)
)

and w̄(C\U1)(T0) =
1

u+v

∑K
k=1 wk(T0)−w̄(U1)

k (T0). Here, note that |U1| = |U2| =
|U3| = u and |V1,2| = |V2,3| = |V3,1| = v hold.

Now by setting α as

α =
1

u + v

K∑
k=1

wk(T0), (37)

for k ∈ U1, we can write

E
[ ∑

k∈U1

‖wk(T )− α‖2
]

= 9E
[ ∑

k∈U1

||1
3

(
wk(T )− 1

(u + v)

K∑
k=1

wk(T0)
)
||2

]

= 9E
[ ∑

k∈U1

||1
3

(
wk(T )− w̄(U1)(T0)

)
− 1

3
w̄(C\U1)(T0)||2

]

≤
(a)

9E
[ ∑

k∈U1

{1
3
||wk(t)− w̄(U1)(T0)||2

+
1

6(u + v)

(
2

∑
k∈U2∪U3

||wk(T0)||2 +
∑

k∈V12

||wk(T0)||2

+
∑

k∈V31

||wk(T0)||2 + 2
∑

k∈V23

||wk(T0)||2
)}]

≤
(b)

9E
[ ∑

k∈U1

1
3
||wk(T )− w̄(U1)(T0)||2

]
+ 6uΩ

≤
(c)

3u · 4η2
T (E − 1)2G2 + 6uΩ

where (a) comes from convexity of || · ||2, (b) comes from
E[||wk(t)||2] ≤ Ω, (c) comes from the proof of Lemma 3 of
[12]. We can obtain the same results for k ∈ U2 and k ∈ U3.

Similarly, let w̄(V12)(T0) = 1
u+v

( ∑
k∈U1

wk(T0) +∑
k∈U2

wk(T0) +
∑

k∈V12
wk(T0) + 1

2

∑
k∈V23

wk(T0) + 1
2

∑
k∈V31

wk(T0)
)

and w̄(C\V12)(T0) = 1
u+v∑K

k=1 wk(T0) − w̄(V12)
k (T0). Now for k ∈ V12,

we can write

E
[ ∑

k∈V12

‖wk(T )− α‖2
]

= 4E
[ ∑

k∈V12

||1
2

(
wk(T )− 1

(u + v)

K∑
k=1

wk(T0)
)
||2

]

= 4E
[ ∑

k∈V12

||1
2

(
wk(T )−w̄(V12)(T0)

)
− 1

2
w̄(C\V12)(T0)||2

]

≤
(d)

4E
[ ∑

k∈U1

{1
2
||wk(t)− w̄(V12)(T0)||2

+
1

4(u + v)

(
2

∑
k∈U3

||wk(T0)||2 +
∑

k∈V23

||wk(T0)||2

+
∑

k∈V31

||wk(T0)||2
)}]

≤
(e)

4E
[ ∑

k∈U1

1
2
||wk(T )− w̄(V12)(T0)||2

]
+ 2vΩ

≤
(f)

2v · 4η2
T (E − 1)2G2 + 2vΩ

where (d) comes from convexity of || · ||2, (e) comes
from E[||wk(t)||2] ≤ Ω, (f) comes from the proof of
Lemma 3 of [12]. We can obtain the same results for k ∈ V23

and k ∈ V31.
By inserting the above results to (36), our objective function

can be upper bounded as

E
[ K∑

k=1

1
K
‖w̄(t)−wk(t)‖2

]

≤ (
24K

L
+ 12u)η2

T (E − 1)2G2 + (
6K

L
+ 12u)Ω

≤
(g)

4
(γ + T )μ

(
48K

L
+ 24u)(E − 1)2G2 + (

6K

L
+ 12u)Ω

where (g) holds by setting η2
T = 4

(γ+T )2μ2 ≤ 4
(γ+T )μ , which

completes the proof.
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