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Abstract: Federated learning (FL) is widely regarded as highly promising because it enables the
collaborative training of high-performance machine learning models among a large number of clients
while preserving data privacy by keeping the data local. However, many existing FL frameworks
have a two-layered architecture, thus requiring the frequent exchange of large-scale model parameters
between clients and remote cloud servers over often unstable networks and resulting in significant
communication overhead and latency. To address this issue, we propose to introduce edge servers
between the clients and the cloud server to assist in aggregating local models, thus combining
asynchronous client–edge model aggregation with synchronous edge–cloud model aggregation. By
leveraging the clients’ idle time to accelerate training, the proposed framework can achieve faster
convergence and reduce the amount of communication traffic. To make full use of the grouping
properties inherent in three-layer FL, we propose a similarity matching strategy between edges
and clients, thus improving the effect of asynchronous training. We further propose to introduce
model-contrastive learning into the loss function and personalize the clients’ local models to ad-
dress the potential learning issues resulting from asynchronous local training in order to further
improve the convergence speed. Extensive experiments confirm that our method exhibits significant
improvements in model accuracy and convergence speed when compared with other state-of-the-art
federated learning architectures.

Keywords: federated learning; edge computing; Non-IID data

1. Introduction

Federated learning (FL) is a distributed machine learning framework for a large num-
ber of clients to collaboratively train machine learning models without sharing local data [1].
It is an effective data privacy protection method in the current artificial intelligence environ-
ment that prevents the exposure of raw data [2], which has shown extensive applications in
many fields, such as healthcare, the intelligent Internet of Things, and finance services [3].

Traditional federated learning is typically structured with a cloud server connecting
multiple clients, thus requiring the exchange of a large number of model parameters during
multiple update iterations [1]. However, as the amount of participating clients increases,
the upstream bandwidth load in the network also increases, thus leading to network
congestion and a decrease in the speed of upstream communication [4]. Such communica-
tion inefficiency directly affects the overall training performance of the machine learning
model [4]. In order to alleviate the huge communication pressure towards the cloud server,
existing studies have exploited novel architectures such as adding an edge server layer
between clients and the cloud server [5]. The edge server acts as an intermediate in the
system by grouping the clients and fusing the machine learning models, which is referred
to as edge-assisted FL. By preaggregating local models at the edge layer, the amount of data
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updated by the model can be reduced by an order of magnitude [6]. With the same band-
width, the number of clients occupying the channel is reduced, and the available bandwidth
is increased. This approach increases the bandwidth available for each client’s upstream
link, thereby significantly reducing the time and traffic overhead of transmitting the model
parameters from the clients to the server [7]. However, edge-assisted federated learning is
constrained by the system heterogeneity, where the clients vary in their computing and
communication capabilities; as well, data heterogeneity often happens in different clients
with diverse local data. Furthermore, the bottleneck between communication from the
cloud to clients is still a pressing issue [6]. For example, during the process of synchronous
global model aggregation, the clients remain idle, so a significant amount of waiting time is
wasted. While all clients perform asynchronous updates, a rather serious staleness effect
occurs if the clients’ data are not independently and identically distributed (Non-IID) to
a large extent. Therefore, there is a need to develop a set of synchronous–asynchronous
hybrid update strategy for edge-assisted federated learning.

In the context of federated learning, client devices are often resource-constrained in
wireless networks [8]. Therefore, the system needs to address a multiobjective problem,
such as achieving high global model accuracy in the shortest possible time [9]. However,
the data owned by each client are Non-IID and influenced by client data drift [10], which
significantly slows down the convergence of the global model [11]. Current studies have
attempted to solve the FL challenge caused by Non-IID data. Fedprox [12] introduces a
proximal term in the loss function to prevent local updates from deviating too far from
the initial global model. SCAFFOLD [13] adds a correction term in the local model update
formula to overcome gradient disparities. The MOON algorithm [14] draws inspiration
from contrastive learning and introduces a model-contrastive loss to ensure the closest
possible correspondence between the parameters of the global and local models. These
methods effectively alleviate the negative impact of Non-IID data. The three-layer archi-
tecture introduces data heterogeneity among the edges, which will be further amplified
by the cloud–edge–client model aggregation, thus leading to a decrease in the overall
model performance.

Clustered federated learning (CFL) investigates the potential relationships between
the data of each client [15] to address the Non-IID problem [16]. In CFL, clients are clustered
based on their similarity, and federated optimization is performed within each cluster. This
approach greatly improves the performance of the model within each cluster and enhances
efficiency [17]. Fundamentally, CFL is closely related to multitask learning: if the tasks
within each cluster are similar, they belong to the same learning task. Information exchange
between clusters—only occurring during the aggregation process with the cloud server—is
limited. Although multitask learning can train models that are highly adapted to each task
within a cluster [18], it is difficult to train a global model that can perfectly match all tasks.
The aforementioned works have demonstrated a clear correlation between edge–client
pairing and CFL. The edge layer in the three-tier FL architecture is paired with a subset of
clients to form a cluster. Multiple clusters can then collectively train a global model instead
of each cluster training its own separate model. The key challenge is how to maximize
the rich and heterogeneous information contained in each cluster to accelerate the global
model convergence.

Therefore, we enhance edge-assisted federated learning (EEFL) with asynchronous
aggregation and cluster pairing over wireless networks to address the slow convergence
and low accuracy of the global model caused by Non-IID training data. In summary, this
paper makes the following contributions:

• We propose a novel semi-asynchronous training and aggregation strategy to sig-
nificantly improve the convergence speed at the edge for the three-layer federated
learning architecture. In each training round, the clients in the coverage area of the
same edge server are asynchronously trained with the subglobal model obtained after
the edge aggregation. This strategy effectively trades the waiting time with local
model training to accelerate the convergence.
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• We design an edge–client matching strategy to adapt to the semi-asynchronous archi-
tecture. Based on the similarity of the local models, the clients are selected to have
as far away a distance represented by their data distribution as possible so that the
asynchronous training results in each edge cluster are more close to the global model
and thus achieve a faster convergence speed.

• We design a new loss function by integrating the concept of personalized federated
learning into model-contrastive FL aimed at preserving the historical local information
in the local training process, learning both global and local representations, and further
accelerating the convergence process to enhance the accuracy of the global model.

The remainder of this paper is organized as follows. Section 2 presents the related work
on edge-assisted FL and Non-IID data. Section 3 introduces the edge-assisted federated
learning architecture and our motivation. In Section 4, we describe the framework of
EEFL and further describe the three innovations. Extensive experiments are conducted in
Section 5. Finally, we conclude the paper in Section 6.

2. Related Work

In this section, we review the existing research on federated learning and summarize
the differences between our work and the existing work. The survey of existing study
focuses on the solution strategies of edge-assisted FL, Non-IID data distribution, and cluster
pairing in wireless network scenarios.

2.1. Edge-Assisted FL

In the context of wireless networks, the clients of federated learning are constrained
by their geographical locations, thus resulting in dispersed data that require frequent
aggregations with the server in order to achieve model convergence [19]. When a large
number of devices communicates directly with the cloud through a wide area network, this
exacerbates congestion in the backbone network, thus leading to significant communication
delays [20]. In order to reduce communication costs and alleviate latency, two approaches
have been proposed. The first one is to reduce the amount of data transmitted in each
iteration [21], for example, model compression techniques such as network pruning [22] and
weight quantization [23]. And the other one is to decrease the communication frequency by
selecting client participation in training based on accuracy, data quality, or model update
importance [24,25].

Another stream of research is to introduce edge servers as a relay layer in order to mit-
igate the transmission overhead in the core network [5]. This is achieved by leveraging the
higher efficiency of client–edge communication, thus allowing for partial model aggrega-
tion. In wireless networks, where the distance between clients and edge servers is generally
closer compared to the cloud server, frequent parameter exchanges between edge servers
and clients can effectively accelerate the training process. Building upon this, the FedEdge
framework [26] further improves communication frequency by asynchronously updating
the edge servers with global model parameters received from the cloud server. Neverthe-
less, directly assigning the received asynchronous global model to the client at the edge
does not fully exploit the value of the asynchronous model due to the staleness effect.
Differently, our EEFL proposes the exponential moving average (EMA) on the global model
during training, which aims to preserve the historical training information.

2.2. Non-IID Data

The challenges faced by federated learning at the communication level primarily stem
from the Non-IID nature of the data. The commonly used FedAvg algorithm [1] does not
incorporate specific adjustments when confronted with Non-IID data, thus resulting in
potential performance losses. Current research in this area primarily focuses on several key
aspects aimed at mitigating the impact of Non-IID data on the global model: (1) Improving
the loss function for local training: FedProx [12] introduces a proximal term into the
loss function, thus ensuring that local updates do not deviate too far from the initial
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global model. SCAFFOLD [13] adds a corrective term to the update formula of the local
model, thus overcoming gradient differences. Meanwhile, the MOON algorithm [14] draws
inspiration from contrastive learning and introduces a model-contrastive loss, thereby
maximizing the similarity between the parameter representations of the global and local
models. (2) Improving the aggregation method between the server and clients: FedMA [27]
utilizes Bayesian nonparametric methods, which identify matching sets of convolutional
filters and average them into the global convolutional filters. FedAvgM [28], on the other
hand, introduces a momentum mechanism when updating the global model on the server.
(3) Personalized federated learning: FedRep [29] divides the model into a base layer and a
personalized layer, thus proposing to use the base layer to learn a dimensionality-reduced
representation of the global feature representation between data, while the personalized
layer serves as a unique local head for each client to achieve personalization. In our
EEFL framework, we adopt the idea of personalization and improve the design of the loss
function for local training. Compared to the MOON algorithm, our approach, by splitting
the model into personalized and shared layers, not only reduces the divergence of model
weights during aggregation but also further enhances the local model’s ability to extract
personalized features.

2.3. Cluster Pairing

To address the heterogeneity of data and device heterogeneity, clustered FL has
emerged. In clustered FL, server pair clients based on geographical location, task similarity,
data distribution similarity, and resource similarity form clusters [30]. Reasonable grouping
and pairing can reduce the differences in system functionality and dataset characteristics
among clients within the same group. K-FED [31] completes the cluster of clients with
just one round of k means; although it requires fewer communication rounds, the overall
model accuracy is lower. FeSEM [32] proposes a multicenter aggregation mechanism, thus
utilizing an expectation–maximization method to derive the optimal matching between
the clients and the centers. FedGroup [33] groups clients based on the similarity of client
update directions and constructs a data-driven distance metric to improve clustering
efficiency. Unlike the method of grouping clients with high similarities as mentioned
above, HiFlash [6] disperses clients into different edge groups based on different data
distributions and response times of the clients, which ensures that the data distribution on
the edge nodes is IID. Unfortunately, the HiFlash method needs to collect all the raw label
distributions of the clients in the range of edges, which is hard to obtain due to privacy
protections. In our work, the cluster pairing only depends on the local models and does not
necessitate knowledge of the local dataset features. By computing the similarities between
local models and applying three-layer federated learning, the convergence speed of the
global model can be improved.

3. Problem Formulation and Motivations

In this section, we first introduce the general problem in three-layer federated learning
and then present our motivation of this article through some pre-experiments.

3.1. Problem Formulation

Our focus is to train a machine learning model with the objective of minimizing the
sum of losses under the three-layer federated learning architecture.

min
w

f (w) =
N

∑
j=1

∑
i∈Cj

|Di|
|D| fi(w) (1)



Electronics 2024, 13, 2135 5 of 16

where N is the total number of edges. We denote Cj as the client set of the jth edge, and the

total number of clients can be defined as K =
N
∑

j=1
Cj. The size of each local training dateset

is Di. The local loss function of the ith client is

fi(w) =
1

|Di|

|Di |

∑
j=1

L(w; xj, yj) (2)

where (xj, yj) denotes the input and label of the training sample. L(w; xj, yj) is the loss
function measuring the difference between the predicted label and true label (usually using
the crossentropy loss function).

We consider the cumulative number of communications with the cloud server as the
overall iteration count, which is denoted as T.

3.2. Motivation

Our ideas are derived from experiments conducted within the HierFAVG frame-
work [5] using the MNIST dataset [34] as an example. Within this framework, no specific
assignment or allocation between clients and edges is performed; instead, a random group-
ing approach is used. We consider the Non-IID data distribution scenario, where each
client possesses only 1–2 label distributions. We draw inspiration from clustered federated
learning, which aims to group clients with similar data distributions by exploiting the
similarity between local models. This strategy accelerates the convergence of the global
model within each group, thus resulting in a higher classification rate for the data labels
present in that group. Based upon this, we propose the following hypothesis. Considering
that the data distribution among the clients in one group is relatively diversified, and each
group contains a substantial number of training samples from different classes, will the
training process will be expedited?

To validate our hypothesis, we built a three-layer federated learning system consisting
of one cloud server, four edge servers, and 20 client devices. Each client device only
possesses samples from 1–2 classes in the MNIST dataset. Three different aggregation
strategies are compared:

• Edge-NIID: The data labels owned by clients under each edge are similar (i.e., each
edge only contains samples from 3–4 classes).

• Edge-IID: The data labels owned by clients under each edge are different (i.e., each
edge contains samples from 8–9 classes).

• Edge-random: The matching between edge servers and clients is performed entirely
at random, and the data distribution is random.

As shown in Figure 1, the global model converged slowest in the Edge-NIID scenario,
which is clearly unreasonable compared to the other two settings. In three-layer federated
learning, the information that the client can interact with is largely derived from the client
information under its paired edge coverage. If this portion of information tends to be
consistent, it will not be conducive to training a comprehensive model. On the other
hand, the convergence speeds of the Edge-IID and Edge-random strategies are similar,
thus achieving high accuracy. However, this does not imply that the random matching
approach is optimal. The pre-experiments only consider the data distribution among clients
while ignoring many other aspects like the data amount and data quality. In the following
sections, we will extend this idea and explore a novel edge-assisted federated learning
scheme designed to ensure more efficient convergence.
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Figure 1. Pre-experiments on three different aggregation strategies on MNIST dataset.

4. Method

In this section, we first propose a scheme to enhance edge-assisted federated learning,
which is named as EEFL. Then, we sequentially introduce three innovative aspects of the
scheme, namely crosslayer asynchronous aggregation, data feature extraction, and im-
proved loss function.

4.1. EEFL Design

Our study proposes a new edge-assisted federated learning scheme to address the
slow convergence and low global model accuracy issues caused by Non-IID data in existing
FL architectures. The basic architecture is illustrated in Figure 2.

In the edge-assisted federated learning architecture, there are three layers. The first
and the third layer correspond to the client layer and the server layer, respectively, in the
traditional FL architecture. The HierFAVG algorithm [5] explores the concept of edge-
assisted federated learning, which involves the integration of an edge server (referred to
as “edge”) into the intermediate layers of the FL framework. In this system, we assume
the presence of K client devices, denoted as Users = {u1, u2, · · · , uK}, N edge servers for
intermediary communication, symbolized as Edges = {e1, · · · , eN}, and a cloud server C.
The specific training process is as follows:

Step 1: Local training on clients. Client devices train their local models on their
respective datasets for a certain number of iterations (denoted as τ1) and subsequently
transmit these local models to their corresponding edge servers.

Step 2: Edge aggregation. Each edge server generates a subglobal model by aggre-
gating the local models from its associated clients. If the predetermined rounds (τ2) have
not been reached, the edge server distributes this model to its matching clients. Otherwise,
the aggregated model will be transmitted to the cloud server.

Step 3: Cloud aggregation. The cloud server generates a global model by aggregating
the submodels received from the edge servers.

Step 4: Model updates. The cloud server sends the aggregated global model to the edge
servers, which in turn transmit the global model to the client devices. Finally, the clients
use this global model as the initial local model for the next round of training, thus updating
their local models accordingly.

Building upon the above algorithm, we proposed a data feature mining mechanism
and a new three-tier federated contrastive learning framework. The cloud server explores
the data distribution characteristics of client devices based on model parameters and groups
client devices with edge severs according to their data distribution patterns. During the
local update process on client devices, contrastive learning is employed to further retain
personalized information. This process continues until the accuracy of the global model
reaches a predetermined threshold.
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Figure 2. Framework of EEFL. To leverage the idle time of clients during the communication between
edges and cloud server, in each round of training, the edge models obtained by edge aggregation are
used to train the clients asynchronously.

4.2. Crosslayer Asynchronous Aggregation in Federated Learning

In the current workflow of edge-assisted federated learning, the round trip time (RTT)
from edge to cloud server is usually longer than that from the client to the edge (The
RTT between client and the cloud server is 150 to 300 ms, while the RTT between the
client and the edge server is much lower, ranging from 10 to 40 ms, which is similar to
the latency performance of commercial 5G networks.). The convergence speed would be
significantly impacted if all aggregations are performed synchronously. During the process
of aggregating local models from clients at the edge, client devices remain idle waiting
for the cloud server to complete aggregation and distribution of the global model. The
vanilla federated learning framework would work ideally if the network conditions remain
stable, and thus, all participants, including client devices, edge servers, and cloud servers,
consistently execute their corresponding tasks without any delay. However, in practical
wireless networking scenarios, network conditions vary, and participant responsiveness
may differ. This inefficient aggregation process could result in substantial time waste
throughout the entire system.

Therefore, our study introduced a crosslayer asynchronous aggregation mechanism
into the existing three-layer synchronous FL architecture, thus aiming to save time and
accelerate convergence.

Specifically, after the edge sends the intermediate model wt
ei

to the cloud server C,
the edge server will immediately send wt

ei
to its paired clients for local federated training.

The main process is equivalent to adding Step 3-1 in parallel to Step 3 in 3-layer FL
as follows:

The client uj updates the local model wt
uj

with wt
ei

, thereby training separately on their
dataset. Then, the local model is transferred to the pairing edge sever ei. This process is
repeated multiple times from Step 1 to Step 2 until the cloud server sends the global model
wt

c to all edge servers. At this stage, the edge devices reaggregate the global model with the
subglobal models:

wt
ei
= αwt

c + (1 − α)wt
ei

(3)

After the aggregation is completed, the updated global model wt
uj

is sent to each client
for the next round of reaggregation.

4.3. Data Distribution Feature Extraction

The primary goal of federated learning is to train a global model with high accuracy
in the shortest possible time. However, the Non-IID nature of data among clients can
significantly reduce convergence efficiency. Clustered federated learning addresses this
issue by partitioning clients into groups based on their similarity. By performing federated
optimization within each group, CFL can greatly improve the model’s performance within
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each group and enhance the overall efficiency. However, as evidenced in the experiments
shown in Figure 1, when the data distribution is scattered and each client only possesses
one or two labels, clustering similar clients into groups slows down the convergence speed
of the global model, even though the aggregated global model within each group achieves
higher recognition accuracy for that specific label. When similar clients are clustered into
one cluster and optimization is only performed on the models within the cluster, the variety
of data labels is limited, thus making it difficult to train a comprehensive global model.

Based on this premise, the clients were initially grouped based on their local models’
similarity. The goal was to ensure that the data distribution within each cluster encom-
passed as much characteristics of the entire dataset as possible. (i.e., client distributions
within clusters are dissimilar, while those between clusters are similar). We considered a
cluster as the coverage of an edge server. In conjunction with three-tier federated learning,
we designed the algorithm below to improve the accuracy of the final global model and
accelerate the convergence speed.

To measure the similarity of the clients and avoid excessive computational overhead,
we employed Singular Value Decomposition (SVD) on specific layers of local model. The
singular values Σi obtained from the decomposition serve as the model’s features and are
reduced to a one-dimensional array. It is recommended to use a specific layer close to the
input layer for analysis. Subsequently, we calculate the cosine similarity between different
groups of clients based on the singular values Σi, which is written as

sim(Σi, Σi′) =

〈
Σi, Σi′

〉
∣∣Σi

∣∣ · ∣∣Σi′
∣∣ (4)

and thereby, we can construct a cosine similarity matrix S. Using the similarity matrix S,
we group the clients based on their similarity, thus dividing them into K/N groups arr.
Starting from the first client, we select K clients for each group in descending order of
similarity until all the groups are formed (ensuring that clients within each group have
similar data distribution characteristics). Each edge server randomly pairs with one client
from each group, thus resulting in N pairs (where the data distributions of clients within
each pair are dissimilar). The specific approach is given in Algorithm 1.

Algorithm 1: Data feature extraction
Input: Local model of client i on the t-round update wi

t, i ∈ {1, 2, · · · , K}
Output: Client set that each edge is paired with Cj, j ∈ {1, 2, · · · , N}.

1 Construct a client set ClientSet = {1, 2, · · · , K};
2 for i ∈ {1, 2, · · · , K} do // compare client similarity
3 wi

t = part(wi
t);

4 Σk = SVD(wi
t);

5 Σk = Σk .resize();
6 end
7 for i ∈ {1, 2, · · · , K} do // construct similarity matrix
8 for i′ ∈ {1, 2, · · · , K} do
9 S[i][i′] = sim(Σi , Σi′ )

10 end
11 end
12 for i ∈ {1, 2, · · · , K} do // assign clients to edge
13 if client i /∈ ClientSet then
14 continue
15 Choose the top-K indexes both in sorted S[i] and in ClientSet;
16 Construct the arr[j], which equals to the chosen indexes above ;
17 Remove the chosen indexes from ClientSet;
18 end
19 for j ∈ {1, 2, · · · , N} do
20 Randomly select an unselected client from each row in arr to form Cj;
21 end
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4.4. Improvement on Model-Contrastive Federated Learning

In this part, we propose incorporating personalized federated learning into model-
contrastive FL. By simultaneously learning global representations and local representations,
we aim to enhance the FL global model performance.

The existing methods commonly encourage maintaining consistency between the local
models on the clients and the global model in federated learning, thereby overlooking
the heterogeneity and individuality of client data. Our method is inspired by the MOON
algorithm, which improves the test accuracy by introducing consistency between the
representations of local models and the global model. However, it also brings forth new
challenges: (1) The computational burden on the clients significantly increases, as they
need to compute additional representations of the same input on the global model and the
previous round’s local models. (2) The previous round’s local model is reassigned, thus
representing only the local learning status of the preceding round and failing to reflect
the client’s learning progress in previous rounds. (3) During local updates on the clients,
the algorithm fails to explore the client’s own local model features, thus leading to the loss
of data features that are more useful for the local task.

In this section of the study, we aim to solve the above challenges and further modifies
the existing FCL model as illustrated in Figure 3. Following the principles of federated
personalized learning, we divided the training model into a shared layer wshared close to
the input and a personalized layer wper close to the output. On the one hand, we compared
the representation of the shared layer in the local model zls with the representation of the
shared layer in the global model zgs . On the other hand, we compared the personalized
representation of the current round’s local model zt

ls with the accumulated personalized
representation of the historical local models zt−1

ls
obtained through Exponential Moving

Average (EMA). Therefore, the loss function in this paper will be divided into two parts.
The first part is the supervised learning classification loss lsup, which is the crossentropy loss.
The second part is the model comparison loss lcon mentioned above, which is written as

lcon = µlcon1 + γlcon2 (5)

Input

Base encoder

(shared layers)

Global model

Linear projection

(personalized layers)

Output 

layer

Maximize aggrement

Maximize aggrement

Local model

on t-th round

EMA

update

Local model

on (t-1)-th round

T

globalW

tT

localW ,

1, −tT

localW

t

gz
t

sz

t

pz
1−t

pz

Figure 3. Design of model−contrastive federated learning loss.



Electronics 2024, 13, 2135 10 of 16

In Equation (5), µ and γ represent the weights for the two types of comparison losses
individually. The first loss lcon1 represents the maximization of consistency between the
representations of the shared layers in the local model and the global model.

lcon1 = − log
exp(sim(zt

s, zt
g)/τ)

exp(sim(zt−1
s , zt

g)/τ) + exp(sim(zt
s, zt

g)/τ)
(6)

where zt
g and zt−1

s are the positive sample pairs and negative sample pairs of zt
s .

lcon2 represents the maximization of consistency between the representations of the
personalized layers in the local model between the current round and the historical rounds.

lcon2 =

∥∥∥∥∥∥ zt
p∥∥∥zt
p

∥∥∥ −
zt−1

p∥∥∥zt−1
p

∥∥∥
∥∥∥∥∥∥

2

(7)

Here, the historical models are updated using the EMA method.

wt−1
local =

{
αwt−1

local + (1 − α)wt
local , t > tEMA

wt
local , t ≤ tEMA

(8)

When the global update rounds have not reached the threshold tEMA, the local histori-
cal model is assigned in an one-time manner, thus indicating that the EMA update method
is not beneficial for the learning of the local model at this stage. Once the global round
exceeds the threshold tEMA, the local historical model will start to remember the historical
models using the EMA method. The EMA approach allows the historical model of clients
to comprehensively represent the information from all its previous rounds, rather than just
the information from the previous round alone.

5. Experiment

In this section, we present simulation results for our EEFL method to illustrate the
advantages of the new three-layer FL system.

5.1. Experiment Setup

In order to evaluate effectiveness of the proposed algorithm EEFL, we conducted
comprehensive experiments in a simulated wireless network environment consisting of
20 clients, four edge severs, and a cloud sever. We used three real-world datasets to evaluate
the performance of our algorithm, including MNIST, CIFAR10, and FashionMNIST:

• MNIST [34]: The MNIST dataset consists of 70,000 grayscale images of handwritten
digits, with each sized 28 × 28 and divided into 10 classes. Each class contains 7000 im-
ages. The dataset is further divided into 60,000 training images and 10,000 test images.

• CIFAR10 [35]: CIFAR10 is a dataset of 60,000 color images, with each being
32 × 32 pixels in size and divided into 10 classes. It has 6000 images per class, with a
training set of 50,000 images and a test set of 10,000 images. Unlike the grayscale
images in MNIST and FashionMNIST, CIFAR10 contains color images, which adds an
additional dimension to the data.

• FahionMNIST [36]: This dataset consists of 70,000 grayscale images of fashion prod-
ucts, with each image sized 28 × 28. The dataset is categorized into 10 different
categories, with 7000 images in each category. Similar to the MNIST dataset, Fashion-
MNIST also includes a training set of 60,000 images and a test set of 10,000 images.

To fully evaluate the proposed federated learning algorithm, the experiments adopted
multiple neural networks. For MNIST, we used LeNet as the model trained on the clients.
For CIFAR10, we used a CNN network as the base encoder, which has three 3 × 3 convolu-
tion layers followed by 2 × 2 max pooling and fully connected layers with ReLU activation.
For FashionMNIST, we used CNN as the base encoder, which has two 3 × 3 convolution
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layers followed by 2 × 2 max pooling and fully connected layers with ReLU activation.
Note that all baselines used the same network architecture as OURS for fair compari-
son. The detailed setup are displayed on Table 1. The hyperparameters µ and γ can be
determined by grid search in practice.

Table 1. Experiment details on different datasets.

MNIST CIFAR10 FashionMNIST

batch size 20 25 32
learning rate 0.1 0.01 0.1

hyperparameter µ 10 0.05 0.01
hyperparameter γ 0.1 10 1
total parameters 21,840 3,493,197 421,642

To simulate the data heterogeneity among clients similar to practical scenarios, in ad-
dition to the common IID setting, we employed different data distribution strategies for
different datasets. For MNIST and FashionMNIST, the samples in each client were drawn
from one to two randomly selected classes. For the CIFAR10 dataset, we utilized the
Dirichlet distribution [37] to generate Non-IID data partitions among participants. We
sample pk ∼ DirN(β) and allocate the proportion pk,j of class k instances to participant j,
where Dir(β) is a Dirichlet distribution with concentration parameter β, which is defaulted
to 0.5. With the aforementioned partitioning strategy, each participant may have relatively
few (or even no) data samples in certain classes.

5.2. Evaluation and Baseline

Evaluation Metrics. We used three metrics to comprehensively evaluate the perfor-
mance of our algorithm:

• Test accuracy: The top accuracy of the global model after 200 communication rounds.
• Rounds with the cloud sever: Communication rounds to achieve the target accuracy.
• Time and energy consumption: Total time and energy consumed to achieve target

accuracy.

Tcomp =
cD
f

, Tcomm =
M

Blog2(1 +
hp
σ )

(9)

Ecomp =
αcD f 2

2
, Ecomm = pTcomm (10)

Baseline models. We compared our proposed algorithm with both traditional centralized
methods and federated learning schemes for performance evaluation:

• Centralized learning: This scheme collects all the raw data to the cloud for training
and provides an upper bound for model accuracy.

• FedAVG [1]: A traditional cloud-based FL scheme with synchronous aggregation.
• FedProx [12]: A cloud-based FL scheme with synchronous aggregation, which adds a

proximal term in the local training process.
• MOON [14]: A cloud-based FL scheme with synchronous aggregation, which adds

extra model-contrasitive loss in the local training process.
• HierFAVG [5]: A cloud–edge–client hierarchical FL scheme that performs synchronous

update in both client–edge aggregation and edge–cloud aggregation.

It is worth noting that we adopted random client–edge pairing for the traditional
two-layer FL schemes (e.g., FedAvg, FedProx, and MOON) to extend to three-layer FL for
fair comparison. In addition, other algorithms were trained from scratch. However, since
this algorithm performs pretraining on the client side for similarity grouping, in order to
ensure fairness, the same number of pretraining rounds were deployed for other algorithms
as well. The update strategies were divided into synchronous and asynchronous types for
fair comparison.
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5.3. Experimental Results
5.3.1. Test Accuracy and Iterations

In this section, we evaluate the final accuracy of the global model and global iterations
with the cloud sever under different baselines both in synchronous and asynchronous
aggregation. To mitigate costly communication with the cloud, local computations per-
formed by three-layer federated learning within a global round hugely increase. Hence, we
assessed the test accuracy in relation to the overall number of training epochs on the server.
By default, we performed 20 rounds of local self-training and 2 rounds of client–edge
parameter communication within each round. To accelerate the convergence speed, we
doubled the number of local self-training rounds to 40 for the first 30 global rounds of each
algorithm. In the later stages, we reduced it to 10 rounds.

Figure 4 illustrates our experiments on the aforementioned three datasets, thus exam-
ining the model accuracy and computational efficiency across various training approaches.
We categorized the update modes of the edge server into two types: asynchronous aggrega-
tion (ours) and traditional synchronous aggregation, where the clients and edge servers
remain silent until they receive the global model initiated by the cloud server. To ensure
fair comparison, we deployed these two update modes, which are referred to as asyn and
syn, in each benchmark where modifications were made to the local loss function.
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Figure 4. Test accuracy of different FL methods under synchronous and asynchronous update.

According to Figure 4, we can observe that, regardless of the federated learning
algorithm used, the aggregation speed in the asynchronous mode was significantly faster
than that in the synchronous mode. It is proved that our asynchronous approach saves
unnecessary waiting time and enables the entire system to reach the target accuracy faster.
Specific data can be obtained from Table 2, where experiments on the three datasets are
shown. During the specified 100 or 200 communication rounds with the cloud server, our
algorithm achieved higher top accuracy compared to the existing state-of-the-art federated
learning algorithms, with an improvement of approximately 6% to 10%. Even when
other algorithms were deployed in the asynchronous federated learning framework, our
approach still outperformed them by around 2%. In addition, by comparing the required
communication rounds to achieve target top accuracy, our proposed method consistently
demonstrated excellent performance across different datasets. It could achieve the specified
accuracy with approximately 60% to 80% fewer communication rounds. Compared with the
current three-layer federated learning schemes, our method achieved a 2.5×–7.0× speedup
in acceleration.
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Table 2. The top accuracy in 100 rounds with cloud server and the communication rounds to achieve
target accuracy.

EEFL (OURS) FEDAVG [1] MOON [14] FEDPROX [12]

Top Acc Rounds
to Target Top Acc Rounds

to Target Top Acc Rounds
to Target Top Acc Rounds

to Target

MNIST
asyn 0.9446 30 0.9328 33 0.9309 31 0.932 32
syn 0.9043 85 0.8831 100+ 0.8832 100+ 0.8836 100+

Cifar10
asyn 0.862 29 0.8443 35 0.842 33 0.8417 44
syn 0.769 161 0.7572 171 0.7526 165 0.7523 177

FashionMNIST
asyn 0.8736 31 0.8579 61 0.8568 76 0.8232 100+
syn 0.8487 113 0.8441 127 0.8335 139 0.8034 200+

The target top accuracy of MNIST dataset is 90%, and the target top acc of Cifar10 and FashionMNIST is 85%.

5.3.2. Similarity Pairing Strategy

In this section, we conducted experiments on the strategy of similarity pairing. We
primarily evaluated our similarity-based pairing method with the HiFlash [6] method and
random pairing method when other conditions were kept the same. Since our article focuses
on data heterogeneity without considering response latency, HiFlash, for completing the
pairing, only utilizes the clients’ label distributions to calculate JS divergences. Both our
method and HiFlash are dedicated to making the data distribution at the edge different,
namely Edge-IID. The main experiments were conducted on the CIFAR10 dataset with the
same parameters as mentioned earlier. The experimental results are shown in Figure 5. Our
pairing strategy performed much better than the other strategies, thus achieving 1.5% to
5% higher top accuracy.
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Figure 5. Comparison among different pairing strategies on CIFAR10 dataset.

As a result, we validate the hypothesis from the pre-experiment in Section 3 that
the aggregation effect of Edge-IID we proposed is higher than Edge-random through the
optimization of the loss function and asynchronous updates strategy. When the client data
distributions covered by each edge sever were farther apart, the asynchronously updated
subglobal models at the client–edge were found to learn more data features. Consequently,
when the edge servers aggregated parameters to the cloud server, the cloud server also
learned more data features, thus facilitating faster convergence of the global model.

The reason why HiFlash performed poor compared to the other two methods is that
it does not constrain an equal number of clients under each edge. Although it directly
ensures that the data distribution under each edge approximates Edge-IID, in the new
framework we proposed, the asynchronous aggregation phase provides the edge models
with more training opportunities. Unequal client numbers at the edge will pose significant
challenges to the performance of the global model. Furthermore, our method does not



Electronics 2024, 13, 2135 14 of 16

require obtaining the label distribution of clients in advance; instead, it directly pairs
through the models’ partial layers. Hence, our EEFL approach is safer and also facilitates
extension to other types of datasets.

5.3.3. Loss Function

In this part, we conducted ablative experiments about the loss function to evaluate the
effectiveness of this module. According to the Equation (4), our new loss function has three
parts: crossentropy loss and model-contrastive loss in shared layers and in personalized
layers. To measure the effectiveness of these parts, we conducted the experiments below in
the edge–cloud asynchronous update mode. We fixed the hyperparameters µ and γ with
the best-performing values in the loss function and changed the different combination to
validate the effectiveness of our proposed algorithm.

The list of the different loss function designs we need to compare includes the
following:

• Our design.
• Crossentropy loss and the first comparison loss.
• Crossentropy loss and the second comparison loss.
• Crossentropy loss only.

From Figure 6, our designed loss function led to an improvement of approximately
2% to 5% in the accuracy of the global model. Among them, the loss function that did
not utilize model-contrastive learning had the lowest accuracy, which was equivalent
to FedAvg. The first contrastive loss only considered the lower level of the model (i.e.,
parameters capturing common features in images), while the second contrastive loss only
considered the upper level of the model (i.e., parameters capturing fine details in images).
Considering each aspect separately without their combined use will result in a decrease
in accuracy; our algorithm combined the advantages of these two contrastive losses and
captured the commonalities among Non-IID clients while preserving the individuality of
each client’s data, thus resulting in the highest accuracy.
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Figure 6. Comparison between different loss design on CIFAR10 dataset.

The reason behind this improvement lies in the segmentation of the local models,
which not only retains the benefits of contrastive learning for the shared layer models but
also enhances the training process by incorporating the contrastive learning loss of the
personalized layer models. As a result, the extracted information from each model becomes
more diverse and comprehensive, thus leading to the observed improvement in the overall
accuracy of the global model.

6. Conclusions

In this paper, we have proposed a new edge-assisted federated learning (FL) scheme in
wireless network scenarios to address the issues of slow convergence speed and low global
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model accuracy caused by Non-IID data in traditional FL architectures. We optimized the
design in three aspects: update strategy, pairing method, and loss function. We adopted
an edge–cloud asynchronous update approach and optimized the pairing of clients and
servers in the asynchronous process, which significantly improved the effectiveness of
the individual modules. Compared to the current traditional three-tier federated learning
schemes, this method achieved a 2.5×–7.0× speedup in acceleration. Additionally, regard-
ing the improvement on the loss function for local updates of the clients, we surpassed
existing benchmarks on all three datasets by combining personalized ideas with the existing
federated contrastive learning, thus achieving higher convergence speed.
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