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Abstract—Federated learning is a cutting-edge method of
model training, which leverages the end users to train the global
model on the server. The end users are responsible for training
locally on their datasets and update the shared global model.
Once the local training is executed, the local trained models are
forwarded back to the server to further upgrade the global model
by performing aggregation. This process of global training is
carried out for certain number of rounds. Practically, the datasets
of clients are distributed heterogeneously. Thus, the updated
local models by clients emanate broad variation among local
models due to heterogeneity. In other words, the aggregation of
local models plays a vital role in federated learning. Specifically,
aggregating the diversified local models may deliver unsatisfac-
tory output if not performed efficiently. This article presents
a performance efficient and robust aggregation approach for
heterogeneous federated learning called FedLbl. Our approach
takes the diversity of data among clients into consideration
before conducting the aggregation of local models.Our study
compares the proposed method with conventional federated
learning techniques, resulting in a 28% increase in accuracy and
a 19% reduction in loss.

Index Terms—Heterogeneous networks, federated learning,
deep learning.

I. INTRODUCTION

Federated learning has emerged as a promising approach
for global model training by utilizing the end-users’ devices
in a network. This approach is transforming the field of
artificial intelligence by preserving the privacy of users. [1].
By incorporating intelligence at the edge of the network, It has
become an efficient model for privacy-preserving learning [2].
The end-users, referred to as clients of the network, can deploy
any neural network based on the network’s needs. Typically,
deep neural networks (DNNs), convolutional neural networks
(CNNSs) or recurrent neural networks (RNNs) are deployed
[3], [4]. It is important to note that since the datasets of
clients are non-independent and identically distributed (Non-
IID), the local models trained by clients exhibit significant
variations as a result of their varying characteristics [5].
Therefore, the process of aggregating highly diverse local
models in a heterogeneous environment affects the global
training performance [6], [7].

This paper proposes a performance efficient aggregation
method for heterogeneous federated learning called federated
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labels (FedLbl), which takes the data heterogeneity into the
consideration before performing aggregation of local models.

A. Related Work

The schema of distributed learning mechanism that utilizes
end-users was first proposed by Konecny et al. [8]. Since
federated learning involves diverse kind of clients, it is not a
realistic approach to assume even distribution among clients,
known as IID, as discussed in [9] and [10]. Studies by Zhao
et al. [11] have shown that when clients with heterogeneous
data distribution are involved in global training, the prediction
accuracy of the global model is affected. In order to address the
issue of significant diversity in the weights of local and global
models due to data heterogeneity, a data-sharing strategy was
proposed by [11]. This strategy aims to mitigate the impact of
varying data distributions across different clients by sharing
data across clients with similar data distributions. A subset of
data samples representing each class of label is created and
distributed among all clients connected to the network. The
authors on [12] and [13] also developed the method of creating
a smaller dataset for distribution among clients, as described
above. However, creating a smaller dataset using data from
all clients may not protect their privacy. The authors on [14]
suggested a technique that involves adjusting the global model
prior to aggregating the local models. However, this increases
the overhead for the server. A method termed FedProx was
put forth by [15], which incorporates a proximity function
to limit the local updates and keep them closer to the initial
weights of the model at server. The authors of [16] explored a
personalized version of federated learning that aims to find an
initial shared model that can be easily adapted by new clients.
A clustered federated learning approach was proposed by [17],
which utilizes the geometric characteristics of the federated
learning loss to improve performance. According to [18], the
performance of federated learning is primarily determined by
how the server aggregates the weights of local models. A well-
known aggregation method called FedAvg was proposed by
[18], which calculates the weighted average of local models
to update the global model. In [19], an aggregation method
called temporally weighted aggregation was introduced, which
utilizes past local models to improve performance.
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Fig. 1: System model of FedLbl

B. Contributions

Our primary goal is to obtain a global model with im-
proved accuracy and minimal loss while maintaining the
clients’privacy. The key contributions of proposed FedLbl
method are summarized as follows.

o First of all, we have proposed a novel method called
FedLbl, that considers the parameter of diversity in client
data distributions prior to the aggregation of the local
models to strive towards the minimum global loss point.

o Secondly, we have studied the impact of varying data
distribution among clients on global training, and have
shown that heterogeneity can negatively affect the per-
formance of global training.

« Finally, our proposed FedLbl method attains the highest
classification accuracy and the lowest loss in comparison
to traditional methods, as it considers the variance and
volume of data possessed by a client during aggregation.

To the best of the author’s knowledge, while most of
the methods proposed in the literature assume non-I1ID data
distribution among clients in federated learning, only a few
of them focus specifically on addressing the issue of data
heterogeneity.

II. SYSTEM MODEL

Assuming a network, which consists of K number of
clients that collaborate with a single server for global training.
Initially, the server shares the global model at round ¢ as w®.
The k-th client can be denoted by ci, and it has Dy data,
consisting of nj samples and Lj labels. After receiving the
global model, the client initializes local training and updates
the model accordingly. The locally trained model of the k-
th client is forwarded to the server as wltfl. Afterwards, the
server aggregates the received local model weights of all K
number of clients and updates the global model at round ¢+ 1
as whtl,

The proposed model divides the local models into two
groups based on heterogeneity level as shown in Fig. 1.
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Fig. 2: Comparison Global Accuracy and Loss with various
distribution of data among clients: (a) Accuracy (b) Loss

III. PROBLEM STATEMENT

The idea of conventional distributed learning is to improve
the global model by simple averaging. On the contrary, the
FedAvg trains the global model by evaluating the weighted
average of local models [4], [18]. When server forwards the
global model, the k-th client computes gradients with a fixed
learning rate of 7 as Ok = VFk(wl'i). The local model is
updated as

wf“l — wb — 0. (1

The received updated local models from K number of clients
at round ¢ + 1 are aggregated to update the global model as
K

n
“> F’“wfjl. 2)

k=1

wt-i—l

The weighted average of local models is calculated based on
the number of samples of each client’s data. However, this
method can lead to the global model being influenced too
heavily by a client with a large number of samples, potentially
causing the global model to converge on a local minimum loss
point instead of the global minimum.

We studied the effect of client data heterogeneity by di-
viding it into different label classes. The figure shown below
illustrates how the uneven distribution of data across clients
affects the global training process. The simulation parameter
X controls the number of label classes assigned to each client.
The figure clearly shows the degradation of performance when
heterogeneity is considered.

IV. PROPOSED MODEL

The proposed method incorporates the key parameters of the
system, which are essential to develop a realistic environment,
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Fig. 3: Proposed FedLbl Method

i.e. the volume and variance of the dataset on which the
local client trained the model. When the model at server is
shared with all clients at round ¢ as wt, the client calculate
the gradients as

Of = Ve l(ws Di), 3)

where, Dj is dataset of kth client with n; samples
(Tk;, Yk; ), 1 < i < ny, as defined earlier. The training objective
of that client can written as
min {(wy, Dy), )
WEER
where ((w, Dy,) is the loss of prediction, which is defined
as L(wp, Di) = 7= (o, )eny Jr: (wh). The k-th client
updates its local model using the calculated gradients and
forwards it to the server as

wltjl — wh — MOy (5)

When the local models of all clients are received at the server,
they are divided into two groups based on the number of
classes of labels. If k-th client’s number of classes of labels is
less than predefined threshold, i.e., Ly < Ly, the local model
of that client is added to the group M , else it is added to Z.
If we defined M as added local models in M and Z is the
local models added in Z, the global model is optimized as

ZkK=1 (1-a) (%k) )

to (&) wit, if ¢, € M,

S (1—a) (2) ©
+o (7(1;9)) wfrl, if ¢, € Z,

Wt
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Fig. 4: Evaluation of the proposed approach with conventional
methods using MNIST dataset with DNN (a) accuracy (b) loss

The parameter « is a weightage given to the labels’ classes,
and it ranges from O to 1. During the aggregation process, «
controls the weightage given to the clients’ local models. If
a is 0, the weighted average is entirely based on the volume
of clients’ training data. On the other hand, if « is 1, the
weighted average depends entirely on the variety of training
data. Furthermore, the parameter ¢ is the preference given
to clients whose models were trained with more classes of
labels. Specifically, it represents the weightage given to the
group of clients with a more diverse range of label classes.
When the server receives the clients’ local models, it divides
them into two groups: one with more label class variety and
the other with less. If 9 is 1, the weightage is given to the
former group, and if it is 0, the whole weightage goes to the
latter group. Furthermore, the Fig. 3 describes the proposed
FedLbl method’s flowchart.

V. SIMULATION RESULTS

We have validated the effectiveness of our proposed method
by training local models on a variety of datasets; MNIST [20],
Fashion-MNIST [21], CIFAR-10 [22] and spam/ham emails
dataset. For Fashion-MNIST and MNIST datasets, we have
employed the DNN architecture featuring one input layer, 4
hidden layers of 200 neurons with a ’relu’ activation func-
tion, and an output layer with a softmax activation function.
Moreover, for CIFAR-10 dataset, clients were deployed with
the CNN model which consists of a 2D convolutional layer
with 64 filters, where each filter is of size 3 x 3 with ’Relu’
activation function, two hidden layers of 200 neurons with the
same activation function and an output layer with ’Softmax’
function. Furthermore, for text classification, RNN model with
BERT encoder comprised of 12 layers (L.-12), a hidden state
of 768 (H-768) and A-12 is used.

302



23
Il 4>~ Proposed FedLbl
0.8 >_>.,>—»>44>"'>"‘>‘ t Conventional Distributed Learning
Erad £ -0 FedsGD
> o0 22§ 0~ Fedavg
: Koy ! S
074 0~ \ l,j\ i \r
i et i AWAL ol
. \ l \ \!
i o \ Y N 1 ﬁ i
: s 3
; 214+ ¥
Iy i\ b & i ' o
061} 7 i\ \l
- |/ iR o
g |/ \
Sl g0l
Sosqi-© - ! K
i/ ,'L ! R
i Eg W ! \,
i i i A Ml 1914 Q,\
0.4+ ¥l i ! if -] \ Q.
i o |y \ Sou,
I | > ~
] O g Iy 184\ o
0.3+ 4>~ Proposed FedLb\ \k
Conventional Distributed Learning - .
- FedSGD D'%.D.\D\‘D._
-O- FedAvg 1.7 -
0.2 L T T T T T T T
0 10 20 30 40 0 10 20 30 40
Aggregation Rounds Aggregation Rounds
(@) (b)

Fig. 5: Evaluation of the proposed approach with conventional
methods using Fashion-MNIST dataset with DNN (a) accuracy
(b) loss
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Fig. 6: Evaluation of the proposed approach with conventional
methods using CIFAR dataset with CNN (a) accuracy (b) loss

Our proposed method is compared with FedAvg along with
conventional distributed learning and FedSGD. Fig. 4 and 5
compares the accuracy and loss using MNIST and Fashion-
MNIST datasets. It is clear from the figures that the proposed
Fedlbl outperforms the conventional methods. Furthermore,
we have verified our proposed method by deploying CNN
model on end users having CIFAR-10 Data. The proposed
method achieved the significant performance as shown in
Fig. 6. We have also compared our proposed model by text
classification using RNN model with BERT encoder. The
proposed method has achieved an enhanced performance in
that setting also as shown in Fig. 7.
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Fig. 7: Evaluation of the proposed approach with conventional
methods using text dataset with RNN (a) accuracy (b) loss

VI. CONCLUSION

In this paper, an analysis was conducted to evaluate the
performance of federated learning in a diverse and practical
setting. The study demonstrated that the heterogeneity in the
division of data among clients can have an impact on the per-
formance of global model training. In addition to that, an ag-
gregation algorithm is proposed to overcome this issue, which
is well-suited to this environment and obtains better accuracy
while minimizing prediction loss. Considering heterogeneous
distribution, our proposed approach of segregating the local
models for aggregation achieves a significant improvements
over the conventional federated learning methods.
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