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Abstract—Federated Learning (FL) has emerged as an
effective paradigm for privacy-preserving distributed ma-
chine learning across mobile and edge devices. However,
the presence of non-independent and identically distributed
(non-IID) data in wireless networks often results in severe
gradient divergence, slow convergence, and degraded model
performance. To address these challenges, this paper pro-
poses FedCoalition, a coalition game-based clustered feder-
ated learning framework that dynamically organizes clients
into collaborative coalitions according to the similarity of
their model updates. By integrating coalition formation
with similarity-aware clustering, the proposed framework
effectively reduces gradient divergence and enhances col-
laboration among clients with similar data characteristics.
Furthermore, each coalition designates a Coalition Head
(CH) to perform intra-coalition model aggregation and
validate the aggregated model using an auxiliary validation
dataset, thus improving model reliability while reducing
communication overhead. Extensive experiments conducted
on the MNIST and CIFAR-10 datasets under non-IID data
distributions demonstrate that FedCoalition consistently
achieves higher classification accuracy, faster convergence,
and better robustness than existing clustered federated
learning methods.

Index Terms—Federated Learning, Gradient Divergence,
Coalition Game.

I. INTRODUCTION

With the rapid proliferation of Internet of Things (IoT)
technologies, a vast number of mobile and edge devices
continuously generate massive volumes of data through
wireless networks, enabling a wide range of machine
learning (ML) applications, such as image recognition,
anomaly detection, and intelligent decision-making [1].
Conventional centralized learning requires transmitting
raw data collected from distributed devices to a central
server for model training. Such an approach incurs

substantial communication overhead, raises serious pri-
vacy concerns, and imposes considerable computational
burdens on resource-constrained edge devices.

Federated Learning (FL) has emerged as an effective
privacy-preserving distributed learning paradigm that
enables clients to collaboratively train a global model
while retaining their data locally and sharing only model
updates with a central server [2]. By eliminating the need
to transmit raw data, FL effectively reduces communi-
cation overhead and mitigates privacy risks, making it
particularly suitable for intelligent mobile systems [1]
and edge computing environments [3].

Despite these advantages, FL remains highly suscep-
tible to data heterogeneity arising from non-independent
and identically distributed (non-IID) data across partici-
pating clients. Such statistical heterogeneity often results
in inconsistent local model updates, leading to severe
gradient divergence, unstable optimization, slow con-
vergence, and degraded global model performance [4].
Therefore, alleviating the adverse effects of gradient
divergence under non-IID data distributions has become
one of the most fundamental challenges in federated
learning.

Clustered Federated Learning (CFL) mitigates the
adverse effects of non-IID data by grouping clients with
similar data characteristics and learning cluster-specific
models. However, most existing CFL methods rely on
heuristic clustering strategies, lack model validation be-
fore global aggregation, and fail to capture dynamic
client interactions in wireless environments.

To overcome these limitations, we propose FedCoali-
tion, a coalition game-based clustered federated learning
framework built upon Hierarchical Federated Learning
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(HFL) [5]. Clients are dynamically organized into coali-
tions according to the similarity of their model updates,
while each coalition elects a Coalition Head (CH) [6]
to perform intra-coalition aggregation and model se-
lection using an auxiliary validation dataset. Further-
more, a similarity-aware coalition formation mechanism
reduces gradient divergence and improves aggregation
quality. Experimental results on the MNIST and CIFAR-
10 datasets demonstrate that the proposed framework
achieves faster convergence and higher accuracy than
existing clustered federated learning methods.

The rest of this paper is organized as follows. Sec. II
presents the system model and problem formulation.
Sec. II presents the proposed methods. The experimental
results are shown in Sec. III. Finally, Sec. IV gives the
concluding remarks.

II. SYSTEM MODEL

Consider a wireless network consisting of a central
server, referred to as the Model Owner (MO), and a
client set C = c1, c2, . . . , cN with N clients. The MO
maintains the global model parameter w, initiates the
federated learning process, and coordinates collaborative
model training. Each client ck possesses a private local
dataset Dk = {(xi

k, y
i
k) ∈ X × Y | 1 ≤ i ≤ nk}, where

xi
k and yik denote the input sample and its corresponding

label, respectively. Due to privacy constraints, local
datasets are never shared among clients. We assume that
the local data are non-IID, and the dataset size of client
ck is |Dk| = nk. The objective of FL is to learn the
optimal global model parameter w∗ by minimizing the
global loss function L, as defined in Eq. (1).

min
w∈Rd

L(w) = min
w∈Rd

{
∑N

k=1
pkLk(w)}, (1)

where d is the number of model parameters of the
neural network, nonnegative pk denotes the contribution
of client ck to the global loss function, and Lk is the local
loss function of client ck. In FedAvg [2], pk = |Dk|

|D| ,
where |D| =

∑N
k=1 |Dk| is the total number of data

samples across the client set C.
At the beginning of each communication round r,

the MO broadcasts the global model parameter wr to
all selected clients. Each client ck then performs local
training in parallel using its private dataset and the
received global model via Stochastic Gradient Descent
(SGD) [7].

wk
r+1 = wk

r − η∇Lk(w
k
r ), (2)

where η denotes the local learning rate of client ck.
Based on Eq. (2), the model update of client ck at
communication round r is defined as ∆wk

r = wk
r+1−wk

r .
After completing local training, the MO aggregates the

Fig. 1. Illustration of the gradient divergence issue.

updated local models by weighted averaging to obtain
the new global model.

A. Gradient Divergence

A fundamental challenge in federated learning is un-
derstanding how data heterogeneity affects model con-
vergence. To address this issue, we theoretically analyze
the impact of data heterogeneity using gradient diver-
gence as a quantitative metric. The required notations
are introduced as follows.

Let wk,j
r,e denote the local model weight of client

ck in coalition sj at the eth local epoch of round r,
where e ∈ [0, E] and r ∈ [1, T ] for a fixed local
number of epochs E and total number of rounds T .
Let the client index set of coalition sj be defined as
Ij = {i | ci is a member of sj , ∀ci ∈ C}. We denote the
local loss function of client ck in coalition sj by Lk,j(·).
The loss function L(j) of coalition1

L(j) =
∑

k∈Ij
pjkLk,j (3)

where the superscript j is the coalition index,∑
k∈Ij

pjk = 1, and pjk ≥ 0 for all k ∈ Ij .
Let vjr,e denote the centralized model parameter of

coalition sj at the eth local epoch of communication
round r [8]. This model corresponds to the ideal scenario
in which all clients within the coalition jointly train on
their combined data, and serves as a reference for quan-
tifying the gap between decentralized and centralized
training. Based on this reference, the gradient divergence
is defined as follows [8].

Definition 1: The gradient divergence is defined as
the difference between the gradient of the loss function
of client ck and that of its coalition sj , which is given
by

δk,j = max
w

∥∇Lk,j(w)−∇L(j)(w)∥. (4)

1sj is defined as follows: In this paper, the terms coalitions and
clusters are considered equivalent concepts.
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Fig. 2. The system architecture of FedCoalition.

The gradient divergence measures the maximum de-
viation between a client’s local gradient and the average
gradient of its coalition. A larger value indicates greater
statistical heterogeneity within the coalition.

Fig. 1 illustrates the impact of data heterogeneity
on federated learning. Under IID data, the local model
updates wk

r,e closely follow the centralized trajectory
vr,e, whereas non-IID data lead to divergent optimization
trajectories and slower convergence.

To alleviate this problem, we employ Clustered Feder-
ated Learning (CFL), which groups clients with similar
data distributions to better align local updates, thereby
improving training stability and convergence.

Assume that for any client ck in sj , Lk,j is λ-strongly
convex, L-smooth, and M -Lipschitz continuous [8, 9].
The objective for mitigating data heterogeneity is defined
as follows.

min δ =
∑

k∈Ij
min δk,j (5)

for each fixed coalition sj . Eq. (5) shows that the gradi-
ent divergence within coalition sj should be minimized,
meaning that local updates are aligned.

B. The Proposed Architecture

The proposed CFL framework is illustrated in Fig. 2.
To mitigate the adverse effects of non-IID data, we
develop a hierarchical CFL framework with one-shot
clustering [6] for distributed model aggregation. In the
initial communication round, the model owner (MO)
partitions clients into coalitions based on the similarity
of their model updates. Within each coalition, a client
is selected as the coalition head (CH) to perform intra-
coalition model aggregation. Following [10], each CH is
equipped with an auxiliary validation dataset for model
evaluation. The overall training procedure consists of the
following steps:

• Step 1: Global model distribution
At communication round r, the MO broadcasts the
global model wr to all CHs. Each CH evaluates
wr on its auxiliary validation dataset and decides

whether to distribute it to its coalition members.
If wr performs worse than the previously accepted
model, it is discarded, and coalition members con-
tinue local training using the previous model re-
ceived via D2D communication. This procedure is
referred to as model selection [10].

• Step 2: Local model training
Upon receiving either wr or a notification from the
CH, the selected clients perform local training on
their private datasets using SGD and then transmit
their updated model parameters to the correspond-
ing CH for intra-coalition aggregation.

• Step 3: Intra-cluster aggregation
Within each coalition, the CH aggregates local
updates from selected clients, as described in Algo-
rithm 1, following a FedAvg-like scheme [2]. The
aggregated model is then sent to the MO. Due to
similar updates within each coalition, FedCoalition
achieves faster convergence.

Algorithm 1: Intra-cluster Aggregation

Input: Client set C(j) of coalition sj ,
Ij ← {i|ci is the member of sj , ∀ci ∈ C′∩C(j)},
ŵ(j) ← {ŵi|i ∈ Ij , ∀ci ∈ C′ ∩ C(j)}

Output: updated model parameter w̃(j)

1: D ←
∑

k∈Ij
|Dk|

2: w̃(j) ←
∑

k∈Ij

|Dk|
D ŵk

3: return w̃(j)

C. The Proposed Clustering Methods

In this subsection, we present the clustering strategy
for addressing client heterogeneity in wireless networks.
We first introduce the metrics used to construct the
value function [11] in the proposed coalition formation
algorithm. The cosine similarity between the model
updates of clients ci and cj at communication round r
is defined as follows:

sim(wi
r, w

j
r) =

< ∆wi
r,∆wj

r >

∥∆wi
r∥∥∆wj

r∥
. (6)

The Gaussian similarity [12] between the model pa-
rameter updates of two clients ci and cj at round r is
defined as

gsim(wi
r, w

j
r) = exp(

−||∆wi
r −∆wj

r||
2

2σ2
), (7)

where σ controls how quickly similarity decreases
with the Euclidean distance between model updates.
Inspired by [13], the scaled similarity between clients
ci and cj at round r is defined as:

scsim(wi
r, w

j
r) = (1− ζ1)gsim(wi

r, w
j
r)

+ ζ1(1 + sim(wi
r, w

j
r)),

(8)
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where ζ1 represents a weighting factor that balances
the contributions of the two similarity metrics. Note
that scsim(wi, wj) ∈ [0, 1 + ζ1]. We denote the nor-
malized scaled similarity between two clients ci and
cj at round r by nscsim(wi

r, w
j
r), which is defined as

scsim(wi
r, w

j
r)/(1 + ζ1).

Let s be a coalition with |s| clients, and let Is denote
the index set of clients in s. Then, the average normalized
scaled similarity of coalition s is defined as follows:

avgnscsim(s) =
2

|s|(|s| − 1)

∑
i,j∈Is,j ̸=i

nscsim(wi
r, w

j
r)

(9)
Finally, to satisfy individual rationality [13], we define

the coalition value of coalition s as

v(s) =

{
v̂(s) if |s| ≥ 2 and v̂(s) > 0

0 otherwise
(10)

where v̂(s) = avgnscsim(s) − ζ2
|s|

∑
i∈Is

L′(wi
r), L′

denote the validation loss of the model parameters, and
ζ2 is a scaling factor. Eqn. (10) indicates that a coalition
with a higher average scaled similarity and better model
quality among its clients will yield a larger coalition
value.

To enable clients to decide whether to join or leave
a coalition in order to maximize the value function, we
introduce the concept of preference relations, which cap-
ture a client’s relative evaluation of different coalitions.
For any two coalitions s and s′ and a client ck, the
preference relation is defined as follows:

s ≻k s′ iff v(s ∪ {ck}) + v(s′ \ {ck}) > v(s) + v(s′),
(11)

which means that ck prefers joining coalition s over
remaining in coalition s′. In the following, we define
the switch and swap operations [11] based on the above
preference relation as follows:

Definition 3: Let S be a partition and s, s′ ∈ S . A
switch operation occurs if client ck leaves its current
coalition s′ and joins coalition s, i.e., s ≻k s′. In this
case, client ck switches from s′ to s.

Definition 4: Let S be a partition and s, s′ ∈ S .
A swap operation occurs if client ci leaves its current
coalition s′ and joins s, while client cj leaves its current
coalition s and joins s′ for some i ̸= j, i.e.,

v(s ∪ {ci} \ {cj}) + v(s′ ∪ {cj} \ {ci}) > v(s) + v(s′).
(12)

The coalition formation process is based on iterative
switch and swap operations. Clients dynamically adjust
their coalition memberships by repeatedly performing
these operations until a Nash-stable partition [11] is
achieved.

TABLE I
PERFORMANCE COMPARISON WITH EXISTING METHODS UNDER

NON-IID DATA DISTRIBUTIONS.

Metric FedAvg [2] FedCFL [8] IFCA [15] Ours

MNIST Acc. (%) 91.8 95.0 93.1 97.3
CIFAR-10 Acc. (%) 59.6 63.2 66.1 70.5
MNIST Loss 0.28 0.23 0.17 0.09
CIFAR-10 Loss 1.17 1.06 0.99 0.90

III. EXPERIMENTAL RESULTS

This section presents the experimental evaluation of
the proposed FedCoalition framework and compares its
performance with the baseline and existing approaches.
We consider N = 50 clients with a sampling rate of 0.2.
Experiments are conducted on the MNIST and CIFAR-
10 datasets using a two-layer convolutional neural net-
work (CNN) and MobileNetV3-Large [14], respectively.
The total number of communication rounds is T = 100.
In each round, every selected client performs E = 2
local training epochs with a learning rate of η = 0.01.
The client data are partitioned according to a Dirichlet
distribution with concentration parameter α = 0.6.

We compare our proposed CFL framework with ex-
isting works:

• FedCFL [8]: the MO clusters clients by the cosine
similarities of model weight updates using the K-
means algorithm.

• IFCA [15]: each client trains on all k models with
its local dataset and then selects the model with the
lowest local loss, sending it back to the MO.

Table I compares the testing accuracy of different
methods under non-IID data distributions on the MNIST
and CIFAR-10 datasets. On the MNIST dataset, the
proposed FedCoalition framework achieves the highest
accuracy of 97.3%, outperforming FedCFL, IFCA, and
FedAvg by 2.3%, 4.2%, and 5.5%, respectively. On the
other hand, on the CIFAR-10 dataset, FedCoalition at-
tains an accuracy of 70.5%, exceeding the corresponding
baselines by 7.3%, 4.4%, and 10.9%, respectively. These
results demonstrate the effectiveness of the proposed
framework under heterogeneous data distributions.

Fig. 3 compares the testing accuracy and loss of
FedCoalition with the baseline methods. FedCoalition
consistently achieves higher accuracy and lower loss
throughout most communication rounds, demonstrating
faster and more stable convergence under heterogeneous
data distributions.

IV. CONCLUSION

In this paper, we proposed a coalition formation game-
based framework for federated learning to address data
heterogeneity in wireless networks. By grouping clients
with similar model updates into coalitions and enabling
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Fig. 3. Performance comparison of FedCoalition with existing methods.

coalition heads (CHs) to perform model selection using
auxiliary validation data, the proposed framework im-
proves model aggregation quality and accelerates train-
ing convergence. Experimental results demonstrate that
FedCoalition consistently achieves faster convergence
and higher accuracy than existing clustered federated
learning (CFL) methods.
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