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Introduction: Federated learning (FL) enables model training on edge
devices using local data while aggregating model updates at a central
server without exchanging raw data, thereby preserving privacy. However,
achieving satisfactory convergence accuracy with low communication
energy remains challenging. This work investigates a three-tier clustered
FL (CFL) architecture to improve global training performance and
communication efficiency through joint device clustering and resource
scheduling.

Methods: We analyze how clustering strategies influence learning convergence
and communication energy consumption. Based on this analysis, we propose a
clustering method that jointly accounts for gradient cosine similarity and
communication distance. A simplified procedure is further developed for
device association and cluster-head selection, with the goals of improving
intra-cluster data balance and reducing the overall communication distance
to the server.

Results: Simulations demonstrate that the proposed method consistently
improves model accuracy while reducing communication energy
consumption compared with random clustering and similarity-based
clustering baselines.

Discussion: These results indicate that jointly considering update similarity and
communication distance in CFL can effectively balance learning quality and
communication cost, offering a practical approach for energy-efficient
federated training in edge networks.

KEYWORDS

device clustering, energy efficiency, federated learning, gradient similarity, wireless
communications

1 Introduction

The explosive growth of mobile edge devices and their local storage of data has
challenged traditional centralized machine learning paradigms. Centralized
approaches necessitate frequent data transmission to the central server, which
results in significant privacy risks and high communication overhead (Xia et al,
2020). Federated learning (FL) has emerged as a promising distributed learning
paradigm, which enables model training by aggregating locally trained models at
the central server without directly transmitting raw data, thereby preserving data
privacy (Konecny et al., 2015). However, FL still relies on frequent communication

01 frontiersin.org


https://www.frontiersin.org/articles/10.3389/frcmn.2026.1748815/full
https://www.frontiersin.org/articles/10.3389/frcmn.2026.1748815/full
https://www.frontiersin.org/articles/10.3389/frcmn.2026.1748815/full
https://crossmark.crossref.org/dialog/?doi=10.3389/frcmn.2026.1748815&domain=pdf&date_stamp=2026-02-09
mailto:link_chen@yeah.net
mailto:link_chen@yeah.net
https://doi.org/10.3389/frcmn.2026.1748815
https://creativecommons.org/licenses/by/4.0/
https://creativecommons.org/licenses/by/4.0/
https://www.frontiersin.org/journals/communications-and-networks
https://www.frontiersin.org
https://www.frontiersin.org/journals/communications-and-networks
https://www.frontiersin.org/journals/communications-and-networks#editorial-board
https://doi.org/10.3389/frcmn.2026.1748815

Chen et al.

between devices and the server, which becomes inefficient in
wireless environments with heterogeneous data distributions
(Lu et al., 2024).

During the evolution of FL, extensive efforts have been devoted
to mitigating communication overhead from various perspectives.
Hierarchical FL reduces communication frequency through staged
aggregation, thereby lowering communication costs (Briggs et al.,
2020; Tran et al., 2025); however, its rigid hierarchical design often
limits adaptability in dynamic environments. Prototype-based
clustered FL is a representative branch of personalized FL, which
aligns client features through global or local prototypes, thereby
effectively reducing communication costs by minimizing the need for
frequent model exchanges (Yang et al, 2024; Tan et al, 2022).
However, such methods often compromise global consistency,
thereby limiting scalability when tasks are only partially shared.
Moreover, resource-aware FL introduces client selection under
bandwidth  and
communication

computation  constraints to  improve

efficiency but typically decouples resource
optimization from model aggregation, neglecting their intrinsic
interplay (Nishio and Yonetani, 2019). Against this backdrop,
clustered FL (CFL) has become a more direct and effective
solution. CFL reduces communication costs and improves
convergence stability by performing intra- and inter-cluster
aggregation after grouping clients based on their statistical or
geographical characteristics (Ghosh et al., 2021; Zeng et al.,, 2023).
For example, Yan et al. (2024) proposed adaptive clustering strategies
that enable flexible client participation and dynamic cluster
formation, thereby reducing redundant communication under
distributed  (Non-IID)
conditions. Similarly, Gao et al. (2023) clustered clients based on

the similarity of their local data distributions and used acceleration

non-independent and  identically

algorithms to shorten training time and lower communication
overhead. In addition, Zhang et al. (2024) developed an adaptive
CFL framework that adjusts cluster size and communication intervals
through online similarity measurement, thereby improving both
robustness and communication efficiency. Despite these advances,
existing CFL approaches still suffer from several limitations: 1)
existing studies rarely explore how the clustering strategy
influences both data richness and convergence dynamics. Over-
reliance on data similarity for clustering may reduce intra-cluster
diversity, thereby weakening model generalization. 2) Prior CFL
methods primarily rely on gradient similarity or geographic
proximity for clustering but often ignore joint optimization of
learning performance and resource efficiency.

To bridge this research gap, we propose a data- and distance-
aware clustering scheme. The proposed scheme exploits data
distribution characteristics and geographical information to
optimize cluster head selection and device association scheduling
prior to the training process. Based on this clustering result, the CFL
training procedure is subsequently carried out. The main
contributions of this study are summarized as follows.

o We propose a CFL framework that collectively considers
learning performance and communication cost. On the
learning side, a convergence analysis is conducted to
theoretically demonstrate that enhancing the diversity and
representativeness of intra-cluster data effectively improves
the convergence behavior of CFL under data heterogeneity.
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FIGURE 1
System model.

On the communication side, the communication cost is
modeled in terms of the transmission distance. Based on
this model, a combined optimization problem for cluster
head
formulated, which simultaneously accounts for learning

selection and device association scheduling is
performance and communication cost.

o Based on the formulated joint optimization objective, we
develop an iterative algorithm to efficiently solve the cluster
head selection and device association scheduling problem. The
proposed algorithm decomposes the original NP-hard
problem into two tractable subproblems, which are solved
in an alternating optimization manner.

o Simulation results demonstrate that the proposed method
consistently outperforms the three baseline algorithms in terms
of model accuracy and communication energy efficiency, thereby

validating the effectiveness of the proposed framework.

2 System model

We consider a wireless CFL system, as illustrated in
Figure 1, which consists of a central server and a set of
devices U = {1,2,...,U}. Each device u € U has a local dataset
Dy = {(xl, Y1, D, =D, The
distances are denoted by du,urUXU for the links between

where communication
devices and du,chXl for the links between devices and the
server. Before training, a subset of high-performance devices
N ={1,2,...,N} can be selected from the set of devices as
candidates for cluster heads, and all devices are grouped
through two scheduling strategies.

A binary variable a, € {0, 1} indicates whether the device n is
selected as a cluster head. The set of cluster heads is N,
satisfying a, =1 for all n € N. The number of clusters is
N¢y. We also introduce a binary variable b, € {0,1} that
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indicates whether the device u is associated with the cluster head
n. Each cluster is defined as C,={ucl|b,, =1}, and the
overall cluster set is C={C;,C;,...,Cxn}, where C, NC, =
for n#n' and |C,| > 1. The total number of samples in cluster
nis Dy = Y ,q/bunDu-

The global loss function is defined in Equation I:

Fwy= Y @Pn g bubup () W

neN’ D ueld D,

Here, F,, (w) = DiuZiD:”jf(xL, yL,w) is the local loss at device u, and
D =}, Dy is the total number of training samples. The intra-
cluster aggregation loss at the cluster head n is defined as
En(W) = Yo" Fu (W).

2.1 CFL process

The architecture of CFL consists of three layers: intra-cluster
devices, cluster heads, and a central server. A synchronous
aggregation scheme is used. The overall process comprises the
following steps, where Step 1 is executed during the initialization
phase and the remaining steps are iteratively performed throughout
the training process.

1. Clustering: Before the formal training process begins, each
device performs pre-training using the global model w
broadcasted by the central server, computes local gradients
with its local dataset, and uploads VF, (w) to the central server.
The central server performs data similarity analysis and
communication distance calculation based on the gradients
and location information uploaded by all devices. These
metrics are used to select cluster heads and establish device
associations.

2. Local training: The central server broadcasts the global model
w to all devices. The devices receive the model and unfold the
local training. In training round ¢, each device u updates its
own model with its local data using the SGD algorithm, as
shown in Equation 2:

w,=w, ' —yg, (W), )

where w!, represents the local model parameters obtained during
the tth round of local iteration, g, (w') = g({;w') denotes the
stochastic gradient computed on a randomly sampled mini-
batch (!, of local training data D,, and y represents the
learning rate.

1. Intra — cluster model aggregations : Devices perform intra-
cluster ~model aggregation during local iteration
t € {11,211,371,..., T}, where T denotes the predefined total
number of global training rounds. All devices within the cluster
upload their latest models to their respective cluster heads.
Each cluster head then aggregates the local models within the
cluster according to Equation 3:

bunDu
w = z Di wh. (3)
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After intra-cluster model aggregation is completed, each cluster
head broadcasts the aggregated model to its associated devices for
continued local training.

1. Inter — cluster model aggregations : Devices conduct inter-
local
., T}, where 7, is an integer multiple of ;.

cluster  model iteration
te {Tz, 275,37,,..

Equation 4 is provided as follows:

aggregation  during

. a,D,
=y =W, 4
w D w, (4)

neN

Subsequently, the central server broadcasts the latest global model to
all devices, which is then used for the next round of local training.

2.2 Problem formula

The pairwise cosine similarity between the gradients of devices is
computed, as shown in Equation 5:

(VF, (W), VE, (w))
IVE, (W)l - [VE, (w)lI

Cuu' (W) = (©)

Assuming that the spectrum is divided into U orthogonal sub-
channels and all devices share similar channel conditions (e.g.,
equal transmission power and bandwidth), the main factor
influencing communication energy consumption becomes the
distance between devices and their associated cluster heads,
along with distance between cluster heads and the central server.
Therefore, global
consumption can be transformed into minimizing the total

minimizing the communication energy
communication distance. Let d,.; denote the distance between
the cluster head n and the central server. The total communication

distance across all clusters is defined as shown in Equation 6:

d (C) = z ay < Z bu,ndu,n + dn,cs ) (6)

neN ueld

The objective is to determine the optimal clustering strategy that
minimizes the weighted sum of the final global training loss and the
overall communication cost. The optimization problem is
formulated as shown in Equation 7:

min  aF (wh) +Bd(C)
st. Cl: Z b.,=1 VYuel,

neN

C2: Y byu<V, Vnel, )
ueld

C3:b,,<a,, Yuel,YneN,

Cd:a, € 10,1}, VneN,

C5:b,, € {0,1}, VYuel,VneN.

Here, A={a, |ne N}, and B={b,,, | ue€U,ne N} denote the
cluster head selection and device association strategies, respectively.
The weights o and f are used to balance model performance and
communication cost, and & + 3 = 1. Constraints C1-C5 ensure valid
clustering assignments and binary decisions, where V, imposes a
capacity limit on the number of devices that a cluster head can
serve due to constrained communication resources. Since F(w')
depends implicitly on the decision variables, direct optimization is

frontiersin.org


https://www.frontiersin.org/journals/communications-and-networks
https://www.frontiersin.org
https://doi.org/10.3389/frcmn.2026.1748815

Chen et al.

intractable. We, therefore, analyze the convergence behavior to derive a
tractable formulation.

3 Convergence analysis

To evaluate how clustering strategies influence learning
performance, we conduct a convergence analysis to understand
how they influence the convergence performance of CFL. To
obtain the expected convergence rate of CFL, we first make the
following assumptions (Wang et al., 2020; Wan et al., 2021).

o Assumption 1: Assume that the global loss function is
differentiable, its gradient is uniformly Lipschitz
continuous, and there exists a positive constant L that
satisfies Equation 8:

|VF (w) - VF (w')| <L|w-w'|. 8)
The equation is equivalent to Equation 9:
F(w)<F(w)+ (w-w) VE(w') + guw—w'"z. 9)
Here, | - ||, denotes the calculation of the Euclidean norm.

« Assumption 2: Global divergence is bounded, as shown in
Equation 10:

nDn
Y SUVE, (w) - VE (W) <€, Vn,w. (10)
neN D

o Assumption 3: Local divergence is bounded, as presented in
Equation 11:

bu nDu
Y “EZHVE, (W) =~ VE, (W .Y, w. (11)

ueld n

o Assumption 4: Local variance is bounded, as shown in
Equation 12:

IEJ||gM (w)-VF, (W)”zSoz,Vu,w. (12)

Based on the aforementioned assumptions and the description
of the global model, we present the following convergence results.
Given the optimal global model w*, the learning rate is set to satisfy
Y<svecr- Then, it should satisfy 0< % <i and
1< 12;2L21§ <1 12;2 o2 <2. The optimality gap between the
expected global loss function value and the optimal global loss

function value is presented in Equation 13:

IRS 2 - (W) 272.2.2
T;]E"Vf(w‘)uzs—(f(winw ) 361206 4 3

39 3

neN ueld

D D b..D.\
24y°L? ,,(—"(1——")) -t g
+ 2497 Tznezj\:/a ) ) 1; D, o

2
D D D
+16y°L*1, ). a”D” > (b“g “(1—b“5 >> o (13)

neN ueld

bunDa ) a,D,
<—’ > o+ 48y2L2‘rf E —ei
D, D

neN
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From Equation 13, we can analyze how each key parameter
would affect the convergence of the proposed CFL algorithm. The
learning rate y determines the gradient step size, while the
smoothness constant L characterizes the curvature of the loss
function; increasing either parameter would enlarge the
convergence upper bound, whereas decreasing them would
tighten it, thereby improving convergence. Participation weights
a, and b, ,,, along with data sizes D,, and D,,, determine each device’s
contribution to the aggregated gradient; uneven participation or
disproportionate data sizes would further increase the bound. The
total number of communication rounds T' reduces the contribution
of the initial optimality gap, so more rounds would tighten the
bound. The parameter 7; specifies how many times each device
updates its model before a single intra-cluster aggregation; a larger
7; would amplify the effects of €2 and 62, thus increasing the bound.
Similarly, the parameter 7, specifies how many times each device
updates its model before a single inter-cluster aggregation; a larger
7, value would amplify the effects of €* and 2, thus also increasing
the bound.

Notably, by combining the convergence bound in Equation 13
with assumptions 2 and 3, it can be observed that client
drift—defined as the deviation of local gradient updates from the
global gradient direction—increases the convergence upper bound,
thereby degrading learning performance. In particular, assumptions
2 and 3 characterize such drift through the deviation measures € and
€, which quantify the discrepancy between cluster-level gradients
and the global gradient, along with between-individual client
gradients and their corresponding cluster-level gradients. Since
the derived convergence upper bound increases monotonically
with both € and ¢,, stronger client drift results in a looser
convergence bound and, consequently, slower convergence. We
further observe that reducing €?, which measures the discrepancy
between the aggregated data distribution within each cluster and the
global data distribution, yields a more significant improvement in
learning performance than reducing €2. This is because the period of
cluster-level updates, 15, is typically larger than the period of device-
level updates, 7, causing the effect of intra-cluster heterogeneity to
accumulate more strongly over 7, steps. This indicates that
enhancing intra-cluster data representativeness plays a dominant
role in mitigating client drift and motivates our focus on cluster-
level optimization. Consequently, we focus on minimizing the

objective  minY, \Ps|VF, (w) - VF (w)|*.  For
analyﬁcal convenience, we assume uniform data sizes across

following

devices and simple averaging during global aggregation. Under
these assumptions, the above divergence objective can be
reformulated using norm properties and further bounded via the
Cauchy-Schwarz inequality. This results in an upper bound that
relates the discrepancy between local and global gradients to the
pairwise similarity among local gradients. As a result, minimizing
the sum of intra-cluster gradient cosine similarity serves as a
tractable surrogate for reducing client drift induced by data
heterogeneity. Accordingly, based on the definition of cosine
similarity in Equation 2, the objective is transformed into the
maximization problem shown in Equation 14:

min Nlch z iz Z Cuut (W). (14)

neNg, 1 uu'eCy,

frontiersin.org
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4 Algorithm design

Based on the above convergence analysis, the cluster-level data
representativeness metric is defined as follows (Equation 15):

I\; z é z Cuu! (W)

ch neNg, 1 uu'eCy,

c(0) = (15)

By substituting the original global loss function with ¢(C), the
optimization problem in Equation 4 can be reformulated as
presented in Equation 16:

Bd(C) + ac(C)

min
AB
s.t. CI1-C5,

(16)

where Equation 14 is NP-hard and is addressed by decomposing it
into device association and cluster-head selection strategies based on
cosine similarity and communication distance.

Given an initial cluster head set Ao, € N, the device association
problem is formulated as shown in Equation 17:

mBin ﬂ Z Zbu,ndu,n"'al\]ldl z é z Cuu! (W)

neNy, ueld neNg 1 uu'eCy

st. CI1,C2,C5,

(17)

which is an integer nonlinear programming problem. We adopt the
Gurobi solver for optimal device association under a fixed cluster
head set. The overall clustering utility is defined in Equation 18:

(W) =y (W) + Y auddnes

neN

(18)

where y(N) is the device association utility obtained by solving
Equation 17 with the given cluster head set. The cluster head
selection problem can be formulated as shown in Equation 19:

¥ (V)
s.t.  C4.

min
A (19)

To minimize ¥ (N ), a greedy iterative strategy is used to adjust
the cluster head set, which includes the following three main update
operations:

o Cluster head addition: For any device n € N'\\/;, compute the
utility W (N, + {n}); if it improves the objective, add n to N .

o Cluster head exchange: For n € N\N y, and n' € N, evaluate
W (N, + {n} — {n'}); replace n’ with n if utility is improved.

o Cluster head removal. For n € N, compute ¥ (N, — {n}); if
this reduces the objective, remove # from the set.

Therefore, in the greedy iterative strategy for cluster head
selection, the number of cluster heads varies dynamically until
convergence. We summarize the alternating optimization process
of device association and cluster head selection in Algorithm 1. The
overall complexity is mainly determined by two components: (i)
solving the device association problem using the Gurobi solver for a
fixed cluster head set and (ii) the greedy iterative updates for cluster
head selection, including addition, exchange, and removal
operations. In particular, let N =|A| be the total number of
candidate nodes and U = |U/|
Computing the device association utility (N ,) via Gurobi

be the number of devices.

involves all devices in U, with complexity O (U) per evaluation.
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During each iteration of the greedy cluster head updates, the
addition step requires up to N —|N,| evaluations of W (N ),
the exchange step requires up to (N —|N|)IN | evaluations,
and the removal step requires up to |[A | evaluations. Hence,
the  per-iteration  complexity ~can be  expressed as
O(((N=INal) + (N=INaDINal +INaDU). Since [Nl <N,
this can be simplified and upper-bounded by O(N?U) per
iteration. Therefore, for a total of T iterations until convergence,
the overall computational complexity of the alternating
optimization algorithm is O (TN?U), which clearly highlights its
scalability with respect to the number of candidate nodes and the
number of devices.

Input: Initial cluster head set N,, candidate cluster
head set A/, and device set /.

Output:
association strategy.

Optimal clustering set and device

7: Compute the cosine similarity between devices,
communication distances, and server distances.

2: Solve Equation 17 using the Gurobi optimizer to
obtain y(Nep).

3: Compute ¥ (N¢p).

4: Repeat the following operationsuntil the objective
value of Equation 19 converges.

5: for n e N\N., do

6: Compute ¥ (N¢y + {n})

7: if ¥ (N +{nh) <¥(Ngp) then
8: NchHNch‘*‘{n}

9: end if

10: end for

11: for n e N\W¢p, n' e N¢p, do

12 Compute W (Ngp +{n}-{n"})
13: if ¥ (Nep + {0} - {n'}) <¥(N¢p) then
14: Nep — Ny +{n}={n'}

15: end if

16 : end for

17: for ne N¢, do

18: Compute ¥ (N = {n})

19: if W(Wep - {n}) <¥(W¢p) then
20: Nep — Non - {n}
21: endif
22: end for

Algorithm 1. Clustering strategy based on device association and cluster

head selection.

5 Numerical results

We simulate a wireless FL system consisting of a central server
and 100 devices uniformly distributed within a circular area of
100 m radius. To model long-range communication, the server is
positioned 1 km away from the device cluster center. The total
number of global training rounds is fixed at 200, and the intra- and
inter-cluster model aggregation periods are set to 7; = 1 and 7, = 2,
respectively. Each device is allocated to a communication bandwidth
of 1 Mbps and transmits at a power of 10 mW. The noise power
spectral density is set to =173 dBm/Hz, and the path loss model
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FIGURE 2
Test accuracy on Fashion-MNIST vs. local training rounds.
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FIGURE 3
Test accuracy on CIFAR-10 vs. local training rounds.

follows 128.1 + 37.6log,, (dim). The model size is 28 kB, and each
local training batch consists of 32 samples, with a learning rate of
0.01. Communication energy consumption is calculated using the
Shannon formula, considering both device-to-cluster-head and
cluster-head-to-server distances (Chen et al, 2020; Taik et al,
2022). For simplicity, we assume identical transmission power
and bandwidth across all devices so that both communication
energy and delay depend solely on transmission distance and
exhibit the same trend. In addition, we consider the single-hop
communication model between devices and their associated cluster
heads, which is commonly adopted in cluster-based wireless FL
architectures. Under this assumption, routing overhead is negligible
and does not affect the relative performance comparison.
Experiments are conducted on the Fashion-MNIST and CIFAR-
10 datasets. To emulate a statistically heterogeneous non-IID
environment, data are partitioned across devices using a Dirichlet
distribution, with a concentration parameter set to 0.5, which
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TABLE 1 Test accuracy of different algorithms on Fashion-MNIST and
CIFAR-10 datasets.

Algorithm Fashion-MNIST CIFAR-10
Proposed 83.4% 82.1%
Similarity 79.8% 78.3%
Random 76.7% 73.8%
FedAvg 73.6% 70.2%

12001 Proposed

W Similarity

1000 EE Random

BN FedAvg

B =N %
=3 =3 =3
S S S

[
=1
S

Communication energy consumption (J)

=]

60 80 100 120
Device numbers

FIGURE 4
Global energy consumption vs. number of devices.

corresponds to a moderate-to-high level of data heterogeneity
and has been widely adopted in prior federated learning studies
to evaluate robustness under non-IID settings (Meng et al., 2023).
We set the weights to & = § = 0.5.

To evaluate the proposed method, three baseline algorithms are
considered for comparison: (i) random clustering, where devices are
grouped based on the geographical proximity and cluster heads are
selected randomly within each cluster; (ii) similarity-based
clustering, which groups with local data
distributions statistical distance metrics, with heads
randomly assigned; and (iii) FedAvg, the conventional FL scheme
without clustering, where all devices communicate directly with the
central server in each round.

devices similar

using

To verify the effectiveness of the proposed clustering algorithm
in enhancing learning performance in FL, we conduct test accuracy
comparison experiments on the Fashion-MNIST and CIFAR-10
datasets. The experiments evaluate the impact of different device
clustering algorithms, along with the classical FedAvg, on the
model’s training accuracy. Figures 2, 3 illustrate the evolution
of test accuracy during training, and the corresponding test
accuracies at convergence are summarized in Table 1. As
shown, the proposed algorithms consistently achieve the highest
test accuracies for a given number of training rounds and maintain
significant advantages throughout the training process. The
similarity-based clustering algorithm ranks second, suggesting
that adjusting data within clusters to a more balanced
distribution—i.e., aligning the data distribution across clusters
with the global distribution—can lead to better convergence
performance than clustering purely based on intra-cluster data
similarity, which is in line with expectations. The randomized
clustering algorithm ranks third because it does not account for
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TABLE 2 Impact of the weighting factor a on learning performance and
communication energy.

a Learning performance = Communication energy

0 70.4% 101]
03 79.5% 117]
05 83.4% 132]
07 84.9% 154]

1 85.1% 168]

data distribution or similarity within clusters, leading to less
balanced clusters and consequently slower convergence. The
FedAvg algorithm exhibits the worst performance, primarily
due to the heterogeneity of local data distributions across
devices under « =0.5, which leads to inconsistent update
directions in local models and partially counteracts gradients
during global model aggregation, thereby reducing convergence
efficiency. Overall, these results further highlight the effectiveness
of the proposed clustering algorithm in improving the training of
devices in heterogeneous environments.

To verify the effectiveness of the proposed algorithm in reducing
global communication energy consumption, energy simulations are
conducted on the Fashion-MNIST dataset under different numbers
of devices, as shown in Figure 4. FedAvg incurs the highest energy
consumption due to frequent long-distance communication with
the server. In contrast, the other three algorithms use intra-cluster
aggregation, which shortens communication distances and reduces
upload frequency, thereby lowering energy usage. The proposed
method performs best by jointly optimizing inter-device distances
and balancing intra-cluster data, further reducing global
communication energy.

As shown in Figures 2, 4, the proposed algorithm consistently
achieves high training accuracy with low communication energy
consumption, highlighting its advantage in maintaining model
performance while reducing communication cost. In comparison,
similarity-based and random clustering exhibit slower convergence
and higher energy consumption. The results demonstrate that
balancing intra-cluster data enhances cluster representativeness,
mitigates aggregation conflicts, and, when combined with
geographical proximity, contributes to reducing overall energy
consumption.

Table 2 presents the learning performance and communication
energy under different values of the weighting factor a. As «
increases, giving more importance to model accuracy in the
optimization problem, the learning performance improves,
reaching up to 85.1% for « = 1. However, this comes at the cost
of higher communication energy, which increases from 101 ] to
168 J over the same range. These results clearly illustrate the trade-
off controlled by the weighting factor: larger « prioritizes learning
accuracy at the expense of communication efficiency, while smaller
a reduces energy consumption but yields lower model performance.
This demonstrates that « serves as an effective tuning parameter to
balance learning quality and communication cost in the proposed
CFL framework.
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6 Conclusion

This study investigates the trade-off between learning
performance and communication energy consumption in
CFL, focusing on how cluster head selection and device
association affect model training and energy overhead. To
collectively optimize model performance and communication
efficiency in wireless FL, we first conduct a convergence analysis
linking global loss to inter-cluster data imbalance and use
cosine similarity to quantify distributional dissimilarity. An
optimization model of training loss is then constructed based
on cosine gradient similarity, while communication energy is
modeled as a function of transmission distance. Finally, a
clustering algorithm is proposed to jointly schedule cosine
similarity and communication distance for solving the
problem.  The
simulation results show that the proposed method markedly

reformulated combined  optimization

reduces  communication  energy  while  improving
model accuracy.

In future work, we aim to introduce data-size—aware
weighting mechanisms to further optimize client selection
adaptive channel allocation

strategies to extend the applicability of the method to

and matching, along with

heterogeneous  devices and  non-uniform  wireless
environments. These directions aim to improve both the
scalability and robustness of the CFL framework, providing a
solution for real-world federated

more comprehensive

learning scenarios.
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