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Abstract—This paper delves into the design of an energy efficient
collaborative federated learning (CFL) methodology using which
mobile devices exchange their FL model with a subset of their
neighbors without reliance on a parameter server based on the
distributed graph neural network (GNN) method. Each device is
unable to send its FL model to every neighboring device due to
device mobility and wireless resource limitations. To reduce the
energy consumption of FL model transmission, each device must
choose a subset of devices with which to share its FL model. This
problem is formulated as an optimization problem to meet the
constraints of delay and training loss while minimizing the energy
consumption for model transmission. However, the formulated
problem is difficult to solve since the device mobility patterns,
and the relationship between the device connection scheme and
CFL performance are unknown. To address this challenge, we
analytically characterize the relationship between dynamic device
connections and the performance of CFL methodology. Based on
the analysis, a GNN based algorithm is proposed to enable each
device to select a subset of its neighbors and the transmit power
in a decentralized method. Compared to standard optimization
methods that must determine device connections in a centralized
manner, the GNN based method enables each device to use its neigh-
boring devices’ location and connection information to individually
determine a subset of devices to transmit the local model. Given the
device connections, the optimal transmit power of each device can
be determined by convex optimization. Simulation results show that
the proposed method can reduce the energy consumption for model
transmission and training loss by up to 46% and 2%, respectively.

Index Terms—Collaborative federated learning, energy
consumption, graph neural network.
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I. INTRODUCTION

F EDERATED learning (FL) [1], [2], [3] allows devices
to train a machine learning (ML) model collaboratively

without data sharing across wireless channels thus improving
data privacy. However, standard FL requires devices to upload
their FL models to a parameter server, which may limit its ap-
plication scenarios since standard FL requires communications
between the parameter server and devices frequently. Collab-
orative federated learning (CFL) [4], a novel FL framework
that integrates federated learning with collaborative learning
principles, has been presented as a solution to this issue. CFL
framework enables devices to collaboratively train an ML model
via exchanging their local model with their neighboring devices
without relying on a parameter server. Compared to standard
FL, CFL enables more devices to join FL training. For example,
devices with limited wireless capacity can connect to neighbor-
ing devices to participate in the CFL training even if they cannot
establish a direct connection with the parameter server, making
it suitable for deployment in large-scale systems such as mobile
networks. However, the implementation of CFL over wireless
networks presents several challenges including CFL learning
efficiency optimization, device connection optimization [5], and
distributed gradient update method design [6].

A. Related Works

Recently, several works [7], [8], [9], [10], [11], [12] have fo-
cused on the CFL performance optimization. The authors in [7]
jointly considered network topology and FL model compression
to improve CFL convergence speed. The authors in [8] developed
a model-based deep Q-network (DQN) algorithm to optimize
the quantization bit and device selection, thus improving CFL
training performance. The authors in [9] designed a device con-
nection scheme to improve CFL convergence speed. The authors
in [10] investigated the impact of different model update rules on
the convergence speed of CFL. The authors in [11] developed
a distributed gradient descent algorithm to enhance the CFL
convergence rate. The authors in [12] proposed a semisupervised
CFL framework to address the data heterogeneity of modalities
caused by different collection methods. However, these meth-
ods [7], [8], [9], [10], [11], [12] ignored the impact of network
dynamics (i.e., devices’ mobility) on CFL training. In [13], the
authors integrated a hierarchical Bayesian framework to opti-
mize CFL performance considering the varying wireless channel
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state information. The authors in [14] proposed a hierarchical
asynchronous aggregation mechanism to reduce communication
costs and enhance the aggregation efficiency of mobile devices.
However, the works in [13], [14] used traditional algorithms such
as convex optimization to optimize the CFL training process.
Hence, we must rerun these optimization algorithms to account
for the dynamics of the devices’ location in the CFL framework,
leading to increased latency in each round [15]. Reinforcement
learning (RL) presents a promising solution to this problem by
evaluating the impacts of devices’ movement on CFL training
and adaptably enhancing device connections by exploring the
dynamic environment.

Several existing works such as [16], [17], [18], [19], [20]
have investigated the use of RL to optimize CFL performance.
The work in [16] developed a soft actor-critic (SAC) reinforce-
ment learning (RL) algorithm to improve FL communication
efficiency in mobile scenarios. In [17], the authors used RL to
optimize the device connection scheme under non-independent
and identically distributed (non-IID) data distribution. The au-
thors in [18] used an RL method for efficient device selection
and training to improve the convergence and accuracy of FL.
In [20], the authors designed a decentralized multi-agent RL
(MARL) to efficiently determine device connections and man-
age wireless resources in industrial IoT networks. Since the size
of the RL [17], [18], [19], [20] input depends on the number of
participating FL devices and cannot be adjusted as the number of
participating FL devices changes, these designed RL methods
can only be applied to a static network where the number of
FL participating devices is constant and will not vary over
time.

To tackle this issue, one promising solution is to use graph
neural networks (GNNs) [21] that can adapt flexibly to a dy-
namic network where the number of participating FL devices
changes over time [22], [23]. The GNNs are extremely beneficial
in solving optimization problems on an n-node graph problem
(where the nodes may represent users, base stations, or antennas)
due to their rotational invariance characteristic and their ability
to grasp the graph relationship between nodes [24]. The authors
in [25] utilized GNNs to cluster devices according to their data
distribution to improve CFL performance. The authors in [26]
developed a GNN framework to allocate the transmit power of
each device to enhance the CFL performance. In [27], the authors
proposed a GNN-based algorithm that improves communication
efficiency by allowing partial model parameter sharing. How-
ever, although the GNNs used in [25], [26], [27] are proficient
in handling graph data, they struggle to focus on important
nodes (all nodes have the same importance). Graph attention
networks (GAT) [28], [29], [30] address this shortcoming by
dynamically assessing the importance of devices, facilitating a
more sophisticated and efficient engagement with the dynamic
information within the CFL context (i.e., locations) compared
with conventional GNNs. Furthermore, these works [25], [26],
[27] rely on a centralized server to run the GNN method, which
is unsuitable for the CFL framework which enables devices
to train an ML model collaboratively without a parameter
server.

B. Contributions

The main contribution of this paper is a novel fully distributed
CFL framework in which each device can use local observation
to individually determine device connection and transmit power
that minimizes the CFL loss and energy consumption. Our key
contributions include:
� We propose a CFL framework in which wireless mobile

devices collaboratively train an ML model by exchanging
their FL model with their neighboring devices. In the con-
sidered model, due to the limited energy and bandwidth re-
sources, each device must select a subset of devices per FL
iteration to exchange their FL model for minimizing CFL
training loss. Since the location of each device changes
over time, it is necessary to optimize the device connection
scheme dynamically. This problem is formulated as an
optimization problem that jointly determines the device
connections and the transmit power to minimize the energy
consumption of CFL model transmission while satisfying
the delay and the FL training loss requirements.

� To solve this problem, we first derive a closed-form ex-
pression for convergence of CFL. Our analysis shows how
the device connection scheme, the learning rate, and the
number of devices influence the expected convergence of
CFL. Based on this relationship, we find a minimum num-
ber of neighboring devices that each device must connect
to satisfy the constraints of CFL training loss. Then, a
GAT based algorithm is developed, allowing each device
to individually select a subset of devices to share local FL
models. Compared to traditional algorithms that require
iterative optimized device connections, the proposed GNN
approach is capable of directly obtaining the optimal device
connections. Given the device connection scheme, a closed
form solution for the minimum energy consumption of FL
model transmission is derived.

Simulation results show that, compared to a fully distributed
algorithm where each device will directly connect to its first and
the second nearest neighbors, the proposed GNN algorithm can
reduce energy consumption and training loss by up to 46% and
2%, respectively.

II. SYSTEM MODEL AND PROBLEM FORMULATION

As illustrated in Fig. 1, consider a wireless network consisting
of a set M of M mobile devices that jointly train a supervised
learning model. We assume that for each device i, there are Ni

training data samples. Each training data sample n comprises
an input feature vector xi,n ∈ RNI×1 and a corresponding label
vectoryi,n ∈ RNO×1. Training’s goal is to reduce the global loss
function over all data samples, i.e.,

F (g) = min
g

1

N

M∑
i=1

Ni∑
n=1

f
(
gi,xi,n,yi,n

)
, (1)

where g = [g1, . . . , gM ], gi ∈ RV ×1 is a vector of the local
model of device i.N =

∑M
i=1Ni is the total number of training

data samples across devices. f(gi,xi,n,yi,n) is a loss function
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TABLE I
LIST OF NOTATIONS

Fig. 1. Illustration of the considered CFL model.

(e.g., squared error) that measures the accuracy of the generated
local modelgi in building a relationship between the input vector
xi,n and the output vector yi,n.

Different from existing works that require all devices to
transmit FL model to a central server for model aggregation,
we propose a novel FL that does not rely on a central controller.
In particular, the designed FL training process is explained as
follows:

1) Each device randomly initializes its local model.
2) Each device updates its local model using its training data

samples.
3) Each device selects a subset of its neighboring devices

and exchanges its updated local model with the selected
devices.

4) Each device aggregates the FL model received from other
devices to generate its FL model.

Steps (2)–(4) are performed until the optimal g is found. Next,
we will provide a mathematical explanation of the intended FL
training procedure. Table I includes a collection of important
notations and associated explanations for easier comprehension.

A. CFL Training Process

Each device’s local model is updated using a backward prop-
agation (BP) approach based on stochastic gradient descent
(SGD), which is given by

g′t+1
i = gt

i − ηt
∑

n∈Ni,t

∂f
(
gt
i,xi,n,yi,n

)
∂gt

i

, (2)

where g′t+1
i is the updated local model and ηt is the learning rate

at iteration t. Ni,t is the subset of selected training data samples
of device i at iteration t. Given the updated local model, each
device i exchanges g′t+1

i with its selected devices and aggregate
their FL model, which can be given by [10]

gt+1
i

(
ut
i

)
= g′t+1

i +
∑
j∈M

utj,i
max{||ut

i||, ||ut
j ||}

(g′t+1
j − g′t+1

i ), (3)

whereut
i = [uti,1, . . . , u

t
i,M ] is a vector of FL transmission index

of device iwith uti,j = 1 implying that device iwill exchange its
local model with device j at iteration t, and uti,j = 0, otherwise.
||ut

i|| =
∑

j∈M uti,j is the number of devices that will transmit
FL model to device i.

Based on (3), we define a model aggregation matrixAt where
each element ati,j represents the weight of g′t

i contributing to
model aggregation. Specifically, ati,j is given by

ati,j=

⎧⎪⎨
⎪⎩
1−

∑
j∈M

ut
j,i

max{||ut
i ||,||ut

j ||}
, if i = j,

ut
j,i

max{||ut
i ||,||ut

j ||}
, otherwise.

(4)
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Here, the model aggregation matrix At is a doubly stochastic
matrix since

∑
j∈M ati,j = 1 and (At)

� = At. Based on [31],
the maximum eigenvalue of At is always 1, and all other eigen-
values are not larger than 1, i.e., max{|ζ2(At)|, |ζM (At)|} ≤ 1
where ζk(At) is the k-th largest eigenvalue of At. The property
of the doubly stochastic matrix will be used to prove theorems
in Section III.

B. Mobility Model

The movement of each device is simulated using the ran-
dom walk paradigm [32]. Specifically, during every CFL it-
eration, every device has the option to keep still or move in
four directions: a) forward, b) backward, c) left, and d) right.
The likelihood of each movement is represented by a vector
ξti = [ξti,0, ξ

t
i,1, ξ

t
i,2, ξ

t
i,3, ξ

t
i,4]. The location of device i at the

time t is represented by φt
i = [φti,1, φ

t
i,2] and the speed is vi.

Each time slot lasts for a duration of Δt. Given that, the location
of device i at the t+ 1 is given by

φt
i=

⎧⎪⎪⎪⎪⎨
⎪⎪⎪⎪⎩

[
φti,1, φ

t
i,2

]
, with probabilityξti,0,[

φti,1, φ
t
i,2 + viΔt

]
, with probabilityξti,1,[

φti,1, φ
t
i,2 − viΔt

]
, with probabilityξti,2,[

φti,1 − viΔt, φ
t
i,2

]
, with probabilityξti,3,[

φti,1 + viΔt, φ
t
i,2

]
, with probabilityξti,4.

(5)

C. CFL Model Transmission Process

We utilize the orthogonal frequency division multiple access
(OFDMA) transmission scheme to transmit CFL model. The
data rate at which device i transmits the FL model to device j is

ri,j,t(u
t
i,φ

t, pti,j) =
B

||ut
i||

log

(
1+

pti,jhi,j,t
(
φt
)

σ2
N

)
, (6)

wherehi,j,t(φ
t) = ρi,j,td

−2
i,j,t is the channel gain between device

i and j with ρi,j,t being the Rayleigh fading parameter, di,j,t
denotes the distance between them.B is the bandwidth andpti,j is
the transmit power of device i to device j.φt = [φt

1, . . . ,φ
t
M ] ∈

RM×2 contain the location of each devices. σ2
N represents the

variance of additive white Gaussian noise. Based on (6), the
delay of device i transmitting FL model to device j is

li,j,t(u
t
i,φ

t, pti,j) =
S

ri,j,t(ut
i,φ

t, pti,j)
, (7)

where S is the size of the CFL model, which is assumed
consistent across all devices.

The energy consumption of device i transmitting its FL model
to device j is

Ei,j,t

(
ut
i,φ

t, pti,j
)
= pti,j li,j,t(u

t
i,φ

t, pti,j). (8)

Then, the energy consumption of device i for model transmission
during iteration t is

Ei,t(u
t
i,φ

t,pt
i) =

M∑
j=1

uti,jEi,j,t(u
t
i,φ

t, pti,j), (9)

where pt
i = [pti,1, . . . , p

t
i,M ] is the transmit power vector.

D. Problem Formulation

Our goal is to minimize the total energy consumption of CFL
model transmission jointly considering the constraints of latency
and CFL training loss. The optimization problem is formulated
as

min
U ,P

T∑
t=1

M∑
i=1

Ei,t

(
ut
i,φ

t,pt
i

)
, (10)

s.t. li,j,t(u
t
i,φ

t, pti,j) � Γ, ∀i, j ∈ M, ∀t ∈ T , (10a)

F
(
gT
i

(
uT−1
i

))
� F ∗, ∀i ∈ M, (10b)

whereU = [U1, . . . ,UT ]
� ∈ RT×M×M is the FL model trans-

mission matrix, P = [P 1, . . . ,P T ]
� ∈ RT×M×M is the trans-

mit power matrix. Here, U t = [ut
1, . . . ,u

t
M ] ∈ RM×M and

P t = [pt
1, . . . ,p

t
M ] is the device connection matrix and transmit

power matrix for each device at time slot t, respectively. (10a) is
a constraint on the FL model transmission delay per iteration and
Γ is the maximum transmission delay. (10b) is the CFL training
loss requirement. The problem (10) is difficult to solve using
typical centralized algorithms for the following reasons. First,
since U and P are dependent, iterative convex optimization
algorithms will result in high computational overhead. Fur-
thermore, in problem (10), device locations will change over
time. To adapt to the changes of devices locations, traditional
iterative algorithms must re-execute. In addition, these iterative
algorithms require each device to share its location information,
which may be not feasible in practice.

III. ANALYSIS OF THE CFL CONVERGENCE

To simplify problem (10), we must analyze the impact of the
device connection U on CFL training loss. To this end, we first
make the following assumptions, as done in [33], [34], [35].
� Frist, we assume that the gradient ∇F (gt

i) of F (gt
i) is

uniformly Lipschitz continuous with respect to gt
i. Thus,

we have

||∇f(gt+1
i )−∇f(gt

i)|| � L||gt+1
i − gt

i||, (11)

whereL is a positive constant and ||gt+1
i − gt

i|| is the norm
of gt+1

i − gt
i.

� Second, we assume that F (g) is strongly convex with a
positive parameter μ, such that

F (gt+1
i ) � F (gt

i) +
(
gt+1
i − gt

i

)� ∇F
(
gt
i

)
+
μ

2
||gt+1

i − gt
i||2. (12)

� Third, we assume that F (gt
i) is twice-continuously differ-

entiable, based on (11) and (12), we have

μI � ∇2F
(
gt
i

)
� LI. (13)

where I is identity matrix.
These assumptions can be satisfied by the CFL model aggre-

gation process [6] and several widely used loss functions.
To find the relationship between the CFL convergence per-

formance and U , we can analyze the convergence of each local
model. However, since the model aggregation only depends on a
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subset of neighboring devices, the local model gt
i of each device

is inconsistent. Hence, we can only analyze the convergence of
the average model of all devices per FL iteration. In particular,
we first analyze the upper bound of the gap between each local
modelgt

i and the average model 1
M

∑M
i=1 g

t
i of all devices. Then,

we prove that the average model of all devices will converge to
the optimal model g∗. To this end, the upper bound of the gap
between the local model gt

i and the average model 1
M

∑M
i=1 g

t
i

is shown in Theorem 1.
Theorem 1: Given the model transmission matrix U t at each

iteration, an upper bound of the gap between each local model
gt
i of device i and the average model 1

M

∑M
i=1 g

t
i of all devices

can be given by

M∑
i=1

||gt
i −

1

M

M∑
i=1

gt
i||22 �

(
η2ML

1− λt

1− λ

)2

, (14)

where λ = supt−1�l�0(ζ2((
∏l

k=0 Ak)
l))t is the t-th power of

the second largest eigenvalue of matrix
∏t

k=0 Ak, t is the
number of iterations. η = supt�l�0 ηl is the largest learning rate
among all iterations.

Proof: See Appendix A. �
From Theorem 1, we see that the gap (η2ML 1−λt

1−λ
)2 is af-

fected by λ which depends on the model aggregation matrix
Ak. From Theorem 1, we see that as λ decreases, the divergence
between gt

i and 1
M

∑M
i=1 g

t
i decreases, which in turn accelerates

the convergence of CFL. Furthermore, Theorem 1 indicates
that the gap between 1

M

∑M
i=1 g

t
i and gt

i is bounded if and
only if λ < 1 (i.e. all devices are always directly or indirectly
connected). Next, we will prove that 1

M

∑M
i=1 g

t
i will finally

converge to g∗ by the following theorem.
Theorem 2: As ηl = 1√

T
, the loss function gap between the

mean of average model 1
MT

∑T
l=1

∑M
i=1 g

l
i and the optimal

model g∗ is bounded by

f

(
1

MT

T∑
l=1

M∑
i=1

gl
i

)
−f(g∗)�(y0 − g∗)2 + L2

2
√
T

+
L3

T (1− λ)2
.

(15)
Proof: See Appendix B. �
From Theorem 2, we see that the gap of loss function between

1
MT

∑T
l=1

∑M
i=1 g

l
i and g∗ is also affected by λ. As λ decreases,

the loss gap between 1
MT

∑T
l=1

∑M
i=1 g

l
i and g∗ decreases.

Meanwhile, as time elapses, the final loss gap converges to zero.
Based on Theorems 1 and 2, we can find that maintaining

a connected wireless network (i.e., λ < 1) can guarantee the
CFL convergence. From Theorem 2, we also see that, to solve
the problem (10), we can generate device connections that
satisfy λ < 1with minimum energy consumption of CFL model
transmission.

IV. PROPOSED METHOD

To find the connected network with minimum FL model
transmission energy consumption that satisfies λ < 1, a novel
two-stage distributed approach is proposed. At the first stage,
we propose a GNN algorithm [36], [37] which enables each
device to independently determine the connections probability

Fig. 2. Exchange information and FL model with neighbors.

with its neighboring devices by utilizing their location informa-
tion. Then, given the estimated connection probabilities, a fully
distributed GHS algorithm is used to determine the FL model
transmission matrix U . Given U , we use a convex optimization
algorithm to obtain the transmit power matrix P that can min-
imize the energy consumption during the transmission of CFL,
at the second stage. Next, we will delve into the constituents
of the designed GNN-based algorithm and its training method.
Then, we will introduce the GHS algorithm to determine the
device connection matrix U and the optimization of P . Finally,
we examine the algorithm’s overall complexity.

A. GNN-Based Algorithm for Connection Optimization

The proposed GNN-based algorithm implemented by each
device consists of three components: a) input, b) hidden layers,
and c) output, which are specified as follows:

1) Input: To define the input of the GNN model at each
device i, we first denote the set of k nearest neighbors of
device i as L1(i, k), i.e. first-hop devices. Let L2(i, k) be
the set of k nearest neighbors of the devices in L1(i, k),
i.e. second-hop devices. For example, in Fig. 2, L1(i, k) =
{l1,1, l1,2, . . . , l1,n} while L2(i, k) = {l2,1, l2,2, . . . , l2,m}. Let
L(i, k) = L1(i, k) ∪ L2(i, k) ∪ {i} and |L(i, k)| is the number
of devices in L(i, k). Then, we can define a matrix R(i,k) ∈
R|L(i,k)|×|L(i,k)| to represent the neighbor relationship among
devices in L(i, k), where each elementR(i,k)

s,d ∈ {0, 1} in R(i,k)

with R(i,k)
s,d = 1 indicating that device d is connected to device

s (i.e. d ∈ L1(s, k)) and R
(i,k)
s,d = 0, otherwise. Here, using

Top-k neighbors instead of all reachable neighbors can effec-
tively reduce the computational complexity without reducing
the accuracy of GNN, which will be explained in the subsequent
complexity analysis and simulation result. The vector indicating
the locations of devices in L(i, k) can be expressed as Φi =
[φ1,t, . . . ,φ|L(i,k)|,t]

� ∈ R|L(i,k)|×2. Given the definitions, the

input of a GNN model at each device i is R(i,k) and Φi.
2) GNN Structure: The GNN hidden layers consist of a) GAT

layer I, b) fully connected (FC) layer II, c) GAT layer III, and d)
FC layer IV, which are expressed as

qi,t = ψ

⎛
⎝ 1

K1

K1∑
k1=1

∑
j∈L1(i,j)

αk1
i,jW

k1φt
j

⎞
⎠ , (16)
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zi,t = ψ
(
WK2 × (qi,t,φ

t
i)
)
, (17)

q′
i,t = ψ

⎛
⎝ 1

K3

K3∑
k3=1

∑
j∈L1(i,j)

αk3
i,jW

k3zj,t

⎞
⎠ , (18)

z′
i,t = ψ

(
WK4 × (q′

i,t,φ
t
i)
)
, (19)

where qi,t and q′
i,t are the output of the GAT layer I and III,

zi,t and z′
i,t are the output of the FC layers II and FC layers IV,

respectively. K1 and K3 are the numbers of attention heads in
the first GAT layer and the second GAT layer. W k1 ∈ R2×V1

and W k3 ∈ R(V1+2)×V2 are the GAT model parameters used to
transform the input features into higher-level features. W k2 ∈
R(V1+2)×V1 and W k4 ∈ R(V2+2)×V2 are the two FC layers.
Note that zi,t and z′

i,t updated by device i will be shared with
the devices in L(i, k). We ignore the overhead of sharing zi,t

and z′
i,t with neighbors since it is smaller compared to the

overhead of sharing local CFL models. αk1
i,j and αk3

i,j are the
self-attention coefficients of the first and second GAT layers,
and ψ(·) is the leaky rectified linear unit function. To define the
attention coefficients, αk1

i,j , we need to define FC function [28]
that can compute the correlation between two neighbor devices
as follows:

si,j = ψ
(
W α ×

(
W k1φt

i,W
k1φt

j

))
, (20)

where W α is the trainable parameter. Subsequently, we nor-
malize the correlation across each device in L1(i, k) as the
attention coefficient using the softmax function to calculate the
self-attention coefficient of device i and device j [30]:

αk1
i,j =

esi,j∑|L1(i,k)|
l=1 esi,l

, ∀j ∈ L1(i, k). (21)

3) Output: The output of the proposed GNN in each device
i is μt

i = [μt
i,1, . . . , μ

t
i,|L1(i,k)|] that represents the probability

of device i connecting to devices in L1(i, k), which can be
expressed as

μt
i,j =

ez
′
i,t×z

′�
j,t∑|L1(i,k)|

l=1 ez
′
i,t×z

′�
j,t

, ∀j ∈ L1(i, k). (22)

B. Training the Proposed GNN-Based Model

With the components clearly defined, we now present the
comprehensive training process for the proposed GNNs based on
supervised learning. Here, we employ the binary cross-entropy
(BCE) loss function to minimize the gap between the predicted
connections probability μt

i,j ∈ (0, 1) and the optimal connec-
tions μt∗

i,j ∈ {0, 1} which satisfies λ < 1 with minimum energy
consumption found by exhaustive search, with μt∗

i,j = 1 indicat-
ing that device i connects to device j and μt∗

i,j = 0, otherwise.
The loss function is expressed as

J (R(i,k),φt
i,W

K1 ,WK2 ,WK3 ,WK4 ,W α)

=

M∑
i=1

|L1(i,k)|∑
j=1

−μt∗
i,j log δ(μ

t
i,j)− (1− μt∗

i,j) log(1− δ(μt
i,j)),

(23)

where δ(·) is the sigmoid function. To minimize the training
loss in (23), we optimize parameters by employing a mini-batch
SGD alongside the BP algorithm.

C. Establish Connection With GHS Algorithm

Given the estimated connection probabilities μt
i, we employ

a modified GHS algorithm based on [38], [39] that enables each
device to determine device connections independently. The use
of the GHS algorithm to determine device connections via the
estimated μt

i of each device i is summarized as follows:
1) Each device i obtainsμt

i using (22) and initialize an empty
vector ut.

2) Each device i send a connection request to its neighbor
j with the highest connection probability μt

i,j ∈ μt
i, and

receives the request from its neighbors.
3) Each device builds a connection with the neighbors that

has the highest connection probability request. Then, the
connection probabilities among the devices connected by
the newly established connections are set to zeros.

Steps (2)–(4) are repeated until each device i is connected
with device in L1(i, k) via direct or indirect links. The proposed
GHS algorithms ensure local connectivity with strict algorithmic
overhead.

D. Optimizing Transmit Power Vector With Fixed FL Model
Transmission Matrix

Givenut, the transmit power optimization problem for device
i can be rewritten as

min
pt
i

M∑
j=1

Ei,j,t

(
ut
i,φ

t, pti,j
)
, (24)

s.t. li,j,t(φ
t, B, pti,j) � Γ, ∀j ∈ L1(i, k). (24a)

Based on (24), the optimal transmit power of each device i is
given by the following lemma.

Lemma 1: The optimal transmit power pi,j,t of device i for
transmitting its FL model to device j is

p∗i,j,t =
ui,j,tσ

2
N

hi,j,t (φt)

(
2

A||ui ||
BΓ − 1

)
. (25)

Proof: See Appendix C. �
In summary, our proposed GNN-based approach estimates the

connection probabilities of each device based on their neighbors’
location information. Then, a GHS algorithm is used to deter-
mine U . Finally, we leverage the convex optimization method
to calculate the transmit power of each device as shown in
Algorithm 1 and Fig. 3.

E. Complexity Analysis

Here, we examine the computational complexity of the pro-
posed scheme to solve the problem (10). This complexity is
determined by two parts:

1) Complexity of Training GNN-Based Scheme: The com-
plexity of GNN training arises from the convergence of multiple
attention mechanisms. The computational complexity depends
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Fig. 3. Illustration of our proposed GNN-based algorithm.

Algorithm 1: GNN-Based Algorithm for Connection Opti-
mization.

1: Initialize the FL model transmission matrix U as
empty.

2: Devices obtain location information based on GPS
data;

3: Each device i broadcasts its location information to
devices in L(i, k);

4: Each device i establishes R(i,k) and Φi;
5: for device i ∈ M do
6: Aggregate the neighboring devices’ information

based on (16) and (18);
7: Calculate the output probability distribution μt

i

based on (22);
8: Each device i transmits μt

i to its neighboring devices;
9: end for
10: Each device i determines ui based on GHS

algorithm;
Output: The FL model transmission matrix U ∗.

on the size of neighbors k and, the dimensions of intermediate
V1, output V2, and the number of devices M . Hence, the com-
putational complexity is O(kM(H1V

2
1 +H2V

2
2 )) [30], where

H1 andH2 is the number of the attention heads of the first layer
and the second layer.

2) Complexity for Inference: The computational complexity
for the GNN algorithm is O(k(H1V

2
1 +H2V

2
2 )). For a graph

comprisingM devices with Top-k neighbors, the computational
complexity of GHS of each device isO(k). Hence, the complex-
ity of the proposed method is independent of the number of de-
vices participating in the CFL making it suitable for deployment
in large scale systems.

We can see that the complexity of the proposed method is
related to the selection of k and remains invariant as M scales
up.

V. SIMULATION RESULTS

For our simulations, we consider a CFL framework with a
circular area having a radius r = 1000r = 1000 m and uniformly
distributed devices across the region. A comprehensive list of
additional parameters utilized can be found in Table II. For
comparison, we utilize four baselines:

TABLE II
SIMULATION PARAMETERS

� A centralized approach that enables each device to collect
location information from all devices to optimize U using
the greedy algorithm (labeled ”Greedy search” in plots).

� A centralized approach that enables each device to collect
location information from all devices to optimize U using
the exhaustive algorithm based on Theorem 1 and Theo-
rem 2 (labeled ”Exhaustive search” in plots).

� A distributed approach that enables each device to collect
location information from its nearest neighbors (labeled
”Top1 connection” in plots).

� A distributed approach that enables each device to collect
location information from its nearest and subsequent near-
est neighbors (labeled ”Top2 connection” in plots).

A. Dataset Introduction

1) MNIST Dataset: The first dataset is handwritten digit
identification on the MNIST dataset [40]. MNIST data set
consists of 70000 handwritten images in 10 classes. Each image
consists of 28× 28 pixels with only one channel. The dataset
is divided into N = 60000 pieces of training data and 10000
pieces of test data. The CFL model algorithm is employed for
the recognition of handwritten digits which is composed of
three fully-connected neural network (FNN) layers. The total
number of model parameters is 217728 (= 28× 28× 256 +
256× 64 + 64× 10).

2) CIFAR10 Dataset: The second dataset is image classifica-
tion on the CIFAR10 dataset [41]. The CIFAR10 dataset consists
of 60000 pieces of 3× 32× 32 color images in 10 classes. There
areN = 50000 training images and 10000 test images. The CFL
model algorithm used for image classification is Resnet18 [42].
For MNIST datasets, we consider the non-i.i.d. data distributions
where each device is allocated 300 samples from only 3 of 10
labels, where the labels are randomly selected. For CIFAR10
datasets, we consider the i.i.d data distributions across devices,
each device is allocated 300 samples from all labels. For both
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Fig. 4. Energy consumption for model transmission vs. the number of k in
building R(i,k).

MNIST and CIFAR10, each device divides the training samples,
i.e. Ni = Nj , ∀i, j ∈ M, N =

∑M
i=1Ni.

3) DACT Dataset: The third dataset we use is the DACT
dataset [43] which contains 50 trajectories of vehicles. In DACT,
the moving patterns of each device consist of turn, speed-up,
slow-down, and etc.

B. Transmission Energy Consumption Comparisons

Fig. 4 shows how the energy consumption for model transmis-
sion changes as k varies in a network with 14 devices. Fig. 4 also
shows that the proposed method can reduce the energy consump-
tion used for CFL training by up to 15% compared to the greedy
search algorithm. This is because the proposed method can select
an optimal subset of devices for FL parameter exchange. From
this figure, we can also see that, the Top1 connection has the
lowest energy consumption than other baselines, while it has
poor CFL performance in the following comparisons.

To verify the generalization performance of GNN with dif-
ferent sizes of networks, we show how the energy consumption
used for CFL training changes as the number of devices varies
in Fig. 5. In this figure, we train the GNN using different
hyperparameters k over 8, 10, and 14, respectively. From Fig. 5,
we can see that there is a small gap between the proposed
method and the exhaustive search. This is due to the fact the
proposed GNN algorithm can jointly consider the first-hop and
second-hop devices’ location information and find an energy-
efficient connection scheme. Fig. 5 also shows that the average
energy consumption for model transmission decreases slightly
as the number of devices increases. This is because as the
number of devices increases, the average distance among devices
decreases. Fig. 5 also shows that the gap between the proposed
method and the exhaustive search algorithm does not change
as the number of devices varies. This characteristic reduces
the computational burden and enhances the scalability of the
algorithm. By leveraging the properties of permutation equiv-
alence and invariance inherent in graph theory, the proposed
method maintains a parameter dimension that is decoupled from

Fig. 5. Energy consumption for model transmission vs. the number of devices.

Fig. 6. Visualization of device connection as the algorithm varies.

the count of peripheral devices. This design approach not only
streamlines the computational complexity but also significantly
amplifies the scalability of the algorithm across various network
environments.

Fig. 6 is a visualization of device connection determined by
considered algorithms with M = 8 and k = 3. From Fig. 6, we
can see that the proposed method has the same connection as
the exhaustive search algorithm. This is due to the fact that the
proposed method evaluates the potential connections for each
device meticulously to establish the optimal connection with
minimal transmission energy consumption. From Fig. 6, we
see that the greedy algorithm enables each device to establish
connections with its nearest devices, which leads to an excessive
of connections on a single node, thus increasing CFL training
energy consumption.

C. GNN Model Structure Comparisons

Fig. 7 shows how different network structures affect the pre-
diction accuracy ofui

t compared withμt∗
i as the size of networks

varies when k = 3. The proposed method is compared with a
GCN network, the proposed GAT layer without concatenation
operation (i.e., (,) operation in (17), the multilayer perception,
and the convolution neural network (CNN), respectively. The
input of a multilayer perception network and CNN are the
location of device i and its nearest neighbors’ location, and
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Fig. 7. Test accuracy vs. the number of devices.

the output is the probability of connection μt
i. In this figure,

we can see that the proposed method improves the connection
prediction accuracy by up to 13% compared to the proposed
method without GAT. The 13% improvement arises from the
proposed method with only a GNN layer relying solely on
location information, thus ignoring the device’s neighboring
information. This figure also shows that the proposed method
improves the connection prediction accuracy by up to 40%
compared to the model without the concatenation operation. The
40% gain stems from the fact that incorporating concatenate
connections into the GNN structure ensures the efficacy and
the stability of CFL training since its emphasis on the role of
location proves advantageous even in scenarios with extensive
neighboring devices. From this figure, we can also see that
the GNN based method can increase the prediction accuracy
compared with the MLP and convolution based method. This
is due to the fact that the GNN based method can analyze
the association relationship between devices, while the MLP
and convolution based methods cannot extract this information
effectively, thus reducing the prediction accuracy.

D. CFL Training Accuracy Comparisons

Fig. 8 shows how the average CFL test loss changes as the
number of iterations varies. This figure is simulated using the
MNIST dataset. Fig. 8 also shows that the proposed method can
reduce training loss by up to 2% compared to the Top1 connec-
tion algorithm. This also demonstrates the proposed method can
optimize U by analyzing the location and the device connection
in the network. Although Fig. 8 shows that the Top2 connection
has a similar test loss compared with the proposed method,
it costs almost twice the energy consumption of the proposed
method, as shown in Figs. 4 and 5.

Fig. 9 shows how the average test accuracy changes as the
number of iterations varies with 12 devices and k = 6 on
the CIFAR10 dataset. Fig. 9 shows that the proposed method
achieves a similar to the greedy search and exhaustive search
algorithm. This stems from the fact that the proposed method
integration the neighbor’s location and information exchange to

Fig. 8. Test loss vs. the number of iterations.

Fig. 9. Test accuracy vs. the number of iterations.

find the optimal connection. Fig. 9 also shows that the proposed
method can improve the test accuracy by up to 3% compared to
the Top2 connection algorithm which has more connections.
The 3% gain stems from the fact that the proposed method
maintained the connectivity of all devices thus improving the
learning performance proved by Theorem 1 and Theorem 2.

E. Real Vehicle-Based Datasets for Proposed CFL Framework

In the previous simulation results, the devices move randomly.
Here, we carried out the following experiments using the de-
vice’s location collected at regular intervals in DACT dataset,
as shown in Fig. 10. We randomly select the trajectories of 30
devices and normalize them within a circular region of radius
r = 1000 m.

Fig. 11 illustrates the cumulative distribution function (CDF)
curves of the energy consumption. From Fig. 11, we can see
that the proposed method consistently outperforms the greedy
method in most scenarios in terms of energy consumption, as
the energy consumption of the proposed method is on the left
of the greedy algorithm’s consumption. This is due to the fact
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Fig. 10. Example of DACT dataset [43].

Fig. 11. Cumulative Distribution Function (CDF) of communication energy
consumption based on the DACT dataset.

that the proposed method takes into account both the location
information and the device connection information, allowing
it to find the optimal connections. Fig. 11 also indicates the
energy consumption of the Top1 connection algorithm is the
lowest, while the energy consumption of the Top2 connection
algorithm is the largest and has higher volatility among all
baselines. This is due to the fact that the Top1 connection algo-
rithm establishes fewer connections while the Top2 connection
algorithm establishes more connections compared to the other
algorithms.

Fig. 12 shows how the average test accuracy on the MNIST
dataset changes with the number of iterations varies. From
Fig. 12, we observe that the proposed method improves 5% test
accuracy compared to the Top1 connection algorithm. The 5%
gain stems from the fact that the proposed method utilizes GAT
and GHS methods to maintain connectivity between devices,
which improves the CFL training performance than other algo-
rithms.

Fig. 12. Test accuracy vs. the number of iterations based on the DACT dataset.

VI. CONCLUSION

In this paper, we developed a novel CFL framework that
enables devices to collaboratively train an ML model via ex-
changing their local model with their neighboring device without
reliance on a centralized parameter server. We formulated an
optimization problem whose goal is to minimize CFL energy
consumption for model transmission while meeting the delay
and CFL training loss constraints. To solve this problem, we
analyzed how the dynamic device connection affects the CFL
training performance. Then, we proposed a two-stage solution.
At the first stage, we proposed a GNN-based algorithm that
allows each device to individually determine its FL model
transmission matrix based on the location and connection in-
formation of its neighbors. At the second stage, we have derived
a closed-form equation of the optimal transmit power based
on the optimal FL model transmission matrix. The simulation
result demonstrates that compared to the algorithm in which
each device would directly connect to its first and second near-
est neighbors, the proposed method significantly reduces CFL
energy consumption for model transmission.

Future work can extend the designed CFL algorithm to a
dynamic wireless network where edge devices may not be able
to participate in entire CFL training process, i.e., such that the
number of participating devices per iteration is dynamic. In
particular, we will first estimate devices’ disconnection risks and
then explore the device connection scheme design and adaptive
parameter-efficiency transmission technique to accelerate CFL
convergence under unstable connectivity.
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