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Abstract—In this paper, we consider the design of an energy
efficient collaborative federated learning (CFL) methodology
where devices exchange their local FL parameters with a subset
of their neighbors without reliance on a parameter server. In the
considered model, mobile devices implement the designed CFL
to train their local FL models using their own datasets over a
realistic wireless network. Due to the limited wireless resources
and user movements, each device may not be able to transmit
its FL parameters with all neighboring devices. Therefore, each
device must select a subset of devices to share its FL parameters
and optimize the transmit power. This problem is formulated
as an optimization problem, whose goal is to minimize CFL
training energy consumption while satisfying the delay and CFL
training loss requirements. To solve this problem, a two-stage
solution is proposed. At the first stage, a graph neural network
(GNN) based algorithm is proposed, which enables each device
to individually determine the subset of devices to transmit FL
parameters using its neighboring devices’ location and connection
information. Compared to standard iterative algorithms that
need to iteratively optimize device connections and transmit
power, the proposed GNN based method can directly obtain
the optimal device connections without iterative optimization.
Given the optimal device connections, at the second stage, each
device can directly obtain the optimal transmit power. Simulation
results show that the proposed algorithm can decrease energy
consumption by up to 46% compared to the algorithm where
each device will directly connect to its first and second nearest
neighbors.

Keywords—Collaborative federated learning, energy consump-
tion optimization, graph neural network.

I. INTRODUCTION

Federated learning (FL) [1], [2] enables devices to coop-
eratively train a machine learning (ML) model without data
exchange thus improving data privacy. However, standard FL
requires devices to transmit their FL models to a parameter
server which may limit its application scenarios due to limited
wireless resources. To address this problem, a novel FL frame-
work that combines the principles of collaborative learning
with federated learning, called collaborative federated learning
(CFL), has been proposed [3]. In particular, CFL enables
devices to collaboratively train an ML model via exchanging
their local FL model parameters with their neighboring device

This work was supported in part by Beijing Natural Science Foundation
under Grant L223027, in part by the National Natural Science Foundation of
China under Grants 61629101 and 61671086, and 111 Project under Grant
B17007, and in part by the U.S. National Science Foundation under grant
CNS-2212565 and CNS-2146171.

without the reliance on a parameter server. Compared to
standard FL, CFL enables more devices to join FL training.
For example, the devices that cannot directly connect to
the parameter server due to limited wireless resources can
connect to their neighboring devices so as to participate in the
CFL framework. However, the implementation of CFL over
wireless networks presents several challenges including CFL
learning efficiency optimization, device connection optimiza-
tion, and distributed gradient update method design.

Recently, a number of works such as [3]–[7] have studied
the use of distributed methods for CFL performance opti-
mization. The authors in [3] introduced a CFL framework
based on the lazy Metropolis method to update devices’ local
FL models and introduced the challenges of deploying the
designed CFL framework over wireless networks. The authors
in [4] designed a device connection scheme based on the
expander graph to reduce the total number of communication
rounds required to reach CFL convergence. The authors in
[5] studied jointly optimized network topology and FL model
compression to improve CFL convergence speed. The authors
in [6] introduced several FL model update approaches such
as the Metropolis update and the lazy Metropolis update, to
allow devices to share their model parameters with only their
neighboring devices but find a global ML model. The authors
in [7] developed a distributed gradient descent algorithm to
improve the CFL convergence rate. However, most of the CFL
algorithms in [3]–[7] designed FL parameter update methods
based on a static network topology where device connections
will not change over time. In consequence, these works [3]–[7]
did not consider how network topology affects CFL training
thus resulting in redundant CFL parameter transmission and
increasing communication overhead. Meanwhile, these works
[3]–[7] did not consider the impacts of network dynamics such
as devices’ mobility patterns on CFL training, which will limit
the applications of these CFL algorithms.

The main contribution of this paper is a novel fully dis-
tributed CFL framework that jointly considers the device
connection scheme and device transmit power. Our key con-
tributions include:

• We propose a novel CFL framework in which wireless
mobile devices collaboratively train an ML model via
exchanging their FL parameters with their neighboring
devices. In the considered model, due to the limited
energy and bandwidth resources, each device must select
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Fig. 1. Illustration of the considered CFL model.

a subset of devices per FL iteration to exchange their
FL parameters aiming to minimize CFL training loss.
Therefore, it is necessary to select the devices that each
device shares its FL parameters and the transmit power of
FL parameter transmission. This problem is formulated as
an optimization problem aiming to minimize the energy
consumption of CFL training while satisfying the delay
and FL training loss requirements by jointly determining
the device connections and transmit power of FL param-
eter transmission.

• To solve the formulated problem, we proposed a solution
that consists of two stages. At the first stage, a graph
neural network (GNN) [8] based algorithm is proposed,
which enables each device to individually determine the
subset of devices that needs to transmit FL parameters
using its neighboring devices’ location and connection
information. Compared to standard iterative algorithms
that need to iteratively optimize device connections and
transmit power, the proposed GNN based method can
directly obtain the optimal device connections without
iterative optimization. Given the optimal device connec-
tions, at the second stage, each device can directly obtain
the optimal transmit power.

Simulation results show that, compared to a fully distributed
algorithm where each device will directly connect to its first
and 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

Consider a wireless network that consists of a set M of
M mobile user that collaboratively train a supervised learning
model, as shown in Fig. 1. We assume that each device i
has Ni training data samples, and each training data sample
n consists of an input feature vector xi,n ∈ RNI×1 and a
corresponding label vector yi,n ∈ RNO×1. The objective of
the training is to minimize 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, ..., gi, ..., gM ], gi ∈ RV×1 is a vector of

the local FL model parameters of device i with N =
M∑
i=1

Ni

being the total number of training data samples across devices.
f (gi,xi,n,yi,n) is a loss function (e.g., squared error) that
measures the accuracy of the generated local FL model gi 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 parameters to a central controller for model
aggregation, here, we propose a novel FL that does not rely on
a central controller [3]. 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 collected

data samples.
3) Each device exchanges the updated local model with a

subset of devices that are selected by itself.
4) Each device aggregates the FL models received from

other devices to generate its FL model.

Steps 2)-4) are repeated until the optimal vector g is found.
Next, we will explain the training process of designed FL
mathematically.

A. CFL Training Process

A backward propagation (BP) algorithm based on stochastic
gradient descent (SGD) is used to update the local FL param-
eters of each device, which is given by

g′
i,t+1 = gi,t − λ

∑
n∈Ni,t

∂f (gi,t,x,y)

∂gi,t
. (2)

where g′
i,t+1 is the updated local model at iteration t, λ is the

learning rate, and Ni,t is the subset of training data samples
(i.e., minibatch) selected from the training dataset Ni of device
i at iteration t.

Given the updated local model, each device i exchanges
g′
i,t+1 with its selected devices and aggregate their FL model

parameters, which can be given by [6]

gi,t+1(ui,t)=g′
i,t+1+

∑
j∈M

uj,i,t

max{||ui,t||, ||uj,t||}
(g′

j,t+1−g′
i,t+1),

(3)

where ui,t = [ui,1,t, ..., ui,j,t, ..., ui,M,t] is a vector of FL
transmission index of device i with ui,j,t = 1 implying that
device i will exchange its local FL model with device j at
iteration t, and ui,j,t = 0 otherwise. ||ui,t|| =

∑
j∈M

ui,j,t is

the number of devices that will transmit FL parameters to
device i.
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B. Mobility Model

The mobility of each device is modeled by a random walk
model. In particular, at each CFL iteration, each device can
stay at the current location or move to four directions: a) up,
b) down, c) left, and d) right. The probability of each device’s
movement at each time slot t is expressed by a vector ξi,t =
[ξi,t,0, ξi,t,1, ξi,t,2, ξi,t,3, ξi,t,4]. where ξi,t,0 is the probability
that device i stays at the current location at time t while ξi,t,1,
ξi,t,2, ξi,t,3, and ξi,t,4, represent, respectively, the probability
that device i moves up, down, left, and right at time t. The
speed of device i is vi. The location of each device i at the
time t is captured by a vector ϕi,t = [ϕi,t,1, ϕi,t,2]. We assume
that the duration of each time slot t is ∆t. The location of each
device i at the time t+ 1 is:

ϕi,t+1=



[ϕi,t,1, ϕi,t,2] ,with probability ξi,t,0,
[ϕi,t,1, ϕi,t,2 + vi∆t] ,with probability ξi,t,1,
[ϕi,t,1, ϕi,t,2 − vi∆t] ,with probability ξi,t,2,
[ϕi,t,1 + vi∆t, ϕi,t,2] ,with probability ξi,t,3,
[ϕi,t,1 − vi∆t, ϕi,t,2] ,with probability ξi,t,4.

(4)

C. CFL Model Transmission Process

We adopt an orthogonal frequency division multiple access
(OFDMA) transmission scheme. Let B be the bandwidth that
device can use for model parameter transmission and pi,j,t
be the transmit power of device i. The data rate of device i
transmitting FL parameters to device j is

ci,j,t(ui,t,ϕt, B, pi,j,t) =
B

||ui,t||
log

(
1+

pi,j,thi,j,t (ϕt)

σ2
N

)
,

(5)
where hi,j,t = ρi,j,tr

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

and j with ρi,j,t is the Rayleigh fading parameters, ri,j,t is the
distance between device i and j. σ2

N represents the variance
of additive white Gaussian noise. Based on (5), the time of
device i transmitting FL model parameters to device j is

li,j,t(ui,t,ϕt, B, pi,j,t) =
A

ci,j,t(ui,t,ϕt, B, pi,j,t)
, (6)

where A is the size of the CFL model parameters, which is
assumed to be equal for each device.

The energy consumption of device i transmitting its FL
parameters to device j can be expressed as

Ei,j,t (ui,t,ϕt, B, pi,j,t) = pi,j,tli,j,t(ui,t,ϕt, B, pi,j,t). (7)

Given (7), the energy consumption of device i updating its
local FL model at iteration t is

Ei,t(ui,t,ϕt, B,pi,t) =

M∑
j=1

ui,j,tEi,j,t(ui,t,ϕt, B, pi,j,t),

(8)
where pi,t = [pi,1,t, ..., pi,j,t, ..., pi,M,t] is the transmit power
vector of device i at time slot t.

D. Problem Formulation
Our goal is to minimize the total energy consumption

under 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 (ui,t, B,ϕt,pi,t) , (9)

s.t. li,j,t(ui,t,ϕt, B, pi,j,t) ⩽ Γ,∀i, j ∈ M,∀t ∈ T , (9a)
F (g (uT )) < F ∗, (9b)

where U = [u1, ...,ut, ...uT ]
⊤ is the FL model transmission

matrix, P = [p1, ...,pt, ...pT ]
⊤ is the transmit power matrix.

Here, pt = [p1,t, ...,pi,t, ...,pM,t] is the transmit power
vector for each device at time slot t. Γ is the maximum
FL model transmission delay per iteration allowed by the
network operator. (9a) is a constraint on the FL model
transmission delay per iteration, and (9b) is the CFL training
loss requirement. The problem in (9) is challenging to solve
by traditional algorithms due to the following reasons. First,
FL model transmission matrix U and transmit power matrix
P are dependent and hence iterative algorithms with high
complexity must be used to solve problem (9). Meanwhile,
these iterative algorithms require each device to collect the
information (i.e., locations) of all devices in the network find
the globally optimal solution for problem (9), which will
further increase the communication overhead and complexity
of solving problem (9). Second, in (9), device locations will
change over time. Therefore, traditional iterative algorithms
must re-execute for different network topology, which may
lead to additional communication and computational overhead.
To overcome these challenges, we propose a fully distributed
algorithm based on GNNs which enables each device to
require only its neighboring devices’ location information to
determine the FL model transmission matrix U and transmit
power P .

III. PROPOSED METHOD

The proposed scheme of solving problem (9) consists of two
stages. At the first stage, a GNN based algorithm is proposed
[8], which enables each device i to individually determine
the FL model transmission matrix ui using its neighboring
devices’ location and connection information. Compared to
standard iterative algorithms that need to iteratively optimize
ui and P , the proposed GNN based method can directly
obtain the optimal u∗

i without iterative optimization. Given
u∗
i , at the second stage, each device can directly obtain the

optimal transmit power p∗
i . Next, we will first introduce the

components of the designed GNN-based algorithm. Then,
the training method of the designed algorithm is explained.
Finally, we explain the optimization of transmit power given
the optimal FL model transmission matrix U∗.

A. Components of the GNN-based Algorithm
As shown in Fig. 2, the proposed GNN-based algorithm that

is implemented by each device consists of three components:
a) input, b) hidden layer, and c) output layer, which are
specified as follows:
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...   ...

Input

Hidden Layer I Hidden Layer II

Output

...   ...

Leaky ReLU

...   ...

Probability output

𝑣1 𝑣2

𝑣4

𝑣3 𝑣7

𝑣6

𝑣8

𝑣5

𝑣1 𝑣2

𝑣4

𝑣3 𝑣7

𝑣6

𝑣8

𝑣5

H1

H8 𝑍8

𝑍1

𝑦1,2 = 𝑍1 × 𝑍2
⊤

𝑦7,8 = 𝑍7 × 𝑍8
⊤

Fig. 2. Illustration of our proposed GNN-based algorithm.

1) Input: To determine the input of the GNN based method,
we first construct a k nearest neighbor graph [9]. Here, we
use a k nearest neighbor graph instead of a fully-connected
graph for the input of the GNN. Let L1 (i, k) be the set of
the first hop devices that can directly connect to device i. Let
L2 (i, k) be the set of the second hop devices that can connect
to device i via the first hop devices. Let L (i, k) = L1 (i, k)∪
L2 (i, k) ∪ {i} with |L (i, k) | being the number of devices in
L (i, k). Then, we define a matrix R (i, k) ∈ R|L(i,k)|×|L(i,k)|

to represent the connectivity among devices in L (i, k), where
rs,d (i, k) ∈ {0, 1} is an element of R(i, k) with rs,d (i, k) = 1
indicating that device d is one of the k nearest devices of
device s and rs,d (i, k) = 0, otherwise. The input of the GNN
model of device i is matrix R (i, k) and a vector of locations
of the first and second hop devices of device i, which is repre-
sented by Φi =

[
ϕ1,t, ...,ϕj,t, ...,ϕ|L(i,k)|,t

]⊤ ∈ R|L(i,k)|×2.
2) Hidden layer: The hidden layer consists two graph

convolutional networks layers (GCNs), which is expressed as

H = ζ(D− 1
2 R̃ (i, k)D− 1

2ΦiΘ0),

Z = ζ(D− 1
2 R̃ (i, k)D− 1

2HΘ1),
(10)

where R̃ (i, k) = R (i, k) + I and I = diag (1), D =
diag

(
||r1||, ..., ||ri||, ..., ||r|L(i,k)|||

)
with ri being row i of

R (i, k) [10]. Θ0 ∈ R2×V1 and Θ1 ∈ RV1×V2 are GNN model
parameters and ζ (·) is the leaky rectified linear unit function,
and V1 and V2 are output dimensions. H ∈ R(|L(i,k)|)×V1 is
the output of the first GCN layer and Z ∈ R(|L(i,k)|)×V2 is
the output of the second GCN layer.

3) Output Layer: The output of the network is a probability
distribution µi =

[
µi,1, ..., µi,|L1(i,k)|

]
of device i connecting

to its first hop devices, where the probability µi,j of device i
connect to device j can be expressed as

µi,j =
ezi×z⊤

j∑|L1(i,k)|
l=1 ezi×z⊤

l

,∀j ∈ L1 (i, k) , (11)

where zi is row i of Z in (10). Here, the prediction result µi

is determined not only by the FL model transmission matrix
U but also the optimal transmit power vector P since the
data labels used to train the GNN model are generated by the
optimal U and P .

Given the prediction µi, the next step is to determine
the FL model transmission matrix ui of each device i.
First, each device i transmits its prediction result µi to
its neighboring devices. Then, each device i will use its
received FL model transmission matrix to determine µi. We
first define a set Si =

{
µi,1, ..., µi,|L1(i,k)|

}
to represent the

set of elements in µi and µi,ni,max
= max {x|x ∈ Si} as

the maximum connection probability among µi with ni,max

being the device index. Similarly, we define µi,n′
i,max

=

max
{
x|x ∈ S (i) and x ̸= µi,ni,max

}
as the maximum con-

nection probability among the elements in µi except µi,ni,max

with n′
i,max being the device index. Hence, element ui,j in FL

model transmission matrix is determined by

ui,j =


1, if j = ni,max,

1, if j = n′
i,max, µi,ni,max

< µni,max,i,

and nni,max,max = i,

0, otherwise,

(12)

where nni,max,max is the index of device with the maximum
connection probability in µni,max . Here, µni,max represents the
probability distribution of device ni,max connecting to its first
hop devices. From (12), we see that each device i can at most
transmit FL parameters to two devices: 1) the device ni,max

with the highest connection probability and 2) the device
n′
i,max with the second highest connection probability.

B. Training the Proposed GNN-based Model
Given the defined components, we next introduce the entire

procedure of training the proposed GNN-based method. To
minimize the difference between the predicted connections and
the optimal connections, we use binary cross-entropy (BCE)
as the loss function, which is expressed as

J (R(i, k),ϕi,Θ0,Θ1)

=

M∑
i=1

|L1(i,k)|∑
j=1

−zi,j log δ(µi,j)− (1− zi,j) log(1− δ(µi,j)),

(13)
where δ(·) is the sigmoid function, zi,j ∈ {0, 1} is the label
of connection with zi,j = 1 indicating there is a connection
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between device i and device j and zi,j = 0, otherwise. To
minimize the training loss in (13), we optimize Θ0 and Θ1

using the back-propagation algorithm with minibatch stochas-
tic gradient descent (SGD) approach.

C. Optimization of Transmit Power Vector with Fixed FL
Model Transmission Matrix

When the FL model transmission matrix U is determined,
each device only needs to optimize its own transmit power
vector pi,t. Given the optimized transmission matrix U , the
transmit power optimization problem for device i at time slot
t can be rewritten as

min
pi,t

M∑
j=1

Ei,j,t (ϕt, B, pi,j,t) , (14)

s.t. li,j,t(ϕt, B, pi,j,t) ⩽ Γ,∀j ∈ L1 (i, k) . (14a)

Based on (14), the optimal transmit power of each device i is
given by the following lemma.

Lemma 1. The optimal transmit power pi,j,t of each device
i transmiting its model to device j can be given by

p∗i,j,t =
ui,j,tσ

2
N

hi,j,t (ϕt)

(
2

A||ui||
BΓ − 1

)
. (15)

Proof. To prove Lemma 1, we first prove that energy con-
sumption Ei,j,t (ϕt, B, pi,j,t) is an increasing function of
variable pi,j,t. Based on (5), (6), and (7), we have

Ei,j,t (ϕt, B, pi,j,t) =
A||ui||pi,j,t

B log
(
1 +

hi,j,t(ϕt)pi,j,t

σ2
N

) . (16)

The derivative of Ei,j,t (ϕt, B, pi,j,t) with respect to pi,j,t is
given by

∂Ei,j,t (ϕt, B, pi,j,t)

∂pi,j,t
=

A||ui||

B log
(
1 +

hi,j,t(ϕt)pi,j,t

σ2
N

)
− Ahi,j,t (ϕt) pi,j,t||ui||

Bσ2
N log

(
1 +

hi,j,t(ϕt)pi,j,t

σ2
N

)2 (
1 +

hi,j,t(ϕt)pi,j,t

σ2
N

)
=

A||ui||
Bw (pi,j,t) log (w (pi,j,t))

2 f (w (pi,j,t)) ,

(17)

where w (pi,j,t) and f (w (pi,j,t)) are short for 1 +
hi,j,t(ϕt)pi,j,t

σ2
N

and (w (pi,j,t) (log (w (pi,j,t))− 1) + 1), re-

spectively. Obviously, A||ui||
Bw(pi,j,t) log(w(pi,j,t))

2 and ∂w(pi,j,t)
∂pi,j,t

=
hi,j,t(ϕt)

σ2
N

are always positive as pi,j,t ≥ 0. Hence, to prove
that (17) is positive, we need to only prove that f (w (pi,j,t))
is positive when w (pi,j,t) ≥ 1. The derivative of f (w (pi,j,t))
with respect to w (pi,j,t) is given by

∂f (w (pi,j,t))

∂w (pi,j,t)
= log (w (pi,j,t)) +

1

ln 2
− 1 > 0. (18)

Obviously, f (w (pi,j,t)) is a monotonically increasing func-
tion when w (pi,j,t) ≥ 1. Therefore, f (w (pi,j,t)) ≥ 0 when

Algorithm 1 GNN-based Algorithm for Connection Optimiza-
tion

1: Initialize The FL model transmission matrix U .
2: Devices obtain location information based on GPS data;
3: Each device i broadcasts its location information to de-

vices 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 (10);
7: Calculate the output probability distribution µi based

on (11);
8: Each device i transmits µi to its neighboring devices;
9: end for

10: Each device i determines ui based on (12);
Output: The FL model transmission matrix U .

TABLE I
SIMULATION PARAMETERS [11]

Parameters Values Parameters Values
B 1 MHz f 3.3GHz
σ2
N -174 dB Γ 10ms
A 92 KB ρ 1
V1 5 V2 10
M 8 k 3

w (pi,j,t) ≥ 1. Since ∂Ei,j,t(ϕt,B,pi,j,t)
∂pi,j,t

is always positive when
pi,j,t ≥ 0, Ei,j,t (ϕt, B, pi,j,t) is a monotonically increasing
function when pi,j,t ≥ 0. From the constraint (14a) we
have pi,j,t ≥ ui,j,tσ

2
N

hi,j,t(ϕt)

(
2

A||ui||
BΓ − 1

)
. Hence, to minimize the

transmission energy consumption, the optimal transmit power
p∗i,j,t is ui,j,tσ

2
N

hi,j,t(ϕt)

(
2

A||ui||
BΓ − 1

)
. This completes the proof.

IV. SIMULATION RESULTS

For our simulations, we consider a network with a circular
area having a radius r = 1000 m and 8 uniformly distributed
devices. The other parameters used in simulations are listed
in Table I. We consider the use of FL for handwritten digit
identifications based on the MNIST dataset [12]. For com-
parison, we consider two baselines. Baseline a) is an optimal
solution, which is obtained by exhaustive search. Baseline b) is
a decentralized solution, where each device directly connects
to its first and second nearest neighboring devices with optimal
transmit power.

In Fig. 3, we show how the energy consumption of CFL
training changes as the number of devices varies. In this
simulation, we only train the GNN using the data collected
by the network with 8 devices. When the network has more
or less than 8 devices, we directly use the GNN model
trained by the data collected from the network with 8 devices.
From Fig. 3, we can see that the proposed method achieves
similar performance as the optimal solution. This is because
the proposed algorithm enables each device to determine the
FL model transmission matrix using its neighboring devices’
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Fig. 4. Transmit loss vs. the number of iterations.

location and connection information thus optimizing FL model
transmission matrix and transmit power. From this figure, we
can also see that, as the number of devices increases, the
average energy consumption of each device decreases. This is
because, as the number of devices increases, the FL parameter
transmission distance among the devices decreases. Fig. 3 also
shows that compared to baseline b), the proposed algorithm
can reduce energy consumption of CFL training by up to 46%.
This is because the proposed algorithm can select an optimal
subset of devices for FL parameter exchange. Fig. 3 also shows
that the gap between the proposed algorithm and baseline a)
does not change as the number of devices increases. This
implies that the proposed algorithm trained in the network
with 8 devices can directly be used for the networks with
more or less than 8 devices.

Fig. 4 shows how the average CFL training loss changes as
the number of iterations varies. From Fig. 4, we observe that,
as the number of iterations increases, the average CFL training
loss decreases. This is due to the fact that devices share
local FL model parameters with their neighboring devices per
iteration such that the proposed CFL converges. Fig. 4 also
shows that the proposed algorithm can reduce training loss
by up to 2% compared to baseline b). This is due to the
fact that the proposed algorithm can optimize the FL model
transmission matrix via analyzing the location and device
connection information.

V. CONCLUSION

In this paper, we have developed a novel CFL framework
that enables devices to collaboratively train a ML model via
exchanging their local FL parameters with their neighboring
device without the reliance on a parameter server. We have for-
mulated an optimization problem, whose goal is to minimize
CFL energy consumption while satisfying the delay and CFL
training loss requirements. To solve this problem, we proposed
a two-stage solution. At the first stage, we have proposed a
GNN based algorithm which enables each device to individ-
ually determine its FL parameter transmission matrix using
its neighboring devices’ location and connection information.
Given the optimal FL parameter transmission matrix, at the
second stage, we have derived a close-form expression of the
optimal transmit power. Simulation results have demonstrated
that the proposed algorithm can significantly reduce CFL
training energy consumption compared to the algorithm where
each device will directly connect to its first and second nearest
neighbors.
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