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Abstract—Decentralized federated learning (DFL) enables
clients to train a neural network model in a device-to-device
(D2D) manner without central coordination. In practical systems,
DFL faces challenges due to dynamic topology changes, time-
varying channel conditions, and limited computational capability
of the clients. These factors can affect the learning performance
and efficiency of DFL. To address the aforementioned challenges,
in this paper, we propose a graph neural network (GNN)–based
algorithm to minimize the total delay and energy consumption
on training and improve the learning performance of DFL
in D2D wireless networks. In our proposed GNN, a multi-
head graph attention mechanism is used to capture different
features of clients and wireless channels. We design a neighbor
selection module which enables each client to select a subset
of its neighbors for the participation of model aggregation.
We develop a decoder that enables each client to determine
its transmit power and computational resource. Experimental
results show that our proposed algorithm achieves a lower total
delay and energy consumption on training when compared with
five baseline schemes. Furthermore, by properly selecting a subset
of neighbors for each client, our proposed algorithm achieves
similar testing accuracy to the full participation scheme.

Index Terms—Decentralized federated learning, graph neural
networks, neighbor selection, resource allocation.

I. INTRODUCTION

Federated learning (FL) [1] [2] is a decentralized machine
learning framework that allows clients to collaboratively train
a global model using their local datasets under the coordi-
nation of a central server. However, conventional centralized
FL schemes are vulnerable to the single point of failure
since the central server has to remain available for model
aggregation [2]–[5]. Moreover, the wireless links between the
clients and the central server may sometimes be congested
due to concurrent uplink transmissions, which may increase
the communication delay for FL. To address these challenges,
decentralized federated learning (DFL) [6] [7] has emerged
as an alternative, leveraging device-to-device (D2D) wireless
communications and decentralized stochastic gradient descent
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(DSGD) techniques. DFL relies on the model exchange be-
tween clients without the assistance of a central server. It has
two distinctive advantages. First, DFL is robust to the single
point of failure due to its decentralized structure. Second,
DFL does not require uplink transmission and hence avoids
congestion at the central server. In particular, DFL has been
studied under several application scenarios. In healthcare, DFL
facilitates collaborative model training between hospitals and
medical institutions while ensuring data privacy [8]–[11]. In
vehicular networks, DFL uses vehicle-to-vehicle communica-
tion, enabling safer and more efficient transportation systems
[12] [13]. In industrial Internet of Things (IIoT), DFL can be
trained by harnessing distributed sensor data across industrial
facilities [14] [15]. It can improve the operational efficiency
and reliability. In mobile services, DFL can personalize user
experiences while reducing the communication overhead [16]
[17]. In addition, some companies have deployed DFL. For
example, Hewlett Packard Enterprise has deployed DFL with
blockchain to coordinate artificial intelligence (AI) model
training among multiple distributed nodes [18].

However, DFL faces several challenges. First, the hetero-
geneity of clients can reduce the convergence rate of DFL.
Clients with lower communication and computational capa-
bilities may become stragglers, and they take longer time than
other clients to send their model updates to their neighbors.
The stragglers may reduce the frequency of model aggregation
and increase the convergence time. The long convergence time
can increase the communication and computation resource
usage. Second, the convergence rate can also be reduced due
to the decentralized structure of DFL. This is because each
client can only exchange the local model with its neighbors.
This may result in a low degree of consensus among clients’
local models. Thus, it can degrade the learning performance of
DFL. Third, due to the mobility of clients, the D2D network
topology may change over time, which can hinder the system
from achieving a high degree of consensus of local models
across clients.

Most of the recent works on DFL focus on decentralized
algorithm design [19]–[24]. Each client performs model ag-
gregation with all of its available neighbors (i.e., full par-
ticipation) in each training round, aiming to obtain local
models with a high consensus. However, aggregating all the
neighboring clients’ models can consume a lot of network
resources. Hence, we consider a neighbor selection scheme
for DFL to improve the learning efficiency. Although some
recent works have proposed neighbor selection schemes for
DFL [25]–[30], they do not consider the dynamics of wireless



networks. In particular, a client may not be able to maintain
reliable communications with its neighbors due to client’s
mobility and dynamic channel conditions. Hence, we aim to
design a neighbor selection-based DFL framework in time-
varying wireless environments.

In recent years, graph neural networks (GNNs) have been
developed as effective tools to solve resource allocation prob-
lems in wireless networks [31]–[34]. Several recent devel-
opments in FL have introduced new applications of GNNs
[35]–[37]. However, the aforementioned works utilize GNNs
in the conventional centralized FL setting, which makes them
incompatible with DFL.

In this paper, we study the following problem: How to
select neighbors and allocate computation and communication
resources for each client efficiently in a D2D network to
optimize the performance of DFL? We aim to develop an
algorithm which can achieve a low total delay and energy
consumption on training and a high testing accuracy for DFL
applications. The design is challenging due to the following
reasons. First, it is difficult to quantify the impact of system
characteristics (e.g., dynamic changes in the network topology,
time-varying wireless channel conditions, and client hetero-
geneity) on the resource utilization and learning performance
of DFL. Second, in decentralized settings, obtaining the global
model can consume a significant amount of computation and
wireless resources. Nevertheless, the learning performance of
DFL depends on the consensus degree across clients’ local
models. Third, the necessity for the decentralized implemen-
tation of DFL complicates the solution. To address the afore-
mentioned challenges, we propose a GNN-based algorithm to
select neighbors and allocate wireless resources and central
processing unit (CPU) to each client. This work is an extension
of our previous work in [38]. The contributions of this paper
are as follows:

• We propose a DFL framework which facilitates cooper-
ative model training across clients in a D2D network.
This framework enables partial client participation by
incorporating neighbor selection to improve the learning
efficiency. By conducting theoretical analysis, we derive
the convergence bound of our proposed DFL.

• We formulate a neighbor selection and resource allocation
problem for DFL. The objective is to jointly minimize
the total delay and energy consumption on training and
achieve a high consensus across clients’ local models to
guarantee the learning performance of our proposed DFL.

• We design an attention-based GNN encoder to capture
the intrinsic properties of the D2D network and the
local model parameters of clients. To reduce the total
delay and energy consumption on training, we design a
neighbor selection module to choose the neighbors for
model aggregation. We also design a decoder module
to determine the transmit power and CPU frequency for
each client. By training our proposed GNN with different
network topologies and wireless channel conditions, our
proposed GNN can adapt to dynamic network settings.
Our proposed GNN can be executed by each client in
a distributed manner, which facilitates implementation in
practical systems.

• We conduct experiments using Fashion-MNIST, CIFAR-
10, and ImageNet datasets. We compare our proposed
algorithm with five baseline schemes, including full
participation, random sampling, FedHP scheme [27],
performance-based neighbor selection (PENS) scheme
[28], and a path-following FL scheme [39]. Results show
that our proposed algorithm achieves a lower total delay
and energy consumption than the baselines. Furthermore,
it achieves a comparable average testing accuracy to the
full participation DFL scheme.

The rest of this paper is organized as follows. The system
model, theoretical convergence analysis, and problem formu-
lation are presented in Section II. The proposed GNN-based
algorithm is described in Section III. The experimental results
are presented in Section IV. Conclusion is given in Section V.

Notations: In this paper, we use calligraphic upper case
letters, boldface upper case letters, and boldface lower case
letters to denote sets, matrices/tensors, and vectors, respec-
tively. RM×N denotes the set of M ×N real-valued matrices.
1(·) denotes the indicator function, which is equal to 1 if the
argument is true and is equal to 0 otherwise. 1 ∈ RN denotes
the all-ones column vector. E[·] denotes the expected value
of a random variable. The operators ⟨·⟩, ⊙, |·|, ∥ · ∥1, ∥ · ∥,
∥ · ∥F , ∥, (·)⊺, and ⌊·⌋ denote the inner product, elementwise
multiplication, cardinality, 1-norm, 2-norm, Frobenius norm,
concatenation, transpose, and floor function, respectively. ∼
denotes “distributed as”. U [·] denotes the uniform distribution.

II. SYSTEM MODEL

We consider a D2D wireless network with N distributed
clients in a given area. The DFL process iterates for R
training rounds. In each training round, each client performs
K stochastic gradient descent (SGD) steps. To capture the
mobility of clients, we model the D2D network as a time-
varying directed graph Gr(V, Er), where V = {1, 2, . . . , N}
and Er denote the set of clients (i.e., nodes) and the set
of communication links (i.e., edges) between clients in the
r-th training round, respectively. We consider that clients
can move freely at the end of each training round, while
they remain stationary within each training round. There is
a communication link between two clients when their signal-
to-interference-plus-noise ratio (SINR) is greater than or equal
to a threshold Ω. The value of Ω controls the node degree (i.e.,
the number of neighbors of a client) in the D2D network. The
link from client i to client j is denoted by (i, j) ∈ Er. We
define Ar ∈ {0, 1}N×N as the adjacency matrix in the r-
th training round with ari ∈ R1×N , i ∈ V , denoting the i-th
row of matrix Ar. We have ari,j = 1((i, j) ∈ Er). We define
the set of neighbors of client i in the r-th training round as
N r

i = {j | j ∈ V, ari,j = 1}.
In the following, we first propose the DFL framework. Then,

we provide the convergence analysis and present the delay
and energy constraints. Finally, we formulate the neighbor
selection and resource allocation problem.

A. Decentralized Federated Learning
Each client i ∈ V has a dataset Di with Di training samples.

Let θr
i ∈ RDm denote the model parameters of client i in the



r-th training round, where Dm denotes the dimension of θr
i .

The loss function of the model of client i is given by

Fi(θ
r
i ) = Eξr

i∼Di
[Fi(θ

r
i ; ξ

r
i )], i ∈ V, (1)

where Fi(θ
r
i ; ξ

r
i ) denotes the loss on data samples in a mini-

batch ξri ∼ Di with model θr
i . Let θr

G denote the parameters
of the global model at the beginning of the r-th training round.
In centralized FL, the global model is obtained in the central
server as θr

G = 1∑N
j=1 Dj

∑N
i=1Diθ

r
i . The loss function of the

global model is given by

F (θr
G) =

1∑N
j=1Dj

∑N

i=1
DiFi(θ

r
G). (2)

Note that θr
G is the ground-truth, while acquiring it in D2D

networks is challenging due to the decentralized topology.
Hence, DFL uses the DSGD algorithm as an alternative to
learn a common model across clients, aiming to minimize
F (θr

G) in a decentralized manner [3]. In particular, each client
performs several steps of local training and exchanges its
model parameters with its neighbors in each training round.

The DFL process is depicted in Fig. 1. Before training, each
client has the same randomly initialized local model param-
eters. In the r-th training round, each client i ∈ V performs
the following three steps. First, client i trains its model locally
with K SGD steps. Let ∇Fi(θ

r,k
i ; ξri ) denote the gradient of

the loss function of client i at the k-th SGD step in the r-th
training round. We have ∇Fi(θ

r
i ; ξ

r
i ) =

∑K−1
k=0 ∇Fi(θ

r,k
i ; ξri ).

Therefore, client i’s model in the r-th training round is locally
updated as follows:

θr,K
i = θr,0

i − η

K−1∑
k=0

∇Fi(θ
r,k
i ; ξri )

= θr,0
i − η∇Fi(θ

r
i ; ξ

r
i ), (3)

where η denotes the step size. For illustration simplicity, we
consider that each client has the same number of training
samples in its local dataset. The average model at the end
of the r-th training round is given by θr,K

G = 1
N

∑N
i=1 θ

r,K
i .

In the second step, client i selects a subset of neighbor-
ing clients to send its local model update and receives the
corresponding model updates from its selected neighbors. We
define the neighbor selection decision variable as sri,j ∈ {0, 1},
which satisfies sri,j ≤ ari,j , i, j ∈ V . The neighbor selection
matrix for aggregation in the r-th training round is denoted as
Sr ∈ RN×N , with sri ∈ R1×N denoting the neighbor selection
row vector of client i. We define the set of neighbors that
client i has selected for aggregation in the r-th training round
as N̂ r

i = {j | sri,j = 1, j ∈ V}. N̂ r
i is a set of indices

corresponding to non-zero elements in vector sri . We have
N̂ r

i ⊆ N r
i . Then, client i sends the local model update θr,K

i

to each of its selected neighbor j ∈ N̂ r
i . In DFL, each client

needs to exchange local model parameters with its neighbors,
which requires bi-directional model exchange. That is, client
i also receives the updated model θr,K

j from its selected
neighbor j. We have sri,j = srj,i. In addition, client i includes
its own model for aggregation. We also have sri,i = 1.

In the third step, client i updates its local model by aggregat-

Fig. 1: An illustration of DFL in a D2D wireless system network. Each client
shares its local model parameters with its neighbors after local training.

ing the local models of its selected neighbors. It uses a doubly
stochastic mixing weight matrix Wr ∈ RN×N for model
aggregation. Similar to [40], we set the weights according to
the maximum number of neighbors among all clients as

wr
i,j =

{
1− |N r

i |
maxl∈V{|N r

l |} , if i = j,
1

maxl∈V{|N r
l |} , otherwise.

(4)

Client i then updates the local model in the r-th training round
as follows:

θr+1,0
i (sri ) ≜

∑
j∈N̂ r

i

⋃
{i}

wr
i,jθ

r,K
j . (5)

θr+1,0
i will be used as the model of client i to perform local

training in the (r + 1)-th training round.

B. Convergence Analysis

Due to the decentralized structure of DFL, local models
across clients may differ, which may affect the learning
performance of DFL. In this subsection, we conduct the the-
oretical analysis of our proposed DFL, discussing the impact
of the neighbor selection on the model discrepancies and the
convergence rate.

Let θ ∈ RDm and ξi ∼ Di denote the model parameters
and the local training samples of client i in any training round,
respectively. We make the following assumptions, which are
widely used in the literature (e.g., [21], [23], [24], [27], [41]).
Assumption 1. (L-smoothness) The loss function of each
client i ∈ V is continuously differentiable and is L-smooth.
That is, for any θ1,θ2 ∈ RDm , we have

Fi(θ1) ≤ Fi(θ2) +∇Fi(θ2)
⊺(θ1 − θ2) +

L

2

∥∥∥θ1 − θ2

∥∥∥2.
(6)

Assumption 2. (Bounded gradient variance) The variance of
stochastic gradient obtained by using the loss function of each
client i ∈ V is bounded by

E
[∥∥∥∇Fi(θ; ξi)−∇Fi(θ)

∥∥∥2] ≤ σ2
F . (7)

Assumption 3. (Bounded gradients) The stochastic gradient
obtained by using the loss function of each client i ∈ V is
bounded by

E
[∥∥∥∇Fi(θ; ξi)

∥∥∥2] ≤ ψ2
F . (8)



In addition, we introduce the following lemma.
Lemma 1. For arbitrary set of vectors {xi}Ni=1, we have∥∥∥∑N

i=1
1
N xi

∥∥∥2 ≤ 1
N

∑N
i=1 ∥xi∥2.

Proof. The square of 2-norm (i.e., ∥·∥2) is convex. According
to Jensen’s inequality, we have∥∥∥ N∑

i=1

ωixi

∥∥∥2 ≤
N∑
i=1

ωi∥xi∥2, (9)

where ω1, ω2, . . . , ωN are non-negative coefficients. When we

set ω1 = ω2 = · · · = ωN = 1
N , we obtain

∥∥∥∑N
i=1

1
N xi

∥∥∥2 ≤
1
N

∑N
i=1 ∥xi∥2.

Let Lgap,r
i (sri ) = ∥θr+1,0

i (sri ) − θr,K
G ∥2 denote the con-

sensus distance between the model of client i and the global
model at the end of the r-th training round. Let F ⋆ denote
the minimum value of F across the feasible domain. We now
present the result of the convergence rate of our proposed DFL
in the following theorem.
Theorem 1. Under Assumptions 1 − 3 and Lemma 1, the
convergence rate of our proposed DFL is bounded by

1

R

R−1∑
r=0

∥∥∥∇F (θr
G)

∥∥∥2
≤

2
(
F (θ0

G)− F ⋆
)

R︸ ︷︷ ︸
Initial optimality gap

+
2(L+ 2)

NR

R−1∑
r=0

N∑
i=1

Lgap,r
i (sri )︸ ︷︷ ︸

Consensus distance induced gap

+ 2(L+ 2)η2ψ2
F + 3(σ2

F + ψ2
F )︸ ︷︷ ︸

Gradient induced gap

. (10)

Proof. We first introduce the following notations to facilitate
our proof:

Θr,0 = (θr,0
1 ,θr,0

2 , . . . ,θr,0
N ) ∈ RDm×N ,

∇F (Θr; ξr) =
(
∇F1(θ

r
1; ξ

r
1),∇F2(θ

r
2; ξ

r
2), . . . ,

∇FN (θr
N ; ξrN )

)
∈ RDm×N ,

Wr
s =Wr ⊙ Sr ∈ RN×N .

We begin by expanding the equation of the model update
into several terms. Then, we analyze each term respectively
to bound the convergence rate. Based on eqns. (3) and (5), in
the r-th training round, the model is updated as follows:

Θr+1,0 =
(
Θr,0 − η∇F (Θr; ξr)

)
Wr

s

=Θr,0Wr +Θr,0(Wr
s −Wr)− η∇F (Θr; ξr)Wr

s .
(11)

The loss made on the global model after the model update at
the beginning of the (r + 1)-th training round is given by

F (θr+1
G )

= F
(Θr+1,01N

N

)
= F

(Θr,0Wr1N

N
+

Θr,0(Wr
s −Wr)1N

N

− η∇F (Θr; ξr)Wr
s1N

N

)

(a)
≤ F

(Θr,0Wr1N

N

)
+

〈
∇F

(Θr,0Wr1N

N

)
,

Θr,0(Wr
s −Wr)1N − η∇F (Θr; ξr)Wr

s1N

N

)〉
+
L

2

∥∥∥Θr,0(Wr
s −Wr)1N − η∇F (Θr; ξr)Wr

s1N

N

∥∥∥2,
(12)

where inequality (a) results from Assumption 1. Then, we take
expectation on both sides of inequality (12). Since Wr is a
doubly stochastic matrix, we have

F (θr+1
G )

≤ F
(Θr,01N

N

)
+ E

[〈
∇F

(Θr,01N

N

)
,

Θr,0(Wr
s −Wr)1N − η∇F (Θr; ξr)Wr

s1N

N

〉]
+
L

2
E
[∥∥∥Θr,0(Wr

s −Wr)1N

N

− η∇F (Θr; ξr)Wr
s1N

N

∥∥∥2]
= F (θr

G) + E
[〈

∇F (θr
G),

(
Θr,0 − η∇F (Θr; ξr)

)
Wr

s1N

N

− Θr,0Wr1N

N

〉]
+
L

2
E
[∥∥∥(Θr,0 − η∇F (Θr; ξr)

)
Wr

s1N

N

− Θr,0Wr1N

N

∥∥∥2]
= F (θr

G) + E
[〈

∇F (θr
G),

(Θr+1,0 −Θr,0Wr)1N

N

〉]
+
L

2
E
[∥∥∥ (Θr+1,0 −Θr,0Wr)1N

N

∥∥∥2]
= F (θr

G) + E
[〈

∇F (θr
G),θ

r+1
G − θr

G

〉]
︸ ︷︷ ︸

T1

+
L

2
E
[∥∥∥θr+1

G − θr
G

∥∥∥2]︸ ︷︷ ︸
T2

, (13)

where T1 measures the alignment of the update of the global
model and the gradient in the r-th training round. T2 measures
the update of the global model in the r-th training round.
Now, we analyze T1. For any vectors x1,x2 ∈ Rd, we have
⟨x1,x2⟩ = 1

2 (∥x1∥2+∥x1∥2−∥x1−x2∥2). Thus, T1 satisfies

T1 = E
[〈

∇F (θr
G),θ

r+1
G − θr

G

〉]
= − E

[〈
∇F (θr

G),θ
r
G − θr+1

G

〉]
= − 1

2
E
[∥∥∥∇F (θr

G)
∥∥∥2 + ∥∥∥θr

G − θr+1
G

∥∥∥2
−
∥∥∥∇F (θr

G)− (θr
G − θr+1

G )
∥∥∥2]

=
1

2
E
[∥∥∥∇F (θr

G)− (θr
G − θr+1

G )
∥∥∥2]︸ ︷︷ ︸

T3

−1

2

∥∥∥∇F (θr
G)

∥∥∥2
− 1

2
T2, (14)



where T3 measures the deviation of the gradient and the update
of the global model in the r-th training round. Note that T1
depends on T2 and T3. Hence, we first analyze T3 and then
analyze T2. In particular, T3 satisfies

T3 = E
[∥∥∥∇F (θr

G)− (θr
G − θr+1

G )
∥∥∥2]

(a)
= E

[∥∥∥ 1

N

N∑
i=1

∇Fi(θ
r
G) + (θr+1

G − θr
G)

∥∥∥2]
= E

[∥∥∥ 1

N

N∑
i=1

(
∇Fi(θ

r
G)−∇Fi(θ

r
G; ξ

r
i ) +∇Fi(θ

r
G; ξ

r
i )
)

+ (θr+1
G − θr

G)
∥∥∥2]

(b)
≤ 3E

[∥∥∥ 1

N

N∑
i=1

(
∇Fi(θ

r
G)−∇Fi(θ

r
G; ξ

r
i )
)∥∥∥2]

+ 3E
[∥∥∥ 1

N

N∑
i=1

∇Fi(θ
r
G; ξ

r
i )
∥∥∥2]+ 3E

[∥∥∥θr+1
G − θr

G

∥∥∥2]
(c)
≤ 3

N

N∑
i=1

E
[∥∥∥∇Fi(θ

r
G)−∇Fi(θ

r
G; ξ

r
i )
∥∥∥2]

+
3

N

N∑
i=1

E
[∥∥∥∇Fi(θ

r
G; ξ

r
i )
∥∥∥2]+ 3T2

(d)
≤ 3(σ2

F + ψ2
F ) + 3T2, (15)

where equality (a) is obtained by using ∇F (θr
G) =

1
N

∑N
i=1 ∇Fi(θ

r
G). Inequalites (b) and (c) are obtained by us-

ing Lemma 1. Inequality (d) is obtained by using Assumptions
2 and 3. By substituting T3 into T1, we have

T1 ≤ − 1

2

∥∥∥∇F (θr
G)

∥∥∥2 + T2 +
3

2
(σ2

F + ψ2
F ). (16)

Then, we analyze T2. In particular, it satisfies

T2 = E
[∥∥∥ 1

N

N∑
i=1

θr+1,0
i − 1

N

N∑
i=1

θr,0
i

∥∥∥2]
= E

[∥∥∥ 1

N

N∑
i=1

(θr+1,0
i − θr,K

i + θr,K
i − θr,0

i )
∥∥∥2]

(a)
≤ 2E

[∥∥∥ 1

N

N∑
i=1

(θr+1,0
i − θr,K

i )
∥∥∥2]

+ 2E
[∥∥∥ 1

N

N∑
i=1

(θr,K
i − θr,0

i )
∥∥∥2]

= 2
∥∥∥θr+1

G − θr,K
G

∥∥∥2 + 2E
[∥∥∥ 1

N

N∑
i=1

η∇Fi(θ
r
i ; ξ

r
i )
∥∥∥2]

(b)
≤ 2

∥∥∥θr+1
G − θr,K

G

∥∥∥2 + 2η2ψ2
F , (17)

where inequality (a) is obtained by using Lemma 1. Inequality
(b) results from Assumption 3. By substituting T1 and T2 into
inequality (13), we have

F (θr+1
G ) ≤ F (θr

G)−
1

2

∥∥∥∇F (θr
G)

∥∥∥2 + (L+ 2)η2ψ2
F

+ (L+ 2)
∥∥∥θr+1

G − θr,K
G

∥∥∥2 + 3

2
(σ2

F + ψ2
F ).

(18)

Finally, we rearrange inequality (18). By summing up all R
training rounds and multiplying 2

R on both sides, we have

1

R

R−1∑
r=0

∥∥∥∇F (θr
G)

∥∥∥2
(a)
≤

2
(
F (θ0

G)− F ⋆
)

R
+

2(L+ 2)

R

R−1∑
r=0

∥∥∥θr+1
G − θr,K

G

∥∥∥2
+ 2(L+ 2)η2ψ2

F + 3(σ2
F + ψ2

F )

=
2
(
F (θ0

G)− F ⋆
)

R
+

2(L+ 2)

R

R−1∑
r=0

∥∥∥ 1

N

N∑
i=1

(
θr+1,0
i

− θr,K
G

)∥∥∥2 + 2(L+ 2)η2ψ2
F + 3(σ2

F + ψ2
F )

(b)
≤

2
(
F (θ0

G)− F ⋆
)

R
+

2(L+ 2)

NR

R−1∑
r=0

N∑
i=1

Lgap,r
i

+ 2(L+ 2)η2ψ2
F + 3(σ2

F + ψ2
F ), (19)

where inequality (a) is obtained by using F (θR
G) ≥ F ⋆.

Inequality (b) results from Lemma 1. This completes the
proof.

Theorem 1 characterizes the impact of the neighbor se-
lection decision on the convergence rate of our proposed
DFL. In particular, the initial optimality gap represents the
difference between the initial loss of the global model and the
optimal loss, while the gradient-induced gap captures the noise
introduced by stochastic gradients and the step size. These
two terms are independent of the decision variables. On the
other hand, the consensus distance induced gap depends on
the neighbor selection decisions sri,j .

Inspired by the aforementioned observations, we are moti-
vated to reduce the consensus distance in each training round
in order to improve the learning performance of our proposed
DFL. Notably, when each client selects all of other clients in
each training round (i.e., sri,j = 1, i, j ∈ N , 0 ≤ r ≤ R − 1),
the consensus distance induces gap reduces to 0. The corre-
sponding convergence rate is maximized. However, the D2D
network topologies in practical systems are not often fully
connected due to system characteristics (e.g., wireless channel
conditions). As a result, each client cannot select all of other
clients for model aggregation. In addition, we will show in
Section II-C that the corresponding system cost (i.e., delay
and energy consumption on training) increases significantly
with an increase of the selected neighboring clients for each
client. Hence, it is crucial that the neighboring clients for each
client are selected properly to maintain a balance between the
learning performance and the system cost of DFL.

C. Delay and Energy Consumption

Each client needs to select its neighboring clients, CPU
frequency, and transmit power in each training round. The
chosen values determine the delay and energy consumption
on training.



1) Delay: The total delay includes the computation and
communication delay of all clients. The computation delay of
a client corresponds to the time required for local training. Let
decision variable fri ∈ [fmin

i , fmax
i ] denote the CPU frequency

chosen by client i in the r-th training round, where fmin
i and

fmax
i are the minimum and maximum CPU frequency of client
i, respectively. Let ci denote the number of CPU cycles that
client i required to process one bit of data. Let ϵi denote the
size of the dataset Di (in bits). The computation delay of client
i to perform K SGD steps in the r-th training round is given
by T comp,r

i = ciϵiK
fr
i

.
When client i has completed its local training in one training

round, it sends its updated local model to its selected neigh-
bors, and the communication delay is incurred. Let decision
variable pri ∈ [0, pmax

i ] denote the transmit power of client i
in the r-th training round, where pmax

i denotes the maximum
transmit power of client i. Let gri,j denote the channel gain
from client i to client j in the r-th training round. At an
arbitrary time instant t in the r-th training round, we define
the set of clients that are transmitting their updated models as
M(t) ⊂ V . The SINR of the link from client i to client j at
time instant t in the r-th training round is given by

ψr
i,j(t) =

|gri,j |2pri∑
k∈M(t)\{i} |grk,j |2prk +BN0

, (20)

where N0 is the noise spectral density. The achievable data
rate at time instant t in the r-th training round is Cr

i,j(t) =
Blog2(1 + ψr

i,j(t)), where B is the bandwidth.
We consider a synchronized DFL scheme, where all clients

begin their local training in each training round simultane-
ously.1 When client i has completed its local training, it
transmits local model parameters to its selected neighbors.
At the same time, client i receives model parameters from
them. Note that the interference may change over time. This
is because the selected neighbors may use different transmit
power, and their channel gains can be different. The selected
neighbors may complete sending model parameters to client i
at different time instants. Let τ rj,i denote the time that client i
begins to receive the model from client j in the r-th training
round. Since clients’ model structures are identical, let χm

denote the size of the model (in bits). The corresponding
communication delay is denoted as T tr,r

j,i . From time τ rj,i to
τ rj,i + T tr,r

j,i , the size of the cumulative transmitted data for
sending the model parameters from the selected neighboring
client j to client i is equal to the size of the model. It satisfies∫ τr

j,i+T tr,r
j,i

τr
j,i

Cr
j,i(t) dt = χm.

As illustrated in Fig. 2, where the adjacent relationship
between clients follows from Fig. 1, when client i has com-
pleted its local training before its selected neighbors, client
i waits until they are finished. When the selected neighbors
have completed their local training, client i receives model

1In our DFL framework, a coordinator is required to facilitate synchroniza-
tion during the training process of DFL. The coordinator can be deployed at
each client or on a virtual server, as described in [42]. The coordinator sends
synchronization messages to all clients to ensure that all clients align their
training processes in each training round. The size of the synchronization
message is relatively small compared to the model parameters. Hence, the
communication costs of synchronization are considered to be negligible.

Fig. 2: An illustration of communication delay and computation delay in one
DFL training round.

parameters from them. Furthermore, when the selected neigh-
bors of client i complete their local training before client i,
client i receives their local model parameters and stores them
until it has completed its own local training. Then, client i
aggregates its local model with the models received from its
selected neighbors.

We define the waiting time of client i in the r-th training
round as the duration starting from the time when client i has
completed its local training to the time when it has received
the model parameters from all the selected neighbors. Let
pr ≜ (pr1, p

r
2, . . . , p

r
N ) and fr ≜ (fr1 , f

r
2 , . . . , f

r
N ) denote

the vectors of transmit power and CPU frequency in the r-
th training round, respectively. The waiting time of client i
in the r-th training round can be represented as a function of
neighbor selection decisions of client i, the transmit power of
all clients, and the CPU frequency of all clients. It is given by

Twt,r
i (pr, fr, sri )

= max

{
0, max

j∈N̂ r
i

{T comp,r
j + T tr,r

j,i } − T comp,r
i

}
. (21)

The total delay of client i in the r-th training round is
denoted as T r

i , which is defined as the duration from the time
when client i begins its local training to the time when it has
received the model parameters from its selected neighbors. T r

i

is equal to the sum of the waiting time of client i in the r-th
training round Twt,r

i and the computation delay of client i.
That is,

T r
i (p

r, fr, sri ) = Twt,r
i + T comp,r

i

= max

{
T comp,r
i , max

j∈N̂ r
i

{T comp,r
j + T tr,r

j,i }

}
.

(22)

The total delay of all clients in the r-th training round is
defined as the maximum value of the total delay of all clients.
That is, T r(pr, fr,Sr) = maxi∈V{T r

i }.
2) Energy consumption: The energy consumption includes

the computation and communication energy consumption. For
the computation energy consumption, we follow the settings
in [43]. The computation energy consumption of K SGD steps



in client i is given by Ecomp,r
i = KϕciDi(f

r
i )

2, where ϕ is
the capacitance coefficient of each client. The communication
energy consumption of client i in the r-th training round is de-
noted as Etr,r

i , which is given by Etr,r
i = pri maxj∈N̂ r

i
{T tr,r

i,j }.
The total energy consumption of client i in the r-th training
round is the sum of computation and communication energy
consumption. It is given by Er

i = Ecomp,r
i +Etr,r

i . Similarly,
we can represent the energy consumption of all clients in the
r-th training round as a function of pr, fr, and Sr, denoted
as Er(pr, fr,Sr) =

∑N
i=1E

r
i .

D. Problem Formulation

We aim to jointly optimize the neighbor selection and
resource allocation decisions to minimize the total delay and
energy consumption on training and the consensus distance of
local models in DFL. First, we characterize the system cost.
Let Ur denote the system cost function in the r-th training
round, which is a weighted sum of the total delay and energy
consumption. We have Ur(pr, fr,Sr) = T r(pr, fr,Sr) +
λEr(pr, fr,Sr), where λ is a non-negative coefficient. We de-
note F obj,r(pr, fr,Sr) = Ur(pr, fr,Sr)+β

∑N
i=1 L

gap,r
i (sri )

as the objective function, where β is a non-negative coefficient.
Since the neighbor selection and resource allocation decisions
are independent across training rounds, we decouple the op-
timization problem of all training rounds into R optimization
problems, one in each training round. In the r-th training
round, the problem can be formulated as

minimize
pr,fr,Sr

F obj,r(pr, fr,Sr) (23a)

subject to sri,j ≤ ari,j , i, j ∈ V, (23b)

0 ≤ pri ≤ pmax
i , i ∈ V, (23c)

fmin
i ≤ fri ≤ fmax

i , i ∈ V. (23d)

Problem (23) aims to determine the neighbor selection matrix
Sr, transmit power vector pr, and CPU frequency vector fr.
Constraint (23b) ensures that client i can send its model to
its neighbor j only if there is a communication link between
them. Constraint (23c) corresponds to the transmit power limit
of each client. Constraint (23d) ensures that the CPU frequency
of each client is bounded. Solving this mixed-integer nonlin-
ear programming problem is challenging due to the follow-
ing reasons. First, the time-varying channel conditions and
dynamic topology changes introduce additional complexity,
which requires a robust algorithm that can adapt to these
dynamic conditions. Second, the requirement of decentralized
implementation across clients complicates the solution. This
is because in decentralized settings, the resource allocation
decisions of each client depend on the communication and
computation capabilities of its neighboring clients and the
corresponding channel gains. Third, handling the coupling of
the neighbor selection and resource allocation decisions is
difficult because the neighbor selection decisions made by each
client directly affect the total delay and energy consumption on
training as well as the learning performance of DFL. Hence,
we develop an attention-based GNN in the following section
to select neighbors for each client and solve problem (23).

III. ALGORITHM DESIGN

We propose a multi-head attention-based GNN for each
client i ∈ V . The graph attention mechanism has the following
advantages. First, the attention mechanism determines the
attention scores of neighbors which reflect the relevance be-
tween clients. Second, it prioritizes the features of neighboring
clients with higher attention scores and can learn the intrinsic
properties of the graph. Finally, the attention mechanism can
be implemented in a decentralized manner, which satisfies the
requirements of decentralized implementation.

As shown in Fig. 3, our proposed GNN has four modules:
a client encoder, a local model encoder, a neighbor selec-
tion module, and a decoder. The client encoder encodes the
client features (i.e., maximum transmit power, maximum and
minimum CPU frequencies) and edge features (i.e., channel
gains) to capture the intrinsic properties of the D2D networks.
The local model encoder generates embeddings of the model
parameters. The neighbor selection module determines the set
of neighbors for model aggregation. The decoder determines
the transmit power and CPU frequency of the client.

For illustration simplicity, we drop the superscript r in the
following subsections. Let Ñi = Ni

⋃
{i} denote the modified

neighbor set of client i. Let IN ∈ RN×N denote the identity
matrix. We define matrix Ã = A + IN for attention score
calculation. Let ãi denote the i-th row vector of matrix Ã.
Let xndin

i = (pmax
i , fmax

i , fmin
i ) denote client i’s node feature

vector. The edge feature xeini,j is the magnitude of the channel
gain of link (i, j) ∈ E , i.e., |gi,j |. Since the node features have
different orders of magnitude, we perform normalization such
that the mean and standard deviation of the features are zero
and one, respectively. The m-th normalized node feature in
xndin
i is given by xndi,m = (xndini,m − µnd

m )/σnd
m , 1 ≤ m ≤ 3,

where µnd
m and σnd

m are the mean and standard deviation of
the m-th node feature. The normalized edge feature of xeini,j is
obtained by xej,i = (xeinj,i − µe)/σe, where µe and σe are the
mean and standard deviation of edge features, respectively.

A. Client Encoder

We consider encoding both the node and edge features. This
is because the node features characterize the communication
and computational capabilities of clients. The edge features
characterize the channel gains which affect the communication
delay. The client encoder utilizes these two features to capture
the intrinsic properties of the network topology. It generates
the edge-enhanced node embeddings which combine the node
features and edge features.

Node Attention Module: In this module, we introduce the
node attention score to assess the importance of node j’s
feature xnd

j to node i’s feature xnd
i and generate the node

embeddings. Only the neighboring nodes are considered when
calculating the node attention scores for each node. We em-
ploy a multi-head attention mechanism with a predefined Kh

independent sets of trainable weights of GNN. The kh-th set



Fig. 3: A schematic illustration of our proposed GNN for DFL. This is an example of our proposed GNN deployed at client 1.

of node attention scores generated by the hidden layer are

αkh
i,j=

exp
(
σ
(
(andm,kh)⊺

[
Wndm,khxnd

i ∥Wndm,khxnd
j

]))
∑

k∈Ñi

exp
(
σ
(
(andm,kh)⊺

[
Wndm,khxnd

i ∥Wndm,khxnd
k

])) ,
(24)

where σ(·) is a nonlinear activation function. It is a leaky
rectified linear unit in our proposed GNN. and,kh ∈ R2Dndm

is the kh-th set of weights of the fully connected layer in
the hidden layer. Wndm,kh ∈ RDndm×3 is the kh-th set of
weights for the node feature in the hidden layer. Dndm is the
dimension of the output embedding hndm

i , i ∈ V in the hidden
layer. In particular, each client calculates Kh independent
node attention scores in parallel by utilizing the multi-head
graph attention mechanism. Then, in the hidden layer, the
attention scores are used to generate the output by performing
concatenation as follows:

hndm
i =

Khn

kh=1

σ
(∑

j∈Ñi

αkh
i,jW

ndm,khxnd
i

)
. (25)

At the output layer of the attention module, we use hndm
i

as the input and generate the embedding of node i, which is
denoted as hnd

i . It is given by

hnd
i =σ

(
1

Kh

∑Kh

kh=1

∑
j∈Ñi

αo,kh

i,j Wndo,khhndm
j

)
, (26)

where αo,kh

i,j denotes the kh-th set of node attention scores
generated by the output layer. Wndo,kh denotes the kh-th set
of weights for the node feature in the output layer. Let Andm ∈
R2Dndm×Kh and Ando ∈ R2DndmKh×Kh denote the Kh sets of
trainable weights of fully-connected layers in the hidden layer
and output layer, respectively. Let Wndm ∈ RDndm×3×Kh and
Wndo ∈ RDndo×DndmKh×Kh denote the Kh sets of weights
for node features in the hidden layer and output layer of

the node attention module, respectively. Let Xnd ∈ R3×N

denote all node features. For simplicity, we represent the node
embedding generation process in (24) − (26) as a function of
Andm, Ando, Wndm, Wndo, Xnd, and ãi as

hnd
i = Att(Andm,Ando,Wndm,Wndo,Xnd, ãi). (27)

Edge Attention Module: Let he
i ∈ RDeo denote the edge

embedding of node i, where Deo is the dimension of he
i . Let

Dem denote the dimension of the output embedding in the hid-
den layer of the edge attention module. By using the attention
mechanism, he

i generated by the hidden layer can be expressed
as he

i = Att(Aem,Aeo,Wem,Weo,xe, ãi), where Aem ∈
R2Dem×Kh and Aeo ∈ R2DemKh×Kh denote the Kh sets of
trainable weights of fully-connected layers in the hidden layer
and output layer of the edge attention module, respectively.
Wem ∈ RDem×1×Kh and Weo ∈ RDeo×DemKh×Kh denote
the Kh sets of weights for edge features in the hidden layer
and output layer of the edge attention module, respectively.
xe ∈ R|E| denotes the edge features of all clients.

The edge-enhanced node embedding of client i is obtained
by concatenating the node and edge embeddings, which is
given by hi = (hnd

i ∥ he
i ) ∈ RDndo+Deo .

B. Local Model Encoder

The aggregated model of client i in DFL can be represented
as a function of the model parameters of client i and its
neighbors, i.e., θi and θj , j ∈ Ni. To obtain the information
on the local model of each client, we design a local model
encoder. This encoder can learn the model discrepancies
between clients, which contributes to achieving a high degree
of consensus across clients’ local models. However, as local
models often have a large number of parameters, transmitting
all of them between clients for training can incur substantial
communication overhead, potentially impacting communica-
tion efficiency. Thus, we reduce the number of transmitted



local model parameters between clients in our proposed GNN
by employing a random sampling technique which is simple to
implement. By using random sampling, each client randomly
selects a fraction of local model parameters based on a
predefined sampling ratio, which is denoted as κ. Note that
κ can be regarded as a measure of sparsity. When the value
of κ is small, the transmitted local model parameters for
GNN training will be sparse. By using random sampling,
the communication cost for transmitting model parameters
between clients in GNN can be reduced.

To characterize the random sampling process, we generate
a mask m ∈ RDm . In particular, m satisfies 1⊺m = ⌊κDm⌋.
For each element ml, 1 ≤ l ≤ Dm, we have ml = 1 if the
l-th local model parameter is sampled. Otherwise, ml = 0.
Therefore, the compressed model parameters of client i can
be expressed as xpa

i = θi ⊙ m, which will be used for
generating parameter embeddings. Let Xpa ∈ R⌊κDm⌋×N

denote the compressed model parameters of all clients. Let
hpa
i ∈ RDpao denote the parameter embedding of client
i, where Dpao is the dimension of hpa

i . Let Dpam denote
the dimension of the output embedding in the hidden layer
of the parameter attention module. hpa

i can be obtained
by hpa

i = Att(Apam,Apao,Wpam,Wpao,Xpa, ãi), where
Apam ∈ R2Dpam×Kh and Apao ∈ R2DpamKh×Kh denote
the Kh sets of trainable weights of fully-connected layers
in the hidden layer and output layer of the parameter atten-
tion module, respectively Wpam ∈ RDpam×⌊κDm⌋×Kh and
Wpao ∈ RDpao×DpamKh×Kh denote the Kh sets of weights
for the compressed parameters in the hidden layer and output
layer of the parameter attention module, respectively.

After generating edge-enhanced node embedding and pa-
rameter embedding by the output layers, we concatenate them
into one embedding as the input to the neighbor selection
module. The concatenated embedding is denoted as hmu

i =
(hi ∥ hpa

i ) ∈ RDndo+Deo+Dpao .

C. Neighbor Selection Module

Since the full participation scheme may incur high delay and
energy consumption in DFL, we propose a neighbor selection
module, which selects a subset of neighbors for each client.
The inputs to the module are the concatenated embedding of
a client and the embeddings of its neighbors. They are sent
to the module sequentially. The concatenated embedding of
client i and its neighbor j is given by hs

i,j = (hmu
i ∥ hmu

j ) ∈
R2(Dndo+Deo+Dpao).

Then, we apply a multi-layer perceptron (MLP) module to
determine whether a certain neighbor will be selected. The
output selection is given by bi,j = σs

(
(ws

i)
⊺hs

i,j

)
, where

ws
i ∈ R2(Dndo+Deo+Dpao) denotes the weights of the neighbor

selection module in GNN. σs(·) is the sigmoid function that
generates the normalized probability vector. Given bi,j , client
i determines the selection decision si,j based on a predefined
threshold γ ∈ (0, 1). Since the bi-directional model exchange
is required for aggregation in DSGD, we have

si,j = 1(bi,j ≥ γ and bj,i ≥ γ). (28)

After all neighbors’ embeddings have been sent to the neigh-
bor selection module, client i generates the selection vector si.
The neighbor selection matrix S can then be constructed.

D. Decoder

By using the aforementioned edge-enhanced node embed-
dings and the neighbor selection vector, the decoder deter-
mines the transmit power and CPU frequency for client i.
We define Ŝ = S + IN . Let ûi = (p̂i, f̂i) denote the
resource allocation decision of client i. It is obtained by
ûi = Att(Ândm, Ândo,Ŵndm,Ŵndo,H, ŝi), where Ândm ∈
R2Dndm×Kh and Ândo ∈ R4×Kh denote the Kh sets of
weights of fully connected layers in the hidden layer and
output layer of the attention module, respectively. Ŵndm ∈
RDndm×2(Dndo+Deo)×Kh and Ŵndo ∈ RDndo×DndmKh×Kh

denote the Kh sets of weights for for the edge-enhanced node
embeddings in in the hidden layer and output layer of the
attention module, respectively. H ∈ R(Dndo+Deo)×N denotes
the edge-enhanced node embeddings of all clients.

Since the output ûi is generated based on the embeddings,
it may not satisfy constraints (23c) and (23d). Therefore, we
include a differentiable convex optimization (DCO) layer to
the last layer of the decoder in our proposed GNN to determine
the feasible resource allocation decision ui = (pi, fi). This
can be achieved by projecting ûi onto the feasible domain
while preserving the gradient flow during GNN training. With
the DCO layer, we can train our proposed GNN directly and
obtain feasible decisions efficiently.

E. Loss Function of GNN

We define the loss function of our proposed GNN as a
weighted sum of the system cost and the consensus distance.
We approximate the consensus distance of model parame-
ters by using the aggregated compressed model parameters
of each client. Given si, the aggregated compressed model
parameters of client i can be obtained by a weighted sum
of the compressed model parameters of selected neighboring
clients j ∈ N̂i and itself, which can be represented as
a function of si as x̃pa

i (si) =
∑

j∈N̂i

⋃
{i} wi,jx

pa
j . More-

over, we define the average compressed model parameters
as x̄pa = 1

N

∑N
i=1 x

pa
i . During GNN training, we calculate

x̄pa by collecting xpa
i , i ∈ V at the coordinator.2 Then,

we can approximate Lgap
i based on the compressed model

parameters. By using the random sampling technique with
sampling ratio κ, Lgap

i can be approximated as a function of

si as Lgap
i (si) ≈

∥∥∥x̃pa
i (si) − x̄pa

∥∥∥2/κ. The detailed result of
this approximation will be presented in Section IV-A.

After we have obtained p and f , the delay and energy
consumption can be calculated. The system cost can then be
determined. The loss function of client i in GNN training is
defined as

LGNN
i (p, f , si) = Ui(p, f , si) + βLgap

i (si). (29)

2The size of the compressed model parameters is relatively small. Hence,
the communication costs of transmitting the compressed model parameters
between clients are considered to be negligible.



Algorithm 1 Algorithm for GNN Training
1: Input: Total number of epochs Nep, predefined threshold γ,

randomly initialized network scenarios with different topologies
determined by Ω, normalized node features Xnd, normalized
edge features xe, compressed model parameters Xpa, and ini-
tialized GNN model Φ.

2: For n = 1 to Nep do
3: Sample a mini-batch of Nb network scenarios.
4: For i ∈ V in parallel do
5: Sample local model parameters and obtain xpa

i .
6: Send xpa

i to neighboring clients j ∈ Ni and receive the
corresponding xpa

j .
7: Use the client encoder, local model encoder, and neighbor

selection modules of Φ to determine the set of selected
neighboring clients N̂i based on eq. (28).

8: Determine ui by using the decoder module of Φ.
9: Obtain x̃pa

i and calculate Ui.
10: End for
11: Calculate the average compressed model parameters. Estimate

the consensus distance of model parameters.
12: Update the GNN model Φ by performing backpropagation

based on the loss obtained by eq. (29).
13: End for
14: Output: Trained GNN model Φ⋆.

F. GNN Training and Implementation Procedure

In practical systems, our proposed GNN should adapt to
different network settings (i.e., topology changes and time-
varying channel conditions). Hence, we train our proposed
GNN with a set of D2D network scenarios to enable it to be
adaptable to dynamic settings. In each scenario, we randomly
place the clients in a given geographical area and generate the
channel conditions. Mini-batches of D2D network scenarios
are used to train our proposed GNN. Each client collects the
neighbors’ node features, model parameters, and edge features.
It then determines the resource allocation decision. The loss
function of each client in GNN can be calculated. Each client
performs backpropagation to update the weights of the GNN
based on its own loss function. Let Ws = {ws

i , i ∈ V}
denote the weights of the neighbor selection module.
Let Φ = {Andm,Ando,Aem,Aeo,Apam,Apao, Ândm,
Ândo,Wndm,Wndo,Wem,Weo,Ws,Wpam,Weo,Ŵndm,
Ŵndo} denote the parameters of GNN. The training algorithm
of our proposed GNN is given in Algorithm 1. After training,
we use the trained GNN for implementation. Let Φ⋆ denote
the parameters of the trained GNN. During implementation,
we first initialize the transmit power and CPU frequency of
each client to the maximum value. Then, we use our trained
GNN to determine the transmit power and CPU frequency
for each client in each training round.

IV. PERFORMANCE EVALUATION

We consider a scenario where the clients are randomly
located in a 2 × 2 km2 coverage area. To model the mobility
of clients, each client can move in an arbitrary direction.
The traveling distance of each client i ∈ V between two
training rounds follows △di ∼ U [0, 100m]. To depict the
heterogeneity of clients, the maximum transmit power of
each client i follows pmax

i ∼ U [6.667mW, 13.333mW].
The minimum and maximum CPU frequency of each client

Table I: List of key simulation parameters.

Para. Value Para. Value Para. Value
B 1 MHz [50] Ω −25 dB Nep 200
Kh 4 K 20 ϕ 10−28 [51]
N0 −174 dBm/Hz [50] ci 20 κ 0.03
Dndo 3 Deo 2 Dpao 20
λ 1 ϵi 20.88 Mbits χm 160 kB
β 100 Ns 2000 Nb 100

i follow fmin
i ∼ U [0.067GHz, 0.133GHz] and fmax

i ∼
U [1.667GHz, 2.333GHz], respectively. We initialize the
transmit power and CPU frequency of each client to the
maximum value. We consider the Rayleigh fading channel
model. Unless stated otherwise, the number of clients N , the
number of training rounds R, the learning rate η, and the
hyperparameter γ in eq. (28) are set to 30, 300, 0.001, and
0.3, respectively. A list of key simulation parameters is given
in Table I.

We use Fashion-MNIST [44], CIFAR-10 [45], and Ima-
geNet [46] as the multi-class image classification datasets. We
adopt the convolutional neural networks (CNNs), which have
been used in [2], as clients’ local models. We set η = 0.001. To
study the effect of non-independent and identically distributed
(non-IID) data partitioning, similar to other works in federated
learning [47]–[49], we use the Dirichlet distribution Dir(ρ)
with parameter ρ to distribute the data with different labels
among the clients. Let Nc denote the number of classes of a
dataset. The Dirichlet distribution Dir(ρ) generates the prob-
ability vector qi = (q1i , q

2
i , . . . , q

Nc
i ), where qni represents the

fraction of data samples from class n assigned to client i, with∑Nc

n=1 q
n
i = 1. The probability density function of the Dirich-

let distribution is given by f(qi; ρ) =
Γ(Ncρ)

(Γ(ρ))Nc

∏Nc

n=1(q
n
i )

ρ−1,
where Γ(·) is the gamma function. When ρ decreases, the data
heterogeneity across clients increases and vice versa. Unless
stated otherwise, ρ is set to 1. To ensure fairness, we allocate
the same number of data samples to the local dataset of each
client in all cases.

We compare the performance of our proposed algorithm
with the following baseline schemes:

• Random sampling DFL (RS-DFL) scheme: Neighbors are
randomly selected by each client based on a certain ratio
ζ, which denotes the average neighbor selection ratio (i.e.,
the fraction of the average selected number of neighbor-
ing clients to all neighbors of all clients over all training
rounds.) It is given by ζ = 1

RN

∑R−1
r=0

∑N
i=1

∥sri ∥1

∥ar
i ∥1

, where
ζ ∈ [0, 1].

• Full participation DFL (FP-DFL) scheme: Each client
performs local aggregation based on the model obtained
from all of its neighbors. The transmit power and CPU
frequencies are allocated to the clients using our proposed
client encoder and decoder.

• FedHP scheme [27]: The network topology is optimized
to minimize the delay on training. The transmit power
and CPU frequencies are allocated to the clients using
our proposed client encoder and decoder.

• Performance-based neighbor selection (PENS) scheme
[28]: Each client selects the neighboring clients based
on the similarity of local data distribution. The transmit
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Fig. 4: Effect of the sampling ratio κ on the approximation of the average
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Fig. 5: Comparison of the total system cost versus the number of clients N
on CIFAR-10 dataset.

power and CPU frequencies are allocated to the clients
using our proposed client encoder and decoder.

• Path-following FL (PF-FL) scheme [39]: The joint delay
and energy minimization problem (i.e., problem (23)) is
solved by using the centralized path-following algorithm
proposed in [39]. This scheme uses full participation of
neighbors for model updates.

A. Effect of Sampling Ratio κ on the Approximation of the
Average Consensus Distance

In Fig. 4, we compare the approximation of the average
consensus distance to the ground-truth average consensus
distance under different sampling ratios κ. It can be observed
that with an increasing sampling ratio of the model parameters
(e.g., from 0 to 0.03), the approximation of the average
consensus distance across clients progressively approaches the
true average consensus distance. However, further increasing
κ (e.g., from 0.03 to 0.15) does not significantly contribute
to minimizing the approximated average consensus distance.
These results suggest that a small subset of compressed
model parameters can effectively capture the differences in
local model parameters across clients. Hence, by setting κ
within the range from 0.03 to 0.15, we can well approximate
the ground-truth average consensus distance while reducing
communication costs of GNN training and implementation.

B. Computation Overhead Analysis of GNN Training

We compare the corresponding computation overhead of
the training of our proposed GNN to the training of DFL.
We use the number of floating-point operations (FLOPs)
to measure the computation overhead. Results in Table II

Table II: Computation overhead comparison of our proposed DFL and GNN.

N Our Proposed DFL (FLOPs) Our Proposed GNN (FLOPs)
10 8.4× 1010 2.7× 107

20 1.69× 1011 1.14× 108

30 2.47× 1011 2.61× 108

40 3.41× 1011 4.68× 108

50 4.22× 1011 7.35× 108

Table III: Comparison of total delay and energy consumption on the CIFAR-
10 dataset with the number of clients N = 50.

Delay on Training (s) Energy Consumption on Training (J)
FP-DFL 6825 28298
RS-DFL 5834 22739

FedHP [27] 5573 21314
PENS [28] 6227 21764
PF-FL [39] 6017 19953

Proposed Algorithm 5195 18801

show that the number of FLOPs for training our proposed
GNN is significantly smaller than the DFL training under
different numbers of clients. Results show that the computation
overhead of GNN training is negligible when compared to
the subsequent DFL training process, which highlights the
efficiency of our proposed GNN and its suitability for practical
implementation.

C. Comparison of the Total System Cost, Total Delay, and
Energy Consumption on Training

In Fig. 5, we compare the total system cost of all clients
between different baseline schemes. For a fair comparison,
we choose ζ = 0.6 for RS-DFL scheme since it can achieve
similar average testing accuracy to our proposed algorithm at
this sampling ratio as shown in Fig. 6(b). It can be observed
from Fig. 5 that our proposed algorithm achieves a lower
total system cost than the other baselines under different
number of clients. When N is equal to 50, our proposed
algorithm achieves a total system cost, which is 25.93%,
16.00%, 14.26%, 10.74%, and 7.75% lower than FP-DFL,
RS-DFL, PENS, FedHP, and PF-FL schemes, respectively.
This indicates the effectiveness and scalability of our proposed
algorithm in reducing the total system cost on training.

In Table III, we compare the total delay and energy con-
sumption on training when the number of clients N is equal to
50. Results show that our proposed algorithm achieves a lower
total delay on training when compared with FP-DFL, RS-DFL,
PENS, FedHP, and PF-FL schemes. In addition, our proposed
algorithm achieves the lowest total energy consumption on
training among all schemes.

D. Comparison of the Average Testing Accuracy

In Fig. 6, we compare the average testing accuracy of
all clients between different schemes. Results show that on
Fashion-MNIST dataset, our proposed algorithm outperforms
RS-DFL (ζ = 0.5), PENS, and FedHP schemes in terms of
the average testing accuracy by 3.77%, 0.94%, and 0.58%,
respectively. On CIFAR-10 dataset, our proposed algorithm
outperforms RS-DFL (ζ = 0.6), PENS, and FedHP schemes
in terms of the average testing accuracy by 2.0%, 1.7%, and
0.7%, respectively. It is worth noting that the value of ζ differs
between datasets since RS-DFL randomly selects more clients
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Fig. 6: Comparison of the average testing accuracy versus the number of training rounds R on (a) Fashion-MNIST, (b) CIFAR-10, and (c) ImageNet datasets.
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Fig. 7: Comparison of the average consensus distance versus the number of clients N on (a) Fashion-MNIST, (b) CIFAR-10, and (c) ImageNet datasets.
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Fig. 8: Comparison of the average fraction of selected neighboring clients versus the number of clients N on (a) Fashion-MNIST, (b) CIFAR-10, and (c)
ImageNet datasets.

(i.e., higher ζ) in more complex datasets to achieve a similar
average testing accuracy to our proposed DFL. When using the
full participation scheme, both PF-FL and FP-DFL achieve
the highest accuracy. Nevertheless, our proposed algorithm
still achieves an average testing accuracy comparable to these
two full participation schemes, with a difference of 0.15%,
2.4%, and 0.3% on Fashion-MNIST, CIFAR-10, and ImageNet
datasets, respectively.

Figs. 7 and 8 show the results on the average consensus
distance and the average fraction of selected neighboring
clients. Results show that our proposed algorithm outper-
forms PENS, FedHP, and RS-DFL schemes in terms of the
average consensus distance in most cases. This highlights

the effectiveness of our proposed algorithm in enhancing
the learning performance of DFL by reducing the consensus
distance across clients. In addition, our proposed algorithm
achieves a comparable average consensus distance to the
full participation scheme with a significantly lower number
of selected neighboring clients. Both PF-FL and FP-DFL
schemes have the same average consensus distance and the
average number of selected neighboring clients since they use
the full participation approach.

E. Effect of Data Heterogeneity

We investigate the robustness of our proposed algorithm
under different degrees of data heterogeneity across clients by
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Fig. 9: Comparison of the average testing accuracy versus the degree of data heterogeneity ρ across clients’ local datasets on (a) Fashion-MNIST, (b) CIFAR-
10, and (c) ImageNet datasets.
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Fig. 10: Effect of pdrop on (a) the average testing accuracy and (b) the total
system cost on CIFAR-10 dataset.

showing the average testing accuracy under different values of
hyperparameter ρ. A smaller value of ρ leads to higher data
heterogeneity across clients. We set ρ to be 0.1, 1, 10, and
100 in order to control the degree of local data heterogeneity.
Results in Fig. 9 show that our proposed algorithm consistently
achieves the average testing accuracy comparable to that of the
full participation schemes across all values of ρ. Our proposed
algorithm outperforms FedHP, PENS, and RS-DFL schemes
on all three datasets. In particular, on Fashion-MNIST dataset,
when ρ = 10, our proposed algorithm outperforms PENS, RS-
DFL (ζ = 0.5), and FedHP schemes by 2.58%, 1.63%, and
1.39%, respectively. On ImageNet dataset, when ρ = 10, our
proposed algorithm outperforms RS-DFL (ζ = 0.7), FedHP,
and PENS schemes by 7.44%, 1.56% and 0.52%, respectively.
It is worth noting that the value of ζ differs between datasets
since RS-DFL randomly selects more clients (i.e., higher
ζ) in more complex datasets to achieve a similar average
testing accuracy to our proposed DFL. This improvement
across varying degrees of data heterogeneity underscores the
robustness of our proposed algorithm to non-IID data.

F. Effect of Clients’ Unavailability

In real-world scenarios, some clients may become unavail-
able during some training rounds and affect the learning
performance and the total system cost of DFL. In Fig. 10,
we evaluate the impact of the clients’ unavailability on both
the average testing accuracy and the total system cost of DFL.
Similar to [52] [53], to model clients’ unavailability, we define
pdrop ∈ [0, 1] as the probability that a client drops out in a
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Fig. 11: Effect of γ on (a) the average testing accuracy and (b) the total
system cost of the proposed algorithm on CIFAR-10 dataset.

training round. Note that pdrop for each client is independent
between training rounds. As pdrop increases, the network
topology becomes more sparse. In addition, the average testing
accuracy is calculated across all clients without considering
dropout during testing. It ensures that the average testing
accuracy reflects the overall effectiveness of the decentralized
learning process. Results show that by increasing pdrop from
0.2 to 0.8, our proposed algorithm achieves a higher average
testing accuracy when compared with FedHP, PENS, and RS-
DFL schemes. In addition, our proposed algorithm achieves
the lowest total system cost on training when compared with
the baseline schemes. The results demonstrate the robustness
of our proposed algorithm over the sparsity of network topol-
ogy and clients’ unavailability.

G. Impact of the Neighbor Selection Parameter γ

In Fig. 11, we present the results of the average testing
accuracy and total system cost under different values of the
neighbor selection parameter γ. The value of γ controls the
average fraction of selected neighbors. When γ = 0.1, 0.3,
and 0.9, the average fraction of selected neighbors is 0.92,
0.74, and 0.11, respectively. This is because when γ increases,
the chance of selecting a neighboring client for each client
decreases. In particular, when γ increases from 0.1 to 0.3, the
average fraction of selected neighbors decreases. Our proposed
algorithm achieves a relatively high average testing accuracy.
The total system cost on training decreases. This is because our
proposed algorithm selects a smaller but appropriate number
of neighbors for each client. On the other hand, selecting a



large number of neighbors for each client does not significantly
improve the learning performance of DFL. Instead, it increases
the communication and computation costs.

V. CONCLUSION

In this paper, we developed a DFL framework for coop-
erative model training in D2D networks. We analyzed the
convergence performance of our proposed DFL. We proposed
a GNN-based algorithm to minimize the total delay and energy
consumption on training and optimize the learning perfor-
mance of DFL in D2D networks. In particular, we developed
an attention-based GNN model to determine the neighbor
selection and resource allocation decisions. Furthermore, we
trained our proposed GNN under different network topologies
such that our proposed GNN could adapt to dynamic network
settings. Results showed that our proposed algorithm could
achieve a lower total delay and energy consumption on training
when compared with five baseline schemes. In addition, our
proposed algorithm could achieve similar learning perfor-
mance as the full participation approach while outperforming
RS-DFL, FedHP, and PENS schemes. We also showed the
robustness of our proposed algorithm to different degrees of
data heterogeneity across clients’ datasets. For future work,
we will address the issue of malicious participants in DFL.
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