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Abstract— Cell-free and device-to-device (D2D) heterogeneous
networks provide a promising architecture for seamless and
high-capacity coverage through dense deployment while reducing
fronthaul load. However, spectrum reuse among heterogeneous
transmission links would cause severe interference that restricts
network capacity and coverage improvement. The dense deploy-
ment further challenges efficient interference coordination due to
increased computational cost. To this end, this paper proposes a
two-stage graph neural network (GNN) structure for access mode
selection and power control in cell-free and D2D heterogeneous
networks to achieve effective interference coordination with high
computational efficiency. First, we derive closed-form expressions
for achievable rates of both cell-free and D2D links under
limited fronthaul capacity. Then, we represent the network as
a heterogeneous graph and design a two-stage GNN based
algorithm. The first stage of our proposed algorithm utilizes edge
attention mechanism to optimize access mode selection, and its
second stage exploits edge message passing to determine power
control. To ensure solution feasibility and algorithm convergence,
we introduce modified output layers, binary variable regression,
and a penalty-based loss function. Simulation results show that
our proposed algorithm can improve network capacity and con-
verge to a near-optimal solution across different network scales,
compositions, and key parameters, exhibiting well scalability and
generalization.
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I. INTRODUCTION

CELL-FREE massive multiple-input-multiple-output is a
promising technique for radio access networks (RANs)

to provide seamless and high-capacity coverage [1], [2]. With
growing user demands, limited capacity of fronthaul links
between access points (APs) and baseband central processing
unit (CPU) is becoming the bottleneck of increasing net-
work capacity in cell-free RANs [3], [4]. Device-to-device
(D2D) communication is potential to tackle this issue which
enables direct transmission between nearby user devices to
relieve the load of fronthaul links [5], [6]. However, spectrum
reuse among D2D communications and cell-free transmissions
would lead to severe local interference to degrade network
capacity and coverage [7], [8], [9]. Therefore, effective inter-
ference coordination is important to enhance network capacity
and spectrum utilization in cell-free and D2D heterogeneous
networks.

Dense deployment of APs and D2D transmitters within
coverage area is vital for high network capacity in cell-free
and D2D heterogeneous networks [10], [11]. However, it poses
a challenge for efficient interference coordination. In this
heterogeneous network, each user needs to select one access
mode between cell-free transmission and D2D communication
to avoid severe interference, meanwhile power control for
all heterogeneous links is essential for interference mitiga-
tion [12], [13]. Traditional optimization methods would have
too high computational cost to resolve access mode selection
and power control in a large-scale heterogeneous network.
Recently, neural network based learning to optimize (L2O)
approaches rebuild the paradigm of radio resource and interfer-
ence management thanks to their high computational efficiency
and near-optimal solution [14], [15], [16], [17]. Particularly,
graph neural networks (GNNs) exhibit well scalability and
generalization, and are hence proposed as underlying model in
L2O for wireless network optimization [18], [19], [20]. Hence,
it is worthwhile to investigate effective GNN based access
mode selection and power control for efficient interference
coordination in cell-free and D2D heterogeneous networks.
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A. Related Work
Many papers have studied interference coordination in

cell-free RANs and D2D communications [21], [22], [23],
[24], [25], [26], [27], [28]. For cell-free RANs, Demir and
Björnson studied the power control for interference coordi-
nation in cell-free RANs with error-free fronthaul links to
maximize the minimum of users’ spectral efficiency by an
alternating optimization algorithm [21]. Mai et al. proposed
an iterative power control algorithm based on an accelerated
projected gradient method to reduce computational complexity
in a large-scale cell-free RANs [22]. Dai et al. investigated
the genetic algorithm for interference coordination in cell-free
RAN to achieve the tradeoff between the optimality and
convergence [23]. Fang et al. studied joint pilot and power
allocation by nonlinear programming methods to restrain
strong interference in cell-free RANs [24]. For D2D com-
munications in cellular networks, Hamdi et al. optimized
power control by Dinkelbach’s and conjugate gradient methods
to mitigate interference between uplink transmissions and
D2D communications [25]. Ramezani-Kebrya et al. proposed
a robust power control optimization algorithm for a D2D
underlying multi-cell networks [26]. For cell-free and D2D
heterogeneous networks, Qiao et al. developed a power control
scheme to maximize average sum rate of cell-free downlink
transmissions and D2D communications [27]. In this work,
closed-form expressions for achievable rates of heterogeneous
links are derived without the consideration of fronthaul capac-
ity. Masoumi et al. further proposed graph coloring based pilot
allocation and power control strategy to alleviate interference
and improve network capacity in cell-free RANs coexisting
with D2D communications [28]. The above works propose
efficient power control schemes based on traditional optimiza-
tion methods to maximize network capacity of cell-free and
D2D heterogeneous networks and demonstrates the importance
of interference coordination on improving network capacity.
However, the computational complexity of mostly these opti-
mization methods increases dramatically with the growth of
network size, which limits their applicability in large-scale
cell-free and D2D heterogeneous networks. Furthermore, most
existing works do not consider the influence of fronthaul
capacity on transmission performance of cell-free and D2D
links coexisting scenarios.

In order to promote computational efficiency, neural
network based L2O approaches are increasingly applied
to resource and interference management in cell-free
transmissions and D2D communications [29], [30], [31],
[32], [33]. Shen et al. investigated the architecture design
and theoretical analysis of GNNs to solve large-scale radio
resource management problems particularly for power control
and beamforming in large-scale D2D networks [29]. Guo and
Yang proposed to exploit heterogeneous GNNs to learn the
optimization of power allocation in multi-cell networks [30].
Shen et al. exhibited that GNN-based power control methods
can achieve the near-optimal performance in large-scale
D2D networks and cell-free RANs [31]. Luu and Hong
developed an adaptive power control algorithm by leveraging
GNN model and meta-learning approach to enhance the
adaptability to dynamic environments [32]. Yan et al. utilized

GNNs to interference coordination in cell-free RANs to
achieve near-optimal performance and reduce computational
complexity [33]. All the above works demonstrate that
GNN-based L2O methods can effectively handle resource
and interference management in individual cell-free RANs
or D2D networks with near-optimal performance and high
computational efficiency. Hence, it is promising to investigate
the joint learning and optimization for cell-free and D2D
heterogeneous networks. In this case, access mode selection
between cell-free transmission and D2D communication for
each user is the priority issue to be addressed. Moreover,
power control for heterogeneous links is another primary
issue to be tackled for efficient interference coordination.

B. Contributions

In this paper, we investigate interference coordination prob-
lem in cell-free and D2D heterogeneous networks to increase
network capacity. A general architecture of cell-free and
D2D heterogeneous network is constructed which includes
limited-capacity fronthaul links, uplink training, and cell-free
and D2D heterogeneous links. We utilize the spectral effi-
ciency to measure network capacity and formulate a network
capacity maximization problem jointly optimizing access
mode selection and power control. To tackle this problem,
we represent the relationships among all APs, DHs, and
users by a heterogeneous graph. Because access mode selec-
tions of users are valid prerequisite for power control of all
heterogeneous links, a two-stage GNN based algorithm is
proposed where its first stage exploits edge attention mech-
anism to update vertex and edge features to process access
mode selection and its second stage utilizes edge message
passing to optimize power control. The proposed algorithm
is trained in an unsupervised manner. Our main contributions
are summarized as follows.
• We derive closed-form expressions for achievable rates

of cell-free downlink transmissions and D2D communi-
cations, respectively, which jointly consider the impacts
of limited fronthaul capacity, interference among hetero-
geneous transmission links, channel estimation error, and
pilot contamination.

• We propose a two-stage GNN based access mode selec-
tion and power control algorithm where the first stage
utilizes edge attention mechanism to obtain access mode
selections, and the second stage exploits edge message
passing to acquire power control solutions. Moreover,
we introduce a output layer modified by softmax function,
binary variable regression to determine access mode
selection, and a penalty-based loss function, which guar-
antee algorithm convergence and solution feasibility.
Results show that our proposed algorithm improves net-
work capacity compared to existing neural network-based
L2O methods and closely approach advanced optimiza-
tion algorithm.

• We prove that the designed edge attention and mes-
sage passing mechanisms enable our two-stage GNN
model to achieve permutation invariance and equivari-
ance properties. These properties ensure the scalability
and generalization across different network scales, com-
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Fig. 1. Cell-free and D2D heterogeneous networks.

positions, and key parameters in cell-free and D2D
heterogeneous networks. Simulation results show that
our proposed algorithm can converge to a near-optimal
solution across various network sizes and scenarios while
remaining computationally efficient.

The reminder of this paper is organized as follows.
Section II presents the system model and the problem
formulation. We propose a two-stage GNN based access
mode selection and power control algorithm in Section III.
Section IV presents simulation results. Section V concludes
this paper.

II. SYSTEM MODEL

In this section, we first introduce network model and trans-
mission model. Then, we present the problem formulation of
maximizing the capacity of cell-free and D2D heterogeneous
networks.

A. Network Model

We consider a cell-free and D2D heterogeneous network
which consists of multiple single-antenna users, denoted by
K = {1, . . . ,K}, and multiple N -antenna APs, denoted by
M = {1, . . . ,M}, as illustrated in Fig. 1. All the APs are
connected to the same baseband CPU via limited-capacity
fronthaul links and provide cooperative downlink transmission
for all the users in coverage area. Furthermore, there are
several D2D helpers (DHs), denoted by I = {1, . . . , I}, which
are local transmitters or edge devices in local to establish
D2D links with users to provide proximity transmission and
alleviate the pressure of fronthaul links. Suppose that each
DH is equipped with single antenna and can exchange data
and signaling with CPU via dedicated channels.

The channel gain between AP m and user k is represented
as gm,k = √

um,khm,k, where um,k represents the large-
scale fading. hm,k ∈ CN×1 is the small-scale fading where
independent and identical distributed (i.i.d.) elements follow
the distribution CN (0, 1) [34]. Similarly, the channel gain
between DH i and user k is represented as Gi,k = √

vi,kHi,k,
where vi,k represents the large-scale fading. Hi,k ∼ CN (0, 1)
is the small-scale fading.

Uplink training and time-division duplex mode are con-
ducted in our considered network. Exploiting channel reci-
procity, downlink channel condition can be estimated by
uplink pilot sequences. During channel estimation, all the users
transmit their pilot sequences of length τp which is less than
that of coherence interval [27]. Let√τpϕk ∈ Cτp×1 denote the
pilot sequence transmitted to APs by user k, where ∥ϕk∥ = 1.
The received N × τp pilot matrix at AP m is expressed as

yc
m =

√
τpρp

K∑
k=1

gm,kϕH
k + nc

m, (1)

where ρp is the normalized signal-to-noise ratio (SNR) of each
pilot symbol at users [22]. nc

m ∈ CN×τp is the additive noise
with i.i.d. elements following CN (0, 1). The projection of yc

m

onto ϕk is expressed as ŷc
m,k = yc

mϕk. Thus, the minimum
mean square error (MMSE) estimation of gm,k is given by

ĝm,k =
E

{(
ŷc

m,k

)∗
gm,k

}
E

{∣∣ŷc
m,k

∣∣2} ŷc
m,k = ca

m,kŷc
m,k, (2)

ca
m,k =

√
τpρpum,k

τpρp

∑K
k′=1 um,k′

∣∣∣ϕH
k′ϕk

∣∣∣2 + 1
. (3)

The received 1× τp pilot vector of DH i is expressed as

yd
i =

√
τpρp

K∑
k=1

Gi,kϕH
k + nd

i , (4)

where nd
i ∈ C1×τp is the additive noise at DH i. The

projection of yd
i onto ϕk is expressed as ŷd

i,k = yd
i ϕk. The

MMSE estimation of Gi,k is given by

Ĝi,k =
E

{(
ŷd

i,k

)∗
Gi,k

}
E

{∣∣∣ŷd
i,k

∣∣∣2} ŷd
i,k = cd

i,kŷd
i,k (5)

cd
i,k =

√
τpρpvi,k

τpρp

∑K
k′=1 vi,k′

∣∣∣ϕH
k′ϕk

∣∣∣2 + 1
. (6)

B. Transmission Model

We consider the limited-capacity fronthaul links between
APs and CPU. In this case, the signal compression is usu-
ally urged before signal transmission via fronthaul links,
which however leads to the compression quantization noise to
degrade the achievable downlink transmission rate. We define
the compressed signal as ŝm,k = sk + qm,k where sk is
the symbol sent to user k and E

{
|sk|2

}
= 1. qm,k ∼

CN (0, Qm,k) is the compression quantization noise and inde-
pendent of sk [35]. If the capacity Cm of fronthaul link
between AP m and CPU is equally assigned to associ-
ated users [36], the compression quantization noise power is
expressed as

Qm,k =
1

2
Cm∑K

k=1(1−
∑I

i=1 αi,k) − 1

, (7)
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where αi,k represents the binary variable for access mode
selection. αi,k = 1 if user k establishes D2D link with
DH i. Otherwise, αi,k = 0. Each user only selects at most
one access mode between cell-free downlink transmission and
D2D communication. If one user selects D2D communication,
it is just associated to at most one DH.

For cell-free downlink transmission, suppose that channel
estimation is treated as true channel and conjugate beamform-
ing is adopted. The signal sent by AP m is expressed as

xc
m =

√
ρc

K∑
k=1

(1−
I∑

i=1

αi,k)
√

ηc
m,kĝ∗m,kŝm,k, (8)

where ρc is the normalized downlink SNR at APs. ηc
m,k

represents the positive variable of power control between AP
m and user k. Due to the power constraint at each AP, i.e.,
E

{
∥xc

m∥
2
}
≤ ρc for each AP, ηc

m,k must satisfy

K∑
k=1

(1−
I∑

i=1

αi,k)ηc
m,kγc

m,k ≤ 1, (9)

where γc
m,k = E

{∥∥ĝm,k

∥∥2} = N
√

τpρpum,kca
m,k. For D2D

communication, the signal sent by DH i to user k is expressed
as xd

i,k =
√

ρdηd
i,kαi,ksk, where ρd is the normalized SNR at

DH i and ηd
i,k is the positive variable of power control between

DH i and user k. During data transmission, all APs and DHs
simultaneously transmit signals to their associated users. The
signal received by user k is expressed as

yk =
M∑

m=1

gT
m,kxc

m +
I∑

i=1

K∑
k′=1

Gi,kxd
i,k′ + nu

k, (10)

where nu
k is the additive noise at user k. Now, we can

derive the closed-from expressions of the achievable rate for
downlink transmission and D2D communication.

If user k is selected to conduct cell-free downlink trans-
mission, the closed-form expression for its achievable rate is
given by Proposition 1.

Proposition 1: In the cell-free and D2D heterogeneous net-
work with conjugate beamforming and signal compression in
limited-capacity fronthaul links, the achievable rate of cell-free
downlink transmission from all the APs to user k, for any
given I , K, M , and N , is expressed as (11)–(14), shown at
the bottom of the next page.

Proof: Please refer to Appendix A. □
If user k is selected to conduct the D2D communication,

the closed-form expression for its achievable rate is given by
Proposition 2.

Proposition 2: In the considered heterogeneous network,
the achievable rate of D2D communication from DH i to user
k, for any given I , K, M , and N , is expressed as

Rd
k = log2

(
1 +

ρd
∑I

i=1 αi,kηd
i,kvi,k

Id
k + Qd

k + 1

)
, (15)

Id
k = ρd

∑
k′∈K\k

ρd
K∑

k′=1

I∑
i=1

αi,k′η
d
i,k′vi,k, (16)

Qd
k = ρc

K∑
k′=1

(
1−

I∑
i=1

αi,k′
)[ M∑

m=1

ηc
m,k′um,kγc

m,k′

+
∣∣ϕH

k′ϕk

∣∣2( M∑
m=1

√
ηc

m,k′γ
c
m,k′

um,k

um,k′

)2](1 + Qm,k′
)
.

(17)

Proof: Please refer to Appendix B. □

C. Problem Formulation

In this paper, we aim to maximize the network capacity by
jointly optimizing access mode selection and power control.
Let A =

{
αi,k ∈ {0, 1} ,∀i ∈ I,∀k ∈ K

}
denote access

mode selection variables. Let H =
{
ηc

m,k ∈ R+,∀m ∈
M,∀k ∈ K

}
and Ξ =

{
ηd

i,k ∈ R+,∀i ∈ I,∀k ∈ K
}

denote
power control variables for APs and DHs, respectively. The
network capacity maximization (NCM) problem is formulated
as

(NCM) : max
{A,H,Ξ}

K∑
k=1

(
Rc

k + Rd
k

)
s.t. C1 : (9), ∀k ∈ K

C2 : ηd
i,k ≤ 1, ∀i ∈ I, ∀k ∈ K

C3 :
K∑

k=1

αi,k ≤ 1, ∀i ∈ I

C4 :
I∑

i=1

αi,k ≤ 1. ∀k ∈ K

Constraints C1 and C2 are the maximum transmit power
constraints for APs and DHs, respectively. Constraints C3 and
C4 ensure that each user only can select at most one access
mode and each DH can be associated with at most one user.
Problem (NCM) is a mixed-integer non-convex problem due
to binary variable A and non-convex objective function [37].
In this paper, we adopt GNN-based L2O approach to solve
Problem (NCM).

III. PROBLEM SOLUTION AND ALGORITHM DESIGN

In this section, we first utilize a heterogeneous graph to
represent the relationships of all APs, DHs, and users. Based
on this, the edge attention GNN (EAGNN) based access mode
selection and power control algorithm is designed to find the
solution of Problem (NCM), which integrates edge attention
mechanism and edge message passing into a two-stage GNN
structure. After that, we present the training manner of our
proposed EAGNN model and demonstrate several key insights
including permutation invariance and equivariance of EAGNN
model.

A. Graph Representation

We utilize a heterogeneous graph G =
(
V, E

)
to repre-

sent the relationships among all the APs, DHs, and users
in the considered cell-free and D2D heterogeneous network,
as Fig. 2 shows. There are three types of vertices in G,
i.e., V = VAP ∪ VDH ∪ VUE. VAP =

{
vAP

m , m ∈M
}

,
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Fig. 2. Graph representation of a cell-free and D2D heterogeneous network.

VDH =
{
vDH

i , i ∈ I
}

, and VUE =
{
vUE

k , k ∈ K
}

represent
the subsets of AP vertices, DH vertices, and user vertices,
respectively. There are two types of edges, i.e., E = EAP∪EDH.
EAP =

{
eAP
m,k, m ∈ VAP, k ∈ VUE

}
consists of all the edges

between AP and user vertices, where each vAP
m in VAP has an

edge with each vUE
k in VUE. In other words, all AP vertices

in VAP form a complete bipartite graph with all user vertices
in VUE. EDH =

{
eDH
i,k , i ∈ VDH, k ∈ VUE

}
consists of all the

edges between DH and user vertices. Similarly, all DH vertices
in VDH form a complete bipartite graph with all user vertices
in VUE. Vertex features are defined as zAP

m ∈ Rl1 , ∀m ∈ VAP,
zDH

i ∈ Rl1 , ∀i ∈ VDH, and zUE
k ∈ Rl1 , ∀k ∈ VUE. l1 is

the dimension of vertex features. Edge features are defined
as ζAP

m,k ∈ Rl2 and ζDH
i,k ∈ Rl2 , ∀m ∈ VAP, ∀i ∈ VDH,

∀k ∈ VUE. G with all features on vertices and edges can
be used as the input graph data for a GNN model to extract
the desired transmission and interference relationship among
different links to promote the solving of Problem (NCM).

B. Model Architecture and Algorithm Design

In this subsection, we propose a two-stage GNN model,
i.e., EAGNN model, to solve Problem (NCM). The first stage
of EAGNN exploits edge attention mechanism for processing
access mode selection, since it can identify which edges in EAP

or EDH can provide more gain for the desired signal transmis-
sion. The second stage of EAGNN achieves downlink power
control through edge message passing because it can extract
global features to restrain interference of entire network. The
EAGNN architecture is illustrated in Fig.3. In the initialization
phase, um,k and vi,k are inputted into the embedding layer

to generate heterogeneous graph G with initial vertex and
edge features. To be specific, edge features ζAP

m,k and ζDH
i,k

are obtained by ζAP
m,k = w

(0)
1 um,k and ζDH

i,k = w
(0)
2 vi,k,

respectively, where w
(0)
1 and w

(0)
2 are learnable vectors with

dimension l2. Initial vertex features zAP,(0)
m , zDH,(0)

i , and
zUE,(0)

k are obtained by zAP,(0)
m = 1√

M
w

(0)
3 , zDH,(0)

i =
1√
I
w

(0)
4 , and zUE,(0)

k = 1√
K

w
(0)
5 , respectively, where w

(0)
3 ,

w
(0)
4 , and w

(0)
5 are learnable vectors with dimension l1. After

the process of the embedding layer, the EAGNN utilizes two
individual stages to extract available information for access
mode selection and power control.

1) Access Mode Selection: In the first stage of EAGNN,
we incorporate edge attention mechanism into a T1-layer GNN
model to update features and use Algorithm 1 to output the
result of access mode selection. N

(
vUE

k

)
denotes the set of

neighbour vertices of vertex vUE
k . The attention value of edge

ej,k between vUE
k and vj ∈ N

(
vUE

k

)
is given by

aj,k =
exp

(
bj,k

)∑
j∈N(vUE

k ) exp
(
bj,k

) , (18)

bj,k = MLP1

(
ζj,k

)
, (19)

where ζj,k = ζAP
j,k if ej,k ∈ EAP and ζj,k = ζDH

j,k if ej,k ∈
EDH. MLP1 (·) is a learnable multilayer perceptron (MLP) to
extract edge features.

At layer t, we aggregate these edge features by mean
pooling and combine the aggregated feature with vertex feature
of vUE

k , which is expressed as

ΩUE,(t)
k =

1∣∣N (
vUE

k

)∣∣ ∑
vj∈N(vUE

k )
aj,kW

(t)
1 ζj,k, (20)

zUE,(t)
k = W

(t)
2 ΩUE,(t)

k + zUE,(t−1)
k , (21)

where W
(t)
1 and W

(t)
2 are learnable weight matrices at layer

t. Meanwhile, zAP,(t)
m = zAP,(t−1)

m and zDH,(t)
i = zDH,(t−1)

i .
After the processing of T1 layers, we can obtain updated vertex
feature zUE,(T1)

k at layer T1. In order to enhance the capture
of relationships between user k and DHs, edge feature ζDH

i,k is
updated by zUE,(T1)

k at the output layer as

ζ̄DH
i,k = ReLU

(
MLP2

(
W

(T1)
3 zUE,(T1)

k + ζDH
i,k

))
, (22)

Rc
k = log2

(
1 +

ρc
∣∣(1−∑I

i=1 αi,k

) ∑M
m=1

√
ηc

m,kγc
m,k

∣∣2
Bc

k + Ic
k + Qc

k + 1
)
, (11)

Bc
k = ρc

(
1−

I∑
i=1

αi,k

) M∑
m=1

ηc
m,kγc

m,kum,k + ρd
K∑

k′=1

I∑
i=1

αi,k′η
d
i,k′vi,k, (12)

Ic
k = ρc

∑
k′∈K\k

(
1−

I∑
i=1

αi,k′
)[∣∣ϕH

k′ϕk

∣∣2( M∑
m=1

√
ηc

m,k′γ
c
m,k′

um,k

um,k′

)2 +
M∑

m=1

ηc
m,k′um,kγc

m,k′
]
, (13)

Qc
k = ρc

K∑
k′=1

(
1−

I∑
i=1

αi,k′
)[∣∣ϕH

k′ϕk

∣∣2( M∑
m=1

√
ηc

m,k′γ
c
m,k′

um,k

um,k′

)2 +
M∑

m=1

ηc
m,k′um,kγc

m,k′
]
Qm,k′ , (14)
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Algorithm 1 Binary Variable Regression for Access Mode
Selection

1: Initialization
2: • Initialize matrix D ∈ RI×K , where D[i, k] = ζ̄DH

i,k .
3: • Input zero matrix Ā ∈ RI×K and threshold ᾱ.
4: for i = 1, · · · , I do
5: k⋆ = arg maxk∈KD [i, k].
6: Ā [i, k⋆] = 1.
7: end for
8: for k = 1, · · · , K do
9: Ik =

{
i ∈ I

∣∣Ā [i, k] = 1
}

.
10: i⋆ = arg maxi∈Ik

D [i, k].
11: Set Ā [i, k] = 0, ∀i ∈ Ik \ i⋆.
12: end for
13: A = {[i, k] |D [i, k] ≤ ᾱ,∀i ∈ I,∀k ∈ K}.
14: Set Ā [i, k] = 0, ∀ [i, k] ∈ A.
15: return A = Ā.

where W
(T1)
3 is a learnable weight matrix. MLP2 (·) is a

learnable MLP at layer T1. The rectified linear unit function
(ReLU) is used as the activation function.

We utilize all the ζ̄DH
i,k s to obtain access mode selection

results, the detailed procedure of which is summarized in
Algorithm 1. To be specific, steps 1-3 are the initialization
phase of Algorithm 1 to input matrices D =

[
ζ̄DH
i,k

]
I×K

,

Ā = [0]I×K and threshold ᾱ. In steps 4-7, the user k⋆ with
the maximum ζ̄DH

i,k for each i ∈ I is prior selected and set
Ā [i, k⋆] = 1. Steps 8-12 ensure that the elements in matrix Ā
meet constraints C3 and C4. Steps 13 and 14 set Ā [i, k] = 0 if
ζ̄DH
i,k ≤ ᾱ, ∀i ∈ I, ∀k ∈ K. Finally, we can obtain access mode

selection results, i.e., A = Ā.
Proposition 3: The aggregation operation in (20) has the

permutation invariance property. For any permutation operator
π, it can generate a permutation of N

(
vUE

k

)
, denoted by

N
(
vUE

π(k)

)
, which can meet

ΩUE,(t)
π(k) =

1∣∣∣N (
vUE

π(k)

)∣∣∣
∑

vπ(j)∈N
(

vUE
π(k)

) aπ(j),kW
(t)
1 ζπ(j),k,

= ΩUE,(t)
k . (23)

Proof: Please refer to Appendix C. □
2) Power Control: In the second stage of EAGNN, edge

message passing is used to update vertex and edge features to
output power control results. Specifically, the second stage of
EAGNN comprises T2 layers. The initial vertex features of the
second stage are the output vertex features of the first stage,
i.e.,

{
zAP,(T1)

m , zDH,(T1)
i , zUE,(T1)

k , m ∈ VAP, i ∈ VDH, k ∈
VUE

}
. The initial edge features of the second stage are same

with that of the first stage, i.e.,
{
ζAP

m,k, ζDH
i,k , m ∈ VAP, i ∈

VDH, k ∈ VUE

}
.

At layer t of the second stage, the feature of vertices in VAP

and VDH are first updated as

ΩAP,(t)
m =

1
|N (vAP

m )|
∑

vUE
k ∈N (vAP

m )

W
(t)
4 ζAP

m,k, (24)

ΩDH,(t)
i =

1∣∣N (
vDH

i

)∣∣ ∑
vUE

k ∈N(vDH
i )

W
(t)
5 ζDH

i,k , (25)

zAP,(t)
m = W

(t)
6 ΩAP,(t)

m + zAP,(t−1)
m , (26)

zDH,(t)
i = W

(t)
7 ΩDH,(t)

i + zDH,(t−1)
i , (27)

where N
(
vAP

m

)
and N

(
vDH

i

)
are the sets of neighbour

vertices of vertices vAP
m and vDH

i , respectively. W
(t)
4 , W

(t)
5 ,

W
(t)
6 , and W

(t)
7 are learnable matrices at this layer. (24)

and (25) use mean pooling to aggregate connected edge
features for vAP

m and vDH
i , respectively. Then, edge features

are updated at layer T2 as

ζ̂
AP

m,k = W
(T2)
8 zAP,(T2)

m + ζAP
m,k, (28)

ζ̂
DH

i,k = W
(T2)
9 zDH,(t)

i + ζDH
i,k , (29)

where W
(T2)
8 and W

(T2)
9 are learnable matrices. After that,

edge features are inputted into a output layer modified by
sigmoid function to obtain the results of power control. The
modified output layer is expressed as

ηc
m,k =

1
γc

m,k

sigmoid
(
MLP3

(
ζ̂

AP

m,k

))
, (30)

ηd
i,k = sigmoid

(
MLP4

(
ζ̂

DH

i,k

))
, (31)

where the sigmoid function is used as the activation function.
MLP3 (·) and MLP4 (·) are learnable MLPs at the output
layer. Similar to the first stage of EAGNN, the second stage
of EAGNN exhibits permutation invariance due to the mean
pooling operator.

According to the design of EAGNN above-mentioned, the
optimization of access mode selection and power control by
implementing EAGNN is independent of the permutation of
vertices in V of G. Therefore, we can prove that the entire
framework of EAGNN exhibits permutation equivariance as
shown in the following Proposition 4.

Proposition 4: The proposed EAGNN has the permuta-
tion equivariance property. For any permutation π, we have
EAGNN (π ⋆ Z, π ⋆ E) = π ⋆ EAGNN (Z,E), where
EAGNN (·) is the input-output mapping of EAGNN. Z is
vertex feature matrix including all the features of vertices in
V and E is edge feature matrix including all the features of
edges in E .

Proof: Please refer to Appendix D. □
The computational complexity of our proposed EAGNN
algorithm is analyzed as follows. Because the hyperparameters
of our proposed two-stage GNN model, such as the dimension
of initial features and the width of hidden layer in MLPs, are
independent of network scale, we focus on the impacts of
I , M , and K on computational complexity. The first stage of
EAGNN algorithm is with the complexity of O

(
K (M + I)2

)
and its second stage is with the complexity of O

(
K (M + I)

)
.

Therefore, the computational complexity of our proposed
EAGNN algorithm is O

(
K (M + I)2

)
.

C. Model Training

The proposed EAGNN model is trained in an unsupervised
manner. The penalty method is used to incorporate constraint
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Fig. 3. Proposed EAGNN to jointly optimize access mode selection and power control in considered cell-free and D2D heterogeneous network.

C1, i.e. (9), into the loss function, which ensures the output
of EAGNN to be feasible for Problem (NCM). Let Θ denote
all learnable parameters of EAGNN including all learnable
vectors, matrices and MLPs. The penalty-based loss function
is defined as

L (Θ) = −
K∑

k=1

(
Rc

k (A (Θ) ,H (Θ) ,Ξ (Θ))

+ Rd
k (A (Θ) ,H (Θ) ,Ξ (Θ))

)
+ λ

( K∑
k=1

(1−
I∑

i=1

αi,k)ηc
m,k (Θ) γc

m,k − 1
)
, (32)

where A (Θ), H (Θ), Ξ (Θ), and ηc
m,k (Θ) are the output

results of access mode selection and power control by solving
Problem (NCM) when EAGNN is parameterized by Θ. λ is
the penalty coefficient and treated as a hyperparameter. During
the model training, the EAGNN learns to adjust its parameters
Θ to minimize the value of loss function in an unsupervised
manner via stochastic gradient descent method [38]. Θ is
updated as Θ = Θ−ω∇ΘL (Θ), where ω is the learning rate.

D. Key Insights

Our proposed EAGNN algorithm is efficient to tackle the
access mode selection and power control problem shown as
Problem (NCM) in cell-free and D2D heterogeneous networks,
due to its design properties and insights discussed as follows.

1) Effectiveness to Capture Heterogeneous Relationships:
Our proposed EAGNN can effectively capture the relationships
among heterogeneous vertices, i.e., vAP

m s, vDH
i s, and vUE

k s.
These heterogeneous relationships are integrated into our
constructed graph data and GNN structure. To be specific,
we embed large-scale fadings um,ks and vi,ks into edge
features, which is different from existing works [31], [39].
Thus, edge feature aggregations, i.e., (21), (24), and (25),
capture not only the desired signal strength but also the
interference intensity. Furthermore, each vertex can gradually
require global conditions of transmission and interference links

via multi-layer message passing and feature updates, i.e., (20),
(26), and (27). This design property is favorable for EAGNN
to produce a feasible access mode selection and power control
solution to effectively coordinate interference and increase
network capacity.

2) Permutation Invariance and Equivariance: Our proposed
EAGNN exhibits the properties of permutation invariance and
equivariance. Specifically, the permutation invariance property
ensures the output of each layer of every stage of EAGNN
is unchanged if the vertex ordering is permuted, as shown in
Proposition 3 and its proof in Appendix C. When the permuta-
tion invariance is met at each layer of every stage of EAGNN,
the entire structure of EAGNN shows the permutation equiv-
ariance property, i.e., the output of EAGNN is equivalently
varied with respect to the permutation of vertices, as shown in
Proposition 4 and its proof in Appendix D. These properties
enable the EAGNN can be feasible to process a graph data of a
given G without any specific labeling for any AP, DH, or user,
which significantly reduces computational requirements.

3) Scalability to the Size of Heterogeneous Network: Our
proposed EAGNN has well scalable to the size of cell-free
and D2D heterogeneous networks. Once the EAGNN model
is trained, it can be used to solve the access mode selection
and power control problem as shown in Problem (NCM) with
different sizes of cell-free and D2D heterogeneous networks.
This is because that in EAGNN model structure, message
passing mechanism, feature aggregation and combination oper-
ations, the dimensions of learnable parameters and other
aspects are independent of I , K, and M . This property can
greatly facilitate computational efficiency and implementation
of EAGNN.

IV. SIMULATION RESULTS

In this section, we conduct simulations to evaluate the
performance of our proposed EAGNN algorithm. The default
setting of network scale is I = 10 DHs, K = 10 users, and
M = 20 APs with N = 2 antennas. All the APs and users
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TABLE I
DEFAULT SIMULATION PARAMETERS

are uniformly distributed in an area of 1 × 1km2. DHs are
randomly distributed around users. The multi-slope path loss
model in [12] and [22] is used to characterize um,k and vi,k.
The maximum transmit powers, i.e., the normalized SNR at
transmitters, are set as ρp = ρc = 200 mW and ρd = 100 mW.
The length of coherent interval is set as 200 samples and the
length of pilot sequence τp is set as 20 samples. The fronthaul
capacity of each AP is 20 bps/Hz. GNN architecture and
message passing mechanism design are executed by Pytorch
and Deep Graph Library [40], [41]. The Adam optimizer
with an initial learning rate ω = 5 × 10−4 is used in model
training process. The depth of our proposed EAGNN is set as
T1 = T2 = 2. The default simulation parameters are concluded
in Table I.

In order to validate advantages of our proposed EAGNN,
we consider three benchmark algorithms for performance
comparison as follows.
• MLP: The algorithm exploits the MLP [42] to extract and

process vertex and edge features rather than GNNs. Then,
it uses the same output layer and method with EAGNN
to obtain the result of access mode selection and power
control.

• Heterogeneous GNN (HetGNN): In this algorithm,
a HetGNN model proposed in [30] is used to replace
EAGNN to extract vertex and edge features with a three-
layer structure. Other aspects in this algorithm are same
with EAGNN algorithm.

• Successive convex approximation (SCA): In this
algorithm, the power control is optimized by an advanced
optimization method, i.e., SCA [43], to overcome the
non-convexity of Problem (NCM), after access mode
selection is given by the first stage of EAGNN.

A. Convergence Performance

Fig. 4 shows the convergence performance of our proposed
EAGNN with different values of K. We observe from Fig. 4(a)
that our proposed EAGNN achieves the convergence within a
limited number of epochs on training and validation datasets
under different values of K. The required number of training
epochs increases with the growth of K. We can see from
Fig. 4(b) that the penalty of EAGNN gradually approaches
0 under different values of K when the convergence is
achieved on validation dataset. In this case, the value of

Fig. 4. Convergence of EAGNN.

loss function is all contributed by network capacity, which
demonstrates the solution feasibility of our proposed EAGNN
algorithm.

Fig. 5 shows the convergence performance of different
algorithms on validation dataset. We can see that our proposed
EAGNN and other benchmark algorithms achieve the conver-
gence after a limited number of epochs. Furthermore, it is
observed that EAGNN achieves the convergence faster than
MLP and HetGNN algorithms. Meanwhile, the performance
of EAGNN after the convergence is close to that of SCA-
based algorithm. These results demonstrate the advantage of
our proposed EAGNN on terms of training efficiency and
optimality. This is because that two-stage structure of EAGNN
improves the training efficiency to ensure the convergence
and enhances global feature extraction to maximize network
capacity.

B. Impact of Network Scale on Network Capacity

Fig. 6 shows network capacity of different algorithms
versus K. We can observe that the network capacity obtained
by different algorithms first increases and then decreases
with the growth of K. This is because that numerous
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Fig. 5. Convergence of different algorithms.

Fig. 6. Network capacity versus the number of user K.

users aggravate interference to degrade network capacity.
Furthermore, it can be seen that although the degradation
of network capacity exists, our proposed EAGNN algorithm
achieves higher network capacity than HetGNN and MLP. The
performance of EAGNN approximates to that of SCA-based
algorithm which can acquire the near-optimal power control
solution and however is with much higher computational
complexity than EAGNN.

Fig. 7 shows network capacity of different algorithms versus
M . We can see that the network capacity increases with the
growth of M . This is because the growth of M can enhance
cooperative gain among APs and heighten channel quality
of cell-free downlink transmissions. Furthermore, it can be
seen that our proposed EAGNN algorithm achieves higher net-
work capacity than traditional MLP and HetGNN algorithms
meanwhile approaches to the optimal solution with higher
computational efficiency compared with SCA-based algorithm.
This is because the designed message passing mechanism of
EAGNN such as edge attention values and feature aggrega-
tions can effectively gather global information of considered
heterogeneous network and extract corresponding relationships
of interference and transmission links.

Fig. 7. Network capacity versus the number of APs M .

Fig. 8. Network capacity versus the number of AP antennas N with different
fronthaul capacities.

Fig. 8 shows network capacity versus N under different
fronthaul capacities, i.e., the values of Cm. We can observe
that the network capacity increases with the growth of N . This
is because the growth of N can directly promote the gain of
conjugate beamforming that is helpful to restrain co-channel
interference and compensate channel fading. Moreover, it can
be seen that the increase of fronthaul capacity leads to the
growth of network capacity, since an enlarged Cm effectively
reduces compression quantization noise power and strengthens
the SINRs of cell-free downlink transmissions.

Fig. 9 shows the cumulative probability of all users’ link
transmission rates. It can be seen that our proposed EAGNN
algorithm facilitates over 40% of users with at least 3 bps/Hz
of achievable rate meanwhile ensures all the users to success-
fully access to cell-free and D2D heterogeneous network. The
result demonstrates that EAGNN can achieve a better tradeoff
between network capacity and users’ achievable rates than
MLP and HetGNN algorithms.

C. Generalization to Network Scenarios

Tables II and III show the generalization of different
algorithms to network scenarios varying with M and K,
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Fig. 9. Cumulative probability of all users’ link transmission rates.

TABLE II
GENERALIZATION TO DIFFERENT VALUES OF M

TABLE III
GENERALIZATION TO DIFFERENT VALUES OF K

respectively. In this simulation experiment, EAGNN is trained
within default simulation parameters and implemented in
network scenarios with different values of M and K, while
other algorithms are retrained in each network scenario. It can
be seen that our proposed EAGNN algorithm is applicable for
network capacity maximization even though M and K varies
after it is trained in the scenario with default simulation param-
eter. Furthermore, the achieved network capacity by EAGNN
without retraining is higher than that by HetGNN-retrained
and MLP-retrained, and is close to that by EAGNN-retrained.
Specifically, we can see that the performance gap between
EAGNN and EAGNN-retrain is only 0.5-3%, which is very
limited. This is thanks to permutation invariance and equivari-
ance of EAGNN model.

Fig. 10 shows network capacity versus K in different
network scenarios. We can observe that compared to cell-
free RAN, cell-free and D2D heterogeneous networks can
effectively increase network capacity. This demonstrates
that D2D communications take the advantage of proximity
transmission to mitigate traffic load of cell-free RAN
and improve spectrum efficiency. This is because the
establishment of D2D links relieves the pressure of fronthaul

Fig. 10. Network capacity versus the number of user K in different network
scenarios.

links to decrease compression quantization noise power
and promote the utilization of fronthaul capacity and
radio spectrum resource. Furthermore, it can be seen that
our proposed EAGNN algorithm effectively coordinates
interference among cell-free downlink transmissions and D2D
communications to release the potential advantage of cell-free
and D2D heterogeneous networks on network capacity.

V. CONCLUSION

In this paper, we have investigated interference coordina-
tion problem in cell-free and D2D heterogeneous networks
to maximize network capacity. To tackle this problem,
we have derived closed-form expressions for achievable rates
of cell-free downlink transmissions and D2D communications,
and then represented the relationships of all APs, DHs, and
users as a heterogeneous graph. After that, we have proposed
the EAGNN algorithm where its first stage exploits edge
attention mechanism to optimize access mode selection and
its second stage employs edge message passing to deter-
mine power control. Simulation results have shown that our
proposed EAGNN algorithm can increase network capacity
compared to traditional GNN and neural network based L2O
methods, and approach the performance of advanced optimiza-
tion method. Furthermore, our proposed EAGNN algorithm
has exhibited well scalability and generalization to varying
network scales and scenarios. Future works will focus on user-
centric cell-free RAN with D2D in which GNN-based user
association needs to be developed.

APPENDIX

A. Proof of Proposition 1

The detailed expression of received signal yc
k at user k

in (10) is given by

yk =
√

ρc
(
1−

I∑
i=1

αi,k

) M∑
m=1

√
ηc

m,kgT
m,kĝ∗m,ksk

+
√

ρc

M∑
m=1

gT
m,k

∑
k′∈K\k

(
1−

I∑
i=1

αi,k′
)√

ηc
m,k′ ĝ

∗
m,k′sk′
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+
√

ρc

M∑
m=1

gT
m,k

K∑
k′=1

(
1−

I∑
i=1

αi,k′
)√

ηc
m,k′ ĝ

∗
m,k′qm,k′

+
√

ρd

I∑
i=1

Gi,k

K∑
k′=1

αi,k′

√
ηd

i,k′sk′ + nu
k, (33)

which can be rewritten as

yc
k = CSk · sk + BUk · sk +

∑
k′∈K\k

CIk,k′ · sk′

+
K∑

k′=1

QNk,k′ · qm,k′ +
K∑

k′=1

DIk,k′ · sk′ + nu
k. (34)

CSk, BUk, CIk,k′ , DIk,k′ , and QNk,k′ represent the strength
of desired signal, the beamforming gain uncertainty, inter-
ference from other downlink transmissions, interference from
D2D communications, and the strength of quantization noise,
respectively. The achievable rate of downlink transmission for
user k is given by (35), shown at the bottom of the page,
where E

{
|nu

k|
2
}

= 1 [12].
First, we compute the term of CSk. Let g̃m,k = gm,k −

ĝm,k denote the channel estimation error, where each element
follows the distribution CN

(
0, um,k−

γc
m,k

N

)
. Due to the prop-

erties of MMSE estimation, g̃m,k and ĝm,k are independent
of each other. Thus, we can get

CSk

=
√

ρc
(
1−

I∑
i=1

αi,k

) M∑
m=1

√
ηc

m,kE
{(

ĝT
m,k + g̃T

m,k

)
ĝ∗m,k

}
=
√

ρc
(
1−

I∑
i=1

αi,k

) M∑
m=1

√
ηc

m,kE
{
ĝT

m,kĝ∗m,k

}
=
√

ρc
(
1−

I∑
i=1

αi,k

) M∑
m=1

√
ηc

m,kγc
m,k. (36)

Second, we compute the term of E
{
|BUk|2

}
, where

BUk =
√

ρc
(
1 −

∑I
i=1 αi,k

)(∑M
m=1

√
ηc

m,kgT
m,kĝ∗m,k −

E
{∑M

m=1

√
ηc

m,kgT
m,kĝ∗m,k

})
. Hence, we can get

E
{
|BUk|2

}
= ρc

(
1−

I∑
i=1

αi,k

) M∑
m=1

ηc
m,kE

{∣∣B̃Uk

∣∣2},

(37)

E
{∣∣B̃Uk

∣∣2} =E
{∣∣gT

m,kĝ∗m,k

∣∣2}− ∣∣E{
gT

m,kĝ∗m,k

}∣∣2
= E

{∣∣g̃T
m,kĝ∗m,k

∣∣2} + E
{∣∣ĝm,k

∣∣4}− (
γc

m,k

)2

(a)
=

(
um,k −

γc
m,k

N

)
γc

m,k +
(
1 +

1
N

)(
γc

m,k

)2

−
(
γc

m,k

)2

= γc
m,kum,k, (38)

where (a) is due to E
{∣∣g̃m,k

∣∣2} = um,k − γc
m,k

N and
E

{∣∣ĝm,k

∣∣4} =
(
1 + 1

N

)(
γc

m,k

)2
[27].

Third, we compute E
{
|CIk,k′ |2

}
and E

{∣∣QNk,k′qm,k′
∣∣2}

based on (36) and (37). Following the hints provided in [12],
it can be obtained that

E
{∣∣CIk,k′

∣∣2} = ρc
(
1−

I∑
i=1

αi,k′
)
E

{∣∣C̃Ik,k′
∣∣2}. (39)

E
{∣∣C̃Ik,k′

∣∣2} = E
{∣∣ M∑

m=1

√
ηc

m,k′g
T
m,kĝ∗m,k′

∣∣2}
=

∣∣ϕH
k′ϕk

∣∣2( M∑
m=1

√
ηc

m,k′γ
c
m,k′

um,k

um,k′

)2

+
M∑

m=1

ηc
m,k′um,kγc

m,k′ . (40)

Similarly, we can get that

E
{∣∣QNk,k′qm,k′

∣∣2}
= ρc

(
1−

I∑
i=1

αi,k′
)[∣∣ϕH

k′ϕk

∣∣2( M∑
m=1

√
ηc

m,k′γ
c
m,k′

um,k

um,k′

)2

+
M∑

m=1

ηc
m,k′um,kγc

m,k′
]
Qm,k′ . (41)

Finally, we compute E
{∣∣DIk,k′

∣∣2} which is given by

E
{
|DIk,k′ |2

}
= ρd

I∑
i=1

αi,k′η
d
i,k′E

{∣∣Gi,k

∣∣2}
= ρd

I∑
i=1

αi,k′η
d
i,k′vi,k. (42)

Consequently, we substitute (36)-(42) into (35) to obtain (11).

B. Proof of Proposition 2

The received signal yk can be rewritten as

yd
k =

√
ρd

I∑
i=1

αi,k

√
ηd

i,k(Ĝi,k + G̃i,k)sk

+
√

ρc

M∑
m=1

K∑
k′=1

(1−
I∑

i=1

αi,k′)
√

ηc
m,k′g

T
m,kĝ∗m,k′sk′

+
√

ρc

M∑
m=1

K∑
k′=1

(1−
I∑

i=1

αi,k′)
√

ηc
m,k′g

T
m,kĝ∗m,k′qm,k′

+
√

ρd

I∑
i=1

∑
k′∈K\k

αi,k′

√
ηd

i,k′Gi,ksk′ + nu
k. (43)

where G̃i,k ∼ CN
(
0, vi,k − γd

i,k

)
denotes the channel

estimation error for Gi,k. Similarly, the achievable rate of D2D

Rc
k = log2

(
1 +

∣∣CSk

∣∣2
E

{∣∣BUk

∣∣2} +
∑

k′∈K\k E
{∣∣CIk,k′

∣∣2} +
∑K

k′=1 E
{∣∣QNk,k′qm,k′

∣∣2} +
∑K

k′=1 E
{∣∣DIk,k′

∣∣2} + 1

)
. (35)
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Rd
k = log2

(
1 +

∣∣DSk

∣∣2∑K
k′=1 E

{∣∣CIk,k′
∣∣2} +

∑K
k′=1 E

{∣∣QNk,k′qm,k′
∣∣2} +

∑
k′∈K\k E

{∣∣DIk,k′
∣∣2} + 1

)
. (44)

communication for user k is given by (44), shown at the top of
the page, in which the strength of its desired signal is

∣∣DSk

∣∣2.
Now, we compute DSk and can obtain that

∣∣DSk

∣∣2 = ρd
I∑

i=1

αi,kηd
i,kE

{∣∣Ĝi,k + G̃i,k

∣∣2}
= ρd

I∑
i=1

αi,kηd
i,k

(
E

{∣∣Ĝi,k

∣∣2} + E
{∣∣G̃i,k

∣∣2})
(b)
= ρd

I∑
i=1

αi,kηd
i,kvi,k (45)

where (b) is due to E
{∣∣Ĝi,k

∣∣2} = γd
i,k = √

τpρpvi,kcd
i,k

and E
{∣∣G̃i,k

∣∣2} = vi,k − γd
i,k. Then, we substitute (39)-(42)

and (45) into (44) to obtain (15).

C. Proof of Proposition 3

For a permutation operator π, it can generate a permutation
of N

(
vUE

k

)
, i.e., N

(
vUE

π(k)

)
=

{
vπ(j), vj ∈ N

(
vUE

k

)}
.

By means of the mean pooling, we can get the aggregated
vertex feature of N

(
vUE

π(k)

)
as

ΩUE,(t)
π(k) =

1∣∣∣N (
vUE

π(k)

)∣∣∣
∑

vπ(j)∈N
(
vUE

π(k)

) aπ(j),kW
(t)
1 ζπ(j),k,

(46)

≜
1∣∣N (
vUE

k

)∣∣ ∑
vj∈N

(
vUE

k

) aj,kW
(t)
1 ζj,k = ΩUE,(t)

k . (47)

where ≜ is due to
∣∣∣N (

vUE
π(k)

)∣∣∣ =
∣∣N (

vUE
k

)∣∣ and the
unchanged summation result. Therefore, π cannot change the
results of vertex feature aggregation. Now, we finish the proof
of Proposition 3.

D. Proof of Proposition 4

We first consider the first stage of EAGNN for access
mode selection, denoted by EAGNN1 (·). Given a permutation
π, we have initial conditions that are zUE,(0)

π(k) = zUE,(0)
k ,

N
(
vUE

π(k)

)
= N

(
vUE

k

)
, and ζπ(j),π(k) = ζj,k for vertex

vUE
k . In order to prove zUE,(T1)

π(k) = zUE,(T1)
k , we utilize the

induction and assume that the base case of t = 0 follows
initial conditions and zUE,(τ−1)

π(k) = zUE,(τ−1)
k when t = τ − 1.

Then, vertex features of vUE
k and vUE

π(k) at layer τ are updated
as

zUE,(τ)
k = W

(τ)
2 ΩUE,(τ)

k + zUE,(τ−1)
k , (48)

zUE,(τ)
π(k) = W

(τ)
2 ΩUE,(τ)

π(k) + zUE,(τ−1)
π(k) . (49)

Following induction assumption and initial conditions, we can
get ΩUE,(τ)

k = ΩUE,(τ)
π(k) and zUE,(τ−1)

k = zUE,(τ−1)
π(k)

such that zUE,(τ)
π(k) = zUE,(τ)

k is obtained. Thus, we have

zUE,(T1)
π(k) = zUE,(T1)

k for a T1-layer first stage of EAGNN.
At the layer T1, we can get ζ̄DH

π(i),π(k) = ζ̄DH
i,k . Accordingly,

EAGNN1 (·) has the permutation equivariance property, i.e.,
EAGNN1 (π ⋆ Z, π ⋆ E) = π ⋆ EAGNN1 (Z,E).

Second, we consider the second stage of EAGNN for power
control, denoted by EAGNN2 (·). Given a permutation π,
we have initial conditions that are zAP,(0)

π(m) = zAP,(0)
m and

zDH,(0)
π(i) = zDH,(0)

i , N
(
vAP

π(m)

)
= N

(
vAP

m

)
and N

(
vDH

π(i)

)
=

N
(
vDH

i

)
, ζAP

π(m),π(k) = ζAP
m,k and ζDH

π(i),π(k) = ζDH
i,k , for

vertices vAP
m and vDH

i , respectively. Similarly, we utilize the
induction and assume that the base case of t = 0 follows
initial conditions meanwhile zAP,(τ−1)

π(m) = zAP,(τ−1)
m and

zDH,(τ−1)
π(i) = zDH,(τ−1)

i when t = τ − 1. After that, vertex
features at layer τ are updated as

zAP,(τ)
m = W

(τ)
2 ΩAP,(τ)

m + zAP,(τ−1)
m , (50)

zAP,(τ)
π(m) = W

(τ)
2 ΩAP,(τ)

π(m) + zAP,(τ−1)
π(m) , (51)

zDH,(τ)
i = W

(τ)
2 ΩDH,(τ)

i + zDH,(τ−1)
i , (52)

zDH,(τ)
π(i) = W

(τ)
2 ΩDH,(τ)

π(i) + zDH,(τ−1)
π(i) . (53)

Following induction assumption and initial conditions,
we have ΩAP,(τ)

π(m) = ΩAP,(τ)
m and ΩDH,(τ)

π(i) = ΩDH,(τ)
i ,

zAP,(τ−1)
π(m) = zAP,(τ−1)

m and zDH,(τ−1)
π(i) = zDH,(τ−1)

i such that

zAP,(τ)
π(m) = zAP,(τ)

m and zDH,(τ)
π(i) = zDH,(τ)

i . Hence, we can

get zAP,(T2)
π(m) = zAP,(T2)

m and zDH,(T2)
π(i) = zDH,(T2)

i for a T2-
layer second stage of EAGNN. At the layer T2, we can obtain
ζ̂

AP

π(m),π(k) = ζ̂
AP

m,k and ζ̂
DH

π(i),π(k) = ζ̂
DH

i,k . Consequently,
EAGNN2 (·) has the permutation equivariance property, i.e.,
EAGNN2 (π ⋆ Z, π ⋆ E) = π ⋆ EAGNN2 (Z,E).

Now, we finish the proof of Proposition 4.
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