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Abstract—Cell-free networks represent a transformative
approach for 6G communications. However, they are subject to
stringent capacity requirements on the fronthaul links. In this
study, we investigate the downlink transmission of cell-free net-
works with limited fronthaul capacity, aiming to jointly optimize
the beamforming matrices of access points (APs) and the AP-user
equipment (UE) association strategies to maximize the weighted
sum rate. We first present a model-based approach leveraging
alternating optimization and successive convex approximation. To
facilitate practical deployment, we then propose a learning-based
approach using edge-graph attention networks (EGAT). Unlike
conventional graph attention networks that primarily focus
on node features while overlooking crucial edge information,
the proposed EGAT approach effectively captures both node
and edge interactions, thereby improving learning efficiency.
We also introduce the multi-head attention mechanism and
residual connections to improve the expression ability of the
model and to avoid over-smoothing, respectively. Moreover, we
solve the constrained optimization problem through primal-dual
training and adopt a policy gradient scheme to obtain the
AP-UE association. Simulations show that the proposed EGAT
approach achieves superior UE rate performance with very
low inference time. Notably, the proposed EGAT demonstrates
stronger generalization capability across network sizes compared
to conventional graph neural networks, thanks to its edge-
attention mechanism.

Index Terms—Graph neural networks, resource allocation,
cell-free networks, beamforming, capacity-limited fronthaul.
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I. INTRODUCTION

HE global deployment of 5G networks and advancing

6G research have spurred widespread adoption of wire-
less devices and services, resulting in increasingly complex
communication networks [1]. This leads to ultra-dense deploy-
ments where a large amount of data traffic competes for
limited wireless resources [2]. To address these issues, there
have been numerous studies on wireless resource management
aiming to efficiently allocate limited resources in wireless
networks. These studies address different areas of wireless
resource management, such as power control, link scheduling,
cell association, subcarrier allocation, and beamforming design
(31, [4], [5], [6].

Cell-free networks have emerged as a compelling architec-
ture for next-generation wireless networks, aiming to provide
uniformly high-quality service to all user equipments (UEs)
without relying on conventional cell boundaries [7]. In this
architecture, a large number of distributed access points (APs)
are connected via fronthaul links to a central processing unit
(CPU), and the APs collaboratively serve UEs through joint
transmission and reception. The fronthaul links support data
transmission and control signaling between distributed APs
and the CPU. By leveraging spatial diversity and macro-
diversity gains, cell-free networks can significantly enhance
spectral efficiency and system throughput.

To make cell-free networks practically deployable, the user-
centric paradigm has been introduced [8], where each UE
is served by a subset of APs rather than by all APs in the
network. This approach lowers signaling overhead, and allevi-
ates fronthaul congestion. Under the user-centric paradigm,
efficient AP selection becomes essential to balance perfor-
mance and resource usage. The design of AP-UE association
strategies under fronthaul constraints is a key problem that
directly affects network efficiency and scalability.

A. Prior Studies

1) Cell-Free Networks: Since the proposal of cell-free
networks, there have been numerous studies on resource
allocation problems [9], [10], [11], [12], [13]. In particular, the
authors of [14] proposed a heuristic approach to design beam-
forming vectors based on the uplink and downlink duality, and
it outperforms the conventional maximum ratio processing in
terms of performance. The authors of [15] compared conjugate
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beamforming and zero-forcing schemes for max-min power
control in cell-free networks, and developed a near-optimal
power control algorithm for zero-forcing schemes. The authors
of [16] derived a closed-form expression for the spectral
efficiency in cell-free networks and designed an optimal power
allocation algorithm to maximize the overall energy efficiency.
They also proposed an AP selection scheme where each UE
selects a subset of APs to reduce the power consumption
caused by fronthaul links.

Fronthaul plays a key role in modern wireless networks, and
fronthaul constraints have been a limiting factor for 5G and 6G
communications. The authors of [17] considered the problems
of maximizing the energy efficiency with limited fronthaul
capacity in a cell-free network using coherent or non-coherent
transmissions. The authors of [18] considered the selection
of small cell APs in a heterogeneous network with wireless
backhaul. They proposed a near-optimum iterative algorithm
for the beamforming design at the wireless backhaul hub.

The authors of [19] proposed robust beamforming strategies
in a reconfigurable intelligent surface aided cell-free system
with channel information uncertainty and capacity-limited
backhaul. The authors of [20] considered the joint deployment
and resource optimization problems in an uncrewed-aerial-
vehicle (UAV)-assisted wireless network subject to the
constraints of wireless backhaul between the ground base
station and UAVs.

2) Applications of Graph Neural Networks in Wireless
Communications: Graph neural networks (GNNs) have gained
growing interest in wireless networks due to their ability
to exploit topological information. By modeling networks as
graphs, GNNs encode system parameters (e.g., signal strength,
power limits) as input features and optimization variables
(e.g., power allocation, routing decisions) as outputs. In [21],
GNNs were applied to large-scale radio resource management,
showing that such problems can be formulated as permutation-
equivariant (PE) graph optimizations, and a message-passing
GNN was introduced. Subsequently, [22] proposed the ran-
dom edge GNN (REGNN), which performs convolutions over
random graphs formed by fading interference patterns, retain-
ing PE and outperforming heuristic benchmarks. Similarly,
homogeneous GNNs have also been shown to generalize well
on different numbers of UEs in link scheduling [23], power
control [24], [25], joint beam selection and link activation [26].
Moreover, graph attention networks (GATs) assign adaptive
weights to neighboring nodes through attention mechanisms
and have demonstrated strong performance across a wide range
of tasks [27], [28], [29].

With the progress in research for GNNs, heterogeneous
GNNs have shown superiority over homogeneous GNNs in
the application of resource management [30], [31]. In the
design of beamforming for downlink multiuser multiple-
input and multiple-output (MIMO) communication systems,
heterogeneous GNNs have demonstrated good adaptability
[32]. The authors of [33] proposed the edge-node GNN
(ENGNN), which incorporates a new updating mechanism for
both node and edge features. The authors demonstrate that
ENGNN outperforms the weighted minimum mean square
error (WMMSE) algorithm in collaborative beamforming
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design and it generalizes well in different system settings.
However, attention mechanisms specifically designed for edge
updating have not yet been thoroughly studied.

Most of these previous works on learning-based resource
allocation only consider problems with simple constraints.
Recently, schemes based on Lagrange duality have been
applied to solve constrained optimization problems using
GNNs. The authors of [22] proposed an unsupervised and
model-free primal-duality learning algorithm to train REGNN,
and proved that it can obtain superior performance and migra-
tion ability compared with the benchmark algorithms. The
authors of [34] employed the primal-dual learning algorithm to
solve a resilient radio resource management (RRM) problem,
where learnable slack variables are introduced to relax the
minimum capacity constraints for UEs that adapt to the
underlying network conditions.

B. Motivation and Contribution

Motivated by the above discussions, this work investigates
the joint optimization of AP-UE association strategies and
downlink beamforming design in a user-centric cell-free net-
work, subject to constraints on fronthaul capacity and transmit
power. The key contributions of this paper are summarized as
follows:

e We study the joint optimization of AP-UE association
and beamforming in a user-centric cell-free network to
maximize the weighted sum rate under fronthaul capacity
and power constraints. To address this, we reformulate
the problem using fractional programming and solve it
via an alternating optimization framework combined with
successive convex approximation (SCA). This model-
based approach provides a performance benchmark for
our considered problem.

e To further enhance the algorithmic efficiency and per-
formance, we propose a novel learning-based approach
using edge-graph attention networks (EGAT). Unlike
conventional GATs that focus primarily on node fea-
tures, our EGAT approach incorporates edge features
by introducing additional edge attention coefficients and
updated edge feature propagation rules. Furthermore, we
adopt a multi-head attention mechanism to improve the
expression ability of the model, and introduce residual
connections to avoid over-smoothing.

e As for the complicated constraints of the considered prob-
lem, we first integrate the fronthaul constraints into the
objective function using the Lagrangian duality. Then, we
employ a policy gradient approach to handle the binary
AP-UE association constraints by introducing penalty
terms in the loss function, ensuring effective optimization.

e Simulation results validate the effectiveness of the
proposed approaches. During the inference stage, the
proposed EGAT method only incurs very low compu-
tational time. Meanwhile, EGAT generally outperforms
other benchmark methods in terms of weighted sum
rate under various system settings. Notably, compared to
conventional GNN-based methods, the proposed EGAT
method demonstrates superior generalization capability
with respect to both the number of APs and UEs.
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Fig. 1. System model of user-centric cell-free wireless networks.

C. Organization and Notations

The rest of this paper is organized as follows. Section II
introduces the system model and formulates the optimization
problem. Section III presents the model-based approach to
address the formulated problem. The proposed learning-based
approach using EGAT is presented in Section IV. Section V
provides numerical results comparing different algorithms.
Section VI draws the conclusion of this paper.

Notations: In this paper, we use bold lowercase letters
and bold uppercase letters to represent vectors and matrices,
respectively. CM denotes an M-dimensional complex vector
and CM*N represents an M x N dimensional complex
matrix. |-| and Tr () represent the determinant and trace of
a matrix, respectively. (-)” and (-)” denote the transpose
and conjugate transpose of a matrix or vector, respectively.
CN (0,Iy) denotes a complex normal random vector with
mean 0 and covariance Iy. R {-} and S {-} return the real and
imaginary components of a complex argument, respectively.
E[-] denotes the expectation of random variables, and [-],
denotes max (-, 0).

II. SYSTEM MODEL AND PROBLEM FORMULATION

A. System Model

We consider the downlink transmission in a user-centric
cell-free communication network with B APs and K UEs
as shown in Fig. 1. Each AP is equipped with M antennas,
while each UE has one receive antenna. Mathematically, let
B2 {1,..., B} denote the AP set and K = {1, ..., K} denote
the UE set. The APs jointly transmit signals to the UEs using
the same time-frequency resource. A CPU is responsible for
data processing, computing, and subsequently distributing the
UE data to each AP via the fronthaul links. However, due to
the finite fronthaul capacity, the UE data rate that each AP
can support is limited. Furthermore, the user-centric approach
requires a serving cluster to be constructed separately for each
UE [35]. Consequently, optimizing AP-UE association and
beamforming design under constrained fronthaul capacity are
critical challenges in the system design.

We denote the channel from the bth AP to the kth UE as
hy, € CM Vb € B,k € K. The transmitted signal vector for
all the UEs is denoted as s € C¥, where E [ss”] = Ik. Let
v € CM be the beamforming vector at the bth AP for the
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kth UE. The signal received at the kth UE is given by

B B
T = Zhﬁvbksk + Z Zhb}{cvbjsj + ng. (D)
b=1 jEK\k b=1
Here ny is the additive white Gaussian noise (AWGN) at the
kth UE where ny ~ CN (0,£2) and & denotes the noise
power.

To represent the association between the APs and the UEs,
we introduce an association matrix X, whose (b, k)th element
xpr € {0,1}. xpr, = 1 means that the bth AP serves the
kth UE, otherwise we have x, = 0. Moreover, if xp, = 0,
we require that vy, = 0. Therefore, the received signal-to-
interference-plus-noise ratio (SINR) at the kth UE can be
expressed as

2
‘Zle hﬁvbk‘

3 .
B
ZjelC\k ’Zb:l hzgc"bj’ +&

SINR;, = 2

B. Problem Formulation

Our objective is to maximize the overall weighted sum rate
of all the UEs by jointly optimizing the beamforming at each
AP and the AP-UE association matrix subject to the constraints
of the fronthaul capacity and transmission power. Therefore,
the optimization problem can be formulated as

K
max ;; wy log (1 + SINRy,), (3a)
K
st Y aplog (1+SINRg) < O™, Vb€ B, (3b)
k=1
V% < P, Vb e B, (3c)
zy, € {0,1}, Vb e B,k € K, (3d)

where CJ'** and P;"®* denote the capacity limit of the
fronthaul link from the CPU to the bth AP and the maximum
transmit power of the bth AP, respectively. wj denotes the
weight for the kth UE data rate. Vi, = [vp1,...,Vek] €
CMxE denotes the beamforming matrix at the bth AP and
V = [VT .. VLT ¢ CMBXK_ The UE data is distributed
from the CPU to the APs before AP transmission. Constraint
(3b) ensures that the total UE data rate transmitted by the
bth AP does not exceed its fronthaul capacity. Constraint
(3c) shows the transmit power constraint for the bth AP.
Additionally, constraint (3d) ensures that the elements of the
association matrix X are binary. Problem (3) is a mixed
integer nonlinear programming (MINLP) problem, which is
non-convex and NP-hard. In the following, we propose two
approaches to solve problem (3): One is model-based and the
other is learning-based.

III. MODEL-BASED APPROACH FOR JOINT OPTIMIZATION

We first propose a model-based approach to solve problem
(3) using mathematical optimization algorithms. The idea is
to first transform problem (3) into an equivalent formulation
using quadratic transform for fractional programming (FP)
[36], and then solve the problem using alternating optimization
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combined with SCA.
AO-SCA.

Therefore, this algorithm is named

A. Quadratic Transform for FP

Because xp;, = 0 if and only if v, = 0, the value of
Tpi can be determined by that of vy;. Therefore, we have the
following equality

O, if ||ka|| = O7

) “4)

, otherwise.

zoe = I(||verl]) = {

Here I(-) denotes the indicator function. Furthermore, we
introduce an auxiliary variable 4 to replace the term SINRy
in (3) and rewrite problem (3) as

K
ma. wy log (1 + Sa
max Z rlog (1+ k), (5a)
ZI(Hvka)log(l +) <GP, Vbe B, (5b)
k=1
B H 2
‘Zb=1 hbkvbk‘
Ve < 5 WVke L, (5¢)
B
D e\ ’Zb:l hgc"bj‘ +&

(o), (5d)

where Y= [’717 s a’yK]T‘

We introduce the dual variable Aj for each inequality
constraint in (5c). The partial Lagrangian can be written as

K
Ly(V,yA) =) [wk log (1 + k)
k=1
B H 2
‘Zb:l hbkvbk‘
_)\k Ve — 5 P}
> jerc\k ’Eb:l hijve;| +&
(6)
Let (v*,X*) be the saddle point of the dual problem of (5)

for given values of V. According to the first order condition
OL1/0v, = 0 and the SINR expression (2), we have

2
B
D jer\k ‘Zb:l hgcvbj‘ +&

2
K B
Zj:l )Zb:l hzgc"bj’ +&3

Therefore, problem (5) can be reformulated as

*
k= Wk

, Veke K. (7)

max L1 (V,v,A%), (8a)
Vv
s.t. (5b), (3¢). (8b)

Using the quadratic transform technique [36], we can
rewrite (8) in an equivalent form as follows

max f(V,7,y),

9
ax (9a)
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s.t. (5b), (3¢), (9b)

where f (V,~,y) is shown in (10), at the bottom of the page,
and ¢ denotes the complex conjugate of yy.

B. Alternating Optimization With SCA

In this subsection, we use alternating optimization method
combined with SCA to solve problem (9) or its equivalent form
(8). The alternating optimization method divides the variables
into several blocks and optimizes each block while fixing the
values of variables in the other blocks.

1) Update of v With Fixed V: In this case, we consider
the form of (8) with fixed beamforming matrix V. Unlike
the derivations in [36], the constraint in (5b) is non-convex
because the log function is concave in 7. Therefore, we can-
not obtain closed form solutions in this case, and we propose
to replace log(1+ ) with its first-order approximation as the
surrogate function, i.e.,

. Ve — Yk a

+ — =2
’Yk) 1+ 4 1

log (14 ) <log (1 + (yk;9) (1D
where 4;, denotes a given value of ;. By substituting the log
function in (5b) with z; (yx;9%), we can approximate (8) by

the following

max L; (V,v,X"), (12a)
vy
K
st Y I(venll)z (s 4) < 3™, Vb€ B (12b)
k=1

Problem (12) is now a convex problem and can be solved
using convex optimization software [37].

2) Update of y With Fixed V, ~: When the values of
variables V, ~ are fixed, problem (9) is a convex problem
about y. The optimal solution of y can be obtained by setting
df (V,v,y)/dy = 0. Therefore, we obtain

K B H 2 5
2 et ‘Zb:l hbkvbj’ + &k

3) Update of V With Fixedy, ~v: In this case, problem (9) is
difficult to solve because the indicator function I(-) in (5b) is
non-smooth. We propose to approximate the indicator function
I(-) using the following smooth concave function [38]

log (lverl/6 +1)
log(1/6+1)

where § is a small positive constant to provide a smooth
transition as ||vy| approaches zero.

After replacing the indicator function using (14), problem
(9) is still non-convex because the left-hand-side (LHS) of
constraint (5b) is concave. Therefore, we propose to replace

(13)

Yr =

I(|[vokll) ~ (14)

K K
Z wi og (1+ ) — weyk — |yl Z
k=1 j=1

fF(V,vy)=

B
E hbkvbj

b=1

2

+& | + 2wk (e + DR (Z/k Zhbkvbk>

(10)
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Algorithm 1 AO-SCA Algorithm to Solve Problem (9)

1: Initialization: Choose feasible values for V(9 and ~(0).
Choose accuracy € > 0, and set iteration index ¢ = 0.

2: repeat

3: Sett=1t+1;

4:  Update v by solving (12) with V = V(=1 and

o (t,
Y= ;
5: Update y(*) according to (13) with V.= V=1 and
_ .
=

6. Update V() by solving (16) with y = y(), v =~
and V = V(-1
7. until | (VO y0,40) — fVED, y (=1 1)) <o
or maximum number of iterations is reached.
8: Output: The solution for V, «, y

the function log (||ver||/d +1) in (14) with its first-order
approximation as the surrogate function, i.e.,

N (Ivorll = IVexll)
log (||v 0+1) <log(|v o+ 1)+ —
g(” bk”/ )_ g(” bk”/ ) (Hvbk” —l—(S)
£ 20 (Vor; Vor), (15)

where vy, denotes a given value of vy.

For fixed =, y, we substitute the log functions in (14) with
its first-order approximation (15). Therefore, problem (9) can
be approximated by

max f(V,7,y) (16a)

log (1 4 k) N
. < max b
g fog log (1/0+1) - 22(Vor; Vo) < CF, Vb € B,

(16b)

(30). (16¢c)

Problem (16) is now a convex problem and can be solved
using convex optimization software.

The overall AO-SCA algorithm to solve problem (9) is
shown in Algorithm 1. Starting from a feasible point,
Algorithm 1 alternately optimizes the variables =, y, and V.

C. Convergence and Complexity Analysis

The convergence of the AO-SCA algorithm can be proved
similar to that in [36]. In each iteration, the algorithm alter-
nately updates the variables ~, y, and V. For the updates
of v and V, we employ the SCA method, where the sur-
rogate functions z1(7yx; %) and zo(Ver; Vi) are locally tight
approximations of the original functions at the current points
Ak and vy, respectively. These properties ensure that each
iteration provides a feasible update. Moreover, the alternating
optimization framework ensures that the sequence of objective
values obtained in each iteration of the AO-SCA algorithm
satisfies the monotonic relationship, i.e., f(V®,y®) ~(1)) <
FOVED y (1) A (E+1))) because each subproblem yields a
feasible solution that does not decrease the objective value.
Since the objective function is upper bounded due to the power
and fronthaul constraints, the monotone convergence theorem
guarantees that the sequence converges. At convergence, the
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limit point is a stationary point that satisfies the first-order
optimality conditions of the original problem.

The complexity per iteration mainly comes from two steps
in Algorithm 1, i.e., Step 4 and Step 6. Step 4 can be solved by
the interior-point method, with complexity O(K3-®). Similarly,
the complexity of Step 6 is O((BKM)3). Therefore, the
total computational complexity of the AO-SCA algorithm
is O(Tyer(K35 + (BKM)3)), where T}, is the number of
iterations.

In each iteration of the AO-SCA algorithm, we must solve
the sub-problems using convex optimization algorithms, e.g.,
interior-point methods. Moreover, the model-based approach
needs to re-solve the problem whenever the channel changes.
To improve algorithm performance and enhance its practical-
ity, we propose a learning-based approach to solve the problem
in the following section.

IV. LEARNING-BASED APPROACH FOR JOINT
OPTIMIZATION

In this section, we propose a GNN-based architecture called
EGAT to solve problem (3). The standard GAT framework is
primarily designed for graphs with only node features, making
it unsuitable for our scenario. To address this limitation,
EGAT enhances the traditional GAT by incorporating edge
features, introducing additional edge attention coefficients, and
implementing updated edge feature propagation rules, thereby
improving its effectiveness in our problem setting.

A. Graph Representation

We model our considered network as a heterogeneous graph,
where the APs and UEs are considered as two types of nodes,
namely AP-nodes and UE-nodes. Moreover, an edge connects
an AP-node and a UE-node if there is a communication link
between them. Since we focus on the downlink data transmis-
sion, all edges in the heterogeneous graph are directed from the
AP-node to the UE-node. Therefore, the heterogeneous graph
can be represented as G = {88, K, £}, where B = {1,...,B},
K=A{1,...,K} and & C {(b,k)},cp5 yexc denote the set of
AP-nodes, UE-nodes and edges, respectively.

Each node and edge in the heterogeneous graph is associated
with specific features and variables. We denote the feature on
the bth AP node, the kth UE node and the (b, k)th edge as
fapp € Rérr, fupk € R9E and epr € R, respectively, where
dap, dug and d. denote the corresponding feature dimensions.
Then the feature matrix of the AP nodes, the UE nodes, and the
edges can be expressed as Fap = [fap1, . . ., fapp]T € REXdwr,
Fug = [fUE,la . fUE,K]T S RKXdUE, and E € RBXKXde,
respectively. In our problem, the edge variables are the
unknown beamforming matrix V and the AP-UE association
matrix X.

B. GNN Structure Design

The overall structure of the proposed GNN structure is
shown in Fig. 2. The EGAT model consists of a preprocessing
layer, L update layers and a postprocessing layer. Firstly,
the preprocessing layer transforms the initial node features
and edge features into real-valued formats suitable for neural
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Fig. 2. The EGAT model with primal-dual training.

network processing. We set the maximum transmit power
budget pmax = [pPpax  pPRax]T ¢ RE and the maximum
fronthaul capacity ¢™®* = [Cax . Omax]T ¢ RE as the
initial features of AP nodes. Specifically, the initial feature
on AP node b is fiy, = [P, Cp***]T € R2. The initial
features on the UE nodes are defined as the noise standard
deviation & = [¢;,...,&x]T € RE and the weight of the UE
rate w = [wy, ..., wi]T € RE. Thus, the initial feature for UE
node k is i, = [&, wi]” € R% Moreover, for the (m, k)th
edge features, we separate the channel hyy into the real and
imaginary parts, denoted as e})“‘]g = [R{hp} T, S{hpe } 117
R?*M  To prepare these features for processing, we transform
the initial features of the AP nodes, the UE nodes, and the
edges using a multilayer perceptron (MLP) with one hidden
layer. The transformed features, denoted as flg([),)b, f(o)k and
el(f_),z, serve as the input to the subsequent update layers.
Afterwards, the update layers use node and edge attention
mechanisms to process these input features. Finally, the post-
processing layer transforms the features (Fg),Fg%),E(L))

into the beamforming matrix and the AP-UE association
matrix, i.e., (V,X).

C. Node and Edge Attention Mechanisms

In the update layers, we introduce attention mechanisms to
separately update node and edge features as shown in Fig. 3.

1) Node Feature Update Module: In the node fea-
ture update module, each node aggregates the features of
its neighboring nodes and edges based on the computed
attention coefficient for feature update. Specifically, in the
lth update layer of EGAT, the inputs and outputs are
FLY RV ECD) and (F(), FU, EO). When updating
the features of an AP node, we gather all its neighboring
UE nodes along with the corresponding edge features. The
attention coefficients for these neighbors are then computed
using the attention mechanism. Specifically, for AP node b,
the attention coefficient 04/(\]1 p,x Of its neighboring UE node k&
and edge (b, k) can be calculated as, (17), shown at the bottom
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R *de are the weight matrix with learnable parameters that
map the input features of dimensions dap,dyg,d. to new
features of dimensions d)p, d{g, d,, which provides the net-
work with higher-order learning capabilities. Here N is the
set of neighboring UE nodes of AP node b and “||” denotes
the splicing operation that concatenates the transformed node
and edge features along the feature dimension. The learnable
vector aap € R¥arTdetdie jg yged to calculate the attention
coefficient. o(-) denotes the activation function, where we use
o(x) = LeakyReLU(z) = max(0.001z, z).

Then, we weight and sum the transformed features of the
neighboring nodes and edges of the current AP node using
the attention coefficients. The aggregated information can be
obtained as

o RG] (I-1)
APb_ZaAPbk[ e©p i ||WUEfUEk}'
kGNb

(18)

In order to capture information comprehensively, we employ
the multi-head attention mechanism. Each attention head
independently performs operation (18), mapping the input
features to different subspaces through distinct linear trans-
formations to compute the attention coefficients separately.
We use fgb_c to represent the result of (18) under the cth
attention head. Finally, the aggregated results from all C' heads
are concatenated. The high-dimensional concatenated features
are then linearly transformed using an MLP to reduce the
dimensionality back to the original dimension. Moreover, the
features of the previous layer can be added to the result, which
is called residual connection to avoid over-smoothing. So the
final updated feature for the /th layer of the bth AP-node is

(1-1)
fAPb )

£y = MUPar ([, £0,.) + (19)
where HCC:1 denotes the splicing operation of the aggregated
output of C' attention mechanisms. MLPsp denotes the MLP
for updating the AP node features.

For the feature update of UE nodes, it is also necessary
to collect all its neighboring AP nodes and the corresponding
edge features, use attention mechanism to calculate the atten-
tion coefficients of these neighbors, and sum up the weighted
transformation features of the neighboring nodes and edges to
obtain C' heads aggregated information. After concatenation,
dimensionality reduction, and residual connection, the final
updated features are obtained. Taking UE node k£ as an
example, the specific calculation process is as follows

)
QUE, kb

eXp(U (aUE {WUEfUE k ||We Chk HWAPfAP b )} ))
- 1 -1 (-1 ?
Zb’eNk €xp (‘7 (agE [WUEfL(JE k)”We z(;/ )||WAPfAP sz)

of the page,where W ap € R%»Xdar Wy € Rexdue W, € 20)
-1 (-1 -1
) €xXp (U (aKP [WAPf;(\P b)HWe b,k )||WUEfl(JE k)D)
QAP bk = )

Zk/ereXp <O' (a}fp |:WAP

—1 -1 -1
fips [ Weel o | Wt kf)D)
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Fig. 3. Node and edge attention mechanisms.

l l -1 (-1
fl(Jsz: Z I(JIZZkb [We l(7k )||WAPfAPb) ) (21
beN
C l (-1
£ = MLPus ([, 62 ) + £ (22)

where A}, denote the set of AP nodes connected to UE node
k and ayp € Révetdetdi is a learnable vector to calculate
the attention coefficient.

2) Edge Feature Update Module: In this module, we also
use the calculated attention coefficients to aggregate the fea-
tures of neighboring nodes and edges during edge feature
updates. The difference is that each edge is connected both to
an AP node and a UE node. Therefore, its neighboring edges
are divided into two categories, one is the neighboring edge
that is connected to the corresponding AP node, and the other
is the neighboring edge that is connected to the corresponding
UE node. We combine the aggregated information of these
two types of neighbors to obtain our final update feature.

In the /th update layer, we incorporate the influence of
neighboring edges on the target edge by aggregating infor-
mation from other UE connections at the same AP node.
Specifically, considering the target edge (b, k), let AV, denote
the set of UE nodes that are connected to AP node b. Edge
(b,m) is a neighboring edge of (b, k), where m € N} \ k, and
it contributes to the representation of edge (b, k) through an
attention coefficient ﬁf@,’ (b,k),(b,m) that can be computed as

@)
ﬁAP,(b,k%(b»m)
= ( W._el-
exp( ( [W &, 1)HWAPfAPbl)H e® bkl)D)

(-1 1) - ’
S e (7 (a7 [ Weell Wt (3 [ Weef!,V]))

(23)

where a, € Réw+2de g a learnable vector to calculate the
attention coefficient. The softmax normalization ensures that
the attention coefficients over all neighboring edges connected
to node b (excluding edge (b, k) itself) sum to one.

To update the target edge (b, k), we also need to consider
the influence of other edges connected to UE node k. Edge
(n, k) is a neighboring edge of (b, k), where n € N\ b, and it
contributes to the representation of (b, k) through an attention
coefficient 681;(1;, k), (k) that can be computed as

Q)
fBUE,(b,k),(n,k)
exp (o (al [Weell ) Wt 1 Weel )

-1 -1 -1 ’
S wenis 0 (o (a7 [Weel ) [IWuetl 1 Weel!]))
(24)

Then we use these two types of attention coefficients to
calculate the weighted sum of the transformation features of
the two types of neighboring nodes and edges of the target
edge, and the final aggregated information can be obtained as

= > Banewem [W e ||WAPfAPb)}
meN\k

-1 (-1
+ Z 5UE(bk (n,k) {W efzk )HWUEfUE,k)}'
nGNk\b
(25)

Using the same operation as the node update module,
the neighbor aggregation information of the target edge is
obtained through a multi-head attention mechanism. Let e,()l}c .
represent the result of (25) under the cth attention head. Thefl,

the aggregation results under the C' heads are concatenated,
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and the concatenated high-dimensional features are linearly
transformed through an MLP to obtain the final updated
feature as follows

) ) (1-1)
e, = MLP, (Hc 1€ bkc>+ i

Here MLP, denotes the MLP for updating the edge features.

(26)

D. Postprocessing Layer

In this section, we explain how to map the output of
the neural network to the final required beamforming and
association matrix.

Firstly, we input the final edge features egfk) into an MLP
and perform linear transformation to reduce their dimension-
ality to the desired level, i.e.,

L
[vEe, vim] = MLP, (e{"),
vk = MLP, (ez()Lk)) 27

where MLP, is an MLP with a single linear layer and MLP,
is a single-layer MLP with a sigmoid activation function.

Then we need to consider the constraints of the optimization
problem (3). Below, we process our output results for the three
constraints of problem (3) and design the loss function to train
our neural network.

1) Lagrangian Duality: To handle the constraints, we
rewrite the original optimization problem (3) in terms of the
EGAT network parameters 6 after neural network param-
eterization. With the beamforming vectors and association
indicators now generated by the EGAT, the original formu-
lation becomes

K
max Z wy log (1 4 SINR,()) , (28a)

Z G

)log (1 + SINR () < C™>, Vb € B,

(28b)
IV (0)[|7 < P, Wb € B, (28¢)
Zpk(0) 6{0,1}, VbEB,kGK, (28d)

To deal with the fronthaul constraint (28b), we introduce
non-negative Lagrange multipliers g € Rf, and form the
partial Lagrangian as follows

K
L2(0,p) = Z wilog (14 SINR(0))
k=1
Z (Z xp(0) log (1 + SINR(0)) — C;)Ilax) .
b=1

(29)

The corresponding dual problem can be formulated as a
min-max optimization problem as follows

anuéméax Lo(0,p), (30a)
S.t. (28c), (284d). (30b)

Such a problem can be solved by alternately optimizing 6 and
p using primal-dual updates [39]. Following the analysis in
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[39], the primal—dual updates converge to a stationary point of
the Lagrangian, and the use of near-universal GNN parameter-
izations ensures a small duality gap, yielding solutions that are
close to the point satisfying the Karush-Kuhn-Tucker (KKT)
conditions.

Note that the dual problem also needs to include the
constraints (28c) and (28d). However, we can enforce these
two constraints by choosing proper output functions in neural
networks (e.g., sigmoid, softmax, and ReLU functions) or
using proper processing (e.g., normalization operations, which
we will discuss later). This eliminates the need to introduce
additional dual parameters for the dual problem.

2) Association Matrix Design: One key challenge for the
design of algorithms for the association matrix in (30) is
how to manage the binary decision variables x;. Neural
networks are not able to directly enforce binary constraints
for the variables. To overcome this issue, we adopt a policy
gradient-based approach [39] to indirectly generate binary
outputs. Specifically, for each AP-UE pair (b, k), the network
outputs a value 7, € (0, 1) according to (27) representing the
probability that AP b serves UE k. These values are produced
by applying a sigmoid activation function to the network
output and collectively form an association probability matrix
II = {7 }veB,kek- Each binary decision xy, is then sampled
from a Bernoulli distribution, i.e., zp; ~ Bernoulli(myy).

Let X denote the sampled binary association matrix. The
joint probability of obtaining X under the association proba-
bility matrix II is given by

Trog) ) 31)

B K
P(X|II) :HH wok

To evaluate the quality of each sampled matrix X, we
define a reward function Q(X) that reflects the performance
of the association scheme. We adopt the partial Lagrangian
(29) as the reward, ensuring that both data rate and fronthaul
feasibility are jointly considered. The reward function is given
by

K
QX) = lz wglog (1 + SINRy,)

k=1

B K
= (Z i log (1 4+ SINRy) — c;}mﬂ .

b=1 k=1
(32)

Based on each sampled association matrix X ~ II, we
evaluate both the dual objective (29) and the policy gradient
term using the REINFORCE principle. Specifically, the policy
gradient term is given by the product Q(X) log P(X|II), serv-
ing as an unbiased estimator of the gradient of the expected
reward. These two terms are combined to construct the loss
function. To handle the stochastic nature of sampling, the final
loss is computed by averaging the contributions from multiple
independently sampled association matrices, i.e.,

Loss(c,p) =

—E[£2 (0, 1) + Q(X)log P(X|IT))].  (33)
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Algorithm 2 EGAT With Primal-Dual Training

1: Initialization: Initialize EGAT parameters 0", 0", dual
variables g > 0, learning rate and training dataset with
Ny, samples. Set iteration index ¢ = 0.

2: repeat

3: Sett=t+1;

4: Perform forward pass of EGAT network to obtain
beamforming matrix V and association probabilities IT;

5: Sample binary association matrix X according to IT;
Calculate loss function using (33);

7: Update primal and dual variables as follows:

Update 8, via (38);
Update 0? via (34);
pg = [ng — (327, wowlog (1 + SINRy) —Cpa) o
Ybe BB
8: until maximum number of iteration is reached
9: Output: Optimized parameters 8,0, and dual vari-
ables p.

Accordingly, the parameters 8™ of the EGAT that outputs
the association probability matrix II are updated using the
policy gradient method as follows

0111 = 0. + 1k [Q(X)Ven log P(X[TT))],  (34)
where 1y denotes the learning rate.

3) Beamforming Design: Following the conversion of the
postprocessing layer in (27), we splice the obtained real and
imaginary parts of beamforming vectors and restore them to
complex numbers as follows

__ «,Re - Im

Vok = Vi + ) V- (35

Then, we multiply the association matrix with the beamform-

ing matrix. This step aims to remove the irrelevant elements

in the beamforming matrix. It also serves as a prerequisite for

power normalization in the subsequent steps. The formula for
this step is

Vot — ka.%‘bk,Vb S B, kelk. (36)

Afterwards, we perform power normalization on the beam-
forming vector to meet the power constraint as follows

v
V, = —2— /PP Vb e B.
Volr

The beamforming matrix V is generated by the EGAT
network with parameters 6. Since elements of V are
continuous-valued outputs, 0V are optimized via standard
gradient descent on the overall loss function as follows

(37

0Y =6 | +nvVevLoss(0, p), (38)
where 7y denotes the learning rate.

To conclude, we summarize the learning-based EGAT
approach with primal-dual training in Algorithm 2.
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TABLE I
SIMULATION PARAMETERS
Symbols  Physical Meaning Values
M The number of BS antennas 2
K The number of UEs 4
B The number of the APs 8
Wi The weight for UEs data rate 1
pprax Max transmit power of AP b 30 dBm
fi UE noise power -85 dBm
BW Bandwidth 10MHz

V. PERFORMANCE EVALUATION

In this section, we present numerical results to demonstrate
the effectiveness of the proposed approaches for cell-free
communication systems. We compare the overall performance
of the proposed algorithms with state-of-the-art model-based
and learning-based algorithms. We also conduct detailed tests
on various performance indicators for the proposed methods,
including generalization performance with respect to the num-
ber of APs and UEs, and performance under different fronthaul
capacity constraints.

A. Simulation Settings

Our simulation parameters are summarized in Table I. The
network structure and channel models are adopted from [7].
We consider a downlink wireless network in a 500m x 500m
area, where the APs and UEs are uniformly distributed. The
wrap-around technique is employed to eliminate boundary
effects. The AP antenna height is 15 m; the user antenna
height is 1.65 m; and the carrier frequency is set as 1.9 GHz.
The channel between AP b and user k is expressed as hy, =
/Pok8bk, Where gy, denotes Rayleigh small-scale fading
effects. The large-scale fading coefficient pyr, = PLbk-l()UShlivbk
integrates path loss P Ly and log-normal shadowing. The path
loss PLy; follows the COST231-Hata model with the three-
slope distance correction. The standard deviation of shadow
fading is oy, = 8 dB. The shadowing correlation of zp
is modeled by an exponential decay function with 0.5 km
correlation distance, applied separately across APs and users.

For the proposed EGAT structure, all the MLPs in (19),
(22) and (26) are implemented by 3 linear layers, followed by
a ReLU activation function and a batch normalization layer.
In the training process, the number of epochs is set to 300.
Each epoch consists of 100 mini-batches of training samples
with a batch size of 256. For each training sample, the APs’
and UEs’ locations, and the channel coefficients are randomly
generated. A learning rate = 103 is adopted to update the
trainable parameters of neural networks using the Adam solver
in an unsupervised manner. After training, we test the average
performance of 200 samples. For comparison, the following
schemes are considered:

e AO-SCA Scheme: Our proposed model-based approach in
Section III.

o EGAT Scheme: Our proposed learning-based approach in
Section IV.
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Fig. 4. Convergence behavior of the proposed algorithms.

o ENGNN Scheme [33]: ENGNN employs an edge-update
mechanism to handle both node and edge variables
without attention. Fronthaul constraints and AP-UE asso-
ciations are addressed using the method in Section IV-D.

o BGNN Scheme [32]: BGNN interprets the cell-free sys-
tem as a weighted bipartite graph where APs and UEs
form disjoint vertex sets connected via edges weighted
by channel coefficients. It employs a distinct message-
passing and update mechanism.

e DNN Scheme [40]: A fully-connected dense neural net-
work (DNN) model directly learns the mapping from
channel coefficients to the beamforming vectors and
AP-UE association matrices, which does not utilize the
topology of the network.

o Full Connection Approach Using Zero-Forcing (FC-ZF)
Scheme: Each UE is served by all APs, with beamforming
vectors computed via the ZF algorithm [15].

e Partial Connection Using Weighted Minimum Mean-
Square Error (PC-WMMSE) Scheme: All UEs are initially
connected to all APs. Beamforming vectors are computed
via WMMSE. AP fronthaul loads are checked iteratively,
disconnecting the UE with the weakest channel from the
overloaded AP until all fronthaul constraints are satisfied.

To ensure a fair comparison under stringent fronthaul con-

straints, we employ a heuristic scaling approach to ensure the
fronthaul constraints are satisfied by the learning-based algo-
rithms,i.e., EGAT, ENGNN, BGNN, and DNN. This approach
iteratively scales down the beamforming gain of the weakest
UE associated with each overloaded AP until all fronthaul
constraints are met. We verified that this adjustment has
negligible impact on the final performance of our methods,
where the average reduction in the weighted sum rate remains
below 3%.

B. Convergence Behavior

Fig. 4 demonstrates the convergence performance of the
proposed AO-SCA and EGAT algorithms. Fig. 4a illustrates
the convergence behavior of the AO-SCA algorithm under
different fronthaul capacity constraints C"™?*. The weighted
sum rate increases monotonically and converges within 8§—10
iterations, with larger C"™2* leading to higher final perfor-
mance. This confirms the effectiveness of the alternating
optimization with SCA.

Training Epoches

(b) Average sum rate of EGAT

150 200 250 300 o 50 100 150 200 250 300
Training Epoches

(c) Training loss of EGAT

The training dynamics of EGAT, shown in Figs. 4b- 4c, are
more complex. Fig. 4b shows that the average weighted sum
rate initially reaches a high value and then gradually decreases
as the Lagrangian multipliers enforce the fronthaul constraints
to be satisfied. It eventually stabilizes after 250 epochs. Fig. 4c
presents the training loss, which exhibits a step-like pattern due
to learning rate adjustments and the evolution of Lagrangian
multipliers. Similar to Fig. 4b, the training loss stabilizes after
250 epochs, demonstrating the effectiveness of the primal-dual
training framework of EGAT.

C. Model Effectiveness

Fig. 5a and Fig. 5b show the empirical cumulative distribu-
tion function (CDF) of weighted sum rates for all algorithms
under different number of APs. The proposed EGAT algo-
rithm consistently outperforms all baselines. Its advantage
over ENGNN is attributed to the attention-based aggregation
mechanism, which effectively captures the latent interference
patterns. Although BGNN adopts a graph-structured design,
its limited edge-feature updating capability leads to inferior
performance compared with both EGAT and ENGNN, with
the performance gap increasing evidently as the number of
APs increases. The DNN baseline performs the worst among
the learning-based algorithms because it fails to exploit the
underlying graph topology. Beyond the learning-based algo-
rithms, EGAT also surpasses the model-based AO-SCA, as
its policy-gradient association module yields higher-quality
solutions and mitigates premature convergence. Compared to
AO-SCA and EGAT, PC-WMMSE performs worse due to its
inferior UE association design. FC-ZF performs the worst due
to its sensitivity to noise and reliance on power scaling.

D. Performance Under Fronthaul Constraints

Fig. 6 presents the performance comparison of all the
algorithms under varying fronthaul capacity constraints. As
observed from the figure, the proposed EGAT algorithm out-
performs the other algorithms across all fronthaul capacity
constraints. ENGNN and AO-SCA achieve similar weighted
sum rates in our simulation settings. DNN exhibits the poor-
est performance across all capacity settings, which can be
attributed to its failure to exploit the topological information
of wireless networks.
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Fig. 5. The empirical CDF of sum rate of all schemes.
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Fig. 6. Comparative analysis of algorithm performance under different

fronthaul capacities.

TABLE 11

FEASIBILITY PROBABILITY UNDER DIFFERENT FRONTHAUL CAPACITIES
(W/0 HEURISTIC SCALING TO ENSURE FRONTHAUL FEASIBILITY)

Cap- | 49 50 60 70 80 90
Alg. (Mbits/s) (Mbits/s| (Mbits/s| (Mbits/s] (Mbits/s] (Mbits/s
EGAT 0912 | 0946 | 0949 | 0965 | 0983 | 0.991

ENGNN 0901 | 0928 | 0945 | 0981 | 0990 | 0.992

BGNN 0.876 | 0.892 | 0908 | 0.947 | 0966 | 0.967

Table II summarizes the feasibility performance of all
GNN-based schemes under different fronthaul capacity con-
straints without the heuristic scaling approach in Section V-A.
Although primal-dual training cannot guarantee the fron-
thaul constraints to be strictly satisfied by the learning-based
approaches, we still observe high feasibility probabilities espe-
cially for EGAT and ENGNN, which are both above 90%
under all capacity limits. The feasibility of EGAT is higher at
low to medium fronthaul capacity limits, while ENGNN has
higher feasibility at high capacity limits.

E. Generalization Performance Comparison

Neural networks are trained under fixed AP and UE configu-
rations. However, practical deployments often involve different
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Fig. 7. Comparative analysis of generalization performance for different
number of APs.

network sizes, making generalization ability a key metric for
learning-based approaches. Models with stronger generaliza-
tion ability ensure better adaptability in real scenarios. Here
we train our model using a base scenario with 4 UEs and
8 APs and verify the network’s generalization performance
across different numbers of UEs and APs.

Fig. 7 presents the generalization performance of the eval-
uvated schemes under varying numbers of APs. The results
indicate that the EGAT model consistently achieves the best
overall performance across the considered settings. Although
its advantage over AO-SCA narrows as the test network
diverges from the training configuration, EGAT remains
the most robust among learning-based approaches. ENGNN
exhibits limited scalability, with modest rate improvement as
AP count increases and noticeable degradation under config-
uration shifts. Although BGNN has the lowest average sum
rate in the 8-AP scenario, it surpasses ENGNN when the AP
number increases to 10.

Table III provides the feasibility probability of each scheme
under varying AP numbers without the heuristic scaling
approach in Section V-A. It can be observed that EGAT
maintains the highest feasibility probability consistently for
all the considered number of APs.
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TABLE III

FEASIBILITY PROBABILITY WITH DIFFERENT NUMBER OF APS (W/0
HEURISTIC SCALING TO ENSURE FRONTHAUL FEASIBILITY)

AP
Alg. 7 8 9 10
EGAT 0.946 0.949 0.952 0.942
ENGNN 0.944 0.945 0.943 0.942
BGNN 0.917 0.908 0.931 0.927
140
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Fig. 8. Comparative analysis of generalization performance for the number
of UEs.

TABLE IV

FEASIBILITY PROBABILITY WITH DIFFERENT NUMBER OF UES (W/0O
HEURISTIC SCALING TO ENSURE FRONTHAUL FEASIBILITY)

UE

4 5 6 7
Alg.
EGAT 0.949 0.959 0.958 0.967
ENGNN 0.945 0.962 0.967 0.974
BGNN 0.908 0.943 0.948 0.946

Fig. 8 shows the generalization performance of all schemes
with respect to the number of UEs. Consistent with Fig. 7,
EGAT achieves the highest average rate, which shows it can
effectively handle the increased interference and resource com-
petition. In contrast, ENGNN experiences severe performance
degradation when the number of UEs increase to 7.

Table IV provides the feasibility probability for different
number of UEs without the heuristic scaling approach in
Section V-A. While ENGNN’s feasibility probability exceeds
that of EGAT when the number of UEs increases, this is
achieved at the cost of sacrificing average sum rate perfor-
mance. All the considered GNN-based learning approaches
achieve high feasibility probability, which are all above 90%.

Fig. 9 shows the average number of serving APs per UE
under different UE densities. The proposed EGAT yields the
most stable and well-structured association pattern, maintain-
ing approximately two serving APs per UE. As the number
of UEs increases, its number of connected APs gradually
decreases. This phenomenon is due to the fronthaul capacity
limit. The average APs connected per UE for AO-SCA is
similar to that of EGAT, while it attains a lower average
sum-rate than EGAT. Such behavior shows that EGAT is able
to infer near-optimal AP-UE associations under varying user
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Fig. 10. The average inference time required for different schemes.

densities. ENGNN tends to over-allocate APs compared to
EGAT without increasing the average sum-rate. Moreover,
BGNN fails to allocate enough APs to UEs, resulting in less
than one serving AP per UE on average and thus leaves many
UEs being unable to be served. PC-WMMSE and FC-ZF
result in the densest connections due to the lack of effective
association strategies.

F. Complexity Comparisons

The computational complexity of EGAT primarily arises
from the update layers. In the forward pass, updating node
features requires aggregating information from neighbors, giv-
ing a cost of O(BK). The edge-feature updates are more
expensive because each edge (b, k) aggregates information
from the other (K — 1) edges incident to the same AP and the
other (B — 1) edges incident to the same UE, so the per-edge
cost is O(B + K). Since there are BK edges in total, the
overall complexity of the edge updates is O(BK(B + K)).
Consequently, with L update layers, the total cost of the EGAT
is O(LBK (B + K)), where the feature dimensions and the
number of attention heads are treated as constants.

Fig. 10 compares the inference time of different schemes
as the number of UEs varies. The experiments are performed
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TABLE V
REQUIRED FLOPS FOR ENGNN AND EGAT

Alg. ENGNN EGAT

B=4 2.5%10% 2.7x10%

K=3 B =28 4.6x10° 5.1x10°
B =10 5.7x10° 6.4%10°

B=4 45x%108 5.0x10°

K=6 B =38 8.5x10° 9.7x10°
B =10 L.Ix107 1.2x107

on an Intel Core i5-10210U CPU with 16 GB of memory.
Training the EGAT for 300 epochs on a dataset of 25,600
samples requires approximately 10-12 hours. This training
cost is incurred only offline and does not impact the latency
of online inference. The inference of GNN-based algorithms
runs significantly faster than iterative PC-WMMSE and AO-
SCA, with AO-SCA exhibiting the longest runtime due to its
reliance on convex optimization solvers. In contrast, GNNs
maintain stable and efficient inference, highlighting their prac-
tical deployment advantage.

A comparison of the required floating-point operations
(FLOPs) between EGAT and ENGNN is presented in Table V.
EGAT requires more FLOPs due to its attention mechanism,
which dynamically computes coefficients for neighboring
nodes using additional matrix multiplications, nonlinear acti-
vations, and normalization. As shown in Fig. 10, EGAT’s
inference time is roughly 1.5 times that of ENGNN, which is
caused by frequent access to node features and re-computation
of attention weights in each forward pass. In contrast, ENGNN
uses simpler linear message passing with fixed weights, which
reduces computational and memory overhead. Despite this
overhead, EGAT’s absolute inference time remains low, and its
performance gain in weighted sum rate justifies this additional
cost.

VI. CONCLUSION

In this paper, we investigate the joint optimization of AP-UE
association strategies and downlink beamforming design in a
cell-free network, subject to constraints on limited fronthaul
capacity and transmit power. We first propose a model-
based optimization algorithm named AO-SCA. To improve
algorithm performance in practical deployment, we propose
a learning-based algorithm named EGAT, which solves the
considered problem more efficiently. We employ a primal-
dual learning framework to tackle the complicated fronthaul
constraints in neural network, and use a policy gradient
scheme to solve the binary constraints for AP-UE associa-
tion. Our simulation results show that the proposed EGAT
algorithm achieves superior performance and inference speed
balance than state-of-the-art benchmark algorithms. Moreover,
the proposed EGAT algorithm shows stronger generalization
capability across network sizes than conventional GNN-based
algorithms.
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