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Abstract—Cell-free massive MIMO (CFmMIMO) is a promis-
ing paradigm to provide uniform coverage in future wireless
networks. However, a fully connected CFmMIMO system where
all the access points (APs) serve every user equipment (UE)
makes it challenging to deploy and scale in real-time due to high
computational complexity and increased signaling overhead. In
this work, we study the problem of downlink power allocation in
partially connected CFmMIMO (p-CFmMIMO) systems using
maximal ratio transmission (MRT). We utilize the underlying
geometry of the problem to propose a graph representation of
the CFmMIMO system and develop a graph neural network
(GNN) based power allocation strategy to maximize the minimum
SINR in the system. We demonstrate that the proposed GNN
model has excellent generalizability to deployment size, radio
propagation morphologies, and per-AP serving density'. Our
GNN can address the power allocation problem in the fully
connected case, the partially connected case, and even the cellular
case with magnitudes lower computational complexity compared
to the conventional numerical solvers. Notably, we show that over
a wide range of service scenarios, the model achieves a median
spectral efficiency that is within 10% of the optimal second-
order cone programming (SOCP) solution while requiring 100
times fewer FLOPS.

Index Terms—Cell-Free Massive MIMO, graph neural net-
work, power control, access point association, max-min SINR,
MRT, conjugate beamforming.

I. INTRODUCTION

The increase in user density and the underlying network
infrastructure is one of the instrumental factors driving the
development of wireless communications. Notably, in the up-
coming sixth-generation (6G) communications, an enormous
number of wireless devices are envisioned to collaborate
across different deployment scenarios and enabling technolo-
gies with the goal of near-ubiquitous, high throughput and
high-reliability communication [2]. However, this new land-
scape presents unique challenges of interference management,
deployment scalability and low-latency signal processing,
which are critically relevant for dense network scenarios. Cell-
free massive multiple-input multiple-output (CFmMIMO) is a
promising technology that has attracted significant attention
in the wireless communication industry. In traditional massive
MIMO systems, a single base station with multiple antennas
serves a specific geographic area or cell. In contrast, cell-free
massive MIMO uses a large number of distributed antennas

I'This work is an extension of our conference paper [1].

that are not confined to a specific cell. The distributed an-
tennas are typically small and low-cost, making it possible
to deploy a large number of antennas across a wide area.
This allows for better coverage, improved signal quality, and
increased capacity. The study in [3] highlights the importance
of distributed antennas to reap the full benefits of massive
MIMO. Unlike traditional MIMO systems, CFmMIMO has
no fixed cell size. Instead, the system can be easily scaled
up or down depending on the needs of the network [4].
Cellular massive MIMO leverages channel hardening and
spatial interference suppression [5], but the cell-edge UEs can
have bad channel conditions hence a uniform level of service
cannot be guaranteed. In contrast, CFmMIMO greatly benefits
from strong macro diversity but its interference suppression
capability critically depends on the deployment design and the
division of operations at local processing at the access points
(APs) and the global processing at the central processing unit
(CPU). A typical CFmMIMO deployment consists of multiple
APs distributed across a wide geographical service area. The
work in [6] shows that a higher AP density leads to better
coverage. The APs are connected to a CPU via fronthual links
allowing centralized processing of the signals to and from the
user equipment (UE). This architecture ensures that all the
UEs get uniform coverage as there are no cell boundaries [7].
Additionally, all UEs can ideally be served simultaneously by a
all the APs to ensure diversity in the signal strength. The work
in [8] analyses different possible methods of distributing the
signal processing load, such as symbol decoding and channel
estimation, among the APs and the CPU. The key finding
of the study was that cell-free systems outperform small-
cell systems, achieving up to three times higher 90% likely
spectral efficiency for users when utilizing fully centralized
processing, while incurring a small fronthaul overhead. Several
challenges related to the practical deployment of CFmMIMO
have been progressively addressed in recent years. There are
two critical components concerning user access in CFmMIMO
systems, namely pilot assignment and AP-UE association. An
effective pilot assignment is crucial for UEs to obtain channel
state information (CSI) since it is often not possible to assign
orthogonal pilots to all UEs in the system due to the scarcity
spectrum. There has been significant progress in the design
of pilot allocation schemes [9] which significantly outperform
simple greedy heuristics and are not considered in the scope
this work.



Recent work from [10] makes a strong case for the use
of GNNs in solving wireless problems since they can effec-
tively exploit the graph topology. Furthermore, GNN based
solution of optimization problems on an n-node graph, where
the nodes may represent UEs, APs, or antennas, have a
generalization error and required number of training samples
O(n) and O(n?) times lower than the unstructured multi-layer
perceptrons respectively. The authors in [11] highlight that
the power allocation policy in multi-cell-multi-user systems
exhibits an inherent combination of permutation equivariance
properties [12] that can be leveraged using GNNs. The authors
utilize a heterogeneous GNN structure for learning the policy
and demonstrate that the sample and computational complex-
ities for training the GNN are lower than existing deep neural
network designs by an order of magnitude.

Our work in [13] proposed a convolutional neural network
(CNN)-based solution for the power allocation problem in
CFmMIMO systems. We further introduced a GNN-based
solution in [1] for fast power control for MRT in CFmMIMO
systems that generalizes well to many different deployment
morphologies. The proposed solution utilized a GNN to har-
ness the permutational equivariance property naturally inherent
in the case of CFmMIMO, hence outperforming the CNN-
based solution in [13]. The comparison between the CNN
and the GNN-based approaches is shown in [1].The solution
in [1]achieves near-optimal performance assuming that all UEs
are connected to all APs. However, such an assumption is
not suitable for large systems, since it can cause significant
delays and signaling overhead [14]. Practical user access must
maintain the signal processing requirements at each AP under
limited complexity and resource requirements to make the
system scalable [4]. As the number of APs and UEs increases,
the communications and control signaling between APs and
the CPU in the fronthaul also increases regardless of the level
of cooperation between the CPU and the APs. The work in [4]
states that a scalable CFmMIMO system must fulfill four
conditions related to channel estimation, data transmission,
fronthaul signaling, and power control. Since the scope of our
current work is power control, we consider the paradigm of
allocating only a subset of APs to serve each UE, which we
refer to as a p-CFmMIMO.

The authors in [15] have considered the uplink of a scalable
CFmMIMO system where the UEs are served only by a subset
of APs in the network. The proposed solution utilizes the
Hungarian Algorithm for UE-AP association based on the
knowledge of the position of the APs in the network, which
offers a considerably lower backhaul load with a negligi-
ble performance loss compared to fully connected cell-free
approaches. However, the optimization of the power control
policy is not considered.

In this paper, we address the above issues with the following
contributions:

1) We generalize our work in [1] by enabling a framework
for power allocation in the p-CFmMIMO systems as
well as cellular massive MIMO systems. We formulate
a new downlink max-min SINR optimization problem
with the additional constraint corresponding to the UE-
AP association that is supplied by the system designer

as an input and develop a GNN to solve it. The GNN
accepts any input size, i.e., any number of APs and UEs,
and works for any UE-AP association strategy chosen for
the deployment. It is highly scalable with the complexity
increasing linearly with the graph’s number of edges. We
show that our model finds near-optimal solutions with
practical run times. The GNN runs up to two orders
of magnitudes faster than the conventional SOCP solver
while achieving similar max-min SINR performance.

2) Our graph neural network design utilizes edge attributes
to encode the information about whether a UE is con-
nected to an AP or not, which is provided as input by
the system designer. The UE-AP association may be cho-
sen based on implementational complexity, deployment
specifications or to meet certain quality-of-service (QoS)
requirements. Results show the suitability of our proposed
GNN design for power allocation strategy under various
UE-AP association schemes, such as many-to-many sta-
ble matching and greedy association for CFmMIMO, and
a distance-based rule for cellular networks.

3) Additionally, we show that the proposed GNN-based
solution has an excellent generalization to different graph
sizes, corresponding to different numbers of UEs and
APs, as well as a wide range of cell-free and cellular
radio propagation morphologies and UE-AP association
strategies despite being trained on a limited dataset of
cell-free scenarios. The performance evaluation reveals
that our proposed model has spectral efficiency close
to the optimal while executing significantly faster on a
variety of morphologies and network sizes.

We re-iterate that the GNN structure in [1] cannot adapt
to partially connected cell-free and cellular scenarios, which
are of immense importance for practical deployment. In our
current work, this generalization is achieved using the novel
graph structure that utilizes edge attributes for encoding the
UE-AP association that is not present in any existing work so
far to the best of our knowledge.

II. SYSTEM MODEL
A. Cell-Free Massive MIMO

We consider the downlink of a CFmMIMO system with
M APs deployed throughout the coverage area. All APs are
connected to a CPU for precoding and decoding processing,
and for power control coordination. Without loss of generality
we assume that each AP has one service antenna, and the
system is to serve K single-antenna UEs, where M is much
larger than K. Each UE can be served by multiple distributed
APs simultaneously. We assume that each AP serves no
more than K’ < K UEs and each UE is allocated to at
most M’ < M APs. In practice, K’ and M’ are chosen
to meet constraints on the system’s precoding and decoding
capabilities, the signaling overhead, and delays requirements.

We denote the channel matrix between the A/ AP antennas
and the K user antennas as:
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where g, € CM is the channel vector between the k-th user
and the M AP antennas, and g,,, € CK is the channel vector
between the m-th AP antenna and the K users, where the
superscript T denotes the transpose. The downlink data channel
is modeled as :

x = G"(/pas) +w (1)

where x € CK is the received signal vector at the K user
terminals, pq is the downlink signal to noise ratio (SNR) for
each AP, s € CM is M precoded inputs to the M antenna ports
at the M APs, and w € C¥ is a circularly-symmetric Gaussian
noise vector. Each AP has a downlink power constraint, which
can be specified as:

IE(s™ @ 8)lo < 1. )

Here, E(-) is the expectation, the superscript * denotes the
complex conjugate transpose and © denotes the element-wise
multiplication.

B. Downlink Max-Min SINR with MRT

The channel between the m-th service antenna and the k-th
user is denoted by:

Imk = \/ BmkPm ks 3)

where (3, models the large-scale fading that accounts for
geometric attenuation and shadow fading, and h,, ; models
the small-scale fading that accounts for random scattering. In
a rich scattering propagation environment, the magnitude of
the signal typically varies randomly according to the Rayleigh
distribution, thus the small-scaling fading h,, , are modeled
as circularly symmetric complex Gaussian, independent and
identically distributed random variables.

Under these assumptions, and with MMSE (minimum mean
square error) channel estimation based on orthogonal uplink
pilot sequence, the ergodic downlink effective SINR for the
CFmMIMO system with MRT precoding is given by [16]:

2
Pd (Z%:] \ am,kn’rn,k)

SINR(]:Cell-free _ (4)
M K ’
L+ pa 3 et Bk Dok —1 T,k
where
,0117'531 k
Qg = T—————. (5)
" 1+ puTﬂm,k

O, i 1 the mean-square of the channel estimate, and pgq and
pu are the normalized downlink and uplink SNR respectively.
7 is the length of the uplink pilot sequence that is used for
channel estimation. 17 = {7, 1 } is the downlink power control
which is subject to per-AP power constraint:

K
> N <1, Ym. (6)
k'=1

III. PROBLEM FORMULATION

The partially connected power control optimization problem
can be formulated as:
max  min SINR(e!Hfree,
n

K/
subject to  C'1: an,k <1, Vm,
k=1

C2: Ny >0, Vm,k,
C3:Nmi =0, V(mk)eQ.

The above problem P is a generalization of the max-min
problem formulated in [13] with the addition of constraint C'3
which account for the partial connectivity between the APs and
the UEs. In C3, ) is the set of inactive channels between all
UE-AP pairings. An inactive channel implies that AP m does
not serve UE k and consequently, the power allocation coeffi-
cient between them is set to zero. The set ( is an input to the
problem which is specified by the system designer using the
UE-AP association strategy. Furthermore, the set of all active
channels between APs and UEs is represented as {2 whereas
Q is its complement, i.e., Q@ = {1,--- , M} x {1,--- , K}\ Q.

An optimal solution to problem P can be obtained with
SOCP feasibility bisection search [16]-[18]. However, SOCP’s
computational complexity becomes impractical as M and
K increase, which would pose a serious challenge for the
deployment of real-time future networks.

Our goal is to train a GNN to find a sub-optimal power
control that will deliver similar performance as SOCP in terms
of spectral efficiency but have a substantially lower runtime,
although the power control solutions may be different. This
work considers downlink power control under moderate mobil-
ity. We assume that the large-scale fading remains substantially
the same for the duration of power allocation cycles [8], [19].
Only the large-scale fading coefficients 3, between each
pair of AP-UE [20] are used for the design of power control
which implies that the fronthaul requirement for the SOCP
solution and our proposed GNN solution is the same.

The subject of fronthaul signalling and synchronization
for CFmMIMO systems is addressed in detail in section
3.2 of [21]. In our model, the impairments arising due to
synchronization errors and limitations of fronthaul signalling
affect both the GNN and SOCP solutions in the same manner
since we solve the same optimization, and the input (the large
scale fading coefficients) is obtained in the same way. The
fronthaul signalling makes an effect only on the exchange of
power coefficients and the channel gain, not the power control
optimization itself.

IV. UE-AP ASSOCIATION

The canonical CFmMIMO framework [16], [17] assumes
that all APs in the system serve each UE. However, such a
framework is not scalable as the system expands and more
APs are added to cover a greater service area. Note that UE-
AP association is not the focus of this work and we assume
that the system designer provides the association {2 which is
most suitable to specific deployment constraint or mobility
management requirement. Interested readers may refer to [9],
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Fig. 1. An overview of the system model and its graphical representation,
the edge attribute information is suppressed for the sake of brevity.

[15], [22] for a more rigorous treatment of this aspect. Yet we
highlight two simple strategies to demonstrate the effectiveness
of the GNN in different deployment scenarios.

e Greedy matchingis a simple heuristic for UE-AP as-
sociation based on the channel gain strength between the
APs and the UEs. Since the large-scale fading coefficients
for all UE-AP pairs, 3 = {3, }. are available before the
beginning of power allocation, we use this information to
sort the APs in the decreasing order of large-scale fading
coefficients to each UE and subsequently match the M’
best APs to each UE. This strategy is better than distance-
based matching since it inherently takes into account
shadow fading and path loss. Additionally, it is feasible
even for large systems with a complexity of O(M log M).

e Stable matching is a generalization of the one-to-
one matching where UEs and APs are associated con-
sidering their large-scale fading coefficients as their pref-
erences. The details of this UE-AP association scheme
can be found in [22]. Stable matching is Pareto
optimal in channel gain, independent of the power control
scheme, and completely deterministic with a practical
computational complexity of O(M?).

V. GRAPH NEURAL NETWORK-BASED POWER CONTROL
A. Heterogeneous Graph Representation

We generate datasets composed of optimal (B, ) pairs,
which are used to train and evaluate the neural network.
Each dataset corresponds to a different simulation scenario
characterized by a triplet (M, K, mor), where mor €
{urban, suburban, rural} denotes the deployment and radio
propagation morphology. For each example of the dataset, we
generate B with M x K coefficients, as described in [18] and
following the ITU-R specifications [23]. The corresponding
optimal power control 7 is obtained by SOCP.

We note that, if the AP indices {1,..., M} are permuted
and/or the UE indices {1, ..., K} are permuted at the input B,
then the optimal output would be 7 permuted in the same or-
der. In other words, problem PP does not depend on the choice
of indices for the UEs and APs. Note that it is important that an
optimal solution to problem 7 must satisfy this requirement.
This property is called permutation equivariance, and GNNs
are known to inherently satisfy permutation invariance and
equivariance [12] which enables a highly expressive graph
representation for our problem.

Our proposed solution is centralized since this GNN is
constructed at a central controller, such as a CPU, and the
power allocation coefficients are calculated at the central
controller before being transmitted to each of the APs. We
represent our data as graphs to apply the GNN based solution,
as shown in Fig. 1. Instead of directly operating on the links
between the APs and the UEs, we first obtain a line graph
where the channel between each AP and UE is represented as
a node. This representation is more expressive of the power
allocation problem and faithfully captures the channel activity
between related UEs and APs. We convert each data sample to
a directed graph G = (V, E), where V is the set of nodes and
FE is the set of directed edges. We create one node for each pair
(m,k) e {1,...,M}x{1,..., K}, for a total of M K nodes.
The one-to-one mapping between the (m, k) pair and the node
index i € V = {1,--- ,MK} is denoted by 7(m,k) = i.
Conversely, we have 7=1(i) = (m, k). Each node i € V is
associated with a tensor h; called node feature. The initial
node features are the input B of the problem: for all ¢ € V,
hi(0) = Bk, where m(m,k) = i. Essentially, each node
represents the channel between the AP and the UE. The GNN
successively updates the node features through 7' iterations,
ie., h;i(t), for t = 1,...,T. The goal is to approximate the
optimal output of the problem 7 with the final features: for all
i €V, hi(T) = Nk, where m(m, k) = i. The intermediate
features, for t = 1,...,T — 1, are called hidden features or
hidden layers. We define h(t) as the tensor containing all the
node features h;(t),4 € V at iteration ¢.

Since the GNN performs local computations on each node
and their neighbors connected by an edge, we choose to create
one edge between two nodes if they share the same AP or the
same UE. There is no self-loop, i.e., Vi € V, (i,i) ¢ E. Let
e € E, we define type(e) € {AP,UE} to be the edge type.
Each edge is either of type AP if they share the same AP,
or of type UE if they share the same UE. Hence, the edge
construction is summarized by the following two statements,
forallm,m’ € {1,...,. M}, m #m/,and k, k' € {1,..., K},
k#K":

1) e = (w(m, k), m1(m,k")) € E and type(e) = AP,

2) e = (w(m, k), m1(m’', k)) € E and type(e) = UE.

We consider heterogeneous edge types so the GNN can
distinguish between these relationships and apply different
operations on each type of edge. Let ¢ € V, define its set
of neighbors as:

N@) ={jeV:(ij) € E}.
Similarly, we define the set of neighbors of type UE and type
AP as:

Nue(i) = {j € V: (i,j) € E and type(i, j) = UE},
Nar(i) = {j € V: (i,7) € E and type(i, j) = AP}.
Fig. 2 depicts the neighbors of a typical active node and its

associated neighbors and edge attributes.
For i € V, we have:
Nue(i) U Nap(i) = N (i),
NUE(Z) ONAp(i) = @
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Fig. 2. An active node w(m, k) =i € V where UE k is served by AP m. The two types of neighbors of this node and their corresponding edge attributes
are shown here. The nodes in gray with hatched fill represent an inactive node whereas the nodes with solid fill represent an active node.

Source node i | Destination node j | attr(t, 5)
Active Active 0001
Active Inactive 0010

Inactive Active 0100
Inactive Inactive 1000
TABLE I

ONE-HOT ENCODING FOR THE EDGE ATTRIBUTES.

Each Nyg(i) has M — 1 elements, each Nap(i) has K — 1
elements, and each N (i) has M + K — 2 elements.

This node-edge structure associates nodes with first-order
dependence as neighbors while segregating the nodes that
share UEs and nodes that share APs. However, to support
scalable operations, we must take into account that each AP
may serve only a subset of UEs at any given time. This
adds another dimension to the edges since now we have
several possibilities based on the edge type and whether the
channel represented by the edge (m, k) is active or inactive.
Additionally, we utilize the edge attributes of the GNN to
add this information to the graph through a one-hot encoding
corresponding to the channel activity. An active node w(m, k)
corresponds to UE k being served by AP m, whereas, in an
inactive node, the UE is not served by the AP in that node.

We define the function edge attribute as attr(e) to char-
acterize the edge encoding based on the channel activity of
the source nodes and destination nodes. Recall that the set of
active channels is given by the set 2. Thus, we incorporate the
channel activity information between UEs and APs, specified
as the UE-AP association input given by the designer, using
these edge attributes into the GNN. The function is elaborated
in Table L.

The combination of {edge type, edge attribute} completely
characterizes an edge. Using edge attributes provides more
versatility for learning compared to other solutions like scalar
edge weights. Additionally, we choose one-hot encoding over
the compressed 2-bit representation for edge attributes since
one-hot encoding provides each combination with its weight
leading to a more generalizable model. The edge attributes are
elaborated in Table I.

B. Data Preprocessing

The graph data preprocessing is done similarly to [13]. We
first apply a log, transformation to all the input and output
features. This way, the features are within the same order of
magnitude, and the GNN can extract useful information. As an
example, if /3, 5 takes values in [10’15, 10’5], then —50 <
log, B, < —16. Then, we normalize the resulting values so
that in the input features and output features, each has zero
mean and unit standard deviation over all examples of the
dataset.

C. The Structure of the Neural Network

A broad overview of our proposed network is shown in
Fig. 3 which we shall elaborate on in this sub-section. The
notation £ denotes the linear operation that takes the tensor
x of size n as input and outputs a tensor L(z) of size m
according to the following relation:

L(z) =Wz +Db,

where W € R™*™ and b € R™ are trainable parameters
referred to as weight and bias. The linear layers utilized in
(7) and (8) do not share any trainable parameter in general,
therefore we denote £ with different subscripts and super-
scripts to remove any ambiguity. The aggregation functions
aggr,, for ¢ € {AP, UE}, are based on the graph transformer
in [24, Section 3.1] and they act identically on both edge types.
With the above considerations, a single attention layer can be
characterized by the following operations:

aggr, (i) = LL1(h;) + Z MP,;,.
JEN(3)

(7

The message-passing function between the nodes is defined
as follows:

MP;; = aa(i,j) x (£3(hy) + L3 (atte(i, ))) ,



where o, (i, j) is the attention coefficient between source node
1 and destination node j, such that:

(La(hi), (L3(hy) + L3 (attr(i, j)))

) = S (B3, (£3(hy) + £ (atr(io 1))
(3

2T ) .
%), is the exponential scale dot-

where (z,y) = exp (
product [25] and d is the tensor size of each head. Furthermore,
attr(i, j) is the edge attribute for the edge between source node
1 and destination node j, defined as a one-hot encoded vector
as elaborated in Table I. The edge attribute represents the UE-
AP association, indicating the active nodes and which APs
serve each of the UEs.

We leverage the notion of multi-headed attention mecha-
nism such that each node can focus specifically on a subset
of its neighbors that are of interest rather than imparting
equal importance to all its neighbors. We implement each of
these functions with C' = 2 attention heads. We extend the
aggregation function defined in (7) to account for this multi-
headed attention mechanism. For an iteration ¢, the aggregation
function can now be characterized as aggr.,qt(i), for all nodes
1 € V. The two attention heads corresponding to ¢ = 1
and ¢ = 2 are processed separately following (7) and then
concatenated into a single tensor. This concatenation operation
is shown in Fig. 3 at the addition junction. The resultant
intermediate node tensor h}(t) is denoted as:

C
Z @ aggro,c,t(i)v

ec{AP,UE} c=1

i) =

where € denotes the concatenation operation. If the output
of each attention head is a tensor of size d, then hj(¢) is a
tensor of size 2d. The tensor containing all the intermediate
node tensors is denoted as h'(t).

The attention coefficient controls which feature h,;(t) will
contribute to h;(t + 1) through (7): the feature is discarded
if ae(?,7) =~ 0, and kept otherwise. The level of dependence
between two APs (or UEs) varies due to factors such as their
relative geographic location and channel conditions. We use
attention to efficiently learn the complex relationship between
nodes. Furthermore, with multiple heads, different attention
levels can be assigned to the various features of the same
neighbor. Here, we implement C' = 2 attention heads. A
further increase in the number of heads does not significantly
improve the performance of this problem. During our study,
we observe that the attention mechanism greatly improves
the GNN performance and generalizability to a large number
of APs and UEs. The stark impact of having an attention
mechanism as opposed to no attention is highlighted in the
results in Section VI in Table IV and Table V.

The node tensor for the next iteration is obtained after
applying ReLU activation followed by layer normalization as:

h(t + 1) = Norm(ReLU(h'(t))) . )

Edge features are added to the keys after linear transfor-
mation, that is, before computing the attention dot product.
They are also added to final values after the same linear
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Fig. 3. An overview of one iteration over the input tensor h(t). € and ¥
denote respectively the concatenation and summation operators.

transformation. The edge attributes encapsulate the activity
status of the nodes on either side of a type UE or type AP
edge. Additionally, edge attributes enable the trained model
to be versatile and more generalizable compared to other
methods such as masking since each combination of {edge
type, activity} has its weight that can be tuned for better
learning.

We can see that whenever the input is permuted, the 7
mapping is permuted, but the neighborhood of each m(m, k)
node remains the same. Furthermore, the operations defined
above do not depend on any ordering of the neighbors, since
the neighboring features h;(t), for j € N(i), are summed
in (7). As a consequence, the GNN guarantees that the output
is also permuted equivariantly. Thus, the GNN satisfies the
permutation equivariance property of our problem P.

Through experiments, we optimized the structure of the
GNN to achieve near-optimal performance with reasonable
complexity. In particular, we found the least number of hidden
layers ans the smallest size of each of the layers such that
the spectral efficiency performance is acceptable over a wide
range of scenarios while keeping the model parameters limited.
This is important for a practical deployment. Our GNN model
contains 11 hidden layers, i.e., " = 12, with the following
node feature tensor sizes:

Layer sizes: (in=l, 8, 10, 16, 24, 36, 64,
36,24, 16, 10, 8, out=1).

As expected, the input and output both have a single value per
node representing respectively the large-scale fading coeffi-
cient, and the power control coefficient for each channel. Each
hidden layer, for t = 1,...,12, is obtained from the previous
layer by applying the multi-head attention neural network
defined in (9). The final output tensor is obtained by applying
a simple linear activation of the form h;(T") = Low(hi(T—1)),
for all node ¢ € V. To guarantee that the power constraints
in P are satisfied, we apply the following two operations on
the output tensor: (i) If any power coefficient is negative, we
set it to zero. (ii) If the power budget constraint is violated
for an AP m, then we re-normalize its transmit powers.
That is, if Z§= Nm,k» > 1, then for all UE k, we assign
Nm,k < 77m,k/ Zk’:l Tl k' -

The choice of layer sizes and the number of attention heads
are subject to deployment-dependent hyperparameter tuning.
For instance, in our experiments we found that using fewer
attention heads result in worse generalization capabilities and



[ M | K [ M [ K ] Number of samples |
32 6 32 6 8000
32 9 32 9 8000
64 9 64 9 8000
64 18 64 18 8000
32 6 22 4 12000
32 9 11 3 12000
32 9 15 4 12000
32 9 25 7 12000
64 9 29 4 12000
64 9 36 5 12000
64 9 50 7 12000
64 18 15 4 12000
64 18 25 7 12000
64 18 40 11 12000
64 18 54 15 12000

TABLE II
THE TRAINING DATASET USED FOR TRAINING. ALL THE DATA
CORRESPONDS TO AN URBAN CELL-FREE DEPLOYMENT.

using too many attention heads may be computationally pro-
hibitive without appreciable generalization gains. In an actual
deployment, the system designer will have to make pragmatic
choices based on the available training data, the processing
capabilities of the APs and the desired quality of service [26].

D. Training and SINR Loss Function

The training dataset is composed of 15 scenarios as shown
in Table II, consisting of 164,000 training samples. The first 4
cases correspond to a fully connected cell-free network, while
the rest of the cases correspond to a p-CFmMIMO. During
our experiments, we found that training over only the fully
connected cell-free cases does not yield SINR performance
sufficiently close to the optimal SOCP solution, even if we
utilize the edge attributes to specify the active nodes. The
chosen set of partially connected cases allows the model to
learn the characteristics of the network over a wide range of
per-AP serving capacity without necessarily having to learn
each case. A high per-AP serving capacity signifies that almost
all UEs are being served by all APs and conversely a low per-
AP serving capacity implies each UE is served by a small
number of APs. These training datasets have been obtained
using Stable Matching for UE-AP association for the
partially connected cell-free cases.

In comparison, the training dataset in [1] uses 80,000 raw
data, considering only the four fully connected cases. The loss
function used for training is formulated as:

K K
% >~ (SINR, — SINR})® + % > - )’

k=1 k=1

where SINRj is the optimal SINR of user k£ obtained by
SOCP, and SINR}, is the SINR computed from the GNN
predicted power coefficients n’. Furthermore, 1, is the power
coefficients of user k obtained by SOCP, n) is the GNN
predicted power coefficients and c is a tunable parameter. The
first term in this expression is the SINR loss for user & in the
mean squared error (MSE) sense, while the second term is the
MSE signal loss for user k scaled by c. The proposed loss
function is differentiable and varies continuously with each
user’s SINR. We use the Adam optimizer [27] with a learning

rate of 7 x 10™% to train the GNN model. The batch size is
64, and the training is executed for 100 epochs.

VI. NUMERICAL RESULTS

In this section, we show the performance of our GNN in
terms of spectral efficiency, computational complexity, and
generalizability for different system sizes and deployment
morphologies. We compare it to the results obtained using
the optimal SOCP benchmark. To evaluate each algorithm’s
complexity, we count the number of floating point operations
(FLOPs) during execution. The total number of APs in our
simulations ranges from M = 24 to 128. In partially connected
scenarios, the number of APs serving simultaneously the same
UE goes from M’ = 11 to 72. Similarly, the total number of
UEs varies from K = 5 to 32, while the number of UEs
served by each AP in the partially connected case ranges
from K’ = 3 to 18. We consider that the APs and UEs are
deployed in a circular disk of a radius of 500 meters for the
urban scenario, 1 km for the suburban, and 4 km for the
rural following a uniform random distribution, respectively.
We utilize the "NLoS” propagation model from [23], and the
path loss parameters used are the same as in [13].

The workflow for obtaining the UE-AP association and
power allocation is summarized in Fig. 4. The inputs are the
large-scale fading coefficients 3 and the UE-AP association,
Q, encoding the per-AP serving capacity. Note that when we
consider a partially connected cell-free system, there is at
most M’ < M APs available for connection to any user, and
equivalently each AP serves at most K’ < K users, i.e.

M
S L) = M',

m/=1

K

Z L(mp) = K', ¥m,
k'=1

where 1(.) is the indicator function which takes a value of one
only if the input is strictly positive and it is zero otherwise.
We obtain the UE-AP association using Stable Matching
as described in Section IV, unless stated otherwise, and use
it as an edge attribute for our GNN model. This process is
computationally efficient and can be done on the fly before
the inference of power coefficients using the GNN.

The figures in this section show the spectral efficiency cu-
mulative distribution function (CDF) achieved by the different
algorithms for various simulation scenarios. We generate 1,000
large-scale fading realizations for each simulation scenario.
The performance loss at median refers to the relative differ-
ence in spectral efficiency between the GNN approach and the
optimal solution obtained by SOCP, calculated at the median
of the CDF. Furthermore, the 95%-likely performance refers to
the spectral efficiency at the bottom 5-th percentile, which can
be inferred as the coverage quality for 95% of the users. This
is a crucial metric for evaluating the CFmMIMO deployment
since we can provide more uniform coverage to all the users
within the area of deployment.

The simulations and algorithms presented in this work are
implemented in Python 3. The SOCP problem P is solved
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Fig. 4. Workflow for the proposed GNN enhanced power allocation in p-
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Fig. 5. Performance of the scalable GNN model for different radio propa-
§?Ei0n morphologies with the same UE density. Here, M = 32, K =9 and
using Mosek solver [28] combined with a bisection search. The
bisection search terminates when the termination threshold for
of € = 0.01 in the SINR is reached. The GNN is realized using
the PyTorch Geometric library [29]. We evaluate the inference
on an Intel Core i7 CPU with 16 GB of RAM running 64 bit
Windows 10. In the following sections, we demonstrate the
capability of our GNN to generalize, not only to changes in the
total number of APs and UEs but also in scenarios where the
per-AP serving capacity is different. Note that the performance
loss at median for all the cases in the training dataset shown
in Table II is less than 2.3%.

A. Performance on Cell-Free Scenarios

In this section, we showcase the generalizability of the
GNN on untrained cell-free scenarios, i.e., scenarios that have
not been used for training. Fig. 5 shows the performance
of the GNN on different radio propagation morphologies.
For this evaluation, we choose a partially connected cell-
free system with 32 APs and 9 UEs and K' = 4, ie,
each AP served at most 4 UEs and the association {2 is

obtained using Stable Matching. We observe that the
GNN adapts well to the varying morphology of deployment,
with less than 2% spectral efficiency loss at median over
the rural and suburban morphologies. Note that during its
training the GNN only utilized the urban morphology, yet
it can perform well on other morphologies. This is because
the underlying adjacency structure between the UEs and APs
remains the same upon a change in morphology and therefore
the permutation equivariance property, as highlighted earlier,
still holds. The only change is in the scale of the SINR due
to the difference in the service area size and propagation
conditions of the morphologies, and the GNN has shown its
robustness to these scaling changes.

In general, the spectral efficiency decreases with the de-
crease in the number of service APs per UE, M’, in the
partially connected case when compared to the fully connected
case. This loss can be attributed to the reduction in diversity
with the decreasing number of APs. The results in Fig. 6
support this analysis, where we see a marked decrease in the
spectral efficiency as M’ decreases and we move farther away
from a fully connected system. For a given deployment, the
ratio of M’ and M must be carefully chosen to achieve the best
trade-off between computational complexity and coverage. A
good value of M’ in the system may be decided based on UE
arrival statistics in the network.

Furthermore, we note that the GNN can equally well handle
unseen node densities, despite training on only a limited
set of per-AP serving capacity as shown in Fig. 6. Here,
the number of service APs per UE is varied for a fixed
morphology and network size. In our previous work [1], we
established that the GNN performs efficient power allocation
irrespective of the size of the input since it learns the essential
neighborhood relationships between the nodes. In the case of
p-CFmMIMO networks, this strength comes into play again
as the attention mechanism allows the GNN to learn the
general node relational characteristics of a certain active node
distribution rather than relying on the exact number of active
nodes present in the network.

In Fig. 7, we evaluate the performance of the GNN on
scenarios when each AP serves a fixed number of UEs K’
and varying network size and morphology. The GNN has
excellent performance over the different network sizes with
less than 4% performance loss at median and 5% loss at
the green 5-th percentile. A comprehensive evaluation of the
GNN performance under various per-AP serving capacity in
different morphologies, in terms of the SINR loss compared
to the SOCP solution, is presented in Table IV. On all the
tested scenarios, the median loss and 95%-likely loss remains
respectively under 4% and 9%. It is worth highlighting that
without the attention mechanism, we see drastically poor
results even though all the other parameters are kept the same,
as shown in the last column of Table IV. This demonstrates
the importance of the attention mechanism and its efficiency
at adapting to the changing network size and morphology.

Furthermore, we explore the impact of a different UE-AP
association scheme than the one used for training the GNN.
Table III shows the results for our GNN solution, without
any re-training for the greedy UE-AP association. We see that



TABLE IIT
PERFORMANCE OF GNN WITH GREEDY MATCHING

Scenario GNN SE Loss(%)
mor M | K | K" | Median | 95%-likely
urban 32 9 4 4.66 8.63
urban 60 10 4.31 7.26
sub-urban | 55 15 11 5.23 9.18
rural 32 9 4 3.92 7.81
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Fig. 6. Performance of the scalable GNN model on urban M = 64, K = 18
scenario with a varying per-AP serving capacity.

the GNN still maintains an SE-loss under 10% even on new
untrained scenarios with Greedy matching. Note that the
design of UE-AP association algorithms is not in the scope of
our current work. We may train a GNN with different UE-AP
association schemes to get even better performance, but these
UE-AP association schemes are not optimized by the GNN
itself.
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Fig. 7. Performance of the scalable GNN model on different scenario with
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Fig. 9. Performance of the GNN model on different cellular deployments in
urban morphology with M = 48 and K = 12.

B. Performance on Cellular Scenarios

Even though the GNN is trained on cell-free data, it still
handles cellular scenarios with ease. This is because CFm-
MIMO may be seen as a general case of the cellular system,
and as such, the underlying graph structure remains relevant
for power control. Since the only differentiating factor here
is the UE-AP association, which is given as an input to the
GNN, we can faithfully infer the power control coefficients
using the same GNN model. For the cellular massive MIMO
deployment, we consider BS € {3,4,6} base stations, each
with [M/BS] antennas, serving [K/BS] users nearest to
them, where [z] represents the smallest successive integer



of x. The UE-AP association here follows the Greedy
matching approach. These multi-antenna base stations are
deployed in the same cell size as the cell-free deployment and
distributed such that each of them serves the same fraction
of the total geographical service area. More precisely, with 4
base stations, each one serves a quarter of the deployment area.
This methodology of simulating cells in the same geographical
area as a cell-free system is often adopted in the literature for a
fair comparison between the cellular and the cell-free deploy-
ments [4]. Fig. 8 presents a comparison between the spectral
efficiency achieved by the cell-free and cellular systems. It
re-affirms the advantage of cell-free deployment, where the
spectral efficiency is higher due to enhanced diversity. The
same GNN model can perform real-time power allocation
on a wide range of deployments ranging from fully and p-
CFmMIMO systems to cellular systems. The performance loss
at the median for the GNN solution in the cellular case is about
5%.

Fig. 9 shows the effectiveness of GNN when applied to
cellular scenarios with different number of base stations. The
GNN performance on cellular scenarios is also summarized
in Table V. Note again that without the attention mechanism,
we see drastically poor results here as well, as evident from
the last column of Table V. We see that even without any
additional training the GNN has a maximum performance
loss of about 10% while running substantially faster than
the SOCP solution. Here we avoid comparing the 95%-likely
loss since uniform coverage is not in the design scope of
the compared cellular deployment. These results highlight the
generalizability of the GNN on cellular scenarios since we did
not re-train the GNN for the cellular case. However it must
be noted that a performance loss of well under 4% can be
achieved with the same GNN model by fine-tuning the training
dataset to include some cellular data.

C. Computational Complexity Analysis

We evaluate the computational complexity of the proposed
GNN model in terms of FLOPs versus the number of edges
of its graph representation. This edge count corresponds to
the size of the network and more precisely it is equal to
MK x (M + K — 2). Additionally, each multiplication or
addition operation on the processor counts as one FLOP.
Recall that the asymptotic computational complexity of the
GNN solution in our case is O(M K (M + K)) [1]. On the
other hand, the asymptotic computational complexity of the
SOCP solution is O(n3-%) [30], [31], where n is the number
of cones. From [18], we see that the SOCP problem has K
cones to constrain the K minimum required SINR in (6)
and M cones to constrain the M per-antenna power limit
in (7). Thus in our case n = M + K. On top of this, we
have a multiplicative factor of log(e~!) due to the bisection
search where ¢ is the termination threshold. Thus, the total
asymptotic computational complexity of the SOCP solver is
O(log(e71)(M + K)3-), which is considerably higher than
the GNN solution.

In Fig. 10, we show the FLOP count of the GNN compared
to the FLOP count of the SOCP solution. The GNN outper-
forms SOCP in all cases with about 10 times fewer FLOPs
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Fig. 10. Comparison of FLOPS for SOCP and GNN. The FLOPS depend on
the number of edges in the graph.

at 10,000 edges and close to 100 times fewer FLOPs as the
number of edges increase. This demonstrates that the GNN
solution is highly preferable over the SOCP method for large
network sizes. Furthermore, the computational complexity of
the GNN does not depend on the per-AP serving capacity in
the system but only depends on the number of edges in the
graph. This is in contrast to the SOCP solution where the
computational complexity increases with the per-AP serving
capacity K'. Notably, the GNN-based solution presented in
this work performs power allocation over any per-AP serving
capacity at near-constant computational complexity, which
is of immense importance for practical deployments. As an
example, the GNN takes less than 100 ms to evaluate all of the
presented cases with the hardware specifications corresponding
to a commodity machine as elaborated in Section VI, which
makes it a strong candidate for real-time power allocation in
scalable CFmMIMO deployments.

VII. CONCLUSION

We present a GNN-based solution for supporting p-
CFmMIMO networks beyond 5G wireless systems. We utilize
graph representation of the large-scale fading coefficients
between the UEs and the APs to design a robust GNN that
performs fast max-min power control for MRT, the corre-
sponding UE-AP association is encoded as edge attributes.
We demonstrate the generalizability of our model through ex-
tensive simulations over a wide range of morphologies, graph
sizes, and number of UEs served by each AP. The proposed
GNN model is significantly faster than the conventional SOCP
solver while achieving similar spectral efficiency. We observe
that the GNN model achieves a median spectral efficiency that
is within 4% of the optimal SOCP solution while requiring 10
to 100 times fewer FLOPS under a wide range of scenarios.
Additionally, the GNN can perform efficient power allocation
even in cellular scenarios without any additional training.
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