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Abstract—Distributed multiple-input and multiple-output (D-
MIMO) technology is a promising candidate to be integrated
in beyond fifth generation networks offering uniform quality of
service along the network coverage and higher overall system
capacity. It leverages the cooperation of many antenna arrays
spread over the coverage area that jointly and coherently serve
user equipment devices. While the spectrum efficiency benefits
of D-MIMO (sometimes also referred to as cell-free technology)
are well documented, the corresponding energy efficiency (EE) of
such networks has received more attention in recent years as con-
cerns about sustainability become central in future 6G systems.
In this context, this paper proposes and investigates the combined
effect of intelligent access point clustering and power control to
enhance D-MIMO’s EE. While many works on D-MIMO assume
that the whole network serves every user, we consider scalability
and massive MIMO constraints to address the practical issues
of a fully connected network in terms of high computational
complexity, elevated signaling bandwidth, and limitations of
MIMO’s spatial degrees of freedom. To this end, we propose
a resource-aware graph-based clustering method combined with
a deep-learning-based power control. Comprehensive computer
simulations demonstrate that the proposed strategy significantly
enhances the network’s EE, while producing comparable spectral
efficiency performance to a fully connected scenario, while also
outperforming a state-of-the-art existing clustering approach.

Index Terms—Energy efficiency, D-MIMO, clustering, power
control, graph reinforcement learning.

I. INTRODUCTION

The next generation of mobile communication systems,
namely sixth generation (6G), has been designed to provide
higher data rates, more reliable communication and higher en-
ergy efficiency than in current fifth generation (5G) [1]. In or-
der to meet these demands, 6G systems have a few challenges
to overcome. Among those challenges, practical distributed
multiple-input and multiple-output (D-MIMO) deployment
and scalable power control are immediate concerns [2].
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D-MIMO architecture is a more efficient alternative to that
of traditional cellular systems, as it provides better coverage,
higher data rates and more reliable connection [3]. This
architecture consists of a large number of access points (APs)
equipped with small antenna arrays distributed over a relatively
small coverage area, all connected to a coordination central
processing unit (CPU) via a backhaul link. The APs operate
in a cooperative manner often performing joint coherent trans-
mission or reception.

An important concern regarding D-MIMO systems is their
scalability in terms of computational complexity and sig-
naling [4]. In order to address these issues, the APs form
user-centric clusters. The channel estimation, as well as the
combining schemes, are designed based on local channel state
information (CSI), lowering the signaling load and improving
scalability through the network [3].

Reinforcement learning (RL) techniques have had success in
solving complex non-convex problems in a wide range of do-
mains [5]-[7]. Regarding power allocation, deep reinforcement
learning (DRL) and the graph reinforcement learning (GRL)
techniques have shown considerable advances in solving both
sum-rate and max-min fairness problems [8], [9].

In this work, the clustering problem in D-MIMO network
with focus on the scalability and energy efficiency is ad-
dressed. To this end, a graph-based clustering algorithm is
proposed and used along with a DRL power control solution.
More specifically, since the power control problem depends
on the clustering structure of the network, this work starts
by tackling the clustering problem in a way that efficiently
assigns the APs to the user equipment devices (UEs) aiming
at providing strong and reliable connections while keeping
the network usage to a minimum. Then, when the power
control algorithm starts, the UEs transmit only to APs that
best serve them, making the DRL solution act on fewer links
with stronger signal-to-interference-plus-noise ratio (SINR),
effectively reducing its search space. As a consequence, the
training time is also shortened. This coupling of graph-based
techniques with DRL methods is also jointly referred as GRL.
The system performance is evaluated in terms of spectral



efficiency (SE) and energy efficiency (EE).

The results show that the clustering solution outperforms the
state of the art, providing around 0.25 bps/Hz higher SE at the
50th percentile. The proposed scheme is also superior in terms
of EE up until the 60th percentile. Moreover, the DRL solution
provides gains in both key performance indicators (KPIs) for
all users and the combination of our proposed algorithm with
the DRL approach shows increasing benefits for UEs with
poor channel conditions. Finally, the proposed GRL scheme
exhibits all those benefits with a considerable smaller training
time compared to other scenarios (typically one fifth of their
training time).

II. SYSTEM MODEL

The uplink (UL) of a D-MIMO system is considered,
composed of L APs equipped with a uniform linear array
(ULA) of N antennas and K single-antenna UEs. €2 is the
AP-UE association matrix related to the clusterization, with
wy being the 1-th row, and its norm represents the number of
connections of the 1-th AP. The APs are connected via ideal
backhaul links to a CPU and the network operates in time
division duplex mode.

The system processing is implemented in a partially dis-
tributed manner, where the symbol estimation is done locally
by the APs, which then send their estimates to the CPU for
final decoding. This is essential to ensure the scalability of the
network. Given that the APs estimate the symbols transmitted
by the UEs, they cannot serve more than N UEs at the same
time. Because of this, the ideal D-MIMO network where all
the APs serve all the UEs simultaneously becomes unfeasible.
Hence, to overcome this limitation, the user-centric clustering
strategy is applied. It is also worth noting that for the degrees
of freedom (DoF) of the AP to be equal to N, the AP must
have at least N radio frequency (RF) chains. In the scope of
this work, all the APs employ fully-digital beamforming and
have N RF chains.

A. Propagation Model

The channel between UE k and AP [ is modelled as a Rician
channel, denoted as hy,; € CN and described as:
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where Xk,l is the Rician K-factor, hf:? ~ N(0,Ry;) is
the non-line of sight (NLOS) component composed by a
spatially correlated Rayleigh fading with Ry, ; € CV*V being
the spatial correlation matrix defined by [10]. The term ay;
represents the antenna array steering vector that corresponds
to the line of sight (LOS) component of the channel, and is

T
given by aj; = [u,lc . u%] , with:
m j 2% (m—1)dsin 0y, ; cos
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where 65, ; and ¢, ; are the angle of arrival (AoA) for elevation
and azimuth, respectively, d the antenna spacing and A the

wave length. Finally, 5 ; represents the large-scale propaga-
tion parameters and is defined as:
PLg 1 +SHg ¢
Bry =107, 3)
where PLj; is the path-gain and SHj; is the lognormal
correlated shadowing with standard deviation of ogp.
All large-scale parameters as well as the Rician K-factor
and the probability of a UE having a LOS component are
modelled according to the technical specification [11].

B. Channel Estimation

In this work, a channel estimation based on pilot trans-
mission is performed. Consider 7, < K orthogonal pilot
sequences of length 7,. The estimation is implemented as
described in [3], in which the signal received by the AP is
correlated with the normalized pilot sequence transmitted by
the UEs, resulting in:

Zyy, | = Z VPitphi + 1y, g, €]
i€Py

where z,, ; is the signal received by the AP [ arriving from
the users that transmitted the pilot ¢i, Py, is the set of UEs that
share the pilot ¢, p; is the uplink transmitted power of UE i,
and ny, ; ~ N(0,02Iy) is the noise at the receiver normalized
by the pilot sequence t;. By using an minimum mean square
error (MMSE) estimator and defining ¥y, ; = E{z,, 12/ ;},
the channel estimates are computed using the correlated signal
Zy, 1, resulting in:

hy, = \/kaka,z‘I’t_kl,thk,z . 5)
C. Receiver Processing and SE

Considering the following signal received by the [-th AP:
K
yi= hgsi+my, (6)
k=1

where y; € CV is the baseband signal received by the AP
and sj is the symbol sent by the user k. A combiner must
be applied by the AP so the symbol can be decoded. Given
that the D-MIMO system operates inherently in a distributed
manner, the combiner is determined by each AP using only its
local estimates. The optimal MMSE combiner that maximizes
the SE when only the local information of the AP is available
is described in [12]. However, the complexity of this model
grows with the number of users in the network. In order to
maintain the scalability of the processing operation, a partial
version of the local combiner was developed in [3]. The local
partial MMSE (LP-MMSE) is defined as:
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where C; | = E{fl”leHl}, D, is the group of UEs served by
the AP [ and Dy ; is a block-diagonal matrix related to the
cluster of arrays that serves the user k& [4].



After receiving all the estimates, the CPU linearly decodes
the symbol information based on weights per-UE and per-AP.
Let gy ; = [vf h;1...vf h; 1]7 be the combined channels
between the UE k and each of the APs. The large scale fading
decoding weights that maximize the SINR can be found with
the following expression [3]:

K —1
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where D, € NEXL is a diagonal matrix in which the (I, 1)-th
element is O if the AP [ serves the user k and 1 otherwise, in-
cluded to ensure that the term inside the parentheses is invert-
ible; F;, = diag (E{HDk,lvk,l‘F} .. .E{‘|Dk7ka’L‘|2}) €
CE*L. This expression leads to the maximum achievable
SINR:

K
SINR;, = prE{g//;} ( > piE{grigt}
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The k-th user SE is determined as:

(10)
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where 7. is the coherence block length. Lastly, the sum SE
over all UEs is denoted as:

K
€= ZSEk .
k=1

D. Power Consumption Model and EE

(1)

In order to lower the energy consumed by the network, after
the clustering formation process, an AP selection phase is
performed, in which a subset of the available APs are used
for communication and the rest are put in a sleep mode. In
the sleep mode, an AP does not serve any user. It dissipates
less power than when it is active and can be quickly turned
active again. The AP selection scheme employed in this work
occurs basically by putting all the APs not involved in the
communication process, e.g., not participating in any cluster,
in a sleep mode while all the others are in active mode; in
which their total consumed power takes into consideration the
number of active RF chains and the network throughput as a
whole.

This work adopts the following power consumption model,
based on [13]:

i H) €g>
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in which Pr,, is the total power consumed in the UL transmis-
sion considering the APs, the UEs and the power consumed for
using the fronthaul network to send information to the CPU;
Piix is the fixed power cost to maintain the system powered
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on, wy is the power control coefficient on the k-th UE, ay
is the amplifier efficiency for the same UE; B is the total
communication bandwidth, & and &M are the power used to
send a gigabit through an AP and a fronthaul link connected
to it, and lastly, €4 is the sum SE in Gbps/Hz.
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where P,SE’ﬁx is the fixed power to maintain a UE on; PF %,

PP and PPN are the fixed power cost for maintaining
the backhaul link, an AP and one RF chain of an AP on; and
Pllzl}e[ef;x, Pl’;};:; and Plfl};ecsa‘“ are their sleep mode counterparts,
L; is the number of active RF chains in the 1-th AP, w; =
sgn(zl,z:1 wy k), and sgn(-) is the sign function. Finally, the EE
can be defined as:

Be

P Tu '

III. PROBLEM DEFINITIONS

EE =

(14)

The user-centric clustering formation is a process carried
out by the CPU. In this task, the CPU chooses the set of APs
that will serve a given user. This solution tends to be based on
long term statistics to avoid network signaling overhead and
allow stable links to UEs. When considering AP selection and
channel estimation, the clustering arrangement of the network
highly impacts the SE (via the number of receiving antennas
and available CSI) and EE (via the number of active APs
and RF chains). Considering the concept of DoF, and that
the AP performs the channel estimation and part of the symbol
processing, each AP can only serve N UEs [14]. Since the EE
is the main focus of this work, for clustering we consider the
following optimization problem:

maximize EE (15a)

Q= {wl’k}

subject to  a; € {0, 1}7vl,k; (15b)
SEi > SEiarget, Vi, (15¢)
[lwi|| < N. (15d)

This problem, like the one in [15], is a combinatorial integer
problem that, when the constraints (15¢) and (15d) are taken
out, has a feasible region consisting of 2/% discrete points.
When considering those constraints, a great number of these
solutions become unfeasible, and, given the highly irregular
and non-convex form of both SE and EE expressions, the
problem described in (15) poses as a nondeterministic polyno-
mial time (NP) hard problem. Since optimally solving (15) is
not possible, this work will focus on low-complexity scalable



TABLE I

GRL TECHNIQUES ON WIRELESS NETWORKS.

Technique (RL + Graph-
based technique)

Description

sparse RL + factor graphs
(solved by max-plus algo-
rithm) [16].

Apply sparse RL to solve the coordination
problem in a distributed sensor network
and then applies factor graphs to improve
speed and achieve cooperation in multiple
sub-tasks.

Covers a variety
of techniques and
combinations [17].

A survey which covers several RL meth-
ods, Graph-based techniques and their
combination and provides application in
problems like routing, scheduling and re-
source allocation.

REINFORCE  algorithm
+ Graph neural networks
(GNNs) [8].

Deal with power control problem using
Multi-agent RL and then uses GNN to
improve generalization and convergence
speed.

Deep Q-Network + Graph
Coloring Algorithm [18].

Assign sub-bands to user-clusters using
graph coloring to mitigate the intracell

interference and DRL to mitigate intercell
interference.

Deal with problem of Vehicle routing and
scheduling with a Rainbow DRL architec-
ture using GAT for policy processing.

Rainbow DRL + graph
attention network
(GAT) [19].

heuristic solutions that yield a good result when compared
with the state of the art.

Another problem considered in this work is the power allo-
cation of the UEs. Taking advantage of the problem structure
and aiming at increasing the SE of the clustered network, the
following optimization is presented:

K
maximize E, SE 16a
<in kZ:l 7SEj (16a)
subject to 0 < pg < p, Vg, (16b)
SEk > SEtargetavka (16C)

where ~ is the reward discount factor and pr =
[p1,p2, ..., pK]. This problem is modeled using concepts
of RL and is stated as to maximize the expected discounted
reward over a policy 7, being subject to a lower and upper
power limit and with an SE target per user. The policies, for
this case, are defined as the transmit power for each user.
The power control problem, due to the complex nature of
the SE formula, is a stochastic continuous problem with a
large solution space and no trivial solutions, which makes it
a good fit with DRL algorithms. Note that both problems are
non-convex with large search spaces, which makes a direct
comparison with convex optimization unfeasible.

IV. PROPOSED SOLUTION

Given the problems described in Section III, we propose
the following solution: the use of a graph-based heuristic for
the clustering problem, and a DRL algorithm based on the
actor-critic framework for power control, as depicted in Fig. 1.
The combination of graph theory based algorithms and DRL
techniques result in the emerging field of GRL, a recent
research topic that has drawn a lot of attention in the last few

Start

Scenario fully
connected with all the
UEs transmitting at
full power (FP).

Step 1 Step 2

Clustering with graph- Power control with DRL

based heuristic and algorithm and UEs now

all the UEs still

transmit with full
power.

L e 1 e B

‘xP
Fig. 1. Illustration of our proposed scheme.

transmit with
optimized power values
(P, and P,).

years [20]. Some solutions found in the literature that are im-
plemented using GRL are described in Table I. The proposed
heuristic is called the dual tree clustering (DTC) algorithm. Its
modelling comes from considering the combinatorial nature
of problem in (15) and addressing its constraints efficiently
in a resource-aware manner. Before going into details of our
proposed solution, this section also presents a quick overview
of the GRL field with a focus on its applications in wireless
networks.

A. GRL Overview

Given the large applicability and proven efficacy of the RL
techniques in dealing with complex and non-linear problems,
and more specifically the DRL methods, these algorithms have
been explored to solve combinatorial problems [21] and to
deal with graph mining tasks [20]. Due to the success of DRL
techniques in handling those tasks, new algorithms involving
graph theory, RL and neural networks were developed [17]. In
general, the merge of those topics is called graph reinforce-
ment learning. GRL algorithms have many forms, components,
neural network architectures and their own ways to represent
information [20], [22].

In this work, we will focus on one of the earliest developed
techniques in GRL. Basically, we take a complex problem and
break it into two phases: a structural/combinatorial phase and
a second phase that can be modelled as a Markov decision
process (MDP). The combinatorial phase is usually solved by
a heuristic or by a classical combinatorial algorithm and the
second phase is solved by a DRL algorithm. This approach
works by using the first phase as a way of limiting the state
and the action space of the DRL algorithm, making it easier
to train and, in most cases, leading to better results. Some
examples of this technique can be seen in [16], [18], [19].

B. Dual-Tree Clustering

The DTC algorithm is the solution we propose for the com-
binatorial/structural phase that solves the clustering problem. It
is a graph-inspired combinatorial heuristic that forms clusters
based on the available RF chains in each AP and also take into
consideration the pilots of each user. A graph is a data structure
formed by two disjoint sets (V, E), in which V' represents an
object and E a connection between two objects; in this context,
a tree is a graph that is connected (no object is isolated) and
has no cycles in its structure [23].



The DTC is based on the iteration of two trees formed by
the available resources on the network, the UEs and the pilot
information. This algorithm is performed by the CPU, which
is the root of both trees. In the first tree, also known as the UE
tree, its branches represent the pilot sequence and their leaves
the UEs associated to each pilot. In the second tree, called the
resources tree, its branches represent the APs available to serve
one or more users, and their leaves represent the available RF
chains at the AP. The logic behind DTC is:

1) Each branch of the UEs’ tree has a copy of the associated
resources;

2) For each UE on a branch, the ¢ APs with the best gain
are assigned to the user and those APs are cut off from
this pilot branch.

3) For each time that an AP is chosen to serve a UE, one
of its RF chains are cut off from the original resources
tree. If all RF chains are pruned from an AP, this AP is
no longer available to serve new UEs.

4) After iterating through the whole UE tree, the remain-
ing RF chains on the resources tree are considered
in sleep mode and if the AP has all of its RF chain
available, the whole AP is put in sleep mode.

Observe that the output of the DTC is a candidate solution
for solving problem (15) and that its clusters always obey the
restriction (15d).

C. Deep Learning-based Power Control

RL is a field of study concerned with the problem of one
or more learning agents interacting with an environment in
order to achieve a goal. The second phase of our two-phase
solution can be mathematically modelled as an MDP [24].
To properly understand the chosen power control algorithm,
a few definitions are in order. The MDP framework models
an interface between the agent and its environment, in which
the agent receives a state from the environment and, based
on this state, chooses an action. Depending on both state and
action, the agent receives a reward and then senses a new
state to repeat the process as much as needed. A policy 7 is a
mapping, either stochastic or deterministic, that, given a state
and an action, returns the probability of that action being taken
in that state. An action-value function for policy 7, ¢ (s, a),
is a function that returns the expected reward value of taking
an action in a given state under policy 7. In order to solve the
learning problem, the agent must find a policy that maximizes
the action-value function of the problem. In the case of the
power control problem presented in (16), the state and action
space for the agent to learn are both large and continuous,
which make them unfeasible for classical RL algorithms to
solve. A well known solution to address large state and action
space is to use deep learning techniques into RL methods to
be able to provide a good generalization of the whole space
using only a subset of it [25]. This combination of techniques
is often called DRL. These DRL methods also deal efficiently
with continuous spaces [26].

For the DRL algorithm the choice was the deep deter-
ministic policy gradient (DDPG) algorithm due to its proven

capacity to solve sum-rate maximization problems [27], [28]
similar to problem in (16). The DDPG algorithm is an actor-
critic based off-policy learning method, proposed by [29].
Initially, two sets of neural networks are created. The first
set is the actor p(s|0#) and the critic Q(s, a|#?) with weights
0" and 6. The second set is called target network, formed
by the target actor 4/ (s|0*) and the target critic Q' (s, a|09"),
with 0# = 0# and #9 = 09'. The second set is used to
calculate the target values and their weights will be slowly
updated by interacting with the first set. After the creation
of the networks, a replay buffer R is created. Then, for each
episode!, the algorithm initializes a random process N for
action exploration, receives an initial state sy and enters in the
main training loop. In the main training loop, for each step ¢ in
the episode, an action is selected according to the current actor
policy and exploration noise, a; = pu(s¢|0") + N, then the
action is performed providing a reward r; and a new state s; 1.
The transition (s¢, at, 7+, St4+1) is stored in R. After the current
policy is evaluated, the algorithm will update their networks’
weights. First, a mini-batch of N transitions is sampled from
R; then, the critic is updated with the loss calculated as:

1 I
L :Nzi:(m +1Q' (51:+1,H/ (5i+1|0#)/|9Q) (17

— Q (Si, a1|9Q))2
The actor policy is updated by:
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(18)
and finally, the target networks are soft updated” using:

09 =769 + (1 — )69
o = 70" + (1 — 7)o"
finishing then the training loop and the episode in the last ¢.

; 19)

D. State Space, Action Space and Reward Function

The specifics of our power control problem can be addressed
in the modelling of the state and action, in which, the algorithm
in Section IV-C will act on and in the reward function used to
evaluate its actions. For our scenario, described in Section II,
the full state s; in a step, similarly as in [28], is defined as
a vector of the user’s SE, s; = [SEj,SEa,...,SEg]. The
action is simply the vector with the power of each user,
a; = [p1, p2, ..., px|. Lastly, the reward function is given by
Iy = wr} + (1 — w)r?, where w is a weight factor between

r} and 77, with

K
ri =Y IiSEy (20)
k=1
and
K
rf ==Y (1= I})(SEsarger — SEk), (21)

k=1

Tn this context, a set of iterations with a random initialization.
2Also called Polyak averaging, in which 7 is a weight parameter.



where I,ﬁ is equal to 1 if (SE; > SE4rget) and O otherwise.
This reward function has two main goals, the first one, in (20),
is to benefit the UEs that have an SE above the target and the
second, in (21), is to punish the UEs that do not achieve the
target SE.

V. SIMULATION RESULTS

In this section, the performance of the D-MIMO network
described in Section II using the proposed solutions is evalu-
ated in terms of SE and EE. To benchmark our methods, an
ideal fully connected architecture (FCA) D-MIMO network
is used as reference for our KPIs, along with the dynamic
cooperation clustering (DCC) algorithm [4].

TABLE II

SIMULATION PARAMETERS.
Parameter Value
Coverage Area 500x500 m
Number of APs L =25
Number of antennas per AP N =4
Number of users K =10
Carrier frequency fe =2 GHz
Communication bandwidth W =20 MHz
UE and AP heights 1.5m, 11.5 m
Max UL power per UE p = 100 mW
Antenna spacing d=(1/2) A
Number of pilots 7 =10
Coherence block length T = 200
UEs o (LOS, NLOS) 4,82

Power amplifier efficiency agE 0.3
Power per AP £AP, UE ¢V, FH ¢MH 0.25, 0.25, 0.25 W/Gbps

PLAP,ﬂx’ Pl./:ll’ét;x 6, 0.8 W

PLAP,chain’ PlASl,ecel;ain 0.15, 0.02 W
FH, fi FH, fi

P x F)lslees 5,05W

PZUE.ﬁx 0.75 W

The FCA scheme is a D-MIMO network, in which all APs
serve all the UEs at the same time. Note that when an AP
serves all the UEs, its combiner scheme converges to the
optimal MMSE combiner [12]; thus providing improved in-
terference mitigation.

As a well-known algorithm and practical solution for user-
centric clustering, the DCC framework [4] presents the follow-
ing logic: first, it sets the AP with the best channel gain as the
master; then, it assigns other APs that serve only users with
orthogonal pilots and that are within a channel gain threshold
range of the master AP, given by [master gain, master gain +
threshold].

This algorithm tends to yield higher SE than other heuristics
based on channel gain or distance due to each AP serving users
with orthogonal pilots, and thereby reducing the interference
within each cluster. To cope with our scenario of MIMO DoF,
the DCC algorithm will also limit the maximum number of
connections to an AP to its number of RF chains.

The simulated network is configured according to the pa-
rameters in Table II, while the hyper parameters of the DRL
algorithm are set according to to Table III. The neural networks
used by the DDPG consist of two hidden layers of 64 neurons
each, with layer normalization applied at each layer. The APs

TABLE III

DDPG HYPER PARAMETERS.
Hyper Parameters Value
Soft update 0.005
Learning rate for the networks le-3
Buffer size le6
Reward discount factor 0.5
Reward weight 0.5
Batch size 50
SE target 6 bps/Hz

1.0 1 — pualree, c=2
—-- Dualree, c=4
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Fig. 2. CDF of SE per UE for various cluster configurations.

10001

800

400

2001

04 B |
2 4 6 8 10
Cluster size [int]

Fig. 3. Histogram of the cluster size for DCC with -20 dB threshold.

are equally spaced along a two dimensional (2D) grid, while
the UEs are uniformly distributed over the same grid. In order
to compare the EE of the clusters in a fair manner, when DCC
is applied, all the resources not selected to integrate a cluster,
both AP and its RF chains, will be considered in sleep mode.

A. Clustering Without Power Control

We start by comparing the two clustering solutions in
terms of SE and EE. This comparison will not make use
of the DDPG algorithm for power control; instead, all UEs
transmit at full power. Starting from this scenario helps us to
understand the behavior of each algorithm and allows us to
isolate the contribution of each step of the proposed solution.

Fig. 2 shows the SE per UE of the network under two
parameterizations for each algorithm, and for the FCA scheme.
Recall that when using the DCC, the cluster size is a con-
sequence of the threshold range set by the master AP. As
indicated by Fig. 2, increasing this threshold increases the
number of connections made by a UE, it does not necessarily
improves the SE. As for the DTC, the cluster size is fixed
as an input parameter, and it is observable that doubling the
cluster size shifts most of the SE CDF to the right, which
indicates an improvement of the SE for most of the UEs.
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Fig. 4. CDF of EE network for various cluster configurations.

This contrast occurs due to how the DCC forms clusters: As
the APs are assigned depending on the channel gain, when a
smaller threshold is chosen the UEs with higher channel gain
quickly grow their clusters, and the UEs with poor channel
conditions experience only a small (if any) improvement in
their connections. if any. In order to visualize this effect, Fig. 3
shows a histogram of the cluster size of the UEs when the
threshold of —20 dB is used.

Examining the EE CDF in Fig. 4, it is clear that for both
algorithms, lowest cluster sizes yield highest efficiency. This
occurs because when the APs and RF chains are not utilized,
they are put in sleep mode, and the smaller the cluster size,
the less RF chains are needed by the network. Moreover, when
comparing the two solutions in terms of EE, we can notice an
interesting effect for the case of cluster size 2 and threshold
value —20 dB. Until the 60th percentile the DTC is the most
energy efficient scheme, but after that, the DCC becomes more
efficient. Looking at Fig. 3, we can see that roughly half of
the UEs are only allowed to have a single AP connections.
Thus, the cases that outperform the DTC are more likely to
have four or more APs in their cluster size.

B. Clustering and Power Control

Having gained some understanding the dynamics of each
algorithm, in this subsection we study how they interact with
the learning-based power control. Similar to the full power
case, Fig. 5 shows the SE per UE for the DCC, the DTC
and FCA, with and without the DDPG as power control. First,
we can observe that all algorithms with power control present
a significant improvement on their respective SE curves, with
the FCA being the most prominent. This happens due to the
convergence of its combiner to the optimal form, leading the
interference of the network to a lower level compared with the
clustering scenarios in [3]. This enables the DDPG algorithm
to deal with a simpler scenario to learn and efficiently increase
its SE.

Regarding the clustering algorithms, both of them improve
in a similar manner at SE. This happens because both of
achieving the SE target at around their 20th percentile, which
suggests that for most cases the solution by the DRL technique
is superior due to producing a positive reward and thereby
advancing the gradient at a slower pace.

Fig. 6, presents a remarkable dynamic. Similarly to Fig. 4,
the DTC under the DDPG power control performs better than
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Fig. 5. CDF of SE per UE for various cluster configurations.
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Fig. 7. The normalized moving averaged reward over the episodes.

the DCC under same conditions until the 60th percentile of
their CDFs. Even so, at low percentiles, the DTC not only has
a larger advantage to DCC in comparison to the full power
case. It also starts its CDF together with the FCA case, and
outperforms it at every percentile. These results make the DTC
and DDPG pair the preferred choice when the EE is the
important KPIL.

Finally, as briefly commented in Section IV, the combina-
tion of DTC and DDPG can be classified as a GRL approach,
and their synergy goes beyond providing a suitable solution
to the problem in (16). Observing Fig. 7, we can study the
normalized reward of DDPG over its episodes. A moving
average of 20 samples was used to filter the statistical varia-
tions of the reward signal. At a first glance, we can observe
that all three approaches learn quite differently. The DTC and
the FCA scheme seem to converge to a small range of values
along the episodes while the DCC presents a more chaotic
behavior. This happens due to the variability of the scenario:
both the DTC and the FCA schemes have a fixed number of
links, while DCC changes them based on the channel. This



makes DCC a more complex scenario to learn, yielding a
highly varying reward. Furthermore, comparing the FCA and
the DTC schemes, we note that the FCA scheme forces all
endpoints to communicate, turning the power control to a
challenging problem, since there are more UEs transmitting
to each AP. The DTC scheme, on the other hand, has a fixed
number of links and a smaller number of connections between
the endpoints, and produces a good response to Problem (15).
Thus, it inherently contributes to solving Problem (16), which
helps the learning process of DDPG. Moreover, as Fig. 7
indicates, the DTC scheme converges around the 60th episode,
which is one fifth of the total training time.

VI. CONCLUSIONS

In this paper, resource allocation problems in D-MIMO
networks were studied. Specifically, the AP clustering and
the uplink power allocation problems were addressed and
evaluated in terms of both EE and SE. To address both
problems, a resource-aware clustering algorithm was proposed
and used along with a DRL based power control. Practical net-
working aspects were considered such as channel estimation
and MIMO DoFs.

Our results indicate that the proposed solution outperforms
the state-of-the-art DCC algorithm when no power control is
used, both in terms of the SE and, for the low and middle
percentile, in the EE. When the learning-based power control
solution is used, the DTC and DDPG pair provides superior EE
in most of the cases, while showing better convergence prop-
erties compared to the DCC and FCA solutions.

The perspectives for this work include coupling the DTC
with other possible DRL solutions like soft actor critic (SAC)
and proximal policy optimization (PPO), modeling a multi-
agent form of DDPG for this problem and integrating the DTC
scheme even tighter with the DDPG by allowing DRL to
modify the structural part of the problem in an alternating
manner and thereby providing a more robust GRL approach.
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