M. A. KHAN, M. ANJUM, D. MISHRA, H. JUNG, AND T. Q. DUONG: DRL-BASED USER FAIRNESS IN BDRIS-ASSISTED ELAA SYSTEMS 1

DRL-based User Fairness in Beyond Diagonal Reconfigurable
Intelligent Surface-assisted Extremely Large Antenna Array Systems

Muhammad Abdullah Khan, Graduate Student Member, IEEE, Mahnoor Anjum, Graduate Student Member, IEEE,
Deepak Mishra, Senior Member, IEEE, Haejoon Jung, Senior Member, IEEE, and Trung Q. Duong, Fellow, IEEE

Abstract—This paper investigates the user fairness for multi-
user downlink communications systems with beyond diagonal-
reconfigurable intelligent surface (BDRIS) and extremely large
antenna array (ELAA), which takes advantage of interconnected
elements and spherical wavefront characteristics in the near
field. We formulate a user fairness-oriented optimization prob-
lem and develop a deep reinforcement learning (DRL)-based
algorithm to effectively maximize fairness among users. The
proposed framework provides a fast converging solution and
simultaneously designs the transmit beamformers of the ELAA
and the reconfiguration matrix of the BDRIS. Simulation results
show that the proposed system provides better performance
with perfect and imperfect channel state information (CSI) than
typical DRL algorithms and improves the min-rate performance
by 3.86% and 13.6%, compared to the benchmark ELAA systems
with the conventional reconfigurable intelligent surface (RIS) and
without RIS, respectively.

Index Terms—Reconfigurable intelligent surface, deep rein-
forcement learning, extremely large antenna arrays.

I. INTRODUCTION

Reconfigurable intelligent surfaces (RISs) are emerging as
a promising, scalable, and energy-efficient solution for next-
generation systems. RISs implement passive beamforming
to improve signal quality, extend coverage, and mitigate
interference. Concurrently, owing to the research and adoption
of higher frequencies and increasing antenna array sizes in
upcoming communication systems, near-field communications
has emerged as a highly relevant area of interest in the
current research landscape. The entities operating in the near-
field experience spherical wavefronts as opposed to entities
operating in the far-field, where the spherical nature of the
waves becomes effectively negligible [1]. The elements of RISs
operate independently of each other, limiting the achievable
performance gains. As a result, beyond-diagonal RISs (BDRISs)
are being explored for advanced passive beamforming with
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fully interconnected elements [2]. BDRISs can provide various
performance enhancements, such as sum-rate maximization
and outage minimization, typically assuming the far-field
(FF) channels, while the conventional RIS systems have been
exploited for the NF communications [1], [3].

To meet the stringent requirements of 6G systems, a large
number of antennas can be employed at the base station (BS) to
enhance performance, leading to the development of extremely
large antenna arrays (ELAAs). ELAAs extend the influence of
the near field (NF) and fundamentally change the propagation
characteristics of electromagnetic waves by realizing spherical
wavefronts, which complicates beamforming designs [4]. The
beamforming gains enabled by the far-reaching NF in ELAAs
cannot be realized with techniques based on traditional FF
models. Furthermore, the fully connected nature of the BDRIS
allows for better beamforming gains utilizing the same number
of control bits, enabling more efficient control [5]. Even
though the 3rd Generation Partnership Project (3GPP) standards
emphasize a balanced distribution of network resources among
users to ensure fair data rates for users [6], existing works
mostly focus on the sum-rate optimization, this service fairness
has not been thoroughly investigated, especially utilizing DRL
in the case of BDRIS that can improve the beamforming gains
compared to conventional RIS [7]. In addition, existing works
predominantly focus on conventional convexifying techniques
[9], which suffer from high complexity and limited scalability.

Motivated by these research gaps, we propose a deep
reinforcement learning (DRL)-based algorithm to achieve user
fairness in BDRIS-aided ELAA systems. The key contributions
of this work are as follows:

« We propose the user fairness optimization of a novel
system model, where both the BDRIS and the users are
placed in the NF of the ELAA-based BS, while the users
are in the FF of the BDRIS.

« We formulate a service-fairness problem and design the
ELAA beamformers and the reconfiguration matrix of the
BDRIS, while meeting the BDRIS phase control constraint
and the power budget at the BS.

« We develop a DRL-based framework to solve the tightly
coupled, non-convex problem. We provide simulation
results to verify the fast convergence and efficacy of our
algorithm by comparing its performance with typically
employed DRL algorithms and standard benchmarks,
including comparison with RIS-free and conventional RIS-
assisted ELAA systems.
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Fig. 1. System model of the BDRIS-enabled ELAA system.

II. SYSTEM MODEL

In this work, we consider a BDRIS-enabled multi-user
ELAA-based downlink communication system. As shown in
Fig. 1, K users are assumed to be randomly distributed in
the area covered by a BS equipped with a uniform linear
array (ULA), and a BDRIS. The set of users is denoted by
K = {1,...,K}. The BS consists of a large number of N,
isotropic antennas positioned at (p;, pyy,0), while the fully
connected BDRIS panel consists of M, x M, = M elements.
The users and the BDRIS are placed in the NF of the ULA.
At the same time, the users are assumed to be present in
the far-field of the BDRIS. The users and the BDRIS have
line-of-sight (LoS) links with the BS.

A. Wireless Channel Model

1) Near-field (NF) Channel: The NF of a communication
entity is defined as the region covered by the Fraunhofer
distance, calculated as %, where D is the largest dimension
of the antenna array and A is the transmission wavelength. The
near field channel model is formulated in (1) based on [11],
where |(;,| represents the magnitude of the complex NF channel
between the transmit and receive antennas. Also, (Prz, Pry, d)
and A, represent the location and area of the receive antenna
element, respectively. The complete representation of the

channel (;, is given by

Ctr = |<tr |ej27rd”/)\a

2)

where d;,. is the distance between the transmit and the receive
antennas.

2) Far-field (FF) Channel: Following [10], the FF LoS
channel model between the BDRIS and the k" user is described
as the model considering the pathloss between the BDRIS and
users with steering vectors designed in accordance with the
far-field approximation, and is defined mathematically as

fp=vM dﬁaat(%ﬁk%
X

3)

where M is the number of elements, and dj, is the distance from
the BDRIS to the k** user. The channel gain at unit reference
distance 3 is given by (ﬁ)a, where « is the pathloss exponent.
In addition, a;(¢,¥y) is the transmit beam steering vector
for the k" user at azimuth angle ¢}, and elevation angle ¥y.
We define the steering vectors of the RIS as ayy, (pk, V) =

. . . o d(My—1) . .
[BJZWQ sin(pk) S.m(ﬂ;c)7 o ,61271' ( Y ) sin(pk) sm(ﬂ;@)}T, and
o d(0) o d(My—1)
ay (V) = [e727x cos(Wk)  ei2n =5 cos(Wi)]T | \where

d is the spacing between subsequent RIS elements. We model
a (o, 9k) = an, (¢ 9) ® an, (Ug) € CM*1 with ®
denoting the Kronecker product.

B. Signal Model
The signal 7, received by the k'" user is given by

T
yr = Py, E Wi Sk + N,
kek

“4)

where wj, € CNt*1 is the beamforming vector for the k" user
at the ULA, while s;, is the signal for the k" user transmitted
by the BS such that E[|s;|?] = 1, with E[.] denoting the
expectation operator. Also, ¥, € CN¢*1 is the composite BS
and BDRIS channel to the user k defined as ¥, = h;, + GOf,,
where hy, € CVt*1 and G € CNt*M are NF channels from
the BS to k*" user and BDRIS respectively, defined in (2). On
the other hand, f;, € CM*1 is the FF LoS channel between the
BDRIS and user k, as defined in (3). Moreover, ® € CM*xM
is the phase-shift matrix of the BDRIS with ideal reflection
coefficients such that @@ = I,; [12], where I,; is the
M x M identity matrix. It is important to note that the matrix ©,
as opposed to a typical singly-connected RIS, is not restricted
to a diagonal matrix. Following [8], we model the entry in the
pt" row and ¢** column of © as r,,e/%re, where r,, € {0,1}
and ¢ is the phase reconfiguration provided by the BDRIS
element. Lastly, ny € C is the additive complex Gaussian
noise with zero mean and variance o2. Thus, the signal-to-
interference-plus-noise ratio (SINR) of the k" user is

_ [ wi|?
o2+ 1€k, 1 #k|[®Tw?

Y({Wk b rex, ©) )

Thus, the instantaneous achievable rate ¢, of the user k£ for
k € K is given by e} = log,(1+ ;). Furthermore, the transmit
power P, is defined as P({wi}rek) = D pexc Tr(wiwll),
where Tr(-) is the trace of a square matrix. The maximum
transmit power budget at the BS is Py ax, and P, < Py, for
all values of transmit beamformers.

C. Problem Formulation

In this section, we formulate the service fairness problem
for the considered BDRIS-aided downlink ELAA system. We

d (pr:c - ptz)2 + d2 AT‘

[Cer| = X
' \/(p'rz - ptz)2 + (pry - pty)2 + d? (pTZ - ptz)z + (pry - pty)2 + d?

.
* 47 ((pra — pta)? + (Pry — Pty)? + d?) W
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jointly design the beamformers {wy}+_, and the reconfigu-
ration matrix ® to maximize the minimum achievable rate,
thereby ensuring user fairness. The service fairness optimization
is formulated as problem (P1), while meeting the maximum
transmit power constraint and the functional requirements of
the BDRIS elements. The final optimization problem can be
defined as

P1: maximize min(e;) Vk € K,
O {wilrex

Cl: @017 =1,,,
C2: Pt({wk}kEK) S Pmax>

where (C1) corresponds to the BDRIS reconfiguration matrix
constraint [8], and (C2) represents the transmit power budget.
It may be noted that in the case of a singly connected RIS, the
reconfiguration matrix selected by an optimization algorithm
can simply be normalized to fulfill the constraint (C1). However,
in the case of fully connected BDRIS, normalizing the vectors
of the matrix will not guarantee the fulfillment of this constraint.
Hence, the procedures typically employed to handle RIS
constraints are not applicable in the case of BDRIS. We also
observe that this optimization problem is non-convex and the
design variables are tightly coupled, including the symmetry of
constraint (C1) [12]. For this reason, we utilize DRL to solve
this using proximal policy optimization (PPO) with appropriate
transformations to handle the constraints unique to BDRIS.

(6)

subject to

III. SERVICE FAIRNESS OPTIMIZATION USING PPO

DRL algorithms represent a category of learning paradigms
that rely on iterative interaction with, and adaptation to, the
environment. Traditional reinforcement learning algorithms,
such as Q-learning and deep Q-learning, require discrete
variable spaces. To overcome this limitation, DRL algorithms
have been developed to deal with continuous variables and
action spaces. In this context, the PPO algorithm has emerged
as a popular DRL algorithm for continuous action spaces
and improves on previously developed algorithms such as
Trust Region Policy Optimization (TRPO), achieving similar
performance and a lower computational complexity. This off-
policy DRL approach is markedly different from the typically
used on-policy DRL algorithms, including SAC and DDPG. It
relies on more stable updates owing to its clipped objective
function and can mitigate its sample inefficiency through
multiple environment interactions [13].

A. DRL Formulation

The learning process of a DRL algorithm is characterized by
its interaction with the environment. This process is modeled as
a Markov decision process (MDP) wherein an agent interacts
with an environment by taking actions a; € A within the
environment having state s; € S at time instant ¢. This action
at, taken in accordance with the learned policy 7, transitions the
state s; of the environment to the new state s;11 € S, where A
and S are the sets of all possible actions and states, respectively.
This change of state is accompanied by a numerical reward r

Algorithm 1 Proposed PPO-based solution

1: Initialize actor and critic network weights 9 and 95 respectively.

2: while No Convergence do

3: Initialize  random  realizations  of
Uwitker, ©, {vr}rex} € S.

4:  Use policy mp_ to take action a; € A at timestep ¢ which
determines the values of the next state s¢+1 € S and outputs
the reward r;. .

5:  Obtain the advantage value A; from Eq. (7).

6:  Obtain the value of clipped objective function LELIP (0=)
defined in Eq. (8) using the advantage value A;.

7:  Update 6 and 65 to obtain new weights for the policy and
value neural networks, respectively, using gradient descent.

8: end while

state  variables

corresponding to the reward function based on the success of
(o in St.

The construction of an MDP for a DRL algorithm involves
the realization of a triple tuple of state, action, and reward
represented as {S,.A,r}. The DRL algorithm then enables the
agent to learn the mapping between the state and action space.
The state, action, and reward for our problem formulation are
defined as follows:

o State: Our system utilizes transmit beamforming vec-
tors {wW}rek, the reconfiguration matrix ©, and the
instantaneous SINRs {~vj}rcxc as the state space, i.e.,
S € {{Wi}rex, ©, {r}trex}-

e Action: The transmit beamforming vectors {wy, }rex and
the reconfiguration matrix ® to define the action space,
ie, A€ {{Wk}ke)ca @}

e Reward: The reward function r, considered for our user
fairness-based sum-rate maximization, is formulated such
that r = kmel%(sk).

B. Proximal Policy Optimization (PPO)

The objective function for a basic actor-critic-based DRL
algorithm is given by g = E;[Ay_ logmg_ (at\st)flt], where
E; is the expectation, and Ay_ denotes the gradient of the
weight matrix of the deep neural network. Furthermore, mg_
denotes the policy of a network with weights configuration
denoted by A considering the action a; at state s; and At, if
the advantage function defined as

T—t
A= Z Virepr = V(Ou, Wik 1, Vky)s (7N
1=0
where v is the discount factor and V' is the state value function
of the critic network. A clipping function-based surrogate
function is introduced in PPO and is defined as
LEEP(0) = E[min(ct (0w ) Ar, clip(ci (0), 1 — €, 1+ €) Ar)],
@)
where € is a hyperparameter for the clipping function of the
probability ratio as

_ e ({Wk,t}a ©, ‘ {wi.t}, O, {'Yk,t})
7o, ({wiah, @1 Wik, ©0 Dyea})

€))

Ct ew
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TABLE I
HYPERPARAMETERS.
Hyperparameter Value
# of neurons in the hidden layers 128, 64
Learning rate 7 0.0001
Discount factor v 0.92

Batch size 32

Clipping parameter € 0.32
Steps per update 256
Max. value for gradient clipping 0.51

where mg_, denotes the policy at instant £ — 1 preceding the pol-
icy mg_, at instant ¢. PPO aims to improve the training stability,
speed of convergence and focuses on the long-term rewards. To
ensure that the solution derived from the optimization process
meets the defined constraints, the following procedures are
adopted:

« Reconfiguration constraint (C1): The obtained BDRIS
reconfiguration matrix may or may not be unitary. In
order to guarantee the fulfillment of the constraint, the
matrix is projected to a space of unitary matrices using
QR decomposition. The Q matrix, forming an orthonormal
basis for the column space of the predicted reconfiguration
matrix, is used as the reconfiguration matrix of the BDRIS.
This effectively decouples the problem from the constraint
(C1) and allows PPO to explore the space of all matrices
in order to find the optimal reconfiguration matrix.

« Power constraint (C2): The transmit beamforming vector
is normalized to keep the transmit power under the defined
constraints.

C. Complexity Analysis

In this section, we analyze the complexity of the proposed
scheme. As the PPO scheme exploits neural networks for
learning, we utilize the computations involved in forward
and backward passes to provide the big-O upper bound time
complexity [14]. The input dimension D; of the actor and
critic networks is Dy = KN, + M? + K, whereas the action
dimension is A = KN; + M?. Let n; denote the number of
neurons in layer ¢. Since the proposed solution has 2 layers,
the forward pass complexity of the actor and critic networks
is Diny + ning + noA. The reward computation requires
Q R-decomposition, which has a complexity of M? for our
square-matrix ©. The backward pass is expected to have
twice the complexity of the forward pass. Hence, the total
asymptotic complexity of the algorithm can be shown derived
as O(M? + (KN; + M? + K)ny +ning + (K Ny + M?)ny),
which can be simplified to O((K Ny + M?)(ny +ng)+n1(ng+
K) + M?3). This asymptotic complexity is notably lower than
the O(K > M*) complexity reported in [8], underscoring the
computational efficiency of our proposed scheme.

IV. RESULTS AND DISCUSSION

For the simulation, the BS and BDRIS are placed at
(z,y,2) = (0,0,0) and (0,60m,0) respectively. The users

are uniformly and randomly distributed in a 150m x 150m
grid in the first quadrant jointly served by the BS and BDRIS
[1]. The BS is equipped with N; = 50 antennas [15], while
the BDRIS is set to have M = 36 elements, each with
element spacing of % The elevation for all system entities is
constant. The largest dimension of the ULA is assumed to be
D= w The noise power o2, the frequency of operation
and pathloss exponent « are set to —170 dBm, 2.4 GHz, and
2, respectively. The experiment is repeated over 10 random
seeds with hyperparameters in Table I.

The performance of the proposed scheme is compared with
Deep Deterministic Policy Gradient (DDPG) and Soft Actor-
Critic (SAC) DRL algorithms under perfect and imperfect
CSI as shown in Fig. 4. It can be seen that PPO significantly
outperforms the typical DRL algorithms under perfect CSI and
maintains its superior performance even under CSI uncertainty.
The performance of the PPO algorithm is also evaluated
under different architectures. These benchmarks include an RIS
equivalent setup with a modified objective function according
to the scheme proposed in [16], an ELAA setup optimized
using DRL but without any RIS assistance, and an ELAA setup
with random transmit beamforming vectors to emphasize the
optimization gains from the DRL algorithm. The comparison
is kept fair by fixing the number of elements of the RIS M
and the number of transmit antennas IV;.

1) Convergence Analysis: The learning trend of the DRL
algorithm is illustrated in Fig. 2, where the shaded region
represents the 95% confidence interval over 10 training
sequences. It can be seen that the training is highly stable
over the training sequences and converges approximately at
around 2 x 103 episodes each with 100 steps.

2) Performance Analysis of Proposed Scheme: As the sum-
throughput is not a suitable metric for service fairness, we
consider the outage probability to demonstrate the effectiveness
of the proposed scheme by quantifying the outage likelihood.
Fig. 5 shows the empirical CDF of the rates of the users
obtained over 10* Monte Carlo experiments. It can be seen
that the BDRIS-enabled PPO optimized system has the least
probability of outage as compared to any of the considered
schemes for a given rate threshold due to its superior reconfig-
urability performance. As expected, the RIS-enabled system
performs better than the ELAA-only system due to the RIS
beamforming gain. The non-optimized ELAA system tends to
perform the worst due to its unoptimized transmit beamformers.

3) Impact of the Number of Antennas at the BS: The impacts
of the number of antennas /N; and the number of BDRIS
elements M are also analyzed using the CDF of user rates.
In Fig. 6, the outage performance of the users is considerably
improved with the increase in N;.

4) Impact of the Number of Elements at the BDRIS: In Fig.
7, we observe that the user rates are enhanced by the increase
in the number of BDRIS elements M. Thus, an increase in
the number of antennas and reflecting elements positively
affects the performance of the DRL optimized system due
to an increase in the beamforming gains owing to the increase
in the number of antennas and the number of BDRIS elements.
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5) Sum-rate and Minimum Rate: The mean sum-rate and
minimum of rates over multiple system realizations of the
proposed and benchmark schemes are illustrated in Fig. 8. The
proposed system achieves a mean sum-rate increase of 4.15%

and 12% compared to the benchmark RIS and ELAA systems,

respectively, while providing a slightly higher minimum rate

with the same percentage increase over the benchmark systems,

because of the reward chosen for the user fairness and sum-rate
maximization of the considered systems.

V. CONCLUSION

In this paper, we proposed a DRL-based framework for user
fairness in a BDRIS-aided ELAA system. We jointly designed
the transmit beamformers and the reconfiguration matrix to
maximize service fairness. The numerical analysis demonstrates
the superior performance of our scheme compared to equivalent
benchmark schemes. The proposed system achieves a mean
sum-rate increase of 3.86% and 13.6% over the RIS and
ELAA schemes. Future works may include the investigation
and optimization across multiple quality-of-service domains in
BDRIS and ELAA systems with stochastically faded channels
in a variety of scattering environments.
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