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ABSTRACT In this paper, we present a dynamic beamforming optimization framework for multi-
beam underwater optical wireless communication (UOWC) systems. The UOWC transmitter concurrently
transmits multiple beams, and non-orthogonal multiple access (NOMA) is applied within each beam to
support multi-user communications. Our goal is to maximize the energy efficiency (EE) of a multi-beam
UOWC network while guaranteeing the max-min fairness. Hence, we propose two deep deterministic
policy gradient (DDPG)-based beamforming solutions that optimize beam orientations and power allocation
while considering the quasi-stationarity of nodes in the underwater environment. The first solution is a
single-agent DDPG-based approach, while the second solution is a multi-agent DDPG-based one. We also
incorporate sequential learning capabilities into the multi-agent DDPG approach to enhance its optimality,
which includes sequential learning of the beam orientation and power allocation tasks. Through extensive
simulations, we show that the proposed single and multi-agent DDPG solutions achieve improved fairness
and EE as compared to the equal power allocation, weighted minimum mean-square error (WMMSE)-based
EE maximization with min-rate constraint (WMMSE-EE-MinRate), and QT-based EE maximization with
min-rate constraint (QT-EE-MinRate) benchmarks. Specifically, the sequential multi-agent DDPG model
gave at least 68% and 77% higher minimum rate and EE than benchmarks, respectively. Furthermore, the
multi-agent DDPG outperforms the single-agent DDPG solution by 20% and more than 28% in terms of
minimum rate and EE, respectively.

INDEX TERMS Beamforming, beam steering, energy efficiency, power allocation, rate maximization,
reinforcement learning, underwater optical wireless communication.

including higher bandwidth, enhanced security,

optical ~ wireless communication

implementation costs, and reduced time latency [1]. However,

(UOWCQC) is an evolving field that seeks to address
communication challenges in underwater environments
and opens up new possibilities for underwater exploration,
research, and monitoring. As a communication technology,
UOWC involves transmitting data through the water using
optical signals. Unlike traditional radio-frequency (RF)
communication, which is limited in underwater environments
due to the high absorption and scattering of electromagnetic
waves in water, optical communication employs light
to transmit information [1], [2], [3]. As compared to
its traditional counterparts, RF and acoustic underwater
communications, UOWC boasts several advantages,

despite these benefits over RF and acoustic communications,
the link range of UOWC systems is constrained by
impairments in the UOWC channel - namely, absorption,
scattering, and turbulence [2]. The UOWC channel can be
effectively modeled by considering attenuation and fading
[4]. Said simply, both attenuation and fading contribute to
the signal alteration after propagation through the UOWC
channel. The attenuation is primarily attributed to absorption
and scattering effects [5]. Governed by the Beer-Lambert
law, UOWC signal exponentially decays with distance, which
makes the link range significantly lower than RF and acoustic
link ranges. In addition, optical communications are based on
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directional beams with a narrow field of view (FOV), which
makes the system highly dependent on spatial geometry and
nodes positions. Considering the dynamicity underwater,
the alignment problem is further highlighted in UOWC,
since nodes are considered quasi-stationary underwater.
Based on these these characteristics, the UOWC is strongly
dependent on nodes locations and beam orientations, which
significantly differentiates the considered problem from RF
and acoustic-based resource allocation frameworks.

To alleviate signal scintillation induced by turbulence and
extend the UOWC range, various multiple-input—multiple-
output (MIMO) systems were proposed [6], [7], [8]. In [6], a
non-line of sight (NLOS) UOWC MIMO configuration was
proposed to improve the system performance by reducing
the path loss and improving the channel impulse response.
Furthermore, in [7], the authors investigated the bit error rate
(BER) performance of MIMO UOWC systems considering
the generalized gamma distribution (GGD) oceanic turbu-
lence, zero-boresight point error, and Elamassie underwater
path loss. In [8], the performance of a MIMO underwater
vertical wireless optical communication link was evaluated
in terms of BER and outage probability, considering the
presence of weak and strong oceanic turbulence, pointing
errors, and attenuation losses.

The non-orthogonal multiple access (NOMA) technique
was incorporated into the UOWC system to enhance
spectrum utilization. A promising multi-access technology,
NOMA enables efficient large-scale connectivity and per-
fectly aligns with the developmental requirements of UOWC
[9], [10], [11], [12], [13]. In [9], the authors proposed a
straightforward two stage program judgement filter (PJF) for
a real-time multi-user successsive interference cancellation
(SIC)-free NOMA-based uplink UOWC system. The results
demonstrated that the proposed framework can decrease the
BER compared to the standard SIC-based NOMA. Further-
more, in [10], NOMA was applied in conjunction with deep
learning convolutional neural network (CNN) to optimize
the relay selection and power allocation tasks in UOWC
system. The results revealed that NOMA outperformed the
orthogonal multiple access system in the studied case. Prac-
tical challenges such as attenuation and turbulence, including
misalignment at the relay, were considered in [11], with
a particular focus on optimizing the instantaneous time-
splitting parameter to maximize the uplink achievable rate. To
mitigate decoding errors caused by self-interference within
NOMA paired groups, in [12], the authors proposed an
alternating composite phase shift (ACPS) coding scheme
based on constellation optimization. The power distribution
optimization model for the UOWC system, constrained by
specific light-emitting diode (LED) emission power, was
established in [13] for scenarios ensuring user quality of
service (QoS) for edge users and maximizing fairness for
all users.

However, although communication fairness must be taken
into account in nearly all resource allocation challenges in
wireless networks, the fairness concern among underwater
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nodes was not comprehensively addressed in previous
research. The absence of such consideration may result in
resource starvation or redundant allocation [13], [14], [15],
[16], [17], [18], [19], [20], [21], [22], [23], [24]. In [14], the
authors highlighted open research challenges, emphasizing
interconnectedness of fairness with performance, utility, opti-
mization, and throughput on both network and node levels.
The proportional fairness concept was also discussed in
[15], where the authors sought to distribute resources among
users to ensure a proportional and equitable share based
on their individual needs and requirements. This fairness
criterion sought to strike a balance between maximizing
system throughput and providing a satisfactory level of
service to each user. Furthermore, an optimization model was
formulated in [16] and [17] to ensure that user nodes meet
the fairness criterion, maximizing the minimum rate under
the constraint of total transmit power. In [18], the authors
addressed the challenge of meeting service requirements for
different users within a single beam by categorizing them
into the following two types: edge users and fair users, and
introduced a power allocation algorithm designed to ensure
QoS for edge users and fairness for fair users. In [19], a
combined resource scheduler entitled extended weighted fair
queuing with latency constraint (EWFQ/LC) was presented
for packet scheduling among network slices, considering
system fairness and latency constraints. Furthermore, in [20],
the authors focused on the uplink of a cell-free massive
MIMO system employing maximum-ratio combining (MRC)
and zero-forcing (ZF) schemes and addressed a power allo-
cation optimization problem to jointly optimize conflicting
metrics, namely sum rate, and fairness. Focusing on energy
efficiency (EE) and user fairness in systems with numerous
antennas, the authors in [21] proposed a lexicographic-based
approach for RIS-assisted mmWave systems that maximizes
both EE and user fairness by optimizing power, RIS passive
beamforming matrix, and analog precoders. A power man-
agement strategy was presented in [22] so as to optimize
the reuse, fairness, and capacity of underwater wireless
sensor networks (UWSNSs). In another pertinent publication
[23], the authors investigated the effect of unexpected nodes
malfunctions on the performance of imperfect and energy-
constrained underwater acoustic sensor networks. To this end,
they proposed a semi-cooperative power allocation approach
that achieves fairness-effective and robust communication.
However, previous research on fairness in UOWC systems
is still very limited, which warrants further investigation.
For instance, a power allocation algorithm was proposed in
[13] for multiple-beam space division access-based NOMA
UOWC systems to maximize max-min fairness. Meanwhile,
authors in [24] aimed to maximize fairness while respect-
ing a minimum harvested energy threshold in simultaneous
lightwave information and power transfer (SLIPT)-enabled
two-user NOMA UOWC systems. However, while the studies
briefly reviewed above addressed fairness and EE individu-
ally, these two aspects need to be addressed simultaneously,
as neglecting the fairness would lead to resource starvation
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and neglecting the EE would induce energy waste. To the best
of our knowledge, the joint optimization of EE and fairness in
the context of UOWC networks remains largely unexplored
in the literature.

Reinforcement learning (RL) techniques were also
employed to overcome the dynamicity challenge within
underwater environment, resulting a secure and reliable
UOWC system. In [25], authors addressed the misalignment
problem in point-to-point UOWC and focused on optimiz-
ing the communication between an underwater sensor and
an autonomous surface vehicle that may irregularly shake
above sea level. To this end, a two-step two-agent deep
reinforcement learning algorithm was proposed. Furthermore,
in [26], a deep reinforcement learning (DRL)-based cooper-
ative movement scheme for multiple autonomous underwater
vehicle (AUV)s-based UOWC was proposed to overcome
the misalignment and positional uncertainty problems typical
of underwater environments. In [27], the misalignment and
power allocation problems in UOWC were evaluated, where
authors jointly optimized the beam divergence and transmis-
sion power to maintain a seamless connection in P2P UOWC
while minimizing the battery consumption.

While the literature birefly reviewed above demonstrates
that RL can be a powerful tool for optimizing UOWC
networks, most previous studies still exhibit certain research
gaps. In particular, this body of work considers a NOMA-
enabled multi-beam, multi-user underwater system. Due to
the inherent energy constraints of optical transmitters in
underwater environments, it is essential to maximize the
system’s EE. However, optimizing EE alone does not guaran-
tee rate fairness among distributed nodes, which can degrade
the overall quality of service. In this context, the following
open challenges emerge:

1) Joint Optimization Challenge: How can beamform-
ing and power allocation be jointly optimized in
NOMA-enabled multi-user UOWC systems, while
simultaneously maximizing EE and ensuring max-min
fairness among users?

2) Scalable Learning-Based Optimization: How can net-
work performance be improved through a scalable,
learning-based framework that enables continuous
selection of beam orientations and transmit power lev-
els, thereby overcoming the sub-optimality introduced
by discrete-action selection methods [11]?

In this work, we address these research gaps by designing
a deep deterministic policy gradient(DDPG)-based multi-task
DRL framework that jointly maximizes EE and fairness in
NOMA-enabled multi-user UOWC networks.

Contributions: In this paper, our primary goal is to
optimize the beamforming task, including beam steering and
optimizing the power allocation among various receiving
nodes, using NOMA in each transmitted beam. This opti-
mization aims to maximize both the network’s minimum rate
and EE, while taking into consideration the quasi-stationarity
of nodes underwater. The main contributions of this work can
be summarized as follows:
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e We propose a multi-beam UOWC network model, where
each beam employs NOMA to simultaneously support
multiple underwater user devices. A joint beamforming
and power allocation problem is devised to jointly
maximize the long-term EE and minimum rate of the
network.

e A dynamic RL-based optimization framework is pro-
posed to effectively solve the joint beamforming and
power optimization problem. We propose both single-
agent and sequential multi-agent DDPG models, with a
comparison of their results in terms of the network’s
minimum rate, EE, and algorithm complexity. The
proposed multi-agent model incorporates sequential
decision making that enhances beam steering and power
allocation tasks. Since this procedure enables training
agents tailored to the specific task, these agents have a
better decision making capability in dynamic environ-
ment. As shown in our simulations, compared to the
single-agent approach, the multi-agent approach with
sequential decision-making capability achieves better
results with a slightly higher execution time.

The remainder of the paper is organized as follows.
Section II outlines our system model. In section III, we
formulate the problem. Section IV introduces the prelim-
inaries of DDPG algorithm. In section V, we present the
proposed DDPG-based beamforming solutions. Section VI
details the simulation results. Finally, Section VII concludes.
The notations used in this article are summarized in Table 1.

Il. SYSTEM MODEL

In this paper, we consider a multi-beam NOMA-aided
UOWC where the transmitter is equipped with multi LEDs
and can simultaneously forward multi beams into different
directions [13], [28], [29]. The underwater receivers are
clustered into groups based on their geographical locations,
where each group, also referred to as cluster, is covered by
one of the transmitted beams (see Figure 1). Due to underwa-
ter dynamicity, nodes are considered quasi-stationary, where
their locations randomly shift after a certain period of time
within a sphere of radius € centered on the estimated location
of the node. The total transmitted power cannot exceed a
maximum value P,,,. Our main goal is to maximize the
minimum rate and the EE of the network by optimizing the
beams orientation and power allocation among the different
receiving nodes. NOMA is adopted at each transmitted beam
to simultaneously serve different nodes within the same clus-
ter. Let us assume N beams are transmitted simultaneously.
The transmitted signal from each beam, n, is defined as

shown in (1)
‘M/X‘

Xn = Z VDPnm' Sn’ s (1)
m'=1

where |M,| is the number of nodes covered by beam n,
defined as cluster n, and p,, and s,, are the power
allocated and the signal transmitted to node m’ from cluster
n, respectively. The nodes included in cluster n are defined
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TABLE 1. (Continued.) Table of notations.

TABLE 1. Table of notations. r’(,t) Beam power agent reward at time ¢
Variable Definition rr(,f)n Node power agent reward at time ¢
€ Uncertainty sphere radius S; Continuous state set
Vm,n Thermal noise added to yu, » So,i Continuous orientation state set
L Concentrator field of view Spm Continuous beam power state set
Yn,m Incident angle at the receiver Spum Continuous node power state set
On,m Irradiance angle at the transmitter sg.t) Continuous state value at time ¢
o¢ Online actor network Sn,m Signal transmitted to node m in cluster n
0? Online critic network t Time slot
o Target actor network T Number of steps per episode
0? Target critic network Xn Transmitted signal by beam n
61/2 Transmitter half power angle (xl(-[),ylm) Node coordinates at time ¢
T Update rate of the target networks (x0,n, Yo,n) Beam source coordinates
Yn,i(m) SINR for i" user when decoding the m!" signal Yn Received signal at node m in cluster n
% Discount factor In,i(m) Recovered m'" user signal at node m in cluster n
Qg,Qc Learning rate
o? Noise power
Aoy, Continuous action set taken on orientation
Apm Continuous action set taken on m'" node 1
Ay Node aperture area O
aoy, Orientation action B
ap; Node power action g
c Water attenuation coefficient Q
c(Wn,m) Gain of the optical concentrator 1 [ Node 2,1 .
dn,m Distance from beam n to node m ml. C s . @ noce 22
de The random moving distance of nodes i
EE Energy efficiency O
Underwater channel attenuation function .
from beam n to node m Multi-aperture multi- Bk
I, i(m) Sum off inter and intra-interference LED transmitter C 2 TR
L9 Loss function 1 @ Noen
M Total number of nodes Node N's‘\! ,/,NOde N2
My, Number of nodes covered by beam n Node f -
N Number of clusters/beams cluster
Np Batch size FIGURE 1. System model.
Np Agent discovery end
No,o Orientation agent discovery end based on their geographic locations. The receiving nodes are
No,p Power agents discovery end initially decomposed into multiple clusters using standard
Nep Number of episodes clustering algorOithms such as the K-means clustering.! Each
Nwater Water refraction index cluster is supported by one beam. The received signal at each
ol Beam orientation at time ¢ node m covered by beam n can be expressed as shown in (2)
Py Circuit and hardware power consumption N My
Prmax Maximum transmitted power Yom = hn’m X, + Z hn,’m Z m S+ Vinns 2)
Pnm Power allocated to node m from cluster n W o=1 m=1
p(n” Power assigned to beam n W #n
p%)m Power allocated to node m from cluster n at time ¢
Q Q-function where v, ~ A0, 0?) is thermal noise and hpm 1
Rp,i(m) i'" user achievable rate when decoding m'" signal underwater channel attenuation function from beam n to
Rp(m) Achievable rate for m‘" user from cluster n node m defined using the Beer-Lambert laww as shown in
Ruin Minimum rate for all NOMA users (3), as shown at the bottom of the next page,where A, is the
re Reward at time ¢ . ) ) ) )
r(()t) Orientation agent reward at time ¢ SCh:"rEzS proposed resource allocation is also valid for other clustering
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node m’s aperture areas in m2. 6,,, is the irradiance angle
at the transmitter, ¥, ,, is the incident angle at the receiver.
The distance from beam »n to node m is denoted by d, ,, ¢ is
the water attenuation coefficient, and m =
—In(2)/In(cos(61,2)) is the Lambertian order of the transmitter
where 6,/ is the half power angle of the transmitter [30].
c(Y,m) is the gain of the optical concentrator defined as
specified in (4)

2
Myater
sinzdu,m)) - 0<Yum <y

O’ wn,m > lﬁ?

C(wn,m) = (4)

where n,,4,, in the water refraction index and y is the concen-
trator field of view (FOV). The channel attenuation function
captures unique characteristics of UOWC systems, where the
attenuation is an exponential function of the distance, while
the incident and irradiance angle directly impact the channel.
This contrasts with RF communications, where path loss
typically follows a polynomial decay and is less sensitive
to nodes alignment. Different NOMA users within the same
cluster are sorted in the ascending order of their channel
attenuation function, i.e. h,; > h,, > > hpm,. At
the reception, each node retrieves its information using the
SIC technique. Said differently, each node m from cluster
n will first decode the signals of the users from the same
cluster with worse channel attenuation functions and will then
remove them from the received signal until it detects its own
information. Hence, when any node i from cluster n with
worse attenuation function than m (i.e. i < m) is decoding the
m' user signal, the remaining signal $,;(m) can be expressed
as shown in (5) [16]

j\’n,i(m) = hn,m PnmSn,m

Decoded signal

m—1

+ hn,m E Vpn,m’ Sn,m’
m'=1

Intra-beam interference

N M,/ |
+ Z hn’,m Z Vpn',m’ Sn’,m' + Vm,i~ (5)
n =1 m'=1
n#n

Inter-beam interference

Consequently, the SINR for the i# user when decoding the

mh signal can be written as shown in (6)

where I, ;(m) is the sum of the inter and intra interference
effects and can be computed as shown in (7)

m—1 N M|
In,i(m) = him Z Pnaw + Z h%’,m Z Pw - (7)
m'=1 =1 m'=1
n =
n #n

The corresponding achievable rate can be deduced using
Yni(m) (see (8))

Ryi(m) = 10gy(1 + yni(m)). ®)

Hence, the corresponding achievable rate is the minimum of
these rates (see (9))

Ry(m) = min R,,(m). ©)

The minimum rate for all NOMA users is defined as shown
in (10)
Rmin = min Rn(m), (10)
n,m

and the EE is defined as shown in (11) [31]
N M,

Z Z R, (m)

n=1 m=1
N ‘Mlll

Zzpn,m+Pf

n=1m=1

EE = , 1D

where Py is a fixed power including the circuit power
consumption and hardware power consumption. We assume
that devices accurately perform SIC operations. In addition,
we assume that each beam has a fixed width but variable ori-
entation, which is optimized according to the served devices
locations. Finally, a time-slotted optimization is considered
and we assume that the channel gains remain fixed within a
given time slot and independently vary at different time slots.
The assumptions taken in this paper are listed as follows.
Assumptions:

e Nodes are quasi-stationary. Their locations randomly
change after a certain period of time within a sphere
of radius € centered on the estimated location of the
node.

e The transmitter can transmit multiple optical beams
simultaneously [13], [28], [29].

e The transmission power is limited to P,,y-.

e Nodes are initially clustered using a clustering tech-
nique. Each cluster is assumed to be served by one
beam. The proposed framework can be applied to any
clustering technique.

e Devices accurately perform SIC operations.

e Each beam has a fixed width, but variable orientation.

2 . . . .
(m) = By Prm ©) Beams orientations are optimized according to the pre-
Yad L.i(m) + o2’ defined beam clusters while avoiding beam overlapping.
DA, —Cdpm
2 % Cosm(en,m) Cos(wn,m)c(Wn,m)e cdn, 5 en,m € [_%; g]
hn‘m = L ' (3)
0, otherwise,
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e A quasi-static oceanic turbulence fading channel is con-
sidered where the channel gains remain fixed within a
given time slot and vary independently at different time
slots.

Importantly, the considered nodes are not mobile. Instead,

the node’s movement is only due to underwater dynamicity.

lll. PROBLEM FORMULATION
In this section, we develop an optimization problem to

conduct beamforming in a multi-beam NOMA technique, so
as to jointly maximize the min rate and EE. Considering
the exponential attenuation and directional nature of UOWC
channels, the min-rate and EE largely depend on nodes
positions and beam orientations. This further highlights the
imbalance between receivers compared to RF systems, mak-
ing minimum rate constraints particularly critical. In addition,
power allocation, albeit essential, cannot fully compensate for
poor channel conditions, which justifies the joint consider-
ation of spatial and resource optimization in the proposed
model. Hence, the beamforming task can be divided into
the following two main sub-tasks: (1) The power allocation
among different nodes and (2) the beams orientation opti-
mization. For a multi-user network, maximizing the max-min
fairness of resource allocation does not lead to optimal EE.
Conversely, only maximizing EE can lead to unfair resource
allocation among users. To strike a suitable balance, our ain
in this study is to jointly maximize the system EE and max-
min fairness of a multi-user UOWC network. To this end,
we divide the overall duration into 7" non-overlapping time
slots defined by z. Let EE® and R”) be the EE and network
min rate at the 7-th time slot, respectively. The optimization
problem can be written as shown in (12)—(15)

1
lim = Y max {R@ ,EE<’>} (12)
T T o o | mn
t=1 Pnm:On

st (C1): Y pl, < Pyax ¥t (13)

(€2): p, >0 VYn,m,t (14)
(€3):-Z+mn-DE <oy

< —g —|—n% Y1, (15)

where constraint (C1) implies that the sum of all node powers
at time t, pﬁ,’,)m, must be below the maximum power P,,,,; con-
straint (C2) implies that each node’s power must be greater
than zero; and constraint (C3) defines the possible orientation
space for each beam orientation at time ¢, 05,’), ne[l,N]. To
avoid beam overlapping and interference, it divides the half
space [’7”, g] into N equal sub-spaces. The considered prob-
lem is non-convex, as it aims to simultaneously maximize
two fractions. Also, reducing the maximization problem to
only min-max rate maximization over interference channel
(i.e., by removing the EE from the objective function) makes
it a classic NP-hard problem [32]. Hence, the considered
problem is provably NP-hard as well. Solving the considered
optimization problem using conventional techniques brings
up several challenges that can be listed as follows,
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e Conventional optimization methods may suffer from
increased complexity due to the intricate algorithms and
decision-making processes involved. The complexity of
these approaches can lead to longer computation times
and higher resource use, making them less efficient, par-
ticularly in real-time or resource-constrained scenarios.

e The computational resources needed to perform the
allocation in conventional methods can be significant.

e Traditional approaches frequently rely on precise knowl-
edge of the users’ instantaneous SINRs/CSI to make
allocation decisions. This requirement for accurate and
up-to-date information can be challenging, especially in
dynamic and unpredictable environments, where nodes
are considered quasi-stationary and their locations, and
hence the CSIs, is changing constantly in a random
manner.

Therefore, considering the aforementioned challenges, RL
is a good candidate to solve this problem in a dynamic
manner.

Remark 1: RL algorithms can learn the optimal pol-
icy directly from their own experiences. While traditional
approaches heavily rely on predefined rules or heuristics and
traditional machine learning techniques need ground truth,
which is costly to obtain for large-scale systems, and lack
adaptability in dynamic environment, RL methods can adapt
and improve their performance over time through continuous
interaction with the environment. This ability to learn from
experience allows RL algorithms to refine their strategies
and achieve higher levels of performance. Moreover, RL
techniques are well-suited for dynamic environments, where
the conditions or constraints may unpredictably change.

IV. DDPG PRELIMINARIES

DDPG is a a model-free, online, off-policy DRL algorithm
that specifically deals with continuous states and action sets.
The main elements of a DDPG and RL algorithm in general
are outlined below:

e States S: It is a quantified definition of the environment
encountered by the agent at certain time ¢. The environ-
ment represents anything that the agent can, directly or
indirectly, interact with.

e Actions A: It is the decision taken by the agent consid-
ering the environment at time f.

e Policy m(.): It is a state-action mapping. The RL agent
aims to converge to the optimal policy that maximizes
the cumulative reward.

e Reward: Maximizing the long-term reward function is
the main objective of an RL problem. It is a quantitative
feedback calculated following the action execution, as
the environment moves from current state s, to next
state St 1.

At each time t, the agent at state s, € S takes an action
a; € A following the policy m(a,/s;). As a result, it receives
a reward r,4 and the state is updated to s,4.

The DDPG agent adopts an actor-critic approach to con-
verge to an optimal policy m that maximizes the expected

VOLUME 7, 2026
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00

> yreir1, where
i=t+1
v € (0,1] is the discount factor. The DDPG agent includes

the following four main networks [33]:

cumulative long-term reward R, =

e An online actor network parameterized by 6“: This
network takes as input the states and outputs the actions.

e An online critic network parameterized by 62: This
network takes as input the states and actions decided
by the online actor network, and outputs the Q-function
Q(s,a) that evaluates the given state-action tuple.

e A target actor network parameterized by ¢: This net-
work is a previous copy of the online actor network used
for tracking the learned network to ensure stability.

e An target critic network parameterized by 6<: It is a
previous copy of the online critic network.

The DDPG algorithm starts by an discovery phase where
the agent discovers the environment by taking random actions
and stores the corresponding resulting states transition and
rewards in its memory. Afterwards, the algorithm learns the
action using the actor network and adding certain exploration
noise .4/ to the action to cover more values of the continues
action set. At each time ¢, the critic network is updated by
minimizing the loss function, defined as shown in (16)

L(6%) = NLB Z [QGs,alt®) = yi]", (16)
where Np is the size of the batch sampled from the memory
and y, is calculated using the Bellman equation (see (17))

ye =10+ Y0 (sev1, 1 (5141101602 ) . (17)

The actor network is updated using the sampled policy
gradient (see (18))

1
Vo = N_B Z [VaQ(S, aIHQ)|s=s,,a:p(s,)VH*‘/l(Swu)lszs,] . (18)
t

Finally, the target networks are updated using (192)-(19b)

(19a)
(19b)

02 — 762 + (1 - 169,
¢ — 10" + (1 -1,

where 7 is the update rate of the target networks. The
following theorem establishes the theoretical convergence of
the DDPG RL algorithm.

Theorem 1 ([34]): Let 7 Q(sy,a;) = 1, + YEQ(syv1,ar11)
be the Bellmann optimality operator and .% be the class of
functions that the critic network can create. The difference
between the estimated Q-value and 7 Q is defined as the
one-step approximation error. Considering n independent
experiences (s, d;, Si+1, 1) and defining Q as the solution that
minimizes the loss in (16), for any 0 < e <1 and ¢ > 0, the
one step approximation error is upper-bounded by (20)

A 2 . 2
0= 70l (1 +9sp fof (1 - 7l

VZ
+C- 2 . InA(F,0)+C  Vyax - 6
ne

(20)
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where C and C’ are two constants, V,,.x = Ruax/(1—A) is the
maximum value in the underlying Markov decision process
(MDP), and A(%,06) is the §-covering number associated
with the function class .%, defined as the minimum number
of euclidean balls of radius § required to cover the space
spanned by .% applied on a fixed set of inputs.

Theorem 1 confirms that, under the assumptions of an
MDP and the availability of i.i.d. experiences, the conver-
gence of DDPG can be guaranteed within a bound. Building
on this theorem, in Section V we introduce single-agent and
multi-agent DDPG reinforcement learning algorithms, and
then validate their convergence through numerical simula-
tions presented in Figures 3—4 of Section VI.

V. DDPG-BASED BEAMFORMING METHOD
A. SINGLE-AGENT DRL APPROACH

MDP Formulation: The considered problem can be con-
verted into an MDP problem. The actions, states, and reward
are defined as follows:

e Actions: We define actions set A =
(Ao, . Aoy Ap,s ., Ap,}, where A,, is the continuous
action set taken on the orientation of the n™ beam,
i € [1,N], and A, is the continuous action set taken
on the power of the m™ node, m € [l, M], where
M = ) ,IM,| is the total number of nodes in the
network. Each action takes a value between 0 and 1.
The beams orientations at each time ¢ are extracted
using the first N actions using (21)

o) = %ag’j - g + (- 1)%,;; e[LN]. (1)
This divides the half space [-%,%] into N equal sub-

spaces, so assuming that beams cannot overlap to
avoid interference, each beam orientation is learned in
its corresponding sub-space. The power allocation is
learned using the M following actions using (22), where
nel[l,N],mel[l,M,]

() n—1

ap; Prax
= B s S n
1

M
e States: We define states set S = {S,.., Sy}, where each
state is a continuous value sl(.’) € §; referring to the slope
of the line between node i and its corresponding beam
origin defined as shown in (23)

(1)
§O = Yi© = Yon

i (1) ’
xi — X0.n

(23)

where (x\"

S ygl)) and (Yo, Xo,) are the corresponding
coordinates of node i at time ¢ and its corresponding
beam sources, respectively.

e Reward: The reward function is defined as the minimum
rate in (10) for selected actions. Such a reward function
is selected after exhaustively trying all possible options
of the reward design, i.e., considering the minimum rate,
network EE, and the weighted sum of both functions.

The minimum rate provides the most suitable outcome.
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Algorithm 1 Single-agent DDPG beamforming algorithm
1: Input: S, A, N,,, T, Ny, .
2: Initialize: Q,u, Q’, ', B.
3: fore=0,1,2...N,, do
4. Reset sV es
5. forte[l,T] do
6: if r < Ny then
; 0 (OO  y
8
9

Randomly choose a; = {ay,, ..

s loysUpys .- Upy
else
Get a® = u(sP19*) + 4D according to the current
policy
10: and exploration noise
11: end if

122 Calculate 0, n € [1,N] using (21)

13:  Caleulate p{,n € [1,N],m € [1,M,] using (22)
14:  Calculate reward r® using (10)

15:  Observe stV

16 Store (s, a®, r®, s¢*V) in experience memory B
17: Sample random batch of size Ng from B

18: Update Q,u, Q',

19: if mod(t,10) = 0 then

20: Move randomly the nodes by a distance d < € from
21: their estimated location

22: end if

23:  end for

24: end for

DRL Algorithm Development: Since the defined
states and actions sets are continuous, in this study, we
propose a DDPG-based solution to solve the considered
optimization problem. The agent defined on the multi-beam
transmitter level starts by initializing the actor critic networks
parameters. For each episode, the states are reset to their
initial values. Then, for the first Ny time slots in the episode,
the agent takes at each time slot # random actions, and after
Ny time slots, it takes actions using the actor network and
adds exploration noise .4; to the chosen action. Then, the
agent calculates the new orientation o,(f ) for each beam n and
power p,(f,)m for each node m in each cluster n using (21) and
(22), respectively. It also calculates reward r, using (10)
and observes next state s.;. The resulting tuple
(84, a1y, 5,41) 1s stored in experience memory B and a
random batch of size N is sampled from B. Finally, the
agent updates the actor and critic networks. We assume
that the nodes randomly move by a distance d. < € from
their estimated location each 10 time slots. The proposed
single-agent DDPG approach is summarized in Algorithm 1.
The agent tests its training each N,y episodes. For the
testing, an algorithm similar to the training algorithm is
used. Except that during the test, the agent runs only one
episode and always takes actions using the actor network
and without adding and exploration noise. In addition,
the resulting tuples in each time slot are not stored in
memory, and the actor and critic networks are not updated.
Theorem 1 confirms that, under the assumptions of an MDP
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and the availability of i.i.d. experiences, the convergence of
DDPG can be guaranteed within a bound. Building on this
theorem, we introduce single-agent and multi-agent DDPG
reinforcement learning algorithms in Section V, and validate
their convergence through numerical simulations presented
in Figure 3 and Figure 4 of Section VI.

Complexity of the single-agent DDPG algorithm is
ﬁ(T-NB~(Cactor + 2Ccrilic))7 where Caclor and Ccritic are the
cost of forward/backward pass through the actor and critic
networks, respectively [35]. The cost of forward/backward
pass largely depends on the architecture of the network and
can be defined using the number of layers in each network
and the number of input and output of each layer (see
Eq. (24)).

H
C= Z(niwnour) + Nowr (24)
h=1

where H is the number of hidden layers in the network,
n;, is the number of input units in the layer, and n,, is
the number of output units. Consequently, computational
complexity of the proposed single layer DDPG algorithm is
O(T.Np.(M(6H + 1) + NBH + 1) + 3H? + 8H + 2)).

This single-agent model outputs N 4 M actions. Hence, by
increasing the number of nodes or beams within the system,
the actions size considerably increases, thereby slowing down
the convergence of the system. To overcome this limitation,
we develop a multi-agent RL approach by distributing the
decision process among different agents that cooperate to
reach the optimal beam orientation and power allocation in
the network. Further detail on the multi-agent DRL approach
is provided below.

B. MULTI-AGENT DRL APPROACH

In wireless network optimization, complex problems can
be tackled effectively by breaking them down into smaller,
manageable sub-problems and solving each one optimally.
Inspired by this strategy, we propose a sequential multi-agent
reinforcement learning approach that ensures a distributed
beamforming task instead of a central one. The main task is
divided into the following three main tasks: (1) optimizing
beam orientation; (2) power allocation among beams; and
(3) power allocation among nodes within each cluster. The
different agents executing each of these sub-tasks are defined
as follows:

e Beam orientation agent: This agent has M states defined
as the slope values of the lines between the node i and
its corresponding beam, as explained in the previous
section, S, = {S,,,.,5,,}. This variable offers an
information of the elevation of node from the beam
axis, which is sufficient to decide the optimal beam
orientation to cover the corresponding nodes. It outputs
N actions A, = {A,,,..A,,}. The beams orientation are
calculated using (21). The reward, rf,’), is defined to be
the EE of the network, since the beam orientation affects
the rates of all nodes, not only the minimum rate. Hence,
focusing on the sum rate included in the EE equation
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would give a more balanced result than focusing on the
min rate only.

e Beam power allocation: This agent has M states, corre-
sponding to the channel information between each node
and its corresponding beam, S, = {hﬁ’m,n €[1,N],me

[1,M,]} ={Sp,,...Sp,}. It has N actions corresponding

to the power allocated to each beam A, = {p,,n €

[I,N]} = {A,,,.,A,). The reward function, %, is
the minimum rate of the network. This is so because
maximizing the minimum rate guarantees that all node
rates are above that minimum rate. By contrast, the EE
function tends to maximize the total system capacity,
which can be achieved by favoring nodes with good
propagation conditions—frequently at the expense of
others with weaker channels. This inherently creates
an imbalance among the nodes’ achievable rates and
may significantly degrade fairness by deteriorating the
minimum rate to very low values. Hence, maximizing
the minimum rate enforces the beam power agent and
node power allocation agent to learn a policy that would
increase data rate of all the nodes within a cluster while
ensuring fairness among them.

e Node power allocation: There are N node power allo-
cation agents, one per cluster. Each of these agents has
M, states, n € N, defined as the channel information
between the considered beam and its corresponding

nodes. S,, = {h2,.m € [LM,1} = {Sp.,Spou }-

It outputs M, actions, A, = {pyu.m € [1,M,]} =

{Apui»-»Ap,y, ) Following the same logic behind the

choice of the beam power allocation agent’s reward

function, the reward function, rﬁ,’?,,, for each agent n is
the minimum rate of its corresponding cluster.

Unlike the single-agent model, this model alleviates the
action size for each node, where the number of actions taken
by the first and second agents is N, and the number of actions
taken by the last agents equals the number of nodes in each
agent. To strike a suitable balance between system EE and
minimum rate, a multi-level reward function, described as
follows, is selected for these agents. The orientation agent’s
reward is set to be the overall EE of the network, the beam
power agent’s reward is defined as the overall min rate of
the network, while the reward of each node’s power agent is
the min rate of each corresponding cluster.

The proposed multi-agent DDPG-RL framework executes
the following tasks sequentially.

1) The orientation agent decides the beam orientations
based on the nodes elevation from the beam axis
using (21).

2) Considering the channel gain based on the chosen
orientation at time f, the beam power agent decides
the power allocated for each beam using the (25)

0]

Pmax
P = “an € [1,N], (25)

n

where p{ is the power assigned for beam n and aﬁ,?l is

the n* action taken by the second agent.
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3) Once the power allocated for each beam is decided by
the beam power agent at time ¢, each node power agent
decides on the power allocated for each node within its
corresponding cluster, using (26)

a(t) pg)
0 = Ll ne[l,Nl,me[l,M,],

26
n,m Aln ( )

where af,fz_m is the m™ action taken by agent n.

4) The agents receive their rewards for their selected
actions.
5) The agents update their actor and critical networks.

The structure of the proposed multi-agent model is illus-
trated in Figure 2. To further improve the results, we propose
a sequential DDPG approach where we introduce a delay
between the discovery phase of the beam orientation agent
and the discovery phase of the remaining agents. In fact, the
discovery phase of the power agents starts simultaneously
with the learning of the orientation agent. The reason behind
choosing the sequential model is that the nodes are quasi-
stationary. Hence, once converged, beam orientations do
not considerably change. Consequently, the sequential model
focuses first on learning the beam orientation, then learns
the optimal power distribution using a close to optimal
orientation-based data. Since a given agent focuses on learn-
ing a particular action optimally instead of learning all the
possible actions, the sequential approach shows improved
capability to learn optimal solution to intricate optimization
problem (12) in the complex and dynamic UOWC environ-
ment. The proposed sequential multi-agent DDPG approach
is summarized in Algorithm 2. Complexity of the proposed
multi-agent DDPG algorithm is defined as the sum of com-
plexity values of all networks, hence it is (T .Ng.(M(12H +
1) + NGH? + 12H + 4) + 6H? 4 18H + 4)). Compared to
the single-agent DDPG algorithm, the sequential multi-agent
DDPG algorithm requires a higher computational complexity.
This will be further demonstrated by simulations in the
following section.

VI. RESULTS AND DISCUSSION
A. SIMULATION SETUP

In this section, we evaluate the performance of the proposed
algorithms. The simulations were performed using Python
3.7. We consider a 25 x 25 m? square area where nodes are
randomly located in each cluster. We consider three clusters
with one beam allocated to each cluster, i.e. N = 3. The
transmitted beams are separated by a distance of 10 cm ver-
tically. We consider pure sea water with extinction coefficient
¢ =0.043 for 4 = 514 nm. The node’s aperture area is set to
A, = 19.6 mm® and the noise power o> = 5 x 1072, The half
power angle is 6y, = 7.5° and the concentrator field of view
(FOV) is ¢ = 70°. The water refractive index is n,qrer = 1.33
[30], [36]. To replicate node’s position uncertaintly due to
underwater turbulence, we assume that each 10 steps, the
nodes move from their estimated position by € = 0.25 m,
defined as the uncertainty radius. The maximum power
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FIGURE 2. Structure of the proposed multi-agent DDPG model.
TABLE 2. System parameters. TABLE 3. DDPG algorithm hyperparameters.
Parameter Value Parameter Value
Simulation area 25 x 25 m? Experience memory capacity 8000
Beam centers {(0,-0.1);(0,0);(0,0.1)} Batch size Np =128
Number of beams N=3 Learning rate ag=10"% a,=1073
Extinction coefficient ¢=0.043 Discount factor v =0.99
Wavelength A =514 nm Optimizer Adam optimizer
Nodes aperture area Ar =19.6 mm? Update rate 7=0.01
Noise power 0% =5x10"12 Number of episodes Nep =80
Half power angle 0172 =7.5° Number of steps per episode T=50
FOV W =70° Orientation agent discovery end No,o =10
Water refractive index Nwater =1.33 Power agents discovery end No,p =30
Uncertainty radius €=0.25m
Power budget Priax =10 W

budget P,,.» = 10 W. The system parameters are summarized
in Table 2.

The hyperparameters of the proposed DDPG algorithms
are defined as follows. Each DDPG agent has four networks:
online and target actor networks, denoted as u and ’,
respectively, and online and target critic networks, denoted as
Q and Q’, respectively. These networks have one input layer,
one hidden layer, and one output layer each. The hidden layer
has 100 neurons. The activation function for the input and
hidden layer is the RELU function. For the actor network’s
output layer, we choose the tanh function to obtain an action
in a defined set, i.e. between [—1,1]. Conversely, for the
critic network’s output layer, we select the linear activation
function. The experience memory capacity is set to 8000
with a batch size of Ny = 128. The actor networks learning
rate is @, = 107*, while the critic networks learning rate
is @. = 1073 and the discount factor is y = 0.99. We use
the Adam optimizer to update the target networks, and the
update rate is set to 7 = 0.01. The number of episode is set to
N, = 80 episodes, with each episode including 7" = 50 steps.
The discovery phase of the orientation agent takes the first
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No,, = 10 episodes, while the discovery phase of the power
agents takes the following 20 episodes and ends at Ny, = 30™
episode. The DDPG-related parameters are summarized in
Table 3.

B. PERFORMANCE ASSESSMENT OF THE PROPOSED
MODELS

We first evaluate the performance of the proposed single-
agent and sequential multi-agent models. We also evaluate
the effect of adding the sequential feature to the multi-
agent DDPG solution by evaluating the performance of
non-sequential multi-agent DDPG approach. Furthermore,
we compare the results with the multi-agent DDPG approach
where the reward for all agents is either set to R,;, or to
EE. We consider the case of three beams where the first and
third clusters include four nodes, while the second cluster
includes three nodes, ie. M = M; = 4 and M, = 3.
The results of the network’s minimum rate and EE for
these five schemes are shown in Figure 3 and Figure 4,
respectively. These figures further justify the convergence
of the proposed algorithms, proven theoretically above.
The network’s minimum rate for the single-agent DDPG
beamforming model converges to around 1.1 bits/s/Hz after
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Algorithm 2 Sequential multi-agent DDPG beamforming
algorithm
1: Input S,, S,, S,,.,n €N, A, A,, Ap,,n € N, Ny, Noo, Nop,

Y.
2: Initialize:
o Qoillor 9, 1y, By
o Q;n Hp> le’ /’l/p’ B
b Qp,m Mpns Q;;,na ,U;,’n, Bp,ns ne [LN]
3: fore=0,1,2...N,, do
4: Reset 5,1,€ S,, 5,1 €S,, and 5,1 €S ,,,n € [1,N]
5: for t € [1,T] do
6: if ¢ < Ny, then
7: Randomly choose a = {a),...,a)}
8: else
9: Get a = p,(s016,°) + A{ according to the current
10: policy and exploration noise
11: end if
12: Calculate 0, n € [1, N] using (21)
13: Update 5% according to off
14: if e < Ny, then
15: Randomly choose 4 = {a(),...,a}) }
16: else
17: Get a) = y,,(sg>|9§") + A} according to the current
18: policy and exploration noise
19: end if
20: Calculate p\,n € [1, N] using (25)
21: Update s according to p{’
22: if e < Ny, then
23: Randomly choose a!)) = {aj,’z e agi o)
24: else
25: Get a)) = ppn(sj,’z 67" + A according to the current
26: policy and exploration noise
27: end if
28: Calculate p) ,n € [1,N],m € M, using (26)
29: Calculate 7, ), and ), using (11) and (10)
30: Observe sU+D, s"'*‘” s(’+1),., (p’j\',l)
31: Store (s, a(” r(’) s(’+{)) in B,
32: Sample random batch of size Np from B,
33: Update Q,,u,, Q.. 1,
34: if ¢ > Ny, then
35: Store (s\,a®, 7P, s$*V) in B,
36: Sample random batch of size Np from B,
37: Update Q,, u,, Q
38: Store (s, ag)n,rf) s“*”) in B,,,n€[l,N]
39: Sample random batch of size Np from B,,,,,n € [1,N]
40: Update Qpu, fpns Qs Mp st € [1,N]
41: end if
42: if mod(t,10) = 0 then
43: Move the nodes randomly by a distance d, < € from
44: their estimated location.
45: end if
46: end for
47: end for

50 episodes, while the network’s minimum rate for the pro-
posed sequential multi-agent beamforming model converges
to around 1.5 bits/s/Hz after 30 episodes. Furthermore, the
EE for the single-agent DDPG beamforming model reaches
15 bits/J/Hz, while the EE for the sequential multi-agent
DDPG approach reaches 40 bits/J/Hz. This supports our
claim that, for large number of nodes in the network,
the single-agent’s action size becomes considerably large,
thereby affecting the performance of such networks. By
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FIGURE 4. Average EE per episode for N =3, My = M3 =4 and M, = 3, T = 50,
€ =0.25, Ng = 30, No o = 10, and No ,, = 30.

contrast, adopting the multi-agent model where the deci-
sion is distributed among different agents alleviates the
task and ensures better and faster convergence. Furthermore,
introducing the sequential feature to the multi-agent DDPG
approach ensures better minimum rate and EE and faster
convergence. For instance, we find that, as compared to the
non-sequential approach, the sequential multi-agent DDPG
approach increases the network’s minimum rate and EE by
0.1 bits/s/Hz and 10 bits/J/Hz, respectively, and converges 5
episodes earlier. Furthermore, the proposed sequential multi-
agent approach gives better and faster convergence than the
sequential multi-agent approach with all rewards set to R,;,.
Finally, the sequential multi-agent approach with all rewards
set to EE maximized the EE compared to all the other
approaches at the cost of a very poor network’s minimum
rate around 0.1 bits/s/Hz. This is well aligned with the
analytical explanation of the choice of the reward functions
presented above. Based on the evidence, we conclude that the
proposed sequential multi-agent DDPG beamforming method
effectively balances the network’s minimum rate and EE
trade-off.

C. PERFORMANCE COMPARISON WITH BENCHMARKS
Next, we evaluate the performance of the proposed single-
agent and sequential multi-agent DDPG beamforming
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FIGURE 5. Average minimum rate per episode for different M, values, N = 3, T = 50,
€=0.25, Ng = 30, No o = 10, and No ,, = 30.

methods as a function of the number of nodes per cluster
and water condition. For comparison, we use the following
benchmarks.

e Weighted minimum mean-square error (WMMSE)-
based EE maximization with min-rate constraint
(WMMSE-EE-MinRate): EE is defined as a fraction
where the nominator is the sum of rates. Consequently,
power allocation task is performed using fractional pro-
gramming with Dinkelbach’s method [37], combined
with the WMMSE framework for handling the non-
convex rate expressions [38]. The beam orientations are
defined according to the estimated locations of nodes.

e Quadratic Transform (QT)-based EE maximization with
min-rate constraint (QT-EE-MinRate): Similarly to the
previous benchmark, this one uses fractional program-
ming with Dinkelbach’s method to solve the EE
maximization problem, which is followed by using QT
instead of WMMSE to solve the non-convex sum rate
expression [39], [40]. The beam orientations are defined
according to the estimated locations of nodes.

e Equal power allocation: The beam orientation task is
performed using a DDPG agent as defined in the pro-
posed multi-agent DDPG approach, while the nodes are
assigned equal power, i.e. P, = Ppu/M.

The network’s average minimum rate per episode is a
decreasing function of the number of nodes per cluster (see
Figure 5). This is because increasing the number of nodes
increases the interference in the network, thereby degrading
the minimum rate. For up to three nodes per beam, the
proposed single and multi-agent DDPG approaches have the
same performance in terms of the network’s minimum rate.
As the number of actions for the single-agent model is a
function of the number of nodes, keeping a small number
of nodes per cluster ensures a small action set size. Con-
sequently, the performance of the two proposed approaches
is similar. However, starting from four nodes per cluster,
the proposed sequential multi-agent approach increases the
network’s minimum rate by around 0.2 bits/s/Hz as compared
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FIGURE 6. Average EE per episode for different M, values, N = 3, T = 50, € = 0.25,
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to the single-agent approach. At five nodes per cluster, the
proposed sequential multi-agent approach achieves the best
minimum rate in the range of 1 bits/s/Hz, as compared to
the other approaches. Based on this evidence, we conclude
that not exceeding five nodes per cluster in the considered
system will ensure tolerable rates for all nodes in the network.
Regarding the considered benchmarks, the resulting average
minimum rate per episode is considerably lower than that
of the proposed models, reaching 0.3 bits/s/Hz for the equal
power allocation and QT-EE-MinRate, and 0.4 bits/s/Hz for
WMMSE-EE-MinRate. This is so because the equal power
allocation benchmark maximizes the power for all nodes, thus
maximizing the interference within the network, and the other
two benchmarks aim to maximize the network’s sum rate at
the cost of the minimum rate.

The EE for different numbers of nodes is illustrated
in Figure 6. The proposed sequential multi-agent DDPG
approach has increasing EE values by increasing the number
of nodes per cluster, exceeding 50 bits/J/Hz for the case
of five nodes per cluster. Conversely, the proposed single-
agent approach gives decreasing EE values by increasing the
number of nodes per cluster, reaching 15 bits/J/Hz at five
nodes per cluster. This is due to the fact that, in the single-
agent decision, only the minimum rate is considered, i.e.
without taking care of the EE results; by contrast, the multi-
agent approach optimizes the trade-off between network’s
minimum rate and EE, and achieves a balanced results for
both metrics. As for the equal power allocation and QT-EE-
MinRate benchmarks, the EE values are almost constant for
all number of nodes per cluster, ranging about 8 bits/J/Hz for
the equal power allocation and around 10 bits/J/Hz for the
QT-EE-MinRate. Concerning WMMSE-EE-MinRate, the EE
is an increasing function reaching 120 bits/J/Hz for 6 nodes
per cluster. This increase on EE is at the expense of min-rate
performance as proven by Figure 5.

Furthermore, we evaluate the effect of water condition
on the performance of the proposed models. To this end,
we consider three different water conditions defined by
variable water attenuation coefficient values, ¢, as shown in
Table 3. The results displayed in Figures 7- 8 reveal that the
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FIGURE 8. Average EE per episode for different water conditions.

average minimum data rate and EE of the proposed models
deteriorate with increasing the attenuation coefficient. This
can be explained by the fact that increasing the attenuation
coeflicient affects the communication channel, which has an
impact on the data rate and EE of the nodes. However, the
proposed models outperform the benchmarks in terms of
minimum data rates for the different water conditions that
are considered. For instance, for ¢ = 0.043, the sequential
multi-agent DDPG model achieved a 74% higher minimum
rate per episode as compared to the equal power alloca-
tion and QT-EE-MinRate, and a 68% higher min-rate than
WMMSE-EE-MinRate. Furthermore, the single-agent DDPG
model achieved a 64% higher minimum rate than the equal
power allocation and QT-EE-MinRate, and a 56% higher
minimum rate than WMMSE-EE-MinRate. Regarding the
EE performance, the sequential multi-agent and single agent
models achieved 77% and 45% higher EE than equal power
allocation and QT-EE-MinRate benchmarks, respectively. In
its turn, WMMSE-EE-MinRate yielded a better EE than the
proposed models, which can be explained by the fact that
this benchmark is maximizing EE at the expense of the min-
rate, despite the constraint set on min-rate. Finally, we can
conclude that the proposed DDPG frameworks adapt well to
the varying underwater environment.
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FIGURE 9. Comparison of the resulting beam axis orientations of the proposed
methods and benchmarks.

TABLE 4. Attenuation coefficient of various types of water for A = 514nm [41].

Water type c(m™T)
Pure sea water 0.043

Clean ocean 0.151
Coastal ocean 0.298
Turbid harbor 2.19

To further evaluate the performance of the proposed meth-
ods in comparison with considered benchmarks, we consider
a specific case study with three clusters of nodes, where the
first (M) and third (M3) clusters have fours nodes, while the
second (M;) cluster has three nodes. The resulting beam-
axis orientations and power distribution among the nodes
are displayed in Figures 9- 10, respectively. The resulting
beam axis for the proposed methods and the equal power
benchmark positions itself along the updated node positions,
unlike WMMSE-EE-MinRate and QT-EE-MinRate that con-
sider the estimated locations of nodes. This is so because
the first three methods adopt the DDPG to converge to the
optimal orientation according to the updated locations of the
nodes. As for the power distribution among nodes, a certain
balance is guaranteed among nodes’ powers for the proposed
methods, with higher power allocated to further nodes from
the source (see Figure 10). Regarding the benchmarks, we
observe an almost equal power allocation for the QT-EE-
MinRate benchmark, which explains similarity in min-rate
and EE results with the equal power allocation benchmark.
In our case study, the proposed sequential multi-agent DDPG
framework yields improved beam orientation and power dis-
tribution among nodes. As confirmed by the results presented
in Figures 6- 7, it achieves both higher EE and better rate
fairness as compared to the benchmark schemes.

Comparison with Exhaustive Search and Branch and
Bound Methods: The performance of the proposed sequen-
tial multi-agent DDPG and single-agent DDPG is also
evaluated in comparison to the exhaustive search and branch
and bound method. Considering the high complexity of these
methods, we limit the study to a small number of nodes.
Specifically, we consider the following two cases for the
exhaustive search method: (a) two clusters with two nodes
each, and (b) two clusters with three nodes each. We also
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TABLE 5. Comparison with the exhaustive search method. TABLE 6. Comparison with the branch and bound method.
Minimum rate EE Minimum rate EE
M=[2,2] | M=[3,3,3] | M=[2,2] | M=[3,3] M [2,22] | 3,3,3] | [444] | (222] | [333] | [444]
Sequential Multi-agent Sequential
4.4 2.24 26.16 14.87
DDPG Multi-agent 4.39 2.28 1.51 23.5 32 35
Single-agent DDPG 4.38 2.22 21,43 14.26 DDPG
i Single- t
Exhaustive search 0.42 0.29 14.32 14.57 ingle-agen 438 294 1.2 175 16 15
DDPG
Branch and 0.99 0.585 0.5 109 110 109
consider the three following cases for the branch and bound Bound ’ ’ ’

method: (a) three clusters with two nodes each, (b) three
clusters with three nodes each, and (c) three clusters with
four nodes each. To apply the exhaustive search, we discretize
the continuous set of orientations and power to 10 equidistant
values. The results are depicted in Table 5. We observe that
both DDPG-based RL methods achieve a better minimum
rate and EE as compared to the exhaustive search method. Of
note, the computational complexity of an exhaustive search
increases exponentially with the number of available beam
orientations and transmit power levels. Therefore, in practice,
exhaustive search is typically limited to selecting transmit
power and beam orientations from a discrete set of possible
actions. This limitation leads to sub-optimal solutions, despite
the fact that, theoretically, exhaustive search can find the
global optimum. By contrast, DDPG-based RL algorithms
can select continuous action values with polynomial com-
putational complexity. Consequently, they achieve superior
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performance in terms of minimum rate and EE as compared
to the considered exhaustive search. Concerning the branch
and bound method, we adopt the case of EE maximization
with constraint on min-rate. The results show that the branch
and bound method achieves higher EE results than the
proposed DDPG-based RL methods, but with significantly
smaller min-rate results. This outcome can be explained by
the fact that, in this case, the branch and bound method tries
to maximize the EE on the expense of min-rate. The branch
and bound method is globally optimal for a single-objective
EE maximization problem with a min-rate constraint. How-
ever, the proposed sequential multi-agent DDPG targets a
fundamentally different joint objective that simultaneously
maximizing both EE and min-rate fairness for which no
classical global solver exists at tractable complexity. In this
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TABLE 7. Comparative analysis of the proposed method with the considered benchmarks.

. . . Exhaustive Branch and Single-agent Sequential multi-
Criteria Equal Power | WMMSE-EE-MinRate | QT-EE-MinRate
search bound DDPG agent DDPG
Complexity Low High Moderate Very high Very high Low Moderate
Scalability Poor Poor Very poor Very poor Very poor Moderate High
R . . . . Globally optimal X X
Optimality | Sub-optimal Sub-optimal Sub-optimal Sub-optimal . L Near-optimal Optimal
(for given objective)
mmm Sequential Multi-Agent DDPG feasibility enforcement at every snapshot, whereas the trained
014 Single-Agent DDPG DRL policy amortizes the optimization effort into an offline
__.042 ™= Equal Power Allocation training stage, thereby enabling fast online decision-making.
“ = \WMMSE-EE-MinRate . , .
> ) More specifically, the proposed framework’s computational
€ 010 == QT-EE-MinRate L. ? . .
= complexity is primarily dominated by neural network opera-
Z 0.08 tions (i.e., multiplications and additions) and does not require
3 any additional iterative optimization procedures.
S 0.06 ) )
2 Finally, we can conclude that the proposed single-agent
Ll . . . .
0.04 and sequential multi-agent solutions achieve good results
0.02 for the network’s minimum rate/EE tradeoff. Compared to
0.00 the single-agent model, the sequential multi-agent model
. M=[2,2,2] M=[3,3,3] M=[4,44] M=[555 M=[6,66] enhances the network fairness and EE for higher number
Number of Nodes of nodes, with a slight increase in the run time. The
FIGURE 11. Episode run time for different Mp, values, N = 3, T = 50, € = 0.25, Sequentlal learmng feature further 1mproves the results of

No =30, Ng o = 10, and No ,, = 30.

joint-objective sense, branch and bound achieves high EE at
the cost of severely degraded min-rate (0.5 —0.99 bits/s/Hz),
failing to balance both metrics. The proposed method, by
contrast, achieves a superior trade-off across both objectives
jointly. These results confirm that, in practice, the proposed
sequential multi-agent DDPG-based RL algorithm not only
converges, but also outperforms globally optimal solutions,
which can be attributed to the latter’s inherent implementa-
tion complexity.

D. ALGORITHM COMPLEXITY ASSESSMENT

Finally, we evaluate the complexity of the proposed algo-
rithms. Figure 11 shows a comparison of the runtime per
episode for the different considered algorithms. The single-
agent algorithm has a lower runtime per episode than the
sequential multi-agent allocation benchmark, reaching around
0.06 s for five nodes per cluster. Meanwhile, the sequential
multi-agent algorithm’s runtime per episode exceeds 0.08 s
for five nodes per cluster. The proposed single-agent algo-
rithm has one running agent, while the sequential multi-agent
algorithm includes 2 4+ N agents, which makes it slower and
more complex than the single-agent algorithm. Concerning
the benchmarks, the equal power benchmark has a lower
runtime than the proposed methods. This is so because it has
one running agent that decides only on the beam orientations,
which lightens the complexity of the algorithm. Meanwhile,
QT-EE-MinRate has a similar run time as compared to the
sequential multi-agent approach, and WMMSE-EE-MinRate
exhibits the highest runtime for three or higher nodes per
cluster. This behavior can be explained by the fact that these
two benchmarks rely on repeated alternating updates and
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the multi-agent solution. Also, the proposed models con-
siderably increases the network’s fairness as compared to
the considered benchmarks. Table 7 presents the results of
a comparative analysis of the proposed models with the
benchmarks.

VIl. CONCLUSION

In this comprehensive exploration of the domain of UOWC,
we aimed to optimize the beamforming task for a multi-beam
network using the NOMA technique within each transmitted
beam. A joint beam orientation and power control problem
was formulated to concurrently optimize both system EE and
minimum rate. To efficiently solve this problem, single-agent
and multi-agent DDPG RL solutions were developed. A com-
parison of these solutions with the considered benchmarks-
namely the equal power allocation, WMMSE-EE-MinRate
and QT-EE-MinRate, proved that the proposed solution
ensures more balanced results for the system’s minimum rate
and EE tradeoff. In addition, by distributing the task among
different agents and hence alleviating the decision for each
agent, the multi-agent solution improved the EE and fairness
as compared to the single-agent solution for a higher number
of nodes per cluster.

The proposed methods can be deployed in real-world sce-
narios by adding a control unit to the multi-beam transmitter.
In the case of AUVs, the control unit is usually already
in place, since the AUVs are remotely monitored. Impor-
tantly, the training of the DDPG agent is also performed
offline. Once the model converges, only the trained model
is used to perform the beamforming task. Importantly, the
computationally intensive training phase is limited to only
a short time (e.g., a couple of seconds as depicted by the
presented results), where the convergence is achieved within

5177



ROMDHANE et al.: DYNAMIC RESOURCE OPTIMIZATION FOR A JOINT MAX-MIN FAIRNESS AND EE PROBLEM

50 episodes and the runtime per each episode is less than
0.1 seconds. Thus, our proposed DDPG framework is feasible
for practical UOWC systems.

The proposed methods are designed for quasi-stationary
nodes, perfect SIC and CSI conditions. In our future work,
we intend to investigate the case of mobile nodes where
the receiving sensors are mobile AUVs traveling underwa-
ter. Under such conditions, the clustering task should be
conducted dynamically. Furthermore, to alleviate the power
consumption on the underwater system and realize training
using more powerful equipment, the integration of digital
twin that replicates the underwater propagation scenario will
be investigated. In this context, we will address the case
of imperfect CSI estimations and develop an appropriate
RL-guided robust optimization algorithm. Finally, a prospec-
tive experimental evaluation of the proposed models will be
conducted to further demonstrate their effectiveness in real-
world underwater scenarios.
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