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Abstract—Integrated aerial-terrestrial maritime networks represent
communication-constrained environments that often suffer from limited
adaptability and interoperability. To overcome these limitations, we de-
sign an intelligent network slicing framework leveraging Open Radio
Access Network (O-RAN) features. We propose an asymmetric-state
hierarchical multi-agent reinforcement learning algorithm to achieve
adaptive quality of service-aware maritime connectivity. By hierarchically
structuring discrete and continuous agents, the algorithm handles the
Virtual Network Function (VNF) orchestration actions, the RAN slicing
actions, and their interdependency. The two agents are coordinated
via a novel inter-agent communication module based on various pro-
posed approaches designed to study the communication between the
agents. The results demonstrate that the proposed solution outperforms
single-agent benchmarks, achieving approximately 65% higher reward
than the discrete baseline and over three-fold increase the reward of
the continuous benchmark. It also highlights the key role of the inter-
agent communication module in improving the agents’ coordination and
enhancing the overall performance.

Index Terms—Maritime communications, Network Slicing, Multi-Agent
Reinforcement Learning (MARL), Open Radio Access Network (O-
RAN), Unmanned Aerial Vehicle (UAV).

1 INTRODUCTION

Over the past few decades, maritime activities have evolved
from traditional fisheries and aquaculture to encompass
marine tourism, ocean exploration, and emerging data-
intensive applications. This evolution necessitates ubiqui-
tous and reliable connectivity capable of meeting heteroge-
neous Quality of Service (QoS) requirements across diverse
use cases such as maritime entertainment, autonomous ves-
sels, marine robotics, and real-time monitoring. For instance,
maritime communications systems are expected to offer
high data rate connectivity for video streaming users simul-
taneously with low-delay links for robotic users. However,
maritime communications face multiple intrinsic challenges
such as large sea regions, scattered end-users and sparse
infrastructure [1]. Conventional maritime networks rely on
on-shore base stations that offer basic services with lim-
ited reach. Although satellite communications have been
adopted to extend maritime coverage, these systems often

Sahar Ammar and Basem Shihada are with CEMSE Division, King Abdullah
University of Science and Technology (KAUST), Thuwal, Makkah Province,
Saudi Arabia. Wiem Abderrahim is with University of Carthage, Ecole
Supérieure des Communications de Tunis (Sup’Com), LR11TIC05, Réseaux
Radio-Mobiles Multimédia (MEDIATRON) Lab and University of Gabes,
Ecole Nationale d’Ingénieurs de Gabès (ENIG), Tunisia. E-mail: {sahar.ammar,
wiem.abderrahim, basem.shihada}@kaust.edu.sa.

exhibit high latency and require large antennas. They also
incur substantial operational costs that cannot be supported
by small vessels and low-budget users in remote regions [1].
As maritime communications progressively evolves toward
the 6G era, unmanned aerial vehicles (UAVs) have emerged
as a promising solution since they are cost-effective, adapt-
able, and easy to deploy [1]–[5]. UAVs can be used as
aerial relays that connect maritime vessels and on-shore
base stations to extend the footprint and enhance the com-
munication reliability across wide sea regions.

Nonetheless, the resulting maritime aerial–terrestrial ar-
chitectures are heterogeneous and often constrained by pro-
prietary, closed implementations, limiting interoperability
and scalability. Consequently, efficient maritime network
slicing mechanisms are required to support diverse mar-
itime applications. To address these limitations, the Open
Radio Access Network (O-RAN) paradigm can be leveraged
offering a suitable foundation for network slicing. Through
its principles of virtualization, openness, and intelligence,
O-RAN enables the deployment and management of mul-
tiple network slices over shared infrastructure, supporting
maritime services with heterogeneous QoS requirements.
In particular, RAN virtualization facilitates the deployment
and orchestration of Virtual Network Functions (VNFs) in
a flexible and slice-oriented ecosystem, while the disaggre-
gation of RAN functionalities enables multi-vendor inter-
operability [6]–[9]. Moreover, the O-RAN architecture in-
corporates software-defined control through the Non-Real-
Time (Non-RT) and Near-Real-Time (Near-RT) RAN Intel-
ligent Controllers (RICs). These controllers provide native
support for data-driven and AI-assisted decision-making,
promoting intelligent and dynamic VNF orchestration and
RAN resource management. In addition, the O-RAN open
interfaces (e.g., A1, E2, and O1) provide standardized links
that facilitate information exchange and data collection for
the training and inference of DRL-based network manage-
ment algorithms. In this context, we design an AI-enabled
network slicing framework, built upon the O-RAN architec-
ture, for VNF orchestration and RAN resource management
in 6G integrated aerial-terrestrial maritime networks. The
proposed framework employs a hierarchical multi-agent
reinforcement learning (RL) algorithm to achieve adaptive,
seamless, and QoS-aware maritime connectivity.
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1.1 Related Work

Although network slicing is a well-investigated subject in
terrestrial networks [10], [11], its adoption in integrated
aerial-terrestrial networks, particularly in maritime net-
works, is still in its infancy. In fact, the concepts of network
slicing are rarely explored in maritime communications.
However, few studies can be reported where researchers
designed network architectures based on the enabling tech-
nologies of slicing namely software defined networking
(SDN) and network function virtualization (NFV). For in-
stance, an SDN/NFV-based architecture is proposed for
opto-acoustic underwater networks in [12], and for mar-
itime logistics and transport in [13]. Despite these contribu-
tions, multiple issues associated with maritime slicing, such
as RAN resource slicing and VNF deployment, remain unex-
amined. Furthermore, since the solutions for these problems
are typically developed for terrestrial networks; efforts were
dedicated to investigate the application of slicing technolo-
gies in aerial-terrestrial networks [14]. For example, the
authors of [15] explore radio resource slicing optimization
for UAV-based vehicular networks using a Long Short-
Term Memory algorithm. In [16], a RAN slicing scheme
was developed based on successive convex approximation
to optimize the transmit power and the throughput of
enhanced Mobile Broadband slice. In addition, researchers
in [17] examine the VNF placement problem in vehicu-
lar aerial-terrestrial networks using a heuristic method for
revenue maximization. Meanwhile, other studies employ
RL algorithms for VNF deployment optimization [18]–[20].
For instance, a federated Deep Q-Network (DQN) was
employed in [20] to minimize age of information and en-
ergy consumption in mobile edge computing-based UAV
networks. The authors of [18] design a VNF placement
and migration with UAV positioning algorithm based on
multi-agent RL. They maximize the energy efficiency and
minimize the delay using DQN and Deep Deterministic
Policy Gradient (DDPG) to deal with discrete and continu-
ous variables of the optimization problem. Furthermore, the
joint RAN slicing and VNF placement problem is considered
in [21] for integrated aerial-terrestrial networks. An iterative
algorithm was proposed to optimize computing resource
utilization efficiency for three 5G slices.

Despite these advances, most existing studies either
consider the problems of RAN slicing and VNF deploy-
ment in a separate manner, or focus on the issue of VNF
placement, neglecting the problem of joint RAN slicing and
VNF scaling. To address these research gaps, we studied
the problem of joint RAN slicing and VNF deployment,
particularly VNF scaling and VNF migration, in our prior
work [22]. Specifically, we developed an AI-based maritime-
oriented network slicing framework for integrated aerial-
terrestrial networks, where we focused on maximizing the
energy efficiency under resource and QoS requirements
constraints. The formulated problem involved two types
of variables i.e. continuous variables for RAN resource
slicing and discrete variables for VNF scaling and migra-
tion. However, the solution proposed in [22] adopted a
single-agent approach where the continuous actions were
quantized to unify the action space and enable the use
of Deep RL (DRL) algorithms. Although such single-agent

method presents a simple solution to the mixed-integer
problem, the discretization step of the continuous variables
can impact the optimality of the agent causing a degra-
dation in its performance. Additionally, the design of the
continuous actions quantization creates a tradeoff between
the accuracy of the agent’s decisions and the simplicity of
its action space. To overcome these issues, we develop, in
this work, a multi-agent DRL framework based on Dueling
Double Deep Q-Network (D3QN) and Twin Delayed DDPG
(TD3) to deal with the discrete and continuous actions,
respectively. Although multi-agent RL techniques have been
widely applied to network slicing, the impact of inter-agent
interactions on the overall algorithmic performance has
been rarely investigated [18], [23]–[26]. Therefore, further
research is required to develop intelligent, adaptive, and
cooperative solutions that jointly optimize RAN slicing and
VNF orchestration in integrated aerial–terrestrial maritime
networks.

1.2 Main Contributions

In this paper, we study the problem of joint RAN slicing
and VNF orchestration in integrated aerial-terrestrial mar-
itime networks. We leverage O-RAN features, including
virtualization and intelligence, to enable the deployment of
network slicing. Such features promote seamless maritime
connectivity while meeting the diverse QoS demands of
different slices. Additionally, we take into account the prop-
erties of maritime integrated networks, including the clus-
tered distribution, the low density of maritime users, and
the restricted resources of virtualized network nodes (UAVs
and marine buoys). We formulate the optimization problem
that maximizes the resource utilization, while satisfying the
QoS requirements of the desired slices, i.e. a low-latency
slice and a high-throughput slice, as well as the resource
constraints. The formulated problem involves two types of
variables: continuous variables for RAN resource slicing and
discrete variables for VNF orchestration.

To overcome the limitations of single-agent solutions,
we design an asymmetric-state hierarchical multi-agent re-
inforcement learning (ASH-MARL) algorithm for maritime
slicing. The proposed framework is based on two special-
ized agents, namely a D3QN agent that handles the discrete
VNF orchestration actions and a TD3 agent that manages
the continuous RAN slicing actions. In addition, the two
agents are hierarchically structured and coordinated via
a novel inter-agent communication module, enabling the
framework to capture the dependency between the discrete
orchestration decisions and the continuous slicing decisions.
This module defines the communication between the two
agents in our multi-agent setting and enables their coordina-
tion. Specifically, it allows us to investigate the impact of the
environment state and the D3QN actions on the TD3 agent,
and thereby the performance of the multi-agent algorithm.
We examine four communication approaches; (i) an inde-
pendent approach which is a baseline where the two agents
act independently, (ii) an augmentation technique where the
environment state is augmented with the D3QN actions to
form the TD3 state, (iii) a transformation scheme where the
TD3 state is obtained by transforming the environment state
using the D3QN actions, and (iv) a hybrid approach that
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combines both augmentation and transformation methods.
The main contributions of this work can be summarized as
follows:

• We develop an intelligent network slicing frame-
work for integrated aerial-terrestrial maritime networks
based on O-RAN concepts. Considering the properties
of such networks, we use RAN virtualization to dy-
namically scale the VNFs and slice the RAN resources
to fulfill the needs of two distinct slices.

• We propose the ASH-MARL algorithm, based on D3QN
and TD3, to deal with the discrete and continuous vari-
ables and handle their inter-dependency. The frame-
work includes a shared replay buffer based on pri-
oritized experience replay (PER) to improve learning
stability and efficiency.

• We design a novel inter-agent communication module
to study the communication between the two agents by
examining four different approaches that describe the
impact of the environment state and the D3QN actions
on the TD3 agent, and thereby the performance of the
multi-agent framework.

• Our findings demonstrate that the ASH-MARL solution
outperforms single-agent benchmarks, and highlights
the key role of the designed inter-agent communication
module in improving the agents’ coordination and en-
hancing the overall performance.

The rest of this paper is organized as follows; the system
model is detailed in Section 2 and the joint VNF orches-
tration and RAN slicing problem is formulated in Section
3. Section 4 is dedicated for the ASH-MARL framework
proposed to tackle the formulated problem. Finally, we
present and analyze our results in Section 5 and conclude
in Section 6.

Fig. 1: Illustration of Integrated Aerial- Maritime Network
Architecture.

2 SYSTEM MODEL

The proposed integrated aerial-maritime architecture con-
sists of marine buoys, tethered and non-tethered UAVs
acting as RAN nodes, offering connectivity to maritime
clustered end-users, as illustrated in Fig.1. The users in the
maritime environment typically have a sparse distribution
in the large marine area and are simultaneously grouped
in small regions i.e. ships and marine vessels, which form
dispersed clusters [1]. Thus, we leverage this clustered

Parameter Description
T Set of time slots
S Set of network slices
U Set of non-tethered UAVs
Uth Set of tethered UAVs
B Set of marine buoys
Ks Set of ships belonging to slice s
Xκs (t) Position vector of ship κs at time slot t
Xξ(t) Position vector of node ξ ∈ N = {U,Uth, B} at time

slot t
Cξ Maximum CPU capacity at node ξ ∈ N
Pξ Maximum transmission power at node ξ ∈ N
Bξ Bandwidth at node ξ
ci CPU capacity needed for the deployment of one VNF

instance i
QP,i,s CPU capacity required by VNF instance i serving s
QT,i,s Size of data transmitted by VNF instance i serving s
Rs,min Minimum achievable throughput for slice s
Ls,max Maximum latency requirement for slice s
δξ,i,s(t) Placement of VNF instance i deployed at node ξ to

support slice s at time slot t
υξ,s(t) Integer variable indicating the scaling of VNF instances

at node ξ serving slice s at time slot t
Υξ,s(t) Total number of VNF instances deployed at node ξ

serving slice s at time slot t
cξ,i,s(t) CPU capacity which is allocated to VNF instance i at

node ξ serving slice s at time slot t
pξ,i,κs (t) Transmission power to be allocated to VNF instance i at

node ξ supporting slice s

TABLE 1: Main parameters.

distribution and model ships as end-users to reduce prob-
lem complexity1. In addition, such maritime characteristics,
namely sparse user distribution and low number of RAN
nodes, result in negligible inter-cell interference. We fur-
ther assume that interference management techniques are
implemented to mitigate any residual effects. Moreover,
we consider two network slices defined according to their
distinct QoS requirements, namely a high-throughput slice
(slice 1) and a low-latency slice (slice 2), with a predeter-
mined ship-to-slice association. While the two slices are
selected as a representative case study of maritime slicing,
the proposed framework can support a larger number of
slices, each associated with distinct throughput and latency
requirements according to the targeted services.

Furthermore, we incorporate the different components
of the O-RAN architecture in the integrated aerial-terrestrial
maritime networks [6], [7]. The O-RAN components are
connected through standardized open interfaces that facil-
itate information exchange and control signaling. In fact,
the open Radio Unit (O-RU) and Distributed Unit (O-DU)
offer low-level functions and they can be both placed in the
marine buoys and the UAVs to minimize network delays.
Using the F1 interface for its connection to the O-DUs,
the open Centralized Unit (O-CU) deals with high-level
functionalities. It can run on on-land edge servers with
sufficient computing resources. Moreover, the Near-Real-
Time RIC (Near-RT RIC) uses the E2 interface to connect
to the O-CU/O-DU to exchange network data and control
commands. Deployed on cloud/edge servers, the Near-RT
RIC is responsible for RAN management and control. It
enforces the AI-based policies obtained from the Non-RT

1. We note that this abstraction is commonly adopted in maritime
communications [1], [27]–[29].
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RIC, through the A1 interface. The Non-RT RIC runs on
cloud servers and handles intelligent network optimization,
policy management, and RAN analytics by supporting the
training of AI models. Fig.1 depicts the main components
and interfaces of the O-RAN architecture incorporated in
the integrated network. Also, Table 1 gives a summary of
the main parameters.

2.1 Channel Modeling

The proposed architecture includes two types of channels;
Air-to-Sea (AS) channel for the links between UAVs and
end-users, and Sea-to-Sea (SS) channel for the links between
buoys and end-users. The channel modeling involves the
large-scale fading, and the small-scale fading [3], [30]. On
the one hand, the path loss, defining the large-scale fading,
for the AS channel is given by the Free-space path loss
model [30],

ηAS(t) = 10αAS log10

(
4πda,b(t)

λ

)
(1)

Meanwhile, the two-ray and three-ray models are used for
large-scale fading of the SS channel given by [3],

ηSS(t) =

 10 log10

(
(2η0 sin∆1)

2
)
, da,b(t) ≤ dbr

10 log10

(
(2η0 (1 + ∆2))

2
)
, da,b(t) ≥ dbr

(2)

where η0 =
4πda,b(t)

λ , ∆1 = 2πzazb
λda,b(t)

∆2 =

2 sin
(

2πzazb
λda,b(t)

)
sin

(
2π(zl−za)(zl−zb)

λda,b(t)

)
, and dbr = 4zazb

λ rep-
resents the boundary distance. Additionally, za and zb, zl
denote the heights of the network nodes and the duct layer,
and da,b(t) is the distance between them. Moreover, αch

is the path loss exponent, and λ = c/fc, where c and fc
represent the light velocity and the frequency. Hence, the
path gain of the link is defined by:

ha,b(t) = 10
Ga+Gb−ηch(t)

10 , ch ∈ {AS, SS} (3)

where Ga and Gb are the antenna gains of a and b.
On the other hand, the small-scale fading in the maritime
environment is modeled by a Rician distribution, capturing
the weak paths produced by the sea surface reflections [1],
[2],

fζa,b(t)(x) =
x

σ2
exp

−
(
x2 + µ2

a,b

)
2σ2

I0 (xµa,b
σ2

)
(4)

where µ2
a,b(t) = Pa(t)

(
λ

4πda,b(t)

)αch

GaGb is the average
received power of the line-of-sight component, 2σ2 is the
average received power of the multipath component, and
Pa(t) denotes the transmit power.

2.2 Slice Throughput and Latency

We use the throughput and the latency as slice QoS criteria
for the desired slices. First, the throughput Rξ,i,s(t) offered
by the VNF instance i at node ξ supporting slice s at time t
is expressed as,

Rξ,i,s(t) =
∑

κs∈Ks

Bξlog2(1 + SNRξ,i,κs
(t)) (5)

where Bξ denotes the bandwidth at ξ, Ks is the set of ships
belonging to slice s, and SNRξ,i,κs

(t) represents the SNR
per ship given by,

SNRξi,κs
(t) =

hξ,κs(t)ζ
2
ξ,κs

(t)pξ,i,κs(t)

BξN0
(6)

where pξ,i,κs
(t) is the transmission power that is allocated

to VNF instance i at ξ serving ship κs of slice s at time
t. Additionally, N0 and ζξ,κs

(t) represent the noise power
spectral density and the Rician fading factor.

Furthermore, the transmission latency LTξ,i,s(t) and the
processing latencyLPξ,i,s(t) of VNF instance i at node ξ
supporting slice s at time t are given by,

LTξ,i,s(t) =
QT,i,s
Rξ,i,s(t)

, LPξ,i,s(t) =
QP,i,s

cξ,i,s(t) + ci
(7)

where cξ,i,s(t) is the CPU capacity which is allocated to
VNF instance i at node ξ serving slice s at time slot t, and
ci is the CPU capacity needed for the deployment of one
VNF instance i. In addition,QP,i,s denotes the CPU capacity
required for slice s and QT,i,s is the size of data transmitted
by instance i serving s. Thus, the total latency Lξ,i,s(t) of
VNF instance i at ξ supporting slice s at t is,

Lξ,i,s(t) = LTξ,i,s(t) + LPξ,i,s(t) (8)

3 JOINT VNF ORCHESTRATION AND RAN SLIC-
ING PROBLEM

In this section, we formulate the optimization problem
that jointly considers the slicing of RAN resources and the
scaling of VNF instances. Hence, the optimization variables
consist of the integer scaling variable υξ,s(t), which deter-
mines the number of VNF instances to be added or removed
at network node ξ serving slice s at time slot t, the CPU
capacity cξ,i,s(t) and the transmission power pξ,i,κs

(t) to be
allocated to VNF instance i at virtualized node ξ supporting
slice s.

3.1 Constraints

Several constraints should be fulfilled in order to make the
appropriate decisions of VNF orchestration and RAN slicing
to serve both of the desired slices. These constraints involve
communication and computing resources, ensuring that the
consumed resources remain within the available capacities
at each virtualized node ξ, given by,

C1 :
∑
s∈S

∑
i∈{1,...Υξ,s(t)}

δξ,i,s(t) · (cξ,i,s(t) + ci) ≤ Cξ (9)

C2 :
∑
s∈S

∑
i∈{1,...Υξ,s(t)}

∑
κs∈Ks

δξ,i,s(t) · pξ,i,κs
(t) ≤ Pξ (10)

where S is the number of slices and δξ,i,s(t) indicates
the placement of VNF instances and equals to 1 if VNF
instance i is deployed at node ξ to support slice s at time
slot t and 0 otherwise. Additionally, Υξ,s(t) denotes the
total number of VNF instances deployed at node ξ serving
slice s at time slot t and depends on the scaling variable
according to Υξ,s(t) = Υξ,s(t − 1) + υξ,s(t). Also, Pξ and
Cξ represent the maximum transmission power and CPU
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capacity available at ξ. Moreover, slice-level throughput and
latency QoS constraints should be satisfied to accommodate
the needs of the target slices s ∈ S:

C3 :
∑
ξ∈N

∑
i∈{1,...Υξ,s(t)}

δξ,i,s(t) ·Rξ,i,s(t) ≥ Rs,min, (11)

C4 :
∑
ξ∈N

∑
i∈{1,...Υξ,s(t)}

δξ,i,s(t) · Lξ,i,s(t) ≤ Ls,max, (12)

where N = {U,Uth, B}, U , Uth, and B denote the sets
of non-tethered UAVs, tethered UAVs and marine buoys.
Additionally, Ls,max and Rs,min represent the maximum
latency and the minimal achievable throughput for slice s.

3.2 Problem Formulation

While satisfying the QoS demands of the two slices, we aim
to maximize the resource utilization ΦRU(t) of the network,
defined as follows,

ΦRU(t) =
1

|N |
∑
ξ∈N

ω · φcξ(t) + (1− ω) · φpξ(t) (13)

where ω is a weight factor balancing between the resource
utilization of the computing and transmit power resources.
φcξ(t) and φpξ(t) denote the resource utilization of the two
types of resources at location ξ, given by,

φcξ(t) =

∑
s∈S

∑
i∈{1,...Υξ,s(t)} δξ,i,s(t) · (cξ,i,s(t) + ci)

Cξ
(14)

φpξ(t) =

∑
s∈S

∑
i∈{1,...Υξ,s(t)}

∑
κs∈Ks

δξ,i,s(t) · pξ,i,κs
(t)

Pξ
(15)

Therefore, the optimization problem formulated for the joint
RAN slicing and VNF orchestration is given by,

(P) : max
υξ,s(t),cξ,i,s(t),pξ,i,κs (t)

1

|T |
∑
t∈T

ΦRU(t) (16a)

s.t C1 − C4

υξ,s(t) ∈ Z, cξ,i,s(t) ∈ R, pξ,i,κs
(t) ∈ R (16b)

where T is the set of time slots. This optimization
horizon is introduced to capture the temporal dynamics of
the maritime network resulting from ship mobility, UAV
mobility, and VNF orchestration variations. The formulated
optimization problem is NP-hard since it is a mixed-integer
non-linear optimization problem with numerous variables
and constraints. In addition, the dependency between the
discrete and continuous optimization variables further in-
creases the complexity of the problem. In fact, the contin-
uous variables including the CPU capacity cξ,i,s(t) and the
transmission power pξ,i,κs

(t) depend on the VNF instances
placement δξ,i,s(t) and their total number Υξ,s(t), which in
turn depend on the integer scaling variable υξ,s(t). Hence,
using traditional optimization techniques is no longer suf-
ficient to offer the required optimality and efficiency. Thus,
we design an asymmetric-state hierarchical multi-agent re-
inforcement learning (ASH-MARL) framework to solve the
optimization problem.

4 PROPOSED ASYMMETRIC-STATE HIERARCHI-
CAL MULTI-AGENT RL FRAMEWORK

In this section, we outline the asymmetric-state hierarchical
multi-agent RL framework proposed to tackle the joint VNF
orchestration and RAN slicing problem.

4.1 Overview of Reinforcement Learning
RL represents a category of machine learning algorithms
that learn through the interaction with an environment,
aiming to maximize a cumulative reward [31]. Two main
classes of RL algorithms can be distinguished namely value-
based approaches (e.g. Q-learning) and policy gradient
methods (e.g. REINFORCE). While the former employs
value functions to learn a policy, the latter directly opti-
mizes the parameterized function that represents the policy.
However, traditional RL methods can not handle dynamic
environments and high-dimensional state and action spaces.
Hence, DRL was developed by merging sequential learn-
ing with deep neural networks (DNNs) [32]. For instance,
DQN [32] was proposed to extend the applications of Q-
learning to high-dimensional state spaces by utilizing DNNs
as value function approximators. Meanwhile, DDPG [33]
was introduced based on the actor-critic architecture and
the deterministic policy gradient concept for continuous
action spaces. Although DQN and DDPG are considered
significant advancements in RL compared to traditional
methods, they still suffer from several issues. Such issues
motivated the development of multiple variants of DQN
and DDPG such as Double DQN (DDQN), Dueling Double
Deep Q-Network (D3QN), and Twin Delayed DDPG (TD3).
In fact, D3QN combines the concepts of double Q-networks
and dueling architecture to mitigate the limitations of DQN
[34], [35]. On the one hand, the double DQN component
addresses the issue of overestimation bias by decoupling
action selection from evaluation using two separate Q-
networks. This decoupling enhances the accuracy of Q-
value estimation and consequently the training stability.
On the other hand, the dueling DQN component improves
the learning efficiency through the decomposition of the
Q-value into a state-value stream estimating the value of
being in a state and an advantage stream estimating the
quality of an action in that state. By combining these two
concepts, D3QN offers enhanced robustness, stability, and
efficiency in discrete action spaces. Similarly, TD3 builds on
the DDPG algorithm to improve stability for continuous
tasks [36]. Specifically, while the actor-critic architecture
of DDPG includes an actor network for action selection
and a critic network for Q-value estimation, TD3 employs
two critic networks to reduce the overestimation bias of
DDPG. Additionally, TD3 adopts delayed policy updates for
training stabilization, where the frequency of actor updates
is lower than that of the critics. TD3 also introduces target
policy smoothing, which adds clipped noise to the actions
during target Q-values computation to regularize their es-
timates [37]. These improvements allow TD3 to achieve
improved performance, higher training stability and sample
efficiency compared to DDPG for continuous actions. As
a result, we design our ASH-MARL framework using the
D3QN algorithm for discrete VNF scaling decisions, and the
TD3 method for the continuous RAN slicing actions.
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4.2 Markov Decision Process Formulation
We define the Markov Decision Process (MDP) formulation
of the optimization problem in (16) as follows:

• The state space: The state representation st at timestep
t consists of the information on the VNF instances,
including their placements δξ,i,s(t), and their total num-
ber at each virtualized node Υξ,s(t). The state also
includes information on the network nodes and the
end-users, specifically their position vectors Xξ(t) and
Xκs

(t), as well as a binary variable ικs
(t) indicating the

slice s to which the ship belongs. Therefore, the state
can be expressed as:

st =


δξ,i,s(t), i ∈ {1, ...Υξ,s(t)}, ξ ∈ N, s ∈ S
Υξ,s(t), ξ ∈ N, s ∈ S
Xξ(t), ξ ∈ N
Xκs

(t), κs ∈ Ks, s ∈ S
ικs

(t), κs ∈ Ks, s ∈ S


(17)

• The action space: The action space A includes both
discrete and continuous variables. The discrete actions
adt correspond to the VNF scaling decisions:

adt = [υξ,s(t), ξ ∈ N, s ∈ S] (18)

The continuous actions act correspond to the RAN
slicing decisions, i.e. the resource slicing of the trans-
mission power and the CPU capacity:

act =

[
cξ,i,s(t), i ∈ {1, ...Υξ,s(t)}, ξ ∈ N, s ∈ S
pξ,i,κs (t), i ∈ {1, ...Υξ,s(t)}, ξ ∈ N,κs ∈ Ks, s ∈ S

]
(19)

Hence, the DRL agent’s actions at each timestep t are
at = (adt , act), consisting of a combination of the two
types of actions.

• The reward function: The reward function rt is de-
signed through a weighted penalty approach [38], tar-
geting the resource utilization maximization and the
satisfaction of the resource and QoS requirements, as
follows,

rt = Ωobj ·ΦRU(t)−
∑
ϑ∈Θ

Ωc ·max{0, ϑ(t)−ϑmax} (20)

where ϑ(t) and ϑmax denote the constraints when ex-
pressed in form of ϑ(t) ≤ ϑmax, and Θ represent the
set of constraints C1 − C4. In addition, Ωobj and Ωc are
the weights that allows the agent to balance between
the objective function maximization and the constraints
satisfaction.

4.3 ASH-MARL-based solution
4.3.1 Outline of the ASH-MARL Framework
The main components of the proposed ASH-MARL frame-
work, illustrated in Fig.2, are the discrete D3QN agent and
the continuous TD3 agent, indicating their action selection
mechanism and their target value and loss computations. It
also includes the prioritized experience replay (PER) replay
buffer and the inter-agent communication module. On the
one hand, the D3QN agent, which makes the VNF orches-
tration decisions, employs two neural networks namely the
online Q-network for action selection and the target Q-
network for Q-value evaluation [34]. D3QN also uses the

dueling architecture to compute the Q-values by decom-
posing it into state-value and advantage streams, thereby
improving learning efficiency [35]. On the other hand, the
TD3 agent, which takes the RAN slicing actions, utilizes an
actor network that selects actions through a deterministic
policy and two critic networks to estimate the Q-values
[36]. Unlike DDPG, TD3 adopts delayed updates where the
policy (i.e. the actor network) is updated less frequently than
the Q-function (i.e. the critic networks). Moreover, the PER
replay buffer D is used to store the interactions between
the environment and the ASH-MARL framework. During
training, batches of these transitions are sampled using the
PER mechanism to update the networks [39]. This sampling
approach improves the learning efficiency and stability of
the agent compared to the uniform sampling of standard
replay buffers. Furthermore, the D3QN and TD3 agents
are hierarchically structured and coordinated via the inter-
agent communication module. This coordination allows the
ASH-MARL algorithm to capture the dependency between
the orchestration and slicing actions, while preserving a
constant TD3 action space dimension. We note that although
the D3QN agent dynamically scales the number of VNFs,
the TD3 action space dimensionality remains constant. This
condition is necessary since dynamically changing the TD3
action space would be incompatible with standard DRL
algorithms, which rely on fixed-dimensional spaces for the
actor and critic networks as well as the replay buffer. In-
stead, the dependency is captured through the hierarchi-
cal interaction between the two agents and the proposed
inter-agent communication module. Specifically, the module
determines how the environment state st and the discrete
actions adt of the D3QN agent impact the state of the
TD3 agent sTD3

t . We explore four different approaches to
describe this interaction:

i) Independent approach (n = 1): The D3QN actions do
not impact the TD3 state which remains equal to the
environment state st.

ii) Augmentation approach (n = 2): The environment
state is augmented with the D3QN actions and the TD3
state is a concatenation of st and adt .

iii) Transformation approach (n = 3): The D3QN actions
are used to transform the environment state. Specifi-
cally, the D3QN actions determine the number of VNF
instances that should be added or removed at network
node ξ to serve slice s. Hence, they have a direct effect
on the VNF instances placement δξ,i,s(t) and their total
number Υξ,s(t), which are part of st. Consequently, the
TD3 state is a function f of st and adt , describing this
effect.

iv) Hybrid approach (n = 4): The TD3 state is obtained us-
ing both augmentation and transformation approaches.

To represent the communication between the discrete
and continuous agents, we define the following function
Hn[st, adt ]:

Hn[st, adt ] =


st, n = 1

[st, adt ], n = 2

f(st, adt), n = 3

[f(st, adt), adt ], n = 4

(21)

where n indicates the type of inter-agent communication.
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Fig. 2: Asymmetric-State Hierarchical Multi-Agent Reinforcement Learning (ASH-MARL) Framework.

4.3.2 Training Process
The ASH-MARL algorithm is presented in Algorithm 1.
Given the current state st, the ASH-MARL algorithm
chooses an action at at each timestep t. The selected action
is a combination of the discrete and continuous actions
chosen by the D3QN and the TD3 agents, respectively.
First, the D3QN agent selects the discrete VNF scaling
actions adt based on a ε−greedy mechanism, given the state
sD3QN
t = st as follows:

adt =

{
random action from A, with probability εexp
argmaxaQθ(s

D3QN
t , a), with probability 1− εexp

(22)
where εexp is the exploration rate, and Qθ(s

D3QN
t , a) denote

the Q-values computed using the dueling architecture as
follows:

Qθ(s
D3QN
t , a) = Vθ,β(s

D3QN
t ) + (Aθ,α(s

D3QN
t , a)

− 1

|A|
∑
a′∈A

Aθ,α(s
D3QN
t , a′))

(23)

where Aθ,α(s
D3QN
t , a) and Vθ,β(s

D3QN
t ) represent the ad-

vantage and the state-value of action a, computed using the
online dueling Q-network with two separate sub-networks
with parameters α and β, respectively. Second, the discrete
action adt and the environment state st are used to obtain
the state of the TD3 agent based on the chosen type of inter-
agent communication n, as follows:

sTD3
t = Hn[st, adt ], n = 1, 2, 3, 4 (24)

The continuous agent selects the continuous RAN slicing
actions act according to the actor network policy πψ as
follows:

act = clip
(
πψ(s

TD3
t ) +Nexp, aMin

c , aMax
c

)
(25)

whereNexp denotes the additive Gaussian exploration noise
with standard deviation σexp, and aMin

c and aMax
c define

the range of the continuous action. Then, the combined
action at = (adt , act) is executed, and the ASH-MARL
algorithm receives from the environment the next state st+1

and a reward rt. These interactions with the environment
(st, adt , act , rt, st+1) are stored in the replay bufferD, which
is shared between the two agents. To update the networks,
a mini-batch of transitions is sampled from D using a PER
mechanism. Specifically, the transitions are sampled from
the buffer, based on a priority score pϱk, with the following
probability:

P(k) = pϱk∑
i p
ϱ
i

, where pϱk = δk + εPER (26)

where ϱ controls the degree of prioritization, εPER en-
sures non-zero probabilities, and δk denotes the temporal-
difference (TD) error of transition k, given by,

δk = max (|δD3QN
k |, |δTD3

k |) (27)

where δD3QN
k and δTD3

k are the TD errors of the D3QN and
TD3 agents. The TD error of the discrete agent is given by,

δD3QN
k = yD3QN

k −Qθ(sD3QN
k , ak) (28)

where Qθ(s
D3QN
k , ak) are the current Q-values estimated

by the online dueling Q-network and yD3QN
k are the corre-

sponding target values given by,

yD3QN
k =

{
rk + γ Qθ′(s

D3QN
k+1 , ãdk)

rk, if sk+1 is terminal
(29)

where Qθ′(s
D3QN
k+1 , ãdk) are the Q-values computed using

the target dueling Q-network and γ denotes the discount
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Algorithm 1 ASH-MARL Algorithm for Joint VNF Orches-
tration and RAN Slicing

1: Input ASH-MARL hyperparameters: discount factor γ,
batch size B, PER parameters ϱ, εPER, and ν, type of
inter-agent communication n, and number of episodes
M

2: D3QN hyperparameters: exploration rate εexp, learn-
ing rate ϵD3QN , and Polyak factor τD3QN

3: TD3 hyperparameters: exploration noise Nexp, target
policy noise Ntarg , target policy clipping parameter N ,
learning rates ϵcriticTD3 , and ϵactorTD3 , policy delay frequency
FTD3, and Polyak factor τTD3

4: Initialize the discrete D3QN agent:
5: The online dueling Q-network Qθ with weights θ
6: The target network Qθ′ with weights θ′ ← θ
7: Initialize the continuous TD3 agent:
8: The actor network πψ with weights ψ
9: The critic networks Qϕ1

, Qϕ2
with weights ϕ1, ϕ2

10: The target networks πψ′ , Qϕ′
1
, and Qϕ′

2
with weights

πψ′ ← πψ , ϕ′1 ← ϕ1, and ϕ′2 ← ϕ2
11: for ep = 1 to M do
12: Observe initial state s1
13: for t = 1 to T do
14: Discrete action selection using D3QN agent
15: Select action adt using (22)
16: Inter-agent communication via Hn[st, adt ]
17: Compute the TD3 agent state sTD3

t using (21)
18: Continuous action selection using TD3 agent
19: Select action act using (25)
20: Interaction with the environment
21: Execute the actions (adt , act) in the environment.
22: Observe reward rt and next state st+1

23: Store transition (st, adt , act , rt, st+1) in D
24: Sampling based on PER mechanism
25: Sample a mini-batch B of transitions from D with

probabilities P(k), k ∈ B
26: Compute the IS weights ρk using (35)
27: Discrete D3QN agent update
28: for k ∈ B do
29: Select the target action ãdk using (30)
30: Compute the target value yD3QN

k using (29)
31: Compute the TD error δD3QN

k using (28)
32: end for
33: Compute the loss LD3QN (θ) using (34)
34: Update the online dueling network Qθ by minimiz-

ing the loss function LD3QN (θ) using gradient descent:

θ ← θ − ϵD3QN ∇θLD3QN (θ)

35: Update the target network Qθ′ , using Polyak up-
dates:

θ′ ← τD3QNθ + (1− τD3QN )θ

36: Continuous TD3 agent update
37: for k ∈ B do
38: Compute the TD3 agent state sTD3

k using (21)
39: Select the target action ãck using (33)
40: Compute the target value yTD3

k using (32)
41: Compute the TD error δTD3

k using (31)
42: end for

43: Compute the critic loss LTD3(ϕ1, ϕ2) using (37)
44: Update the critic networks Qϕ1 and Qϕ2 by min-

imizing the loss function LTD3(ϕ1, ϕ2) using gradient
descent:

ϕj ← ϕj − ϵcriticTD3 ∇ϕj
LTD3(ϕ1, ϕ2), j = 1, 2

45: if t mod FTD3 = 0 then
46: Compute the actor objective JTD3(ψ) using (38)
47: Update the actor network πψ by maximizing the

policy objective JTD3(ψ) using gradient ascent:

ψ ← ψ + ϵactorTD3 ∇ψJTD3(ψ)

48: Update the target networks Qϕ′
1
, Qϕ′

2
, and π′

ψ ,
using Polyak updates:

ϕ′j ← τTD3ϕj + (1− τTD3)ϕ
′
j , j = 1, 2

πψ′ ← τTD3πψ + (1− τTD3)πψ′

49: end if
50: Update the PER priorities
51: for k ∈ B do
52: Compute the TD error δk using (27)
53: Compute the new priorities pϱk using (26)
54: end for
55: end for
56: end for

factor. Also, ãdk is the target discrete action selected accord-
ing to the greedy policy using the online Q-network, given
by,

ãdk = argmax
a

Qθ(s
D3QN
k+1 , a) (30)

Moreover, the TD error of the continuous agent is,

δTD3
k = yTD3

k − 1

2

(
Qϕ1(s

TD3
k , ak) +Qϕ1(s

TD3
k , ak)

)
(31)

where Qϕ1
(sTD3
k , ak) and Qϕ1

(sTD3
k , ak) denote the current

Q-values estimated by the first and second critic networks
of the TD3 agent, and yTD3

k are the target values given by,

yTD3
k =

{
rk + γmin

(
Qϕ′

1
(sTD3
k+1 , ãck), Qϕ′

2
(sTD3
k+1 , ãck)

)
rk, if sk+1 is terminal

(32)
where Qϕ′

1
(sTD3
k+1 , ãck) and Qϕ′

2
(sTD3
k+1 , ãck) are the Q-values

estimated by the two target critic networks. Additionally,
ãck is the target continuous action selected according to the
target actor network policy and given by,

ãck = clip
(
πψ′(sk+1) + clip

(
Ntarg,−N ,N

)
, aMin
c , aMax

c

)
(33)

where Ntarg is the target policy smoothing Gaussian noise
with standard deviation σtarg , and N is the target noise
clipping parameter.

After sampling a mini-batch B of transitions, the agents
update their networks by optimizing their loss and objective
functions. On the one hand, the D3QN agent updates its
online dueling Q-network by minimizing the following loss
function:

LD3QN (θ) =
∑
k∈B

ρk
(
yD3QN
k −Qθ(sD3QN

k , adk)
)2

(34)
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Parameter Value
Path loss exponents αAS , αSS 2.2, 2
Carrier frequency fc 2 GHz
Noise power spectral density N0 −124 dBm/Hz
UAVs antenna gain Gu 20 dB
Buoys and ships antenna gain Gb, Gκs 10 dB
Discount factor γ 0.99
Batch size B 200
Replay Buffer size D 400000
PER parameters ϱ, εPER, ν 0.6, 10−6, 0.4
D3QN learning rate ϵD3QN 0.0001
D3QN Polyak factor τD3QN 0.005
TD3 exploration noise Nexp 0.22
TD3 target policy noise Ntarg 0.15
TD3 target policy clipping parameter N 0.2
TD3 learning rates ϵcriticTD3 , ϵactorTD3 0.001, 0.00002
TD3 policy delay frequency FTD3 3
TD3 Polyak factor τTD3 0.002

TABLE 2: Simulation Parameters [30], [40], [41].

where ρk are the importance sampling (IS) weights intro-
duced by the PER sampling mechanism and expressed as,

ρk =

(
1

BP(k)

)ν
(35)

where ν is the importance sampling exponent. Then, a soft
update strategy is used to update the target network Qθ′
using the online network of the D3QN agent. In this work,
instead of the hard updates (θ′ ← θ), we adopt the Polyak
updates, typically used by DDPG and TD3 algorithms, to
adjust the target parameters:

θ′ ← τD3QNθ + (1− τD3QN )θ (36)

where τD3QN denotes the Polyak factor of D3QN agent.
These soft updates offer smooth update of the target net-
work weights, which enhances training stability. On the
other hand, the TD3 agent updates its two critic networks
by minimizing the loss function given by,

LTD3(ϕ1, ϕ2) =
∑
k∈B

ρk[(y
TD3
k −Qϕ1

(sTD3
k , ack))

2

+(yTD3
k −Qϕ2(s

TD3
k , ack))

2]

(37)

Additionally, the actor network of the TD3 agent is updated
by maximizing the deterministic policy gradient objective
expressed as,

JTD3(ψ) =
∑
k∈B

Qϕ1
(sk, πψ(sk)) (38)

Using delayed Polyak updates, the actor network πψ and
the target networks Qϕ′

1
, Qϕ′

2
, and π′

ψ of the TD3 agent are
updated less frequently than the critic networks Qϕ1

and
Qϕ2

with policy delay frequency FTD3 and Polyak factor
τTD3.

5 SIMULATION RESULTS

This section presents the numerical results that evaluate
the proposed network slicing framework for maritime net-
works. To conduct our simulations, we assume that the
considered maritime region spans over an area of 25 Km2

and includes 6 marine buoys available for connectivity
services. The UAVs are assumed to fly at the altitudes of

zξ = 115m for ξ ∈ U , and zξ = 112m for ξ ∈ Uth.
Meanwhile, the marine buoys and the ships are assumed
to be at the same sea level (zκs

= zξ = 2m, ξ ∈ B). In
addition, the maximum transmission power P transmit

ξ , the
maximum CPU capacity C total

ξ , and the available bandwidth
Bξ at node ξ are 30 dBm, 109 cycles/s, 2 MHz for the
marine buoys [4]. The data sizes needed to serve the low-
latency slice and the high-throughput slice are 2 Kbits and
2 Mbits. The CPU capacity ci needed for the deployment
of one VNF instance i is 108 cycles/s and the capacity
QP,i,s required by the VNF instance i to serve slice s is 107

cycles/s. Moreover, by conducting numerous experiments,
we fine-tune the parameters of the designed ASH-MARL
algorithm. On the one hand, the network architecture of the
D3QN agent is composed of two layers with 256 neurons.
On the other hand, both actor and critic networks of the
TD3 include two layers of 512 neurons. These architectures
provide sufficient representation capacity to capture the
high-dimensional state and action spaces of the considered
orchestration and slicing problem while maintaining reason-
able computational complexity. Furthermore, we tune the
different hyper-parameters including the discount factor,
the batch size and the PER parameters. In addition, we
employ an adaptive exploration rate εexp for the D3QN
agent where the initial rate and the decay steps are 0.9
and 150000, respectively. The simulation parameters for
the integrated network environment and the ASH-MARL
algorithm are summarized in Table 2.

5.1 Convergence Performance

The convergence performance of the proposed ASH-MARL
algorithm is illustrated in Fig.3 (a). We observe the average
training reward for the different inter-agent communication
methods, namely the independent, the augmentation, the
transformation, and the hybrid approaches. The four meth-
ods show stable convergence achieving average rewards
between 32 and 34 after about 8000 episodes. Despite slower
initial learning, the augmentation approach reaches the
highest reward. This observation indicates that providing
TD3 with an augmented state representation improves the
agents coordination and the ASH-MARL long-term policy
quality. Meanwhile, the transformation method presents
a faster convergence with similar maximum reward, ben-
efiting from the compact transformation of the environ-
ment’s state using the D3QN actions. Moreover, although
the hybrid approach converges to a slightly lower reward,
it exhibits the fastest early learning indicating that the
combination of the augmentation and transformation tech-
niques enables more efficient policy updates and coopera-
tive learning. Lastly, the independent baseline converges to
a comparable reward, but with significantly slower learning
reflecting the limited coordination between the agents in the
absence of explicit inter-agent interactions. Therefore, the
convergence performance of these approaches indicates that
enriching the TD3 agent state representation with the D3QN
actions enhances the learning efficiency of the proposed
ASH-MARL framework. These findings thereby highlights
the key role of the inter-agent communication module in
improving the agents’ coordination.
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In addition, we compare our solution with two single-
agent benchmarks to evaluate the benefits of the hierar-
chical multi-agent algorithm. In particular, we consider a
single-agent D3QN baseline with fully discrete actions and
a single-agent TD3 baseline with fully continuous actions.
Moreover, we include a metaheuristic benchmark based
on the genetic algorithm (GA), which is widely adopted
as a benchmark for evaluating network slicing and VNF
orchestration solutions in the literature. We examine their
average reward depicted in Fig.3 (b), Fig.3 (c) and Fig.3
(d). We observe that both single-agent benchmarks present
a faster convergence speed compared with the multi-agent
algorithm, requiring only 1200 episodes. This observation
is expected since a single-agent method deals with a sim-
pler learning problem and needs to learn only one policy
with no coordination overhead. Additionally, the reward
of the single-agent system is directly attributed to its own
actions, giving it a straightforward credit assignment and
thereby accelerating its learning process. In contrast, the
ASH-MARL algorithm deals with a complex learning prob-
lem that requires the coordination of two policies. This
coordination introduces an overhead that delays the con-
vergence, especially with the hierarchical learning structure.
The shared reward also contributes to the slow learning of
the multi-agent system by complicating the credit assign-
ments of the agents. Nonetheless, the ASH-MARL algorithm
outperforms all considered benchmarks. In particular, the
four ASH-MARL variants achieve average rewards between
32 and 34, compared with around 20 for both single-agent
D3QN and GA and about 10 for the single-agent TD3. Thus,
ASH-MARL achieves about 65% higher reward than the
D3QN and GA benchmarks and over three times the reward
of the TD3 baseline. In fact, the proposed multi-agent frame-
work decomposes the complex joint RAN slicing and VNF
orchestration problem into two sub-problems. Each agent
then specializes in one part of the task, which reduces the
complexity of the state-action space for each agent, enhances
their exploration efficiency and leads to superior overall
performance.

After understanding the convergence performance of
the ASH-MARL framework, we examine its communication
performance. We conduct extensive experiments and vary
multiple settings of the integrated aerial-terrestrial maritime
network. Specifically, we investigate three key performance
indicators (KPIs) including the resource utilization, the
throughput of slice 1 (the high-throughput slice) and the
latency of slice 2 (low-latency slice). We note that we ensure
equal total computing and communication resources for the
different scenarios to provide a fair comparison and derive
precise insights.

5.2 Impact of Resource Weight Factor

We begin by studying the effect of the weight factor ω that
balances between the two resource utilization components
defined in (13). Fig.4 depicts the variation of the overall
resource utilization when ω increases from 0 to 1, for the
four inter-agent communication approaches and consider-
ing the cases of 5 and 10 ships. We observe that the resource
utilization is a decreasing function of ω, which suggests that
the transmit power tend to be more heavily utilized than the

(a) ASH-MARL Algorithm

(b) Single-agent D3QN Benchmark

(c) Single-agent TD3 Benchmark

(d) Metaheuristic Benchmark

Fig. 3: Average reward over episodes for the ASH-MARL
algorithm and the single-agent benchmarks.

Fig. 4: Impact of Resource Weight Factor ω on Resource
Utilization.

CPU resources. Additionally, the overall resource utilization
remains above 92% across different scenarios. This observa-
tion indicates that the intelligent network slicing framework
allows the virtualized network nodes to efficiently exploit
both resources to satisfy the QoS requirements of the two
slices. We note that we set ω to 0.5 which balances between
the two types of resources, for the rest of the results section
to ensure accurate insights.
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Fig. 5: Impact of Aerial Network Setup on Network Performance.

Fig. 6: Impact of Total Number of Ships on Network Performance.

5.3 Impact of Aerial Network Setup

Fig.5 illustrates the impact of the aerial segment archi-
tecture of the integrated network. We vary the ratio of
tethered-UAVs while maintaining a constant total UAV
number to establish a fair comparison. First, as shown in
Fig.5 (a), we observe that the four inter-agent communica-
tion approaches maintain high resource utilization that is
greater than 92% across different UAV deployments. The
augmentation, transformation and hybrid techniques offer
improved resource utilization compared to the independent
method. Specifically, the transformation approach is consis-
tently more resource-efficient, while the hybrid case requires
the deployment of at least 2 tethered-UAVs. Moreover, we
examine the impact of the tethered UAV ratio on the QoS of
the two slices. On the one hand, the throughput of slice
1, depicted in Fig.5 (b), significantly improves when the
number of the tethered UAVs increases. This observation
is anticipated because of the reduced distance between the
UAVs and the ships. While the independent, augmentation,
and transformation methods offer a data rate greater than
R1,min for all UAV settings, the hybrid case can only reach
the minimum throughput requirement when at least two 2
tethered-UAVs are employed. On the other hand, the QoS
requirement L2,max in terms of slice 2 latency is satisfied in
all cases, as illustrated in Fig.5 (c). In particular, the hybrid
approach provides the lowest delays compared to the other
approaches, while the independent and augmentation meth-
ods have the highest latencies. Overall, the transformation
technique demonstrates a superior performance across the

three KPIs. This finding is due to the state representation,
where the D3QN actions are directly incorporated into the
TD3 state through the transformation function. As a result,
the TD3 agent receives a state representation that already
captures the impact of the orchestration decisions on the
environment state while preserving the original state dimen-
sionality. This compact representation facilitates the learning
of the dependency between the orchestration and slicing
decisions, leading to more effective slicing policies. The
augmentation approach exhibits similar trends but achieves
slightly lower KPI values, which is due to the concatenation
of the environment state and the D3QN actions, where the
TD3 agent observes them as separate inputs within its state
representation. Consequently, the TD3 agent is required to
infer the dependency between the orchestration and slicing
decisions from a higher-dimensional state representation,
increasing the complexity of the learning process. Mean-
while, the hybrid scheme provides high resource utilization
with minimal latencies, however, it struggles to satisfy the
data rate requirement. This finding can be explained by
the TD3 state constructed through the combination of the
transformed state with the D3QN actions. Although this
provides additional information, it introduces a degree of
redundancy and increases the TD3 state space dimension-
ality, which further complicates the learning task. Finally,
although the independent method fulfills the QoS needs
of the two slices, it is less resource-efficient than the other
approaches due to the absence of explicit inter-agent com-
munication, which limits their coordination capability.
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Fig. 7: Impact of Ship Distribution Across Slices on Network Performance.

Fig. 8: Impact of Non-tethered UAV Deployment Strategy on Network Performance.

5.4 Impact of Network Scalability

We examine the impact of the network scalability on the
network performance by varying the total number of ships,
as illustrated in Fig.6. For all inter-agent communication
approaches, the resource utilization decreases as the number
of ships increases from 10 to 20 ships, with a reduction
ranging between 5% and 8%, as shown in Fig.6 (a). This
general performance deterioration is expected since the
rise in number of ships results into more complex high-
dimensional environment and larger state-action spaces. We
also note a degradation in the throughput performance
of slice 2, depicted in Fig.6 (b), which is expected as the
integrated maritime network employs equal resources to
support additional ships. While the data rates of the in-
dependent and hybrid approach are significantly affected
by the increased number of ships, the transformation and
augmentation techniques maintain high throughput values.
Moreover, we observe a similar trend in the latency of slice
1, illustrated in Fig.6 (c), where it marginally rises with net-
work scalability for the augmentation, transformation and
hybrid techniques, whereas the increase is substantial for the
independent case. This observation indicates that the inter-
agent communication between TD3 and D3QN, through the
asymmetric-state design, enhances the scalability capabili-
ties of the ASH-MARL algorithm. While this analysis fo-
cuses on ship-level scalability by varying their number, the
proposed framework can be extended to support maritime
IoT slices with massive connectivity requirements [1], [42].

5.5 Impact of Ship Distribution Across Slices
We analyze the impact of ship distribution across slices
on the KPIs, by varying the percentage of slice 2 ships
within a total of 10 ships, as depicted in Fig.7. We note
that the resource utilization remains higher than 92% across
the different ship distributions, as illustrated in Fig.7 (a).
The independent approach is consistently less resource-
efficient compared to the other approaches, whereas the
transformation method exhibits the highest performance.
In addition, Fig.7 (b) shows that the throughput of slice
1 decreases as the percentage of slice 2 ships increases.
This observation is anticipated since a larger number of
slice 2 ships corresponds to fewer slice 1 ships. The differ-
ent inter-agent communication approaches maintain a data
rate above the R1,min requirement, with the transformation
scheme offering the best throughput performance. Further-
more, the latency of slice 2 is demonstrated in Fig.7 (c) where
a minimized delay is ensured across the ship distributions.
While the hybrid approach achieves the shortest latencies,
the independent method present the longest latencies sur-
passing the maximum requirement L1,max when 20% of
the ships belong to slice 2. This finding further emphasizes
the benefits of the information exchanged between the TD3
and D3QN agents through the inter-agent communication
module.

5.6 Impact of Non-tethered UAV Deployment Strategy
We investigate the impact of non-tethered UAV deployment
on the network performance, as illustrated in Fig.8. Specifi-
cally, we employ two UAV deployment strategies including
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a stationary UAV scheme where the UAV is hovering at a
strategic position at the center of the maritime area, and a
moving UAV strategy where the non-tethered UAV is travel-
ing at a specific altitude along the same direction as the ships
movement. These strategies are adopted to capture the effect
of non-tethered UAV dynamics on the proposed framework,
while focusing on the optimization of RAN slicing and VNF
orchestration2. Fig.8 (a) shows the resource utilization for
the four inter-agent communication methods. We observe
that the UAV movement slightly enhances the resource
utilization, indicating that the ASH-MARL algorithm ef-
fectively adapts to the additional environment dynamics
introduced by the UAV mobility. Moreover, the effect of the
UAV deployment strategy on the throughput performance
is illustrated in Fig.8 (b). Moving the non-tethered UAVs
along the ships direction leads to a noticeable improvement
in slice 1 throughput. This observation is expected since
the distance between the UAVs and the ships is reduced.
Furthermore, the latency of slice 2 maintain similar values
across the two deployment schemes for the independent,
augmentation, and transformation techniques, as shown
in Fig.8 (c). In contrast, the hybrid approach exhibits a
reduction in delay when the moving UAVs strategy is em-
ployed, which indicates that the combined transformation
and augmentation of the TD3 state enables the ASH-MARL
algorithm to better exploit the proximity of nearby UAVs.

6 CONCLUSION

In this work, we designed an intelligent network slicing
framework for VNF orchestration and RAN resource slicing
to support two different slices in integrated aerial-terrestrial
maritime networks. We developed ASH-MARL based on
D3QN and TD3 to handle the discrete and continuous
actions and deal with their interdependency. Additionally,
we introduced an inter-agent communication module that
describes the communication between the two agents in our
multi-agent setting. This module allowed us to examine four
different approaches, namely the augmentation, transforma-
tion, hybrid, and independent approaches, that describe the
impact of the environment state and the D3QN actions on
the TD3 agent. Our findings indicate that the transformation
technique exhibits a superior overall performance across the
three KPIs, including the resource utilization, the through-
put of slice 1 and the latency of slice 2, owing to its direct
and compact inter-agent communication. Furthermore, the
comparison of ASH-MARL algorithm with two single-agent
approaches shows that the former outperforms these latter
benchmarks. As future work, we intend to extend our AI-
native network slicing framework to accommodate three-
layered network architectures consisting of terrestrial, aerial
and satellite segments. This extension would provide seam-
less connectivity for different types of ships including both
large cargo vessels and small boats, and support diversified
maritime applications with tailored QoS requirements. In
addition, we plan to investigate different slicing problem
formulations that jointly optimize multiple performance ob-
jectives, including resource utilization, throughput, latency,

2. We note that more advanced UAV mobility strategies, including
UAV trajectory optimization, have been investigated in our previous
work [22].

fairness, and service robustness. Lastly, the integration of
additional slices, including maritime IoT slices and mission-
critical slices, represents another extension of this work,
enabling the proposed framework to support massive con-
nectivity and reliability requirements in addition to the cur-
rently considered high-throughput and low-latency slices.
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