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Abstract—In this paper, we explore a maritime 6G-enhanced
satellite-air-ground integrated network (SAGIN) that incorpo-
rates a UAV-carried reconfigurable intelligent surface (UCR)
relay, and low Earth orbit (LEO) satellites equipped with mobile
edge computing (MEC) facilities. The system captures dynamic
maritime conditions, including ultra-reliable low-latency commu-
nication (URLLC) user mobility and UCR movements across
harbor environments. The primary objective is to minimize the
total system cost by jointly optimizing task offloading decisions,
bandwidth allocation, local computational resource distribution,
transmission power control, and caching management, while
satisfying strict latency and resource constraints. To address this,
we formulate a mixed-integer nonlinear programming (MINLP)
problem that captures the complexity of resource optimization in
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the maritime 6G-enhanced SAGIN. Two quantum-enhanced deep
reinforcement learning algorithms, namely quantum-enhanced
deep deterministic policy gradient (QEDDPG) and quantum-
enhanced proximal policy optimization (QEPPO), are proposed
to solve the formulated MINLP problem. Moreover, higher-
order quantum feature encoding and quantum neural networks
are utilized to accelerate learning and enhance decision-making.
Simulation results demonstrate that QEDDPG and QEPPO sig-
nificantly outperform conventional deep reinforcement learning
methods by achieving lower system costs and more efficient
resource allocation. These findings shows that the potential of
quantum-driven reinforcement learning for enabling scalable,
efficient, and intelligent resource management in future 6G-
enhanced SAGINs.

Index Terms—6G networks, quantum deep reinforcement
learning, ultra-reliable low-latency communications, space-air-
ground integrated networks, maritime communications, digital
twins, satellite communications, mobile edge computing.

I. INTRODUCTION

Futuristic maritime operations demand more intelligent com-
munication systems to effectively manage the task automation.
Especially these maritime environments are highly dynamic
and it is essential to have rapid machine-to-machine com-
munication. These operations demand high data rates, greater
efficiency, and stable connectivity to maintain smooth, delay-
free performance. [1], [2]. To support such demands, the inte-
gration of sixth-generation (6G) wireless networks is essential.
6G networks can bring significant advancements in maritime
communications such as delivering ultra-reliable, low-latency,
and high-capacity connectivity [3]. Especially, these maritime
networks are required to support for mission-critical applica-
tions such as autonomous vessel control, real-time situational
awareness, and emergency response coordination and task
automation [4]–[6]. Integrating ultra-reliable and low-latency
communication (URLLC) in to the network can maintain the
performance in time-sensitive and mission critical operations
[4], [5]. Moreover, managing large-scale operations within
highly dynamic maritime environments presents considerable
challenges. To address these complexities, the integration of
artificial intelligence (AI) serves as a critical enabler for
enhancing maritime task automation and communication effi-
ciency [1]. AI technologies are capable of managing multiple
operational tasks effectively, while also improving system
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performance through intelligent decision-making, predictive
analytics, and adaptive resource allocation. This ensures that
maritime communication networks remain robust, scalable, and
secure in the face of increasing operational demands [7].

Moreover, satellite-air-ground integrated networks (SA-
GINs) are a promising direction for 6G. Especially, mar-
itime regions face limited communication resources, while
SAGIN combines terrestrial, aerial, and satellite infrastructures
into a unified system. This integration significantly expands
communication coverage. Furthermore, it enables seamless
connectivity across vast and remote areas where traditional
terrestrial networks are limited or unavailable [8]. SAGINs are
particularly crucial in maritime environments, where vessels
often operate far from shore-based infrastructure. Therefore,
SAGINs use satellite links for wide-area coverage. UAVs
for flexible relay and surveillance and ground stations for
high-speed backhaul. This combination enables resilient and
continuous communication links. [9]. Moreover, this architec-
ture ensures uninterrupted data exchange, enhances situational
awareness, and supports real-time operations across distributed
maritime users.

In maritime SAGINs, maintaining reliable connectivity is
challenging due to user mobility, long transmission distances,
and frequent signal blockage near ports. A key component
in SAGIN’s air layer is the UAV [10]. UAVs play a vital
role in maritime communications by enabling real-time data
transmission for vessel tracking, search and rescue, and ocean
monitoring [11]. They also support the underwater Internet of
Things by collaborating with unmanned surface and underwa-
ter vehicles [12]. Furthermore, UAVs operate at high altitudes.
This offers reliable line-of-sight (LoS) links. These links are
especially useful in harbor areas where infrastructure often
causes signal blockage [13]. Moreover, their mobility allows
dynamic repositioning to maintain connectivity and it acts as
aerial relays in complex maritime environments. However, the
LoS link may still degrade in complex maritime environments.
To overcome this, reconfigurable intelligent surfaces (RISs)
have emerged as a promising solution for improving link
reliability and spectral efficiency. RIS technology consists of
intelligent, controllable surfaces that adjust signal phase and
reflection to enhance communication range, reliability, and
spectral efficiency [14]. However, most existing RIS instal-
lations are fixed to static locations such as walls. This fixed
positioning creates limitations when environmental obstacles
block signal paths, resulting in degraded system performance.
RIS integration with UAVs introduces a mobile solution to
overcome these limitations. UAV-carried RIS (UCR) systems
combine flight mobility with real-time signal control, enabling
dynamic LoS restoration in obstructed areas [15]. Thus, this
integration enhances coverage, reduces interference, and en-
hances spectral utilization in dense deployment scenarios [16].

In maritime communication, maintaining continuous cov-
erage over wide ocean areas is difficult due to terrestrial
base stations have limited range. Consequently, satellites play
a vital role in ensuring global connectivity within SAGINs
[8]. The rapid development and large-scale deployment of

satellite constellations have proven essential for delivering re-
liable, wide-area access services, particularly in geographically
isolated, oceanic, and underserved regions [11]. Integrating
mobile edge computing (MEC) with satellite networks in-
troduces a transformative shift in distributed processing and
content delivery. MEC enables satellites to offer localized
communication, computation, and caching capabilities, effec-
tively bringing edge computing services closer to end users
[17]. This proximity allows for reduced backhaul dependency
and improved response time, especially for latency-sensitive
applications in remote maritime zones, offshore platforms [18].

Thus, managing SAGIN resources while maintaining the
required quality of service and reliability remains a major
challenge. To address this, deep reinforcement learning (DRL)
offers a powerful solutions by enabling adaptive, real-time
optimization across highly dynamic and complex network
environments [19], [20]. Unlike traditional optimization meth-
ods, DRL combines deep neural networks with reinforcement
learning principles, enabling intelligent agents to make real-
time decisions by continuously interacting with the environ-
ment and learning optimal policies without requiring prior
system knowledge [16]. Furthermore, the concept of digital
twin (DT) has gained significant attention in recent years. DT
is a virtual representation of physical space that continuously
mirrors their real-world counterparts through data integration
and dynamic updates to virtual space [21]. This facilitate the
seamless synchronization between physical and virtual spaces.
In addition, this allows predictive analytics, enhanced decision-
making, and optimized operations in networks. [22].

Importantly, the emergence of quantum computing (QC)
has introduced a transformative capability in the design and
optimization of modern communication systems [23]. Rooted
in the principles of quantum mechanics, QC enables the simul-
taneous processing of multiple states and actions. This makes
it particularly well-suited for solving complex problems in dy-
namic and uncertain environments, where classical approaches
often face scalability limitations [24]. When integrated with
DRL, QC enhances the ability of communication systems to
make faster and more efficient decisions. Quantum circuits
allow for the encoding of classical data into quantum states,
enabling agents to explore exponentially larger solution spaces
while consuming fewer computational resources [25]. As a
result, the integration of quantum computing into DRL not
only accelerates policy learning but also enhances decision
quality in real-time applications, such as resource allocation
in 6G-enhanced SAGINs [26]. However, existing studies of-
ten rely on early stage quantum models, and the scalability
of quantum-enhanced DRL remains constrained by current
hardware limitations, including noise sensitivity and qubit
coherence. Therefore, further investigation is needed to explore
novel quantum algorithms and hybrid reinforcement learning
strategies that can adapt to complex, real-world communication
environments. Addressing this gap is essential to fully realize
the benefits of quantum-enhanced learning frameworks and
unlock their full potential in future communication systems.
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A. Related Works

Efficient and reliable maritime communications networks
are essential in the smooth operation of harbors. The rapid
growth of maritime activities demands computation-intensive
and latency-sensitive services [1], [11], [18], [27], [28]. In
[18], a double-edge computation offloading framework was
proposed to support secure and low-latency communication
in integrated space-air-aqua networks. In this framework, the
UAVs relay data between maritime users, base stations, and
satellites. Similarly, a joint trajectory and communication opti-
mization strategy based on multi-agent reinforcement learning
was applied in [11]. This approach enhanced the efficiency and
fault-tolerance of heterogeneous vehicle networks in maritime
search and rescue operations. Furthermore, in [28], a hybrid
offshore and aerial-based multi-access computation offloading
scheme was proposed. The model leveraged edge servers
mounted on both offshore stations and UAVs to minimize
latency in marine communication networks. In addition, mul-
tivessel computation offloading strategies were introduced to
reduce energy consumption and service delay for maritime
MEC networks in [27]. Furthermore, DRL-based latency mini-
mization techniques were introduced to optimize UAV-enabled
maritime edge networks. These methods combined virtual
machine multiplexing with trajectory control in order to im-
prove performance [1]. These advances collectively highlight
the importance of integrating MEC, UAV-assisted relaying,
and dynamic optimization strategies to support the evolving
communication and computational needs in maritime environ-
ments. However, most of these studies are based on a static
network architecture and do not consider the effect of user
mobility and dynamic link variation within the network. Thus,
this paper extends prior research by developing a DT-enhanced
SAGIN model that captures user mobility and environmental
dynamics.

Furthermore, SAGINs have emerged as a key architecture
for next-generation wireless systems. These networks offer
seamless coverage and integrated connectivity across multi-
ple domains. However, the dynamic topology and inherent
heterogeneity of SAGIN create major challenges for efficient
resource management and real-time service delivery [8], [29]–
[36]. To address these challenges, a generative adversarial
network-powered DRL-based routing method was proposed
in [29]. This approach improves load balancing in SAGIN
by predicting network states and reducing the overhead of
continuous information updates. Similarly, a cross-domain vir-
tual network embedding strategy was introduced to orchestrate
heterogeneous resources across satellite, aerial, and terrestrial
layers in [30]. Notably, a distributed DRL-assisted resource
allocation framework was proposed in [31]. It focused on op-
timizing edge caching and managing high-volume data traffic
within SAGIN environments. Moreover, a blockchain-based
federated reinforcement learning strategy was proposed to se-
cure traffic offloading processes and protect against malicious
attacks in SAGIN systems in [32]. Despite these developments,
managing latency under high mobility conditions remains a

major concern. To tackle this, a delay-sensitive task offloading
and dynamic traffic optimization framework was introduced in
[33]. Additionally, a collaborative computing and communica-
tion integration strategy for SAGIN was emphasized in [34].
This approach aims to support real-time and computationally
intensive services. Specifically, a cost-and delay-constrained
anycasting framework was proposed in [35]. It enables flexible
resource orchestration between edge and cloud nodes within
SAGIN. Thus, the above studies discussed the use of DRL
algorithms in various SAGIN architectures. However, this work
enhances the learning ability of DRL agents by integrating
quantum computing, making the agent capable of exploring a
larger and more complex state–action space within the SAGIN
environment.

The use of quantum machine learning (QML) in wireless
networks has gained increasing attention as a promising tool
to enhance computational speed and scalability [25], [37],
[38]. Accordingly, a layerwise quantum DRL framework was
introduced in in [25]. The proposed algorithm improve UAV
trajectory planning and power allocation while enhancing
energy efficiency. Furthermore, in [37], a quantum multi agent
actor critic network was proposed to facilitate cooperative
mobile access among multiple UAVs by addressing scalability
limitations with quantum centralized critics networks. More-
over, an adaptive quantum federated learning strategy was
proposed in [38]. It improves the surveillance in autonomous
drone networks while reducing communication overhead us-
ing quantum neural networks (QNN). Additionally, a joint
quantum reinforcement learning and neural Myerson auction
framework was proposed to enhance digital twin services
across multi-tier wireless networks in [39]. Accordingly, QML
is used in SAGINs for efficient resource allocation, cooperative
scheduling, and enhanced decision-making under dynamic
network conditions [8], [23], [40]. In [8], a quantum multi-
agent reinforcement learning scheduler was proposed to opti-
mize cooperation between CubeSats and high-altitude long-
endurance UAVs in SAGIN. This framework reduce action
dimensionality and improving global access services. Similarly,
quantum-inspired optimization methods were introduced to
accelerate real-time decision-making for resource management
across space, air, and ground nodes [23]. Moreover, QNNs
with parallel training were proposed to optimize wireless
resource allocation under distributed and large-dimensional
settings in [40]. This method offers scalability advantages that
are critical for SAGIN operations. Furthermore, QNN-based
reinforcement learning techniques have demonstrated faster
convergence and better handling of dynamic user grouping and
transmission resource allocation challenges, This further en-
hance the adaptability of network architectures [25], [41], [42].
However, the above studies show that combining QNNs with
DRL improves performance. Most of them use simple quantum
network architectures and basic embedding techniques. In
contrast, this work applies an advanced quantum embedding
method and a novel QNN architecture. These improvements
enhance the QDRL agent’s exploration and expressibility,
leading to efficient resource allocation in the proposed 6G-
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enhanced SAGIN.

B. Motivation and Contributions

In maritime-enhanced SAGINs, efficient and reliable com-
munication is vital for supporting computation-intensive and
latency-sensitive applications. However, dynamic topology,
heterogeneous components, and harsh marine conditions create
challenges for low-latency, energy-efficient service delivery.
Conventional DRL methods often struggle with scalability and
efficient performance in such dynamic, large-scale networks.
These challenges intensify in maritime-enhanced SAGINs,
where rapid decision-making and adaptive resource manage-
ment are crucial. Integrating quantum computing into DRL
offers a promising solution, leveraging quantum superposition
and entanglement to accelerate policy learning and enhance
decision-making. By incorporating quantum feature encoding
and QNNs, quantum-enhanced DRL can more effectively
manage the vast state-action spaces and resource allocation
complexities typical of maritime 6G-enhanced SAGINs.

Inspired by advancements in maritime 6G communications
and quantum-enhanced DRL, our study focuses on efficient
resource optimization within maritime-enhanced SAGIN. We
address this challenge by developing a realistic system model
that captures dynamic URLLC user mobility across harbor
operations, UAV-aided RIS-based aerial relaying for enhanced
signal propagation, satellite-based MEC processing for dis-
tributed computing, and intelligent access path switching be-
tween terrestrial and space layers. We formulate the joint
resource allocation and task offloading problem as a mixed-
integer nonlinear programming (MINLP) problem with the
aim of minimizing the system cost, subject to constraints on
latency, computation resources, caching capacity, bandwidth,
and transmission power. To solve this problem, we employ
a quantum-enhanced DRL framework to optimize resource
management under the complex and dynamic conditions of the
6G-enhanced maritime SAGIN. According to our knowledge,
our proposed framework uniquely employs quantum-enhanced
DRL for optimizing resource allocation to minimize system
costs within a maritime-enhanced SAGIN. The main contribu-
tions of our paper can be summarized as follows:
• We develop a realistic maritime-enhanced SAGIN sys-

tem model in which LEO satellites are responsible for
navigation-related tasks, while the BS handles ground
operational tasks within the harbor. This model captures
critical elements such as dynamic URLLC user mobility
across harbor operations, UCR-based aerial relaying for
enhanced signal propagation, satellite and terrestrial-based
MEC processing for distributed computing, and intelligent
access-path switching between the ground and space
layers to ensure robust and low-latency maritime com-
munication.

• We formulate the task offloading and resource allocation
problem as a MINLP problem aimed at minimizing the
system cost, subject to latency, computation, caching,
bandwidth, and transmission power constraints. To enable

efficient real-time decision-making, we further transform
this optimization into a quantum-enhanced Markov de-
cision process (MDP) framework, which is solved using
quantum-enhanced DRL techniques.

• We propose two quantum-enhanced DRL algorithms,
namely quantum-enhanced deep deterministic policy gra-
dient (QEDDPG) and quantum-enhanced proximal policy
optimization (QEPPO), to solve the reformulated MDP.
These algorithms leverage higher-order quantum feature
encoding and parameterized quantum circuits to accelerate
policy learning and enhance decision-making.

• We conduct extensive simulations using realistic maritime
traffic patterns and communication models to assess the
performance of the proposed quantum-enhanced DRL
frameworks. The evaluation results reveal that our ap-
proach consistently outperforms conventional DRL algo-
rithms in minimizing system costs and optimizing re-
source allocation. These findings validate the effective-
ness of quantum-enhanced learning for complex decision-
making in maritime 6G-enabled SAGINs.

C. Paper Structure and Notations

The structure of this paper is organized as follows. Section II
describes the system model and the problem formulation,
including URLLC user mobility, UCR mobility, channel mod-
elling, data processing model, and the formulation of the
MINLP-based optimization problem. Section III presents the
proposed quantum-enhanced DRL solutions designed for the
maritime 6G-enhanced SAGIN system. Section IV presents the
simulation results along with detailed analysis to evaluate the
effectiveness of the proposed approach. Section V concludes
the paper by summarizing the key findings and future research
directions.

Notations: In this paper, lowercase letters represent scalar
values, bold lowercase letters represent vectors, and bold up-
percase letters represent matrices. The notation x ∼ CN(𝜇, 𝜎2)
means that x follows a complex Gaussian distribution with
mean 𝜇 and variance 𝜎2, while x ∼ N(𝜇, 𝜎2) refers to a
real-valued Gaussian distribution. The length of a vector x is
denoted by |x|, and the set of complex numbers is written as
C. The variable 𝑥𝑚,𝑟 (𝑡) refers to the value linked to the 𝑚-
th transmitter and 𝑟-th receiver at time slot 𝑡. The function
diag(·) creates a diagonal matrix from a vector. The symbols
(·)𝑇 and (·)𝐻 refer to the transpose and the complex-conjugate
transpose, respectively. The tensor product between quantum
states is shown by ⊗. These notations are used consistently
throughout the paper for clarity. Furthermore, the summary of
key notations is provided in Table I.

II. SYSTEM MODEL

In this paper, we propose a digital twin-enhanced SAGIN
architecture for maritime communication, as illustrated in
Fig. 1. The ground layer consists of 𝑀 maritime URLLC users,
denoted by M = {1, . . . , 𝑀}, who dynamically enter and exit
the harbor. These users maintain continuous connectivity with
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Fig. 1. An illustration of digital twin-enhanced satellite-air-ground integrated
maritime communication network architecture.

a LEO satellite, which is equipped with 𝑌 antennas, MEC
capabilities, and caching resources to support data processing
and reduce backhaul load. While the satellite provides broad
coverage, meeting the strict latency and reliability requirements
of URLLC users necessitates more responsive and localized
handling. To address this, a UAV carried passive RIS (UCR)
is deployed to serve as an aerial relay. The RIS comprises 𝑁
reflecting elements that form a controllable LoS path by redi-
recting signals toward a BS. The reflection is governed by a di-
agonal phase shift matrix, 𝚯𝑢 (𝑡) = diag(𝑒 𝑗Θ1 , 𝑒 𝑗Θ2 , . . . , 𝑒 𝑗Θ𝑁 ),
enabling effective beam steering. When the UCR is within
range, user signals are redirected to the BS, facilitating low-
latency, high-reliability transmission. When UCR is out of
range, users fall back to direct satellite communication. This
flexible switching between access paths ensures robust connec-
tivity under dynamic maritime conditions.

The system is modeled using a three-dimensional Carte-
sian coordinate system. The BS antennas are positioned at
an altitude of 𝐻 and it’s coordinates are given by q𝑏𝑠 =

(𝑥𝑏𝑠 , 𝑦𝑏𝑠 , 𝐻) ∈ R3. Similarly, the LEO satellite’s altitude is
𝑟 , and coordinates are q𝑠𝑎𝑡 (𝑡) = (𝑥𝑠𝑎𝑡 (𝑡), 𝑦𝑠𝑎𝑡 (𝑡), 𝑟) ∈ R3.
With recent advancements in satellite communication and the
increased deployment of satellites in low Earth orbit, we
assume that LEO satellite coverage is consistently available in
the maritime environment.This continuous coverage is assumed
through a constellation-based system such as Starlink, where
overlapping satellite footprints provide seamless connectivity
over coastal and open-sea regions.

A. URLLC User Mobility

The mobility of the users is modeled to reflect realistic
behavior in a dynamic maritime environment. We consider the
entire harbour operation time into 𝑇 discrete time slots each
of length Δ𝑡, which can be denoted as T = {1, 2, · · · , 𝑇}.
Moreover, we consider that the harbor consists of 𝐵 berths.
Each berth 𝑏 ∈ B = {1, . . . , 𝐵} has fixed coordinates qberth

𝑏
=

(𝑥berth
𝑏

, 𝑦berth
𝑏

, 0) ∈ R3. All users are positioned on the horizontal
plane, with their height set to zero, and their coordinates are
given by q𝑚 (𝑡) = (𝑥𝑚 (𝑡), 𝑦𝑚 (𝑡), 0) ∈ R3 at time 𝑡. We define a
state variable 𝑆𝑚 (𝑡) ∈ {M, S,W} to characterize the behavior
of each user over time. Specifically, the state M represents
movement along either an entry or exit route, while the state
S indicates that the user is docked at a designated berth.
The state W corresponds to a waiting condition outside the
harbor area. Each user is assigned a predefined entry route
composed of 𝜉 in

𝑚 waypoints, denoted as {𝑤in,𝑘
𝑚 }

𝜉 in
𝑚

𝑘=1, where each
waypoint is given by 𝑤

in,𝑘
𝑚 = (𝑥𝑘 , 𝑦𝑘). The final waypoint of

this entry route corresponds to the user’s assigned berth, such
that 𝑤in, 𝜉 in

𝑚
𝑚 = qberth

𝑏𝑚 (𝑡 ) . Similarly, the exit route consists of 𝜉out
𝑚

waypoints, denoted by {𝑤out,𝑘
𝑚 }𝜉

out
𝑚

𝑘=1 . The first waypoint of the
exit route is set at the berth location, defined as 𝑤out,1

𝑚 = qberth
𝑏𝑚 (𝑡 ) .

Furthermore, berth assignment is dynamically determined by
the mapping 𝑏𝑚 (𝑡) ∈ B ∪ {0}, where 𝑏𝑚 (𝑡) = 0 indicates that
the user is not currently occupying any berth. The occupancy
status of each berth is represented by the variable 𝑂𝑏 (𝑡), which
can be defined as

𝑂𝑏 (𝑡) =
{
𝑚, if user 𝑚 occupies berth 𝑏,
0, if berth 𝑏 is unoccupied.

(1)

When a user is in the moving state M, the heading angle
𝜓𝑚 (𝑡) is directed toward the next waypoint, either 𝑤in,𝑘+1

𝑚 or
𝑤

out,𝑘+1
𝑚 . The index 𝑘 is incremented once the user reaches

the current waypoint. Then, the heading angle 𝜓𝑚 (𝑡) can be
calculated as 𝜓𝑚 (𝑡) = arctan2(𝑦𝑘+1−𝑦𝑚 (𝑡−1), 𝑥𝑘+1−𝑥𝑚 (𝑡−1)),
where (𝑥𝑘+1, 𝑦𝑘+1) are the coordinates of the next waypoint.
Moreover, the user’s speed 𝑣𝑚 (𝑡) can be modeled as

𝑣𝑚 (𝑡) =

𝑣in
𝑚𝑒
−𝜅 | |q𝑚 (𝑡 )−qberth

𝑏𝑚 (𝑡 ) | | , if 𝑆𝑚 (𝑡) = M (entering),
𝑣out
𝑚 , if 𝑆𝑚 (𝑡) = M (exiting),

0, if 𝑆𝑚 (𝑡) ∈ {S,W},
(2)

where 𝜅 > 0 is the decay constant that governs the speed
reduction as users approach their assigned berth during entry.
In state M, the position can be calculated as [23]

𝑥𝑚 (𝑡) = 𝑥𝑚 (𝑡 − 1) + 𝑣𝑚 (𝑡) cos(𝜓𝑚 (𝑡))Δ𝑡 + Δ𝑥𝑚 (𝑡), (3)

𝑦𝑚 (𝑡) = 𝑦𝑚 (𝑡 − 1) + 𝑣𝑚 (𝑡) sin(𝜓𝑚 (𝑡))Δ𝑡 + Δ𝑦𝑚 (𝑡), (4)

where Δ𝑥𝑚 (𝑡),Δ𝑦𝑚 (𝑡) ∼ N (0, 𝜎2
𝑚) are environmental devi-

ations. In state S, q𝑚 (𝑡) = qberth
𝑏𝑚 (𝑡 ) . In state W, q𝑚 (𝑡) =

[𝑥W𝑚 , 𝑦W𝑚 , 0], with 𝑣𝑚 (𝑡) = 0 and Δ𝑥𝑚 (𝑡) = Δ𝑦𝑚 (𝑡) = 0.
Consequently, user’s state transitions occur as follows: from
W to M when a berth is free (𝑂𝑏 (𝑡) = 0). From M to S when
∥q𝑚 (𝑡) − qberth

𝑏𝑚 (𝑡 ) ∥ < 𝜖 . From S to M after berth operations and

from M to W when ∥q𝑚 (𝑡) − 𝑤out, 𝜉 out
𝑚

𝑚 ∥ < 𝜖 . Where 𝜖 is the
threshold distance.
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B. UCR Mobility

The UCR operates at a fixed altitude 𝐿 and flies continu-
ously over the harbor operation time. Its coordinates at time
𝑡 are given by q𝑢 (𝑡) = (𝑥𝑢 (𝑡), 𝑦𝑢 (𝑡), 𝐿) ∈ R3. The UCR
follows a planned trajectory consisting of a sequence of 𝜉𝑢
pre-defined waypoints, expressed as {𝑤𝑘𝑢}

𝜉𝑢
𝑘=1. Each waypoint,

𝑤𝑘𝑢 = (𝑥𝑘𝑢 , 𝑦𝑘𝑢), defines a target position in the horizontal plane.
The direction of the UCR’s movement, denoted by the angle
𝜌𝑢 (𝑡), is determined by the vector pointing from its current
position to the next waypoint. The position of the UCR at
each time slot can be calculated as [43]

𝑥𝑢 (𝑡) = 𝑥𝑢 (𝑡 − 1) + 𝑣𝑢 cos(𝜌𝑢 (𝑡))Δ𝑡 + Δ𝑥𝑢 (𝑡), (5)

𝑦𝑢 (𝑡) = 𝑦𝑢 (𝑡 − 1) + 𝑣𝑢 sin(𝜌𝑢 (𝑡))Δ𝑡 + Δ𝑦𝑢 (𝑡), (6)

where 𝑣𝑢 is the constant speed of the UCR. Moreover, Δ𝑥𝑢 (𝑡)
and Δ𝑦𝑢 (𝑡) ∼ N (0, 𝜎2

𝑢) are random disturbances due to
environmental factors.

C. Channel Modeling

1) Channel between URLLC users and UCR: In this work,
we consider the channel vector between the 𝑚-th user and the
UCR, denoted by h𝑚,𝑢 (𝑡) ∈ C𝑁×1. We employ a Rician fading
model combined with free-space path loss. We assume that
the NLoS components are negligible, simplifying the channel
representation. At time 𝑡, the channel vector can be expressed
as [14]

h𝑚,𝑢 (𝑡) =

√︄(
4𝜋 𝑓𝑐𝑑𝑚,𝑢 (𝑡)

𝑐

)−Ω (√︂
𝛾

𝛾 + 1
hLoS
𝑚,𝑢 (𝑡)

)
, (7)

where 𝑓𝑐 denotes the carrier frequency, 𝑐 represents the speed
of light, Ω specifies the path loss exponent, and 𝛾 refers to
the Rician factor, quantifying the ratio of LoS to scattered
signal power. The Euclidean distance between the 𝑚-th user
and the UCR is expressed as 𝑑𝑚,𝑢 (𝑡) = ((𝑥𝑢 (𝑡) − 𝑥𝑚 (𝑡))2 +
(𝑦𝑢 (𝑡) − 𝑦𝑚 (𝑡))2 + 𝐿2)1/2. In this work, we consider a uniform
linear array configuration for the RIS elements. Accordingly,
LoS component of the channel vector hLoS

𝑚,𝑢 (𝑡) ∈ C𝑁×1 can be
derived as [16]

hLoS
𝑚,𝑢 (𝑡) =

[
1, 𝑒− 𝑗

2𝜋
𝜆
𝑑𝑢 sin(𝜃𝑚,𝑢 (𝑡 )) cos(𝜙𝑚,𝑢 (𝑡 )) ,

. . . , 𝑒− 𝑗
2𝜋
𝜆
𝑑𝑢 (𝑁−1) sin(𝜃𝑚,𝑢 (𝑡 )) cos(𝜙𝑚,𝑢 (𝑡 ))

]𝑇
, (8)

where 𝜆 = 𝑐
𝑓𝑐

is the wavelength of the signal, and 𝑑𝑢 is the
spacing between adjacent RIS elements. 𝜙𝑚,𝑢 (𝑡) is the azimuth
angle at the UCR and 𝜃𝑚,𝑢 (𝑡) is the elevation angle at UCR.
Moreover, [·]𝑇 indicates the transpose operation.

2) Channel between the UCR and BS: We consider the
channel from the UCR to the BS, which is equipped with
𝐾 antennas. The channel matrix H𝑢,𝑏𝑠 (𝑡) ∈ C𝐾×𝑁 can be
expressed as [14]

H𝑢,𝑏𝑠 (𝑡) =

√︄(
4𝜋 𝑓𝑐𝑑𝑢,𝑏𝑠 (𝑡)

𝑐

)−Ω (√︂
𝛾

𝛾 + 1
HLoS
𝑢,𝑏𝑠 (𝑡)

)
, (9)

where 𝑑𝑢,𝑏𝑠 (𝑡) is the distance between the UCR and the
BS which can be computed as 𝑑𝑢,𝑏𝑠 (𝑡) = ((𝑥𝑏𝑠 − 𝑥𝑢 (𝑡))2 +
(𝑦𝑏𝑠 − 𝑦𝑢 (𝑡))2 + (𝐿 − 𝐻)2)1/2. Moreover, the LoS compo-
nent of the channel matrix, HLoS

𝑢,𝑏𝑠
(𝑡) ∈ C𝐾×𝑁 , is expressed

as HLoS
𝑢,𝑏𝑠
(𝑡) = a𝑏𝑠

(
𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡)

)
a𝐻𝑢

(
𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡)

)
,

where a𝑏𝑠
(
𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡)

)
∈ C𝐾×1 denotes the steering vec-

tor of the BS, and a𝑢
(
𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡)

)
∈ C𝑁×1 denotes the

steering vector of the UCR. Therefore, a𝑏𝑠 (𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡))
can be expressed as [16]

a𝑏𝑠
(
𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡)

)
=

[
1, 𝑒− 𝑗

2𝜋
𝜆
𝑑𝑏𝑠 sin(𝜃𝑢,𝑏𝑠 (𝑡 )) cos(𝜙𝑢,𝑏𝑠 (𝑡 )) ,

. . . , 𝑒− 𝑗
2𝜋
𝜆
𝑑𝑏𝑠 (𝐾−1) sin(𝜃𝑢,𝑏𝑠 (𝑡 )) cos(𝜙𝑢,𝑏𝑠 (𝑡 ))

]𝑇
,

(10)

where 𝑑𝑏𝑠 is the spacing between the BS antennas. Similarly,
a𝑢 (𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡)) can be calculated as [16]

a𝑢
(
𝜃𝑢,𝑏𝑠 (𝑡), 𝜙𝑢,𝑏𝑠 (𝑡)

)
=

[
1, 𝑒− 𝑗

2𝜋
𝜆
𝑑𝑢 sin(𝜃𝑢,𝑏𝑠 (𝑡 )) cos(𝜙𝑢,𝑏𝑠 (𝑡 )) ,

. . . , 𝑒− 𝑗
2𝜋
𝜆
𝑑𝑢 (𝑁−1) sin(𝜃𝑢,𝑏𝑠 (𝑡 )) cos(𝜙𝑢,𝑏𝑠 (𝑡 ))

]𝑇
,

(11)

where 𝜙𝑢,𝑏𝑠 (𝑡) and 𝜃𝑢,𝑏𝑠 (𝑡) represent the azimuth and elevation
angles at the BS, respectively. Accordingly, the cascaded
channel between the 𝑚-th user and the BS can be expressed
as g𝑚,𝑏𝑠 (𝑡) = H𝑢,𝑏𝑠 (𝑡)𝚯𝑢 (𝑡)h𝑚,𝑢 (𝑡). Here, we assume a LoS-
dominant UCR link. This reflects typical maritime conditions
with an elevated UAV and an open sea surface. It also keeps
the model tractable.

3) URLLC user to LEO satellite: The communication link
between the 𝑚-th user and the LEO satellite is modeled using
free-space path loss as the path loss model. Therefore, the
channel vector h𝑚,𝑠𝑎𝑡 (𝑡) ∈ C𝑌×1 between the 𝑚-th user and
the LEO satellite can be formulated as [14]

h𝑚,𝑠𝑎𝑡 (𝑡) =

√︄(
4𝜋 𝑓𝑐𝑑𝑚,𝑠𝑎𝑡 (𝑡)

𝑐

)−Ω (√︂
𝛾

𝛾 + 1
hLoS
𝑚,𝑠𝑎𝑡 (𝑡)+√︄

1
𝛾 + 1

hNLoS
𝑚,𝑠𝑎𝑡 (𝑡)

)
, (12)

where hLoS
𝑚,𝑠𝑎𝑡 (𝑡) ∈ C𝑌×1 and hNLoS

𝑚,𝑠𝑎𝑡 (𝑡) ∈ C𝑌×1 denote the LoS
and NLoS components, respectively. The distance 𝑑𝑚,𝑠𝑎𝑡 (𝑡)
between the 𝑚-th user and the LEO satellite can be calculated
as 𝑑𝑚,𝑠𝑎𝑡 (𝑡) = ((𝑥𝑠𝑎𝑡 (𝑡) − 𝑥𝑚 (𝑡))2 + (𝑦𝑠𝑎𝑡 (𝑡) − 𝑦𝑚 (𝑡))2 + 𝑟2)1/2.

D. Communication Model

1) URLLC user to BS communication: URLLC users are
enabled to send data to the BS through UCR. At the BS, the
signal-to-noise ratio (SNR) of the 𝑚-th user can be expressed
as [21]

𝛾bs
𝑚 (𝑡) =

P𝑚 (𝑡) | |g𝑚,𝑏𝑠 (𝑡) | |2

𝜎2
𝑏𝑠
(𝑡)

, (13)

where P𝑚 (𝑡) represents the transmit power of user 𝑚 and 𝜎(𝑡)
is the instantaneous noise power, characterized by a Gaussian
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complex normal distribution ∼ CN
(
0, 𝜎2) . Therefore, the

achievable data rate of the 𝑚-th user can be calculated as [22]

Rbs
𝑚 (𝑡) ≈ 𝛽𝑚 (𝑡)B

©­«log2

(
1 + 𝛾bs

𝑚 (𝑡)
)
−

√︄
𝑉bs
𝑚 (𝑡)
𝑁𝑏𝑠

𝑄−1 (𝜖bs
𝑚 )

ln 2
ª®¬ ,
(14)

where 𝛽𝑚 (𝑡) ∈ [0, 1] is the allocated bandwidth for user 𝑚,
and B represents the system bandwidth. Moreover, 𝑁𝑏𝑠 is
the length of the block. The parameter 𝜖bs

𝑚 corresponds to the
probability of decoding errors. The function 𝑄−1 (·) refers to
the inverse of the function 𝑄, which is defined as 𝑄(𝑥) =

1√
2𝜋

∫ ∞
𝑥

exp
(
− 𝑡22

)
𝑑𝑡. 𝑉bs

𝑚 (𝑡) represents the channel dispersion,

which is given by the expression 𝑉bs
𝑚 (𝑡) = 1 −

[
1 + 𝛾bs

𝑚 (𝑡)
]−2.

2) URLLC user to satellite communication: When users are
outside the coverage of the UCR, they transmit data to an
available LEO satellite. Consequently, the SNR of the 𝑚-th
user can be calculated as [21]

𝛾sat
𝑚 (𝑡) =

P𝑚 (𝑡) | |h𝑚,𝑠𝑎𝑡 (𝑡) | |2

𝜎2
𝑠𝑎𝑡 (𝑡)

, (15)

where 𝜎𝑠𝑎𝑡 (𝑡) is the instantaneous noise power, characterized
by a Gaussian complex normal distribution ∼ CN

(
0, 𝜎2) .

Therefore, the data rate of the 𝑚-th user can be expressed
as [22]

Rsat
𝑚 (𝑡) ≈ 𝛽𝑚 (𝑡)B

©­«log2
(
1 + 𝛾sat

𝑚 (𝑡)
)
−

√︄
𝑉 sat
𝑚 (𝑡)
𝑁𝑠𝑎𝑡

𝑄−1 (𝜖 sat
𝑚 )

ln 2
ª®¬ ,

(16)

where 𝑁𝑠𝑎𝑡 is the length of the block. The parameter 𝜖 sat
𝑚

corresponds to the probability of decoding errors. Moreover,
𝑉 sat
𝑚 (𝑡) denotes the channel dispersion, which can be expressed

as 𝑉 sat
𝑚 (𝑡) = 1 −

[
1 + 𝛾sat

𝑚 (𝑡)
]−2.

E. Data Processing Model

In our model, we consider computation-intensive and
latency-sensitive sensor data from the 𝑚-th user as a three-
tuple 𝐽𝑚 = {𝐷𝑚, 𝐶𝑚, 𝜏max

𝑚 }, where 𝐷𝑚 denotes the total
data size (in bits), 𝐶𝑚 represents the overall computational
complexity (in CPU cycles), and 𝜏max

𝑚 is the maximum tol-
erable latency (in seconds). To facilitate flexible offloading
and efficient resource allocation under the URLLC, the task
𝐽𝑚 is decomposed into 𝐿𝑚 sub tasks, which can be denoted
as 𝐽𝑚 = {𝐽𝑚,1, 𝐽𝑚,2, . . . , 𝐽𝑚,𝐿𝑚 }, where each subtask is char-
acterized by its own three-tuple 𝐽𝑚,ℓ = {𝐷𝑚,ℓ , 𝐶𝑚,ℓ , 𝜏max

𝑚,ℓ
}

for ℓ = 1, . . . , 𝐿𝑚. The split of sub tasks ensures that the
total data size and computational complexity of all sub tasks
collectively equal those of the original task, represented as∑𝐿𝑚
ℓ=1 𝐷𝑚,ℓ = 𝐷𝑚 and

∑𝐿𝑚
ℓ=1 𝐶𝑚,ℓ = 𝐶𝑚 [23].

1) Data transmission and caching: Let, define 𝑞𝑚 (𝑡) ∈
{0, 1} as a binary indicator for the transmission path based
on distance from the UCR to the 𝑚-th user. The parameter
𝑑min represents the minimum threshold distance. If horizon-
tal distance between user 𝑚 and UCR ((𝑥𝑢 (𝑡) − 𝑥𝑚 (𝑡))2 +

(𝑦𝑢 (𝑡) − 𝑦𝑚 (𝑡))2)1/2 > 𝑑min, the user is outside the UCR’s
coverage, and the 𝑚-th user ℓ-th sub task is transmitted to
the LEO satellite, represented by 𝑞𝑚 (𝑡) = 0. Conversely, if
((𝑥𝑢 (𝑡) − 𝑥𝑚 (𝑡))2 + (𝑦𝑢 (𝑡) − 𝑦𝑚 (𝑡))2)1/2 ≤ 𝑑min, the user is
within the UCR’s coverage, and the 𝑚-th user ℓ-th sub task
is transmitted to the BS, denoted by 𝑞𝑚 (𝑡) = 1. Moreover,
we define two binary variables for the caching decision at the
BS and the LEO satellite. Let 𝑧bs

𝑚,ℓ
(𝑡) ∈ {0, 1} represent the

caching variable at the BS and 𝑧sat
𝑚,ℓ
(𝑡) ∈ {0, 1} represent the

caching variable at the LEO satellite. If 𝑧bs
𝑚,ℓ
(𝑡) = 1, the 𝑚-th

user ℓ-th sub task is cached at the BS. Otherwise, if 𝑧bs
𝑚,ℓ
(𝑡) = 0,

the 𝑚-th user ℓ-th sub task is not cached at the BS. Similarly,
if 𝑧sat

𝑚,ℓ
(𝑡) = 1, the 𝑚-th user ℓ-th sub task is cached at the LEO

satellite, whereas if 𝑧sat
𝑚,ℓ
(𝑡) = 0, the 𝑚-th user ℓ-th sub task is

not cached at the LEO satellite.
2) Latency model: Let 𝛼𝑚,ℓ (𝑡) ∈ [0, 1] denote the fraction

of the 𝑚-th user ℓ-th subtask that is transmitted to the BS or
LEO satellite. The local processing latency of the 𝑚-th user
ℓ-th subtask can be calculated as

𝑇 local
𝑚,ℓ =

(1 − 𝛼𝑚,ℓ (𝑡))𝐶𝑚,ℓ
𝑓 local
𝑚 (𝑡)

, (17)

where, 𝑓 local
𝑚 (𝑡) is the computational frequency of the 𝑚-

th user’s processor at time 𝑡. Furthermore, the transmission
latency to BS through UCR for the 𝑚-th user 𝑙-th subtask can
be expressed as

𝑇
tr,bs
𝑚,ℓ

=
𝛼𝑚,ℓ (𝑡)𝐷𝑚,ℓ
Rbs
𝑚 (𝑡)

. (18)

Similarly, the transmission latency of the 𝑚-th user 𝑙-th subtask
to LEO satellite can be formulated as

𝑇
tr,sat
𝑚,ℓ

=
𝛼𝑚,ℓ (𝑡)𝐷𝑚,ℓ
Rsat
𝑚 (𝑡)

. (19)

Therefore, total transmission latency of the 𝑚-th user 𝑙-th
subtask can be expressed as

𝑇
tr,tot
𝑚,ℓ

= 𝑞𝑚 (𝑡)𝑇 tr,bs
𝑚,ℓ
+ (1 − 𝑞𝑚 (𝑡))𝑇 tr,sat

𝑚,ℓ
. (20)

Furthermore, the processing latency of the 𝑚-th user 𝑙-th
subtask at the BS can be formulated as

𝑇
pr,bs
𝑚,ℓ

=
𝛼𝑚,ℓ (𝑡)𝐶𝑚,ℓ

𝑓 bs (𝑡)
, (21)

where 𝑓 bs (𝑡) is computational capacity of BS processor. Ad-
ditionally, the processing latency of the 𝑚-th user 𝑙-th subtask
at the LEO satellite can be formulated as

𝑇
pr,sat
𝑚,ℓ

=
𝛼𝑚,ℓ (𝑡)𝐶𝑚,ℓ

𝑓 sat (𝑡) , (22)

where, 𝑓 sat (𝑡) is the computational frequency of the satellite
processor. Therefore, total end-to-end latency of the 𝑚-th user
𝑙-th subtask can be calculated as

𝑇 tot
𝑚,ℓ = 𝑇

local
𝑚,ℓ + 𝑞𝑚 (𝑡) (1 − 𝑧

bs
𝑚,ℓ (𝑡))𝑇

tr,bs
𝑚,ℓ

+ (1 − 𝑞𝑚 (𝑡)) (1 − 𝑧sat
𝑚,ℓ (𝑡))𝑇

tr,sat
𝑚,ℓ

+ 𝑞𝑚 (𝑡)𝑇pr,bs
𝑚,ℓ
+ (1 − 𝑞𝑚 (𝑡))𝑇pr,sat

𝑚,ℓ
. (23)
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TABLE I
SUMMARY OF KEY NOTATIONS.

Notation Definition Notation Definition
𝑀 Number of URLLC users 𝑁 Number of passive RIS elements
𝐾 Number of antennas at BS 𝑌 Number of antennas at LEO satellite
𝐿 Altitude of UCR 𝐻 Altitude of BS antennas
𝑑𝑚,𝑢 (𝑡 ) Distance from user 𝑚 to UCR 𝑑𝑢,𝑏𝑠 (𝑡 ) Distance from UCR to BS
𝑑𝑚,𝑠𝑎𝑡 (𝑡 ) Distance from user 𝑚 to LEO satellite 𝜓𝑚 (𝑡 ) Heading angle of 𝑚-th user
𝜌𝑢 (𝑡 ) Heading angle of UCR Ω Path loss exponent
𝛾 Rician factor 𝑓𝑐 Carrier frequency
B System bandwidth P𝑚 (𝑡 ) Transmission power of user 𝑚
𝛽𝑚 (𝑡 ) System bandwidth allocation factor 𝐷𝑚 Task size which is generated by user 𝑚
𝐶𝑚 Task complexity which is generated by user 𝑚 𝜏max

𝑚 Maximum tolerable latency for the task of user 𝑚
𝐷𝑚,ℓ Subtask size of user 𝑚 𝐶𝑚,ℓ Subtask complexity which is generated by user 𝑚
𝜏max
𝑚,ℓ

Maximum tolerable latency for the subtask of user 𝑚 𝑑min Minimum distance for UCR coverage
𝛼𝑚,ℓ (𝑡 ) Offloading fraction variable 𝑧bs

𝑚,ℓ
(𝑡 ) Caching variable at BS

𝑞𝑚 (𝑡 ) Variable for determining the transmission path 𝑧sat
𝑚,ℓ
(𝑡 ) Caching variable at LEO satellite

𝜉bs Energy coefficient of the processor of BS-MEC server 𝜉sat Energy coefficient of the processor of LEO satellite MEC server
𝜉local Energy coefficient of the processor of local user processor 𝑟 Distance from Earth surface to LEO satellite
𝑇 local
𝑚,ℓ

Local processing latency for 𝑚-th user ℓ-th subtask 𝑇
tr,bs
𝑚,ℓ

Transmission latency to BS of 𝑚-th user ℓ-th subtask
𝑇

tr,sat
𝑚,ℓ

Transmission latency to LEO satellite 𝑇
tr,tot
𝑚,ℓ

Total transmission latency of 𝑚-th user ℓ-th subtask

𝑇
pr,bs
𝑚,ℓ

Processing latency at BS for 𝑚-th user ℓ-th subtask 𝑇
pr,sat
𝑚,ℓ

Processing latency at LEO satellite for 𝑚-th user ℓ-th subtask
𝑇 tot
𝑚,ℓ

Total end-to-end latency of 𝑚-th user ℓ-th subtask 𝑓 local
𝑚 (𝑡 ) 𝑚-th user device computational power

𝑓 bs (𝑡 ) BS-MEC computational power for 𝑚-th user 𝑓 sat (𝑡 ) LEO satellite MEC computational power for 𝑚-th user
𝐸local
𝑚,ℓ
(𝑡 ) Local processing energy consumption 𝐸

tr,bs
𝑚,ℓ
(𝑡 ) Energy consumption for transmission to BS

𝐸
tr,sat
𝑚,ℓ
(𝑡 ) Energy consumption for transmission to LEO satellite 𝐸

pr,bs
𝑚,ℓ
(𝑡 ) Processing energy consumption at BS-MEC

𝐸
pr,sat
𝑚,ℓ
(𝑡 ) Processing energy consumption at LEO satellite 𝐸tot

𝑚,ℓ
(𝑡 ) Total energy consumption of 𝑚-th user ℓ-th subtask

3) Energy model: The local processing energy consumption
of the 𝑚-th user ℓ-th subtask can be calculated as

𝐸 local
𝑚,ℓ (𝑡) = 𝜉local (1 − 𝛼𝑚,ℓ (𝑡))𝐶𝑚,ℓ ( 𝑓 local

𝑚 (𝑡))2, (24)

where 𝜉local denotes the energy coefficient associated with the
𝑚-th user’s processor, determined by the capacitance of the
integrated circuit. Besides, the transmission energy consump-
tion to BS through UCR for the 𝑚-th user 𝑙-th subtask can be
expressed as

𝐸
tr,bs
𝑚,ℓ
(𝑡) = P𝑚 (𝑡)𝑇 tr,bs

𝑚,ℓ
. (25)

Similarly, the transmission energy consumption of the 𝑙-th
subtask from the 𝑚-th user to the LEO satellite can be
calculated as

𝐸
tr,sat
𝑚,ℓ
(𝑡) = P𝑚 (𝑡)𝑇 tr,sat

𝑚,ℓ
. (26)

Therefore, end-to-end total transmission energy consumption
of the 𝑚-th user 𝑙-th subtask can be expressed as

𝐸
tr,tot
𝑚,ℓ
(𝑡) = 𝑞𝑚 (𝑡)𝐸 tr,bs

𝑚,ℓ
(𝑡) + (1 − 𝑞𝑚 (𝑡))𝐸 tr,sat

𝑚,ℓ
(𝑡). (27)

Furthermore, the processing energy consumption of the 𝑚-th
user 𝑙-th subtask at the BS can be formulated as

𝐸
pr,bs
𝑚,ℓ
(𝑡) = 𝜉bs𝛼𝑚,ℓ (𝑡)𝐶𝑚,ℓ ( 𝑓 bs (𝑡))2, (28)

where 𝜉bs denotes the energy coefficient of the BS-MEC
processor, determined by the capacitance of the integrated

chip. Similarly, the processing energy consumption of the 𝑙-
th subtask from the 𝑚-th user at the LEO satellite can be
calculated as

𝐸
pr,sat
𝑚,ℓ
(𝑡) = 𝜉sat𝛼𝑚,ℓ (𝑡)𝐶𝑚,ℓ ( 𝑓 sat (𝑡))2, (29)

where 𝜉sat is the energy coefficient of the LEO satellite-MEC
processor, which depends on the capacitance of the integrated
chip. Therefore, the total energy consumption of the 𝑚-th user
𝑙-th subtask can be calculated as

𝐸 tot
𝑚,ℓ (𝑡) = 𝐸

local
𝑚,ℓ (𝑡) + 𝑞𝑚 (𝑡) (1 − 𝑧

bs
𝑚,ℓ (𝑡))𝐸

tr,bs
𝑚,ℓ
(𝑡)

+ (1 − 𝑞𝑚 (𝑡)) (1 − 𝑧sat
𝑚,ℓ (𝑡))𝐸

tr,sat
𝑚,ℓ
(𝑡)

+ 𝑞𝑚 (𝑡)𝐸pr,bs
𝑚,ℓ
(𝑡) + (1 − 𝑞𝑚 (𝑡))𝐸pr,sat

𝑚,ℓ
(𝑡). (30)

F. Problem Formulation

In this paper, we aim to jointly optimize the task offloading
fractions, transmission power, bandwidth allocation, local com-
putational resource usage, and caching decisions to minimize
the total system cost in our proposed maritime 6G-enhanced
SAGIN. The system cost reflects a trade-off between energy
consumption and latency, which arises from both communica-
tion and computation processes distributed across all SAGIN
layers. Based on this formulation, the objective function can
be defined as

F (X) =
𝑇∑︁
𝑡=1

𝑀∑︁
𝑚=1

𝐿𝑚∑︁
ℓ=1

(
𝑤1𝐸

tot
𝑚,ℓ (𝑡) + 𝑤2𝑇

tot
𝑚,ℓ (𝑡)

)
(31)
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where X ≜ {𝛼𝑚,ℓ (𝑡),P𝑚 (𝑡), 𝛽𝑚 (𝑡), 𝑓 loc
𝑚 (𝑡), 𝑧bs

𝑚,ℓ
(𝑡), 𝑧sat

𝑚,ℓ
(𝑡)}.

The 𝛼𝑚,ℓ (𝑡) ∈ [0, 1] denotes the fraction of subtask ℓ of-
floaded by user 𝑚 at time 𝑡. P𝑚 (𝑡) is the transmit power
allocation of user 𝑚. 𝛽𝑚 (𝑡) ∈ [0, 1] is the fraction of total
bandwidth allocated to user 𝑚 at time 𝑡. 𝑓 loc

𝑚 (𝑡) is the allocated
CPU processing frequency at the local device. Moreover,
𝑧bs
𝑚,ℓ
(𝑡), 𝑧sat

𝑚,ℓ
(𝑡) ∈ {0, 1} indicate whether subtask ℓ of user

𝑚 is cached at the BS or the LEO satellite. Therefore, the
optimization problem can be formulated as follows:

(P1) : min
X
F (X) (32a)

s.t. 𝑇 tot
𝑚,ℓ (𝑡) ≤ 𝜏

max
𝑚,ℓ , ∀𝑚, ℓ, 𝑡, (32b)

𝐿𝑚∑︁
ℓ=1

𝐷𝑚,ℓ = 𝐷𝑚,

𝐿𝑚∑︁
ℓ=1

𝐶𝑚,ℓ = 𝐶𝑚, ∀𝑚, (32c)

0 ≤ 𝛼𝑚,ℓ (𝑡) ≤ 1, ∀𝑚, ℓ, 𝑡, (32d)
0 < P𝑚 (𝑡) ≤ Pmax

𝑚 , ∀𝑚, 𝑡, (32e)
𝑀∑︁
𝑚=1

𝛽𝑚 (𝑡) ≤ 1, 𝛽𝑚 (𝑡) > 0, ∀𝑡, (32f)

0 < 𝑓 local
𝑚 (𝑡) ≤ 𝑓 max

𝑚,loc, ∀𝑚, 𝑡, (32g)∑︁
𝑚:𝑞𝑚 (𝑡 )=1

𝐿𝑚∑︁
ℓ=1

𝑧bs
𝑚,ℓ (𝑡)𝐷𝑚,ℓ ≤ 𝑆

max
bs , ∀𝑡, (32h)

∑︁
𝑚:𝑞𝑚 (𝑡 )=0

𝐿𝑚∑︁
ℓ=1

𝑧sat
𝑚,ℓ (𝑡)𝐷𝑚,ℓ ≤ 𝑆

max
sat , ∀𝑡, (32i)

𝑧bs
𝑚,ℓ (𝑡), 𝑧

sat
𝑚,ℓ (𝑡) ∈ {0, 1}, ∀𝑚, ℓ, 𝑡, (32j)

Rbs
𝑚 (𝑡) ≥ Rmin

𝑚 , Rsat
𝑚 (𝑡) ≥ Rmin

𝑚 , ∀𝑚, 𝑡, (32k)

𝑧bs
𝑚,ℓ (𝑡) + 𝑧

sat
𝑚,ℓ (𝑡) ≤ 1, ∀𝑚, ℓ, 𝑡. (32l)

As specified in (32), the optimization problem aims to min-
imize the total cost for all users and their respective subtasks
during the operational time of the harbor by optimizing the
transmission power, bandwidth allocation, computational re-
source allocation, and caching decisions subject to constraints.
The constraint (32b) ensures that the total latency for each
subtask of user 𝑚 does not exceed the maximum tolerable
latency threshold 𝜏max

𝑚,ℓ
which maintains stringent latency re-

quirements. Constraint (32c) enforces that the total data size
and computational complexity of all subtasks collectively sum
to the original task size and complexity. Constraint (32d)
ensures that the offloading fraction 𝛼𝑚,ℓ (𝑡) remains within the
range [0, 1]. Constraint (32e) enforces that the transmission
power allocated to each user does not exceed the maximum
power limit Pmax

𝑚 and ensure energy-efficient communication.
The bandwidth allocation is governed by constraint (32f),
where each user’s allocated bandwidth fraction 𝛽𝑚 (𝑡) must be
non-negative, and the total allocated bandwidth across all users
does not exceed the available system bandwidth. Constraint
(32g) ensures that the local computation frequency for each
user does not exceed its maximum processing capability 𝑓 max

𝑚,loc
and prevents computational overload. Constraints (32h) and
(32i) impose caching constraints on the BS and LEO satellite.

It ensure the total amount of cached data does not exceed the
storage capacity limits 𝑆max

bs and 𝑆max
sat , respectively. Constraint

(32j) enforces the binary nature of the caching decision vari-
ables 𝑧bs

𝑚,ℓ
(𝑡) and 𝑧sat

𝑚,ℓ
(𝑡) and ensure that a subtask is either

cached or not. Constraint (32k) ensures that the achievable
data rate for each user through both the BS and the LEO
satellite remains above a predefined minimum threshold Rmin

𝑚 .
Constraint (32l) ensures that a subtask is cached at most at one
location, either the BS or the LEO satellite.

III. PROPOSED SOLUTION

The optimization problem formulated in (32) is a MINLP
problem involving continuous and binary decision variables.
These include the bandwidth allocation 𝛽𝑚 (𝑡), the offloading
fraction 𝛼𝑚,𝑙 (𝑡), the transmission power allocation P𝑚 (𝑡), the
local processing frequency 𝑓 loc

𝑚 (𝑡), and the binary caching
decisions 𝑧bs

𝑚,ℓ
(𝑡) and 𝑧sat

𝑚,ℓ
(𝑡). The coexistence of discrete and

continuous actions, combined with nonlinear coupling among
system resources, creates a large and complex search space
that is difficult to address using conventional optimization
techniques. In order to address these challenges, we propose
a quantum-enhanced DRL framework that leverages quan-
tum feature encoding to efficiently represent high-dimensional
state-action spaces. Specifically, we employ quantum-enhanced
deep deterministic policy gradient (QEDDPG) and quantum-
enhanced proximal policy optimization (QEPPO) to jointly
manage continuous and discrete decision variables. These
approaches aim to dynamically minimize the total system cost,
defined as the combination of energy consumption and task
latency, providing a practical and scalable solution to resource
allocation in the maritime 6G-enhanced SAGIN.

A. Transformation to Quantum-Enhanced Deep Reinforcement
Learning Framework

To apply the proposed quantum-enhanced DRL frameworks
for solving the optimization problem defined in (32), we
model the environment as a Markov decision process (MDP)
characterized by the tuple S,A,R. Here, S represents the
state space, which captures the observable environment fea-
tures upon which decisions are based. The action space A
outlines the complete set of actions available to the agent for
influencing system dynamics. Meanwhile, the reward function
R quantifies the feedback resulting from each action, providing
the necessary learning signal that drives policy improvement.
At every time step 𝑡, the agent interacts with the environment
by first observing the current state 𝑠(𝑡), then choosing an
action 𝑎(𝑡), and finally receiving a reward 𝑟 (𝑡) that reflects the
immediate outcome of its decision. This feedback loop allows
the agent to iteratively refine its policy through continuous
interaction with the maritime 6G-enhanced SAGIN system.
Observation Space: The state space S represents the

system status at each time slot 𝑡. It provides the quantum-
enhanced agent with the necessary information for decision-
making. Hence, the state 𝑠(𝑡) at time 𝑡 is defined as
𝑠(𝑡) =

[
𝐸norm (𝑡), 𝑇norm (𝑡), 𝛾bs (𝑡), 𝛾sat (𝑡), 𝑟rem (𝑡), 𝑇norm

tr (𝑡)
]
,
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where 𝐸norm (𝑡) is the normalized cumulative energy consump-
tion at time 𝑡, and 𝑇norm (𝑡) is the normalized cumulative
latency. Moreover, 𝛾bs (𝑡) represents the average SINR from the
users to the base station, while 𝛾sat (𝑡) represents the average
SNR from the users to the LEO satellite. Furthermore, 𝑟rem (𝑡)
is the fraction of remaining time slots relative to the total
operation period, providing temporal urgency information and
𝑇norm

tr (𝑡) is the normalized average transmission latency, which
quantifies the average transmission latency experienced by the
users at time 𝑡.
Action Space: The action space A defines

the agent’s control decisions at each time slot 𝑡. It
determines the adjustable system variables that influence
task offloading, power allocation, bandwidth allocation,
local computation, and caching strategies. Therefore,
the action space 𝑎(𝑡) at time 𝑡 can be defined as
𝑎(𝑡) =

[
𝛼𝑚,ℓ (𝑡), P𝑚 (𝑡), 𝛽𝑚 (𝑡), 𝑓 local

𝑚 (𝑡), 𝑧bs
𝑚,ℓ
(𝑡), 𝑧sat

𝑚,ℓ
(𝑡)

]
,

where 𝛼𝑚,ℓ (𝑡) ∈ [0, 1] denotes the offloading fraction
of subtask ℓ generated by user 𝑚 at time 𝑡. P𝑚 (𝑡)
represents the transmission power allocated to user 𝑚.
Moreover, 𝛽𝑚 (𝑡) ∈ [0, 1] denotes the fraction of system
bandwidth assigned to user 𝑚, and 𝑓 local

𝑚 (𝑡) denotes the local
CPU processing frequency allocated to user 𝑚 at time 𝑡.
Furthermore, 𝑧bs

𝑚,ℓ
(𝑡) ∈ {0, 1} and 𝑧sat

𝑚,ℓ
(𝑡) ∈ {0, 1} are binary

caching decision variables indicating whether the ℓ-th subtask
of user 𝑚 is cached at the base station or at the LEO satellite,
respectively.
Reward Function: The reward function R plays a

pivotal role in reinforcing the learning behavior of the agent
by continuously evaluating its actions. It provides real-time
feedback that guides the policy toward desirable outcomes by
measuring how each decision influences system performance.
Specifically, it captures the immediate consequences of actions
taken in dynamic environments, enabling the agent to improve
its decision-making over time. Accordingly, the reward per step
at time 𝑡, denoted by 𝑟 (𝑡), can be formulated as

𝑟 (𝑡) = − 1
𝑊

(
𝑀∑︁
𝑚=1

𝐿𝑚∑︁
ℓ=1

(
𝑤1𝐸

tot
𝑚,ℓ (𝑡) + 𝑤2𝑇

tot
𝑚,ℓ (𝑡)

)
+ 𝑃(𝑡)

)
, (33)

where F (X) denotes the system cost, and 𝑃(𝑡) represents the
penalty terms introduced to enforce the constraints specified
in (32b) to (32l). Moreover, 𝑊 represents the scaling factor
of the reward function. A negative reward structure is adopted
to encourage the agent to minimize the overall system cost,
thereby promoting energy-efficient and low-latency operation
within the maritime 6G-enabled SAGIN.

B. Introduction to Quantum Computing

QC marks a significant technological breakthrough in con-
temporary science and engineering. Unlike classical comput-
ing, which uses binary bits, it works with quantum bits (qubits).
Qubits use the principle of superposition, allowing them to
exist in multiple states at once. This capability, combined
with quantum entanglement and inherent parallelism, enables
quantum systems to address specific classes of problems more

efficiently than traditional computing architectures. Moreover,
a qubit can exist in a combination of two basis states. There-
fore, we can express a single qubit as a linear combination of
computational basis states. Thus, it can be represented as

|𝜓⟩ = 𝛼 |0⟩ + 𝛽 |1⟩,
where 𝛼, 𝛽 ∈ C and satisfy the normalization condition
|𝛼 |2 + |𝛽 |2 = 1. This condition ensures that the qubit represents
a valid quantum superposition of both logical states. Upon
measurement, the superposition collapses to either |0⟩ or |1⟩,
with the associated probabilities which can be expresed as

𝑃( |0⟩) = |𝛼 |2, 𝑃( |1⟩) = |𝛽 |2.
Furthermore, quantum computers manipulate qubit states using
quantum gates. These gates operate differently from classical
logic gates. Moreover, these gates are described by unitary
matrices, ensuring that operations are reversible and norm-
preserving. Quantum gates act on individual or multiple qubits
and serve as the building blocks of quantum circuits. Their
composition enables the construction of algorithms capable of
solving classically intractable problems. The basic quantum
gates are summarized in the Table II.

TABLE II
BASIC QUANTUM GATES [25]

Gate Matrix Functionality

Hadamard (H) 1√
2

[
1 1
1 −1

]
Generates superposition of |0⟩
and |1⟩

Pauli-X (X)
[
0 1
1 0

]
Bit-flip: |0⟩ ↔ |1⟩

Pauli-Y (Y)
[
0 −𝑖
𝑖 0

]
Applies bit and phase flip (Y-axis
rotation)

Pauli-Z (Z)
[
1 0
0 −1

]
Applies phase flip (Z-axis rota-
tion)

RX(𝜃 )
[

cos( 𝜃2 ) −𝑖 sin( 𝜃2 )
−𝑖 sin( 𝜃2 ) cos( 𝜃2 )

]
Rotates qubit around X-axis by
angle 𝜃

RY(𝜃 )
[
cos( 𝜃2 ) − sin( 𝜃2 )
sin( 𝜃2 ) cos( 𝜃2 )

]
Rotates qubit around Y-axis by
angle 𝜃

RZ(𝜃 )
[
𝑒−𝑖𝜃/2 0

0 𝑒𝑖𝜃/2

]
Rotates qubit around Z-axis by
angle 𝜃

CNOT


1 0 0 0
0 1 0 0
0 0 0 1
0 0 1 0

 Flips target qubit if control qubit
is |1⟩

C. Preliminaries of Quantum Machine Learning
QML is a growing research direction that integrates the

strengths of quantum computing with classical machine learn-
ing techniques. As illustrated in Fig 2, the process begins with
data encoding, where classical input values are transformed
into quantum states to be processed by quantum circuits. This
transformation is carried out using parameterized quantum
gates, such as rotation gates (RX, RY, RZ), and entanglement
operations that link qubits to capture complex patterns in the
data [44]. There are various data encoding strategies such
as amplitude encoding, angle encoding, and basis encoding,
which significantly influence the model’s expressiveness and
circuit depth.
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Fig. 2. QML pipeline with data encoding, parametric quantum circuit and
quantum measurement.

1) Amplitude encoding: Amplitude encoding maps a nor-
malized classical vector x = [𝑥0, 𝑥1, . . . , 𝑥2𝑛−1] into the ampli-
tude components of a quantum state distributed across 𝑛 qubits.
This enables a concise quantum representation of classical data
[45]

|𝜓⟩ =
2𝑛−1∑︁
𝑖=0

𝑥𝑖 |𝑖⟩, with
∑︁
|𝑥𝑖 |2 = 1.

This encoding scheme enables exponential compression of
classical information and make it highly efficient for high-
dimensional data representation. However, state preparation
often requires deep circuits and significant resources, especially
when working with arbitrary vectors.

2) Angle encoding: Angle encoding, also referred to as
rotation-based or parametric encoding. This encodes classical
features into the angular parameters of single-qubit quantum
gates. Specifically, each classical scalar 𝑥 ∈ R is embedded
into a qubit using rotational operations, typically around the
Y or Z axis. A common implementation uses the RY gate as
follows [45]

|𝜓⟩ = RY(2𝑥) |0⟩ = cos(𝑥) |0⟩ + sin(𝑥) |1⟩

This approach offers a hardware-efficient encoding strategy and
it is well-suited for near-term quantum devices.

3) Basic encoding: Basis encoding is the most direct
method for representing classical binary information in
quantum systems. It maps an 𝑛-bit classical string 𝑏 =

𝑏0𝑏1 . . . 𝑏𝑛−1, where 𝑏𝑖 ∈ {0, 1}, into a quantum state using
the computational basis which can be expressed as

|𝜓⟩ = |𝑏0𝑏1 . . . 𝑏𝑛−1⟩.

This method is efficient for discrete data. However, it lacks
scalability for continuous values and offers limited quantum
advantage.

After encoding process, the quantum states are processed
through a QNN. A QNN is composed of layers of quantum
gates arranged to simulate the behavior of neurons and acti-
vation functions. These networks are designed using parame-
terized unitary operations and often trained through variational
algorithms. The QNN serves as the core computational block

where learning takes place by adjusting gate parameters to
minimize a loss function which is similar to classical deep
learning [45].

D. Quantum-Enhanced Deep Deterministic Policy Gradient
Algorithm

We employ the QEDDPG framework, a quantum-enhanced,
model-free DRL method. Here the classical states 𝑠(𝑡) are first
encoded into quantum states |𝑠𝑞 (𝑡)⟩ through higher order en-
coding (HOE). This quantum feature map captures both linear
and nonlinear correlations within the state representation and
enable richer expressiveness and improved policy learning. The
HOE method constructs an 𝑛-qubit circuit to embed the nor-
malized classical input. Each state element 𝑥 is first processed
through a hyperbolic tangent function and ensure the values
lie within [−1, 1]. The resulting normalized vector is then
transformed into a quantum state through the unitary operator
UHOE (𝑥), which can be expressed as |𝑠𝑞 (𝑡)⟩ = UHOE (𝑥) |0⟩⊗𝑛.
Where, UHOE (𝑥) can be denoted as [45]

UHOE (𝑥) =
(
𝑛−2∏
𝑖=0

[
CNOT𝑖,𝑖+1 · RZ𝑖+1 (2(𝜋 − tanh(𝑥𝑖))

(𝜋 − tanh(𝑥𝑖+1))) · CNOT𝑖,𝑖+1
] )
·(

𝑛−1⊗
𝑖=0

RZ𝑖 (2𝜋 tanh(𝑥𝑖)) ·H𝑖

)
, (34)

where H𝑖 is the Hadamard gate on qubit 𝑖, RZ(·) is a Z-
axis rotation, and CNOT𝑖,𝑖+1 denotes the controlled-NOT gate
between qubits 𝑖 and 𝑖 + 1. Following HOE, two QNNs,
also known as parameterized quantum circuits (PQCs), pro-
cess |𝑠𝑞 (𝑡)⟩. One PQC for the actor network to learn a
deterministic policy and another for the critic network to
estimate the Q-value. Each PQC comprises multiple variational
layers which can be defined by the unitary UPQC (𝜃, 𝜙) =∏
𝑙 U
(𝑙)
layer (𝜃

(𝑙) , 𝜙 (𝑙) ). Then, U(𝑙)layer (𝜃
(𝑙) , 𝜙 (𝑙) ) can be expressed

as

U(𝑙)layer (𝜃
(𝑙) , 𝜙 (𝑙) ) =

(
𝑛−1⊗
𝑖=0

(
RY𝑖 (𝜃 (𝑙)𝑖 )RZ𝑖 (𝜙 (𝑙)𝑖 )

))
·
(
𝑛−2∏
𝑖=0

CZ𝑖,𝑖+1

)
,

(35)

where RY(𝜃 (𝑙)
𝑖
), RZ(𝜙 (𝑙)

𝑖
) are the single-qubit rotations and

CZ𝑖,𝑖+1 are controlled-Z gates for creating the entanglement
between adjacent qubits. For the actor PQC, the unitary oper-
ator is Uactor (𝜃𝑎, 𝜙𝑎), with trainable parameters 𝜃𝑎 = {𝜃 (𝑙)

𝑎,𝑖
}

and 𝜙𝑎 = {𝜙 (𝑙)
𝑎,𝑖
}. For the critic PQC, the unitary operator

is Ucritic (𝜃𝑐, 𝜙𝑐), with trainable parameters 𝜃𝑐 = {𝜃 (𝑙)
𝑐,𝑖
} and

𝜙𝑐 = {𝜙 (𝑙)
𝑐,𝑖
}. When the actor PQC Uactor (𝜃𝑎, 𝜙𝑎) is applied

to the encoded quantum state |𝑠𝑞 (𝑡)⟩, we measure the policy
using projective measurements in the Pauli-Z basis, obtaining
expectation values ⟨𝜋𝜃𝑎 ,𝜙𝑎 ⟩ = {⟨Z𝑖⟩}𝑛−1

𝑖=0 . These are averaged
over 𝑁shot measurements (𝑀) and decoded through 𝐹actor

decode to
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compute the deterministic policy which can be expressed as
[25]

𝜋𝜃𝑎 ,𝜙𝑎 (𝑎(𝑡) | 𝑠(𝑡))
𝐹actor

decode←− 1
𝑁shot

𝑁shot∑︁
𝑙=1

𝑀 (⟨𝜋𝜃𝑎 ,𝜙𝑎 ⟩). (36)

The decoding operation employs a linear layer with sigmoid
activation to produce continuous actions and Gumbel-Softmax
logits for binary decisions which forms the deterministic policy
𝜋𝜃𝑎 ,𝜙𝑎 (𝑠(𝑡)). Similarly, the critic PQC Ucritic (𝜃𝑐, 𝜙𝑐) receives
a preprocessed input that combines the state, continuous
actions, and discrete action probabilities, and outputs a Q-
value 𝑄 𝜃𝑐 ,𝜙𝑐 (𝑠(𝑡), 𝑎(𝑡)) through a linear layer. After applying
Ucritic (𝜃𝑐, 𝜙𝑐), the Q-value is measured using projective mea-
surements in the Pauli-Z basis, resulting in expectation values
⟨𝑞𝜃𝑐 ,𝜙𝑐 ⟩ = {⟨𝑍𝑖⟩}𝑛−1

𝑖=0 . The expectation values are averaged
over 𝑁shot measurements and are decoded through 𝐹critic

decode to
compute the Q-value which can be calculated as

𝑄 𝜃𝑐 ,𝜙𝑐 (𝑠(𝑡), 𝑎(𝑡))
𝐹critic

decode←− 1
𝑁shot

𝑁shot∑︁
𝑙=1

𝑀 (⟨𝑞𝜃𝑐 ,𝜙𝑐 ⟩). (37)

The decoding operation employs a linear layer that maps the
expectation values to a scalar Q-value. Upon executing an
action 𝑎(𝑡) generated by the deterministic policy 𝜋𝜃𝑎 ,𝜙𝑎 (𝑠(𝑡))
with additive exploration noise in the maritime 6G-enhanced
SAGIN environment, the agent receives an immediate reward
𝑟 (𝑡) and transitions to the next state 𝑠(𝑡+1). Then the temporal-
difference target 𝑦(𝑡) can be expressed as [43], [46]

𝑦(𝑡) = 𝑟 (𝑡) + 𝛾𝑄 𝜃 ′𝑐 ,𝜙′𝑐
(
𝑠(𝑡 + 1), 𝜋𝜃 ′𝑎 ,𝜙′𝑎 (𝑠(𝑡 + 1))

)
, (38)

where 𝛾 denotes the discount factor, and
𝑄 𝜃 ′𝑐 ,𝜙′𝑐

(
𝑠(𝑡 + 1), 𝜋𝜃 ′𝑎 ,𝜙′𝑎 (𝑠(𝑡 + 1))

)
represents the Q-value

estimated by the critic PQC using target networks with
parameters 𝜃′𝑎, 𝜙′𝑎, 𝜃′𝑐, and 𝜙′𝑐. Then, the actor loss Lactor,
which aims to maximize the expected Q-value under the
current policy, can be formulated as [43], [46]

Lactor = −E
[
𝑄 𝜃𝑐 ,𝜙𝑐

(
𝑠(𝑡), 𝜋𝜃𝑎 ,𝜙𝑎 (𝑠(𝑡))

) ]
. (39)

Therefore, the corresponding policy gradient can be computed
as [43], [46]

∇𝜃𝑎 ,𝜙𝑎Lactor = −E𝑠∼D

[
∇𝜃𝑎 ,𝜙𝑎𝜋𝜃𝑎 ,𝜙𝑎 (𝑠(𝑡))

∇𝑎𝑄 𝜃𝑐 ,𝜙𝑐 (𝑠(𝑡), 𝑎)
���
𝑎=𝜋𝜃𝑎 ,𝜙𝑎 (𝑠 (𝑡 ) )

]
. (40)

Thus, the critic loss Lcritic, which minimizes the TD error
between the predicted Q-value and the TD target, can be
expressed as [43], [46]

Lcritic = E
[ (
𝑄 𝜃𝑐 ,𝜙𝑐 (𝑠(𝑡), 𝑎(𝑡)) − 𝑦(𝑡)

)2
]
, (41)

and its gradient can be computed as [43]

∇𝜃𝑐 ,𝜙𝑐Lcritic = E𝑠∼D

[
2
(
𝑄 𝜃𝑐 ,𝜙𝑐 (𝑠(𝑡), 𝑎(𝑡)) − 𝑦(𝑡)

)

Algorithm 1 : Proposed Quantum-Enhanced DDPG (QED-
DPG) Algorithm for solving (32).

1: Initialize the maritime 6G-enhanced SAGIN environment
with its specified parameters.

2: Initialize the actor PQC 𝜋(𝑠 |𝜃𝑎, 𝜙𝑎) with parameters 𝜃𝑎,
𝜙𝑎 and the critic PQC 𝑄(𝑠, 𝑎 |𝜃𝑐, 𝜙𝑐) with parameters 𝜃𝑐,
𝜙𝑐.

3: Initialize the target networks 𝜋′ and 𝑄′ with 𝜃′𝑎 ← 𝜃𝑎,
𝜙′𝑎 ← 𝜙𝑎, 𝜃′𝑐 ← 𝜃𝑐, and 𝜙′𝑐 ← 𝜙𝑐.

4: Set up a replay buffer D.
5: for each episode do
6: for 𝑡 = 1, 2, . . . , 𝑇 do
7: Encode the state 𝑠(𝑡) into a quantum state |𝑠𝑞 (𝑡)⟩

using HOE as defined in (34).
8: Apply the actor PQC Uactor (𝜃𝑎, 𝜙𝑎) to |𝑠𝑞 (𝑡)⟩, mea-

sure in the Pauli-Z basis, and decode via 𝐹actor
decode

to generate continuous actions 𝑎cont (𝑡) and discrete
actions 𝑎disc (𝑡) as 𝑎(𝑡) = 𝜋(𝑠(𝑡) |𝜃𝑎, 𝜙𝑎).

9: Generate an action with added noise: 𝑎(𝑡) =

𝜋(𝑠(𝑡) |𝜃𝑎, 𝜙𝑎) + 𝑍 (̂𝑡).
10: Execute the action 𝑎(𝑡), receive reward 𝑟 (𝑡), and

transition to the next state 𝑠(𝑡 + 1).
11: Store {𝑠(𝑡), 𝑎(𝑡), 𝑟 (𝑡), 𝑠(𝑡+1)} in the replay buffer D.
12: Randomly sample a batch 𝑆 of transitions from D.
13: Compute target values 𝑦(𝑡) for the batch using (38).
14: Update the critic PQC parameters 𝜃𝑐, 𝜙𝑐 by minimiz-

ing the loss Lcritic using (41) and its gradient (42).
15: Update the actor PQC parameters 𝜃𝑎, 𝜙𝑎 using the

policy gradient from (40).
16: Softly update the target networks using the soft update

rule with coefficient 𝜏.
17: end for
18: end for

∇𝜃𝑐 ,𝜙𝑐𝑄 𝜃𝑐 ,𝜙𝑐 (𝑠(𝑡), 𝑎(𝑡))
]
. (42)

The actor and critic parameters are updated using these gradi-
ents which are computed through the parameter-shift rule [25],
[26]. Moreover, soft target network updates based on Polyak
averaging are applied to further stabilize the learning process.
The detailed QEDDPG framework is summarized in Algorithm
1.

E. Quantum-Enhanced Proximal Policy Optimization Algo-
rithm

In this section we propose QEPPO framework, a quantum-
powered, model-free DRL strategy. The process begins by en-
coding the classical state information into quantum states using
HOE as defined in (34). As discussed this encoding scheme
enable a richer feature representation. Once encoded, the quan-
tum state |𝑠𝑞 (𝑡)⟩ is processed by the actor PQC, denoted as
Uactor (𝜃𝑎, 𝜙𝑎), with trainable parameters 𝜃𝑎 = {𝜃 (𝑙)

𝑎,𝑖
} and 𝜙𝑎 =

{𝜙 (𝑙)
𝑎,𝑖
}. The actor PQC applies a sequence of variational layers,

where the overall unitary transformation can be defined as
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UPQC (𝜃, 𝜙) =
∏
𝑙 U
(𝑙)
layer (𝜃

(𝑙) , 𝜙 (𝑙) ), with each individual layer

U(𝑙)layer (𝜃
(𝑙) , 𝜙 (𝑙) ) detailed in (35). After processing, projective

measurements in the Pauli-Z basis are performed, yielding a
set of expectation values ⟨𝜋𝜃𝑎 ,𝜙𝑎 ⟩ = {⟨Z𝑖⟩}𝑛−1

𝑖=0 that represent
the quantum-encoded policy information. These measurement
outcomes are averaged across 𝑁shot repeated measurements,
denoted by 𝑀 , and decoded through a function Factor

decode. This
produces the final stochastic policy as

𝜋𝜃𝑎 ,𝜙𝑎 (𝑎(𝑡) | 𝑠(𝑡))
Factor

decode←− 1
𝑁shot

𝑁shot∑︁
𝑙=1

𝑀 (⟨𝜋𝜃𝑎 ,𝜙𝑎 ⟩). (43)

Concurrently, the value estimation is performed using a
separate PQC, denoted as Uvalue (𝜃𝑣 , 𝜙𝑣). This also processes
|𝑠𝑞 (𝑡)⟩ and is parameterized by 𝜃𝑣 = {𝜃 (𝑙)

𝑣,𝑖
} and 𝜙𝑣 = {𝜙 (𝑙)

𝑣,𝑖
}.

After processing, projective measurements in the Pauli-Z ba-
sis are performed. Then the expectation values ⟨𝑣 𝜃𝑣 ,𝜙𝑣 ⟩ =

{⟨Z𝑖⟩}𝑛−1
𝑖=0 can be obtained as

𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡))
Fvalue

decode←− 1
𝑁shot

𝑁shot∑︁
𝑙=1

𝑀 (⟨𝑣 𝜃𝑣 ,𝜙𝑣 ⟩). (44)

Following the policy sampling, the agent executes the
selected action 𝑎(𝑡) in the maritime 6G-enhanced SAGIN
environment. Then the agent receives an immediate reward
𝑟 (𝑡), and transitions to the next state 𝑠(𝑡 + 1). Thereafter,
the temporal-difference target 𝑦(𝑡) is calculated which can be
expressed as [47]

𝑦(𝑡) = 𝑟 (𝑡) + 𝛾𝑉𝜃 ′𝑣 ,𝜙′𝑣 (𝑠(𝑡 + 1)), (45)

where 𝛾 denotes the discount factor, and 𝑉𝜃 ′𝑣 ,𝜙′𝑣 (𝑠(𝑡 + 1)) rep-
resents the state-value estimated by the target value PQC with
parameters 𝜃′𝑣 , 𝜙′𝑣 . The advantage function, which quantifies
the relative benefit of the action 𝑎(𝑡), can be computed as [47]

𝐴(𝑡) = 𝑟 (𝑡) + 𝛾𝑉𝜃 ′𝑣 ,𝜙′𝑣 (𝑠(𝑡 + 1)) −𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡)), (46)

where 𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡)) is the value PQC’s estimate for the current
state with parameters 𝜃𝑣 , 𝜙𝑣 . Then, the actor loss Lactor, which
aims to optimize the policy, can be formulated as [47]

Lactor = E

[
min

(
𝜋𝜃𝑎 ,𝜙𝑎 (𝑎(𝑡) | 𝑠(𝑡))
𝜋𝜃old

𝑎 ,𝜙old
𝑎
(𝑎(𝑡) | 𝑠(𝑡)) 𝐴(𝑡),

clip

(
𝜋𝜃𝑎 ,𝜙𝑎 (𝑎(𝑡) | 𝑠(𝑡))
𝜋𝜃old

𝑎 ,𝜙old
𝑎
(𝑎(𝑡) | 𝑠(𝑡)) , 1 − 𝜖, 1 + 𝜖

)
𝐴(𝑡)

)]
, (47)

with its gradient can be computed as [47]

∇𝜃𝑎 ,𝜙𝑎Lactor = E

[
∇𝜃𝑎 ,𝜙𝑎 min

(
𝜋𝜃𝑎 ,𝜙𝑎 (𝑎(𝑡) | 𝑠(𝑡))
𝜋𝜃old

𝑎 ,𝜙old
𝑎
(𝑎(𝑡) | 𝑠(𝑡)) 𝐴(𝑡),

clip

(
𝜋𝜃𝑎 ,𝜙𝑎 (𝑎(𝑡) | 𝑠(𝑡))
𝜋𝜃old

𝑎 ,𝜙old
𝑎
(𝑎(𝑡) | 𝑠(𝑡)) , 1 − 𝜖, 1 + 𝜖

)
𝐴(𝑡)

)]
,

(48)

where 𝜋𝜃𝑎 ,𝜙𝑎 denotes the combined continuous and discrete
policy parameterized by 𝜃𝑎 and 𝜙𝑎, 𝜋𝜃old

𝑎 ,𝜙old
𝑎

represents the
policy from the previous iteration, and 𝜖 denotes the clipping

Algorithm 2 : Proposed Quantum-Enhanced PPO (QEPPO)
Algorithm for solving (32).

1: Initialize the maritime 6G-enhanced SAGIN environment
with its specified parameters.

2: Initialize the actor PQC 𝜋(𝑎 |𝑠 |𝜃𝑎, 𝜙𝑎) with parameters 𝜃𝑎,
𝜙𝑎, and the value PQC 𝑉 (𝑠 |𝜃𝑣 , 𝜙𝑣) with parameters 𝜃𝑣 ,
𝜙𝑣 .

3: Set up a rollout buffer T .
4: for each iteration do
5: for 𝑡 = 1, 2, . . . , 𝑇 do
6: Encode the state 𝑠(𝑡) into a quantum state |𝑠𝑞 (𝑡)⟩

using HOE as defined in (34).
7: Apply the actor PQC Uactor (𝜃𝑎, 𝜙𝑎) to |𝑠𝑞 (𝑡)⟩, mea-

sure in the Pauli-Z basis, and decode via 𝐹actor
decode to

generate continuous and discrete actions as 𝑎(𝑡) ∼
𝜋(𝑎 |𝑠(𝑡) |𝜃𝑎, 𝜙𝑎).

8: Execute the action 𝑎(𝑡), receive reward 𝑟 (𝑡), and
transition to the next state 𝑠(𝑡 + 1).

9: Apply the value PQC Uvalue (𝜃𝑣 , 𝜙𝑣) to |𝑠𝑞 (𝑡)⟩, mea-
sure in the Pauli-Z basis, and decode to compute the
value 𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡)).

10: Store {𝑠(𝑡), 𝑎(𝑡), 𝑟 (𝑡), 𝑠(𝑡+1), 𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡))} in the T .
11: end for
12: Compute target values 𝑦(𝑡) and advantages 𝐴(𝑡) for the

trajectory in T using (45) and (46).
13: for each epoch do
14: Compute the actor loss Lactor over the T using (47).
15: Update the policy parameters 𝜃𝑎, 𝜙𝑎 by minimizing

Lactor using the gradient ∇𝜃𝑎 ,𝜙𝑎Lactor from (48).
16: Compute the value loss Lvalue over the T using (49).
17: Update the value parameters 𝜃𝑣 , 𝜙𝑣 by minimizing

Lvalue using the gradient ∇𝜃𝑣 ,𝜙𝑣Lvalue from (50).
18: end for
19: Softly update the target value network using the soft

update rule with coefficient 𝜏.
20: end for

parameter. Moreover, the value loss Lvalue, which minimizes
the error between the predicted and target values, can be
expressed as [47]

Lvalue = E
[ (
𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡)) − 𝑦(𝑡)

)2
]
, (49)

with its gradient can be computed as [47]

∇𝜃𝑣 ,𝜙𝑣Lvalue = E
[
2
(
𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡)) − 𝑦(𝑡)

)
· ∇𝜃𝑣 ,𝜙𝑣𝑉𝜃𝑣 ,𝜙𝑣 (𝑠(𝑡))

]
.

(50)

Similarly, policy and value parameters are updated using
parameter-shift rule. Thus, the QEPPO framework is summa-
rized in Algorithm 2.

F. Complexity Analysis

The complexity of the proposed QEDDPG algorithm comes
from quantum measurements, gradients, replay-buffer sam-
pling, and soft-target updates for its actor and critic PQCs.
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Therefore, each step involves HOE with complexity O(𝐵𝑛),
PQC evolution with O(𝐵𝐿 (3𝑛 − 1)), and measurement with
O(𝐵𝑛𝑁shot). Moreover, classical decoding for the actor covers
both continuous and discrete outputs, costing O(𝑛(𝑑𝑐 + 𝑑𝑑)),
while the critic’s linear layer maps quantum outputs to a
scalar Q-value with O(𝑛), totaling O(𝐵𝑛(𝑑𝑐 +𝑑𝑑 +1)). Replay
sampling from buffer D costs O(𝐵), and soft updates require
O(𝑁𝑎 + 𝑁𝑐), where 𝑁𝑎 and 𝑁𝑐 denote the actor and critic
parameters. Gradients, obtained through the parameter-shift
rule, cost O(𝐵𝐿 (3𝑛 − 1)), along with O(𝐵𝑛(𝑑𝑐 + 𝑑𝑑 + 1)) for
decoding. Thus, the per-step complexity can be expressed as
O(𝐵𝑛(𝐿 (3𝑛 − 1) + 𝑁shot + 𝑑𝑐 + 𝑑𝑑 + 1) + 𝑁𝑎 + 𝑁𝑐). Over 𝑇
steps and 𝐸 episodes, the total complexity can be calculated
as O(𝐸𝑇 [𝐵𝑛(𝐿 (3𝑛 − 1) + 𝑁shot + 𝑑𝑐 + 𝑑𝑑 + 1) + 𝑁𝑎 + 𝑁𝑐]).

Similarly, the computational complexity of the proposed
QEPPO algorithm mainly arises from the qubit measurement
process and the calculation of gradients for its actor and value
PQCs. Each step involves HOE calculated as O(𝐵𝑛), PQC
evolution with 𝐿 layers computed as O(𝐵𝐿 (3𝑛 − 1)), and
measurement across 𝑛 qubits with 𝑁shot shots, resulting in
O(𝐵𝑛𝑁shot). Moreover, classical decoding employs linear map-
pings for actor continuous (O(𝑛𝑑𝑐)), actor discrete (O(𝑛𝑑𝑑)),
and value (O(𝑛)) outputs, summing to O(𝐵𝑛(𝑑𝑐 + 𝑑𝑑 + 1)).
Gradients, using the parameter-shift rule, experience a cost
of O(𝐵𝐿 (3𝑛 − 1)), along with O(𝐵𝑛(𝑑𝑐 + 𝑑𝑑 + 1)) for de-
coding. Hence, the per-step complexity can be denoted as
O(𝐵𝑛(𝐿 (3𝑛−1)+𝑁shot+𝑑𝑐+𝑑𝑑+1)). Over 𝑇 steps, 𝐸 episodes,
and 𝑁𝑒 epochs with the rollout buffer T , the total complexity
can be denoted as O(𝐸𝑁𝑒𝑇𝐵𝑛(𝐿 (3𝑛−1) +𝑁shot+𝑑𝑐 +𝑑𝑑 +1)).

IV. NUMERICAL RESULTS AND DISCUSSIONS

A. Simulation Settings

This subsection presents the settings of parameters for the
implementation of the proposed solution and simulations. The
parameters of the QEDDPG and QEPPO algorithms are as
follows. For QEPPO, the actor learning rate is set to 2× 10−4,
the value learning rate to 2×10−3, the discount factor 𝛾 to 0.99,
the clipping parameter 𝜖 to 0.2, and the number of epochs
𝑁𝑒 to 10 with a batch size 𝐵 = 64 [36]. For QEDDPG,
the actor learning rate is 2 × 10−4, the critic learning rate
is 2 × 10−3, the discount factor 𝛾 is 0.99, the soft update
coefficient 𝜏 is 0.005, and the batch size is 𝐵 = 64. The
training process is carried over 𝐸 = 1000 episodes for QEPPO
and 𝐸 = 1000 episodes for QEDDPG, each episode composed
of 𝑇 = 200 steps. Both algorithms employ HOE with 𝑛 = 6
qubits. The quantum circuit comprises 𝐿 = 4 layers and uses
𝑁shot = 1024 measurement shots. We carried out simulations
using the TorchQuantum library [44]. This enables the
implementation of QNNs and HOE on classical hardware. The
simulator emulates the behavior of current noisy intermediate-
scale quantum (NISQ) devices. This allows realistic testing
under limited qubit counts and shallow circuit depths. More-
over, the selected circuit parameters were kept consistent with
the operational capabilities of existing superconducting and
photonic processors. Thus, this study focuses on algorithmic

TABLE III
MARITIME 6G-ENHANCED SAGIN ENVIRONMENT PARAMETERS [22],

[23], [43].

Parameters Value

Number of maritime URLLC users, 𝑀 10
Number of sub tasks, ℓ 2
Number of berths, 𝐵 5
Number of antennas at UCR, 𝑁 64
Number of antennas at BS, 𝐾 8
Number of antennas at satellite, 𝑌 16
Harbor size, 𝑥max, 𝑦max (2000, 2000) m
Distance to LEO satellite, 𝑟 400 km
UCR speed, 𝑣𝑢 10 m/s
BS-MEC computation power, 𝐹max

bs 4 GHz
Local computation power, 𝐹max

local 1 GHz
Satellite-MEC computation power, 𝐹max

sat 8 GHz
Energy coefficients, 𝜉loc, 𝜉bs, 𝜉sat 1 × 10−27 Watt.s3/cycle3

Task data size, 𝐷𝑚 [1 × 106 − 2 × 106 ] bits
Task complexity, 𝐶𝑚 [2 × 108 − 4 × 108 ] cycles
Maximum transmit power of user 𝑚, 𝑃max

𝑚 5W
System bandwidth, B 20 MHz
Balancing parameter, 𝑤1 and 𝑤2 0.5

Fig. 3. Convergence performance.

feasibility and learning performance rather than direct hard-
ware deployment, ensuring that the proposed framework can
be adapted to practical NISQ systems . Furthermore, maritime
6G-enhanced SAGIN environment parameters are summarized
in Table III.

B. Numerical Results

We comprehensively evaluate the effectiveness of the our
proposed solutions by analyzing convergence performance and
examining the impacts of key system parameters, including
system bandwidth, task size, task complexity and URLLC user
density.
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1) Convergence performance: We evaluate the convergence
behavior of the proposed QEDDPG and QEPPO frameworks
in comparison with conventional DDPG and PPO algorithms,
as shown in Fig. 3. All algorithms show an upward trend in
reward as training continues, reflecting their ability to learn
better policies over time. Among them, QEDDPG steadily
improves and maintains a clear performance advantage across
most of the training period. While DDPG initially shows
fast progress, its learning becomes less consistent as training
progresses, and it fails to sustain its early advantage. Further-
more, PPO starts with relatively high rewards, showing strong
early learning behavior. However, as training progresses, the
improvement slows down, and the model struggles to sustain
its initial advantage. In contrast, QEPPO begins with a slower
learning curve but steadily improves over time. Eventually, it
surpasses PPO and maintains better performance in the later
stages of training. Moreover, the proposed quantum-enhanced
algorithms show better convergence and reward outcomes.
QEDDPG consistently outperforms all others across the train-
ing process, while QEPPO demonstrates long-term reliability
by steadily improving and overtaking its classical counter-
part. These results shows the effectiveness of quantum-based
learning in producing stable and efficient policy optimization
compared to traditional reinforcement learning approaches.
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Fig. 4. Average cost with varying system bandwidth.

2) Average cost with varying system bandwidth: We analyze
how varying the system bandwidth influences the average cost
performance of the proposed QEDDPG and QEPPO frame-
works relative to conventional DDPG and PPO algorithms, as
shown in Fig. 4. As expected, an increase in system bandwidth
generally leads to a decrease in the average cost across all
methods, indicating more efficient resource utilization with
greater available capacity. Initially, at lower bandwidth levels,
all algorithms experience relatively higher costs. However, the
proposed QEDDPG achieves the most efficient performance,
maintaining a noticeable advantage over the other methods.

QEPPO also demonstrates better cost efficiency than its con-
ventional counterpart, PPO, even in the low bandwidth region.
Moreover, as the bandwidth expands, all algorithms exhibit a
clear reduction in cost. The advantage of the proposed methods
remains evident, with QEDDPG consistently achieving the
lowest cost across the entire bandwidth range. Although the
conventional algorithms, particularly DDPG, show improve-
ments as bandwidth increases, the performance gap between
the proposed and conventional methods persists. Furthermore,
at higher bandwidths, while all models continue to benefit
from reduced costs, the gap between the quantum-enhanced
and conventional methods narrows slightly. Despite this con-
vergence, the proposed QEDDPG and QEPPO frameworks
maintain superior cost efficiency compared to DDPG and PPO,
validating the effectiveness of the quantum-enhanced learning
approach under different system bandwidth conditions.
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Fig. 5. Average cost with varying task size.

3) Average cost with varying task size: In this subsection,
we evaluate how the average cost varies with task size. Fig.
5 presents the average cost measured across different task
size ranges. As the task size increases, the average cost
also rises for all algorithms, reflecting the growing resource
demands associated with larger tasks. At smaller task sizes,
all algorithms achieve relatively low costs, with the proposed
QEDDPG demonstrating slightly better efficiency compared
to the others. The proposed QEPPO also manages lower
costs than conventional PPO, showing early benefits from
the quantum-enhanced framework. As the task size becomes
larger, the differences between the algorithms become more
noticeable. The proposed QEDDPG consistently maintains a
lower average cost compared to other methods, indicating more
effective resource management under higher task demands. The
proposed QEPPO also performs better than PPO, although the
improvement is more moderate. Moreover, when the task sizes
reach the higher ranges, all algorithms experience a noticeable
increase in cost. However, the proposed quantum-enhanced
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methods, particularly QEDDPG, continue to deliver the best
performance. These results confirm the ability of the quantum-
enhanced frameworks to efficiently handle larger and more
complex tasks.

4) Average cost with varying task complexities: In this
subsection, we analyse the effect of task complexity on the
average cost across all evaluated algorithms. As shown in
Fig. 6, the average cost steadily increases as task complexity
rises. This trend is expected because more complex tasks
demand higher computational and communication resources,
leading to greater system overhead. Moreover, the proposed
QEDDPG framework consistently maintains the lowest average
cost across the entire task complexity range, demonstrating
strong efficiency even under increasing workload conditions.
The proposed QEPPO also achieves better cost performance
compared to the conventional PPO method, with the per-
formance gap widening as task complexity becomes larger.
Similarly, QEDDPG shows a clear advantage over DDPG,
particularly at higher task complexities. These results highlight
the ability of the proposed quantum-enhanced frameworks to
manage complex resource allocation challenges more effec-
tively than traditional DRL approaches.

5) Average cost with varying URLLC users: In order to
investigate the effect of user density on system performance,
we compare the average cost across different numbers of users
in Fig. 7. As the number of users increases, the average
cost rises across all methods, reflecting the growing resource
demands associated with accommodating more users. At lower
user counts, all algorithms achieve relatively low costs, and the
differences between them are minimal. However, the proposed
QEDDPG maintains a slight advantage by achieving the lowest
average cost. The proposed QEPPO also shows improved cost
management compared to PPO, indicating early benefits from
the quantum-enhanced framework. Besides, as the number of
users grows, performance differences among the algorithms
become more noticeable. The proposed QEDDPG consistently
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Fig. 7. Average cost with varying URLLC users.

achieves lower costs than the other methods, demonstrat-
ing superior resource allocation under increasing user loads.
The proposed QEPPO also outperforms conventional PPO,
although the improvement is more moderate compared to
the gap between QEDDPG and DDPG. Furthermore, when
the number of users reaches higher levels, all algorithms
experience a noticeable rise in cost. However, both proposed
quantum-enhanced models, particularly QEDDPG, continue
to maintain the best performance. These results confirm the
ability of the quantum-enhanced frameworks to manage higher
user demands more efficiently than conventional approaches.

Thus, as shown in Fig. 3-7, DDPG and QEDDPG achieve
lower average system cost and higher rewards than PPO and
QEPPO in the 6G-enhanced SAGIN. This results from both
algorithmic and implementation factors. DDPG is off-policy
and uses a replay buffer, enabling extensive sample reuse
and more critic updates per interaction. This is advantageous
in our high-dimensional state–action space. In contrast, PPO
is on-policy and discards old data, making it less sample-
efficient in this setting. Moreover, our quantum feature map
(HOE) and QNNs enrich the representation of the observation
space with a different learning bias compared to classical
networks. Due to quantum advantages, we observe improved
critic fitting and actor conditioning. Both methods benefit from
this improvement. However, QEDDPG, with its off-policy and
deterministic strengths, converges faster and achieves lower
average system cost.

V. CONCLUSION AND FUTURE WORK

In this paper, we investigated a DT model with a maritime-
enhanced SAGIN that addresses the growing need for intel-
ligent resource management in dynamic harbor environments.
By integrating MEC-enabled BS, UCR relays, and LEO satel-
lites with MEC capabilities, the proposed system supports
flexible and robust connectivity for dynamic URLLC users.
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To effectively manage the complex task offloading, bandwidth
allocation, local computation, and caching decisions under
stringent latency and reliability requirements, we formulated a
MINLP problem and solved it using a quantum-enhanced DRL
frameworks namely QEDDPG and QEPPO. We used HOE to
capture the nonlinear relationships of the observation space and
proceed through the QNNs. According to the simulation re-
sults, the proposed quantum-enhanced DRL algorithms achieve
lower system costs and superior resource allocation efficiency
compared to conventional DRL baselines. The improvements
are consistent across varying system conditions, demonstrating
the resilience and adaptability of the proposed solutions under
bandwidth expansion, increasing task sizes, and growing user
densities. These results highlight the effectiveness of integrat-
ing quantum learning models into DT model with maritime-
enhanced SAGIN systems for enabling scalable and adaptive
communication networks.

To further advance the capabilities of the proposed frame-
work, several promising research directions can be explored.
One direction involves enrolling different quantum circuit ar-
chitectures to improve the expressiveness and learning capacity
of the policy and value networks. Another direction could ex-
amine alternative quantum encoding strategies beyond higher-
order encoding to better capture complex state representations.
Additionally, expanding the proposed framework toward multi-
agent quantum reinforcement learning approaches could enable
distributed optimization and coordination among terrestrial,
aerial, and satellite nodes, further enhancing system scalability
and efficiency in dynamic maritime environments.
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