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Abstract—In the era of Internet of Things (IoT), multi-
access edge computing (MEC)-enabled satellite-aerial-terrestrial
integrated network (SATIN) has emerged as a promising tech-
nology to provide massive IoT devices with seamless and reliable
communication and computation services. This paper investigates
the cooperation of low Earth orbit (LEO) satellites, high altitude
platforms (HAPs), and terrestrial base stations (BSs) to provide
relaying and computation services for vastly distributed IoT
devices. Considering the uncertainty in dynamic SATIN systems,
we formulate a stochastic optimization problem to minimize
the time-average expected service delay by jointly optimizing
resource allocation and task offloading while satisfying the energy
constraints. To solve the formulated problem, we first develop a
Lyapunov-based online control algorithm to decompose it into
multiple one-slot problems. Since each one-slot problem is a
large-scale mixed-integer nonlinear program (MINLP) that is
intractable for classical computers, we further propose novel
hybrid quantum-classical generalized Benders’ decomposition
(HQCGBD) algorithms to solve the problem efficiently by lever-
aging quantum advantages in parallel computing. Numerical
results validate the effectiveness of the proposed MEC-enabled
SATIN schemes.

Index Terms—Satellite-aerial-terrestrial integrated network,
mobile edge computing, quantum computing, generalized Ben-
ders’ decomposition, Lyapunov optimization.

I. INTRODUCTION

With the proliferation of Internet of Things (IoT) devices,
global mobile data traffic is estimated to surge by a factor
of 3.5, reaching 329 EB per month in 2028 [1]. The huge
influx of data will cause an enormous burden on traditional
cloud computing networks. Besides, the emerging artificial
intelligence applications of IoT devices, such as face recog-
nition [2] and real-time video analytics [3], are typically
latency-critical and computation-intensive. Traditional cloud
computing systems face difficulties in meeting these demands.
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By pushing network control, computing, and storage to the
network edges (e.g., access points and cellular base stations),
multi-access edge computing (MEC) is considered a promising
paradigm to reduce network congestion and provide low-
latency computation service [4]–[6]. However, developing
terrestrial infrastructures to provide MEC service in remote
areas is still infeasible.

Recently, integrating the terrestrial network with the non-
terrestrial network has been regarded as a critical technique
to increase network coverage and capacity. Low Earth orbit
(LEO) satellites play important roles in non-terrestrial net-
works. With orbital heights ranging from 500km to 2,000 km,
LEO satellites can offer several advantages, including lower
development costs and lower service delays compared with
the geosynchronous Earth orbit (GEO) and medium Earth
orbit (MEO) satellites [7]. Another key component of non-
terrestrial networks is the high-altitude platform (HAP), which
offers a promising wireless solution for complementing and
enhancing the existing satellite and terrestrial networks [8].
Operating in the stratosphere (from 17 to 22 km), HAPs have
fewer geographical restrictions than terrestrial base stations
and supply higher network throughput than LEO satellites.
Therefore, HAPs can serve as aerial base stations to improve
the quality of service (QoS) and reduce deployment costs. By
integrating both LEOs and HAPs with terrestrial base stations,
the satellite-aerial-terrestrial integrated network (SATIN) of-
fers a comprehensive and versatile solution to tackle diverse
communication challenges and paves the way for the upcom-
ing 6G cellular network [9]. Most existing works on SATINs
focus on the communication service while ignoring the com-
putation service [10]–[12]. Some recent studies [13], [14]
have started to investigate MEC-enabled SATINs. However, in
these studies, the researchers mainly focus on optimizing the
system latency and/or energy consumption in a fixed satellite
network. Their solution cannot be directly applied to MEC-
enabled SATINs, since the channel condition and connectivity
of satellites are time-varying. Only a few recent studies [15]–
[17] investigate dynamic resource allocation and task offload-
ing in MEC-enabled SATINs. Nevertheless, in these studies,
the SATIN optimization problems are formulated as mixed-
integer nonlinear programs (MINLPs), which are NP-hard. In
large-scale real-world SATIN applications, it is challenging
to leverage classical computing techniques to obtain optimal
solutions.

To overcome this challenge, quantum computing (QC) has
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emerged as a new promising approach for solving combina-
torial optimization problems [18]. Unlike classical computing,
which processes information using binary bits, QC utilizes
qubits to encode the superposition of states so that QC can
explore exponential combinations of states simultaneously
[19]. This feature enables QC to solve large-scale real-world
optimization problems more efficiently and faster [19], [20].
There are two major paradigms in QC: gate-based QC and
adiabatic QC (AQC). Gate-based QC uses discrete quantum
gate operations to manipulate qubits, achieving the desired
final state after evolution. The primary limitation of gate-based
QC is that the depth of the circuit and the number of qubits
are limited. There is no efficient gated-based QC optimization
algorithm available for industrial applications. For instance, we
can only obtain less than 150 qubits for gate-based QC from
IBM [21]. Unlike gate-based QC, AQC encodes the problem
into the Hamiltonian of the quantum system, whose ground
states induce optimal solutions. AQC is hard to implement
due to the susceptibility of quantum physical systems to non-
ideal conditions. Quantum annealing (QA) can be regarded as
a relaxed AQC that does not necessarily require universality
or adiabaticity [22]. QA is typically implemented in single-
instruction machines called quantum annealers. Currently,
more than 5,000 qubits are available for QA from D-wave [23].
With a large number of qubits, QA has the potential to solve
real-world problems such as car manufacturing scheduling
[24], RNA folding [25]–[27], satellite beam placement [28],
and robust fitting optimization [29].

In this paper, we propose the first QA approach for improv-
ing service provisioning in dynamic MEC-enabled SATINs.
Particularly, we take into account the unique features of LEO
satellites and HAPs (i.e., mobility and/or limited energy)
and formulate a stochastic program under uncertainty. Then,
we propose a joint communication/computation resource al-
location and task offloading scheme to achieve service de-
lay minimization. By exploiting the Lyapunov optimization
approach, we design an online algorithm to decouple the
T -slot problem into multiple one-slot problems. Since each
one-slot problem is a large-scale MINLP that is generally
NP-hard and intractable for classical computing, we further
propose several hybrid quantum-classical generalized Benders’
decomposition (HQCGBD) algorithms to solve it efficiently.
Our main contributions are summarized as follows.

• We formulate a novel optimization problem for jointly
optimizing resource allocation and task offloading with
the goal of minimizing time-average expected service
delay in MEC-enabled SATINs.

• We propose a Lyapunov-based online optimization ap-
proach to transfer the original problem into multiple one-
slot problems, which can be solved without requiring
future information.

• As each one-slot problem is a large-scale MINLP, which
is generally intractable to solve by classical computers,
we develop a hybrid quantum-classical algorithm named
HQCGBD by integrating generalized Benders’ decompo-
sition (GBD) and QA to solve the problem efficiently.
Furthermore, inspired by the parallel processing capa-

bility of QC, we further design a multi-cut strategy to
accelerate the convergence of HQCGBD.

• We conduct extensive experiments to evaluate the pro-
posed framework and algorithms. The results highlight
that our proposed hybrid quantum-classical computing
algorithms outperform the classical computing algorithm.
Furthermore, the proposed MEC-enabled SATIN scheme
demonstrates its superiority over various baselines.

The remainder of this paper is organized as follows. The
related works are discussed in Section II. The preliminaries
are introduced in Section III. The system model and problem
formulation are described in Section IV. In Section V, we
present the online control algorithm to solve the formulated
problem. Simulation results are presented in Section VI.
Finally, Section VII concludes the paper.

II. RELATED WORKS

In this section, we discuss the most related prior works from
two aspects: SATIN system and quantum annealing.

A. Resource Management for SATINs

SATIN systems have attracted considerable research interest
in recent years due to their potential benefits in advancing
5G and 6G networks [30]. There is various literature on
resource management in SATIN that aims at optimizing net-
work throughput [10]–[12], [16], [17], energy consumption
[13], [14], and overall cost of system latency and/or energy
consumption [15]. Most prior works in the area of SATIN
(e.g., [10]–[12]) ignore the computing capability provided by
satellites and HAPs and mainly focus on their communication
aspect. Alsharoa et al. [10] studied the joint resource alloca-
tions and the HAPs’ locations problem aiming at maximizing
the users’ throughput. Liu et al. [11] maximized the total
throughput of the secondary network for the NOMA-enabled
cognitive SATIN by jointly optimizing transmission power and
subchannel allocation. Based on the time expanding graph
(TEG), Jia et al. [12] jointly optimized resource allocation
and data flow aiming at maximizing the total throughput.
Only a few studies [13], [14] start to consider computing
with satellites’ and HAPs’ on-board resources. Ding et al.
[13] optimized user association, multi-user multiple input and
multiple output (MU-MIMO) transmit precoding, computation
task assignment, and resource allocation to minimize the
energy consumption of SATIN. Mei et al. [14] formulated
a computation task offloading and resource allocation opti-
mization problem to minimize the system energy consumption.
However, in these studies, the focus is primarily on optimizing
latency and/or energy in static satellite networks, which is not
suitable for dynamic SATIN in practice. Recent studies [15]–
[17] start to consider MEC in dynamic SATIN. Waqar et al.
[15] formulated a joint computation offloading and resource
allocation optimization problem in the dynamic SATIN with
MEC to minimize the task latency and energy consump-
tion cost. Gong et al. [16] proposed a dynamic three-layer
SATIN model to maximize the network throughput by jointly
optimizing the communication and computation resources.
Zhang et al. [17] studied the problem of joint two-tier user
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association and offloading decisions aiming at maximizing
the network throughput. However, most works in the SATIN
systems formulate their problems as MINLPs, which are hard
for classical computers to solve. Therefore, they either utilize
heuristics or complex optimization techniques to tackle them.
Inspired by QC, we propose a HQCGBD algorithm to solve
these MINLPs efficiently.

B. Quantum Annealing for Optimization

Extensive research efforts have been made recently to utilize
QA for solving practical optimization problems [31]. However,
the major limitation of QA is that it only accepts quadratic
unconstrained binary optimization (QUBO) formulation. To
solve the continuous optimization problem, we need to utilize
a large number of ancillary qubits to discretize continuous vari-
ables, which is costly. Owing to this reason, most prior studies
typically formulate real-world applications as binary quadratic
model (BQM) problems [24]–[27] or mixed-integer linear
programming (MILP) problems [28], [29]. These formulations
are advantageous as they can be readily transformed into the
QUBO format, making them suitable for efficient optimization
with QA. For instance, Yarkoni et al. [24] formulated a BQM
problem to minimize the number of color switches between
cars in a paint shop queue. Fox et al. [25] implemented the
codon optimization utilizing a BQM. Mulligan et al. [26] for-
mulated the protein design problem as a BQM, aiming to find
amino acid side chain identities and conformations to stabilize
a fixed protein backbone. Fox et al. [27] designed a BQM
for predicting RNA secondary structures based on maximizing
both consecutive base pairs and stem lengths. Dinh et al. [28]
modeled satellite communication beam placement as a MILP
and introduced an efficient Hamiltonian Reduction approach
for QA to solve this problem effectively. Doan et al. [29]
formulated the robust fitting as a MILP problem and found
the global or tightly error-bounded solution utilizing QA.
Nevertheless, the BQM and MILP formulations are insufficient
to fully encompass the complexity inherent in the SATIN field.
To the best of our knowledge, this is the first work to employ
QA for optimizing the service delay in the SATIN system,
which is formulated as a MINLP.

III. PRELIMINARIES

In this section, we first introduce the background of QA,
followed by a concise overview of the QA workflow.

A. Theoretical Background of QA

QA has been designed to solve classical large-scale combi-
natorial optimization problems [24]–[29]. These optimization
problems often involve minimizing a cost function, which can
be equated to finding the ground state of a classical Ising
Hamiltonian Hp [32]. However, many formulated optimization
problems have numerous local minima, corresponding to Ising
Hamiltonians that are reminiscent of classical spin glasses
[33]. Owing to the abundant local minima, it is challenging
for traditional algorithms to obtain the global minimum [34].
QA emerges as a potent alternative for tackling these complex

tasks. It transforms the classical Ising Hamiltonian Hp into the
quantum domain, representing it as a collection of interacting
qubits.

Based on the adiabatic theorem of quantum mechanics [35],
we can initialize the quantum system’s state in the ground
state of some initial Hamiltonian H0, which is known and
easy to prepare. Then, we gradually evolve the system’s state
to the targeted Hamiltonian HP , ensuring that the system
consistently stays in the ground state throughout the evaluation
period. By measuring the final ground state of the system, we
can obtain the ground state of targeted Hamiltonian Hp, which
is also the solution to the original optimization problem [36].
We denote the evolution time as τe ∈ [0, Te] and the number
of qubits as K. This time-dependent evolution can be written
as

H(τe) = A(τe)H0 +B(τe)Hp, (1)

where

H0 =

K∑
i=1

σx
i , Hp =

K∑
i=1

hiσ
z
i +

K∑
i,j=1

Ji,jσ
z
i σ

z
j . (2)

Here, A(τe) and B(τe) are the annealing path functions, which
are monotonic with A(0) = 1, A(Te) = 0 and B(0) =
0, B(Te) = 1. hi and Ji,j are system parameters called bias
and coupling strength, respectively. σx

i is the x-Pauli matrix,
while σz

i is the z-Pauli matrix, acting on the i-th qubit [32].
From Equation (1), we can see that the contribution of the
initial Hamiltonian H0 is slowly reduced while the magnitude
of the targeted Hamiltonian HP is increased. At the end of
the evolution, we can obtain H(Te) = Hp, from which the
global optimal solution can be derived.

Based on [37], we can replace the quantum σz Pauli
operators with classical spin variables in Hamiltonian Hp and
obtain an Ising model representing Hamiltonian Hp, i.e,

min
s∈{−1,1}K

Hp(s) =
K∑
i=1

hisi +

K∑
i=1

K∑
j=1

Ji,jsisj . (3)

Alternatively, we can express the optimization problem as
a QUBO formulation. Let fQ : {0, 1}K → R be a quadratic
polynomial over binary variables x = [x1, . . . , xK ], and Q ∈
RK×K be an upper triangular matrix. The QUBO formulation
is given as [38]

min
x∈{0,1}K

fQ(x) =

K∑
i=1

Qiixi+

K∑
i=1

K∑
j=1

Qijxixj = x⊺Qx. (4)

Note that the QUBO formulation can be easily transformed
back into the Ising model by mapping xi =

si+1
2 .

Although we have the theoretical guarantees of the adiabatic
theorem, maintaining adiabaticity is challenging in practice
due to open quantum systems’ vulnerability to background
noise and thermal fluctuations. Moreover, the required anneal-
ing time is proportional to the spectral energy gap between the
ground and the first excited state, which is an unknown prior
[39]. Due to these reasons, the system’s ground state may be
disrupted during the evolution, potentially yielding a result that
is not the global optimal solution. To address this challenge,
QA is performed multiple times to enhance the probability of
identifying high-quality solutions in practice.
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QUBO Formulation QUBO Graph Minor Graph Embedding

QAReadout of the Solution

(a) (b) (c)

(d)(e)

Fig. 1: Overview of QA workflow on a quantum annealer platform.

B. QA Workflow

As illustrated in Fig. 1, the QA workflow consists of five
steps [36], [40] as follows: (a) QUBO formulation: We
need to formulate the real-world application problem into the
QUBO formulation (i.e., Equation (4)), which is the standard
input format for quantum annealers; (b) QUBO graph: The
quantum system then converts the QUBO formulation into
a QUBO graph; (c) Minor graph embedding: Since the
QUBO graph may not be directly compatible with the physical
topology of the quantum processing unit (QPU), the quantum
system finds a minor embedding of the problem graph that
aligns with the sparse native topology of the QPU. In the minor
embedding, each logical node may be mapped into multiple
physical qubits. Those qubits are coupled with sufficient
strong interactions; (d) QA: According to predefined annealing
functions, the quantum system evolves from the initial to the
targeted Hamiltonian to minimize energy; (e) Readout of
the solution: At the end of the QA process, the qubits are
either in an eigenstate or a superposition of eigenstates in
the computational basis. Each eigenstate represents a potential
minimum of the final Hamiltonian. The quantum system reads
the individual spin values of the qubits as the candidate
solution to the original problem.

IV. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, we first introduce the SATIN system model.
After that, the detailed task model and task execution model
are described. Finally, we formulate an optimization problem
to minimize the time-average expected service delay.

A. Network Model

As shown in Fig. 2, we consider a MEC-enabled SATIN
consisting of a set of users u ∈ U := {1, . . . , U} and
a set of access points (APs) m ∈ M := {1, . . . ,M}.
The APs are divided into three tiers: 1) ground tier with
a set of base stations (BSs) m ∈ B := {1, . . . , B};
2) air tier with a set of high-altitude platforms (HAPs)
m ∈ H := {B + 1, . . . ,H + B}; and 3) space tier with a
set of satellites m ∈ S := {H + B + 1, . . . ,M}. BSs and

HAP

BS
Ground

Air

Space

Satellite

User

Cloud 
Server

BS

User

Fig. 2: System architecture of a MEC-enabled SATIN system.

HAPs are deployed to provide users both relaying and com-
putation services through the BS-to-user (B2U) and HAP-to-
user (H2U) channels, respectively. Meanwhile, due to resource
limitation, satellites are deployed only as relays to guarantee
the network coverage for users through the satellite-to-user
(S2U) channel1. Similar to [41]–[43], we assume that all APs
are connected to a cloud server c via backhaul links. Without
loss of generality, we assume the cloud server c is equipped
with sufficient computation capabilities and orchestrates the
optimization process. On the other hand, each BS or HAP is
equipped with an edge server, which has limited computation
capabilities. For ease of exposition, we divide the time horizon
T into discrete time slots with slot duration τ , which is indexed
by t ∈ T := {1, . . . , T}.

B. Task Model

Similar to [44]–[46], the tasks considered in this paper
are sequential dependent, which means a new task is gen-
erated after the previous task is processed. For instance,
in firefighting or underwater exploration scenarios, a mobile
robot periodically conducts the simultaneous localization and
mapping (SLAM) task to sense the environment, generate
a navigation map, identify its current position, and track
its movements [47]. These SLAM tasks must be completed
in real time, especially for life-or-death applications. Based
on this, we assume each user u generates a computation-
intensive task at the beginning of time slot t and completes this
task in the same time slot by offloading it to the associated
AP. The computation task of user u is modeled as a tuple
Wt

u := (Dt
u, C

t
u), where Dt

u (in bits) denotes the task input
data size, and Ct

u (in CPU cycles/bit) denotes the number of
CPU cycles to process 1-bit of task input data.

C. Task Execution Model

Considering the randomness of the wireless environment
(e.g., the existence of an obstacle) [48], we model the connec-
tivity between user u and AP m by a discrete-time random

1Throughout this work, we assume the handover process between APs can
be managed by the central control server and leave the design of a more
sophisticated handover process to the future work.
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process At
u,m, which indicates whether there is an available

connection between user u and AP m at time slot t, i.e.,

At
u,m =

{
1 if user u can connect to AP m at time t,

0 otherwise.
(5)

At the beginning of each time slot t, users first check
the connectivity of all APs. Then, each user u offloads
its computation task Wt

u to one of the available APs. Let
αt
u,m ∈ {0, 1} denote the association between user u and AP

m, where αt
u,m = 1 indicates user u is associated with AP

m at time slot t, and otherwise αt
u,m = 0. There are several

constraints the user association decisions must satisfy. First,
user u can associate with AP m only if AP m is available at
time slot t, which is represented as

αt
u,m ≤ At

u,m, ∀u,m, t. (6)

Second, considering each user u can be associated with only
one AP simultaneously at any time slot t, we have the
following constraint:∑

m∈M
αt
u,m = 1, ∀u, t. (7)

After receiving the entire input date of task Wt
u, the

associated AP m will determine whether the task should be
processed locally or further offloaded to the cloud server. Let
ztu,m ∈ {0, 1} denote the computation offloading decision.
ztu,m = 1 indicates the task Wt

u is processed in AP m at
time slot t. Otherwise, the task is offloaded to the cloud for
processing, and ztu,m = 0. Due to the size, weight, and power
(SWAP) limitations, the satellites are only deployed as relays
without on-board edge computing capability, i.e.,

ztu,m = 0, ∀u ∈ U ,m ∈ S, t ∈ T . (8)

Since AP m processes the task of user u only when the user
is associated with the AP at time slot t, we have the following
constraint:

αt
u,m ≥ ztu,m, ∀u,m, t. (9)

In the following, we model the energy consumption and
delay incurred during the communication and computation
procedures.

1) Communication Model: Similar to [10], we assume that
the orthogonal frequency division multiple access (OFDMA)
is adopted, and there is neither intra-cell nor inter-cell interfer-
ence. Furthermore, we model the channel gain from user u to
AP m as a discrete-time random process gtu,m. According to
the Shannon’s Theorem, the instantaneous transmission data
rate from user u to AP m at time t is expressed as

rtu,m = βt
u,mBm log2

(
1 +

Pug
t
u,m

σ2

)
, (10)

where Pu is the transmission power of user u, σ2 is the noise
variance, Bm is the total bandwidth of AP m, and βt

u,m ∈
[0, 1] is the fraction of bandwidth allocated to user u by AP
m. Since an AP only allocates bandwidth to its connected
users, we have the following constraint:

βmin
m αt

u,m ≤ βt
u,m ≤ βmax

m αt
u,m, ∀u,m, t, (11)

where βmin
m and βmax

m are the minimum and maximum band-
width fraction of AP m allocated for each associated user,
respectively. Moreover, the sum of allocated bandwidth cannot
exceed the total bandwidth of AP m. Therefore, we have the
following constraint on βt

u,m, i.e.,∑
u∈U

βt
u,m ≤ 1, ∀m, t. (12)

Given the data rate (10), the transmission delay τTX,t
u,m for

offloading computing task Wt
u from user u to AP m at time

t should satisfy the following:

τTX,t
u,m rtu,m ≥ αt

u,mDt
u, ∀u,m, t. (13)

After an AP receives the computation task, the AP will ei-
ther process it or relay it to the cloud server. The transmission
delay for relaying the computation task of user u from AP m
to the cloud server c at time slot t satisfies the following:

τTX,t
u,m,crm,c ≥ αt

u,m(1− ztu,m)Dt
u, ∀u,m, t, (14)

where rm,c is the pre-set backhaul data rate between AP m
and cloud server c. Accordingly, the energy consumption of
AP m for transmitting task Wt

u to the cloud server c at time
slot t is calculated as

eTX,t
u,m,c = PmτTX,t

u,m,c, ∀u,m, t, (15)

where Pm is the transmission power of AP m.
2) Computation Model: At each time slot t, the APs will

decide whether the offloaded tasks are processed locally or
further offloaded to the cloud server for processing. If the
task of user u is processed locally, the associated AP m will
allocate computation resources (i.e, CPU frequency) f t

u,m to
process the task, which satisfies the following:

fmin
m ztu,m ≤ f t

u,m ≤ fmax
m ztu,m, ∀u,m, t (16)

where fmin
m and fmax

m are the minimum and maximum allo-
cated computation resources of AP m for each task, respec-
tively. Moreover, each AP has a limit on its maximum CPU
frequency modeled as:∑

u∈U
f t
u,m ≤ Fm, ∀m, t, (17)

where Fm is the maximum computation capability of AP m.
The corresponding computation delay τCP,t

u,m for the task Wt
u

at AP m in time t should satisfy the following:

τCP,t
u,mf t

u,m ≥ ztu,mDt
uC

t
u, ∀u,m, t. (18)

According to [49], we model the computation power of AP m
at time slot t as κm(f t

u,m)3, where κm is the effective switched
capacitance depending on the CPU architecture of AP m.
Then, the corresponding computation energy consumption for
processing the task Wt

u at AP m in time t is given by

eCP,t
u,m = κm(f t

u,m)3τCP,t
u,m , ∀u,m, t. (19)

On the other hand, if AP m does not process the task Wt
u

onboard, AP m will offload the task to the cloud server. The
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computation delay τCP,t
u,m,c of the task Wt

u at cloud server c is
given by

τCP,t
u,m,cFc ≥ (1− ztu,m)αt

u,mDt
uC

t
u, ∀u,m, t, (20)

where Fc represents the pre-assigned CPU frequency of the
cloud server for each user.

Based on the above models, the total service delay of task
Wt

u at time slot t is given by

Ot
u =

∑
m∈M

(τTX,t
u,m + τCP,t

u,m + τTX,t
u,m,c + τCP,t

u,m,c). (21)

Besides, the total energy consumption of AP m to process the
offloaded task of user u at time slot t is given by

eAP,t
u,m = eTX,t

u,m,c + eCP,t
u,m. (22)

Since APs, particularly HAPs and LEO satellites, are usu-
ally power-limited and the energy consumption of AP m
depends on the random connectivity At

u,m and channel gain
gtu,m, we consider the following energy constraint on the time-
average expected energy consumption of each AP m:

1

T

∑
t∈T

∑
u∈U

E{eAP,t
u,m} ≤ ēm, ∀m, (23)

where ēm is the energy budget of AP m.

D. Problem Formulation

In this paper, we are interested in minimizing the time-
average expected service delay over a large time horizon.
Therefore, the control problem can be stated as follows: for the
dynamic SATIN system, design a control strategy which, given
the past and the present random connectivity and channel gain,
chooses the task offloading decisions αt = {αt

u,m}, computa-
tion decision zt = {ztu,m}, communication resource allocation
βt = {βt

u,m}, computation resource allocation f t = {f t
u,m},

and processing delay τ t = {τTX,t
u,m , τCP,t

u,m , τTX,t
u,m,c, τ

CP,t
u,m,c} such

that the time-average expected service delay is minimized.
It can be formulated as the following stochastic optimization
problem:

P0 : min
{αt,zt,βt,f t,τ t}

1

T

∑
t∈T

∑
u∈U

E{Ot
u} (24a)

s.t. αt, zt ∈ {0, 1}U×M , ∀t (24b)
βt, f t, τ t ≥ 0, ∀t (24c)
(6) − (9), (11) − (13), (14), (24d)
(16) − (18), (20), (23). (24e)

One challenge of solving this optimization problem lies in
the uncertainty of connectivity and channel state information,
which makes problem P0 stochastic. Another challenge is the
energy constraint (23) brings the “time-coupling property”
to problem P0. In other words, the current control action
may impact future control actions, making the problem P0

more challenging to solve. Moreover, the continuous decision
variables {βt, f t, τ t} are tightly coupled with binary decision
variables {αt, zt}, which makes problem P0 a large-scale
MINLP that is NP-hard.

V. ONLINE CONTROL ALGORITHM DESIGN

In this section, we design online control algorithms to solve
problem P0. We first utilize a Lyapunov-based optimization
approach to decompose the T -slot problem into multiple one-
slot problems. Since each one-slot problem is still a large-
scale MINLP, which is intractable, we then leverage GBD
to decompose each one-slot problem into a master problem
and a subproblem. Although we can transform the non-convex
subproblem into a convex problem and efficiently solve it with
classical computers, the master problem is a mixed-integer
linear program (MILP) [50]. Inspired by QC, we convert the
master problem into the QUBO formulation and use QA to
solve the reformulated master problem efficiently. Further-
more, based on the powerful parallel computing capabilities of
quantum computers, we further propose a specialized quantum
multi-cut strategy to speed up the optimization process.

A. Lyapunov-Based Optimization Approach

The basic idea of the Lyapunov optimization technique is
to utilize the stability of the queue to ensure that the time-
average constraint is satisfied [51]. Following this idea, we
first construct a virtual energy consumption queue Qt

m, which
represents the backlog of energy consumption for AP m at
the current time slot t. The updating equation of queue Qt

m is
given by

Qt+1
m := max

{
Qt

m +
∑
u∈U

eAP,t
u,m − ēm, 0

}
,∀m, t. (25)

We can easily show that the stability of virtual queue (25)
ensures the constraint (23). Then, we define a quadratic
Lyapunov function as

L(t) :=
1

2

∑
m∈M

(Qt
m)2. (26)

For ease of presentation, we define Q(t) = {Qt
m}∀m at time

slot t. Therefore, the one-slot conditional Lyapunov drift can
be described as

∆(t) := E {L(t+ 1)− L(t)|Q(t)} . (27)

Next, we define the following Lyapunov drift-plus-penalty
term:

∆V (t) := ∆(t) + V E

{∑
u∈U

Ot
u|Q(t)

}
, (28)

where V is a non-negative parameter that controls the trade-
off between the optimality of objective function and stability
of queue backlogs. We have the following lemma regarding
the drift-plus-penalty term.

Lemma 1: Under any feasible action that can be imple-
mented at time slot t, we have

∆V (t) ≤C∗ + V E

{∑
u∈U

Ot
u|Q(t)

}

+
∑

m∈M
E

{
Qt

m

(∑
u∈U

eAP,t
u,m − ēm

)
|Q(t)

}
, (29)



7

where C∗ = (1/2)
∑

m∈M

((∑
u∈U EAP,t

u,m

)2
+ ē2m

)
is

a constant value over all time slots. Here EAP,t
u,m =

max
{
PmDu/rm,c, κm(fmax

m )2Dt
uC

t
u

}
.

Proof: Please see the Appendix A.
Now, we present our online control algorithm. The main

idea of our algorithm is to choose control actions that minimize
the R.H.S. of (29). We first initialize Q(0) = 0. At each time
slot t, the could server collects the current channel gain gtu,m
and connectivity At

u,m,∀u,m, and do:
1) Choose the control decisions αt, zt, βt, f t, and τ t as the

optimal solution to the following optimization problem:

P1 : min
αt,zt,βt,f t,τ t

Φ(αt, zt, f t, τ t)

s.t. (6) − (9), (11) − (13), (14),
(16) − (18), (20), (24b), (24c),

where

Φ(αt, zt, f t, τ t) =V
∑
u∈U

Ot
u

+
∑

m∈M
Qt

m

(∑
u∈U

eAP,t
u,m − ēm

)
.

(30)

2) Update Q(t) according to the dynamics (25).
Then, We analyze the performance of the proposed

Lyapunov-based online optimization approach when the con-
nectivity At

u,m,∀t and channel gain gtu,m,∀t are IID stochastic
processes. Note that our results can be extended to the more
general setting where At

u,m and gtu,m,∀t evolves according
to some finite state irreducible and aperiodic Markov chains,
according to the Lyapunov optimization framework [51]:

Theorem 1: If At
u,m and gtu,m,∀t are IID over time slot

t, then the time-average expected objective value under our
algorithm is within bound C∗/V of the optimal value, i.e.,

lim sup
T→∞

1

T

∑
t∈T

∑
u∈U

E{Ot
u} ≤ P∗

0 +
C∗

V
, (31)

where P∗
0 is the optimal objective value, C∗ is the constant

given in Lemma 1, and V is a control parameter.
Proof: Please see the Appendix B.

Note that problem P1 is MINLP, which is generally in-
tractable for classical computers. Moreover, if we utilize
a large number of ancillary qubits to discretize continuous
variables and solve it directly by QA, the cost is extremely
high. In the following subsection, we design a hybrid quantum-
classical approach to solving problem P1. For simplicity
of notation, we will omit the superscript t without causing
ambiguity in the following.

B. Hybrid Quantum-classical Generalized Benders’ Decom-
position

As the binary decision variables {α, z} are coupled with the
continuous decision variables {β, f , τ}, the optimal solution
of problem P1 is not easily obtained. We adopt the GBD to
solve this MINLP. Particularly, we first decompose problem
P1 into two problems, a subproblem and a master problem.

On the one hand, the subproblem is a non-convex optimiza-
tion problem with continuous decision variables {β, f , τ}
when binary decision variables {α, z} are fixed. It can be
transformed into an equivalent convex form and solved by
classical computers. The solution of the subproblem provides
an upper bound for the optimal value of problem P1. On the
other hand, the master problem is a MILP when continuous
decision variables {β, f , τ} are fixed. We propose a novel
quantum optimization approach to solve it with respect to
binary decision variables {α, z}, and obtain a lower bound for
the optimal value of problem P1. The subproblem and master
problems are iteratively solved until the upper and lower
bounds converge. We describe the detailed solution procedures
of the subproblem and master problem in the following.

1) Classical Optimization for Subproblem: Given the fixed
binary decision variables α(l) and z(l) obtained from the
master problem at the (l− 1)-th iteration, the subproblem can
be written as

SP1 : min
β,f ,τ

Φ(α(l), z(l), f , τ )

s.t. (11) − (13), (14), (16) − (18), (20), (24c).

We can observe that constraints (13) and (18) are still non-
convex due to the product terms τTX

u,mru,m and τCP
u,mfu,m,

respectively. For non-convex term τTX
u,mru,m, note that AP

m will allocate at least βmin
m bandwidth fraction to each

connected user. We can divide both sides of (13) by non-zero
ru,m for the connected users. The resulting equation is convex.
Similarly, we can divide both sides of (18) by non-zero fu,m
for the onboard computing tasks. For simplicity of notation,
we denote the associated users with AP m as U (l)

1,m ∈ U (i.e.,
α
(l)
u,m = 1,∀u ∈ U (l)

1,m) and the users whose task is processed
in AP m as U (l)

2,m ∈ U (i.e., z(l)u,m = 1,∀u ∈ U (l)
2,m). Then, the

reformulated subproblem SP1 can be written as

SP2 : min
β,f ,τ

Φ(α(l), z(l), f , τ ) (32a)

s.t. τTX
u,m ≥ α

(l)
u,mDu

ru,m
, ∀u ∈ U (l)

1,m,m ∈ M (32b)

τCP
u,m ≥ z

(l)
u,mDuCu

fu,m
, ∀u ∈ U (l)

2,m,m ∈ M (32c)

(11), (12), (14), (16), (17), (20), (24c). (32d)

Subproblem SP2 is convex as it only has linear objective
function and convex constraints. Solving its dual problem is
equivalent to solving subproblem SP2. We formulate its dual
problem as

max
ξ

min
β,f ,τ

L(α(l), z(l),β, f , τ , ξ) (33)

Here, L is the Largangian function of subproblem SP2,
{β, f , τ} are the primary variables, and ξ are the dual variables
associated with constraints (32b)−(32d). Please see Appendix
C for the details of the dual problem.

Due to the convexity of subproblem SP2, it can be efficiently
solved by the classical numerical solvers (e.g., Mosek [52]).
After we obtain the primary and dual solutions of subproblem
SP2, we can utilize them to generate a Benders’ cut as input to
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the master problem. Specifically, the optimal objective value
of subproblem SP2 is the upper bound of the optimal objective
value of problem P1 because subproblem SP2 is a constrained
version of problem P1 where all binary decision variables are
fixed.

2) Quantum Optimization for Master Problem: Based on
the optimal solutions of subproblem SP2 at the l-th iteration,
the master problem is defined as

MP1 : min
α,z,µ

µ (34a)

s.t. µ ≥ L(α, z,β(k), f (k), τ (k), ξ(k)),

∀k ∈ {1, . . . , l}, (34b)
(6) − (9), (24b), (34c)

where constraints (34b) are the Benders’ cuts, and µ is a slack
variable. In each iteration, we introduce a new cut, generated
from subproblem SP2, into the master problem. Therefore,
the search space for the globally optimal solution is gradually
narrowed down. Moreover, the optimal value of µ can be
regarded as the performance lower bound of problem P1. Note
that master problem MP1 is still a large-scale MILP, which is
hard to solve for classical computers. Besides, different from
the QUBO formulation (4), master problem MP1 contains
a continuous variable as the objective function and many
constraints. Thus, we utilize the following steps to transform
it into the QUBO formulation so that it can be solved by QA
[53].

Objective function reformulation: Note that master problem
MP1 contains continuous variable µ, while QA only accepts
binary variables as input. Thus, we utilize a binary vector w
with a length of N bits to approximate continuous variable µ
and denote it as µ̄(w):

µ̄(w) =

n1∑
i=0

wi2
i−n+wi −

N∑
j=n2

wj2
j−n2wj , (35)

where n1 = n+ + n+, n2 = 1 + n+ + n+, and N =
1 + n+ + n+ + n−.Here, n+, n+, n− are the number of
bits representing the positive integer, positive decimal, and
negative integer part of µ, respectively. Remarkably, in the
objective function tailored for the QUBO formulation, we only
need to discretize a single continuous variable. This approach
significantly reduces computational cost compared to directly
discretizing all continuous variables in the original problem.

Constraints reformulation: After we reformulate the objec-
tive function of master problem MP1, an ILP master problem
can be obtained. However, the reformulated master problem
is still constrained, which makes it not directly applicable for
QA. According to the constraint-penalty pair principle in [53],
we further convert constraints (6)-(9) and (34b) as:

f (6)
Q (α, s) =

∑
u∈U

∑
m∈M

ζ1,u,m(αu,m−Au,m+

x1,u,m∑
x=0

2xs1,u,m)2,

(36)
where x1,u,m =

⌈
log2

(
minα(Au,m − αu,m)

)⌉
.

f (7)
Q (α) =

∑
u∈U

ζ2,u(
∑

m∈M
αu,m − 1)2. (37)

Algorithm 1 Proposed HQCGBD Algorithm

Input: Initialize α(0), z(0), UB(0) = +∞, and LB(0) = −∞.
Set the iteration index l = 1, the maximum iteration
number Lmax, and a small constant ϵ → 0.

1: while l < Lmax or |UB(l−1)−LB(l−1)

UB(l−1) | > ϵ do
2: Solve subproblem SP2 with the fixed binary decision

variables α(l−1) and z(l−1) in the classical computer.
3: Calculate the Benders’ cut according to (33) and then

add it to the master problem MP1.
4: Update UB(l) = min{UB(l−1),Φ(l)}.
5: Transform master problem MP1 into its QUBO formu-

lation MP2 according to (35)-(40).
6: Solve master problem MP2 by D-Wave’s quantum

annealer.
7: Obtain the optimal solution α(l), z(l), and µ(l).
8: Update LB(l) = µ(l).
9: Set l = l + 1.

10: end while
Output: Optimal α∗, z∗,β∗, f∗, τ ∗.

f (8)
Q (z) =

∑
u∈U

∑
m∈S

ζ4,u,mz2u,m. (38)

f (9)
Q (α, z) =

∑
u∈U

∑
m∈M

ζ3,u,m(zu,m − zu,mαu,m)2. (39)

f (34b)
Q (α, z, s) =

l∑
k=1

ζ5,k

(
L(α, z,β(k), f (k), τ (k), ξ(k))

− µ̄(w) +

x2,k∑
x=0

2xs2

)2
, (40)

where

x2,k =
⌈
log2

(
min
α,z

(µ̄(w)− L(α, z,β(k), f (k), τ (k), ξ(k)))
)⌉
.

Here, s is the binary slack variables, x̄ is the upper bound of
the number for s, and ζ is the penalty parameters which are
defined according to [54]. Finally, we express master problem
MP1 in the QUBO formulation as

MP2 : min
α,z,w,s

µ̄(w) + f (6)
Q (α, s) + f (7)

Q (α) + f (8)
Q (z)

+ f (9)
Q (α, z) + f (34b)

Q (α, z, s). (41)

3) Overall Algorithm: Based on the analysis above, the
proposed HQCGBD algorithm is summarized in Algorithm
1. The algorithm contains an iterative procedure. We first
initialize the binary decision variables α(0) and z(0) as well
as other parameters. In the l-th iteration, we solve subproblem
SP2 in the classical computer with the fixed binary decision
variables α(l−1) and z(l−1), which are generated by master
problem MP2 in the last iteration (Line 2). After that, we
add the calculated Benders’ cut to master problem MP1 and
update the upper bound UB(l) by the optimal objective value
Φ(l) of subproblem SP2 (Lines 3–5). Next, master problem
MP1 is reformulated as its QUBO formulation MP2 by using
the appropriate penalties (Lines 6–7). Finally, we leverage
D-Wave’s quantum annealer to solve master problem MP2
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Algorithm 2 Proposed Multi-cut HQCGBD Algorithm

Input: Initialize ρ feasible values of the binary decision
variables as X (0) = {α(0)

i , z
(0)
i }ρi=1, UB(0) = +∞, and

LB(0) = −∞. Set the iteration index l = 1, the maximum
iteration number Lmax, and a small constant ϵ → 0.

1: while |UB(l−1)−LB(l−1)

UB(l−1) | > ϵ or l < Lmax do
2: for {α, z} ∈ X (l−1) do
3: Solve subproblem SP2 with the fixed binary decision

variables α and z in the classical computer.
4: Calculate the Benders’ cut according to (33) and then

add it to master problem MP1.
5: Update UB(l) = min{UB(l−1),Φ(l)}.
6: end for
7: Transform the master problem MP1 into its QUBO

formulation MP2 according to (35)-(41).
8: Solve master problem MP2 by D-Wave’s quantum

annealer.
9: Obtain ρ feasible solutions X (l) = {α(l)

i , z
(l)
i }ρi=1 and

{µ(l)
i }ρi=1.

10: Update LB(l) = min{µ(l)
i }ρi=1.

11: Set l = l + 1.
12: end while
Output: Optimal α∗, z∗,β∗, f∗, τ ∗.

CPU

Subproblem
Classical Computer 

Master Problem
Quantum  Computer 

Benders Cut

(a)

CPU

Subproblems
Classical Computer 

Master Problem
Quantum Computer 

Benders Cut

CPU

(b)

Fig. 3: An overview of (a) Single-cut HQCGBD and (b) Multi-cut
HQCGBD.

and update the performance lower bound LB(l) (Lines 8–
10). This iterative procedure stops until the approximation gap
|(UB(l) − LB(l))/UB(l)| is within a preset threshold ϵ or the
maximal iteration index Lmax is reached. Since our proposed
method follows the classical GBD framework, the complexity
of the proposed algorithm aligns with the classical GBD anal-
ysis [55]. However, as we will demonstrate in the following
section, our experiments verify that HQCGBD outperforms the
traditional GBD running in a classical computer.

C. Multi-cut Strategy of HQCGBD

Even though QPU have powerful computing capacity, the
implementation of single-cut HQCGBD may still require mas-
sive computing time. As shown in Fig. a, single-cut HQCGBD
just generates one Benders’ cut at each iteration. Single-cut
HQCGBD may need numerous iterations to converge if the
quality of generated Bendes’ cut is low. We note that quan-
tum computers can yield multiple feasible solutions at each
iteration, which classical computers can utilize to construct

TABLE I: Simulation Parameters

Parameters Values
TX power of BS, Pb 41dBm

TX power of HAP, Ph 41dBm
TX power of satellite, Ps 42dBm

TX power of user, Pu 30dBm
Effective switched capacitance κm 10−28

Antenna gain of BS/HAP/satellite 10dBi/15dBi/50dBi
Carrier center frequency of BS/HAP/satellite 5GHz/38GHz/30GHz

Subcarrier bandwidth of BS/HAP/satellite 10MHz/400MHz/800MHz
Spectral density of noise -174dBm/Hz

multiple Benders’ cuts. These cuts can improve the obtained
lower bounds when solving the master problem. Based on this,
we design a specialized quantum multi-cut strategy, which
is shown in Fig. b. We select top-ρ feasible solutions with
the lowest energies from the QA results in each iteration
and utilize them as seeds to generate the multiple Benders’
cuts on the classical computers for the next iteration. The
detailed procedures for multi-cut HQCGBD are summarized
in Algorithm 2.

VI. NUMERICAL EVALUATION

In this section, we evaluate our proposed algorithms through
extensive numerical experiments. Due to the high cost of
quantum computing resources, our experiments are limited to a
small-scale setting. However, even with these hardware limita-
tions, our results clearly demonstrate the immense potential of
this technology for the future. We implement both HQCGBD
and GBD in Python 3.7. Particularly, classical MILP and
convex problems are solved using Gurobi [56] and Mosek
[52], respectively. These classical algorithms are conducted on
a desktop computer equipped with a 3.2 GHz Intel Core i7-
8700 CPU and 16 GB of RAM. On the other hand, master
problem MP2 is solved by the real-world D-Wave hybrid
quantum computer [23].

A. Simulation Setup

We consider a service area where 35 ground users are
uniformly distributed. At each time slot t, user u generates
a computation-intensive and latency-critical task with input
data size Dt

u ∈ [1, 6] Mbit, and requires Ct
u ∈ [100, 500]

CPUcycles/bit to process the data. We consider a MEC-
enabled SATIN system to provide the computation and relay-
ing services for the users. This MEC-enabled SATIN system
consists of 4 BSs located at each vertex, 2 HAPs placed in the
fixed locations at coordinates [0.2, 0.8, 20]km and [0.8, 0.2, 20]
km, respectively, and a satellite flying at altitude 780 km with
orbital velocity 4km/s [57].

Similar to [10], the S2U and H2U channels are modeled as
Rician channel, while the B2U channel is modeled as Rayleigh
channel. Additionally, we suppose there are 500 time slots, and
the duration of each time slot is 5s. The rest of our simulation
parameters, unless otherwise stated, are given in Table I.

To provide benchmarks for the performance of the proposed
SATIN scheme, we compare it with the following two base-
lines that are proposed by some recent work [58]–[60].

1) Baseline 1 - Heuristic Scheme: In this scheme, each user
is connected to the AP with the strongest signal (i.e.,
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HQCGMBD strategies compared to the GBD approach.
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Fig. 6: Impact of ēm on total
time-average energy consump-
tion and service delay.

maximum signal-to-noise ratio), and each AP will then
randomly select tasks to compute onboard and allocate
the communication and computation resource to each
connected user equally [58].

2) Baseline 2 - Myopic Scheme: This scheme neglects the
energy queue backlogs and ensures that the time-average
energy constraints are always satisfied in each time slot.
All decisions are optimized to meet the new constraints
and minimize the time-average expected service delay
[59], [60].

B. Comparsion of Proposed HQCGBD and GBD

In this part, we first investigate the convergence properties
of the proposed HQCGBD. From Fig. 4, we observe that both
the GBD and HQCGBD approaches can converge. Particularly,
the GBD and single-cut HQCGBD need 34 and 31 iterations
to converge, respectively. Compared with single-cut HQCGBD
and GBD, the lower bound of 5-cut HQCGBD grows much
faster. The reason is that the main bottleneck of GBD is
the time consumed by solving the master problems, which
occupies over 90% total optimization time [61]. By adopting
the multi-cut strategy, we can largely improve the quality of
the lower bound. Thus, 5-cut HQCGBD can reduce the number
of required iterations by 23.52% compared with the GBD.

Next, we compare the running time of GBD and our
proposed algorithms. As mentioned in Section V-C, the multi-
cut HQCGBD involves solving multiple subproblems in each
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Fig. 7: Impact of V on the system performance. (a) Time-average
service delays. (b) Time-average energy consumption of APs.

TABLE II: Solver accessing time of GBD and multi-cut HQCGBD
strategy.

Algorithm
Solver Accessing Time (µs)

Max./Min. Mean./Std. Total
GBD 68.29/18.10 31.74/9.34 1079.20

Single-cut HQCGBD 32.11/16.02 27.91/6.99 865.08
5-cut HQCGBD 32.10/16.01 23.74/7.98 640.90

iteration. Fortunately, the complexity of each subproblem is
equivalent to that of the subproblem in the GBD. Moreover,
we can execute them in parallel. Hence, we only compare
the performances of GBD and multi-cut HQCGBD regarding
the real solver accessing time of the master problems 2. From
Fig. 5, we can observe that the GBD outperforms the single-cut
HQCGBD before the 20-th iteration. After that, the single-cut
HQCGBD performs better and better. The reason is that the
master problem becomes more and more complex as we keep
adding new cuts to it in each iteration. The computational
time of the master problems on the quantum computers is
less than that spent on the classical computers. This result
demonstrates that quantum computers outperform classical
computers in solving large-scale MILP problems. Specifically,
the single-cut HQCGBD and 5-cut HQCGBD can save up
to 19.84% and 40.61% solver accessing time of the master
problem compared with the GBD, respectively. Furthermore,
we show the solver accessing time of both GBD and multi-
cut HQCGBD strategy in Table II. We can observe that the
multi-cut HQCGBD strategy exhibits a consistently stable
computation performance since its standard deviation of the
master problem’s solver accessing time is significantly smaller
than that of GBD.

C. Impact of Parameters

Impact of the AP’s energy budget ēm. To evaluate the
impact of time-average energy consumption threshold ēm, we
fix the parameter V and study the trade-off between the total
time-average service delay and the total time-average service
delay under different ēm in the proposed algorithm. From
Fig. 6, we can observe that the total time-average service delay
decreases while the total time-average energy consumption of
APs increases as the energy consumption threshold ēm of each

2The solver accessing time is the accessing time of quantum solver and
classical solver without considering other overheads, such as variables setup
latency, network transmission latency, etc.
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Fig. 8: System performance comparison of different schemes. (a)
Total time-average service delay. (b) Total time-average energy con-
sumption of APs.

AP m increases. The reason is that AP has more energy to
execute tasks onboard, eliminating the necessity of offloading
tasks to the cloud server.

Impact of the control parameter V . Now, we focus on
the trade-off between total time-average service delay and
energy consumption of APs in the proposed algorithms. We
choose different values of V and observe the corresponding
total time-average service delays and energy consumption of
APs. Fig. 7 shows that the total time-average service delay
decreases while the total time-average energy consumption of
APs increases with the increase of V . This is due to the fact
that with the increase of V , our algorithm would be more
aggressively minimizing the total time-average service delay,
which causes larger total time-average energy consumption of
APs.

D. Advantages of Proposed Scheme

In this part, we compare the performance of our proposed
SATIN scheme with the baselines regarding the total time-
average service delay and energy consumption of APs. From
Fig. 8, we can observe that our proposed scheme achieves the
lowest total time-average service delay while closely following
the time-average energy consumption constraint. Even though
the energy consumptions of the heuristic and myopic scheme
are lower than the proposed SATIN scheme, their total time-
average service delays are much higher, which cannot meet
the service requirement of latency-critical tasks in practice.

VII. CONCLUSION

In this paper, we have investigated the joint task offloading
and resource allocation problem in MEC-Enabled SATIN to
minimize the time-average expected service delay. Considering
the stochastic environment, a Lyapunov-based approach has
been proposed to make asymptotically optimal control deci-
sions under uncertainty, which involves solving an optimiza-
tion problem at each time slot. Since each one-slot problem is
a large-scale MINLP, we have developed HQCGBD to solve it.
Moreover, a specialized quantum multi-cut strategy has been
designed to speed up the HQCGBD convergence. Extensive
simulations show the advantages of our proposed multi-cut
HQCGBD in terms of iteration number until convergence
and solver accessing time, while ensuring optimality. This

work is our first attempt to leverage quantum computing
techniques for optimizing service delay in the MEC-enabled
SATIN system. Since the proposed algorithm can efficiently
address large-scale MINLPs, it holds promise for various
SATIN applications, e.g., routing and scheduling optimization
problems. With the rapid development of quantum computers
and increasing qubits [62], we believe that quantum-assisted
optimization can play an important role in the SATIN field.
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