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Abstract—To satisfy the growing demand for supporting in-
telligent Internet of Things (IoT) applications in remote areas,
satellite mobile edge computing (SMEC) systems are expected to
be widely deployed. Meanwhile, as IoT applications are increas-
ingly diversified, the tasks received by SMEC systems present
heterogeneous demands for various resources and quality of service
(QoS) metrics, necessitating customized design to accommodate
such heterogeneity. In this paper, we investigate the problem of
joint task offloading and resource allocation in SMEC systems with
heterogeneous task demands. We first propose a customized task
utility model that captures the diversified demands, which is an
extension of traditional unified task utility models. Based on the
model, we then formulate a mixed integer non-linear program-
ming (MINLP) problem for joint optimization of task offloading,
computing resource allocation, transmission power control, and
user association, aiming to maximize the sum utility of all tasks.
To solve the MINLP, a multi-layer iterative framework is proposed
that decomposes the original problem into two subproblems, which
are solved by successive convex approximation (SCA) and deep
reinforcement learning (DRL) algorithms, respectively. Simulation
results show that, by applying the proposed task utility model, the
average utility performance of UEs can be improved by 50% and
100% compared to applying a single metric-based utility model
and a typical classification-based utility model, respectively; the
proposed task offloading and resource allocation scheme achieves
a 30%–80% performance gain compared to benchmark schemes.

Index Terms—Satellite mobile edge computing (SMEC), task
offloading, resource allocation, deep reinforcement learning (DRL),
successive convex approximation (SCA).
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I. INTRODUCTION

W ITH the emergence of computational-intensive
Internet of Things (IoT) applications with stringent

latency requirements (e.g., autonomous vehicles, intelligent
robotics, immersive interactions), it becomes challenging for
computation-limited and battery-powered terminal devices to
timely process the computational tasks generated by these
applications. Mobile edge computing (MEC) is an effective
solution to address this issue. By deploying computing servers
at the network edge (e.g., base stations), IoT devices can offload
their computational tasks to these servers for fast processing,
resulting in reduced task completion latency. Meanwhile, as
IoT applications are extended to remote areas and oceans (e.g.,
environment monitoring, renewable energy plant management,
unmanned operation), the demand for global computing
services is surging. Since traditional MEC systems rely on
cellular networks to perform task offloading, they cannot satisfy
the computing needs in remote or underserved areas. Deploying
MEC servers in these areas seems to be a solution, but the high
cost caused by large-scale deployment and long-distance main-
tenance makes this approach impractical. With the recent rapid
deployment of low earth orbit (LEO) satellite communication
networks, satellite mobile computing (SMEC) system, which
extends MEC functionality to satellite networks, has become
a promised paradigm to meet the computing demands of
emerging IoT applications. By offloading computational tasks
to the MEC servers on satellites (in particular LEO satellites),
the computational tasks generated at remote areas can be
executed at LEO satellites and/or forwarded to cloud servers for
execution, resulting in low task processing latency [1], [2], [3].

Same as traditional MEC systems, task offloading and re-
source allocation are two major factors that impact the perfor-
mance of SMEC systems [4], [5], and have been extensively
investigated. However, due to the features of tasks processed
by SMEC systems, the design of efficient task offloading and
resource allocation strategies is challenging. Specifically, as the
application scenarios in remote areas are increasingly diverse,
the computational tasks to be executed become highly hetero-
geneous. As a result, the demand for various resources and
the preference for different quality of service (QoS) metrics
are diversified among tasks. For instance, tasks supporting au-
tonomous operations need a significant amount of computing
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resources for data processing and intelligent decision-making,
and require extremely low latency to guarantee the timeliness of
operation; in contrast, monitoring-related tasks need less com-
puting resources since no decision-making is involved, and have
much less stringent requirements for latency [6], [7]. Meanwhile,
traditional task offloading and resource allocation strategies are
designed for homogeneous tasks with unified task utility models
(i.e., the utility for completing a task as a function of allocated
resources and achieved QoS metrics). In these models, the utility
function is a fixed combination of predefined QoS metrics [8],
[9], which cannot capture the diverse demand of emerging
applications, resulting in low resource utilization and degraded
task utility. To this end, it is necessary to establish a customized
utility model for each task, and design task offloading and
resource allocation strategies according to the utility models of
all tasks. However, the relationship between task satisfaction
and the achieved resources/various QoS metrics is complex,
necessitating novel task utility models that are adaptive to the
diverse task demands in SMEC networks.

Besides task heterogeneity, task offloading and resource al-
location in SMEC systems are also challenged by the dynamics
of satellite networks. As satellites move along their orbits, the
connectivity and the channel of device-satellite links are con-
stantly changing, resulting in time-varying network topology,
link quality, and resource availability [10], [11]. As a result,
traditional “snapshot-based” solutions, which solely use the
system state in the current time slot to determine the strategies
in the next time slot, cannot adapt to the dynamics of SMEC
systems, resulting in low resource utilization. To address this
issue, deep reinforcement learning (DRL) has been applied to
generate proactive strategies in MEC systems [12], [13]. DRL-
based solutions enable environment-aware strategy adjustments
by capturing the pattern of system dynamics, thereby enhancing
task utility. However, due to the fast-growing number of IoT
devices in SMEC systems, the dimensions of the problems
handled by DRL algorithms also increase exponentially [14].
This results in slow training convergence, which may not adapt
to the time-varying network topology of SMEC systems, neces-
sitating novel solutions with reduced dimensions and accelerated
convergence.

In this paper, we investigate the problem of task offloading
and resource allocation in LEO satellite-based SMEC systems
with heterogeneous task demands. Aiming to improve the sum
task utility of all devices served by an SMEC system, we
develop novel models and solutions to capture the diverse task
demands as well as the dynamics of SMEC systems. The main
contributions of this paper are summarized as follows:

1) We establish a multi-dimensional heterogeneous task util-
ity model based on Gaussian mixture model (GMM),
in which a customized task utility function is derived
for every individual task. The task utility function has
two parts. The first part is a weighted sum of Gaussian
functions, where the weights indicate the preferences of
demands for various resources and QoS metrics. The
second part is the energy consumption of the device. The
expectation maximization (EM) algorithm is applied to
yield the optimal weight of each Gaussian component.

2) Based on the task utility model, we formulate joint task
offloading and resource allocation as a mixed-integer non-
linear programming (MINLP) problem. Specifically, we
formulate joint optimization of task offloading, computing
resource allocation, transmission power control, and user
association for full offloading (tasks are either locally
executed or offloaded) and partial offloading (tasks can
be partitioned and partially offloaded) scenarios, aiming
to maximize the sum utility of all tasks.

3) Due to the presence of coupling constraints and binary de-
cision variables, the formulated MINLP cannot be solved
by standard approaches. To this end, we propose a multi-
layer iterative framework that decomposes the original
problem into two subproblems, which are solved by DRL
and successive convex approximation (SCA), respectively.

4) The effectiveness of the proposed solutions in both full
offloading and partial offloading scenarios is evaluated by
simulations. The results show that the proposed schemes
achieve higher utility than benchmark schemes, indicating
the superior capability in capturing diverse task demands.

The remainder of this paper is organized as follows. The
related works are summarized in Section II. The system model
and problem formulation are given in Section III and Section IV,
respectively. In Section V, we present the proposed solution. The
simulation results are shown and analyzed in Section VI. Finally,
Section VII concludes this paper.

II. RELATED WORK

As two key design issues of MEC systems, task offloading
and resource allocation have been widely investigated. Based
on different models, several optimization techniques have been
applied to obtain solutions for task offloading and resource
allocation, such as Lyapunov optimization [15], [16], [17] and
convex optimization [18], [19]. In particular, in the presence
of multiple edge nodes, game theory was applied to enable
collaborative task offloading and resource allocation [20], and
matching theory was employed to derive a low-complexity
solution for user association [7], [21]. Furthermore, heuristic
algorithms like genetic algorithms and simulated annealing
algorithms were also used to obtain suboptimal solutions that
can be easily implemented [22], [23]. However, these methods
did not fully consider the system dynamics, which may not
achieve satisfactory performance in fast-varying environments
(e.g., satellite networks) [14]. In contrast, our solution employs
DRL to capture the pattern of environmental change caused by
satellite movement and obtain proactive strategies that can adapt
to the dynamics of SMEC systems.

Due to the capability of intelligent decision-making in dy-
namic environments, DRL algorithms were applied to task of-
floading and resource allocation recently. In [24], a DRL-based
task offloading and resource allocation strategy was designed
to maximize the long-term utility of vehicle edge computing
networks. In [25], a software-defined framework was introduced
to manage and orchestrate networking, caching, and computing
resources, and a deep Q-learning approach was proposed to
obtain an efficient solution. Since DRL models require extensive
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training, the training process should be optimized to accelerate
convergence. In [14], an adaptive genetic algorithm was incor-
porated into the DRL framework to enhance the accuracy of
exploration by avoiding useless exploration, which speeds up
convergence without sacrificing the performance of task pro-
cessing. Aiming to support real-time decisions for task offload-
ing and resource allocation, a two-timescale DRL approach was
proposed to reduce overhead, which consists of a fast-timescale
and a slow-timescale learning process [26]. Considering that
the optimization of task offloading and resource allocation may
involve continuous decision variables (e.g., offloading ratio
and power control), an actor-critic-based DRL framework was
designed to deal with continuous action space [27]. Recently,
DRL algorithms were applied in task offloading and resource
allocation in SMEC systems. Aiming to minimize the latency of
satellite-assisted Internet of Things services, joint task offload-
ing and multidimensional resource allocation were formulated
as a mixed integer dynamic programming problem and solved
by a DRL-based approach [28]. In [29], the authors proposed
a DRL-based task offloading and resource allocation strategy
using deep recurrent Q-learning networks, in which recurrent
layers are added into DQN to learn the temporal features induced
by satellite movement and thereby minimize the task completion
latency of IoT devices. In [30], coordinated task offloading
and resource allocation in SMEC systems was formulated and
analyzed under a multi-agent DRL model, in which a centralized
training with decentralized execution framework was imple-
mented for applying DRL algorithms at various network nodes.
Although DRL has been successfully applied in these works,
the solutions were designed for homogeneous tasks with unified
demands. In contrast, our scheme can accommodate tasks with
heterogeneous requirements by establishing customized task
utility models.

Recently, studies have investigated optimizing task offloading
and resource allocation for diversified tasks. Typically, the tasks
are classified into several categories and processed accordingly.
In [31], tasks are classified into two types, computing-intensive
and delay-sensitive, each type has a different constraint of QoS
metrics. In [32], the tasks are assigned with seven priorities
according to IEEE standards. For example, higher-priority tasks
have lower delay tolerance and stricter QoS constraints. The
reward for receiving tasks is proportional to the amount of
data and priority, hence the task priority is a reference for
resource allocation. In [33], a fog queue system with limited
infrastructure resources was designed to handle real-time het-
erogeneous tasks, in which the tasks are classified into three
types: standard, storage-intensive, and CPU-intensive. Each type
of task has a different preference for various resources, and
the resource allocation is performed according to the prefer-
ences. In [34], an energy-aware collaborative computing offload
paradigm was proposed for processing heterogeneous tasks,
in which tasks are classified into two types: delay-sensitive
tasks, such as face recognition and fingerprint recognition, and
energy-sensitive tasks, such as interactive games. In [35], tasks
are classified according to the required computational load: light
load tasks, such as video transcoding, medium load tasks, such
as chess, and heavy load tasks, such as face recognition. In [36],

Fig. 1. Illustration of LEO Satellite-based MEC System.

priority-aware task data offloading for edge computing-assisted
medical services was investigated, in which the medical ser-
vices are classified into two categories: emergency services
(e.g., remote surgery), which require real-time response and
are referred to as hard deadline tasks, and other tasks such as
medical report analysis, which are usually tolerant to delays and
referred to as soft deadline tasks. In [37], task offloading and
resource allocation strategies are designed according to the types
of mobile devices: high-priority (subscription) mobile devices
and low-priority (best effort) mobile devices. Each mobile user
generates tasks supporting multimedia applications based on
Poisson processes with varying densities, such as video uploads,
video conferencing, augmented reality, or online games. To
guarantee the QoS of high-priority devices, the tasks generated
by these devices are allocated more resources from the server
than the ones generated by low-priority devices. Although these
works considered the diversity of tasks, the tasks are classified
into given types, and prior knowledge of task type is required
for designing task offloading and resource allocation strategies.
Besides, the above classifications are relatively static, which may
not accurately capture the customized demands of individual
tasks. For example, a task can be a weighted combination of
delay-sensitive and computational-intensive, hence the demand
for various resources and QoS metrics varies across tasks. In
contrast, we design a customized task utility function for each
task without requiring prior knowledge of the task type.

III. SYSTEM MODEL

As shown in Fig. 1, we consider an SMEC system with a
remote cloud computing server and LEO satellites. The LEO
satellites are connected to the remote cloud server through wire-
less backhaul channels. The network comprises M heteroge-
neous IoT devices/users indexed by M = {1, . . . ,m, · · ·M},1

N LEO satellites indexed by N = {1, . . . , n, · · ·N}, and a
cloud server. Every LEO satellite is outfitted with an MEC
server, which executes the IoT tasks offloaded to the LEO

1For convenience, we use “device” and “user” interchangeably in this paper.
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TABLE I
KEY NOTATIONS

satellite. Inter-satellite links exist between satellites and data
are transmitted via laser communications.

In each scheduling time slot, each device generates one task,
hence the tasks are also indexed by M. The uplink bandwidth
of satellite n is denoted by Bn, and the computing resource
of its corresponding MEC server is denoted as Fn. All tasks
can be executed locally and/or remotely on an edge server or a
cloud server. The offloading destination of a task is determined
by the association indicator and the offloading indicator. The
association indicatorβm,j represents the connection relationship
between the userm and the LEO satellite j. If a task is offloaded,
it can be processed by the edge server deployed at the associated
satellite or transmitted to another edge or cloud server. The
offloading indicator aedgem,n signifies whether user m’s task is
offloaded to LEO satellite n, while acloudm indicates whether the
task is offloaded to the cloud server.

Subsequently, we define the offloading decision as ρm, which
is used to indicate whether task m will be offloaded (fully
offloaded) or the proportion of offloading (partially offloaded).
Evidently, it is influenced by both the association indicator
and the offloading indicator. For a fully offloaded scenario, if
ρm = 0, the task is processed locally; conversely, if ρm = 1, the
task is offloaded. For a partially offloaded scenario, ρm ∈ [0, 1].

For task m, the parameter is denoted as ϑm = 〈Dm, Cm,
Tmax
m , Fmin

m 〉, ∀m ∈ M. Here, Dm represents the data amount
of the task (in bits), Cm refers to the number of CPU cycles
required to complete the task (in CPU cycles), Tmax

m indicates
the maximum tolerable delay, and Fmin

m signifies the minimum
computing resource necessary for successful task processing (in
GHz).

Since tasks can only be offloaded to a single MEC or cloud
server, the following constraint must be satisfied:

1 − ρm + ρm

(∑
n

aedgem,n + acloudm

)
= 1, ∀m ∈ M, (1)

The key notations used in the paper are listed in Table I.

A. Communication Model

We consider Non-orthogonal multiple access (NOMA) based
space-ground communication for task offloading from users to
LEO satellites. At each LEO satellite, Successive Interference
Cancellation (SIC) technique is applied to decode signals from
different mobile devices connected to the same LEO satellite.
To perform SIC, the LEO satellite first decodes the signal of the
user with the highest channel gain, while the signals of other
users are treated as interference. After decoding the signal of
the first user, the LEO satellite removes the decoded signal from
the received signals and decodes the strongest signal among the
remaining ones. Such a process is repeated until the signals of all
users are decoded [38]. Compared to the delay for task execution
and data transmission, the delay for SIC is negligible [39], [40],
[41]. Thus, we neglect the delay of SIC and assume that task
processing begins after all user signals are decoded. Let hm,n

be the channel gain between user m and LEO satellite n. With-
out loss of generality, we assume h1,n ≤ h2,n ≤ · · · ≤ hM,n.
For satellite-user wireless links, the Line-of-Sight (LoS) path
plays the dominant role, while the weak scattering components
that traverse various non-line-of-sight (NLoS) paths are less
significant. Thus, the channel for task offloading is modeled
as Rician channels [42]. The channel gain between user m and
LEO satellite n is as follows:

hm,n =

√
η

1 + η
hLoSm,n +

√
1

1 + η
(dm,n)

−α‘
mhNLoS

m,n , (2)

where η is the Rician factor, α‘
m is the path loss exponent under

the NLoS transmission, and hm,n is the channel gain in the LoS
case, which can be represented by:

hLoSm,n =

√
(dm,n)

−αme−j 2π
ϕ dm,n , (3)

dm,n is the distance between user m and satellite n, αm is the
path loss exponent in the LoS case, and ϕ is the wavelength
of Ka-band. hNLoS

m,n is the corresponding small-scale channel
gain, which follows distribution CN (0, 1). Then, the achievable
uplink transmission rates of user m when associated with LEO
satellite n can be expressed as:

rm,n = Bn log2

(
1 +

pmhm,n∑M−1
i=1,i�=m βi,npihi,n + σ2

)
, (4)

where Bn is the bandwidth of LEO satellite n, pm is the uplink
transmission power of user m, σ2 is the additive white Gaus-
sian noise power.

∑M−1
i=1,i�=m βi,npihi represents the interference

originating from other mobile devices associated with the same
LEO satellite.

The channel between different LEO satellites follows the free
space path loss model, given by:

|hj,n| = G ·
(

c

4πfdj,n

)2

, (5)

where G is the antenna gain of each LEO satellite, dj,n is the
distance between satellite j and n, c is the speed of light, and f
is the carrier frequency.
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Considering that inter-satellite communication links are usu-
ally implemented by highly directional laser beams, the inter-
ference between different links can be neglected. Then, the data
rate between satellites n and j is given by

Rj,n = Bsat log2

(
1 +

|h2
j,n| · psat
σ′2

)
, (6)

where σ′2 is the Gaussian white noise power; and psat is the
transmitted power of each satellite.

B. Delay and Energy Models

1) Local Computing: Let f localm (in CPU cycles/s) be the
computational capacity of mobile device m. When mobile de-
vicem locally processes its task, the computing delay and energy
consumption can be expressed as:

T local
m =

(1 − ρm)Cm

f localm

, ∀m ∈ M, (7)

Elocal
m = κ (1 − ρm)Cm

(
f localm

)2
, ∀m ∈ M, (8)

where κ is the effective capacitance coefficient, which depends
on the chip architecture of the mobile device.

2) Edge Computing: Without loss of generality, suppose task
m is executed by (full or partial) satellite n. We first consider the
case where taskm is offloaded to and executed by its associated
satellite j, i.e., j = n. Since the data size of the task outcome
is small, we neglect the delay and energy consumption for
transmitting the task outcome. Then, the communication delay
is the uplink transmission delay during offloading, calculated
by:

T edge,comm
m,n =

ρmDm

rm,n
, ∀m ∈ M, ∀n ∈ N . (9)

We then consider the case where user m is associated with
satellite j while its task is executed by satelliten. In this case, the
task will first be sent to satellite j and then forwarded to satellite
n for processing, i.e., (j �= n). After that, satellite n sends the
outcome to satellite j, which then forwards the outcome to user
m. The total communication delay from user m offloading its
task to satellite n is calculated by:

T edge,comm
m,n =

ρmDm

rm,j
+

2dj,n
c

+ T trans
j,n , ∀m ∈ M, ∀n, j ∈ N ,

(10)
where dj,n is the distance between satellite j and satellite n, and
T trans
j,n is the transmission delay for the satellite to transmit the

received computational task.
The total energy consumption for data transmission during

task offloading is calculated as follows:

Eedge,comm
m,n =

{
pm

ρmDm

rm,j
+ psatT

trans
j,n , j �= n;

pm
ρmDm

rm,n
, j = n,

(11)

where pm is the transmission power of user device m, ρmDm

rm,j
is

the time for transmitting the task data from user m satellite j.
Thus, the energy consumption of data transmission during task

offloading is pm
ρmDm

rm,j
. Similarly, psatT trans

j,n denotes the energy
consumption of data transmission from satellite j to satellite n.

Denote the computing resources allocated to userm as f edgem,n ,
which is the number of CPU cycles allocated to task m by the
MEC server on satellite n [43], [44]. Given the task offloading
ratio ρm, the number of CPU cycles required to complete the part
of taskm at satellite n is ρmCm. Then, the computing delay for
executing task m by satellite n is given by:

T edge,comp
m,n =

ρmCm

f edgem,n

, ∀m ∈ M, ∀n ∈ N . (12)

The energy consumption for executing task m at satellite n is:

Eedge,comp
m,n = κρmCm

(
f edgem,n

)2
, ∀m ∈ M, ∀n ∈ N . (13)

The total delay and energy consumption for completing task m
when it is offloaded to satellite n are respectively given by:

T edge
m,n = T edge,comm

m,n + T edge,comp
m,n , ∀m ∈ M, ∀n ∈ N , (14)

Eedge
m,n = Eedge,comm

m,n + Eedge,comp
m,n , ∀m ∈ M, ∀n ∈ N . (15)

Compared to other components in an SMEC network, the energy
supplies of user devices and satellites are unstable since they are
typically powered by batteries with limited life and capacity.
Thus, we take the energy consumption of users and satellites
into account.

3) Cloud Computing: When user m offloads (full or partial)
its task to the cloud server for processing, it first sends the task to
its associated satellite (i.e., satellite j). Then, satellite j forwards
the task to the cloud server. After completing the task, the task
outcome is sent back from the cloud server to userm via satellite
j. Thus, the total communication delay when the task is offloaded
to the cloud server is given by:

T cloud,comm
m =

ρmDm

rm,j
+

2dj,cloud
c

+
ρmDm

rj,cloud
,

∀m ∈ M, ∀j ∈ N , (16)

where dj,cloud is the distance between satellite j and the cloud
server, rj,cloud is the data rate for the transmission from satellite
j to the cloud server, which can be calculated in the same way
as rm,j .

Let f cloudm be the computing resource allocated to task m by
the cloud server, which is predetermined by the cloud service
agreement. Then, the computing delay of task m is given by:

T cloud,comp
m =

ρmCm

f cloudm

, ∀m ∈ M. (17)

Then, the total delay for offloading and processing the task in
the cloud is:

T cloud
m = T cloud,comm

m + T cloud,comp
m , ∀m ∈ M. (18)

Based on the above calculations, we can calculate the overall
delay and energy consumption for each task m as a function of
decision variables < βm,j , a

edge
m,n , a

cloud
m , ρm >. The total delay

for completing task m can be expressed as:

T total
m = T local

m +
∑
n∈N

aedgem,nT
edge
m,n + acloudm T cloud

m . (19)
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The total energy consumption of devices and satellites for com-
pleting task m is calculated by:

Etotal
m = Elocal

m +
∑
n∈N

aedgem,nE
edge
m,n . (20)

The average computing resource available to task m is:

F avg
m = (1 − ρm) f localm + ρmf

edge
m,n

∑
n∈N

aedgem,n

+ ρma
cloud
m f cloudm , ∀m ∈ M. (21)

IV. PROBLEM FORMULATION

In this section, we first present the GMM framework that
establishes the task utility model. Then, we present the formu-
lation of task offloading and resource allocation, where the joint
optimization of task offloading, transmission power control,
computing resource allocation, and user association is formu-
lated as an MINLP problem.

A. GMM-Based Task Utility Model

As mentioned, identifying the preference of resources for each
task is critical for efficient resource utilization and improving
task utility. Given the limited resources and the heterogeneous
tasks with different preferences, task offloading and resource
allocation strategies should be designed according to the features
of a group of tasks that share the same computing utilities and
resources. Therefore, we apply the GMM model to establish task
utility models that are based on the group of tasks to be executed
at the same time, aiming to obtain task utility functions that can
accurately reflect both the preferences of demands of a task and
the relative importance of this demand compared to all tasks’
demands.

In our task utility model, the demand of each task is modeled
as a weighted combination of several baseline demands. Each
baseline demand corresponds to a demand for a certain QoS
metric or a type of resource, and the weight of a baseline demand
is the task’s preference for that demand. Correspondingly, the
utility of a task is a weighted sum of the utilities obtained
by satisfying various baseline demands. The utility obtained
from satisfying a baseline demand is a function of the achieved
QoS metric or allocated resource for that demand. The weights
indicate the preferences for different demands, and we use GMM
to obtain the weights.

GMM is a soft clustering method for determining the proba-
bility that each data point belongs to a given cluster. It is based on
the assumption that all the data points are generated from a mix-
ture of a finite number of Gaussian distributions with unknown
parameters. Mapping into our model, the task parameters are the
data points, each baseline demand is a cluster, and the weights in
the utility function (i.e., the preferences for different demands)
are the weights for various Gaussian distributions. By obtaining
the weights and parameters of various Gaussian distributions via
GMM, the task utility function can be obtained. Specifically,
given a set of tasks parameterized by the tuple ϑm,m ∈ M,
GMM is used to approximate the distribution of task parameters
by obtaining the mean, covariance, and weight of each Gaussian

distribution, which indicates the importance of each distribution
in the overall distribution, reflecting the relative importance of
each QoS metric/resource to the task.

The weight for each Gaussian distribution in GMM is obtained
by maximizing a likelihood function with an expectation maxi-
mization (EM) algorithm [45]. Suppose a GMM is comprised of
K Gaussian distributions, which correspond to K dimensions
of task demands. Then, the probability density function of the
parameters of task m is given by:

prob (x|πm,θm) =

K∑
k=1

πm,kφ (x|θm,k) , (22)

where πm = {πm,1, . . . , πm,K} and θm = {θm,1, . . . , θm,K}.
πm,k is the weight of the k-th Gaussian distribution (demand di-
mension) of taskm, which satisfies

∑K
k=1 πm,k = 1. φ(x|θm,k)

is the probability density function of task demand dimension k.
In a Gaussian Mixture Model, the covariance matrix Cov

for each component is calculated using maximum likelihood
estimation. The covariance matrix of the k-th Gaussian compo-
nent is calculated by 1

Nk

∑N
i=1 γi,k(xi − μk)(xi − μk)

	, where
Nk represents the number of data points assigned to the k-th
component, while γi,k indicates the responsibility of the i-th
data point for that component, typically derived from posterior
probabilities. xi denotes the i-th data point and μk is the mean
vector of the k-th component.

Then, the EM algorithm is used to find a set of optimal
parameters through iterations. Recall that the set of task param-
eters is {ϑ1,ϑ2, . . . ,ϑM}, the weight optimization problem is
formulated as:

max
πm,θm

M∏
m=1

prob (ϑm|πm,θm). (23)

Let π∗
m = {π∗

m,1, . . . , π
∗
m,K} be the optimal solution for (23).

Then, the coordinate point of task m in a K-dimensional task
demand coordinate system can be obtained, as shown in Fig. 2.

Based on the multidimensional coordinate system, the map-
ping between task demand and task utility can be established by
the GMM model, and the optimal weights and parameters in the
task utility function are obtained by the EM algorithm.

Let Uk(·) be the utility function for the k-th task demand di-
mension, which is a concave function (e.g., logarithmic function)
to reflect the effect of diminishing marginal utility Specifically,
the gain for allocating more resource/improving a QoS metric
is reduced as more resource is allocated/better QoS is achieved.
Then, the multi-dimension utility model for task m is given by:

U(Qm) =

K∑
k=1

(−1)�Uk(π
∗
m(k) ·Qm(k)), (24)

where Qm(k) denotes the achieved QoS metric/allocated re-
source of task m in dimension k, and 
 indicates if the QoS
metric/allocated resource is positively correlated (
 = 0) or
negatively correlated (
 = 1) to demand dimension k.

In this paper, we use two primary dimensions of task demand
as an example: computing resources and delay. Our model and
solution can be extended to the case with more dimensions.
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Fig. 2. Schematic diagram of multi-dimension task model.

The utility of task m obtained from the computing resource
dimension is positively correlated to the average available com-
puting resource F avg

m . Using the minimum required computing
resource Fmin

m as the reference, the utility for the computing
resource dimension is defined as:

U1

(
λ1
F avg
m

Fmin
m

)
, ∀m ∈ M, (25)

where λ1 is a normalization factor.
Likewise, the utility of taskm obtained from the delay dimen-

sion is negatively correlated to the task completion delay T total
m .

Using the maximum tolerable delay Tmax
m as the reference, the

utility for the delay dimension is defined as:

U2

(
λ2
Tmax
m

T total
m

)
, ∀m ∈ M, (26)

where λ2 is also a normalization factor. Since U2(·) is a concave

function, it can also be expressed as −U2(λ2
T total
m

Tmax
m

).
Let (π∗

m(1) and π∗
m(2)) be the weights of computing re-

sources and delay obtained by solving Eq.(23). The utility of
task m is expressed as:

U1

(
π∗

m(1)λ1
F avg
m

Fmin
m

)
− U2

(
π∗

m(2)λ2
T total
m

Tmax
m

)
. (27)

The task utility function is a linear combination of utilities
across multiple dimensions, which is concave with respect to
the achieved QoS metrics.

B. Formulation for Joint Optimization of Task Offloading and
Resource Allocation

With the multi-dimensional task utility functions, we formu-
late joint task offloading and resource allocation as an MINLP
problem, aiming to improve task utilization as well as re-
duce energy consumption. The decision variables include the
ones for transmission power controlp = {pm, ∀m ∈ M}, com-
puting resource allocation f = {fm, ∀m ∈ M}, task offload-
ing factor ρ = {ρm, ∀m ∈ M}, task offloading indicator Π =

{Πm, ∀m ∈ M}, where Πm = {aedgem,1 , . . . , a
edge
m,N , a

cloud
m } and

user association indicator β = {βm,j , ∀m ∈ M, ∀j ∈ N}.
Then the optimization problem is defined as follows:

P1 : max
{ρ,β,Π,f ,p}

w1

∑
m∈M

[
U1

(
λ1π

∗
m(1)

F avg
m

Fmin
m

)

−U2

(
λ2π

∗
m(2)

T total
m

Tmax
m

)]
− w2

∑
m∈M

Etotal
m

s.t. C1 : T total
m ≤ Tmax

m , ∀m ∈ M
C2 : F avg

m ≥ Fmin
m , ∀m ∈ M

C3 :
∑
m∈M

aedgem,n f
edge
m,n ≤ Fn, ∀n ∈ N

C4 : rm,j ≥ rmin, ∀m ∈ M, ∀j ∈ N
C5 : Pmin ≤ pm ≤ Pmax, ∀m ∈ M
C6 :

∑
j
βm,j = 1, ∀m ∈ M

C7 : βm,j ∈ {0, 1} , ∀m ∈ M, ∀j ∈ N
C8 : ρm ∈ {0, 1} , ∀m ∈ M

C9 : ρm

(∑
n

aedgem,n + acloudm − 1

)
= 0, ∀m ∈ M

where w1 and w2 are the weights for balancing between utility
and energy consumption. C1 specifies the maximal tolerable
delay for each task, C2 indicates the minimum computing re-
source requirement [46]. C3 specifies the maximum computing
capacity that can be provided by each MEC server, while C4
refers to the minimum data rate requirement for offloading, and
C5 indicates the range of transmission power for each user. C6
indicates that each user can be associated with only one satellite.
Finally,C9 indicates that a task can only be offloaded to a single
edge or cloud server.
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Fig. 3. The architecture of EDHTR.

V. PROPOSED TASK OFFLOADING AND RESOURCE

ALLOCATION SCHEME

Due to the non-convexity and mixed types of variables, solv-
ing P1 with a standard approach is infeasible. We propose
an iterative framework named EDHTR, which is based on a
combination of DRL and convex optimization, as shown in
Fig. 3. In each iteration of EDHTR, the optimization starts with
transmission power control, followed by computational resource
allocation, and finally task offloading and user association. The
iterative optimizations continue until the termination criterion is
met. Note that, the order of solving various subproblems does
not affect convergence and the achievable performance, since the
value of the objective function is improved after each iteration
until convergence is achieved. It is also worth mentioning that
solving various subproblems causes certain energy consumption
and occupies certain computing resources, which may impact the
resource availability and system performance. However, as in
many wireless communication systems, the proposed optimiza-
tions are performed before task offloading and relevant commu-
nication/computational processes take place. Thus, the energy
and computing resource consumptions for performing various
optimizations do not impact the energy and delay performance
for task offloading and processing, and they are not considered
in our optimization model.

A. Optimal Weights for Task Utility Function

The EM algorithm is an iterative method for maximizing the
log-likelihood of the data with two steps: The expectation (E)

step and the maximization (M) step. For each taskm, the EM al-
gorithm first initializes the parametersθm = {θm,1, . . . , θm,K},
where θm,k = (μm,k, σm,k) are the mean and variance of the
k-th Gaussian distribution for task m. Then, the E and M steps
are iteratively performed until the algorithm converges to a
local optimal solution. Note that GMM is sensitive to initial
parameters and may converge to different local optima. Thus,
under different initial parameters, we execute the EM algorithm
multiple times to obtain the optimal weights in the task utility
model. Specifically, given the utility model parameters at the
current iteration, the E step calculates the probability of each
data point belonging to each Gaussian distribution, which is
formulated as:

γm,k =
πm,kφ (ϑm|θm,k)∑K
k=1 πm,kφ (ϑm|θm,k)

. (28)

Based on the calculated probabilities, the M step updates the
utility model parameters by maximizing the log-likelihood. The
parameters are updated as:

μm,k =

∑
m∈M γm,kϑm∑

m∈M γm,k
, (29)

σm,k =

∑
m∈M γm,k (ϑm − μm,k) (ϑm − μm,k)

T∑
m∈M γm,k

, (30)

πm,k =

∑
m∈M γm,k

N
. (31)

When the iterations terminate, the optimal θm
∗ and πm

∗ are
determined for taskm, i.e. the GMM-based task utility function
is obtained.

B. Power Control Optimization

With given {ρ, β,Π, f}, the power control problem of is
formulated as:

P1.1 :min
p

w1

∑
m∈M

U2

[
λ2 (π

∗
m(2))

Tmax
m

(
(1 − ρm)

Cm

f localm

+ ρm
∑
n∈N

aedgem,n

(
Dm

rm,j
+ T sat

j,n +
Cm

f edgem,n

)

+ ρma
cloud
m

(
Dm

rm,j
+ TC +

Cm

f cloudm

))]

+ w2

∑
m∈M

(
(1 − ρm)κCm

(
f localm

)2

+ ρm
∑
n∈N

aedgem,n

(
pmDm

rm,j
+ κCm

(
f edgem,n

)2
))

s.t. C1, C4, and C5.

Similar to P1, P1.1 is a non-convex optimization problem,
which cannot be solved by standard methods. Thus, we apply
SCA to obtain a suboptimal solution of P1.1. We first introduce
a set of slack variables s = {sm,j = rm,j , ∀m ∈ M}. Then, we
approximate each rm,j as a concave function with the following
lemma.
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Lemma 1: For a given pτm, rm,j can be approximated as the
following concave function:

rm,j ≥ r̄m,j − r̆upm,j � r̆τm,j , (32)

where

r̄m,j = log2

(
m−1∑
i=1

βi,npihi,n + σ2 + pmhm,n

)
, (33)

r̆upm,j = υm,j (pi − pτi ) + νm,j , (34)

υm,j =

m−1∑
i=1

βi,nhi log2 e∑m−1
j=1 βj,np

τ
jhj + σ2

, (35)

νm,j = log2

(
m−1∑
i=1

βi,np
τ
i hj + σ2

)
. (36)

Proof: First, we rewrite rm,j is as follows:

rm,j = r̄m,j − r̆m,j , (37)

where r̄m,j is concave and r̆m,j is given by

r̆m,j = log2

(
m−1∑
i=1

βi,npihi + σ2

)
, (38)

because r̆m,j is concave, we can derive its upper bound r̆upm,j for
a given pτm in iteration τ :

r̆m,j ≤ υm,j (pi − pτi ) + νm,j � r̆upm,j , (39)

where υm,j and νm,j are constants. Then, r̆m,j can be replaced
by its upper bound r̆upm,j . Accordingly, rm,j is approximated as
a concave function r̆τm,j . �

By introducing slack variables, the task delay can be repre-
sented as:

T total
m = (1 − ρm)

Cm

f localm

+ ρma
cloud
m

(
Dm

sm,j
+TC +

Cm

f cloudm

)

+ ρm
∑
n∈N

aedgem,n

(
Dm

sm,j
+T sat

j,n +
Cm

f edgem,n

)
� T̃m.

(40)

Based on Lemma 1, add the corresponding constraint sm,j −
r̆τm,j ≥ 0, P1.1 is rewritten as:

P1.2 :min
{p,s}

w1

∑
m∈M

U2

(
λ2 (π

∗
m(2)) T̃m
Tmax
m

)

+ w2

∑
m∈M

(
(1 − ρm)κCm

(
f localm

)2

+ρm
∑
n∈N

aedgem,n

(
pm

Dm

sm,j
+ κCm

(
f edgem,n

)2
))

s.t. Pmin ≤ pm ≤ Pmax, ∀m ∈ M
rmin − sm,j ≤ 0, ∀m ∈ M

T̃m ≤ Tmax
m , ∀m ∈ M
sm,j − r̆τm,j ≥ 0, ∀m ∈ M.

Note that the final term in the objective function is not con-
vex. Thus, P1.2 is not a convex optimization problem. To
address this issue, another set of slack variables, denoted as
η = {ηm,j = pm/sm,j , ∀m ∈ M}, is used to approximate the
expression pm/sm,j using a convex function. Utilizing the Tay-
lor expansion, the linear form of the item pm/sm,j is derived as:

ηm,j =
pm
sm,j

≥ pτm
sτm,j

+
1

sτm,j

(pm − pτm)

− pτm(
sτm,j

)2

(
sm,j − sτm,j

)
� ζ̂m,j . (41)

With the additional constraint ηm,j ≥ ζ̂m,j . Thus, the optimiza-
tion problem P1.2 can be reformulated as:

P1.3 : min
{p,s,η}

w1

∑
m∈M

U2

(
λ2 (π

∗
m(2)) T̃m
Tmax
m

)

+ w2

∑
m∈M

(
(1 − ρm)κCm

(
f localm

)2

+ ρm
∑
n∈N

aedgem,n

(
Dmηm + κCm

(
f edgem,n

)2
))

s.t. Pmin ≤ pm ≤ Pmax, ∀m ∈ M
rmin − sm,j ≤ 0, ∀m ∈ M

T̃m ≤ Tmax
m , ∀m ∈ M
sm,j − r̆τm,j ≥ 0, ∀m ∈ M
ζ̂m,j − ηm ≤ 0, ∀m ∈ M.

The objective function and constraints of P1.3 are convex,
making P1.3 a convex optimization problem, which can be
solved with the CVX toolbox.

C. Computing Resource Allocation Optimization

Given ρ, β, Π, and p∗, the computing resource allocation
optimization is formulated as:

P2.1 :max
f

w1

∑
m∈M

[
U1

(
λ1π

∗
m(1)

F avg
m

Fmin
m

)

−U2

(
λ2π

∗
m(2)

T total
m

Tmax
m

)]
− w2

∑
m∈M

Etotal
m

s.t. C1 − C3.

In P2.1, f is the only optimization variable. The objective
function is a logarithmic function of f , the constraints in C1
are the reciprocal functions of f , while C2 and C3 are specified
by affine functions of f . Due to the convexity of these functions,
P2.1 is a convex optimization problem.

D. Task Offloading and User Association Optimization

We consider two task offloading scenarios: fully offloading
and partial offloading. In the fully offloading scenario, tasks are
either processed on the local device or offloaded to edge/cloud
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Fig. 4. The framework of the proposed DQN-based computing offloading and user association scheme.

servers, i.e., each ρm can only take the binary values of 0 or
1. In the partial offloading scenario, tasks are allowed to be
partitioned and partially offloaded to edge/server servers, i.e.,
eachρm is relaxed to a continuous variable in [0,1]. Givenp∗ and
f ∗, the computing offloading and user association subproblem
is formulated as:

P3.1 : max
ρ,β,Π

w1

∑
m∈M

[
U1

(
λ1π

∗
m(1)

F avg
m

Fmin
m

)

−U2

(
λ2π

∗
m(2)

T total
m

Tmax
m

)]
− w2

∑
m∈M

Etotal
m

s.t. C2, C6 C9.

P3.1 is a complex multi-constrained 0-1 integer optimization
problem that is challenging to solve. Therefore, this paper pro-
poses a DRL-based solution.

1) User Association and Fully Offloading: The framework
of the proposed approach is shown in Fig. 4. P3.1 is modeled
as a Markov decision process (MDP), in which each mobile
device acts as an agent. Next, we define the state space S , action
space A, and reward reward of the MDP.

The state space of mobile device/agent m is defined as:

state(m) = {p∗m, f ∗m, hm,1, . . . , hm,N , Cm} ∈ S, (42)

where p∗m and f ∗m are the optimal transmission power and
computational resource of mobile devicem, respectively, which
are obtained by the solutions in the previous subsection. The
action space of agent m is defined as:

action(m) = {ρm, βm,1, . . . , βm,N ,Πm} ∈ A, (43)

Based on the offloading decision, offloading indicator, and as-
sociation indicator of each mobile device, the system executes
the tasks accordingly and switches to the next state.

The reward function should consider both the objective func-
tion and constraints in the optimization problem. Thus, we set the
reward as a function of the computing resource utility, processing
delay, and energy consumption. The reward received by agent
m is given by:

reward(m)

= w1

[
U1(λ1π

∗
m(1)

F avg
m

Fmin
m

)− U2(λ2(π
∗
m(2))

T total
m

Tmax
m

)

]

− w2E
total
m +min{Tmax

m − T total
m , 0}

+min{F avg
m − Fmin

m , 0}, (44)

where the latter two terms are penalty terms imposed for the case
that the constraints on processing delay and computing resource
are violated, respectively.

The formulated MDP is solved with a DRL approach, which
is implemented by training a DQN. Algorithm 1 presents the
detailed process of DQN training. The training data is gener-
ated by the agent’s interaction with an environment simulator,
which comprises mobile devices, MECs, cloud servers, and
channels between them. Mini-batches, comprising of samples
〈state(t,m), state(t+ 1,m), action(t,m), reward(t,m)〉, are
utilized to train the DQN.

The policy of each agent, including the offloading decision,
offloading indicator, and association factor, is randomized ini-
tially and gradually improved as the training of DQN progresses.
During the training phase, experience replay is employed. In
each iteration, a mini-batch is sampled from the memory to
update the weights of the DQN.

2) Partial Offloading: With given p∗,β∗,Π∗, f ∗, the partial
offloading optimization problem is denoted as:

P4.1 :max
ρ

w1

∑
m∈M

[
U1

(
λ1π

∗
m(1)

F avg
m

Fmin
m

)

−U2

(
λ2π

∗
m(2)

T total
m

Tmax
m

)]
− w2

∑
m∈M

Etotal
m

s.t. C1 and C8.

Note that the objective function of problem P4.1 is non-
concave. To address this issue, we use the first-order Taylor
expansion to approximate the second term of the objective
function as follows:

log
(
λ2π

∗
m(2)T total

m

)
= log (x̂+ ŷρm)

≤ log (x̂+ ŷρτm) +
ŷ

(x̂+ ŷρτm) ln 10
(ρm − ρτm) � φ̂m,

(45)

where

x̂ = 1 + λ2(π
∗
m(2))

Cm

f localm

, (46)

ŷ = λ2π
∗
m(2)

[∑
n

aedgem,n

(
Dm

rm,j
+ T sat

j,n +
Cm

f edgem,n

)

+acloudm

(
Dm

rm,j
+ TC +

Cm

f cloudm

)
− Cm

f localm

]
, (47)
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Algorithm 1: Training Process of DQN.

1: Initialize the two DQNs Q(S, a;θ) and Q′(S, a;θ′)
with random weight θ and θ′;

2: Initialize the environment according to the system
model;

3: for each step t do
4: for each user m do
5: Obtain the state state(t,m);
6: Calculate the greedy impact ε(t);
7: Choose a random probability ω;
8: if ω ≥ ε(t) then
9: With probability ε(t) select random action

action(t,m);
10: else
11: action(t,m) = arg maxaQ(S, a;θ);
12: Update the environment with action:

action(t,m);
13: Obtain the immediate reward: reward(t,m);
14: end if
15: Obtain the next state: state(t+ 1,m);
16: Store experience state(t,m), action(t,m)

reward(t,m), state(t+ 1,m) into the experience
memory;

17: end for
18: Sample a mini-batch of data from the memory;
19: Train Q and Q′ networks by minimizing the loss

function L(θ) and L(θ′) respectively;
20: Update weights θ and θ′ by minimizing the loss

function.
21: end for

where ρτm is the Taylor expansion point. The transformed convex
optimization problem can be expressed as:

P4.2 :max
ρ

w1

[∑
m∈M

log

(
λ1π

∗
m(1)

F avg
m

Fmin
m

)
−
∑

m∈Hd

φ̂m

]

− w2

∑
m∈M

Etotal
m

s.t. C1, C2, and C8.

the objective function of P4.2 is convex and the constraints
are all affine. Therefore, it is a standard convex optimization
problem and can be solved directly by the CVX toolbox.

The procedure of the proposed task offloading schemes (ED-
HTR and EDHPTR) is presented in Algorithm 2.

3) Complexity and Convergence Analysis: Let τ1 be the
number of iterations for training the DQN. For each itera-
tion, the complexity of the proposed algorithm can be cal-
culated according to the number of neural network parame-
ters. In each iteration, agents use fully connected neural net-
works to generate actions. Let L be the number of neural
network layers, and let cl represent the number of neurons in
the fully connected layer l. The time complexity for updat-
ing the parameters of a fully connected layer is denoted by

Algorithm 2: Energy-QoS-Aware DQN-Based Hybird Task
Offloading and Resource Allocation for Full offloading and
Partial Offloading (EDHTR and EDHPTR).

Input: p0, f 0, β0, ρ0, Π0 and system parameters.
Output: The optimal p∗, f ∗, ρ∗, Π∗ and β∗.

1: Initialize the iteration number r = 0, and the
maximum tolerance ε = 10−4.

2: Mobile devices randomly generate tasks according to
simulation parameters.

3: Model tasks utility functions of all mobile devices
based on GMM.

4: repeat
5: Use the first layer of the proposed framework to solve

the continuous optimization problem.
6: Use CVX to solve problem P1.3 and obtain the

optimal solutions pr+1 based on the given
fr,βr,ρr,Πr.

7: Use CVX to solve problem P2.1 and obtain the
optimal solutions fr+1 based on the given
pr+1,βr,ρr,Πr.

8: Use the second layer of the proposed framework to
solve the discrete optimization problem.

9: According to Algorithm 1 to solve problem P3.1 and
obtain the βr+1,ρr+1,Πr+1 based on the given
pr+1, fr+1.

10: if partial offloading (EDHPTR) then
11: Use CVX to solve problem P4.1 and obtain the

optimal partial computing offloading factor ρr+1.
12: end if
13: until The increase of objective value is below a

threshold ε.

Tf = O(
∑J

l=1 clcl−1). Therefore, the total time complexity of
Algorithm 1 is O(τ1Tf ). Let τ2 be the number of iterations
required to reach the convergence criterion of Algorithm 2. Let
ψ be the time complexity of solving other variables through the
CVX toolbox. Then, the time complexity of EDHTR algorithm is
O(τ2(τ1Tf + ψ)).

Verifying the convergence of the proposed DQN method with
analytical methods is challenging. In this paper, the proposed
algorithm utilizes a convergence-guaranteed iterative implemen-
tation of BCD [47]. The convergence of the proposed algorithms
is demonstrated by simulation results in Section VI.

VI. SIMULATION RESULTS

In simulations, we consider an MEC network consisting of 4
LEO satellites at an altitude of 500 km. The orbits of satellites
are based on a Walker constellation, consisting of 48 orbital
planes, each with 96 satellites. 40 mobile devices are uniformly
distributed within a 20 km × 20 km square area. The DQN is
a fully connected neural network with 5 layers, 3 of which
are hidden layers with 500, 250, and 120 neurons respectively.
The activation function is Rectified Linear Unit (ReLU). The
initial learning rate is 0.01 and decreases exponentially over
time. The neural network is trained with an Adam optimizer.
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Fig. 5. Reward of all mobile devices versus episodes.

Fig. 6. Training loss versus episodes.

The simulations are conducted using TensorFlow 1.15.4 with
Python 3.6 on an Intel Core i7-7700 processor with 16 GB
memory.

A. Convergence Performance

The convergence of the proposed algorithms is shown in
Fig. 5. The results indicate that the total rewards under all
batch sizes first increase and eventually stabilize after around
2000 training episodes. However, when the batch size is 300,
the convergence performance of EDHTR is less stable after the
2200th episode, whereas the learning procedure converges more
steadily for batch sizes of 600 and 1200.

Fig. 6 presents the accumulated loss during training of the
proposed algorithm with different mini-batch sizes. The result
indicates that although the impact of batch size on the reward is
not significant, it may have a greater impact on the loss. When
the batch size is 300, the loss exhibits significant fluctuations
during training, but eventually converges after around 2500
episodes. When the batch size exceeds 600, EDHTR exhibits
good convergence performance.

Fig. 7. The influence of classification algorithm on the performance of mobile
devices.

B. Performance Under Different Utility Models

To demonstrate the performance of our proposed customized
utility function, we compare it with several common utility
function models:

1) FCM-based utility model: Replace the GMM with the
FCM algorithm as the foundation for the utility model.
FCM is a partitioning-based clustering algorithm. The
basic idea of FCM is to make the similarity between
objects divided into the same category as large as possible,
and the similarity between objects in different categories
as small as possible.

2) The Binary utility model: Binary type task utility function
can only reflect the satisfaction with delay or computing
resources. That is to say, it only considers the utility of
tasks from a single dimension, such as only focusing on
delay or only focusing on computing resources.

3) The constant-weight utility model: A method with prede-
termined weights for each dimension of resources, which
is used in many previous works [48], [49]. It typically
allocates a weight of 0.5 to both latency and computa-
tional resource dimensions. Although it accounts for task
demand diversity, the fixed weights cannot be dynamically
adjusted based on task parameters.

Fig. 7 shows the impact of different task utility models.
For the Binary type task utility model, the tasks generated by
mobile devices are classified as either compute-intensive or
delay-sensitive, which is commonly used in the previous litera-
ture [50], [51]. The results show that the GMM-based task utility
model is better than that of the FCM-based and Binary type. The
reason is that GMM employs multiple Gaussian distributions to
approximate a model that is close to the actual distribution of
task parameters. The FCM algorithm is outperformed by the
GMM algorithm since it is not fit for classifying parameters
distributed with non-convex shapes, while the distribution of
task parameters is highly likely to be non-convex. Thus, the
outcome provided by FCM may not accurately reflect the task
requirements. In the case of the Binary type, the task utility
function can only reflect the level of satisfaction on either delay
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Fig. 8. The influence of different task utility models on the QoS satisfaction. (a) Total utility performance. (b) QoS satisfaction of delay. (c) QoS satisfaction of
computing resources.

or computation resource. However, most tasks are supported by
a combination of multiple types of resources, hence the level of
satisfaction is determined by multiple dimensions of resource
demand. Therefore, the performance of the Binary type is the
worst among all algorithms. This demonstrates the necessity of
the multi-dimensional heterogeneous task utility function.

To validate the effectiveness of different task utility models in
satisfying various dimensions of QoS metrics/resource demand,
we evaluate the “QoS satisfaction” of each dimension. The
QoS satisfaction of task m at the delay and computing re-
source dimension are calculated byT total

m /Tmax andFavg/Fmin,
respectively.

Fig. 8 shows the QoS satisfaction under different task utility
models. The constant-weight utility model has a predetermined
weight for each dimension of the resource, which is consistent
with the parameter settings in most literature [52], [53]. In the
constant-weight utility model, a weight of 0.5 is equally assigned
to delay and computing resources. The results in Fig. 8 indicate
that the proposed multi-dimensional heterogeneous task utility
model outperforms the constant-weight utility model. This ad-
vantage stems from the nature of biased task demands, which
are harvested by the proposed utility model via allocating higher
weights to preferred dimensions. This way, the proposed utility
model is more effective in satisfying high-weight requirements
when devising task offloading and resource allocation strategies,
this is also the reason for the greater variation in performance of
the proposed task model. Although the constant weight utility
model accounts for task demand diversity, it can not dynamically
adjust the weights based on task parameters and thus fails to
accommodate the diversified needs of tasks.

C. Different Task Offloading and User Association Strategies

Fig. 9 shows the reward obtained by each mobile device under
four task offloading and user association strategies:
� EDHTR-Random: Mobile devices randomly select the as-

sociated LEO satellite and the offloading destination.
� EDHTR-Greedy: Mobile devices employ a greedy ap-

proach for task offloading and user association, which is
associated with the LEO satellite with the highest trans-
mission rate and offload the task to the MEC server with
the most remaining computing resources.

Fig. 9. The performance of different task offloading and user association
strategies.

� EDHTR: The proposed DRL-based method for full offload-
ing scenario.

� EDHPTR: The proposed DRL-based method for partial
offloading scenario.

As expected, the EDHTR-Random strategy achieves the
lowest reward. The EDHTR-Greedy strategy only achieves
a marginal improvement over the EDHTR-Random strategy,
which is caused by the imbalanced load distribution among LEO
satellites. This imbalance can lead to resource under-utilization
or over-utilization, which in turn increases the task completion
latency. Furthermore, the greedy offloading strategy does not
take into account the load capacity of edge servers, which
results in low computing resource utilization. In contrast, the
EDHTR strategy fully considers the diversity of task demands
by designing customized utility functions and exploiting the
advantages of DRL for intelligent decision-making, resulting
in better performance over its counterparts. Finally, in par-
tially offloaded scenarios, the EDHPTR strategy demonstrates a
marginal improvement over EDHTR, since EDHPTR enables
concurrent utilization of computing resources across various
servers, resulting in improved computing resource utilization
and reduced processing latency. Fig. 10 shows the average
performance of all devices under various strategies. The perfor-
mance of EDHTR-Greedy has the largest deviation among all
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Fig. 10. The performance differences between different mobile devices under
various strategies.

Fig. 11. The impact of task amount on the performance of all mobile devices.

strategies. This results from its “selfish” selection, where some
mobile devices may occupy too many resources, leaving insuf-
ficient resources for the other devices. On the other hand, the
performance differences between EDHPTR and EDHTR algo-
rithms are significantly smaller. This indicates that the proposed
algorithms can effectively guarantee the QoS requirements for
all mobile devices, while simultaneously enhancing the overall
system performance.

The impact of the total number of tasks on the performance of
different algorithms is demonstrated in Fig. 11. Simulations are
carried out on 10 distinct network topologies, and the outcomes
are subsequently averaged. The results demonstrate that with an
increase in the number of tasks, there is a gradual decline in the
performance of all the algorithms. Since tasks can be processed
concurrently on local and remote servers, EDHPTR offers an
upper-bound performance for comparison purposes. Moreover,
the EDHTR strategy jointly optimizes resource utilization and
energy efficiency, resulting in more intelligent user association
and efficient resource allocation strategies. Consequently, both
EDHTR and EDHPTR exhibit superior performance compared
to the other two algorithms. For EDHTR-Greedy, when the
size of tasks exceeds 59 Mbits, mobile devices that prioritize

Fig. 12. The influence of transmission power on the performance of all mobile
devices.

Fig. 13. The impact of computing resources on the performance of all mobile
devices.

low latency tend to offload more tasks to MEC servers, aiming
to reduce computing delay and energy consumption owing to
sufficient computing resources available at MEC. This results in
a slight enhancement in EDHTR-Greedy’s performance within
the range of 59 to 67 Mbits. However, as the size of task data con-
tinues to rise, the limited computing resources are split among an
increasing number of tasks, resulting in higher processing delay
and energy consumption, which is reflected in a decline in overall
performance for EDHTR-Greedy. EDHTR-Random exhibits the
worst performance since the strategy does not take into account
task utility and system resource utilization. The results show that
the proposed algorithm can dynamically adapt to varying task
loads and achieve joint optimization of resource utilization and
energy efficiency. Fig. 12 shows the effect of transmission power
on user performance. As can be seen, the increase in power has
a negligible effect on performance, because while the increase
in power reduces the transmission delay during offloading of the
task, it also increases the energy consumption.

Fig. 13 shows the impact of computing resources of MEC
servers on user performance. As the amount of computing
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resources increases, more computing resources are available for
computing-intensive tasks, and it also results in less computa-
tional delay of delay-sensitive tasks, both of which contribute to
increasing task utility and user satisfaction.

VII. CONCLUSION

In this paper, we investigated the problem of task offloading
and resource allocation in SMEC systems with heterogeneous
task demands. First, we proposed a GMM-based task utility
model to capture the diverse task demands, in which a cus-
tomized task utility function is derived for every individual task.
Next, we formulated the joint optimization of task offloading,
power control, computing resource allocation, and user associ-
ation as an MNLIP, aiming to maximize the sum task utility of
all UEs. Then, we proposed a multi-layer iterative framework
to solve the MNLIP. Through simulations conducted for both
fully offloading and partial offloading scenarios, the proposed
schemes demonstrate superior performance compared to several
benchmark schemes. In future works, we will explore more
comprehensive task utility models with additional dimensions
of resource demand and QoS requirement, as well as design
customized task offloading and resource allocation strategies for
SMEC networks with different sizes and dynamics. Considering
that satellite-ground links are less reliable due to long propaga-
tion distance and satellite mobility, we will further investigate
the scenario where task offloading may be interrupted by link
failure.
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