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Abstract: With the increasing dissemination of the Internet of Things and 5G, mobile edge computing
has become a novel scheme to assist terminal devices in executing computation tasks. To elevate the
coverage and computation capability of edge computing, a collaborative computation offloading
and resource management architecture was proposed in space—air-ground integrated networking
(SAGIN). In this manuscript, we established a novel model considering the computation offloading
cost constraints of the communication, computing and cache model in the SAGIN. To be specific,
the joint optimization problem of collaborative computation offloading and resource management
was modeled as a mixed integer nonlinear programming problem. To address this issue, this paper
proposed a computation offloading and resource allocation strategy based on deep reinforcement
learning (DRL). Differing from traditional methods, DRL does not need a well-established formulation
or previous information, and it is capable of revising the strategy adaptively according to the
environment. The simulation results demonstrate the proposed approach can achieve the optimal
reward values in the case of different terminal device numbers. Furthermore, this manuscript
provided the analysis with variant parameters of the proposed approach.

Keywords: computation offloading; resource management; deep reinforcement learning; space-air—
ground integrated networking

1. Introduction

With the advent of the Internet of Things era and the intelligent development of
applications, the number of terminal devices (TDs) is growing rapidly. Due to the rapid
growth of tasks, as well as the mobility and limited resources of terminal devices, complex
computation tasks are difficult to execute on terminal devices promptly. Therefore, the
terminal devices are capable of offloading the excessive computation task to the adjacent
server that executes the task processing and returns the results, so as to solve the problem of
insufficient computation capacity for terminal devices. Consequently, edge computing [1,2]
has emerged.

In edge computing [3], terminal devices can obtain high-quality computation services
through payment. However, the number of edge servers is limited. Once the number of
offloading requests exceeds the threshold, the service quality of offloading will be affected.
Scholars have conducted extensive research on the optimization of computation offloading
performance [4]. Some are committed to optimizing the resource allocation of edge servers,
and they usually establish the computation offloading problem as an optimization model [5].
Due to the limitations of wireless spectrum, there is a communication bottleneck between
the terminal device and the road side unit, which affects the quality of computation
offloading service. In addition, once there are too many requests for computation offloading
services, edge servers may become overloaded, which can lead to computation offloading
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failure or higher service latency. Therefore, some have researched how to expand the
spectrum and computing resources of edge computing, e.g., unmanned aerial vehicles
(UAV) [6,7], to build a multiple collaborative computation offloading mechanism. However,
the network coverage and computation resources of edge computing are still greatly
limited in the above research, and it is unable to provide ubiquitous computing services for
terminals, especially in disaster areas, suburbs and other areas.

In order to enlarge the coverage and improve the ability of edge computing, the termi-
nal device can offload computation tasks to the space-air-ground integrated networking
(SAGIN) [8,9]. From Figure 1, as one of the most promising network architectures, SAGIN
is a heterogeneous network based on ground networks and supplemented by space and
air networks. It mainly includes computation nodes such as ground servers, UAVs, and
low Earth orbit (LEO) satellites. SAGIN is expected to provide full coverage and high-
quality computing services for terminal devices. However, the movement of terminal
devices and computation nodes, as well as the uncertainty of channels, make SAGIN a
time-varying network. How to effectively manage the resources of time-varying network is
a challenging issue. In addition, SAGIN has large requirement for the time complexity of
resource management algorithm. Traditional optimization method for solving the resource
optimization problem in time-varying networks often require decoupling the original
problem and repeating the solving process, leading to the interruption or failure of some
delay-sensitive tasks.

Space Edge Computing

W
/ﬁg\ Cellular Base Station M Unmanned Aerial Vehicle \ Low Earth Orbit Satellite
7\
, «Q» '.0 § . . .
Q i E. = g)) Terminal Device Edge Computing Server with Content Caching
Figure 1. Architecture of edge computing in space-air-ground integrated networking.

Facing the shortcomings and challenges of existing research work, this manuscript
considers computation offloading and resource management problem in the architecture of
space—air—ground integrated network. In order to maximize the processing capability of
SAGIN, we jointly established offloading decision, spectrum allocation, computation and
storage resource scheduling as a mixed integer nonlinear programming (MINLP) problem.
To address this issue, this manuscript proposes a computation offloading and resource
management strategy relying on deep reinforcement learning (DRL) [10,11]. DRL has the
advantage of adaptively rectification relying on the environment, while not requiring a
well-established formulation or previous information. Therefore, DRL is capable of making
decisions quickly when facing the time-varying SAGIN. The main contributions of this
manuscript can be summarized as follows.

(1) A computation offloading architecture for SAGIN has been proposed, where the
computation tasks of terminal devices can be processed locally or offloaded to ground
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edge servers, air edge servers, or space edge servers. In addition, controllers empowered
by deep reinforcement learning can make real-time computation offloading decisions and
network resource allocation.

(2) In order to maximize the processing power of SAGIN, this paper jointly optimizes
offloading decision, spectrum allocation, computation, and storage resource management
in SAGIN as a MINLP problem. To address this issue, a computation offloading and
resource allocation strategy based on deep reinforcement learning is proposed. Specifically,
the offloading decision was continuously processed in this strategy, which enhancing the
convergence of the networking.

The organization of this manuscript is summarized as following. Section 2 discusses
the research work related to computation offloading and resource management. Section 3
provides the system model and formulates the optimization problem. Sections 4 and 5
details the algorithm for solving the problem. Section 6 evaluates the performance of the
algorithm through simulation experiments. Finally, Section 7 concludes the manuscript.

2. Related Works

With the support of edge computing [12], terminal devices can provide an efficient
computation and data processing service. However, once the number of offloading requests
exceeds the threshold, the QoS of offloading will be affected. In response to this issue,
scholars both domestically and internationally have conducted extensive research on
optimizing computational offloading performance. For the sake of describing the difference
between the current edge networks and our proposed approach, the main introduction will
be provided in Table 1 and the following paragraphs.

From the perspective of this paper’s authors, for the sake of improving the quality
of computation offloading in edge computing [13], the following papers researched this
problem from an economic perspective [14]. Zeng et al. [15] proposed an architecture
cooperating with a volunteer terminal device and edge server, which was achieved by
analyzing the optimal offloading data volume of terminal devices and the serve resource
pricing of edge server through Stackelberg game theory. Differently, Zhang et al. [16]
proposed a cloud—edge-end collaborative computation offloading mechanism and resource
pricing strategy. Zhou et al. [17] proposed a novel optimization approach to solve multi-user
computation offloading and resource management in edge computing. This solution aims
to minimize energy consumption while considering latency limitations. Chen et al. [18]
utilized the Deep Deterministic Policy Gradient algorithm to address the challenge of
computation offloading and resource management. Different from optimizing a single
performance metric, Gong et al. [19] proposed a joint optimization scheme for multiple IoT
devices on account of deep reinforcement learning, aiming to minimize latency and energy
consumption. Chen et al. [20] proposed a signal-based incentive mechanism that utilizes
contract theory to address the information asymmetry issue in computation task offloading.
They also tackled the D2D pairing problem in a many-to-many scenario. Peng et al. [21]
jointly considered multi-user collaborative partial offloading, transmission scheduling,
and computation allocation. An online resource coordination and allocation scheme was
proposed to minimize latency and energy consumption. Fang et al. [22] considered a
scenario where multiple users offload tasks to the same idle user. They investigated a multi-
user computation task offloading problem, intending to maximize the overall efficiencies
for all users in edge computing by jointly optimize channel allocation, device pairing, and
offloading modes. The researches above deemed an isolated edge server as the provider of
computing service. However, once there is a massive service request, the edge server may
become overloaded, which leads to task interruption or failure.
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Table 1. Comparison between current research and our proposed approach.

Reference

Approach

Scenario

[15]

Stackelberg game theory

Vehicular edge computing

[16]

Stackelberg game theory and
genetic algorithm-based
searching algorithm

Architecture of the vehicles , the
edge servers, and the cloud

[17]

Value iteration-based
reinforcement learning

Computation offloading and
resource allocation in mobile edge
computing

(18]

Deep deterministic policy
gradient algorithm

Computation offloading and
resource allocation in mobile edge
computing

[19]

Deep reinforcement learning

Multi-access edge computing in
Industrial Internet of Things

[20]

Signal-based incentive mechanism

Device-to-device computation
offloading

[21]

Online resource coordination and
allocation scheme

Device-to-device computation
offloading

[22]

A potential game approach

Multiuser computing task
offloading problem in
device-enhanced MEC

[23]

Deep deterministic policy gradient
algorithm

Multi-access edge computing and
unmanned aerial vehicle

[24]

Soft actor critic algorithm

Drone-assisted multi-access edge
computing

[25]

Deep reinforcement learning
approach

Computation offloading and
resource allocation in aerial to
ground network

[26]

Primal decomposition approach

Air-to-ground communication and
computation scenario

[27]

Edge-embedded lightweight
algorithm

Distributed edge—cloud
collaborative framework for
UAV object detection

[28]

Q-learning based iterative algorithm

Task offloading to unmanned aerial
vehicle swarm

[29]

Cooperative resource allocation
approach

Computation-intensive Industrial
Internet of Things applications

[30]

Difference-of-convex
programming algorithm

Flexible deployment of UAVs

Our proposed

approach

Deep reinforcement learning

Collaborative computation
offloading and resource
management in space—air-ground
integrated networking

In an effort to expand the computing resources of edge networks, the authors of the
following papers used drones to assist terminal devices in computing offloading. Peng
et al. proposed a UAV-assisted edge computing networking architecture for computa-
tion offloading. This research intended to optimize computation offloading decisions and
resource allocation jointly, to maximize the number of device computing tasks by DDPG al-
gorithm [23]. Furthermore, a soft actor—critic algorithm was adopted to improve it [24]. Seid
et al. [25] proposed a UAV-assisted emergency collaborative computation offloading and re-
source management method in air-ground networking, which considered limitations while
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minimizing task latency and energy consumption sufficiently. Zhou et al. [26] investigated
a UAV-oriented computation offloading problem for the sake of completing its computation
task demands with the help of ground edge computing facilities. Yuan et al. [27] proposed a
novel UAV edge and cloud collaborative framework for the sake of object detection, which
attempts to achieve the moving targets in a timely and accurate manner. Ma et al. [28]
designed a novel task-offloading framework that vehicles’ computation jobs could execute
natively; otherwise, they were offloaded to UAVs and ECDs. Liu et al. [29] established
the processor resources and energy consumption model for the task-offloading approach.
Dinh et al. [30] proposed a communication method that utilizes the flexible deployment
of UAVs and their cooperative transmissions to improve acccessing in the networking.
Although the above manuscripts utilized adjacent vehicles, UAVs or cloud servers to reduce
the load on the edge server, the coverage of in-edge networks is still limited and may not
be able to provide a ubiquitous computation service for terminal device.

3. System Model
3.1. Architecture of Space—Air—-Ground Integrated Networking

From Figure 2, the offloading scenarios in SAGIN are composed of a cellular base
station in ground, an unmanned aerial vehicle in air, a low earth orbit satellite in space and
terminal devices of users. In SAGIN, tasks of terminal devices can be processed locally
or offloaded as a whole to the ground edge server, air edge server or space server for
execution. For the sake of achieving the separation of control platform and data platform
in this network architecture, SAGIN is divided into a ground layer, air layer and space
layer based on Software Defined Networking architecture. with each layer managed by a
controller. In addition, the delay in resource coordination between nodes in the same layer
is not considered, and resources in different layers are considered independent of each
other. TDs are able to choose different offloading computation mechanisms according to
their respective demands. To be specific, in this network architecture there is three modes
to offload scenarios by terminal devices, i.e., device-to-ground, device-to-air and device-to-
space. In addition, the communication model of above will be provided as follows.

N g B 2 %

Terminal Device

Offloading Decision

8¢ 4

Ground Edge Server  Air Edge Server Space Edge Server

Figure 2. Offloading scenarios of edge computing in space-air-ground integrated networking.

3.2. Wireless Communication Model

(1) Task offloaded mechanism to ground. In this mechanism, wy,¢ is designated as the
channel bandwidth between TD m (m € M) and ground g and p;,; represents the trans-
mission power. In addition, o is the constant addictive noise power, /i, o represents the
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channel gain and kg € {0, 1} is the interference factor. Accordingly, the data transmission
rate 7,¢ in this mechanism can be established as

"mg = Wmglogy [ 1+ — ﬁmg|hmg|2 5 |- (1)
02 + X 1Kmg Pmg|Pmg]

From the above model, assume that a,,¢ is designated as the access fee from TD m,
charged by ground edge servers. B, represents the usage cost of spectrum, paid by
ground edge servers. Thus, the communication income can be established as Rj;}¢"™" =
XmgTmg — PmgWmg. Furthermore, ayg7mg means the income of ground edge cloud from
user m, and By¢Wng is defined as the cost of ground edge cloud to pay for the usage of
bandwidth.

(2) Task offloaded mechanism to air. Similarly, the channel bandwidth is defined by
Wia and py, indicates the transmission power. To be specific, 02 is the constant addictive
noise power and h;, ; expresses the channel gain. So, the data transmission rate r, is
established as

Fa = Wialog, | 1+ Pnalfmal” 2)
2 o2 + szlkmapmﬂhma‘z ’

where k;;,, € [O, 1] means the interference between TD m and air edge server a.

Assume that &, indicates the access fee paid by TD m. The usage cost of spectrum
is defined as 4, which is paid by air edge cloud 4. The communication income can be
established as RS9 = wya¥mg — BmaWma. MoOreover, ay rm, denotes the revenue of air
edge server a from user m, and ,,w,, means the cost of air edge server a to defray for the
usage of bandwidth.

(3) Task offloaded mechanism to space. Similar to the task offloading the mechanism
to ground, the channel bandwidth is expressed by w5, and pys is the transmission power.
Moreover, 02 stands for the constant addictive noise power and h;, s denotes the channel
gain. Accordingly, the data transmission rate r,,s is established as

Pms‘hms|2
_ 1 1+ ’ ’
Tms = Wms 108 ( o2+ Z%:lkmspms ‘hms |2 X

where k;;;s € [0, 1] means the interference between TD m and space edge server s.

Let ay;s denote the access fee paid by TD m. The usage cost of spectrum is expressed as
Bms, which is paid by space edge server s. The communication revenue can be established
as R = wystms — BmsWms. To be specific, aysrms denotes the revenue of space edge
server s from user m, and Bswms indicates the cost of space edge server s to defray for the
usage of bandwidth.

3.3. Computation Model

In this scenario, TDs are expressed by M = {1,2,--- , M}. J;y = {Am, A}y, B, T},
which represented the task from TD m. Furthermore, A, and A, indicate the volume of
the task |, before and after computation. B;; denotes CPU number required by task J;;.
For task J,;, T)/** represents the maximum delay. Task J;; chooses the following different
mechanisms base on its demand.

(1) Computation model in ground edge server. The computation delay by the ground

edge server is formulated as Tj,, = g::;. To be specific, Ciyy denotes the computation

capacity of the ground edge server.
The computation rate of task m by the ground edge server is formulated as

Am _ Amcmg

8 = By /Cg B @
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The computation energy consumption is expressed as emg = @pgTye, where @pg
stands for the energy consumption per second for ground edge server.

Suppose that ¢, stands for the computation fee from user m, charged by ground
edge server. Specifically, the ground edge server pays for the computation cost to compute
the task at ground edge server indicated as ¢y,¢. The computation income model can be
deemed as R;f;," P— Pmgdmg — Pmgemg- Furthermore, ¢y oqmg represents the revenue of the
ground edge server from user m, and @ugemg is the cost of ground edge server to defray
for the usage of servers.

(2) Computation model in air edge server. In the same way, the computation delay
formulated by air edge server n for task |, is denoted as T}, = 5:; , where C,, is the
computation capacity of air edge server a.

The computation rate of task m by air edge server a is established as

T B/Coa B

Moreover, the computation energy consumption by air edge server 4 is indicated as:
ema = @maTy,, where @y, stands for the energy consumption for air edge server a.

Assume the computation cost charged by air edge server a is expressed as ¢y,,. The
computation cost ¢y, stands for computing the task at air edge server a. Eventually, the
computation income model can be formulated as Rf,f,;n P = Pmadma — Pmatma. Moreover,
Pmaqma indicates the income of air edge server a from user m, while @54 is cost of air
edge server a to disburse for the usage of servers.

(3) Computation model in space edge server. In the same way, the computation
delay executed by space edge server s for task J,, denoted as T}, = gn';’s , where Cy;s is the
computation capacity by space edge server s.

The computation rate of task m by space edge server s is formulated as

q — Am — Amcms
" B/ Cs By '

(6)

Specifically, the computation energy consumption by space edge server s is deemed as:
ema = Oms L5, where @5 is the energy consumption per second for space edge server s.

Suppose the computation fee charged by space edge server s is expressed as ¢y;s. The
computation cost ¢,;s stands for computing the task at space edge server s. Finally, the
computation income model can be formulated as R = OmsGms — Pmsems. Meanwhile,
¢msqgms indicates the income of space edge server s from user m, while @5 is cost of

space edge server s to pay for the usage of servers.

3.4. Cache Model

In this model, we consider D contents are demanded in different edge servers. The
caching strategy is decided by the parameter x’, x’ = 0 denotes the content is not cached in
the edge server, otherwise x' = 1 indicates the content is cached.

To be specific, the content widespread distribution is expressed as G = {g1,2,- - - ,¢p },
where D is the maximal type number of content. Moreover, each TD asks for the content
d with the probability g;. Eventually, G submits to the Zipf distribution [31], and can be
formulated as

1/d¢
P 1/d¢’

where the content widespread is characterized by €, whose range is set as [0.5,1.5] [32].
Then, the gain is formulated as

8d = (7)

(8)
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where T, is the download delay for cached content. In this manuscript, the price for
caching the content has already been provided in the above. The backhaul cost is indicated
as ymg, which is disbursed by ground edge server. Moreover, i, represents the storage fee
to cache the content A}, by ground edge server, which is charged by itself. In conclusion,
the caching revenue of ground edge server can be formulated as R%h“ = Pmal Al = Yma Al
Specifically, ¥mal 4, indicates the income of ground edge server from TD 1, and Yma A}, is
the cost of ground edge server to defray for the usage of backhaul bandwidth.

Let yuq stand for the backhaul cost of air edge server a. Moreover, the storage fee at
air edge server a is denoted as ¢,,;. Therefore, the caching income of air edge server a can
be computed as R%{he = Pial AL = YmaAl,. Specifically, Pl A, is the revenue of air edge
server 1 from TD m, and 7y, A}, means the cost for air edge server a to defray to the usage
of backhaul bandwidth.

In addition, the caching revenue of space edge server s can be computed as R4 =
Pl AL~ YmsAl,. Moreover, Pyl A, is the income of space edge server s from TD m,
and 7,5 A}, denotes the cost for space edge server s to disburse to the usage of backhaul
bandwidth.

3.5. Problem Formulation

(1) Wireless access constraint. The allocated bandwidth frequency should not tran-
scend the whole bandwidth of wireless link for three offloading mechnisams. To be
specific, the maximal bandwidths of each scheme are assumed to be identical. Even-

tually, constraint 1 is expressed as C1 : Z%lemgl: {xm = 1} < w‘%%"d; constraint 2
is established as C2 : Z%zlwmalf{xm = 2} < wfr . and constraint 3 is deemed as

C3: Z%lemsl-“{xm =3} <why’.
(2) Computation resource constraint. The offloaded task should not exceed the maxi-
mal computational threshold of each edge server. Therefore, the constraints are established
as follows. C4 : M CoF{xy = 1} < CH™ €5 : £M | CppoF{x = 2} < COr, C6
Z1CnsF{xm = 3} < Cyax -
(3) Energy consumption constraint. The energy consumption of the task should not sur-
pass the maximal threshold. Therefore, the constraints are deemed as C7 : Z%Zlemglf {xm =

1} < ESoi™, C8 : TM_ epyaF{xy = 2} < E%r C9: M e, sF{x, = 3} < Ejnc”.

(4) Computing offload scheme constraint. Considering that in this architecture the
task of TD will be offload to ground node, air node and space node, then the offloading
scheme is able to be established as F{x,,} € {1,2,3}, where the value represents offloading
to ground node, air node and space node, respectively.

(5) Problem formulation model. The target of this manuscript is to maximize the pro-
cessing capability of SAGIN, which equals to maximize the computing offloading revenue.
Considering offloading decision, communication, computation and spectrum resource,
the TD computing offloading problem in SAGVN can be modeled as a multi-objective
joint optimization (MINLP) problem. According to the above models and constraints, the
problem formulation of computation offloading and resource management in SAGIN is
modeled as
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max ngzlz;“:lzfﬂ(Riﬁmm + Ry, "+ Reache),
s.t.Cl: Zgzlwmglf{xm =1} < w%);‘nd;

C2: M w, F{xy =2} < Wl

C3: IM s F{xm = 3} < wrtmrs

C4: =M CougF{oxm = 1} < CHo",

C5: M | CpoF{xy =2} < CoIr . ®

C6: M | CpeF{x, =3} < CI%;

C7: XM oo Fxy = 1} < ESOU,

C8: Z%ZlemaF{xm =2} < Edir .

C9:IM e, Flx, =3} < ESIe;

C10: F{x,} € {1,2,3}.

4. Deep Reinforcement Learning Approach
4.1. Reinforcement Learning Algorithm

In the process of mutually engaging in the environment, reinforcement learning
algorithm [33] attempts to seek the best behavior through trial and error. The optimal
behavior not only pays attention to the immediate income, but also considers the income of
the next n steps. The revenue of optimal behavior can be represented as

V7 (si) =1+ Yrign + 1+ (10)

Q learning algorithm is one of the representative reinforcement learning algorithm,
which is value-based. The state behavior value, named the Q value, stands for the expecta-
tion of revenue when the action is adopted by a in the state s. To be specific, Q value is an
evaluation value of the state and action, represented by immediate benefits and discounted
benefits. It is formulated as

Q(si,a;) < ri+ vV (si41), (11)

where 7(0 < ¢ < 1) is the discount coefficient, which means the impact of future revenue
on current behavior. The aim of Q learning algorithm is to maximize system utility. Let O;

substitute for ;, and replace V™ (s;, 1) with max, Q(si41,ai11), then we can obtain
ai1€

Q(siyai) = O;+ v max Q(sit1,8i11), (12)
ai1€A

The exploration and utilization of strategy is a vital issue in reinforcement learning. To
be specific, when the system state scale is tremendous, the method chosen for how to select
the action effectively will affect the convergence speed and performance of the algorithm
directly. Based on the behavior of Q value and Index(s,a), this manuscript proposes a
comprehensive action evaluation scheme to obtain a well-performed action.

When the system is at the state s;, the algorithm will choose the action a; with the
following equation.

a; < argmax(Q(s;,a) + Index(s;,a)), (13)
acA

where Q stands for evaluating the state and action. On the basis of Q value, the behavior
index value is selected to maximize behavior benefit, which can be represented as

Index(s;,a) = g¢%min{i,vi(ﬂ)}, (14)
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Meanwhile, { is a constant that is larger than zero. T;(n) represents the selected time
of action a4; after n actions. v;(n) expresses the deviation factor that reflects the volatility,
owing to introducing the variance of behavioral utility value o2 ().

I ()
oi(n) = Ton) — O2(Ty(n))” (15)
21
i) = o2 (n) [ (’1””) (16)

On the one hand, the behavior selection mechanism based on index Index(s;, a) grad-
ually considers behavior with greater utility, reflecting the characteristics of utilization. On
the other hand, if a behavior is not selected or is selected very few times with the iteration
increases, then in the subsequent selection the behavior tends to be chosen, while reflecting
the characteristics of exploration.

After the execution behavior is determined, the relay node executes behavior a;. More-
over, the utility value O will be calculated and updated according to the following equation.

(1 —a)Qi(si,a;) + a(O; + ymaxQ;(siy1,ai1+1)), s = s; and a = a;

Qi(s;, a;), otherwise , (17)

Qa1 (si,a;) = {

where 2(0 < & < 1) isa learning factor for state behavior, and it is formualted as

a = H%,(n) The concrete excutive process of Q-learing algorithm is shown as Algorithm 1.

Algorithm 1 Q-learning Algorithm

Input: state s, action 4;
Output: Q(s, a);
Initialization:
Initialize behavior visit numbers T;(n) = 0, state behavior value Q(s;, a;) = 0, state
action query table ;
for episode; = 1,11 do
Initialize action vector a = aq,ap, - - -
As to the current state s
for episode, =1, I;, do
if episode, = 1 then
select a random action a;;
end if
if episode; > 1 then
Index(s;, a) < §\/%181”) min{},v;(n)};
According to a; <— max,[Q(s;, a) + Index(s;, a)] choose the action.
end if
Carry out action 4; in this mechanism, then obtain the reward value O; and the next
state value s;1;
Compute & < HT#,(”)
Update Q(s;, a;)
Update the state action query table;
end for
end for

In the following, we will provide the convergence analysis of this algorithm, the
optimal Q value is represented as Q*(s;, a;).

Lemma 1. For the interation of Q value with bounded revenue O, the learning factor is
(0 <a<1),and
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[ee] [ee] 2
Z KT, (n) = 00, Z KT () < 00, V5,4, (18)
i=1 i=1
Then, when T;(n) — &, Vs, a, it can be obtained that
lim Q;(s;, a;) = Q" (s;, a;) (19)
1—00

Proof. Firstly, the initial function is defined as Qq(s;, 4;), then the optimal value Q*(s;, ;)
can be updated with Equation (17) for s; € S,a; € A.

For functions Q*(s;, a;), O(s;, a;) and Qo(s;, a;), the constants ¢, 77, 9, { and y(0 < ¢y < 1)
should meet the following conditions.

e0(sj, a;) < ymaxQ*(siy1,ai41) < 710(s;,a;), (20)

Q" (si,a;) < Qo(si,a;) < Q" (s, ai), (21)

where0 < e <y <ocand 0 < ¢ < < oo, owing to the optimal value is unknown, the
values of ¢, 1, 9, { can not be obtained directly. Therefore, we will verify that for the whole
constants Ve, 17,9, , Q(s;, a;) is able to converge to the optimal solution after interations.

If0<®<({<1,thenforVi=0,1,---, the reward function Q;(s;, a;) should satisfy
the following conditions.

o1 )Q%(si,ai) < Qi(sia) < (1+ —

]

W)Q*(Sirai)r (22)

In addition, according to the mathematical induction method Equation (22) can be
verified as follows.
When i = 0, it can be obtained that

Qi(si,a;) = O(s;, a;) + ymaxQo(Sit1,ai1)
> O(sj, a;) + 9ymaxQ*(siv1,ai11)

91 91
> — .. R *(g. .
> (Ol + 70— Topmex G ns)
91 *
=1+ Um)[o(si/ a;) + ymaxQ*(sit1,ai41)]
-1
=1+ W)Q (si,a;)
Similarly, it can be inferred that
1 *
Ql(si/ a; < (1 + (19 - m)))g (Sil ai)/ (24)

Then, when i = 0, Equation (22) can be satisfied.
Assuming that wheni=1—-1,1 =1,2,- .., Equation (22) can also be satisfied. Then,
when i = [, it can be acquired that

Qi(si,a;) = O(sj, a;) + ymaxQo(sit1,ai+1)

Fl-1 \
> O(si, a;) + (1 + W)TWXQ (Si+1,4it1)

- 25
(119+ ’71)1)[0(51‘,011') Jr’YTMXQ*(siH,a,-H)] ( )

-1 N
m)Q (si,ai),

> (1+7

=(1+
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Similarly, it can be inferred that

-1 i}
Qr1(sipa) < (1+ Ois—l)l)Q (si,ai), (26)
Therefore, for Vi = 0,1, 2, - - -, Equation (22) can be satisfied.
In the following, we will prove that when 0 < ¢ <1 < ¢ < oo, the following equation
is satisfied.
-1 -1

1)Q"(si,a:) < Qi(siya;) < (1+

T

W)Q* (si, ai), (27)

Let i = 0, and we can obtained that

Qi (s, a;)

O(si, a;) + ymaxQo(sit1,i11)
O(s;, a;) + {ymaxQ*(s;y1,ai41)+

1
[1O(si, a;) — ymaxQ*(sit1, ai41)] (28)

_|_
g_l *
1+;7,1)Q (si,a;),

IN

o~

—_

=1+

Thus, when 0 < ¢ < < o0 and for Vi = 0,1,2, - - -, the reward function can satisfy
Equation (22).

Eventually, due to the conclusion above, for random constant ¢, #, ¢, {, according
to Equations (22)—(28), when i — co, Equation (19) can be proved. [

4.2. Deep Reinforcement Learning Algorithm

From Algorithm 2, the tack of deep Q-network is to exploit a feedforward neural
network to approximate the Q-value function Q(s,a;0). To be specific, the input layer
of this Q-network is the state s, as well as the output layer is action a according to state
s. The loss function measures the distance between the trained model and the actual
model. The general goal is to minimize the loss function and continuously optimize the
model. Furthermore, the parameter 6 attempts to minimize the loss function with the

following equation. X
L(®) = E[(y(s,2,5;:0) — Q(5,4:0))?] (29)

where the target function y(s, a,s’; é) =R+ Amax Q(¢',d’; é) changes when the parameter i
are updated.

Algorithm 2 Deep Q-learning Algorithm

Input: state s, action a;
Output: Q(s, a);
Initialization:
Initialize deep Q-network with weight 6;
fori < T do
if random probability P < 6 then
select an action a;;
otherwise
a; = argmax Q(s,a;0);
end if
Carry out action g; in this mechanism, then obtain the reward R; and the next state
Si+1s
Compute the target Q-value
y(s,a,5';0) = R+ Amax Q(s',a’;0);
Update deep Q-network by minimizing the loss value L(6) with (29);
end for
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5. Computation Offloading and Resource Management Approach Relying on Deep
Reinforcement Learning

In the SAGIN scenario, the access channel conditions, computation capabilities and
storage conditions are varying dynamically. It is a hassle to exploit a traditional mechanism
to find an optimal solution properly. By comparison, DRL does not need a well-established
formulation or previous information, while it can revise the strategy adaptively according
to the environment. Thus, we exploit deep Q-learning to discover the optimal action
efficiently, which is displayed in Figure 3. Furthermore, different strategies are determined
according to offload task to space, air or ground. To be specific, if the offloaded task is
cached, the caching model should be considered to economize the computation delay.
Otherwise, the offloaded task will be calculated directly.

[ Loss Function ]

0(a,s:6) max,. O(a',s';6)

rgmax, O(s,a;0)

S A
1 1
: «"vzg

\_ Main Net

(s,a) s'

| Replay Memory

Figure 3. Deep reinforcement learning for computation offloading and resource management
in SAGIN.

State Space. The state of the edge servers and the available cache d € D for TD
m € M in timeslot t is determined by the random variable a“"", a“"F and the random
variable ac"e.

Action Space. In the SAGIN architecture, the agent should determine where offloaded
task relying to the limited resource, whether or not the offloaded task has been cached in
the server.

Correspondingly, the current action a,,(f) at timeslot ¢ is formulated as

an () = {ag?"™™ (), " (1), ai (1)}, (30)
where a9 (t),ay" " (t), and a$f" (t) are established as follows.
First, we define row vector agy™" (t) = [ag1™ (t), a5/ (t), - - -, g 5" (£)], where ag?™ (t),

i€{1,2,---,N} denotes whether TD m are connected to SAGIN edge server. Moreover,
the value of a%°"™"(t) is {1,2,3}, which indicates that at timeslot f the task in TD m choose

m,i
to be offloaded to ground, air or space. Similarly, action ay, " (t) is defined as ay, ' (t) =
[ comp(t) comp(t) . comp(t)]
B \B)r o7 \B) ey N ()]

Then, row vector is defined as a$’*(t) = [afgﬁhe(t),aigfzhg(t), S ,af,?flf’]e(t)], where

acm”‘;-he (t),j €{1,2,---, N} indicates whether the content of TD m has been cached. Specif-
ically, the value of affl’?-he (t) is {0,1}, where af,f?he (t) = O represents that at timeslot ¢ the
content is not cached, otherwise af,fc.he(t) = 1 denotes cached.

Reward function. The reward of the edge server in SAGIN architecture is to jointly
maximize the revenue of communication model, computation model and caching model.
The reward function for TD m is formulated as follows.

Ry (t) = RE™™ () + Ry "P (t) 4+ R (1), (31)
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6. Simulation Result

In this section, the experiment environment of computation offloading and resource
management approach relying on deep reinforcement learning in SAGIN will be introduced.
We executed this approach Pycharm with python 3.6.13. The parameters of simulation are
provided in the first subsection and the experimental results analysis will be provided in
the second subsection. To be specific, the impact of the DNN's parameters is also discussed
in the following subsection.

6.1. Parameter Setting

Based on Ref. [12] and the common setting in wireless networking, we set up the
parameters’ values in this experiment, as seen Table 2. In the following, the parameters
of the deep neural network (DNN) will be described, which is a vital part of the Deep
Q-learning mechanism. An input layer, two hidden layers, and an output layer constitute
the network architecture of the DNN. In detail, the first hidden layer is set as 200 hidden
neurons, and the second has 120. The output layer is equal to the number of TDs. To verify
the effect of the TD number, the learning rate is 0.005 and memory size is 1024. Moreover,
the training interval is set as 10, and training batch size is 128.

Table 2. Parameter settings.

System Parameters Value Setting
The access fee charged by ground edge server a random value in [1, 2] units/bps
The access fee charged by air edge server a random value in [3, 4] units/bps
The access fee charged by space edge server a random value in [5, 7] units/bps
The usage cost of spectrum paid by ground edge server [1x 1074, 2 x 107#] units/Hz
The usage cost of spectrum paid by air edge server [3x 107%, 4 x 10~*] units/Hz
The usage cost of spectrum paid by space edge server [5x 1074, 7 x 10~#] units/Hz
The computation fee charged by ground edge server 0.2 units/]J
The computation fee charged by air edge server 0.4 units/J
The computation fee charged by space edge server 0.6 units/J
The storage fee charged by ground edge server 10 units/byte
The storage fee charged by air edge server 15 units/byte
The storage fee charged by space edge server 20 units/byte

6.2. Simulation Result Discussion

The impact on simulation result by different parameters will be analyzed in the
following experiment. Firstly, we will analyze the convergence of the proposed novel
approach in SAGIN. Figures 4 and 5 depicts the changing normalized reward value and
training loss rate by DQN with TD_number = 20. Figure 4 shows that the reward value
increases rapidly with the increasing iteration, and then converge to the optimal value.
From Figure 5, the training loss value decreases rapidly at the first 50 iteration and then
remains stable. To be concluded, the proposed mechanism can seek the appropriated
optimal solution owing on its strategy.

To verify the performance of DQN for computation offloading and resource manage-
ment in SAGIN, different TD numbers are chosen. In this simulation, TD number is set as
5,10, 20 in Figure 6, and it is obvious to obtain that the whole result curves can coverage
to the optimal value finally. To be specific, with TD number increases, the reward value
performs worse owing to the larger calculation quantity. At the case of TD_number = 20,
the reward value could achieve a stable solution after 400 iterations, while at the case of
TD_number = 5, the proposed approach is capable of achieving the optimal value at about
iteration 100. To be concluded, with the increase in TD numbers, the signaling overhead
raises apparently and the reward value of different TD numbers is affected subsequently.
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Figure 4. Convergence change of DQN for computation offloading and resource management
in SAGIN.
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Figure 5. Training loss of DQN for computation offloading and resource management in SAGIN.

As can be seen in Figure 6, the proposed DQN approach is capable of converging to
the optimum value rapidly in 100 iterations and finally obtaining the optimal reward value
with different TD numbers. As shown in Figures 7-10, the proposed DQN approach with
different parameters can achieve satisfying reward values ultimately. In the following, we
will discuss the influence on experimental result by four critical parameters in DQN, i.e.,
learning rate, training interval, batch size and memory size. Learning rate dominates the
learning process of the training model, which affects the convergence speed. Batch size has
a great influence on the convergence degree and speed. A suitable batch size can prevent
the algorithm form falling into local optimum. Similarly, training interval and memory size
are also two vital parameters in DNN.
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Figure 6. TD number impact on DQN-based mechanism in SAGIN.
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Figure 7. Learning rate impact on DQN-based mechanism in SAGIN.
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Figure 8. Training interval impact on DQN-based mechanism in SAGIN.
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Figure 9. Batch size impact on DQN-based mechanism in SAGIN.
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Figure 10. Memory size impact on DQN-based mechanism in SAGIN.

Figure 7 describes the impact on learning rate for DNN, which is set as 0.005, 0.01,
0.03, 0.05, 0.077, 0.099, 0.1. This figure demonstrates that learning rate has an impor-
tant effect on the efficiency of the proposed approach. To be specific, in the case of
Learning rate = 0.03, the reward value shown by DRL algorithm performs better than oth-
ers during the whole iteration. Learning rate = 0.077 is not capable of completing the curve
like Learning rate = 0.03, but surpasses other cases. To be specific, Learning rate = 0.1 has
the worst performance among the different cases.

Figure 8 shows the reward value changes against iterations with different training in-
tervals, while the value of training interval is determined as 5, 10, 15, 20. Obviously, we can
obtain that while the training interval is 5 and 15, the reward value generated by DRL has a
relatively better performance during the whole stage. In the case of training interval = 20,
the reward value has a poor performance at the final stage.

As displayed in Figure 9, the batch rate has an influence in the simulation result,
which is set as 32, 64, 128, 256. In detail, when batch size equals to 32, it achieves the best
performance after 400 iterations, even compared to 64, 128, and 256. The reward value of
batch size = 64 generated by DRL algorithm does not have a good performance at the first
stage. Nevertheless, its reward value broadens swiftly and achieves a best performance
when the iteration rate equals 1000. Batch size = 128 has a slightly worse performance than
the case of batch size = 64. Additionally, batch size = 256 does not performing well.

Figure 10 provides the reward value changes against iterations with different memory
size. Specifically, the memory size in the simulation experiment is set as 128, 256, 512, 1024.
It is obvious to see that when memory size is set as 128, the reward value required by DON
performs best during the whole stage. Furthermore, when memory size = 1024, the reward
value has a great distance with other three schemes.

To address the system performance issues, we provide the simulation results about
the average delay and average normalized throughput among different TD numbers
which is set as 5, 10, 20. Additionally, the numerical results of average delay time are
0.005550882577896118, 0.011090971231460571, 0.23159347009658812, as well as average
normalized throughput are 0.9762736113164308, 0.9512185884374253, 0.8488317945596101,
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respectively. From Figure 11, it can be achieved that when TD number equals to 20, the
average delay time is largest and the average normalized throughput performs the worst.
Through analysis, with the TD number increases, the whole transmission efficiency of this
network system reduces correspondingly.

12

0.8
0.6
0.4
0.2

0

TD_number=5 TD_number=10 TD_number=20

mAverage time  ® Averaged normalized throughput

Figure 11. Analysis on average delay and average normalized throughput in SAGIN.

7. Conclusions

With the support of edge computing, terminal devices can offload the computation
task to the edge server for obtaining high-quality computing services. However, the cov-
erage range of existing edge networks was limited, which made it difficult to provide
ubiquitous computing services for terminal devices. In order to further expand the cov-
erage range of edge networks and improve their computation capability, this manuscript
proposed a computation offloading and resource management architecture in SAGIN. In
this architecture, in order to maximize the processing capability of SAGIN, the joint opti-
mization problem of offloading decisions, spectrum, computation and storage resource
management in SAGIN was modeled as an MINLP problem. To address this issue, this
manuscript proposed a computational offloading and resource management mechanism
relying on deep reinforcement learning. In this mechanism, the offloading decision was
continuously processed, enhancing the convergence of the network. At the same time,
a continuous reward function was designed to avoid high rewards caused by allocating
too many resources to terminal devices. From the simulation results, the proposed DQN
approach is capable of converging to the optimum value rapidly in 100 iterations and
finally obtaining the optimal reward value with different TD numbers. Furthermore, the
simulation results analyzed the impact of our proposed mechanism on different parameters
and the proposed DQN approach with different parameters can achieve satisfying reward
values ultimately.
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