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Abstract: With the development of satellite communication technology, satellite-terrestrial integrated networks
(STINs), which integrate satellite networks and ground networks, can realize global seamless coverage of communica-
tion services. Confronting the intricacies of network dynamics, the resource heterogeneity, and the unpredictability
of user mobility, dynamic resource allocation within networks faces formidable challenges. Digital twin (DT), as a
new technique, can reflect a physical network to a virtual network to monitor, analyze, and optimize the physical
networks. Nevertheless, in the process of constructing a DT model, the deployment location and resource allocation
of DTs may adversely affect its performance. Therefore, we propose a STIN model, which alleviates the problem of
insufficient single-layer deployment flexibility of the traditional edge network by deploying DTs in multi-layer nodes
in a STIN. To address the challenge of deploying DTs in the network, we propose a multi-layer DT deployment
problem in the STIN to reduce system delay. Then we adopt a multi-agent reinforcement learning (MARL) scheme
to explore the optimal strategy of the DT multi-layer deployment problem. The implemented scheme demonstrates
a notable reduction in system delay, as evidenced by simulation outcomes.
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1 Introduction mote areas, where aircraft and oceangoing ships can-

not be covered by ground networks, satellites can
With the development of networks, satellite-

terrestrial integrated networks (STINs) are a new

provide network services. Systems specializing in
commercial mobile satellite communication, exem-

network type that can make full use of ground net-  plified by Iridium and dedicated maritime satellites,

works and satellite networks to meet user service
requirements (Kato et al., 2019; Zhang ZJ et al.,
2019). According to the network environment and
service requirements, STINs provide global seamless
coverage and diversified mobile access services for
various types of mobile terminals, breaking through
geographical and environmental limitations. In re-
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offer proficient solutions tailored to maritime op-
erations, emergency response, and personal mobile
communication needs. The emergence of substantial
commercial low-orbit satellite constellations, notably
OneWeb, StarLink, and Space Norway, underscores
the pivotal role that low-orbit satellites are poised
to play as a robust augmentation to the anticipated
sixth-generation (6G) ground networks of the future
(Liu JJ et al., 2018b; Zhang ZQ et al., 2019; Tang
QQ et al., 2021).

Satellite  networks transmit data and
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information through satellite signals and possess the
capability to encompass diverse geographical terri-
tories extensively, including remote areas and places
such as oceans that cannot be covered. Terrestrial
networks provide more stable and high-speed com-
munication services in cities and densely populated
areas, and are also used for data transmission and
connectivity with satellite networks. Therefore,
academia and industry are promoting the combina-
tion of the two, which can achieve communication
coverage and connectivity on a global scale, meeting
the communication requirements of different regions
(Zhu et al., 2019; Fu et al., 2020; Wang GC et al.,
2020). For different application scenarios, STINs
need to meet the differentiated requirements of
large-scale connection of users. However, the
existing independent control of multi-dimensional
satellite ground resources prevents many physical
resources in heterogeneous nodes from being ef-
fectively used, which affects the system ability to
provide reliable services for users (Wang P et al.,
2020; Guo HZ et al., 2022; Zhang JX et al., 2023). A
pressing need arises for a revolutionary technology
that can significantly bolster network flexibility,
streamline decision-making processes, and elevate
the proficiency of data management practices. The
emerging digital twin (DT) intelligent technology
can monitor, control, and optimize the physical
entities, and is expected to solve the above problems
well (Bellavista et al., 2021; Wu et al., 2021).

DT technology can create accurate virtual twin
copies of physical objects through digital technology,
and the created DT can communicate with the ob-
ject in the real world in real time, and dynamically
reflect its state and change. On one hand, DT tech-
nology enables the physical system to be monitored
and managed in real time, including the monitoring
of system status, fault detection, and early warning.
On the other hand, DT technology can help predict
the behavior and performance of real systems and op-
timize them accordingly. By simulating and analyz-
ing the DT data, problems in the actual system can
be found and solved, and the efficiency and the sys-
tem performance can be improved (Barricelli et al.,
2019; Tao et al., 2019). Some works have proposed
using DTs to solve the problems existing in STINs.
Zhao et al. (2022) proposed using DTs to assist in
solving the problem of possible loops in the satel-
lite handover process. Zhou et al. (2023) established

a DT copy for the satellite network to alleviate the
challenges of overly complex satellite network design,
simulation, deployment, and maintenance. Yin et al.
(2023) ensured the security of wireless communica-
tion between the satellite and ground through DT-
assisted multi-dimensional domain cooperative pre-
coding. Fan et al. (2023) proposed a novel approach
using dynamically adapted micro-cloud architecture,
grounded in DTs and multi-agent system technol-
ogy, which was introduced to tackle the challenge
of optimizing satellite liaison window task schedul-
ing priorities. Jiang et al. (2023) established a han-
dover prediction and congestion prediction model for
inter-satellite link in the DT network to ensure the
quality of satellite communication services. Ji et al.
(2023) established a DT-driven satellite-terrestrial
integrated edge computing network to optimize re-
source allocation.

The premise of the above research is that DTs
have been properly deployed in the server; however,
the deployment of DTs in the network affects their
performance, and building DT models for users re-
quires significant data communication capacity and
computing capacity to process data, so DT deploy-
ment is a basic problem that needs further study.
As stated in Tang FX et al. (2022), when consid-
ering DT deployment solutions, we should consider
the unique requirements of each application, which
vary significantly. These requirements encompass
latency sensitivity, the desired level of service expe-
rience quality, the specific allocation of computing
resources, and the system reliability. On one hand,
the dynamic state in the network may affect DT per-
formance and the quality of services. On the other
hand, the computing resources required to maintain
DTs in the server and ensure low-latency data inter-
action between physical entities and DTs need to be
considered, which makes the DT deployment prob-
lem different from traditional placement problems
(Cao et al., 2018; Liu JJ et al., 2018a). There are
studies proposing DT deployment in the edge net-
work to form digital twin edge networks (DITENSs).
Lu et al. (2021b) formulated the DT placement chal-
lenge as an edge association task and proposed a
scheme based on federated learning to reduce com-
munication and computing latency. Sun et al. (2020)
proposed the use of DTs in the entire mobile edge
computing (MEC) network to provide an offload-
ing scheme in DITENs to minimize system latency.
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However, with the further development and appli-
cation of DT technology, there are higher require-
ments for the deployment of DT models, such as
providing remote DT services for users at sea; in this
challenging situation, considering the cost and user
service experience, it is not feasible to use only a
traditional ground network to transmit and process
data. Introducing DT technology into STINs has be-
come a promising solution to achieve global coverage,
improve network reliability, and ensure user service
quality. Therefore, it is necessary to further study
the application of DTs in STINs, and how to en-
sure the interaction between physical space and DT
space in the highly dynamic and complex heteroge-
neous network environment. To our knowledge, no
work has investigated DT deployment in DT-assisted
STINS.

We first describe DT technology in STINs and
propose a DT STIN model. By placing DTs in dif-
ferent nodes in the network, we propose a DT multi-
layer deployment problem. Finally, we propose a
solution to this problem using the multi-agent rein-
forcement learning (MARL) algorithm. The primary
contributions of this research are outlined as follows:

1. We propose a DT architecture for a STIN.
DTs can capture real-time user status and monitor
and optimize users. We propose deploying DTs in
multi-layer nodes in the network, which alleviates
the problem of insufficient flexibility in single-layer
deployment of traditional DITENs.

2. To address the challenges of deploying DTs
in the network, we innovatively formulate the DT
multi-layer deployment problem in a STIN to reduce
system delay, ensure the interaction between users
and DTs, and improve the user experience of DT
services.

3. We propose an algorithm based on MARL
that formulaically solves the proposed DT deploy-
ment problem by considering the DT deployment
strategy and system delay. Ultimately, the simula-
tion results substantiate the efficacy of the proposed
algorithm.

2 Related works

DTs can virtually model physical entities, and
deploying DTs in the network can then monitor,
analyze, predict, and optimize the network. Dong
et al. (2019) proposed the use of DTs to optimize

user association, resource allocation, and offloading
probability in MEC to reduce system energy con-
sumption. Zhang K et al. (2022) integrated artificial
intelligence and DT technology principles into the
architecture of an edge computing network, show-
casing an innovative approach that combines these
advanced technologies for enhanced performance and
functionality, and focused on matching the poten-
tial edge services. Liu T et al. (2022) introduced
a strategy where mobile users can intelligently del-
egate computational tasks to servers, facilitated by
the utilization of DTs. Guo Q et al. (2023) devised
a novel unmanned aerial vehicle-augmented mobile
network infrastructure, tailored to ensure seamless
and efficient communication services for all mobile
users operating within congested, high-density traf-
fic environments, and introduced an online training
based DT authorization mechanism for dynamic re-
source allocation. For the relevant satellite network
schemes, to realize an intelligent sky and ground in-
tegrated vehicle network, Hui et al. (2023) designed
an architecture that supports DT technology. Mao
et al. (2024) used DT technology to create a vir-
tual network for a physical satellite network, opti-
mize network performance, and solve the limitation
of low reliability of traditional satellite simulation
platforms. Duong et al. (2023) supported the opti-
mal multi-beam design of a 6G satellite—ground in-
tegrated network according to the requirements of
critical tasks and combined it with the DT technol-
ogy. Guo Q et al. (2024) presented the challenges of
meeting the requirements of DTs in the 6G network,
and analyzed the technologies of implementing DT
systems.

For the problem of deploying DTs in a network
to improve the performance of a physical system, Lu
et al. (2021a) proposed a wireless DITEN to effec-
tively build and maintain DTs in a wireless DT net-
work, and the DT placement problem was proposed
for dynamic network status and changing network
topology. Zhang H et al. (2023) designed a dynamic
edge network DT model that captures the dynamic
and service requirements of a real-time edge network
and realizes the efficient deployment of DT servers.
Chukhno et al. (2022) considered the deployment de-
tails of the edge network and device types and their
social characteristics, and solved the dynamic layout
problem of DTs with social ability at the edge. To
enhance the property of the DT model, Zhang YD
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et al. (2024) proposed a DT architecture with wire-
less computing capability, and the placement and
migration problems of DTs were solved by consider-
ing synchronization delay and DT error. Vaezi et al.
(2023) considered the placement of DTs to meet the
requirements to provide response delay minimization
to all users.

The above studies provide reference solutions
for the placement and deployment of DTs. Distinct
from the aforementioned research efforts, this study
considers how to deploy DTs in a STIN. To optimize
the utilization of available resources in the STIN, we
consider a multi-layer deployment method. Our goal
is to minimize the delay between users and DTs.

3 System model

We introduce the architecture of the DT-
empowered STIN model, and then study the com-
munication and computing models in the system to
formulate the DT multi-layer deployment problem.

N
=T

B- -

Physical space
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3.1 Architecture of the DT-empowered STIN
system

We propose an architecture that introduces DT
technology in a STIN, as shown in Fig. 1. The ar-
chitecture includes two spaces: a physical space and
a DT space. With the help of DT nodes, terminal
devices along with satellites and cloud servers com-
prise the diverse entities of the physical layer, which
can be systematically mapped and modeled to gener-
ate DT models. This process enables the creation of
DT models that accurately mirror the composition
and operations of these physical devices. Satellites
can provide seamless coverage of network services
for the terminal devices, and cloud servers have rela-
tively sufficient computing resources. DT nodes are
selected from nodes with computing power for de-
ploying DT models.

In the STIN, the association between termi-
nal devices and DT nodes can be established to
meet the needs of communication and computing
resources. DTs realize accurate mapping of physi-
cal entities through data transmission, DT modeling,
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and feedback optimization. Through DTs, the his-
torical state information and real-time operation sta-
tus of the terminal devices can be collected to mon-
itor, predict, and analyze these devices. Each DT
model in the DT layer can map the real-time op-
eration status of the terminal devices. In addition,
we assume that the DT corresponding to the termi-
nal devices is deployed on the resource-rich compute
nodes. In this architecture, we select an optimized
compute node as the deployment location of the DT
model for different terminal devices to build the DT
model. Let Z = {1,2,...,I} and J = {1,2,...,J}
represent the terminal devices that are needed to
build a DT and the nodes with computing resources
respectively, and there is some overlap between Z
and J. This is because some terminal devices need
the DT services and have free computing resources
to provide for other terminal devices to maximize the
utilization of computing resources.

The DT multi-layer deployment problem is es-
tablished according to the DT model construction
method in this study. DT deployment is the first
step in constructing a DT, and includes finding the
best location for deploying the DT model for each
terminal device from multi-layer compute nodes, to
ensure low-latency interaction between physical en-
tities and the DT model.

3.2 Communication and computing model

Fig. 2 shows the complete procedure of deploy-
ing the DT of user ¢ in different nodes. In our system,
DT can be deployed locally, by other terminal de-
vices, or by satellite transmitting to the cloud server
(CS). The delay in deploying a DT includes mainly
three issues: transmission delay, computation delay,
and feedback delay. The data of user ¢ are transferred
to the corresponding compute node responsible for
deploying the DT, and then the compute node uses
the computing power to efficiently process and in-
terpret the acquired data, subsequently constructing
a personalized DT model specifically for user i, as
shown in Fig. 2. Ultimately, the feedback results are
transmitted back to the user; the feedback results
meet the service requirements of the user or have
certain optimization effects. The specific communi-
cation and computing models are as follows:

1. Deployment in local nodes. If the local termi-
nal has certain computing resources, the DT can be
deployed on the local terminal without communica-
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Fig. 2 Process of constructing a digital twin model

tion delay. The delay calculation is
pD;

fi”
where D; is the data size of the DT of user ¢ and f; is

the computing resource of user ¢. p is the computing
resource required for processing each bit of data.

L; = (1)

2. Deployment in the end-side. DT can be de-
ployed on other terminal devices with rich computing
resources. Communication between terminal devices
is via Bluetooth or Wi-Fi.
tween the terminal and the end-side includes uplink
communication for transmitting data to the DT node
and downlink communication for transmitting feed-
back results from the end-side node back to the user.
The size of the feedback results returned to the user
is much smaller than that of the DT data that the
user needs to transmit, so only the uplink commu-
nication delay is considered in the communication
model (Yao et al., 2023). Wireless communication is
adopted between the user and the end-side devices,
and the achievable data rate is

The communication be-

PG

where P; represents the transmission power, Gj;
represents the channel power gain between user ¢
and the compute node j, W is the channel band-
width, Ny is the noise power spectral density, and
the transmission delay from user ¢ to the end-side
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device j is

reom = i 3)
Tij

The total computing resources of end-side de-
vice j are expressed as F;. Computing resources
can be allocated from end-side devices with suffi-
cient computing resources to multiple users to main-
tain their DT deployed on end-side device j. Define
fi; as the computing resources allocated by terminal
device j to user i. The delay required for user i to

process the DT data can then be expressed as

m ,uDl
Lo = 1 4
T =t )
U]
where Z Aij.fij < F;, )\ij =1if fij > 0, and )\ij =0
i=1
otherwise. Based on the preceding formula, the delay
for deploying the DT at the end-side is
D; uD;

L” B Tij * fij (5)

3. Deployment in the cloud. DTs can be de-
ployed on the CS. When users cannot connect to
the CS through the ground network, DT data can be
transmitted to the CS through the STIN by the back-
haul link. In our system model, user ¢ can connect
to the satellite directly through wireless communica-
tion, and then the satellite will return to the ground
gateway station, which is connected to the CS. DT
data processing and modeling are performed in the
CS. The computing resources in the CS are sufficient,
but there is a large communication delay.

For wireless communications between users and
satellites, the channel capacity of the connection be-
tween them is limited by the distance between them,
transmission power, signal-to-noise ratio, and other
parameters. The transmission bandwidth for wire-
less data transmission from user i to the covered
satellite is equally distributed among all users, ex-
pressed as W;,. Our framework employs a quasi-
static approach, where the channel conditions and
network topology are assumed to be stable within a
given time slot, facilitating the analysis and modeling
process (Li et al., 2023), G5 represents the channel
gain, P;s represents the transmission power, and the
achievable data rate from user 7 to the satellites is
PisGis )
WisNo )

Tis = Wl-slogz <1 + (6)

After the satellite receives the user data, it
transmits the data to the CS through the ground
gateway station. Similar to Eq. (6), the achievable
data rate from the satellite to the ground gateway
station is

(7)

PSC sSC
rse = Waclogy (1 + G ) ,

WscNO

where Wy represents the bandwidth assigned to the
satellite by the ground gateway station, Ps. is the
transmission power of the satellite, and Gy is the
channel gain between them.
The transmission delay for transferring D; is
D; D, n dis -ic-dsc7

Lgm— 4 =

Tis Tsc

(8)

where c is the speed of light, and d;s and dg. are the
distance between user ¢ and the satellite and the dis-
tance between the satellite and the CS, respectively.
The calculation delay in the CS is expressed as

pD;
fic ’
where f;. is the computing resource allocated by the

CS to user 7.
The total delay for user 7 is expressed as

cmp
Lic -

(9)

Lic = LE™ 4 [S™P,

C

(10)

The main notations used in this paper are sum-
marized in Table 1.

4 Problem formulation

We formulate the DT multi-layer deployment
problem by considering the different characteristics
of compute nodes located at different layers. DT
deployment needs to consider the delay caused by
data transmission and the establishment of DT mod-
els. In our system model, the dynamic network state
changes are considered, and the optimal DT deploy-
ment location is selected for each user to maximize
the system performance.

The constraints of the optimization problem are
described below. We use G(U, N, M, C) to represent
our DT STIN, where i/ is the set of users who need to
build the DT, A is the set of nodes with computing
power, M is the set of nodes deploying the DT, and
C is the set of communication links in the network.
Capacity N; of the DT node indicates the maximum
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Table 1 Summary of main notations

Notation Description
A Set of users
J Set of compute nodes
L; Latency of user ¢ deployed in local nodes
m Computing resource for processing 1-bit data
D; Data size of user 7
fi Computing resource of user ¢
Tij Achievable data rate from user i to
node j
w Bandwidth of the transmission channel
P; Transmission power of user @
Gij Channel power gain between user ¢ and
node j
L%’m Communication latency from user ¢
to node j
Lf;.np Computation latency of tasks for user 4
in node j
Tis Achievable data rate between user ¢ and
the satellite
Wi Transmission bandwidth between user
and the satellite
Py Transmission power of user i to the satellite
Gis Channel power gain between user 7 and
the satellite
Tsc Achievable data rate between the satellite
and the cloud
Wse Transmission bandwidth between the satellite
and the cloud
Psc Transmission power of the satellite
to the cloud
Gse Channel power gain between the satellite
and the cloud
Lic Communication latency between user ¢
and the cloud
St MARL state at time slot ¢
At MARL action at time slot t
Rt MARL reward at time slot ¢

number of DTs that the node can maintain. We use
the matrix

Al Az 0 Ay
A2t Aoz o Aoy

A= (11)
Arn Az o0 Arg

to represent the correspondence between the user
and the deployed DT, where \;; = 1 if the DT of
user ¢ is deployed on node j, and \;; = 0 otherwise.
The total system delay is an indicator to measure the
DT deployment policy and represents the operating
performance of the system. The total deployment
delay is

Lam= Y AijLij. (12)
€L, jET

In the above formula, the system delay is de-

termined by the DT deployment strategy and the
deployment delay between users and DT nodes, and
the deployment delay is affected by compute nodes
located at different layers. The goal of the DT multi-
layer deployment problem is to find the right deploy-
ment location to minimize system latency, and de-
ployment at different layers directly affects system
latency performance. Therefore, the optimization
problem is expressed as follows:

min  Lgym (13a)
s.t. )\ij S {0, 1}, (13b)

d N =1VieT, (13c)

jeJ

> N SN Ve, (13d)

i€

0> Njfi < fP™Vje J. (13e)

i€l

Constraint (13b) indicates that variable A;; has
only two states, 0 and 1, which represent undeployed
and deployed, respectively. Constraint (13c) indi-
cates that user’s DT can be deployed in only one DT
compute node. Constraint (13d) indicates that the
number of DTs deployed in compute nodes cannot
exceed the capacity. Constraint (13e) means that
the computing capacity allocated to each compute
node cannot exceed its maximum computing capac-
ity. To obtain a satisfactory deployment strategy,
it is necessary to search it in a space consisting of
J! possible deployment decisions. Traditional op-
timization methods, such as game theory and con-
vex optimization, have difficulty in guaranteeing the
long-term performance of the resulting decisions,
have high complexity, and are not suitable for the
network with rapidly changing environments consid-
ered in this study. To address Problem (13a), it is
essential to find the optimal decision in each time
slot. The model-free reinforcement learning method
adopted in this study is a very promising approach
for learning the optimal strategy through direct in-
teraction with dynamic and decentralized environ-
ments when dealing with tasks with unknown envi-
ronments. Specifically, through an algorithm based
on MARL, for Constraint (13c), each agent will se-
lect only the action space where the only one action
is 1. For Constraint (13d), when the number of DTs
deployed in compute node j reaches the maximum,
the agent will not choose to continue to deploy on
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this node. For Constraint (13e), computing resources
in a compute node are evenly distributed among all
agents.

5 MARL-based algorithm for the
multi-layer deployment problem in the
STIN

We propose an MARL-based algorithm to solve
the proposed DT multi-layer deployment problem.
The MARL framework will be introduced in the
STIN considered in this study to maximize system
performance. We treat Problem (13a) as a dis-
tributed MARL task and set each user as one agent.
This is explained in detail below.

5.1 Problem transformation

Reinforcement learning does not require
datasets, but rather learns through interaction with
It follows a trial-and-error ap-
proach, optimizing its decision-making strategies by
constantly exploring the environment and learning
from experience. In this kind of communication net-

work, with the increase of user number, the applica-

the environment.

tion of traditional single-agent reinforcement learn-
ing methodologies in complex and ever-evolving en-
vironments poses a significant challenge, as it may
cause the agent to unduly focus its attention solely
on the immediate behavior of its competitors, while
ignoring other potential behavior patterns or strate-
gies. The MARL algorithm in this paper can help the
agent consider the existence and behavior of other
agents in the learning process, make more intelligent
decisions, and achieve better system performance.
Problem (13a) can be reframed as a decentral-
ized partially observable Markov decision process
(Dec-POMDP) model specifically tailored for DT
users, each corresponding to an agent, each of which
can observe only a local space at each time slot (Guo
ZY et al., 2022). Each agent independently selects
actions based on the observed local spatial states to
maximize system rewards. This problem can be for-
mulated as (S,{O;},c7,{Ai},cz, R, ), where S is
the system state, O; is the state space observed lo-
cally by agent i, A; is the action space of agent 1,
R is the reward function, and + is the discount fac-
tor. Each agent first performs an action a! € A;
based on the locally observed state of € O;, and

then the joint action can be obtained, expressed as

at € A= Ay x Ay x---x Aj. Following the execution
of a collective action at time slot ¢, the environment
computes a global reward r* = R(s',a') and pro-
ceeds to update the system state to st!. In the
subsequent sections, we introduce the constructs of
the system state space S, the individual agent’s ob-
servation spaces {O; }iez, the action spaces {A; }iez
each tailored to a user, and the reward function R
that evaluates the effectiveness of actions.

1. System state. In our proposed scheme, the
system state includes the physical state of all users
©', the network resource state 8%, and deployment
policy decisions A!. The physical status of user i
includes the distance, the data to be transferred of
user ¢, and the data transmission rate. We represent
the system state as

St={yt, Bt, A} (14)

2. Action space. Agents are users in our sys-
tem. Each agent selects its action, including the DT
deployment policy. The deployment policy of user
1 is {)\ila)\i27-'-7)\ij}7 where /\ij = 1 if the DT of
end user 7 is deployed to compute node j; otherwise,
Aij = 0. The action space across all agents can be
collectively represented as

At = {ai|aij = )\ij,Vi eI Vje j}, (15)

where a;; is the deployment decision made by the
agents.

3. Reward function. In this MARL, all agents
share the reward. When a joint action is taken, the
environment returns a reward. The primary objec-
tive for each agent is to expedite the deployment of
its DT by minimizing associated delays. The overall
reward function encompasses two key components:
a delay-based reward function Ry, and a deployment
cost function Rc. Here, we elaborate that the delay-
based reward function is

RL - _Lsum~ (16>

The cost incentive function for deploying DT
services is

Rc = ¢m, (17)

where ¢ is defined as the unit expense coefficient for
deploying the DT services, and m is the number of
DTs. The total reward function is

R! = aRy, — BRc, (18)
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where a and g are the balancing coefficients for re-
ward and cost functions, respectively. We introduce
the concept of applying MARL as a means to op-
timize the search for the most effective DT deploy-
ment strategy, where all agents collaborate to make
deployment decisions. The goal is to maximize the
global system reward, which is described as follows:

T
R = Z’ytilRty
t=1

where v € (0, 1] signifies the reward discount factor,
and each agent ¢ acts according to the local observa-

(19)

tion state and its local strategy in the partially ob-

servable environment. We use m = {my,mo,...,m;}
to represent the joint strategy of the agents. The
joint action function is

Q7 (s',a") = E[R" | s",d], (20)

where E[] signifies the expected value operation,
whereas the joint action function, denoted as
Q™ (st,a'), quantifies the anticipated global reward
when commencing from st, a is followed by the strat-
egy 7, and the optimal union is 7* when Q7 (s?, a’)
is the largest.

5.2 MARL for DT deployment

The agent in a traditional centralized reinforce-
ment learning algorithm updates its policy indepen-
dently as learning progresses, which makes the con-
vergence of the algorithm difficult to achieve (Guo
ZY et al., 2022).
MARL-based approach to solve our DT deployment
problem.

This algorithm adopts a centralized training de-

Therefore, we propose using an

centralized execution approach, which can use sys-
tem’s global environment information to train agents
centrally, and each agent chooses to deploy actions in
a decentralized manner according to the local obser-
vation environment (Tan et al., 2022). However, the
local observed state (0;, a;) cannot describe the en-
vironment state, and historical observations can be
stored to help the function ). The historical observa-
tion results of the agent joint actions are expressed as
= (et
are represented as a

7t}. The joint actions of all agents
b= {at,ab,---,at}. Hence,
the primary objective of this algorithmic approach
is to acquire the cumulative action-value function
Qsum (7%, a') that integrates global information dur-

ing the centralized training phase, enabling a com-
prehensive evaluation of joint actions. By combining
action-value functions, distributed agents can choose
actions that are closer to the global optimal solution.
The architecture of the presented algorithm, as de-
picted in Fig. 3, comprises the agent network module
and the integrated hybrid network module.

1. Agent Q-network. Each agent incorporates a
gate recurrent unit (GRU) alongside fully connected
(FC) layers. The agent processes its local observa-
tion of and the previous action aﬁfl as inputs, sub-
sequently generating the local action-value function
Qi(},al) as its output. In the Q-network of each
agent, hf ! plays a crucial role. As the input of the
GRU, hf_l not only contains the internal state infor-
mation of agent ¢ at time step t—1, but also integrates
all the historical observation and action information
from the initial time step to t — 1. This ability allows
the agent to learn and make decisions effectively in a
partially observable environment, even when the ob-
served value o} of the current time step may not be
sufficient to fully reveal the state of the environment.

Q. (T, &)

Argmax

Sum Q-network

Q(r;, aj) Q(rt a)

B R

- s e —

e _n h h!
—> GRU —> . —3 GRU —»
Decentralized
T execution T
FC FC
Agent 1 Agent i

‘\
UDD (Ol at‘\) %}' (Ot a{ 1)

b
53 \

Digital twin environment

Fig. 3 The MARL method for the DT deployment
structure (MARL: multi-agent reinforcement learn-
ing; DT: digital twin; GRU: gate recurrent unit; FC:
fully connected)
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In a partially observable network, historical observa-
tions can be stored in a network, which contributes to
agent’s ability to learn over longer timescales (Greff
et al., 2017).

2. Mixing network. The MARL algorithm
based on value decomposition dissects the cumula-
tive action-value function Qot(7%,a?) into individ-
ual local action-value functions Q;(7},al) to guide
the strategy of each agent separately (Sunehag et al.,
2018). The joint action-value function is defined as
follows:

QtotT a ZQ T awef (21)
i€l
where 6! is the Q-network parameter. The con-

straints between Q.4 and any single action-value
function @; need to be satisfied as follows:

aC?tot .
>0, Viel. 22
aq, > Vi€ (22)
We express the target Q-value as ), , thus

Quot(Th,a") =~ ZQ (rf,at;6).  The time dif-

ference target 1s represented by yot = 1 +
ymaxy Qo (7',a’;07), where 6~ is the target net-

work parameter. The overall loss function is

X
Z Yiot — Qiot(T",a ))27 (23)

where X denotes the quantity of small batch train-
ing data that are randomly drawn from the replay
buffer, and z signifies the specific instance within
this collection, representing the 2" sampled batch.
The pseudo-code for the MARL-based DT deploy-
ment algorithm is shown in Algorithm 1.

5.3 Computational complexity analysis

The computational complexity (CC) of the pro-
posed DT deployment algorithm is analyzed. First,
the initialized network parameters are inputted into
the agent network to generate the initial network
environment, which requires O(1).
hybrid training process can be implemented in the
main server with sufficient computing power. Thus,
we consider mainly the CC of the algorithmic dis-
tributed process. For the multi-agent distributed
execution process, each action and local observation
are evaluated by the neural network to generate the

The centralized

Algorithm 1 MARL-based DT deployment

algorithm
Input: The user set Z and the compute node set J
Output: The DT server deployment strategy

1: for all agents i € Z do

2: Initialize the network parameters and replay buffer D;

3: end for

4: for episode e =1 to E do

5:  Initialize the system state S*

6: for time step t do

7 for all agents i € Z do

8: Determine actions ai = max,Q(o}f, a; ;) based
on the observation o?

9: end for

10: Execute joint action a! = (athag,...,ag) and re-

ceive joint reward r! and new observations o!t1

11: for all agents i € Z do

12: Store transition (of,af,r?, ot+1) in D;

13: end for

14: for all agents i € Z do

15: Update 0; using gradient descent based on tran-
sitions sampled from D;

16: Update ;" towards 0;

17: end for

18: end for

19: return the optimized DT server deployment strategy
based on the learned policies
20: end for

corresponding local action-value function ). We em-
ploy Ny, Ns, N3, and Ny to respectively represent
the number of neurons of neural layers 1-4 in the
neural network, and the number of hidden neural
layers is represented by H. Hence, the CC for each
agent is O(N1 N2 + (H — 1) NaN3 + N3Ny). For each
neuron, an activation function needs to be applied
before the output. Therefore, the total computa-
tional cost of the activation function can be approx-
imated as O(N2H), because each neuron must per-
form an activation function calculation. By sum-
ming up the computational cost of matrix multi-
plication and the computational cost of the activa-
tion function, the total CC of the neural network is
O(N1N2 + (H — 1)N2N3 + N3N, + NQH) Based on
the aforementioned analysis, the CC of our algorithm
can be approximated as O(N2(Ny + HN3) + N3Ny).

6 Simulation results

This section provides several numerical simula-
tions to verify the performance of the MARL-based
DT deployment algorithm. We compare this algo-
rithm to the following three benchmarks:

1. Independent Q-learning (IQL) scheme. In
the IQL algorithm, each agent trains and makes



256 Tao et al. / Front Inform Technol Electron Eng 2025 26(2):246-259

decisions based on local observations (Tang M and
Wong, 2022).

2. QMIX scheme. In the QMIX algorithm,
the individual action-value functions are summed to
derive the combined joint action-value function by
using hypernetwork weighted summation (Tan et al.,
2022).

3. Random (RD) scheme. In this algorithm,
each user randomly selects the deployment node.

6.1 Simulation settings

We consider simulating a network scenario with
20 users, 3 end-side devices, and 1 satellite that can
provide backhaul links for transmitting user data to
a ground cloud server. Users and terminal devices
are randomly distributed in the 500 m x 500 m area.
In our simulation, user status and network channel
status change over time. The maximum transmission
power of the user devices is 200 mW, the number of
training rounds in our method is 1000, and the dis-
count factor « is set to 0.9. We set the weights of the
reward function o and 8 to 0.7 and 0.3 respectively,
and the weights of the reward function will affect the
decision of the agent. This study focuses on reduc-
ing the system delay. A comprehensive listing of the
simulation parameters can be found in Table 2 for
detailed reference.

6.2 Results and analysis

Fig. 4 shows the convergence curves of the three
algorithms as the number of training rounds in-
creases. The proposed algorithm obtains the high-
est reward value, followed by the IQL and QMIX
algorithms. The complexity of the IQL and QMIX
algorithms is approximately equal to that of the algo-
rithm in this study. Most operations involve matrix
multiplication and addition, and the specific algo-

Table 2 Simulation parameters

Parameter Value
Number of users 20
Number of end-side devices 3
Data size of user ¢ (D;) [0.5, 2] Mb
Workload of one-bit data p [50, 150] cycles/bit
Computing capacity f; [0.5, 20] GHz
Noise power function Ny —174 dBm/Hz
Number of training iterations 1000
Discount factor vy 0.9
Learning rate 0.0001
Batch size 64

rithm complexity is related to the structure of the
neural network in the agent network (Tan et al.,
2022; Tang M and Wong, 2022). The reason is that
agents in the IQL scheme explore and learn inde-
pendently in a shared environment, and as a result,
agents lack the ability to discern whether alterations
in the system environment stem from their individ-
ual actions or are a consequence of the behaviors
executed by other agents within the system. This
strategy of multiple agents learning independently
in a non-stationary environment will lead to a de-
cline in decision-making quality. Therefore, the ef-
ficiency of this algorithm is inferior to that of the
proposed algorithm. The hybrid network can learn
the weight of the local action-value function from
the global action-value function. In our system, the
Q-value weights of each agent are similar; therefore,
the QMIX algorithm is not suitable for our system
and the reward value is the lowest.

—— Proposed scheme
1QL scheme
— QMIX scheme

100+

Average reward

0 200 400 600 800
Epoch index

1000

Fig. 4 Average reward

Fig. 5 shows that when different schemes are
adopted, the average system delay changes with in-
creasing number of training rounds. Fig. 5 shows
that the average system delay is the lowest when the
proposed scheme is adopted. The system delay is
about 2.75 s when the IQL scheme is adopted, and
about 2.8 s when the QMIX scheme is adopted, both
higher than that of the proposed scheme. In the
RD scheme, each user randomly selects the location
of DT deployment, and the system delay generates
certain jitter because of the random selection. Com-
pared with the three benchmarks, our method can
select the optimal deployment strategy based on the
multi-agent network framework we trained, accord-
ing to different users and network states.
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Fig. 5 Number of epoch rounds vs average system
latency for different algorithms

Fig. 6 shows the comparative average system
delays across four distinct schemes, each assessed
under varying user counts. In this simulation, we
specially configure user number from 18 to 24, the
step size is 2, and the other parameters are based
on the default configuration mentioned above. With
the increasing user number, the average system de-
lay increases in all schemes. This is because more
users will make more service requests, thus occupy-
ing more resources and reducing the average quality
of services for users. With different numbers of users,
the proposed scheme always achieves the lowest av-
erage system delay compared with the other three
benchmarks.

mmm Proposed scheme
QL scheme

m== QMIX scheme

== RD scheme

(6]

Average system latency (s)

18 20 22 24
Number of users

Fig. 6 Number of users vs average system latency for
different algorithms

In Fig. 7, we compare the average system de-
lay of different schemes with different parameters.
We gradually increase the user data size from 0.5
to 2.0 Mb. As the size of user data increases, the

—e— Proposed scheme
IQL scheme
71 —= QMIX scheme

—+— RD scheme

Average system latency (s)

1 T T
0.5 1.0 1.5 2.0

Data size (Mb)

Fig. 7 Data size vs average system latency for differ-
ent algorithms

average system latency increases for all schemes.
The reason is that larger user data leads to the in-
creased time required to transmit and process data.
With different user data sizes, the proposed scheme
achieves the best effect. The scheme we adopted has
good robustness, and can adapt to different network
environments to give the optimal strategy.

7 Conclusions

We propose a new DT network model based on
a STIN. We first propose a DT-driven STIN sys-
tem model, including users, compute nodes, satel-
lites, and cloud servers. Then we propose the multi-
layer deployment of DTs, aiming to reduce system
latency, meet user service requirements, and allevi-
ate the lack of flexibility of a traditional DITEN.
In the case of dynamic network changes, we use an
MARL algorithm to solve the proposed multi-layer
deployment problem. Through comprehensive sim-
ulation encompassing diverse network conditions, it
has been validated that the proposed approach sig-
nificantly reduces system latency.
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