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Deep Reinforcement Learning for Mobility-Aware
Digital Twin Migrations in Edge Computing

Yuncan Zhang

Abstract—The past decade witnessed an explosive growth on the
number of IoT devices (objects/suppliers), including portable mo-
bile devices, autonomous vehicles, sensors and intelligence appli-
ances. To realize the digital representations of objects, Digital Twins
(DTs) are key enablers to provide real-time monitoring, behavior
simulations and predictive decisions for objects. On the other hand,
Mobile Edge Computing (MEC) has been envisioned as a promis-
ing paradigm to provide delay-sensitive services for mobile users
(consumers) at the network edge, e.g., real-time healthcare, AR/VR,
online gaming, smart cities, and so on. In this paper, we study a novel
DT migration problem for high quality service provisioning in an
MEC network with the mobility of both suppliers and consumers
for a finite time horizon, with the aim to minimize the sum of the
accumulative DT synchronization cost of all suppliers and the total
service cost of all consumers requesting for different DT services. To
this end, we first show that the problem is NP-hard, and formulate
an integer linear programming solution to the offline version of the
problem. We then develop a Deep Reinforcement Learning (DRL)
algorithm for the DT migration problem, by considering the system
dynamics and heterogeneity of different resource consumptions,
mobility traces of both suppliers and consumers, and workloads
of cloudlets. We finally evaluate the performance of the proposed
algorithms through experimental simulations. Simulation results
demonstrate that the proposed algorithms are promising.

Index Terms—Digital twin synchronization, mobility-aware DT
migration, cost modeling of DT migration, deep reinforcement
learning algorithm, mobile edge computing.

I. INTRODUCTION

HE past decade experienced an explosive growth on the
T number of Internet of Things (IoT) devices (objects), and
these devices are connected with the Internet to enable users
access, control, and monitor their surroundings anytime and
anywhere [21]. However, most [oT devices are constrained by
limited energy and computing resource, which means that they
cannot perform computing-intensive tasks on themselves [3].
Instead, a virtual representation of an IoT device (an object) can
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be implemented in an edge server by leveraging the Digital Twin
(DT) technology. The DT can provide real-time monitoring of
the object, store all its historical data traces, and apply Artificial
Intelligence (AI) and machine learning to simulate behaviors of
the object and provide predictive decisions, and so on.

The growth of mobile IoT applications has increased the
volume of data generated at the network edge. Mobile Edge
Computing (MEC) that brings computing and storage capabili-
ties to the edge of networks was conceived in a bid to fill the gap
between centralized clouds and mobile devices [18]. Orthogonal
to the development of DT technology, there is growing interest
in DT-assisted service provisioning in MEC networks [7], [16].
For example, Li et al. [7] studied DT placements to improve
user service satisfaction in an MEC network, by considering the
Age of Information (Aol) of DT data. Liu et al. [16] addressed
the problem of mobile users intelligently offloading their tasks
to cooperative mobile edge servers with the DT assistance.
Since each DT stores the data that were synchronized with
its object to enable real-time simulation and provide various
services, DT-assisted service provisioning in an MEC network
incurs cost, due to the consumption of computing, storage, and
communication resources.

The DT placement locations in the MEC network critically
impact the cost of DT-assisted service provisioning. In this paper,
objects (devices) that generate data and maintain their DTs in the
network are regarded as suppliers and users requesting DT ser-
vices are regarded as consumers. The DT placements of suppliers
in an MEC network is challenging. On one hand, DT placements
determine not only the synchronization cost between DTs and
their suppliers but also the service cost of consumers requesting
DT services. On the other hand, the mobility of both suppliers
and consumers makes choosing DT placement locations become
difficult. When a supplier or consumer moves out its AP cov-
erage area, the DT synchronization cost with its supplier from
the new location or the service cost of its consumers requesting
the DT service may dramatically change, as the routing path
between the DT location and its supplier/consumer location
changes. To provide delay-sensitive services in a DT-empowered
MEC network with mobile suppliers and consumers, placing
multiple DT replicas is an efficient approach, which was studied
in [33]. Another is the DT migration approach, which migrates
DTs from their current locations to the locations near to their
suppliers and/or consumers. Existing studies on DT migrations
focused mainly on reducing the service latency including the
task offloading latency, data synchronization latency, etc [2],
[17], [25].
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In this paper, we investigate cost-aware DT migrations in the
MEC network under the mobility assumption of both suppliers
and consumers. However, performing DT migrations is not easy,
it poses important challenges. First, both the DT synchronization
cost of suppliers and the service cost of consumers requesting DT
services fluctuate significantly when DTs are migrated to new
locations. Since each supplier usually has multiple consumers
requesting its DT service, the supplier and its consumers may
move to the opposite directions. Then, it is difficult to migrate
the DT of the supplier to such a location that can reduce the
total service cost. Second, as all historical update data of the
supplier is stored at its DT, when the DT is migrated from
one location to another, all historical update data of the DT
must be transmitted from its current location to the new location
too. Such a data migration overhead cannot be neglected. As
frequent DT migrations lead to the excess migration cost, it
is desirable to intelligently decide when to perform the DT
migration for each supplier. Finally, prior to a DT migration, a
new location needs to be identified to facilitate the DT migration,
and the cloudlet at the location must have sufficient computing
and storage resources to host the DT. In the worst scenario,
a potential new location might be the migration destinations
of multiple DTs, and it will not have sufficient resources to
accommodate all such DT migrations. Thus, workload balancing
among cloudlets should be taken into account when performing
DT migrations. In this paper we will address the aforementioned
challenges.

The novelty of this paper lies in the study of a novel cost-aware
DT migration problem, which jointly optimizes the accumu-
lative cost of DT synchronization and migrations, as well as
the total service cost of consumers requesting DT services over
a finite time horizon. A novel Deep Reinforcement Learning
(DRL) algorithm is devised for the DT migration problem with-
out the knowledge of future mobility profiles of suppliers and
consumers.

The main contributions of this paper are given as follows.

® We consider DT-assisted service provisioning in edge com-
puting with the mobility assumption of both suppliers
(objects) and consumers (users), where the supplier needs
to continually synchronize with its DT. We formulate a
novel DT migration problem with the aim to minimize the
total service cost that consists of the DT synchronization
cost of suppliers, DT migration cost, and service cost of
consumers requesting for DT services.

e We show that the DT migration problem is NP-hard, and
propose an Integer Linear Programming (ILP) solution for
it when the problem is small, providing that the mobility
profiles of suppliers and consumers are given.

® We develop a novel DRL algorithm for the DT migra-
tion problem, by jointly considering the system dynamics
and heterogeneity of network resource consumption, the
mobility of suppliers and consumers, and workloads of
computing and storage resources in cloudlets.

e We evaluate the performance of proposed algorithms for
the DT migration problem through simulations, using real-
world datasets. Simulation results show that the proposed
algorithms are promising.

The remainder of the paper is organized as follows. Section II
reviews related studies on the topic. Section III introduces the
system model, cost modeling, and defines the problem formally.
Section IV formulates an Integer Nonlinear Programming (INP)
to the offline version of the problem and transforms the INP
to an equivalent ILP. Section V devises a DRL algorithm for
the DT migration problem. Section VI evaluates the proposed
algorithms through simulations, and Section VII concludes the

paper.

II. RELATED WORK

Asan emerging enabling technology, digital twin has attracted
alot of attentions in both academia and industry. Existing studies
explored various services driven by DTs including inference
services, federated learning (FL) services [30], and SFC-enabled
services provisioning [6]. Particularly, intelligent services in
DT-assisted MECs has been explored recently. For example,
Li et al. [7], [13] investigated DT placements to improve user
service satisfaction, and proposed algorithms for user satisfac-
tion maximization problems under static and dynamic digital
twin placement schemes. Li et al. [8], [9] considered query
services for IoT applications built upon DT data in an MEC
network, with the aim to optimize the accumulative freshness
of query results while reducing query delays simultaneously.
They proposed an approximation algorithm for the problem by
exploring nontrivial trade-offs between the accumulative Aol
of query results and the total query delay. Li et al. [11] also
made use of continual learning to retrain service models in a
DT-empowered MEC, using the update data from DTs to ensure
that the service models maintain high fidelity on their services.
Liang et al. [15] designed efficient algorithms to maximize the
state freshness of DT's and a set of inference service models built
upon DTs, while the state freshness of a DT or a service model
is achieved through frequent synchronizations between the DT
and its physical object.

Service migrations were investigated in cloud networks [4],
[29]. For instance, Zhang et al. [29] considered a cost-
minimizing data migration problem in a cloud platform by
proposing two online algorithms with provable competitive ra-
tios, where the competitive ratio of the overall migration cost
to the total cost is determined by a control parameter. Huang et
al. [4] studied VNF service instance migrations to improve the
network throughput while minimizing the operational cost of
the network, by adopting both horizontal and vertical scaling
techniques. These mentioned migration approaches however
perform service instance migrations for all mobile devices, re-
gardless of their heterogeneous movement patterns. There were
studies on traditional service migrations in MEC networks [12],
[19], [27]. For example, Li et al. [12] studied mobility-aware
service placements to minimize the total cost of task offloading,
which consists of the computing cost, communication cost and
migration cost. Wang et al. [27] investigated dynamic service
migration based on Markov Decision Process (MDP). They ap-
proximated the underlying state space by the distances between
users and their service locations, and showed several properties
of the distance-based MDP for computing the optimal migration

Authorized licensed use limited to: CITY UNIV OF HONG KONG. Downloaded on April 22,2025 at 03:59:34 UTC from IEEE Xplore. Restrictions apply.



706 IEEE TRANSACTIONS ON SERVICES COMPUTING, VOL. 18, NO. 2, MARCH/APRIL 2025

policy. Miao et al. [19] formulated a service migration problem
to minimize the long-term system delay that consists of the queu-
ing, communication, and migration delays in small-cell MEC
networks. They devised a reinforcement learning approach for
real-time decisions on service migration for mobile users. Un-
fortunately, the aforementioned service migration approaches
are not applicable to DT service migrations, as the latter needs
to consider the mobility of both DT data suppliers and DT
consumers simultaneously.

Several efforts on DT-assisted service provisioning in MEC
networks were taken recently [2], [10], [14], [17], [25], [32],
[34], particularly in DT migration issues [2], [17], [25], [31],
[32]. For instance, Lu et al. [17] formulated an adaptive edge as-
sociation problem for placing and migrating DTs of mobile [oT
devices in edge servers to reduce the average system latency and
improve user utility. They developed a DRL algorithm for the
optimal DT placement and proposed a transfer learning method
for DT migrations to deal with user mobility. They however
did not consider the DT migration cost at all. Sun et al. [25]
considered the task offloading problem in DT-empowered edge
networks under user mobility with the aim to minimize the
average offloading latency under the budget constraint on a
long-term migration cost. Chen et al. [2] formulated a joint op-
timization problem of DT migration, communication and com-
putation resource managements, with the aim to minimize the
data synchronization latency between each user and its requested
DT. They developed an agent-contribution-enabled multi-agent
reinforcement learning algorithm for the problem. These men-
tioned works however focused on reducing the service latency
without taking into account the cost of resource consumption
of DT migration. Furthermore, these mentioned studies only
considered the mobility of consumers, and ignored the mobility
of suppliers. Zhang et al. [32] explored non-trivial trade-offs
between the DT update cost and the total service cost of users
requesting for DT service through intelligent DT placements and
migrations, where the user service cost is the weighted sum of
the end-to-end delay cost, the DT data transmission cost within
the network, and the request processing cost.

Unlike the aforementioned studies that only considered the
mobility of suppliers or consumers, in this paper we consider a
cost-aware DT migration problem with the mobility assumption
of both suppliers and consumers. We explore non-trivial trade-
offs between the cost of DT placements and migrations and
the service cost of users requesting for DT services. We aim to
develop a novel DRL algorithm for the DT migration problem. It
must be mentioned that this paper is an extension of a conference
paper [31].

III. PRELIMINARY

In this section, we first introduce the system model. We then
provide notions, notations and cost modeling. We finally present
the problem definition precisely.

A. System Model

We consider an MEC network G = (N, £), where A is the
set of APs. Each AP is co-located with a cloudlet and the
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Fig. 1. An illustrative example of an MEC network with five APs and co-
located cloudlets. There are two suppliers v; and vg, and their DT's are deployed
in cloudlets n3 and ng4 initially. There are three consumers wi, uo and us
requesting for DT services of the suppliers.

communication delay between the AP and its co-located cloudlet
is negligible. Without loss of generality, an AP and its co-located
cloudlet are used interchangeably if no confusion arises. Each
cloudletn; € A has limited computing capacity C; and storage
capacity M for hosting DTs. Let (; and »¢; denote the usage
costs per unit computing and storage resources in cloudlet
j € N, respectively. £ is a set of optical links between APs
interconnecting them together. Let £, denote the communication
cost per unit data on link e € L.

Let V and U denote the sets of suppliers and consumers,
respectively. For the sake of convenience, we use ¢, j, and k to
represent the indices of a supplier, a cloudlet, and a consumer
respectively. Each supplier v; € V' has a DT, denoted by DT;,
placed in a cloudlet, which needs to allocate the amount of ®; of
storage resource for its DT data and the amount ¢; of computing
resource for its DT data processing. Each consumer u; € U
requests the DT service from a supplier r,, € V.

Given a finite time horizon T that is divided into equal time
slots, i.e., T ={1,2,...,T}, we assume that both suppliers
and consumers are allowed to move around within the network
at different time slots. Considering the mobility of suppliers
and consumers, let g,,(t) € N denote the cloudlet at which
supplier v; € V is located at time slot ¢t € 7', and g, (¢) can be
defined similarly. Denote by U (v;,t) C U the set of consumers
requesting service of DT; of supplierv; € V attimeslott € T.
We further assume that each user u; € U only requests one DT
service at each time slot ¢, i.e., U(v;, t) N U(vy,t) = Qif i # 7',
For the sake of convenience, the notations in the system model
are summarized in Table I.

Fig. 1 is an illustrative example of DT-assisted service pro-
visioning in a MEC network, where consumer u; requests the
update data of supplier v; by querying its DT, DT7;. Consumers
uo and ug request the update data of supplier ve by querying
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TABLE I
TABLE OF NOTATIONS IN SYSTEM MODEL

Notation Descriptions
G = (N,L) | AnMEC network with a set N of APs and a set £ of links
C; and M, The computing capacity C; and storage capacity M of cloudlet n; € A/
¢j and The costs per unit computing and storage resource usages of cloudlet n; € N

& The communication cost per unit data on link e € £

V.U Set V' of suppliers and set U of consumers
DT; DT of supplier v; € V
®; and ¢; Required amounts of storage and computing resources for hosting DT} of supplier v;
gd;(t) the amount of data generated by v; € V' at time slot ¢
Ty The requested supplier of consumer u;, € U, where r,,, € V

T The monitored period that is divided into equal slots, where T = {1,2,--- ,T'}

U(vi,t) The set of consumers requesting service on DT; of supplier v; at time slot ¢
g, (1) or gy, (t) | The cloudlet at which supplier v; or consumer uy, is located at time slot ¢t € T
x; ;(t) Binary variable to indicate whether DT; of supplier v; € V is placed in cloudlet n € N at time slot
t € T or not
€; and t(()z) Constants that determine the amount of data after being processed by DTj;, where 0 < ¢; < 1 and
) >1
gy The shortest path in G between cloudlets n; and n;
G, A copy of the MEC network G (N, £) for supplier v; with edge weight w’gt) (+) defined in Eq. (4)
vOP f” ) A Steiner tree rooted at cloudlet n;(¢) in G, that hosts DT; of supplier v; and spanning the cloudlets
at which consumers in U (v;, t) are located
EM(1) DT synchronization cost of supplier v; at time slot ¢
Eu, (1) Service request cost of consumer u;, € U at time slot ¢
EM(t) Migration cost of DT} of supplier v; at time slot ¢

its DT, DT5. Initially supplier v; and consumer u; are located
at AP, and APjs, respectively, and DT is placed at cloudlet
ng. Then, supplier v; moves to AP5 and consumer 1 moves to
AP;. To reduce the service cost, DT of supplier v; is migrated
from cloudlet n3 to cloudlet ny.

B. Cost Modeling

We detail the total cost of consumers requesting information
from DTs for a given time horizon, where DTs of suppliers are
migrated between cloudlets, considering the mobility of both
consumers and suppliers. Let binary variable z; ;(t) indicate
whether DT; of supplier v; € V is placed in cloudlet n; € N at
time slott € T, ie., z; ;(¢) = 1 ornot x; ;(t) = 0.

DT synchronization cost of each supplier: Attime slott € T,
supplier v; € V generates the amount gd; (¢) of update data for
its DT} updating, and the generated data then is transmitted
from cloudlet g,, (t) at which v; is located to the cloudlet that
hosts DT; at time slot t. We assume that DT; of supplier v;
needs to store all update data generated by v; locally to ensure
its functionality. Then, the amount of cumulative update data of
DT; stored at time slot ¢ is

() =Y gdi(t) (1)

t'=1

Notice that DT; of supplier v; at each time slot is placed at one
cloudlet only, i.e.,

> wiit)=1, Vv, € V¥t e [1,T] )

For the sake of convenience, denote by cloudlet n;(¢) that hosts
DT; of supplier v; at time slot ¢ € [1,T7, i.e., 2; 1) (1) = 1.
Then, the DT synchronization cost of supplier v; at time slot ¢
is defined as

EV(t)= Y Greirmig(t)+ Y - @ilt) wiy(t)

n;eN njeN

+ ) Legdi(t), 3)

e Py, (t).mi(t)

where ngi (t),n:(t) 18 the shortest path in G between cloudlets
gv, () and n;(t) in terms of the communication cost &, of unit
data transfer along each link e € P, (1) n,(1)- It can be seen
that £Y" () consists of the computing resource cost, storage
resource cost, and communication resource cost.

Service request cost of each consumer: For each consumer
up € U at time slot £ € T, its requested information needs to
be transmitted from the DT of supplier 7,, € V to cloudlet
gu,, (t) at which wuy, is located, and such information transfer
consumes communication resource. Assuming that the amount
of data transmitted from the DT, DT;, of supplier v; € V to its
consumer at time slot ¢ is ¢; - A®;(t), where A®,;(t) is the data

generated by v; in the past tgi)

rate. ¢; and t((f)

applications with 0 < ¢; < 1 and téz) > 1.

Recall that U(v;,t) is the set of consumers requesting for
DT; service at time slot ¢t. Assuming that D7; is hosted by
cloudlet n;(t), the total service cost of all consumers in U (v;, t)
is calculated as follows.

slots and ¢; is data compression
are both constants that are determined by different
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LetG,, = (N, L;w' z(-t) (+)) be a graph derived from the MEC
network G(N, £) for supplier v;, and let ;)" f”( +) be a Steiner
tree in G, rooted at cloudlet n;(¢) hosting DT; and spanning
cloudlets at which consumers in U (v;, t) are located. The cost
w’gt)(e) of edge e € L in G,, is defined as

e € ADy(t), (€))
where £, is the communication cost per unit dataonedge e € L,
and €; - A®,(t) is the amount of resulting data of v; that needs
to be transmitted from DT to the home cloudlets of consumers
in U(v;,1).

The total service cost of all consumers in U (v;, t) requesting
for DT; service at time slot ¢ is the cost sum of edges in Steiner
tree T

vimi(t)? ie.,
Sooaam= > w). )
up €U (v;,t) ecT°Pt

vgm(t)

Due to NP-hardness of the Steiner tree problem, we instead

find an approximate Steiner tree T, ,,,; for ijjﬁh in Gy,. Itis

well known that 3,.;  w'\”(e) <2 OPT,, [26], where

OPT,, is the optimal cost of the Steiner tree Tffflj.

DT migration cost: Due to the movement of suppliers and
consumers, minimizing the service cost of all consumers re-
quires DTs to be placed nearby their consumers and suppliers.
Therefore, the optimal DT placements at different time slots
are different. For a given supplier v;, if the location of its
DT; changes attime slot ¢ € [1,T],i.e.,n;(t — 1) # n;(t), then
the accumulative historical update data ®;(¢) in DT; must be
migrated from its previous location to the current location too,
and the incurred migration cost is defined as follows.

Let Pn],’nj, be a shortest path in GG between cloudlets n; and
njr. The migration cost £ (t) of DT; of supplier v; at time
slot ¢ is

EMI) =0i(t) Y Y. > Gemij(t — D p(t),

nj€N neN\{n;} EEPnj,nj;

vt € [2,T] ©6)
Only when z; ;(t — 1) - x; y(t) = 1in (6), DT; of supplier v; €
V' can move from its location n at time slot ¢ — 1 to its current
location j' at time slot ¢. The sum £(t) of the accumulative DT
migration cost of all suppliers and the accumulative service cost
of all consumers requesting for DT services at time slot ¢ is

Et)y= D &M+ Y, EMW)+ Y Eu(t)
v, eV v; €V upelU
- emmrerrms Y ent] @
v, eV ukGU(vi,t)

The overall service cost £ of DT migrations within a given time
horizon T is 3"/, E(t).

C. Problem Definition

Given an MEC network G = (N, £) and a finite time horizon
T that is divided into 7" equal time slots, a set V' of suppliers
and a set U of consumers, each supplier has a DT placed in a
cloudlet for service provisioning, and each consumer requests
for DT service from a specific supplier at each time slot. Assume
that both suppliers and consumers are movable at different time
slots but are stationary within each time slot. The DT migration
problem is to determine whether the DT of each supplier needs
to migrate to a new location at each time slot so that the total
service cost Zthl E(t) of all consumer requests for different DT
services within the given time horizon T is minimized, subject
to computing and storage capacities on each cloudlet.

D. Np-Hardness

In the following, we show that the defined problem is NP-hard.

Theorem 1: The DT migration problem in an MEC network
G = (N, L) is NP-hard.

Proof: We prove the NP-hardness of the DT migration prob-
lem by a reduction from a well-known NP-hard problem - the
minimum-cost generalized assignment problem (GAP) as fo.

Given || bins with capacity C; on each bin j with 1 < j <
||, there are |V items to be assigned to the bins, where if item
v; is assigned to bin j, it incurs a cost cost; ; with the amount
¢; of computing resource consumed of bin j. The minimum-
cost GAP is to assign as many items as possible to bins such
that the total cost of assigned items is minimized, subject to the
computing resource capacity on each bin [23].

We consider a special case of the DT migration problem,
where both suppliers and consumers are stationary, the storage
capacity on each cloudlet is unbounded, and the monitoring
period consists of one time slot only. Under this assumption, we
consider the DT placements of suppliers without DT migrations.
We assume that each cloudlet (bin) n; has computing capacity
C;. Let U denote the set of consumers requesting services from
supplier v; € V' at the time slot. If DT; (item) of object v; is
placed in cloudlet n; € N, it consumes the amount ¢; of com-
puting resource of cloudlet j, and incurs a cost cost; j (= V" +
Zuk cU(wy) &u,,) by (3) and (5) that consists of the DT synchro-
nization cost and the total service cost of all consumers in U (v;)
requesting DT; service, respectively. We aim to find an optimal
DT placement schedule for all suppliers to minimize the total
service cost Zle E(t), subject to the computing capacity on
each cloudlet. It can be seen that this special DT migration prob-
lem is equivalent to the minimum-cost GAP. As the minimum-
cost GAP is NP-hard, the DT migration problem is NP-hard,
too. (]

IV. ILP FORMULATION

In this section, we consider the offline version of the DT mi-
gration problem, assuming that the mobility profiles of suppliers
and consumers at each time slot ¢ € T are given, for which we
formulate an INP solution for the problem. We then transform
the INP solution to an equivalent ILP solution.
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We start the INP solution for the offline version of the DT
migration problem as follows.

T
Minimize Z E(t) (8a)
t=1
subjectto  (1)—(7) (8b)
> cirwij(t) <Cj, Ynj € NVt € [1,T] (8¢c)
’UiEV
> ®i(t) @i (t) < Mj, Vg e NVEE[LT]  (8d)
v, eV
x;;(t) € {0,1}, Vv, € V,n; € N te[1,T] (8e)

(8c) and (8d) ensure that the total consumption of computing and
storage resources of any cloudlet cannot exceed its computing
and storage capacities at each time slot.

The optimization problem in (8) is nonlinear due to that (6) is
nonlinear. We now transform this INP solution into an equivalent
ILP solution through linearizing (6), by introducing a new binary
variable y; ; (1), i.e.,

yi»j]( < T ( 1)7
vt € [2,T],v; € Vinj,ny € N with j # j )

)
[
Yijg (1) < @i j(t),
[
) =
[

vVt € [2,T),v; € V,nj,ny € N withj#j  (10)
Yigg () = @it — 1) + 25 (t) — 1,
Vt e [2,T],v; € Vinj,ny € N withj # 3  (11)
(6) then is replaced by
EMI) =Du(t) Y Y D> beryagy(t) (12)

njeN n_jre./\/\{nj} eEPnj g

An equivalent ILP formulation for the offline version of the DT
migration problem is given as follows.

T
Minimize ) £(t) (13a)
t=1
s.t. (D=(5),(7), (8c), (8d), (8e), (9)-(12) (13b)
Yigg(t) € {0,1},
vVt e [2,T),v € V,n;,ny € N withj #j5  (13c)

It must be mentioned that the ILP solution (13) is an optimal
solution to the offline version of the DT migration problem, and
its value is a lower bound on the optimal solution of the DT
migration problem.

V. ONLINE ALGORITHM FOR THE DT MIGRATION PROBLEM

In this section, we deal with the DT migration problem in G
for a finite time horizon T, assuming that the mobility profiles
of both suppliers at each time slot are not known. To tackle the
problem, we first formulate the problem as a Markov Decision
Process (MDP), where there is an agent ¢ for each supplier v; €

V/, and the set of agents learns how to act (policy) in successive
decision-making through interacting with the environment. We
then develop a Deep Reinforcement Learning (DRL) algorithm
for the problem based on actor-critic networks, with the aim
to maximize the accumulative reward for the given monitoring
period. For the sake of convenience, the notations adopted in the
DRL algorithm are summarized in Table II.

A. MDP Formalization

An MDP usually is expressed by a tuple (S, A, P, R), where
S is the state set, A is the set of actions, P is the transition func-
tion, and R is the reward function. Recall that the finite time hori-
zon T consists of | T'| equal time slots. Given state s; € S at time

slott € T, an action a) € Awitha® = (a{” o, ... ‘(‘t/)p
that consists of DT migration decisions of |V| supphers in the
system, and the next state s, € S, P(s;,a) s,41) is the
probability of state transition from s; to s;; through action a®),
and R (s, al®), S¢+1) is the amount of reward obtained when
transiting states from s, to s, 1 by action a(*).

Specifically, the key components of an MDP are detailed as
follows.

State: At each time slot ¢ € [1,T], the running status of the
MEC network consists of the locations of suppliers g(t) =

(ggt), gét), ..,g‘(f,)) the volumes of update data of suppliers

D(t) = ((IDY), CIDS), . <I>‘(‘t/)‘) the DT placements of suppliers
at time slot ¢t — 1, p(¢

— 1) =@ ey YY), the
workloads of cloudlets 1(t — 1) = (1,15, 1{i V) un-
der the DT placement p(t — 1) (which will be defined later), and

= (bgt), bgt), . b‘((t])‘) where
gz@ € [1,|N]],7 € [1,]V]] is the cloudlet at which supplier v;
is located, b,(:) € [1,|NV]], k € [1,|U]] represents the cloudlet
at which consumer wy, is located, p” € [1,|NV]],i € [1,|V]] is

7

the locations of consumers b(t)

the cloudlet hosting DT; of supplier v;, and l§-t) indicates the
resource utilization metric of cloudlet j € [1, |N]]. Specifically,

l(t Y of cloudlet n; consists of two components, i.e., lg.t_l) —

(lc(t b ls(t 1)) where lcg.t_l) andlsgt_l) represent the utiliza-
tion ratlos of computing and storage resources of cloudlet n;
corresponding to the DT placements p(¢ — 1), respectively. Let
state s; € S be the system state at time slot ¢, which is defined
as follows.

St = (g(t)v (b(t)a P

Action: At each time slot ¢, each agent (supplier) decides
whether to migrate its DT. An action of an agent is a placement
choice at time slot ¢t € T', and a DT migration is activated when
its placement at time slot ¢ is different from its placement at
time slot ¢ — 1. Specifically, the action of supplier v; at time
sl(o; t is defined by a vector agt) (a Eti, agt%, cey ag\)/\ﬂ)’ where
t

(t—1),1(t—1),b(¢)) (14)

=1 indicates that DT; of supplier v; is placed in cloudlet
n], otherw1se (a b

DT;, Z‘]Ml Et]) =1 for any i € V. Then, action a(*

= 0), cloudlet n; will not be selected to host

) e Ais
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TABLE II
TABLE OF NOTATIONS IN DRL ALGORITHM

Notation Descriptions
g(t) and b(t) The location vectors of suppliers and consumers at time slot ¢

D(t) The stored data volumes of suppliers at time slot ¢
p(t) The DT placement of suppliers at time slot ¢
1(¢) The computing and storage loads of cloudlets at time slot ¢

S and s; Set of system states and the state at time slot ¢, where s, € S

Aand a® Set of actions and an action taken at time slot ¢, where a® e A

w; Cost vector of supplier v; of migrating DT; to all potential cloudlets

R (Sn agt), 8t+1)

The reward of choosing action al(-t) for agent ¢ if the state transits from s; to s¢41

R(st, a(t)7 St+1)

The reward of choosing action a® for all agents if the state transits from s; to s,

vy The reward discount factor

R The expected cumulative discounted reward for the given monitoring period

mi(ai s 50;)

The policy function of agent 7, where 0; is the DNN parameters of actor network of agent i

V7i(sy,wi)

The state-value function of agent ¢, where w; is the DNN parameter of the critic network of agent 7

defined as

a® — (agt% a?, ... a(t)) (15)

v

State Transition: Having taken action a(*), the system state
transits from the current state s; to the next state s, by the state
transition function P(s;,a®, s, 1), where P(s;,a") s, ) de-
notes the probability of reaching state s, ; at time slot ¢ + 1,
provided that the agents take action a*) in state s, at time slot ¢.
DT migrations are conducted for agents whose DT locations at
time slot ¢ are different from their DT locations at time slot¢ — 1.
Vectors p(t) and 1(¢) then are updated accordingly. As suppliers
and consumers can move around within the MEC network, both
g(t) and b(t) are updated based on their movements at time
slot ¢. ®(t) is updated by calculating the amount of data of each
supplier by (1).

Workload among cloudlets: It is noted that the workload
on each cloudlet determines whether a DT migration toward
the cloudlet is successful or not, as an overloaded cloudlet is
unable to accommodate those DTs that will migrate to it. On
the other hand, a cloudlet below the average workload can host
more migrated DTs. To reduce the service cost while ensuring
most DT migrations to be successful, workloads among differ-
ent cloudlets need to be balanced. Recall Ic} and Is’ are the
utilization ratios of computing and storage resources in cloudlet
n; € N at time slot ¢, respectively, which are defined as follows.

VI ¢
: die1 a; ;- Ci

et = == (16)
J C;
SWhat @it
Ist = 1TJJ (17)

Reward function: To maximize the accumulative reward of all
agents, a reward function R (s, alt), St41) is defined as the total
amount of rewards received by all agents after the state transition
from s; to s;41. The system then evaluates the actions of all
agents by utilizing the reward function, where the value of the
reward function is inversely proportional to the total cost of
selecting a cloudlet for its DT migration of each supplier and
the degree of workload unbalancing among cloudlets.

Foreach supplierv; € V, different migration destinations will
incur different costs. Let wft]) denote the cost of supplier v;

migrating DT} from its current location to cloudlet n; at time

slot t. The DT synchronization cost costg’;)n (vs,n;) of supplier
v; synchronizing its DT in cloudlet n; is
cost!!

Gn(ving) = G cib o, - Bi(t) + Y & gdi(t),

ecP (4
9{

(18)

where Pgm ,,. 1s the shortest routing path in the MEC network
i 0
(t)

G between cloudlets g;” and n; in terms of the communication

cost &, of each link e € £, and cloudlet ggt) is the cloudlet at
which supplier v; is located at time slot £. Recall that ¢; is the
amount of computing resource for hosting DT;; and (; is the cost
per unit of computing resource of cloudlet ;. The three items
in the right side of (18) are the costs of computing resource and
storage resource consumptions, and the transmission cost of the
DT data transfer of supplier v;, respectively. Recall that U (v;, t)
is the set of consumers requesting for D7T; services of supplier
v;. The service cost of consumers in U (v;, t) requesting services
from DT; can be calculated through finding an approximate
Steiner tree Ty, ,; in a graph G, = (N, L;w' Z(.t) (+)) rooted at
cloudlet n; and spanning the cloudlets at which consumers

in U(v;,t) are located. G,, in fact is a copy of the MEC
network G/(N/, £) for supplier v;, and the cost w’ Et) (e) of each
edge e € L is defined in (4). The service cost costgt)(vi, n;)
of all consumers in U(v;,t) requesting DT; services is the
cost sum of the edges in approximate Steiner tree T, »,, i.€.,

costgt)

(®)

mig

(visnj) = e w’gt) (e). The communication cost
cost, . (v;,n;) of migrating the DT of supplier v; from its cur-

(t—

1 . t
rent cloudlet p; ) to the next cloudlet n; is costgn)i giyng) =

D,(1) Zeeppgt—l),n,j &, where Ppgtfm,nj is a shortest routing

@)
i,
of DT} migration from its current cloudlet p{*~1) to cloudlet

Z(tj) = costgty)n (vi,nj) + costét) (vi,nj) +

(t—1

path in G’ between cloudlets p, ) and n;. The total cost w

n; at time slot ¢ is w
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costin)l o(vi;n;). The cost vector wz@ of migrating DT; to all

potential cloudlets at time slot ¢ is represented by
t t t
w® = (0 0. 00

By incorporating the workload balancing among cloudlets into

the reward function, the reward received by agent ¢ (supplier v;)
®) 5

19)

taking action a,

(1) (W(t))tr

,St+1) = —a
SN st — ko)

(e
v -

Ri(st, a,Et)

lil)

-5 — B2 (20)

where (wgt))lr is the transpose of vector wgt), B1 and [y are
the scaling coefficients between the service cost and resource
utilization ratios, respectively. The first item in the right hand
side of (20) is the service cost of various resources consumed
of supplier v;, the second and third items are the computing and
storage workload utilization ratios of cloudlets, and k1 and k9
are the workload utilization ratio thresholds, implying how much
overloads of computing resource and storage resource from their
average workload utilization ratios. The rationale behind the
settings of k1 and ks is to strive for workload balancing among
cloudlets.

Notice that the cost sum of DT updatings and migrations of
suppliers and the total service cost £(t) of consumers requesting
DT services in (7) can be rewritten as

D IEDY

)= &+ Y &)
v, €V upelU (v;,t)

v; eV v; €V

Euy (1)

[V

_ Z o . (wy:

The accumulative reward obtained by action a(*) at time slot ¢ is
the sum of the expected rewards of all agents, which is defined

as follows.
Z R St7

v, €V

2L

(22)

R(se,a® s5041) = 5t+1)

The MDP for the DT migration problem is to maximize the
expected cumulative discounted reward R for the given time
horizon T, which is defined as follows.

R = ZVt 1R (5,2

t=1

Y s1), (23)

where v € (0, 1] is the reward discount factor.

B. Actor-Critic Networks

Due to large state and action spaces and the lack of future
mobility information of suppliers and consumers, it is impossi-
ble to calculate the state transition function P(s;,a®),s,,1) in
a reasonable amount of time. We instead design an actor-critic
network based DRL algorithm to search an optimal policy for
DT migrations. Specifically, for each agent ¢ in the proposed
algorithm, there are two neural networks: an actor network and

a critic network, where the actor network explores an optimal
policy g, (a; |s¢) that provides the possibility of taking action a;
at state s; for the MDP through Deep Neural Networks (DNNs),
0; is the policy parameter of agent i. For policy 7y, (a;|s:), a
state-value function V7 (s;) is used to predict the expected total
discounted reward when agent ¢ is at state s;. On the other hand,
the critic network is used to evaluate the policy 7, (a; |s:) of the
actor network, with an approximate state value function V™ (s;).
Both the actor and critic networks for the MDP are detailed as
follows.

The critic network evaluates the state-value function under the
actor policy. For each agent ¢ at time slot ¢, its critic network takes
state s; as input, and the output is an estimate on the state-value
function V7™ (¢, w( )) where w( ) is the parameter of the critic
network of agent ¢ at time slot ¢. The critic network of agent ¢
is trained based on the Temporal Difference (TD) learning [24],

and the TD error 51@ is calculated as follows.

W) = V (s, 0,
(24)

&m = Ri(stva’gt)a se+1) + 7V (st41,

(¢ )) is the true cumulative

where R;(s¢, a;, 5t+1) + YV (St41,w;
reward and V(st|wi )) is the predlcted cumulative reward of
agent ¢ at state s;. The parameter of the critic network is trained
by

w§t+1) _

2
w4 0167V, V(s w™), (25)

where 7, is the learning rate of the critic network of agent ¢ with
1<i<|V].

The actor network of each agent aims to provide an optimal
DT placement choice at each time slot for the agent. For agent
1 at time slot ¢, the input of its actor network is the system
state s;, and its output is an action that is determined by policy
Tyt (a;|st), where Ty(o (a;|st) is the probability of taking action

agt) by agent ¢ at time slot £. The actor network of agent ¢ adopts
the gradient descent policy to update parameter 6;, by taking
steps in the direction of

VGE” J(Qz@) ~ E%(t) [ve“) log We(t) (St» )5(t)] (26)
Once the actor network of agent 7 is trained, its parameter is

updated accordingly, i.e.,

9§t+1) = gff) + nQVsz log 79?) (St, aEt))éz(t), (27)

where 7, is the learning rate of the actor network of agent ¢ with
1< < |V

The training algorithm for the actor-critic networks proceeds
as follows.

We assume that a collection of sets of historical mobility and
service request information for both suppliers and consumers is
given in advance. We train the parameters of these networks
to approximate the optimal policy of the actor network and
the state-value function of the critic network with the help of
historical information. The training process of the actor-critic
networks is illustrated in Fig. 2. Assume that s; is the current
state of the agent network actor ¢ at time slot ¢, then the output
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| TD error: 6;(8)
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P ' P l\ L/(Swhmi) £
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®
i

Ri(se, a;

i f
®)
4 Se

[ Historical traces in the DT-empowered MEC network }

Fig. 2. Training process of the actor-critic networks.

()

policy o) chooses an action a,’ of agent 7. By action, DT

m1grat10n is performed and the state of the system transits from
state s, to state s 1. The amount of reward obtained by the agent
iisthen R;(sy, a;
the action al(. ) of agent 4, the reward R; (s, alt) , S¢+1) of agent
1, and the next system state s;4; are stored in a buffer for later
replay.

We then update both parameters 6; and w; for the actor and
critic networks of agent <. Specifically, for each agent 7 (supplier
v; € V), we first calculate the TD error 51@ by (24), using
the recorded state s¢ and the next state s;y1. We then update

) , $¢+1)- Notice that the state of the system s;,

parameter w ) in (25), followed by updating parameter 9( )
(27). If both actor and critic networks of agent ¢ do not converge
after training using the selected historical data, then another set
of historical data from the collection of datasets is chosen for
their training. This procedure continues until the convergence of
both 6; and w; of agent i for all ¢ with 1 < ¢ < |V|.

The algorithm for the training of both actor and critic networks
of each agent is given in Algorithm 1.

C. DRL Algorithm

Having trained both actor and critic networks of all agents by
Algorithm 1, we now deal with the DT migration problem, by
proposing a DRL algorithm. Specifically, the algorithm starts by
initializing state s; and setting the value of the total cost 7.

For each time slot ¢ € T, an action a(® is chosen by the policy

function 7y, of each agent 7 at state s, and the value of a( J)

of each cloudlet n; € N for each supplier v; € V' in a® is

examined. That is, if a( ) = 1, then check whether n; = p(t D

and cloudlet n; has sufﬁ01ent resource for the placement of DT;.

(t=1)

Ifyes, DT} is migrated from cloudletp,” "’ to cloudlet n; at time

slot ¢; otherwise (cloudlet n; does not have sufficient resource

@)

for DT; migration) a cloudlet n;+ with the smallest w; 7 in the

vector w ) of (19) is chosen. The resource utilizations of all

involving cloudlets for DT; migration, the location p(t) of DT;
at time slot ¢, and the total migration cost of DT; is updated
accordingly.

Algorithm 1: The Training Algorithm for Actor-Critic Net-
works.

Input: An MEC network G' = (N, £), historical mobility
and service request information of suppliers and users in
the monitored area, a given discount factor ~, learning rate
71 of a critic network, and learning rate 7, of an actor
network.

Output: The trained actor and critic network parameters 6;
and w; for each supplier v; € V.

1: Initialize parameters 6; of the actor network and w; of

the critic network randomly of agent 7;

2: while 6, and w; have not converged do

3:  Select a set of historical mobility and service request

information of suppliers and consumers;

4: Initialize the DT placement for suppliers in the MEC

network and obtain the initial state;

5: fort <+ 1toT do
6: fori< 1to|V|do
7: Obtain the cost vector w; of supplier v;;
8: Obtain action a( ) at state S¢, using the output
policy of the actor network of agent ¢;
9: Calculate the reward R; of agent ¢ at time slot ¢;
10: end for
11: Obtain the next state s, based on the actions of
all agents;
12:  fori<« 1to|V|do
13: Input states s; and s;4; into the critic network,
and obtain V (s, w;) and V' (s¢41,w;) of agent i;
14: Calculate the TD error 61@ using (24);
15: Update parameter w; of the critic network of
agent 7 by (25);
16: Update parameter #; of the actor network of
agent ¢ by (27);
17: end for
18: end for

19: end while
20: returnthe trained actor and critic networks of agent ¢
with 1 <7 < |V].

The detailed DRL algorithm is given in Algorithm 2.

D. Algorithm Analysis

Theorem 2: Given an MEC network G = (N, L), a finite
time horizon T, a set V' of mobile suppliers and a set U of
mobile consumers, each supplier has a DT placed in a cloudlet
for service provisioning, and each consumer requests DT data
from a specific supplier at each time slot. There is an efficient
algorithm Algorithm 2 for the DT migration problem that takes
O(|V| - |N|?) time per time slot ¢ € T.

Proof: We first show that the solution delivered by Algo-
rithm 2 is feasible. At each time slot ¢ € T, the algorithm
chooses a DT migration destination with sufficient resource for
the DT of a supplier, the storage and computing capacities on
the DT destination cloudlet will not be violated in the solution
delivered by the algorithm.
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Algorithm 2: The DRL Algorithm for the DT Migration
Problem.

Input: An MEC network G = (N, £) with each cloudlet
n; € N having storage capacity M and computing
capacity C}, a set of suppliers V', a set of consumers U, the
trained actor-critic networks, and a finite time horizon T'.

Output: The cumulative service cost for the finite time
horizon T, and DT migration decisions at each time slot
teT.

1: Initialize DTs of suppliers in cloudlets and set state at s ;

2: &7 < 0; P < (; /* the migration cost and the migration

solution */

3:fort <« 1toT do

4: for each supplier v; € V do

5: Obtain the cost vector w; of supplier v;;

6

Obtain an action aEt) at the current state s, by the

actor policy function ; (s¢|6;);
7. for each cloudlet n; € N do

8: if aEtJ) = 1 and cloudlet n; # pgt_l) with
sufficient resource then
9: pl(-t) < ny; /* migrate DT; from pgtfl) to n; */;
10: Update resources in cloudlets n; and pgt_l);
11: 8T<—5T+wl(]t),
12: else if aftj) = landn; # pz(-t_l) and cloudlet n;
does not have adequate resource then
13: pz(»t) < n;; cloudlet n with the smallest wft]), in
vector wgt);
14: Update the resource utilization of cloudlets
pgt_l) and nj;
15: ETHET—&-wS,);
16: else if agtj) =1landn; = pz(-t_l) then
17: Update the resource utilization of cloudlet n;;
18: Er %5T+wg);
19: end if
20: end for
21: P+« PU {pl(-t) |pl(-t) =+ pgtfl)};
22:  end for
23: end for

24: return P with cost E7.

We then analyze the time complexity of Algorithm 2 as
follows. The training of actor-critic networks makes use of his-
torical data of suppliers, Algorithm 1 runs in an offline manner,
the model training time thus is not critical.

The rest is to analyze the time complexity of Algorithm 2.
Algorithm 2 utilizes the trained actor network of each agent i
to perform the DT migration decision. At each time slot¢ € T,
the algorithm takes O(|N|?) time for each supplier i to find
an approximate Steiner tree rooted at each potential location
nj € N of its DT migration destination. As the actor network
has been trained successfully, the output by the actor network
involves only matrix manipulations in the neural network, which
is tractable. Then, each supplier v; € V takes O(|N]) time to

update its DT placement and the system resource utilization,
based on the output action. The time complexity of Algorithm 2
thus is O(|V| - [IN|?) per time slot.

In practice, for a large-scale MEC network, to mitigate the
high time complexity O(|V'| - [N|?), there is a balancing be-
tween the solution accuracy and the time spent for finding the
solution, a shortest path tree instead of a Steiner tree can be
used to deliver a sub-optimal solution, and the shortest path tree
can be found by the Dijkstra algorithm with time complexity
of O(|V] - |£] - log |N|). However, almost every MEC network
G is a sparse, planar graph, implying |£| = O(|N|). Then, the
Dijkstra algorithm only takes O(|V|-|N] - log |N|) time per
time slot. |

VI. PERFORMANCE EVALUATION

In this section, we evaluated the performance of the proposed
algorithms for the DT migration problem. We also investigated
the impact of important parameters on the performance of the
proposed algorithms.

A. Experimental Settings

We considered an MEC network G' = (A, £) that consists of
30 APs evenly distributed in a 23 km x 69 km geographical area.
The topology of G is generated via NetworkX [20]. Each AP
covers a grid with 4.6 km x 11.5 km. Associated with each AP
J € N, there is a co-located cloudlet n; € A" with computing
capacity C; and storage capacity M, where the values of C;
and M are randomly drawn in the range of [30, 50] GHz and
[200, 300] GB, respectively [22]. Given each cloudlet n; € N,
the cost (; of computing resource consumption per GHz is
randomly drawn in $[0.4, 0.8] [12], and the cost »; of per unit
storage resource varies from $0.01 to $0.014, respectively. The
communication cost & per GB in each link e € £ is randomly
chosen from $0.05 to $0.12 [28]. To balance the computing and
storage workloads among cloudlets, both workload thresholds
k1 and ko are set at 0.6, and coefficients 81 and 3, are set at
10in the default setting.

We considered an application scenario, where there are 20
suppliers and 100 consumers. We evaluated the performance of
the proposed DRL algorithm, using the real-world taxi mobility
trace in Rome, Italy [1], where taxis are service suppliers. The
Rome taxi dataset contains mobility trajectories of 320 taxis over
30 days. The mobility trajectories of the chosen taxis during
the monitoring period were used as historical mobility traces of
the suppliers. The consumers are randomly deployed under the
coverage of different APs at different time slots, and their initial
locations and movement directions are randomly generated. The
amount ¢; of computing resource demanded by supplier v; € V'
varies from 3 GHz to 10 GHz respectively [12]. The amount
gd;(t) of update data generated by supplier v; € V' at time slot
t is randomly drawn in [1, 5] GB. The compression rate ¢; of
the processed update data at DT; of supplier v; is randomly
selected in the range of [0.10, 0.25]. The value tgl) of calculating
A®,(t) for supplier v; is randomly drawn in the range of [1,
5]. The vehicle location in the dataset is sampled every three
minutes for in total 100 sampling, with a time horizon consisting
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Fig. 3. Learning performance of Algorithm 1 and the DQN-based method.

of T'= 100 time slots [12]. Both suppliers and consumers are
movable within the network at different time slots, but keep
stationary at each time slot.

We evaluated the proposed DRL algorithm, Algorithm 2,
against four baselines for the DT migration problem, which are
described as follows.

e JLP: The ILP in (13) is an offline version of the problem,
assuming that the mobility profiles of each supplier and
each consumer at each time slot are given. The value of
the ILP is a lower bound on the optimal solution to the DT
migration problem.

® NoMigration: The DT location of each supplier does
not change since its initial deployment for the entire time
horizon.

® AlwaysMigration: The DT of each supplier is allowed
to migrate from its current location to another location at
different time slots.

® DQN-based method: The Deep Q Network (DQN) is a
value-based DRL method, which combines the value func-
tion approximation and experience replay techniques for
model training.

® Random: At each time slot, the algorithm chooses random
numbers of suppliers and migrates the DT locations of
chosen suppliers to new destinations that are also randomly
chosen.

The ILP in (13) is solved by IBM(R) ILOG(R) CPLEX(R)
Interactive Optimizer 12.7.1.0 [5]. The value in each figure is
the mean of the results out of 20 network instances with the
same network size. The actual running time of each algorithm is
obtained on a desktop equipped with an Intel(R) Xeon(R) Plat-
inum 8280 2.70 GHz CPU, with 10 GB RAM. These parameters
are adopted in the default setting unless otherwise specified.

B. Performance of Different Algorithms for the
DT Migration Problem

We first evaluated Algorithm 1 for the training of actor-critic
networks. Fig. 3 depicts the learning performance curves of Al-
gorithm 1 and the DQN-based method in terms of the cumulative
reward. It can be seen from Fig. 3 that the reward received
by Algorithm 1 fluctuates greatly in the early training stage.
With the advance of the training process, the camulative reward
increases, implying that the total cost of DT-assisted service
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Fig.4. Performance of Algorithm 2, the ILP, AM, NM, the DQN-based method,

and Random, by varying the number |U| of consumers.
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Fig.5. Performance of Algorithm 2, the ILP, AM, NM, the DQN-based method,
and Random, by varying the number |V| of suppliers.

provisioning decreases. Having trained around 200 episodes,
the reward value stabilizes and the actor-critic networks ulti-
mately converge. In contrast, the change of the reward by the
DQN-based method is relatively small and the network slowly
converges. This is because the DQN-based method makes its
decision based on a Q-function only, resulting in a large bias,
while the value update by Algorithm 1 is based on both the policy
and the value function. Additionally, the DQN-based method
relies on experience replays for training, which is effective only
when there is sufficient accumulated data, thus slowing down
the convergence speed. Unless otherwise specified, in the rest
of this paper, we assume that the number of training episodes is
200.

Having the actor-and-critic networks of each agent been
trained, we studied the performance of different algorithms
for the DT migration problem. We refer to Algorithm 2, the
ILP, NoMigration, AlwaysMigration, and DQN-based
method as Algorithm 2, ILP, NM, AM and DQN, respectively.

We investigated Algorithm 2 against the comparison algo-
rithms, by varying the number of consumers while fixing the
number of suppliers at 5. It can be seen from Fig. 4 that the
ILP has the least total cost while the solution by algorithm
Random has the largest cost. On the other hand, Fig. 5 plots
the performance curves of different algorithms, by varying the
number of suppliers while fixing the number of consumers at
100. With the increase on the number of suppliers, it is observed
from Fig. 5(a) that the cost of the solution by each compari-
son algorithm increases due to the fact that synchronizations
between suppliers and their DTs consume more resources. It
is noted from Fig. 5 that although the ILP delivers an optimal
solution when the problem size is small; otherwise its running
time is prohibitively large.
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C. Impact of Parameters on the Performance
of the Online Algorithm

We then studied impacts of important parameters on the
performance of Algorithm 2 including workload balancing coef-
ficients 3, and (32, network size |N |, and data compression rate
€; ateach device v; € V, by varying the value of each parameter
while fixing the number of suppliers at 20 and the number of
consumers at 100, respectively.

Workload balance coefficients: We evaluated the impact of
workload balancing coefficients 51 and S5 on the performance
of Algorithm 2, in terms of service cost and resource utilization
while fixing the network size at 10. We refer to Algorithm 2
without considering workload balancing as A1g_NLB 2. Fig. 6
illustrates the performance curves of the algorithms. It can be
seen from Fig. 6(c) and (d) that when the values of 3; and
(o are zeros (which means that Algorithm 2 does not take
into account the workload balance), the computing and storage
resource utilization ratios on cloudlets heavily fluctuate. When
the values of 5, and (32 become larger, the workload balance
impacts the agent reward in (20) significantly, and the workloads
among cloudlets are well balanced as shown in Fig. 6 and (d),
respectively. Meanwhile, with the increase on the values of /31
and f3s, itis observed from Fig. 6(a) that the costs of the solutions
by Algorithm 2 and DQN-based method increase while the costs
by the other mentioned methods do not. The rationale behind this
is that suppliers may not migrate their DTs to the new locations
with the lowest costs while Algorithm 2 does include workload
balancing among cloudlets into consideration.

Network size: We investigated the impact of network size
|N| on the performance of different algorithms. Fig. 7 plots

the performance curves of Algorithm 2 and A1g_NLB 2. It
can be observed from Fig. 7(a) that A1g_NLB 2 outperforms
Algorithm 2 when the network size is no greater than 20. This
is because when workload balancing is considered in the reward
function, a supplier is very likely not to choose the cloudlet with
the lowest cost as its DT migration destination. With the increase
on the network size, the total service costs and running times of
both comparison algorithms increase, due to longer DT data
transfer paths from supplier locations to their DT locations in a
large network. Migrating DTs between different cloudlets, and
DT data transmission between DT locations and the cloudlets
processing consumer requests consume much more network
resources. Also, alarge network usually contains more cloudlets,
and thus it takes more time to find a potential DT migration
destination for each supplier, as shown in Fig. 7(b). It can be seen
from Fig. 7(c) and (d) that the median and the 75th percentile
resource utilization of both comparison algorithms decrease with
the increase on the network size, since a large network has
more computing and storage resources for DT placements. For
a given network size, the resource utilizations of cloudlets are
within a narrower range in the solution delivered by Algorithm 2
compared to the one delivered by A1g_NLB 2. This indicates
that the solution by Algorithm 2 has a better workload balancing
among cloudlets.

Data compression rate: We considered the impact of the data
compression rate on the performance of Algorithm 2. Fig. 8 plots
the performance curves of different algorithms by varying the
data compression rate in four different ranges of [0.01,0.05],
[0.20,0.25], [0.75, 0.80], and [0.95, 1.00], respectively. It can be
seen from Fig. 8 that the solution by Algorithm 2 has the least
cost among the comparison algorithms. With the increase on the
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performance of different algorithms.

range of the data compression rate, the cost by each comparison
algorithm increases too, because a smaller data compression rate
implies that a large amount of DT data is transmitted between
DTs of suppliers and consumers, and more communication
resources are consumed.

VII. CONCLUSIONS AND FUTURE WORK

In this article, we studied the cost-aware DT migration prob-
lem for service provisioning in a DT-empowered MEC network,
with the aim to minimize the total service cost. We first showed
that the problem is NP-hard, and formulated an INP solution
and transformed the solution to an equivalent ILP solution to
the offline version of the problem, assuming that the mobility
profiles of both suppliers and consumers are given in advance.
We then developed a novel DRL algorithm for the DT migration
problem, by considering the system dynamics and heterogeneity
of resource usages, the past mobility traces of suppliers and
consumers, and changing consumer service request patterns over
time. We finally evaluated the performance of the proposed
DRL algorithm against other baselines through simulations.
Simulation results demonstrate that the proposed algorithm is
promising.

Built upon this work, we will focus on the following po-
tential topics in future. Firstly, we will explore parallelism for
the implementation of the proposed DRL algorithm in order
to reduce its running time further, considering that modern
computers consist of not only CPUs but also GPUs and other
Al model training accelerators. Secondly, in an insecure edge
computing environment, providing secure inference services
is of paramount importance, we will take data security into
consideration when dealing with DT migrations, study different
encryption approaches for to-be-migrated DT data encryption,
and analyze the encryption overhead. Finally, since most (IoT)
portable mobile devices have limited energy capacity, we will
count the energy consumption on cloudlets, APs, and mobile
devices as part of the service cost, and investigate the impact of
energy consumption on the performance of the proposed DRL
algorithm too.
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