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Abstract—Mobile-edge computing (MEC) is a promising
approach to support high-quality time-sensitive applications.
With the increasing number of mobile devices, achieving efficient
service migration management has become nontrivial in MEC.
In addition, the service migration issue is difficult to be solved
in real time due to user mobility and dynamic network condi-
tions. In this article, we investigate the mobility-aware service
migration problem in MEC by introducing a data-driven frame-
work. First, service migration is formulated as an optimization
problem for minimizing the long-term system delay that con-
sists of computing, communication, and migration delays. Second,
we propose a Mobility-aware Service Migration scheme, named
MSM, consisting of three layers: 1) the data collection layer;
2) the association patterns analysis layer; and 3) the service
migration layer. Specifically, we first collect users’ historical Wi-
Fi traces to mine the association patterns. We then design a user
management mechanism to reduce the complexity of decision
making by using user association patterns. Finally, we formu-
late the service migration as a 2-D-Markov decision process and
devise a deep reinforcement learning (DRL)-based algorithm to
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obtain service migration decisions in a large-scale MEC scenario.
Extensive data-driven experiments are conducted to demonstrate
the efficacy of MSM in reducing the system delay.

Index Terms—Data-driven, mobile-edge computing (MEC),
reinforcement learning, service migration, user mobility.

I. INTRODUCTION

W ITH the rapid development of network technology
(e.g., 5G/Wi-Fi6), mobile-edge computing (MEC) has

become a promising approach to meet the requirements of
emerging delay-sensitive applications [2], such as autonomous
driving [3], [4], [5] and intelligent video acceleration [6], [7].
By sinking the computing resources to network edges [8],
MEC can provide a low-latency and satisfactory service expe-
rience due to the shortened network distance from the nearest
edge node. However, service migration issue has become a
serious challenge in large-scale MEC scenarios. Fig. 1 shows
a user moves from area A to area B at time slot t. If we still
place the user’s service in the MEC node near area A, the
user’s perceived latency will be greatly deteriorated due to the
increased network distance. Therefore, to maintain the user’s
seamless experience, we need to make decisions on whether,
when, and where to migrate the user’s services.

In the large-scale MEC scenario, how to design the service
migration policy becomes a serious challenge when con-
sidering the service migration problem for multiple users.
There are two solutions to address the challenge. The first
is designing a service migration policy for each user. When
the system arranges service placement for a user, the load
task of the associated edge server will increase, and the
computing-perceived delay of other users associated with
the same edge server will also increase. In addition, when
the user moves to a new location, the associated access point
(AP) and the communication delay between the user and
the original edge server will change. The second solution
is designing a centralized service migration policy for all
users. In this case, network operators need to collect service
request information from all users and make service migra-
tion decisions for users at the same time. The multiuser service
migration problem is a high-dimensional integer nonlinear pro-
gramming problem, which is difficult to solve as the number
of users increases. Furthermore, the optimal service migration
policy decision depends on multidimensional factors, e.g., user
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Fig. 1. Users service migration in large-scale MEC scenarios.

mobility, communication channel condition, network load, and
available resources on MEC nodes.

Previous works mainly aimed to optimize the service migra-
tion by requesting the knowledge of future information [9],
[10], [11], [12], [13] or utilizing some methods without
any prior knowledge [14], [15], [16]. For schemes which
require the prior knowledge of future information, some
predictions are generally conducted or assumed that the future
information follows a certain mathematical distribution model.
For schemes without any prior knowledge, the Lyapunov
method has been widely used to decompose the long-term
optimization problem into a series of real-time problems. In
addition, a large-scale edge cache deployment scheme has
been proposed by characterizing the user mobility patterns
from a Wi-Fi data set [1], [17]. To mining the user mobility
patterns, we further investigate the user mobility characteris-
tics to guide service migration scheme deployment from the
collected Wi-Fi traces.

In this article, we devise a data-driven Mobility-aware
Service Migration (MSM) scheme to reduce service delay in
small-cell MEC scenarios by mining the user mobility pat-
terns. We consider the long-term system delay, which consists
of computing delay, communication delay, and migration delay
of all users. Specially, MSM is designed with three steps
to optimize the service migration (i.e., whether, when, and
where to migrate the services) in small-cell MEC scenarios.
First, to capture the user association patterns, we collect large-
scale association records from a campus Wi-Fi system. The
data collection lasts for over three months and the size of
the data set is over 8 GB.1 Second, we mine the user asso-
ciation patterns combined with various metrics to discover
user behaviors, such as high dynamics of associations, users’
preferences over APs, and association periodicity. Third, we
design a user management mechanism and a deep reinforce-
ment learning (DRL)-based algorithm to learn the optimal
service migration policy. Specifically, to decrease the com-
plexity of multiuser service migration and reduce the number
of service migrations, we propose a user management mech-
anism consisting of user classification and user grouping.
Then, to deal with the unavailability of future information
and the high-dimensional action space, we formulate the

1The data set is available at https://github.com/Intelligent-WiFi/DataSet.

service migration as a 2-D-Markov decision process (MDP)
and design a DRL-based algorithm to explore the dynamic
MEC environment by using the historical experience.

In summary, the major contributions of this work are as
follows.

1) To minimize the system delay, we model the multiuser
service migration as a long-term optimization problem in
large-scale MEC scenarios, which considers computing
delay, communication delay, and migration delay of all
users.

2) We propose an MSM scheme to guide service migration
design in large-scale MEC scenarios, which manages
users efficiently and utilizes a DRL-based algorithm to
explore the optimal service migration policy from users’
historical experience.

3) We evaluate the performance of MSM with extensive
simulations by using the real Wi-Fi traces. Extensive
experiments demonstrate the efficacy of MSM on the
system delay, which achieves at least 14.6% improve-
ment over other benchmarks.

The remainder of this article is organized as follows. In
Section II, we review related works. In Section III, we present
the system model and service migration problem formula-
tion. In Section IV, the user association patterns are analyzed
from the collected data. In Section V, we introduce user-
management mechanism by using the association patterns. In
Section VI, we present a DRL-based service migration algo-
rithm. Performance evaluation is carried out in Section VII,
and this article is concluded in Section VIII.

II. RELATED WORK

Service placement schemes have been investigated in
cloud/edge computing [18], [19], [20], [21], [22], which aimed
to reduce service response time, improve resource utilization,
balance network loads, etc. Compared with cloud computing,
the dynamic service migration across edges should consider
user mobility in MEC scenarios. Therefore, the currently
proposed service placement methods in cloud computing
cannot work well in MEC scenarios.

Prior Knowledge-Based Service Migration: A vital chal-
lenge of service migration in MEC systems is the limited
knowledge of user mobility. To tackle this issue, some
researchers were devoted to predicting future information, such
as the cost [9], the distribution of requests [11], the user-
centric locations [10], and so on. Another approach to address
the unknown future information is making strong assump-
tions about user mobility or request distribution and other
information. Ksentini et al. [12] and Wang et al. [13], [23]
modeled the user mobility as 1-D or 2-D random walk,
which facilitates the computing of the user’s destination loca-
tion transferring probability. Ouyang et al. [24] made some
assumptions on user request distribution and proposed an
adaptive user-managed service placement mechanism.

Service Migration Schemes Without Prior Knowledge: Some
service migration schemes [25], [26], [27] were designed to
work without the request of user mobility knowledge. In addi-
tion, Ouyang et al. [14], Ning et al. [15], and Sun et al. [16]
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proposed schemes to optimize the dynamic service migration
problem by using Lyapunov technology. Then, the solutions
to optimize service placement are derived in an online sce-
nario. Gao et al. [28] aimed to jointly optimize the access
network selection and service placement for MEC. Instead
of Lyapunov, they designed an efficient online framework
to decompose the long-term optimization problem into a
series of one-shot problems. Then, an iteration-based algo-
rithm was proposed to derive a computation efficient solution.
Badri et al. [25] proposed a multistage stochastic model to
maximize the total QoS of the system in MEC systems.
Xu et al. [27] proposed a path-selection algorithm to select the
best set of available transferring paths, which can guide ser-
vice migration in 5G MEC scenarios. Ma et al. [26] proposed
a framework that enables efficient live migration of offloading
services in MEC scenarios, which provides seamless service
with the moving users from the nearest edge node.

RL in MEC Scenarios: DRL methods are widely used in
MEC scheme design, such as task offloading [29], [30], [31],
[32], [33], [34], [35], resource allocation [29], [36], [37], [38],
and edge caching [39], [40], [41], [42], [43], [44]. Particularly,
Liu and Cao [31] proposed a DRL-based algorithm to learn
the server migration policy based on the observed performance
of past server selections, which is combined with a long short-
term memory (LSTM)-based neural network. Yuan et al. [34]
proposed a multiagent DRL (MADRL) algorithm for vehicu-
lar edge computing to maximize the composite system utility
in a distributed way. Huang et al. [32] proposed an RL-based
online offloading framework for wireless powered MEC to
learn the binary offloading decisions from the experience.
Qiu et al. [33] designed a DRL-based online computation
offloading approach for blockchain-empowered MEC in which
both mining tasks and data processing tasks are considered.
Liu et al. [45] proposed a vehicle-assisted offloading scheme
for vehicle edge computing network. Qiao et al. [43] designed
a DRL-based cooperative edge caching scheme for vehicular
edge computing. Wang et al. [40] proposed an MADRL-based
intelligent video edge caching framework. Wang et al. [23] for-
mulated the service migration problem as MDP and proposed a
new algorithm to find the optimal policy for service migration
in MEC scenarios.

III. SYSTEM MODEL AND MSM DESIGN

In this section, we first introduce the considered MEC
system model and the service migration issue. We then formu-
late the issue as a long-term optimization problem and propose
MSM scheme to solve it.

A. System Model

In Fig. 2, we consider an edge computing system consist-
ing of N APs and E edge nodes. APs can communicate and
transmit data with edge nodes over the network. There are
many users in the system, and each user walks and changes
positions frequently according to his or her own behavior pat-
tern. The operation mode of the system is the discrete time
gap mode, and the large time interval is divided into sev-
eral same-size short time slots t ∈ T = {1, 2, 3, . . . , T}.

Fig. 2. System model.

TABLE I
LIST OF MAIN NOTATIONS

In each short time slot, we suppose that the user locations
and the network scenario will not change. Thus, the AP set,
edge node set, and user set in time slot t in the system
are denoted by N = {1, 2, . . . , N}, E = {1, 2, . . . , E}, and
U(t) = {1, 2, . . . , |U(t)|}, respectively. There is also a network
operator in the system, and at the beginning of each time slot,
the user connects to the AP and uploads the service request
to the network operator. The network operator collects all the
users’ requests and selects the optimal edge nodes for them
to perform the computing tasks. Table I lists the parameters
commonly used in this article.

1) Service Migration Model: Let xj
i(t) and ye

i (t) denote the
dynamic AP association and service placement binary
indicators of user i at time slot t, respectively. If user
i ∈ U(t) associates with AP j ∈ N at time slot t, then
xj

i(t) = 1; otherwise, xj
i(t) = 0. When the tasks of user i

are executed on the edge node e ∈ E , then ye
i (t) = 1; oth-

erwise, ye
i (t) = 0. Therefore, we define two vectors, i.e.,
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X(t) and Y(t), in which X(t) = [x1
1(t), . . . , x|N ||U(t)|(t)] and

Y(t) = [y1
1(t), . . . , y|E ||U(t)|(t)]. In addition, each user can

only associate with one AP in the same time. Moreover,
we assume that a user’s tasks can be executed on only
one edge node in the same time slot. Therefore, we can
see that the constraints is

N∑

j=1

xj
i(t) = 1 ∀i, t (1a)

E∑

e=1

ye
i (t) = 1 ∀i, t. (1b)

When the service of user i is migrated at time slot t, we
can see that

∑E
e=1 ye

i (t)y
e
i (t − 1) = 0, where t > 1.

2) QoS Model: In large-scale MEC scenarios, we consider
the QoS model in this article is jointly affected by three
major factors, i.e., computing delay, communication
delay, and migration delay.

1) Computing Delay: At each time slot t, the user service
can be offloaded to any edge node. We take Re to represent
the total computation capacity (i.e., CPU cycles per second) of
edge node e. Users served by the same edge node will share
the computation resource of the edge. Therefore, for user i, its
obtained computation resource is

R̂i(t) =
|E |∑

e=1

Reye
i

ne(t)
(2)

where ne(t) = ∑|U(t)|
i=1 ye

i (t) is the number of users served by
edge node e. The computing delay of user i at time slot t is
calculated as follows:

Ci(yi(t)) = λi(t)

R̂i(t)
(3)

where λi(t) denotes the resource demands (i.e., the total CPU
cycles) of user i at time slot t.

Thus, the overall system computing delay is calculated as
follows:

C(Y(t)) =
|U(t)|∑

i=1

Ci(yi(t)). (4)

2) Communication Delay: It is considered as the transfer-
ring delay. Without loss of generality, if the service is executed
on the edge server which is attached to the local base station,
there is no transferring delay. Otherwise, we need to consider
the AP-to-edge delay, which mainly depends on the network
distance of transferring path. Let lej denote the unit delay of
data transfer from AP j to edge e.

Given the AP association xj
i(t), service placement ye

i (t) and
the number of service requests Gi(t), we can calculate the
communication delay for user i as follows:

Di(yi(t)) =
N∑

j=1

E∑

e=1

Gi(t)l
e
j (t)x

j
i(t)y

e
i (t). (5)

Similarly, given users’ AP association vector X(t), service
migration vector Y(t), and the service request arrival rate of

users, we can calculate the overall communication delay for
all services at time slot t as follows:

D(Y(t)) =
|U(t)|∑

i=1

N∑

j=1

E∑

e=1

Gi(t)x
j
i(t)y

e
i (t)l

e
j (t). (6)

3) Migration Delay: As we know, frequent service migra-
tions will increase the additional migration delay significantly,
i.e., the delay of transferring service profiles across edges.
mke

i (t) is the delay of migrating user i’s service from source
edge k to destination edge e at time slot t. Therefore, the
migration delay of user i can be calculated as follows:

Mi(yi(t)) =
E∑

k=1

E∑

e=1

f ke
i (t)mke

i (t). (7)

Moreover, the total migration delay can be computed as
follows:

M(Y(t)) =
|U(t)|∑

i=1

E∑

k=1

E∑

e=1

f ke
i (t)mke

i (t) (8)

where f ke
i (t) is a binary indicator representing whether user i

migrates service from edge k to e at time slot t.

B. Problem Formulation

Given users’ AP associations vector X(t), our goal is to
find the optimal service migration policy Y(t) to minimize
the average user-perceived delay in the long term, which con-
sists of average queuing delay, average communication delay,
and average migration delay. Therefore, we can formulate the
service migration optimization problem (SMOP) as follows:

min
Y(t)

lim
T→∞

1

T

T∑

t=1

{C(Y(t))+ D(Y(t))+M(Y(t))} |X(t)

s.t. (1b). (9)

The SMOP problem is a sequential decision problem that
requires long-term optimization and is time coupled. In this
case, the current service migration policy will affect the
system performance in future time slots. For example, the
service migration decision in the current time slot affects
the performance of the system in the next time slot, so it
cannot be directly split into individual time slot problems.
Therefore, to optimize long-term service migration policy of
SMOP, we require complete future system information (e.g.,
users request distribution or users’ mobility). However, the
users’ future information is difficult to predict accurately in
real time. Moreover, when considering the service migration in
a large-scale MEC system, SMOP is a high-dimensional non-
linear integer programming problem, which is hard to solve
in real time.

C. Architecture of MSM

To address the above challenges, we design a data-driven
mobility-aware service migration (MSM) scheme to explore
the optimal service migration policy in a large-scale MEC
system. In Fig. 3, the workflow of MSM scheme consists of
three parts: 1) the collection of user association records; 2) the
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Fig. 3. Design of MSM.

(a) (b) (c ) (d)

Fig. 4. Number of associated users in different time periods. (a) Whole Wi-Fi system. (b) Randomly selected AP. (c) Whole Wi-Fi system. (d) Randomly
selected AP.

analysis of user association patterns; and 3) the design of
user management mechanism and DRL-based service migra-
tion algorithm. In historical Wi-Fi traces, we have collected
a large-scale user association traces from a campus Wi-Fi
system, which consists of APs’s location, association dura-
tion, traffic, users’ ID, and connection detail information. In
association pattern analysis, we characterize the user activities
based on historical user Wi-Fi traces. In user management,
we utilize the user classification and user grouping methods
to reduce the complexity of service migration decision making.
Finally, we utilize the DRL algorithm to explore the optimal
service migration policy for the user groups from historical
experience, which can further reduce the system delay.

IV. EMPIRICAL STUDY ON USER MOBILITY

In this section, we mine the user mobility patterns
to guide service migration scheme design by using the
collected campus Wi-Fi system data set [17] and data-driven
approaches [46]. The used campus Wi-Fi system has about
8000 APs and provides Internet access for 40 000 users. The
data set includes total 41 119 940 association records, in which
the field consists of asso_id, user_name, client_mac, ap_id,
bytes, RSSI, conn_time, and disconn_time.

A. Association Periodicity

We first explore the relationship between the number of
associated users and time. In Fig. 4(a) and (b), we plot the

number of associated users of all APs and a randomly chosen
AP, from 29 April to 3 June, respectively. We can see that
the number of associated users varies periodically in different
weeks. The system is busier in weekday than in weekends. In
Fig. 4(c) and (d), we also plot the number of associated users
in terms of hour, from 20 May to 27 May. It is observed that
the number of associated users varies periodically by day. On
each day, the number is low and stable in the night, and keeps
rising between 7:00 A.M. to 16:00 P.M. Starting from 16:00
P.M., the data shows a downward trend all the way.

B. High Dynamics of Associations

1) Frequent Transitions: To understand the user activities
in detail, we further study the distributions of user daily associ-
ations and durations from the whole. Fig. 5(a) and (b) show the
CDFs of the number of daily average associations and associa-
tion durations, respectively. Note that only when a user moves
from an AP and associates to another AP, the number of its
associations increases. From above figures, we can get obser-
vations as follows: 1) users usually associate to many APs each
day as shown in Fig. 5(a), where the mean value (CDF = 0.5)
of the number of user daily average associations is 34 in the
red curve. Moreover, the users whose daily average associa-
tions exceed 98 are not more than 10% and 2) in Fig. 5(b),
the duration of associations shows a bipolar distribution. From
the red curve, we can observe that median association dura-
tion is 7 from 11 April to 11 June, where not less than 10%
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(a) (b)

Fig. 5. CDFs of user associations. (a) �. associations. (b) Duration (minutes).

associations last for more than 63.55 min. In summary, the
short association duration and frequent AP switching domi-
nate the network association behavior of mobile users, i.e.,
the network association of users is highly dynamic.

2) Uncertainty of Transitions: To observe the transition
between days, we compute the Jaccard similarity more clearly.
Particularly, let Ai(t) represent the AP set that user i associates
to during day t. Therefore, the Jaccard similarity of set Ai(t)
and Ai(t + 1) can be computed as

J(Ai(t), Ai(t + 1)) = Ai(t) ∩ Ai(t + 1)

Ai(t) ∪ Ai(t + 1)
. (10)

Fig. 7 shows the box plots of daily Jaccard similarity of
user association set. For a special user, its Jaccard similarity
at day t is computed by comparing the associated AP sets in
two adjacent days t and t − 1. It is clearly observed that the
75th percent Jaccard similarity is below 0.5 and the median
value of Jaccard similarity is about 0.3. This indicates that the
user association sets vary differently each day.

Similarly, Fig. 8 shows the box plots of daily Jaccard sim-
ilarity of user sets associated to each AP. It is observed that
the median value is below 0.1, which means that the user
sets are significantly different every day. From Figs. 7 and 8,
we can conclude that user associations are dynamic with high
uncertainty.

C. Users’ Preference Over APs

To reveal users’ preference over APs, we present Alice’s
trace and association duration in Figs. 9 and 10, respectively.
Fig. 9 shows Alice’s association trace (Alice is a randomly
selected user) on May 20. We can see that Alice’s associations
are highly dynamic with frequent AP transitions on May 20.
For instance, we can observe that Alice associates with 11
different APs and there are multiple AP transitions between
AP1 and AP2. In this case, a user’s frequent transitions mean
that the user has high mobility.

Fig. 10 shows the cumulative association time distribution
of Alice on different APs on May 20, where each point corre-
sponds to the AP at the corresponding position, and the color
depth reveals the cumulative association time of the user at
that AP. We can observe the polar distribution of cumulative
association time from the color of each point, i.e., the cumu-
lative association times of Alice on the three dark APs are no
less than 1.5 h, while the average cumulative association time
on the other APs is about 14 min, which is consistent with
the associated time distribution in Fig. 10. Therefore, although
users associate with many APs due to their movement, they

obviously prefer some APs and spend most of their time and
traffic on these APs. In this work, we measure the user pref-
erence over APs by the time spent and the traffic consumed
by users from the APs.

D. Spacial–Temporal Regularity of User Associations

In this section, we explore the spacial–temporal regularity
of user associations between APs and buildings. We randomly
choose two buildings (called “D2CY” and “DXY”) to char-
acterize user associations from the associated APs. Fig. 6(a)
and (b) show the heatmap of hourly user association in cor-
responding buildings. For each grid, its value represents the
number of average associated users of all APs which locate
in the building at the corresponding time. We can see that the
busy hours of “D2CY” are from 12:00 P.M. to 1:00 P.M. and
from 18:00 P.M. to 19:00 P.M., which is the time for lunch and
dinner. It is consistent with D2CY’s canteen identity. Similarly,
“DXY” is an academic building. In Fig. 6(b), the busy time
of “DXY” is concentrated on the daytime of weekday, from
9:00 A.M. to 18:00 P.M., which are working hours.

In Figs. 6 (c) and (d), we plot another heatmap of hourly
user association for each AP in the “DXY” and “D2CY”,
respectively. For each grid, its value represents the number
of users associated with an AP at the corresponding time, i.e.,
each row reflects the change of user associations for a single
AP in one week. It is clearly observed that APs located in the
same building have similar change rules. Moreover, the APs
located in different buildings have significantly different user
association patterns.

V. USER MANAGEMENT MECHANISM

With the above observations, we propose a user manage-
ment mechanism by mining user association patterns for the
SMOP problem. Fig. 11 shows the workflow of user manage-
ment mechanism in large-scale MEC systems, which mainly
consists of four steps: 1) history trace collection; 2) user mobil-
ity patterns; 3) user classification; and 4) user grouping. The
user mobility patterns step is demonstrated in Section IV. In
the user classification step, we only consider migration for
users who move to preferable APs, which can reduce the num-
ber of service migrations. In the user grouping step, we group
the migrated users by using user mobility characteristics.

A. User Classification

With the high mobility of users in frequent AP transitions,
the migration delay will greatly increase when the services fol-
low the users, which decrease the system delay significantly
in large-scale MEC scenarios. Considering the knowledge of
user mobility patterns and users’ preferences over APs, we
propose a user classification mechanism to find users with sim-
ilar service migration requirement, which can reduce service
migrations.

First, we extract a preferable AP set for each user. Let θi(j)
denote the ratio of the association time user i spends on AP j to
its overall association time. Therefore, we define the preferable
AP set for user i as follows:

Pi = {j|j ∈ N , θi(j) > ξ} (11)
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(a) (b) (c) (d)

Fig. 6. APs in buildings “D2CY” and “DXY.” (a) D2CY. (b) DXY. (c) D2CY. (d) DXY.

Algorithm 1 Lazy User Classification
Input: user locations X(t) at time slot t, user preferable AP

sets
Output: user sets A1(t), A2(t)

1: for user i ∈ U(t) do
2: for AP j ∈ N do
3: if xj

i(t) == 1 then
4: set k = j

5: if ∃j ∈ N , xj
i(t − 1) = 1 then

6: if k ∈ Pi&&j! = k then
7: i ∈ A1(t), wait for subsequent processing.
8: else
9: i ∈ A2(t), set yi(t) = yi(t − 1)

10: else
11: if k ∈ Pi then
12: i ∈ A1(t), wait for subsequent processing.
13: else
14: i ∈ A2(t), the service of user i is placed on the

nearest MEC node.
15: return A1(t), A2(t)

Fig. 7. User association Jaccard similarity.

where ξ is a constant threshold set by referring to the
distribution of the user’s association time on the AP.

To explore user service migration problem, we then classify
users into two categories, i.e., the first category of users needs
to consider service migration, and the other category of users
does not need to consider service migration. Specifically, we
consider that users who have moved to the preferable APs
need service migration, because the users may stay in the
coverage of the APs for a long time. When users move to
the less-preferable APs, it means that the service migration
is undesirable due to the short association time and frequent
AP transitions. Therefore, we propose an online algorithm for
user classification in Algorithm 1.

Fig. 8. AP association Jaccard similarity.

Fig. 9. Alice’s trace.

Fig. 10. Alice’s association duration.

B. User Grouping

For the large-scale MEC scenario, the number of associ-
ated users for each AP may be large and erratic, which is
an issue for service migration decision making. To handle
the challenge, we group users who are selected to migrate
after classification. In other words, the system can make ser-
vice migration decisions for the user groups to reduce the
dimension of the multiuser decisions. Therefore, we can trans-
fer the user service migration problem to the group service
migration problem, which can reduce the number of service
migrations and improve the system performance in large-scale
MEC scenarios.

Generally, each user shows preference for server APs and
each AP has its own geographic attributes. From Section IV-D,
we can see that user association variations are similar when the
APs are from the same building. Otherwise, the user associa-
tion variations are significantly different for APs from different
buildings. These phenomena indicate that APs in the same
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Fig. 11. Workflow of user management mechanism.

Fig. 12. MDP state.

building share similar user mobility patterns. Combined with
the user preference of APs, we group the selected users by
using the user association with APs in buildings.

Particularly, we take vn
i to demonstrate the correla-

tion coefficient between user i and building n. It can be
computed as

vn
i =

Tn
i

Ti
(12)

where Ti is the sum of user historical association duration and
Tn

i is the time user i spent on the APs in building n. Therefore,
user i’s correlation coefficient with the whole building set in
the system can be described as a vector Vi = [v1

i , v2
i , . . . , vNb

i ],
where Nb is the number of buildings. In addition, we have the
constraints as follows:

Nb∑

i=1

vi = 1

s.t. 0 ≤ vn
i ≤ 1. (13)

In this article, we adopt the K-means clustering algo-
rithm [47] to group users by measuring the Euclidean distance
of the sample to cluster centers, which purpose is to distin-
guish between different categories of user behavior from the
association records.

VI. DRL-BASED SERVICE MIGRATION ALGORITHM

To further improve the system performance, we design a
DRL-based service migration algorithm for the group service
migration problem in large-scale MEC scenarios.

A. MDP Model

To improve the system performance in a long term, we adopt
the DRL algorithm to find the optimal service migration policy
in large-scale MEC scenarios. In addition, the DRL algorithm
focuses on the impact of current decisions on the future rather
than focusing only on immediate rewards, which meets the

requirement of the SMOP problem. For the DRL algorithm,
we formulate the SMOP problem as an MDP and define the
2-D-state space, action space, and reward function as follows.

1) 2-D-State Space: As shown in Fig. 12, we use n̂k(t),
d̂k(t) and λ̂k(t) to denote the vectors of the kth group states

n̂k(t) =
[
n̂k,0(t), n̂k,1(t), . . . , n̂k,E(t)

]
(14)

d̂k(t) =
[
d̂k,1(t), . . . , d̂k,E(t)

]
(15)

λ̂k(t) =
[
λ̂1(t), . . . , λ̂E(t)

]
(16)

where n̂k(t), d̂k(t), and λ̂k(t) denote the number of users in dif-
ferent types, the average network distance between the group
and edges, and the size of total requests in each edge node.
Specially, we classify the users into E + 1 types for the state
n̂k(t). n̂0(t) denotes the overall number of users and n̂e(t)
denotes the number of users who run tasks on edge e at time
slot t− 1. In addition, the state n̂k(t) indicates the user distri-
bution and migration information. The state sk(t) of group k
at time slot t is flattened into one dimension as follows:

sk(t) =
[
n̂k(t), d̂k(t), λ̂k(t)

]
. (17)

Thus, the system state for each group is flattened into one
dimension, and the state s(t) at time slot t is

s(t) = [s1(t); . . . ; sK(t)] (18)

where K denotes the number of groups.
The state space S is limited as follows:

S =
⎧
⎨

⎩

n̂k,e(t) ≥ 0 ∀k, e, t
λ̂e(t) ≥ 0 ∀e, t
d̂k,e(t) ≥ 0 ∀k, e, t

⎫
⎬

⎭. (19)

2) Action Space: The action a(t) performed at processing
period t can is defined as

a(t) = [a1(t), . . . , aK(t)] (20)
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where a(t) is the locations of the group service placement.
Therefore, action space A is

A = {ak(t) ∈ {1, 2, . . . , E} ∀k} (21)

where the size of action space is EK .
3) Reward Function: In (9), our goal is to decrease the

average system delay in long term. Therefore, the reward is
equal to the negative value of user perceived delay as follows:

R(t) = −1× (C(Y(t))+ D(Y(t))+M(Y(t))). (22)

4) Transition Probability: P(s(t+ 1)|s(t), a(t)) denotes the
transition probability from the state s(t) to state s(t+ 1) after
taking action a(t). P(s(t + 1)|s(t), a(t)) is affected by the
time-varying factors of s(t) and a(t), which contains the user
locations, the number of user requests, and the usage of each
edge and so on. When any time-varying factor changes, the
state vector will change from s(t) to s(t + 1).

B. 2-D-Asynchronous Advantage Actor-Critic (2-D-A3C)

Our DRL-based service migration algorithm is based on the
A3C algorithm [5], which is a widely used DRL algorithm in
MEC scenarios. To adopt the A3C algorithm for multigroup
service migration, we need to address the challenge of high-
dimensional action space. In this section, we first introduce
the high-dimensional action space problem in DRL applica-
tion, and then introduce the 2-D-A3C-based service migration
algorithm.

RL is a traditional approach to solve the corresponding
MDP problems. For the problems where state transition proba-
bility Pr(s′|s, a) is known as a priori, traditional dynamic plan-
ning is used to select the optimal strategy by value iteration
and policy iteration. For the problems without Pr(s′|s, a)

known as a priori, model-free RL methods, such as Q-learning
and Monte Carlo are proposed to explore the correlation
between environment and optimal actions. However, such RL
methods cannot deal with large-scale problems. In addition,
traditional algorithms are unable to optimize sequential deci-
sion problems in the long term in the absence of future
information such as user movement trajectories. To address
the challenge, DRL-based methods are proposed, which uti-
lize a neural network to approximate the strategy function
or value function in the MDP model. Moreover, DRL can
approximate the long-term optimal solution of the sequential
decision-making problem through the agent’s exploration on
the environment. In other words, the system learns the best
real-time migration decision from the historical experience
accumulated by the agent, without requiring the user’s future
information as prior knowledge.

For our MDP problem, the transition probability Pr(s′|s, a)

is unknown and the size of action space is EK . DRL will fall
into the dilemma of discrete action space when dealing with
the MDP problem: the scale of the network output layer is
EK , which increases explosively with the increase of E or K.
To solve the problem, we propose a 2-D-A3C approach to
deal with the large action space, which is based on the A3C
algorithm. The proposed algorithm can parameterize and iter-
atively update the service migration policy to find the optimal

Fig. 13. 2-D-A3C algorithm in Actor–Critic framework.

policy. To further understand the proposed 2-D-A3C approach,
we introduce the design and implementation of 2-D-A3C in
detail as follows.

1) Design of 2-D-A3C: Compared with the general A3C
algorithm, the 2-D-A3C consists of a global network and two
local networks (i.e., actor network and critic network). It uses
a standard multicore CPU on an independent machine to run
multiple threads, and each thread carries an agent and a ser-
vice migration environment copy. As shown in Fig. 13, each
agent consists of two parts: 1) an actor network and 2) a critic
network. For the actor network, we parameterize the migra-
tion policy as a policy network π(a|s; θ). The agent inputs the
observation state s(t) to the actor network, and gets the action
probability distribution by the Softmax model. After that, the
action a(t) actually taken by the agent is generated according
to the probability distribution sampling. For the critic network,
we fit it as the value function V(s(t)|θv). Therefore, it can eval-
uate the quality of the action a(t) according to the obtained
reward from environment, and then instruct the actor network
to update network parameters θ . In this case, the service migra-
tion strategy will be optimized iteratively. Moreover, the A3C
algorithm improves the convergence of actor-critical network
through an asynchronous parallel mode: each thread interacts
with their own environment copy in parallel, updates the global
network based on the local parameter gradient, and pull the
latest network parameters from the updated global network
every certain time step.

In Fig. 13, our 2-D-A3C framework improves the network
structure to cope with the high-dimensional discrete action
space problem in multiuser service migration scenarios.
Specifically, the traditional A3C framework considers the
actions of all users as a whole, and uses a 1-D vector as
the input and output of networks. For example, if we apply
the A3C model into our MDP problem, the input of the local
actor network is a 1-D vector of size (K(3E + 1)). The out-
put is a 1-D vector of size (1 × EK). After that, we can get
the π(a|st; θ) for all possible actions, thus making the action
decision. Instead, we convert the 1-D agent observation into
2-D-state space, where each row represents the information of
a user group. The large action space of agent can be further
regarded as the joint small action space of multiuser groups.
For example, in our local actor network, we obtain a 2-D-state
vector s(t) with size of K×(3E+1) as input and produce a 2-D
vector with size of K×E as output. Softmax is utilized to nor-
malize the output by row, and we will get a possibility matrix
P = [p1

1, . . . , pE
1 ; · · · ; p1

K, . . . , pE
K], where the variable pe

k rep-
resents the possibility of user group k placing the services on
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the edge node e. According to the possibility matrix P, the
agent action at is finally generated by sampling. Moreover,
we also utilize a critic network to evaluate the output strategy
of actor network. Specially, we input the 2-D-state vector s(t)
into the critic network, then we will get a 1-D vector of size
K ∗1 as output. To accurately compute gradients normally, we
take the mean value of all elements in this vector to generate
the variable V(s(t)).

2) Implement of 2-D-A3C: The implementation of 2-D-
A3C can be divided into two phases: 1) training phase and
2) deployment phase. In the training phase, the 2-D-A3C con-
ducts multithread execution, where each thread maintains a
local actor network and critic network. The training flow of
each thread is presented as follows. At the beginning of each
training event, the local network pulls the latest neural network
parameters from the global network and updates themselves.
Subsequently, at each time slot t, the agent managed by the
operator inputs the state vector s(t) into the actor network. As
a result, the agent can get the multigroup service placement
decision a(t) according to a series of operations in Fig. 13.
When the action a(t) is taken, the environment gets into the
next state s(t) and feeds back the reward value R(s(t), a(t)) to
the agent. Such process will be repeated until the system enters
the termination state or reaches the specified number (i.e.,
tmax) of thread iterations. After that, the agent calculates the
cumulative gradient parameters for actor and critical networks,
and asynchronously uploads them to the global network. The
global networks update their parameters, and the system starts
the next training event. The process is repeated until the global
shared counter reaches the specified value Tmax. In the deploy-
ment phase, the actor and critical network parameters will no
longer be updated. In each time slot t, the operator inputs the
observation s(t) into the global actor network, and obtains the
service migration strategy from the output.

In summary, the proposed 2-D-A3C-based service place-
ment policy uses a general asynchronous and concurrent DRL
framework to accelerate convergence efficiency. The detailed
algorithm for each agent is presented in Algorithm 2.

VII. PERFORMANCE EVALUATION

In this section, we verify the effectiveness of MSM with
extensive simulations, utilizing the large-scale traces from a
campus Wi-Fi system.

A. Methodology

1) Simulation Setup:
1) Environment Setup: In this article, the campus Wi-Fi

system deploys about 8000 APs and provides Internet
access for 40 000 users. We consider a large-scale MEC
system, which randomly selected N = 50 APs and
E = 10 edge nodes from the data set. In our simulation,
the top ten most popular APs are selected to act as edge
nodes. The computation capacity of each edge node is
set to be the same, which is Re = 5 GHz. Moreover, to
obtain the users’ preference over APs, we analyze the
user association records from 20 April 2019 to 27 May
2019. In addition, we utilize the data from 27 May to

Algorithm 2 Service Migration Policy Scheme (2-D-A3C)
1: // Assume global shared parameter vector θ , θv and global

shared counter T = 0.
2: // Assume thread-specific parameter vector θ ′ and θ ′v
3: Initialize thread step counter t← 1
4: repeat
5: Reset gradients:dθ ← 0 and dθv ← 0.
6: Synchronize thread-specific parameters θ ′ = θ and

θ ′v = θv

7: tstart = t
8: Get state st

9: repeat
10: Get at according to policy π(at|st; θ ′) in the way

of Fig. 13
11: Perform at in the environment
12: Receive reward rt and new state st + 1
13: t← t + 1
14: T ← T + 1
15: until terminal st or t − tstart == tmax
16: R = V̄(st, θ

′
v)

17: for i ∈ t − 1, . . . , tstart do
18: R← ri + γ R
19: Accumulate gradients with respect to θ ′ : dθ ←

dθ +∇θ ′ log π
(
ai | si; θ ′

)(
R− V̄

(
si; θ ′v

))

20: Accumulate gradients with respect to θ ′v: dθv ←
dθv + ∂

(
R− V̄

(
si; θ ′v

))2
/∂θ ′v

21: Perform asynchronous update of θ using dθ and of θv

using dθv.
22: until T > Tmax

2 June to train the model, and the data from 3 June to
9 June is used to test the performance of MSM.

2) Request Setup: In our simulations, users will generate
a certain number of service requests in each time slot,
and the service requests between users are independent
of each other. To simplify the problem, we consider that
the size of computing resources required for each service
request is also set to be the same, which is 0.04Re.

3) Communication: The AP-to-edge communication cost in
our simulations is considered as a function of distance
(measured by the number of network hops) between dif-
ferent AP nodes and MEC nodes. When a user transfers
the service requests from AP node j to MEC node e
during time slot t, its unit communication delay can be
computed as

lej (t) =
{

l · dist(j, e), if j �= e
0, if j = e.

(23)

4) Service Migration: Similarly, the migration delay in our
simulations is considered as a function of distance (mea-
sured by the number of network hops) between different
MEC nodes. When a user’s service is migrated from
MEC node k to MEC node e during time slot t, its
migration delay can be computed as

mke(t) =
{

κ · dist(k, e), if k �= e
0, if k = e.

(24)
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TABLE II
SIMULATION PARAMETERS

Fig. 14. MSM learning curve.

The detailed simulation parameters are shown in Table II.
2) Benchmark Schemes:
1) No Migration (NM): The NM scheme always keeps the

initial service placement policy unchanged for each user.
2) Follow Mobility (FM): The FM scheme always migrates

the services to the nearest MEC nodes.
3) Random Migration (RM): The RM scheme makes ran-

dom service placement decision for the user.
4) MSM_NC: It is the MSM scheme without considering

user classification.
3) Convergence Performance of MSM: In our simulations,

we set the reward discount factor γ = 0.9. The number of
2-D-A3C threads is 4 and the size of mini-batch is 16. Both
the actor networks and critic networks are a 3-layer fully con-
nected deep neural network, where the number of hidden states
is set to be 512. We adopt the Adam [31] optimizer. Moreover,
we utilize the PyTorch framework to implement the neural
networks of actor network and critic network.

Fig. 14 shows the convergence performance of the proposed
MSM scheme. The learning rates of two curves are set to be
10−4 and 10−5, respectively. We have two observations as
follows.

1) The total delay of two curves both decreases as the num-
ber of episodes increases, and then becomes stable when
the number of episodes is larger than the number of cer-
tain episodes. In this case, we can observe that MSM
scheme converges for both cases.

2) With a lower learning rate, the scheme converges more
slowly. The learning rate is set to be 10−4 in the
following performance comparisons.

B. Performance Comparison

1) System Delay: To evaluate the performance of MSM, we
consider the collected association records from 3 June 2019

Fig. 15. CDFs of system delay.

Fig. 16. Accumulated system delay in a week.

to 9 June 2019. Then, we plot the system delay of MSM
and benchmarks in Figs. 15 and 16. Fig. 15 shows the CDF
of the system delay in each time slot. In addition, we can
see that MSM scheme outperforms other benchmark schemes.
For example, the 90th percentile for the service delay is 779.5,
1058.2, 1123.8, and 926.6 s in the MSM, FM, NM, and RM
schemes, respectively.

To evaluate the accumulated delay for all users in the week,
we present all types of delays as shown in Fig. 16. Then, we
take Comp., Comm., Migr., and SUM to denote the compu-
tation delay, communication delay, migration delay, and the
sum of all types of delays, respectively. Therefore, we have
five main observations as follows.

1) The accumulated delay of MSM is lower with around
14.6% improvement over FM, 31.9% improvement over
NM, and 25.3% improvement over RM.

2) FM achieves the minimum communication time, while
incurring large computation and migration delay.

3) The RM scheme makes the random service placement
decision for each user, thereby balancing the MEC node
loads and minimizing the computation time. However,
the incurring large migration delay affects the RM
scheme performance.

4) With unchanged service placement locations, the migra-
tion delay of NM scheme is 0. Due to the users’ highly
dynamic mobility, NM scheme incurs large computation
delay and communication delay.

5) MSM outperforms other benchmark schemes by reduc-
ing the number of service migrations and computation
time.

2) User-Perceived Delay: Compared with the system delay,
the user-perceived delay is an important metric to measure
the users’ QoS in service migration policy. Specifically, we
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Fig. 17. User-perceived delay.

Fig. 18. Number of users.

Fig. 19. Avg. user-perceived delay.

plot the CDFs of user-perceived delay results for MSM and
benchmarks in Fig. 17. In addition, we can see that MSM
outperforms other benchmark schemes. For instance, 90th per-
centile for the average user-perceived delay is 3.2, 3.9, 4.4, and
4.5 s in MSM, RM, NM, and FM schemes, respectively.

As shown in Fig. 18, we plot the number of users in one
week for each day. We can see that the number of users is less
than 100, which means that the overall system is idle at night.
Moreover, we can observe that the number of users is up to
400, which means that the system is busy at the daytime. In
this case, the pattern of user activeness is in line with our daily
habits. To evaluate the performance of MSM, we show the
average user-perceived delay with different numbers of users
as shown in Fig. 19. Specifically, we have two observations
as follows. First, MSM scheme outperforms other benchmark
schemes significantly when the system is busy as shown in
Fig. 19. Second, the FM scheme outperforms MSM when the
system is empty since it always migrates the services to the
nearest edge nodes of users. In light-load scenarios, the trivial

Fig. 20. Overall system delay and number of users in daytime.

Fig. 21. Number of service migrations.

Fig. 22. Training curves.

number of users cannot highlight the shortcomings of the FM,
such as unbalanced loads and unnecessary migrations.

3) Delay Variation Over Time: To further verify the
performance of MSM scheme, we explore the performance
of MSM in each time slot of daytime. Specifically, we present
the overall system delay and the number of users of each time
slot from 8:00 A.M. to 8:00 P.M. on a weekday in Fig. 20,
respectively. We have two main observations as follows: 1) the
MSM outperforms other benchmark schemes in most time
slots and 2) the average user-perceived delay keeps pace with
the number of users in a time slot.

4) Effect of User Classification: To evaluate the effect of
user classification, we plot the learning curves of MSM and
MSM_NC, respectively, in Fig. 22. It is clearly observed

Authorized licensed use limited to: University of Waterloo. Downloaded on November 03,2023 at 14:26:45 UTC from IEEE Xplore.  Restrictions apply. 



15702 IEEE INTERNET OF THINGS JOURNAL, VOL. 10, NO. 17, 1 SEPTEMBER 2023

Fig. 23. Impact of computing resources.

Fig. 24. Impact of migration.

that the user classification effectively improves the MSM
performance by accelerating the learning rate and decreasing
the service delay. Moreover, we present the number of service
migrations of MSM and MSM_NC at different time slots as
shown in Fig. 21. We can see that the benchmark schemes
migrate services frequently and MSM decreases unnecessary
migrations due to the user classification design.

C. Impact Evaluation

1) Impact of Computation Resource Re: Computing
resource is a key factor to affect the performance of comput-
ing delay. Fig. 23 shows the accumulated delay in a week
of MSM and benchmarks with different edge computing
resources. It is observed that the accumulated delays of all
schemes increase with less computing resources because of
the increasing computing delay. In addition, by utilizing the
RL framework to keep pace with the dynamic environment,
MSM achieves better performance improvement in less com-
puting resource cases. The main reason is that MSM considers
the load status of edge nodes, the DRL can comprehensively
consider all observation information to make optimal service
migration decisions even when computing resources are less.
In addition, we can see that the performance of the FM
and NM scheme is worse since they do not consider the
load status of edge nodes when making service migration
decisions.

2) Impact of Migration Delay Per Hop κ: κ is an important
factor to affect the performance of migration delay in the large-
scale MEC scenario. Fig. 24 shows the accumulated delay in a
week of MSM and benchmarks with different migration delays
per hop. With a larger value of κ , the accumulated delays
of four schemes all increase due to the increasing migration

delay. In addition, MSM scheme outperforms other benchmark
schemes significantly. The main reason is that MSM scheme
can balance the different delays to minimize the overall system
delay in real time in the large-scale MEC system. However,
FM, NM, and RM schemes cannot adjust migration policy in
real time and do not consider the impact of different delays
due to environmental changes.

VIII. CONCLUSION

To minimize the system delay in the long term, we have
proposed an MSM scheme in large-scale MEC scenarios. The
MSM scheme can achieve efficient user management in large-
scale MEC systems by characterizing user mobility patterns
from the real Wi-Fi traces; select the suitable service place-
ment location in real time to keep pace with the dynamic
and complicated network scenarios by using the DRL-based
approach; and minimize the long-term system delay. For future
work, we will study the preservice placement strategy with
caching at edge servers by using historical experience to fur-
ther improve the overall performance of the large-scale MEC
system.
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