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Abstract—Mobile Edge Computing (MEC) has emerged as a promising technology to push the cloud frontier to the network edge,
provisioning network services in proximity of mobile users. Serving users at edge clouds can reduce service latency, lower operational
cost, and improve network resource availability. Along with the MEC technology, Network Function Virtualization (NFV) is another
promising technique that implements various network service functions as pieces of software in cloudlets (servers or clusters of
servers). Providing virtualized network service for mobile users can improve user service experience, simplify network service
deployment, and ease network resource management. However, mobile users move in networks arbitrarily, and different users usually
request different services with different resource demands and delay requirements. It thus poses a great challenge to providing reliable
and seamless virtualized network services for mobile users in an MEC network while meeting their individual delay requirements,
subject to resource capacities on the network. In this paper, we focus on the provisioning of virtualized network function services for
mobile users in MEC that takes into account user mobility and service delay requirements. We first formulate two novel optimization
problems of user service request admissions with the aims to maximize the accumulative network utility and accumulative network
throughput for a given time horizon, respectively. We then devise a constant approximation algorithm for the utility maximization
problem. We also develop an online algorithm for the accumulative throughput maximization problem. We finally evaluate the
performance of the proposed algorithms through experimental simulations. Experimental results demonstrate that the proposed
algorithms are promising.

Index Terms—Mobile Edge Computing; Network Function Virtualization; VNF instance deployment; virtualized service provisioning;
approximation and online algorithms; delay-sensitive request admission; utility gain maximization; user mobility; cloudlets or
edge-clouds; resource allocations and provisioning in MEC; optimization problems.
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1 INTRODUCTION

Mobile devices, including smart phones and tablets, gain
increasing popularity as communication tools of users for
business, social networking, and personal entertainment.
Meanwhile, more and more computation-intensive mobile
applications with advanced features, including interactive
online gaming, object recognition, and voice control, are de-
veloped for the convenience and experience of users. How-
ever, the processing of computing/storage intensive appli-
cations on portable mobile devices is heavily constrained by
limited computation, storage and energy resources imposed
on the mobile devices. Offloading computation-intensive
applications to remote clouds with rich computing and
storage resources can leverage the capabilities of mobile
devices significantly. By doing so however may result in
inevitable long response latencies, as clouds usually are
remotely located from their end users, which degrades the
user experience of using the services, especially for the ser-
vices with stringent delay requirements [23]. Mobile Edge
Computing (MEC) as a complement architecture of clouds,
provides cloud services to mobile users at the network edge,
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thus shortens the response delay significantly. The MEC
infrastructure can leverage the capability of mobile devices
to offload their application services to nearby edge-clouds
(cloudlets). Thus, the quality of service and energy con-
sumption on mobile devices can be greatly improved [20].

In addition to MEC, another promising technique - Net-
work Function Virtualization (NFV) has also been envisaged
as the next-generation networking paradigm [4]. It leverages
commodity servers to implement various network function
services as software components in cloudlets, instead of
purpose-specific hardware middleboxes. This introduces a
new dimension of cost savings and deployment flexibility
of network functions [26]. Each network function runs in a
virtual machine, referred to as a VNF instance, hosted in a
cloudlet. Taking a social VR application as an example [31],
this application consists of user devices and virtualized
network functions deployed for each corresponding user in
cloudlets. A virtualized network function stores the user’s
personal data and the data processing logistics. It also
deals with the state updates of the user and computation-
intensive tasks, e.g., object recognition, visual scene calcu-
lations, and interactions with other users. User devices are
only applied for rendering the video frames calculated by
the VNF instances and tracking user behaviors.

Although implementing network functions as VNF in-
stances in MEC can improve user service experience, sim-
plify network service deployment, and ease network re-
source management, it poses great challenges: one is the
computing resource capacity constraints on cloudlets, com-
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pared to traditional centralized clouds with virtually unlim-
ited resources. It is of paramount importance to optimize
the performance of MEC through judiciously allocating its
resources to satisfy the service demands of as many users
as possible. For the sake of convenience, in this paper we
do not consider the storage resource as it usually is cheap
and abundant, compared with the computing resource.
Technically, the proposed algorithms can be easily modi-
fied to take into account additional types of resources in
each cloudlet by considering a high-dimension bin packing
problem. Another is that mobile users usually have stringent
response delay requirements and high mobility in the net-
work. How to provide reliable and seamless virtualized net-
work services for them while meeting their stringent delay
requirements and high mobility? and how to strive for a fine
tradeoff between allocating resources to individual users
and the overall service satisfactions among the users? In this
paper, we will address the aforementioned challenges.

It must be mentioned that this paper is an extended
version of a conference paper in [19]. The main differences
between this journal version and its conference version are
given as follows. We define a new VNF service provisioning
problem to cope with user mobility in MEC networks, i.e.,
the online throughput maximization problem with the aim
to maximize the accumulative number of user requests
admitted for a finite time horizon, and an efficient solution
to the problem is proposed too.

The novelty of the work in this paper lies in the thorough
study of virtualized network service provisioning in MEC,
by jointly considering user mobility and user service delay
requirements. This study is the very first to explores the
possibility to sacrifice some benefits of individual users by
a tolerable extent for the admissions of more user service
requests, by means of getting rid of some VNF service
instances that are rarely used to make room for the deploy-
ment of VNF service instances for more user requests. A
novel metric – network utility gain based on the submodular
function, is proposed for this non-trivial tradeoff purpose,
and an efficient approximation algorithm with a provable
approximation ratio for the network utility maximization
problem is developed, based on the proposed utility metric.
Furthermore, a hybrid approach that combines both proac-
tive and reactive VNF service provisioning is developed
to deal with user mobility with the aim to maximize the
number of user service requests admitted for the dynamic
request admission scenario.

The main contributions of this paper are summarized
as follows. We first formulate two optimization problems
for the provisioning of delay-sensitive virtualized network
services in MEC to highly movable users with the aim to
either maximize the network utility gain for a given set
of user requests, or maximize the accumulative network
throughput for a given time horizon when user requests
arrive one by one without the knowledge of future ar-
rivals and the users move around in the network freely,
subject to computing capacities on cloudlets in the MEC.
We then show that both problems are NP-hard, and instead
devise a constant approximation algorithm for the network
utility maximization problem. We also develop an online
algorithm for the online throughput maximization prob-
lem, by adopting a hybrid prediction mechanism for VNF

instance placement. We finally evaluate the performance
of the proposed algorithms through experimental simu-
lations. Simulation results demonstrate that the proposed
algorithms are promising and outperform their counterparts
– the proposed benchmark algorithms.

The rest of the paper is organized as follows. Section 2
reviews related work. Section 3 introduces the system model
and Section 4 formulates novel mobility-aware and delay-
sensitive user request admission problems mathematically.
Section 5 devises an approximation algorithm for the net-
work utility maximization problem, and Section 6 proposes
an efficient online algorithm for the accumulative through-
put maximization problem. Section 7 evaluates the perfor-
mance of the proposed algorithms empirically, and Section 8
concludes the paper.

2 RELATED WORK

As a key-enabling technology of 5G, MEC networks have
gained tremendous attentions in the research community
recently [20]. With the emergence of complicated and
resource-hungry mobile applications, offloading user tasks
to nearby cloudlets is an important means to reduce mo-
bile devices’ energy consumption and improve the service
experience of mobile users.

Virtualized network service provisioning in clouds and
MEC has been extensively addressed in literature [3], [7],
[11], [12], [13], [14], [18], [36]. For example, Feng et al. [7]
proposed an algorithm with performance guarantee for
placing VNFs in distributed cloud networks and routing
service flows among the placed VNFs under the constraints
of the service function chains of requests. Their solution
is achieved through a reduction to reduce the problem
to a multi-commodity-chain flow problem on a cloud-
augmented graph. He et al. [11] considered the problem of
joint service placement and request scheduling in mobile
edge clouds with the aim to maximize the network through-
put, under resource capacity constraints. They proposed an
approximation algorithm for a special case of the problem
where both services and cloudlets are homogeneous. For
the general case, they devised a greedy heuristic based on
linear programming relaxation and randomized rounding.
However, none of these mentioned works considered user
mobility, which is fundamental in service provisioning to
mobile users in MEC networks.

It must be mentioned that reducing the problem of VNF
placement to cloudlets or its variants to the facility location
problem is a common practice to solve service provision
problems in MEC networks, which has extensive applica-
tions [27], [32], [33], [34], [35]. For example, Xu et al. [34], [35]
dealt with the joint cloudlet placement and request schedul-
ing problem by reducing the problem to the capacitated fa-
cility location problem. They devised scheduling algorithms
to assign different cloudlets for the demanded services of
different requests, by proposing efficient approximation and
online algorithms with performance guarantees. Santoyo-
Gonzalez et al. [27] studied the edge server placement prob-
lem in MEC network by developing a heuristic algorithm.
They formulated a mixed integer linear program solution,
and then reduced the problem to a capacitated location-
allocation problem. They aim to minimize service access
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latencies while taking into account capacity constraints and
load balancing of servers. However, their solution by reduc-
ing the service provision problem to the Facility Location
Problem is not applicable in this paper due the following
two reasons. On one hand, in the facility location problem,
each node (customer) can be served by any site (cloudlet) in
the candidate site set, and each site may or may not have a
capacity constraint. In this paper, each user has its exclusive
set of VNF replicas at different locations, which means a
VNF instance is associated with a single user and cannot
serve other users. On the other hand, in the facility location
problem, the demand of a user node can be distributed to
multiple facilities with any proportion of its demands. In
our problem, each user request is processed by a single
VNF instance among a set of VNF instances assigned to
the user. The number of service replicas deployed for a
different user is different. For those locations with higher
mobility probability, the replicas are very likely to be placed
in nearby cloudlets, while for those with small probabilities
may not be placed at all. To the best of our knowledge, the
optimization problems in this work have not been studied
previously, they are new problems to be investigated.

Several studies on user mobility in MEC networks have
been taken recently [24], [28], [30]. For example, Ojima et
al. [24] proposed a resource management framework for
mobile edge computing networks, by applying user mo-
bility prediction. They made use of the Kalman filter to
predict the locations to which mobile users will move, and
allocated resources based on the user mobility prediction.
Guan et al. [10] studied the user mobility problem in a
metropolitan MEC network. They devised a randomized
algorithm to minimize the number of possible handovers
between different MEC regions (thus minimizing possible
delays), by dividing the metropolitan area into several dis-
joint clusters. Ouyang et al. [25] introduced the ‘Follow Me
Edge’ concept to migrate the services among cloudlets to
follow user mobility. They investigated a non-trivial tradeoff
between user delays and costs incurred by service migration
via the Lyapunov optimization technique. Lei et al. [16]
proposed a link prediction model to predict user mobility
dynamically. Their model combined deep neural networks
in learning the distributed representations of networks as
well as generative adversarial networks in generating high-
quality weighted links. However, service migration usually
is only applicable for delay-tolerant services, and is inap-
propriate for delay-sensitive applications such as real-time
gaming, Virtual Reality (VR), and Augmented Reality (AR).

To provide reliable and seamless network services with
stringent delay requirements while considering user mobil-
ity, one efficient approach is to replicate the VNF service
requested by each mobile user to a certain number of
strategic locations (cloudlets) to where the mobile user is
very likely to move, in order to reduce the response delays
to the requests from the user. The study of provisioning
seamless services in MEC networks is very limited and
in its infancy. The most relevant one is the one in [6], in
which the authors proposed a proactive service migration
approach for delay-sensitive applications to cope with user
mobility. They formulated the problem as an Integer Linear
Program (ILP) with the objective to minimize either the QoS
degradation or the cost of replica deployment. This ILP

solution however is not scalable when the problem size is
large.

Unlike the aforementioned studies, in this paper we
deal with mobility-aware and delay-sensitive service provi-
sioning in MEC networks, through redundant VNF service
instance placement in strategic locations. We are the very
first to explore the possibility to sacrifice some benefits of
individual users by a tolerable extent for the admissions
of more user requests, by means of getting rid of some
VNF service instances that are rarely used (or resulting in
a low utility gain) to make room for the deployment of VNF
service instances for more user requests. We introduce the
network utility concept which is based on a submodular
function for this non-trivial purpose, where the utility gain
is that the overall satisfaction of users use the services pro-
vided for the amount of resource consumed. For the online
case where users can move around within the network
freely, we adopt a hybrid mechanism that combines both
the proactive approach to pre-deploy VNF service instances
to cloudlets to avoid the service response delays and the
reactive approach to migrate existing VNF service instances.

3 SYSTEM MODEL

In this section, we introduce the network model, and related
notions and notations.

3.1 An MEC network

We consider a metropolitan mobile edge-cloud computing
network (MEC), which is modeled by an undirected graph
G = (AP ∪ V,E), where AP is a set of access points (APs)
located at different locations in a monitoring metropolitan
region, e.g., libraries, restaurants, gyms, hospitals, or shop-
ping centers. A set V of cloudlets co-located with some of
the APs, and the cloudlets have limited computing and stor-
age resources to implement virtualized network functions
(VNFs). Notice that the number |V | of cloudlets usually
is no greater than the number |AP| of APs. The commu-
nication delay between an AP and its co-located cloudlet
is negligible. E is the set of links between APs. Each link
e ∈ E is a high-speed optical cable connecting a pair of APs.
Denote by Cv the computing capacity of cloudlet v ∈ V .
Each AP node is expected to cover a certain area in which
mobile users can access the network through it. In case a
mobile user is located in an overlapping region covered
by multiple APs, the mobile user can choose the nearest
AP for its connection. Other strategies can also be adopted
such as choosing an AP with the strongest signal strength
to connect. For simplicity, an AP node and its coverage area
will be used interchangeably if no confusion arises. Figure 1
is an illustrative example of an MEC network.

3.2 User requests, user mobility, VNF service provi-
sioning

We consider provisioning virtualized network function ser-
vices to a set U of mobile users in an MEC G(AP ∪ V,E),
assuming that mobile users are highly movable and request
delay-sensitive services. We term a location as a sojourn
location of a user when the user moves to that location.
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Fig. 1. An illustrative example of an MEC network that consists of 6 APs
and 3 cloudlets co-located with some of the APs. The VNF instances of
different services are deployed in the cloudlets.

Each user j ∈ U at sojourn location lj connects to the
MEC network via its nearest AP lj , through which the user
requests for a VNF service that is represented by a tuple
rj = 〈fj , Dj ,Mj〉, where fj is the type of VNF requested,
Dj is the end-to-end delay requirement, and Mj is the
mobility profile of mobile user j.

As users move frequently in the network, let pj,lj denote
the probability of user j moving to location lj . The mobility
profile of user j thus is Mj = {pj,lj | lj ∈ AP}, which
can be estimated based on the historical movement traces of
the user, by leveraging data mining and machine learning
techniques [6], [16], [22]. Let APj be the set of sojourn
locations of user j in the network, i.e., APj = {lj | pj,lj > 0
and lj ∈ AP}. In a large-scale network, each user usually
moves to only a very limited number of locations of the
network. The cardinality |APj | thus is not large, and very
likely to be a constant. We further assume that the mobility
of different users is independent, i.e., the movement of one
user does not impact the movement of others.

We assume that resources in cloudlets are virtualized, us-
ing container-based lightweight virtualization technologies,
and thus can be allocated flexibly. Each VNF instance is a
lightweight virtual machine. The VNF instance requested
by a user j ∈ U may not be necessarily in the cloudlet
attached to AP lj at which user j is located. For the sake
of discussion simplicity, we assume that there is only one
request associated with each mobile user. This simplification
can be easily extended to deal with the case where there are
multiple requests from a single user, by treating each of the
requests as a request from a different virtual user, and all
these virtual users in fact are the user. Since mobile users
can move arbitrarily in the network, when a user moves to
a new location, its end-to-end delay requirement Dj can be
violated if its request is still served by the cloudlet at the
previous location of the user.

3.3 Approaches for dealing with user mobility

Considering user mobility in MEC, it is vital to provide
reliable and seamless VNF services to users with delay-
sensitive applications. There are two approaches to achieve
this goal: the reactive approach and the proactive approach [1],
[20], [23].

In the reactive approach [17], [25], there is a correspond-
ing (or a set of) VNF instance(s) in a cloudlet (a set of
cloudlets) for each specified network function service of
a user request. When the user moves to another location,
either the VNF service instance of the user will be migrated
to a nearby cloudlet at the new location, or a new VNF
service instance for the user will be instantiated at a nearby
cloudlet of the new location for the user to meet his delay
requirement. This method however takes the extra cost and
delay to migrate the existing VNF instance or instantiate a
new VNF instance, which may result in a longer service dis-
ruption. Also, The implementation of this process consists of
several stages [2], [29], such as resource availability check,
file package building, testing and deploying, configuration
setup, and dependency installations. The duration of the
whole process takes from several seconds up to a few hours,
depending on types of services.

In the proactive approach [6], the VNF instance of each
service request is replicated to a number of replicas, and
the replicas then are placed to the cloudlets at strategic
locations (i.e., to which the user is very likely to move) in
advance to meet the delay requirement of the user. Adopting
this approach can save the latent service migration time
significantly. It can be seen that service migration is only
applicable for delay-tolerant applications, and inappropriate
for delay-sensitive applications such as real-time gaming
and augmented reality. This makes the proactive approach
more appealing, even though it consumes more resources.
In this paper, we will propose a hybrid method that op-
portunistically combines both mentioned strategies to cope
with user mobility while meeting delay requirements of
mobile users.

3.4 VNF service replications
To provide reliable and seamless virtualized network func-
tion services to mobile users while meeting their delay
requirements, we adopt a VNF service replication strategy
that pro-actively deploys a set of VNF replicas to a subset
of cloudlets to respond to the request of the user. Each VNF
replica fj,v is a VNF service instance of type fj in cloudlet
v for user j. Among the VNF replicas placed, one serves as
the primary VNF instance and the rest serve as the secondary
VNF instances of the user. Implementing VNF replicas in
cloudlets consumes computing resources of cloudlets. De-
note by c(fj) the amount of computing resource consumed
by implementing a VNF instance fj in any cloudlet.

3.5 Delay requirements
In terms of Quality of Service (QoS) of each user, each
request rj of a user j ∈ U has an end-to-end delay re-
quirement Dj that specifies the maximum response time of
request rj , which consists of the access delay between user
j and its AP, the transmission delay along a path between
the AP and the cloudlet that contains the VNF instance for
the packet processing, and the processing delay in a cloudlet
for the requested service. Denote by dacc(lj) the access delay
between a user j and its AP lj and dpro(fj,v) the processing
delay of request rj at a cloudlet v. Let P (lj , v) be the routing
path for request rj between its AP node lj and cloudlet v
if its service request will be processed at a VNF instance
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located at v. The data transmission delay along path P (lj , v)
is d(P (lj , v)) =

∑
e∈P (lj ,v) d(e), where d(e) is the transmis-

sion delay on link e ∈ E. The end-to-end delay d(rj) of
request rj includes the transmission delay along a routing
path, the access delay dacc(lj), and the processing delay at
cloudlet v, i.e., d(rj) = 2

(
dacc(lj)+d(P (lj , v))

)
+dpro(fj,v).

To meet the end-to-end delay requirement of rj , the admis-
sion of rj must have d(rj) ≤ Dj , that is

d(P (lj , v)) ≤ 1

2
(Dj − 2 ∗ dacc(lj)− dpro(fj,v)). (1)

Notice that the access delay dacc(lj) between the mobile
user j and AP lj usually is not taken into account as
part of Dj by several studies [6], [30], [31], because the
value of dacc(lj) varies over time and is determined by
the bandwidth capacity of the AP and the number of users
accessing the AP at the same time. In this paper, we adopt
an expected delays of the AP access by its users based on
their historical access traces to the AP.

3.6 Submodular function and network utility gain

Let Ω be a finite set and h a function with h : 2Ω 7→ R+
0 .

Function h is a non-decreasing submodular function if and
only if it satisfies the following three properties:

(1) h(∅) = 0;
(2) Monotonic Increasing Property: for ∀X,Y ⊆ Ω with

X ⊆ Y , h(X) ≤ h(Y );
(3) Diminishing Return Property: for ∀X,Y ⊆ Ω with

X ⊆ Y and ∀a ∈ Ω \ X , h(X ∪ {a}) − h(X) ≥
h(Y ∪ {a})− h(Y ). In other words, h(X) + h(Y ) ≥
h(X ∪ Y ) + h(X ∩ Y ).

Intuitively, mobile users move to different locations with
different mobility probabilities. If a VNF instance is placed
at each possible location for the user, some of the deployed
VNF replicas will be barely used, thereby leading to poor
resource utilization. Meanwhile, a user satisfaction on the
network services provided by a network service provider
can be captured by a submodular function, which means
the increasing rate of user satisfaction on the service provi-
sioning becomes gradually slower, when the probability of
the delay requirement of the user being met increases from
0% to 100%. Thus, for any user, if his requested service can
be met in most cases, then the network service provider may
not necessarily place extra VNF replicas for him to meet the
rest of his requirement. The amounts of saved resources can
be used to accommodate more service requests for other
users. We here explore the possibility to sacrifice some
benefits of individual users by a tolerable extent for the
admissions of more user requests, by means of getting rid
of some VNF service instances that are rarely used to make
room for the deployment of VNF service instances for more
user requests. In other words, from the perspective of the
service provider, it aims to meet user service demands in
most cases while allowing few user service delay violations.

A submodular function h(·), which is to indicate the user
satisfaction to VNF services provided by the MEC, can be
adopted to strive for a fine tradeoff between individual user
satisfactions on his requested service and the number of user
requests admitted by the MEC. We refer to this submodular

function as the network utility gain function, and we aim to
maximize the accumulative utility gain among users. Fig. 2
is an example to illustrate the concept of the network utility
gain.

Cloudlet1 Cloudlet2

AP1 AP2
AP3 AP4 AP5

45%
40%

10% 5%

35%
25% 20%

rj
rk

Fig. 2. An example of the network utility gain for requests rj and rk of
users j and k, where both cloudlets have residual computing capacities
100. The mobility probabilities of user j towards different sojourn loca-
tions (marked with the red color) are 45% at AP1, 40% at AP2, 10%
at AP3, and 5% at AP4, respectively, while the mobility probabilities of
user k (marked as the blue color) towards different sojourn locations are
35% at AP3, 25% at AP4, and 20% at AP5, respectively.

We here adopt a submodular function h(·) (= log(x+1))
as an illustrative example for the calculation of the network
utility gain of the case in Fig. 2. Assuming that there are
two mobile users j and k moving around in the network,
and a VNF instance for request rj or rk has the computing
resource demand of 100 computing units. In this case,
only one VNF instance for either network functions can be
deployed in each cloudlet. As illustrated by this figure, if
one VNF instance for request rj is deployed in Cloudlet1,
AP1 and AP2 will be covered for user j; while if one VNF
instance for rj is also deployed in Cloudlet2, AP3 and AP4

will be covered. For user k, if a VNF instance for request rk
is deployed in Cloudlet2, AP3 AP4, and AP5 will be cov-
ered. Then, the marginal network utility gain by deploying
a VNF instance in Cloudlet1 for rj is log(1.85) ≈ 0.888.
If we further deploy a VNF instance for rj in Cloudlet2,
the total network utility gain is log 2 = 1 and request
rk cannot be admitted. Alternatively, if we deploy a VNF
instance for request rj at Cloudlet1 and a VNF instance
for request rk at Cloudlet2, then, the accumulative utility
gain is log(1.85) + log(1.8) ≈ 1.74, which achieves a higher
network utility gain and both requests rj and rk can be
admitted.

4 PROBLEM FORMULATIONS

We consider two mobility-aware user request admission
problems, by provisioning reliable and seamless VNF ser-
vices to mobile users to meet their delay requirements.
The first one is the network utility maximization problem,
which aims to maximize the accumulative utility gain of all
admitted requests through the deployment of VNF replicas
at strategic locations for mobile users, subject to the resource
capacities on cloudlets, given the mobility probability in-
formation of users and the set of users, assuming that the
movement pattern of each user does not change in this
monitoring period and we term this scenario as the static
snapshot scenario. However, mobile users typically may move
freely in the network and subject to changes of movement
patterns in the long term. When a user moves to a new
location, if none of its VNF replicas placed into cloudlets
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can provide its requested service without violating his delay
requirement, then either a new VNF instance can be instan-
tiated or one of his existing VNF replicas can be migrated to
a nearby cloudlet to meet his delay requirement, providing
that there is sufficient computing resource in that cloudlet
to accommodate the service resource demands. Meanwhile,
existing users may leave the system when their requests
finish and new users may arrive dynamically. The second
problem in this paper is the online throughout maximization
problem with the aim to maximize the number of user
requests admitted for a finite time horizon, considering user
mobility pattern changes over time. The precise definitions
of these two problems are given below.

Definition 1: Given an MEC G = (AP ∪ V,E) with
a set V of cloudlets, in which each v ∈ V has comput-
ing capacity Cv , a set U of users moving around in the
network with each user j ∈ U having a service request
rj = 〈fj , Dj ,Mj〉, assuming that the movement profile of
user j ∈ U is given, the network utility maximization problem
is to maximize the accumulative network utility gain of
admitted requests, subject to computing resource capacities
on cloudlets. In other words, the problem can be mathemat-
ically formulated as follows. For each user j, at most one
VNF replica fj,v of its requested service can be placed in
each cloudlet v, then all VNF replicas for user j constitute
a set Fj = ∪v∈V {fj,v}. Also, all VNF replicas in cloudlet v
constitute a set Fv = ∪j∈U{fj,v}. Let F = ∪j∈U,v∈V {fj,v}
be the set of all VNF replicas of all user service requests in
G.

The routing path P (lj , v) for request rj can be found,
by finding a shortest path in G between its AP node lj
and cloudlet v co-located with another AP in terms of link
delays. If there is a cloudlet v such that a VNF replica of
rj can be placed while meeting its delay requirement Dj

when user j is located at AP lj by Constraint (1), we say
that AP lj is covered by cloudlet v ∈ V . Let S(j, v) be the set
of APs covered by cloudlet v at which user j will sojourn.
We construct a set system for each user j ∈ U that consists
of a collection of sets S(j, v) ⊆ APj of locations covered by
deploying a VNF replica fj,v ∈ Fj in cloudlet v. In other
words, when user j moves to a location lj ∈ S(j, v), its
delay requirement Dj can be satisfied by provisioning the
requested service at cloudlet v.

Denote by S the set of VNF replicas deployed in the MEC
network so far. Let g′(fj,v | S) be the marginal network
utility gain by deploying a VNF replica fj,v into cloudlet
v for the first time. Then,

g′(fj,v | S) =
∑

l∈S(j,v)\∪v′∈S∩Fj
S(j,v′)

(
h(x+ pj,lj )− h(x)

)
.

(2)

Recall that h(x) is a submodular function, and x is the sum
of mobility probabilities of user j to the locations covered by
the VNF replicas of request rj in S prior to the deployment
of the VNF replica fj,v . S(j, v)\∪v′∈S∩Fj

S(j, v′) is the set of
locations covered by S(j, v) for the first time (by deploying
the VNF replica fj,v).

The network utility maximization problem is to deploy
a subset Fsol ⊆ F of VNF replicas one by one, and the
accumulative network utility gain by Eq. (2) is maximized,

subject to computing capacity on each cloudlet.
Definition 2: Given a finite time horizon T , an MEC

G = (AP ∪ V,E) with a set AP of APs and a set V of
cloudlets with each cloudlet v having computing capacity
Cv . The time horizon T is divided into equal-length time
slots. During each time slot t ∈ T , users can move around
within the network or leave the network, and new users
may arrive as well. Thus, users can be classified into three
categories at each time slot t. One set of users leaving from
the network; one set of users whose delay requirements
can still be satisfied when they move around within the
network; and one set U(t) that consists of both newly
arrived users and existing users whose delay requirements
cannot be satisfied when they move around within the net-
work. The set U(t) of users request instantiating new VNF
instances or migrating their existing VNF replicas to satisfy
their delay requirements. The online throughput maximization
problem is to maximize the accumulative number of users
in set U(t) admitted such that their delay requirements are
met at each time slot t for the given time horizon T , subject
to computing capacity on each cloudlet in G. Notice that
there is no need to instantiate new VNF replicas or migrate
existing VNF replicas for a user whose delay requirement
can be met, and when a user leaves from the network, his
VNF replicas will be removed and the occupied resource
will be released back to the system.

4.1 NP hardness of problems
In the following, we show that the two defined optimization
problems are NP-hard.
Theorem 1. The network utility maximization problem in

G = (AP ∪ V,E) is NP-hard.

Proof We prove the NP hardness of the network utility
maximization problem by a reduction from a well known
NP-hard problem - the knapsack problem that is defined as
follows. Given a bin with capacity B, and a set A of items
with each item ai ∈ A having a specified size size(ai) and
profit profit(ai), the problem is to find a subset of items
packing into the bin such that the total profit is maximized,
subject to the bin capacity B.

We show that an instance of the knapsack problem can
be reduced to an instance of the network utility maxi-
mization problem. Specifically, the bin B corresponds to a
cloudlet with capacity B, a set A = {ai} of items corre-
sponds to a set of VNF instances to be deployed. Each VNF
instance ai requires computing resource size(ai), and the
amount of profit p(ai) received is the network utility gain
h(ai) received when the VNF instance is deployed. We as-
sume that there is only one cloudlet in the network. We aim
to deploy a subset of VNF instances in the cloudlet so that
the network utility gain is maximized, while the total size is
upper bounded by the capacity B of the cloudlet. It is easy
to see a solution to this special case of the network utility
gain maximization problem is a solution to the knapsack
problem. Thus, this theorem holds.

Theorem 2. The online throughput maximization problem in
G = (AP ∪V,E) for a given time horizon T is NP-hard.

Proof We prove the NP hardness of the throughput max-
imization problem for one time slot by a reduction from a
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well known NP-hard problem - the Generalized Assignment
Problem (GAP) that is defined as follows.

Given a set A of elements and a set B of bins where
each bin bj ∈ B has a capacity of cap(bj), and each element
ai ∈ A has a size size(ai, bj) and a profit profit(ai, bj) if
element ai is placed into bin bj , the Generalized Assignment
Problem (GAP) is to place as many elements as possible in
A into the bins in B such that the profit sum of all placed
elements is maximized, subject to the capacity of each bin in
B.

We show that an instance of the generalized assignment
problem can be reduced to an instance of the throughput
maximization problem for one time slot. Specifically, each
bin bj ∈ B corresponds to a cloudlet with capacity cap(bj),
a setA = {ai} of items corresponds to a set of requests to be
admitted and processed by their VNF instances at a cloudlet.
Each request ai requires a VNF instance with specified com-
puting resource c(fi) which is the size size(ai, bj) of each
item ai in a bin bj , and the profit profit(ai, bj) received is 1
if it is admitted. Here we assume the delay requirement of
each user request is not stringent, thus it can be admitted by
provisioning a VNF replica in any cloudlet. We aim to admit
a subset of requests by creating VNF instances for them
assuming there are no existing VNF instances deployed for
them, so that the number of user requests been admitted is
maximized, while the size of each cloudlet is bounded by its
capacity cap(bj). It can be seen that a solution to this special
profit maximization problem is a solution to the generalized
assignment problem, and the reduction is polynomial.

For each time slot 1 ≤ t ≤ T , there is no knowledge
of future request arrivals beyond time slot t, the online
throughput maximization problem is to admit as many as
requests for the period of T . Clearly, solving this online
problem is at least as hard as solving its offline version -
the throughput maximization problem for one time slot, the
problem thus is NP-hard too.

For the sake of convenience, symbols used in this paper
are summarized in Table 1.

5 APPROXIMATION ALGORITHM FOR THE NET-
WORK UTILITY MAXIMIZATION PROBLEM

In this section, we study the network utility maximization
problem. We first devise an approximation algorithm for the
problem, and then analyze the approximation ratio and time
complexity of the proposed algorithm.

5.1 Algorithm
Notice that there is no need to determine to which cloudlet
each VNF replica fj,v should be deployed, as it has already
been scheduled to be placed at cloudlet v. The problem
then is to find a subset of VNF replicas in each cloudlet
v that can achieve the maximum network utility, subject
to computing capacity on each cloudlet. However, VNF
replicas in all cloudlets should be jointly considered as the
sojourn locations covered by the VNF replicas at different
cloudlets typically overlap with each other.

The proposed algorithm proceeds iteratively.
Let S(k−1) = {f (1), f (2), . . . , f (k−1)} be the set of VNF

replicas deployed in all cloudlets so far, prior to the deploy-
ment of the kth VNF replica f (k). S(0) = ∅ initially.

Denote by c(S(k−1)
v ) the accumulative amount of com-

puting resource consumptions in cloudlet v by the deployed
VNF replicas in S(k−1), that is,

c(S(k−1)
v ) =

∑
f(i)∈S(k−1)∩Fv

c(f (i)), (3)

and c(S(0)
v ) = 0 for each cloudlet v ∈ V .

The next VNF replica f (k) to be deployed in cloudlets
is the VNF instance for a user j with the maximum ratio
ψ(f (k)) (assuming that f (k) = fj,v) among all the VNF repli-
cas that have not been deployed yet, i.e., f (k) ∈ F \ S(k−1),
and the computing capacity of the targeting cloudlet v
before deploying f (k) has not been violated, i.e., c(S(k−1)

v ) <
Cv , and ψ(f (k)) is defined as

ψ(f (k)) =
g′(f (k) | S(k−1))

c(f (k))
, (4)

where g′(f (k) | S(k−1)) is the marginal utility gain of VNF
instance f (k) when a set S(k−1) of VNF replicas have been
deployed. Notice that the computing capacity of the target-
ing cloudlet v after the deployment of the VNF instance f (k)

may be violated, i.e., c(S(k)
v ) = c(S(k−1)

v ) + c(f (k)) > Cv .
Consequently, cloudlet v may be overloaded, and this case
will be dealt with later.

This procedure continues until no more VNF replicas can
be deployed in any cloudlet without violating its computing
capacity.

Let g(S(0)) = 0 and define the network utility gain
g(S(k)) by S(k) as follows.

g(S(k)) = g(S(k−1)) + g′(f (k) | S(k−1)). (5)

Since the set of deployed VNF replicas S(k) ∩ Fv in
some cloudlet v may violate its computing capacity Cv ,
the candidate solution S(k) is partitioned into two disjoint
subsets: S′ and S′′, where set S′′ contains the VNF replicas
that the addition of each of them to its assigned cloudlet
v will violate the computing capacity constraint Cv of that
cloudlet; and S′ contains the rest of VNF replicas in S(k),
i.e., S′ = S(k) \ S′′. Clearly, S′ ∩ S′′ = ∅ and S′ ∪ S′′ = S(k).
The accumulative network utility gains g(S′) and g(S′′)
obtained by sets S′ and S′′ then are compared, and the larger
one is chosen as the solution to the problem. The detailed
algorithm is given in Algorithm 1.

5.2 Algorithm analysis

The rest is to analyze the approximation ratio and time com-
plexity of Algorithm 1. We here abuse the notation OPT
which will be used as both the optimal solution to the prob-
lem and the value of the optimal solution. We only pay an
attention to cloudlets that do not have sufficient computing
capacities to accommodate all VNF replicas of all requests,
i.e., Cv <

∑
j∈U c(fj); otherwise (Cv ≥

∑
j∈U c(fj)), VNF

replicas of all requests can be deployed in cloudlet v, and
the network utility gain achieved by cloudlet v is at least as
the same as algorithm OPT . Without loss of generality, we
assume that the computing capacity Cv of each cloudlet v is
no greater than the total resource demand

∑
j∈U c(fj) of all

users.
We have the following lemmas and theorem.
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TABLE 1
Symbols

Symbols Meaning
G = (AP ∪ V,E) an MEC network with a set AP of access points, a set V of cloudlets, and a set E of links
v and Cv a cloudlet v ∈ V and computing capacity of v
e and d(e) a link e ∈ E and the transmission delay on link e
j, U and rj a user j ∈ U with VNF service request rj
lj and APj a potential AP (location) lj of user j and a set APj of potential locations of user j
fj the type of VNF requested by user j
c(fj) computing resource consumption by implementing a VNF instance of type fj
fj,v a VNF instance of type fj in cloudlet v for user j
Dj the end-to-end delay requirement of user j
Mj the mobility profile of user j
pj,lj probability of user j moving to location lj
dacc(lj) the access delay between user j and its AP lj
dpro(fj,v) the processing delay of request rj at a cloudlet v
P (lj , v) and d(P (lj , v)) the routing path of request rj between AP lj and cloudlet v and the transmission delay on the path
d(rj) the end-to-end delay of request rj
h(·) a submodular function for the network utility gain
t and T a time slot t in a finite time horizon T
U(t) set of users requesting to instantiate new VNF instances or migrate existing VNF replicas to

satisfy their delay requirements in time slot t
Fj all VNF replicas for user j
Fv all VNF replicas in cloudlet v
F all VNF replicas for all users in U
Fsol all VNF replicas deployed in MEC network
S(j, v) the set of APs covered by cloudlet v at which user j will sojourn
S the set of VNF replicas deployed so far
S(k−1) and f (k) the set of VNF replicas deployed so far, prior to the deployment of the kth VNF replica f (k)

c(S(k)
v ) accumulative computing resource consumed in cloudlet v by deploying the VNF replicas in S(k)

g′(fj,v | S) the marginal network utility gain by deploying a VNF replica fj,v into cloudlet v for the first time
ψ(f (k)) a ratio defined for choosing the next VNF replica f (k) to be deployed
g(S(k)) the network utility gain by deploying a set of VNF replicas in S(k)

S′ and S′′ two candidate solutions, each is a set of VNF replicas to be deployed
g(S′) and g(S′′) the network utility gain by deploying S′ and S′′
φ and L a time frame consists of L time slots
f ′j,v an existing VNF instance for request rj to be migrated
G′(t) and G′i(t) the auxiliary graph constructed for VNF instantiations and migrations in time slot t, and G′i(t)

is the auxiliary graph G′(t) in the ith iteration
Hi a maximum matching found in auxiliary graph G′i(t) in iteration i
H(t) the union of all maximum matchings Hi in time slot t
p̂j,l(φ) the predicted mobility probability of user j towards location lj in time frame φ
W and τ W is the width of time frames for user mobility probability prediction, and τ is an iteration variable

Lemma 1. For any VNF replica f (i) ∈ S(k) delivered by
Algorithm 1 and for any VNF replica f∗ ∈ OPT \S(k),
we have

ψ(f (i)) ≥ g′(f∗ | S(k))

c(f∗)
. (6)

Proof If OPT \S(k) = ∅, the lemma holds. Otherwise, when
Algorithm 1 chooses a VNF replica f (i) for placement, for
any VNF replica f∗ ∈ OPT \ S(k) that has not been chosen
by Algorithm 1, we have

ψ(f (i)) =
g′(f (i) | S(i−1))

c(f (i))
≥ g′(f∗ | S(i−1))

c(f∗)
(7)

≥ g′(f∗ | S(k))

c(f∗)
, (8)

where Ineq. (7) holds due to that f∗ ∈ OPT \ S(k),

f∗ ∈ OPT \ S(i−1), and Ineq. (8) holds due to the fact
that the marginal utility gain g′(·) is diminishing with the
deployments of more and more VNF replicas.

Lemma 2. The network utility gain g(S(k)) delivered by
Algorithm 1 through the deployment of a set S(k) of
VNF replicas is g(S(k)) ≥

∑
f∗∈OPT\S(k) g′(f∗ | S(k)).

Proof Let f∗max be a VNF replica with the maximum ratio
of g

′(f∗ | S(k))
c(f∗) for a f∗ ∈ OPT \ S(k), i.e.,

f∗max = argmaxf∗∈OPT\S(k)
g′(f∗ | S(k))

c(f∗) . We have

g(S(k)) =
k∑
i=1

g′(f (i) | S(i−1)) =
k∑
i=1

ψ(f (i)) · c(f (i)) (9)
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Algorithm 1 An approximation algorithm for the network
utility maximization problem
Input: An MEC G = (AP ∪ V,E) with a set V of cloudlets

each having computing capacity Cv , and a set U of users
moving around in the network with each user j ∈ U
having an offloading task rj = 〈fj , Dj ,Mj〉.

Output: A solution to maximize the network utility gain,
by provisioning a set of VNF replicas in cloudlets for
the users.

1: S(0) ← ∅; /* the set of deployed VNF replicas so far */
2: g(S(0)) ← 0; /* the accumulative network utility so far

*/
3: for each cloudlet v ∈ V do
4: c(S(0)

v ) ← 0; /* the accumulative computing resource
being occupied in cloudlet v so far */

5: end for
6: k ← 1;
7: U ← ∪j∈U,v∈V {fj,v | S(j, v) 6= ∅}; /* U is the set of

VNF replicas from all users that can cover some sojourn
locations of users */

8: while U 6= ∅ do
9: Select a VNF replica f (k) ∈ U that with the maximum

ratio ψ(f (k)) defined in Eq. (4);
10: U ← U \ {f (k)};
11: if c(S(k−1)

v ) < Cv for f (k)(= fj,v) in cloudlet v then
12: S(k) ← S(k−1) ∪ {f (k)};
13: g(S(k))← g(S(k−1)) + g′(f (k) | S(k−1));
14: c(S(k)

v )← c(S(k−1)
v ) + c(f (k));

15: k ← k + 1;
16: end if
17: end while
18: Fsol ← ∅; /* the final solution */
19: Partition set S(k) into two disjoint subsets: S′ and S′′

with network utility gains g(S′) and g(S′′), respectively;
20: if g(S′) ≥ g(S′′) then
21: Fsol ← S′;
22: else
23: Fsol ← S′′;
24: end if
25: return Fsol and g(Fsol).

≥
k∑
i=1

g′(f∗max | S(k))

c(f∗max)
· c(f (i)) by Ineq. (8)

=
g′(f∗max | S(k))

c(f∗max)
·
k∑
i=1

c(f (i))

≥ g′(f∗max | S(k))

c(f∗max)
·

∑
f∗∈OPT\S(k)

c(f∗) (10)

≥
∑

f∗∈OPT\S(k)

g′(f∗ | S(k))

c(f∗)
· c(f∗)

=
∑

f∗∈OPT\S(k)

g′(f∗ | S(k)),

where Ineq. (10) holds due to the fact that for the optimal
algorithm OPT , the accumulated usage of computing re-
source in any cloudlet v is no greater than its computing
capacity Cv . However, the accumulated computing resource
consumed in cloudlet v by deploying VNF replicas in
S(k) ∩ Fv is larger than Cv by Algorithm 1.

Theorem 3. Given an MEC G = (AP ∪ V,E) with a
set V of cloudlets, each cloudlet v has computing ca-
pacity Cv , and there is a set U of users with each
j ∈ U having a service request rj = 〈fj , Dj ,Mj〉,
there is a 1

4 -approximation algorithm, Algorithm 1, for
the network utility maximization problem, which takes
O(|U |2|V |2|AP|) time.

Proof Following Lemma 2, we have

2 · g(S(k)) ≥ g(S(k)) +
∑

f∗∈OPT\S(k)

g′(f∗ | S(k))

≥ g(S(k) ∪OPT ) (11)
≥ OPT

where Ineq. (11) holds since g(S(k)) is the network utility
achieved on S(k), and g′(f∗ | S(k)) is the marginal network
utility gain of a VNF replica f∗ ∈ OPT \ S(k) when the
set S(k) of VNF replicas have been placed. Then, we have
g(S(k)) ≥ 1

2 ·OPT .
As S(k) = S′ ∪ S′′ and the VNF replicas deployed in S′

or S′′ do meet the computing capacity constraint on each
cloudlet, we have

g(S′) + g(S′′) ≥ g(S′ ∪ S′′) = g(S(k)) ≥ 1

2
·OPT. (12)

Then, either g(S′) ≥ 1
4 · OPT or g(S′′) ≥ 1

4 · OPT , the
solution delivered by Algorithm 1 is at least 1

4 ·OPT since
the algorithm selects the larger one as its solution.

The rest is to analyze the time complexity of
Algorithm 1. The algorithm consists of O(|F|) =
O(|U | · |V |) iterations. Within each iteration, calculating the
marginal network utility gain for each VNF replica in U and
identifying a VNF replica f (k) ∈ U with the maximum ratio
ψ(f (k)) takesO(|F|·|AP|) = O(|U |·|V |·|AP|) time. In total,
it takes O(|U |2|V |2|AP|) time. Partitioning the solution
S(k) into two disjoint subsets S′ and S′′ and calculating
network utility gains for them take O(|U | · |V | · |AP|) time.
Algorithm 1 thus takes O(|U |2|V |2|AP|) time.

6 ONLINE ALGORITHM FOR THE ONLINE
THROUGHPUT MAXIMIZATION PROBLEM

In the previous section, we considered the deployment of
VNF replicas for user requests based on the mobility prob-
abilities of each mobile user at different sojourn locations,
and we strategically deployed the VNF service replicas of
the user at his/her frequent sojourn locations to maximize
the accumulative network utility gain of all user requests.
However, once a user moves to a non-frequently sojourn
location without his/her VNF service placement, the delay
requirement of the user may be violated, as the requested
service by the user will be performed at another location
(cloudlet) where his VNF service instance has been placed.

In this section we consider a dynamic network service
system, where existing users may leave and new users may
arrive at any time. To allow the system to admit new user
requests and to incorporate existing user mobility pattern
changes, new VNF instances must be instantiated, or some
existing VNF replicas must be migrated to meet the delay
requirements of users. We focus on the provisioning of VNF
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services for mobile users in a dynamic service environment
for a given time horizon, where user requests arrive one
by one without the knowledge of future arrivals. We aim
to maximize the accumulative network throughput for this
monitoring period, by developing an online algorithm for
the online throughput maximization problem.

6.1 Overview of the online algorithm

The basic idea behind the online algorithm is to divide the
finite time horizon T under two different time scales: the
pre-deployment of VNF replicas occurs in the beginning of
each longer time scale to prevent the system overhead and
instability. We term this time scale as a time frame. While
each time frame can be further divided into equal numbers
of time slots. The VNF instance instantiation and migration
are performed in the beginning of each time slot to meet user
delay requirements and to support real-time user mobility.
A hybrid approach adopting both proactive and reactive
strategies is proposed. That is, within each time frame, we
adopt the proactive strategy to pre-deploy VNF replicas,
and within each time slot, we adopt the reactive strategy
for VNF instance instantiation and migration. Without loss
of generality, we assume that each time frame φ ∈ T consists
of L time slots. In the following we propose a novel online
algorithm for the online throughput maximization problem.

6.2 VNF instance instantiation and migration at each
time slot t

Given a time slot t ∈ φ, an MEC network G = (AP ∪ V,E)
with a set AP of APs and a set V of cloudlets, each cloudlet
v ∈ V has computing capacity Cv , and there is a set U(t)
of user requests (existing or newly arrived requests) in the
beginning of time slot t. To admit the requests in U(t), we
either instantiate new VNF instances or migrate existing
VNF replicas to the locations of these user requests in order
to satisfy the delay requirements of their users. We aim
to maximize the number of requests in U(t) admitted by
reducing the problem to a series of maximum matching
problems in their corresponding auxiliary bipartite graphs
that will be constructed later. Consequently, each matched
edge in a maximum matching corresponds either an instan-
tiation of a new VNF instance in the cloudlet that is another
endpoint of the matched edge, or a migration of an existing
VNF instance from its current cloudlet to another cloudlet
that is another endpoint of the matched edge. The detailed
reduction is as follows.

For each admitted request rj ∈ U(t) (in previous time
slots), one of its VNF replica f ′j,v will be migrated from its
current location at cloudlet v if its removal will result in the
minimum loss of the network utility gain, i.e., f ′j,v is the
VNF replica that will be least likely to be used among all
VNF replicas Fj deployed for request rj in the near future,
that is

f ′j,v = argminfj∈Fj

(
g(S)− g(S \ {fj})

)
, (13)

where S is the set of VNF replicas deployed in the network,
and Fj is the set of VNF replicas of user request rj .

For each newly arrived user request rj ∈ U(t), a new
VNF instance for rj will be instantiated in a nearby cloudlet

with sufficient computing resource for the request to sat-
isfy its delay requirement. To this end, a bipartite graph
G′(t) = (V,U(t), E′) is constructed, where V is the set of
cloudlets, U(t) is the set of new and existing user requests in
the beginning of time slot t. There is an edge in E′ between
a cloudlet node v ∈ V and a request node rj ∈ U(t) if
instantiating (or migrating) a VNF replica fj of request rj in
cloudlet v does not violate its computing capacity and the
delay requirement. Notice that when a user leaves from the
network for good (or a given period threshold), all occupied
resources by its VNF instances will be released back to the
system in the end of that period.

The algorithm for maximizing the network throughput
through VNF instance instantiation and migration at time
slot t proceeds iteratively. Let G′1(t) = G′(t) initially. Within
iteration i, a maximum matchingHi in graphG′i(t) is found.
The demanded resource of a new VNF instance or migrating
an existing VNF replica for each matched edge is allocated.
All matched requests in Hi are then removed from U(t).
The available computing resource at each cloudlet is then
updated, and the next auxiliary bipartite graph G′i+1(t)
can be constructed similarly. This procedure continues until
G′i+1 does not contain any edges. Denote by I the number
of iterations of the above proposed algorithm. The union of
all maximum matchings H(t) =

⋃I
i=1Hi(t) then forms a

solution to the network throughput maximization problem
for requests in U(t) at time slot t. Notice that, the proposed
algorithm can be extended to a general case of the problem,
where both VNF instantiation and migration costs can be
taken into account, by finding a minimum weight maximum
matching, instead of a maximum matching, in each weighted
auxiliary graph G′i(t) where the VNF migration cost and
the instantiation cost can be assigned to the corresponding
edges in the auxiliary graph. Such a modification is straight-
forward, the only difference is the running time, finding a
maximum matching in a bipartite graph with n nodes and
m edges takes O(

√
nm) time, while finding a maximum

(or minimum) weighted maximum matching in the bipartite
graph takes O(n3) time.

The detailed algorithm is given in Algorithm 2.

6.3 Online algorithm

We now propose an online algorithm for the online through-
put maximization problem for a given time horizon T . The
algorithm runs in two time scales: time frames and time
slots. Within each time frame φ ∈ T , VNF replicas are pre-
deployed based on the mobility probability of existing mo-
bile users, while in each time slot t ∈ φ, VNF instantiation
and migration are performed to maximize the number of
user requests admitted, where existing users may leave and
new users may arrive, and users can move around in the
network freely.

We start with the user mobility prediction. Specifically,
we adopt the auto-regression method [8] to predict the
mobility probability p̂j,l(φ) of each user j sojourning at a
location lj ∈ AP in the next time frame φ ∈ T , using
historical mobility traces of user j. Let W be width of a
time window (the number of time frames per time window)
that we use for prediction. The sojourn duration δ

(φ−τ)
j,l of

user j sojourns at location lj (in terms of the number of
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Algorithm 2 An algorithm for throughput maximization of
a set U(t) of requests in time slot t
Input: An MEC G = (AP ∪ V,E) with a set AP of APs

and a set V of cloudlets each having computing capacity
Cv , a set U(t) of user requests that request instantiating
new VNF instances or migrating existing VNF replicas
in order to satisfy their delay requirements when they
move around in G.

Output: A solution to maximize the number of admitted
requests in set U(t), by instantiating new VNF instances
or migrating existing VNF replicas, subject to computing
capacity on each cloudlet in G.

1: Identify the VNF instance f ′j,v to be migrated for each
existing request rj in set U(t) by Eq. (13);

2: Construct a bipartite graph G′(t) = (V ∪ U(t), E′);
3: i← 1;
4: G′1(t)← G′(t);
5: H(t)← ∅;
6: while G′i(t) contains edges do
7: Find a maximum matching Hi(t) in G′i(t), by an

algorithm for maximum matching [5];
8: Instantiate new VNF instances or migrate existing

VNF replicas from their current host cloudlets to their
target cloudlets through the matched edges in Hi(t);

9: Update the residual amount of computing resource
in each cloudlet v which can be derived from the
corresponding matched edge in Hi(t);

10: Remove all requests that have been matched in Hi(t)
from set U(t);

11: H(t)← H(t) ∪Hi(t);
12: i← i+ 1;
13: Construct the next auxiliary bipartite graph G′i+1(t);
14: end while
15: Release the occupied resources by their VNF instances

to the system when users leave from the network for
good (or for a given period larger than a threshold in
the end of time slot t.

16: return H(t).

time slots) in time frame φ − τ is tracked with 1 ≤ τ ≤ W .
The predicted mobility probability p̂j,l(φ) of user j towards
location lj is

p̂j,l(φ) =
W∑
τ=1

ατ ·
δ

(φ−τ)
j,l

L
, (14)

where ατ is a constant with 0 ≤ ατ ≤ 1,
∑W
τ=1 ατ = 1,

ατ1 ≥ ατ2 if τ1 < τ2, and L is the length of each time frame
φ.

We then perform the pre-deployment of VNF replicas
at each time frame. We finally conduct VNF instance in-
stantiation and migration within each time slot for each
given time frame. This procedure continues until the given
time horizon is covered. The online algorithm is given in
Algorithm 3.

6.4 Algorithm analysis

We now analyze the performance of Algorithm 2 and
Algorithm 3 as follows.

Algorithm 3 An online algorithm for the online throughput
maximization problem
Input: An MEC G = (AP ∪ V,E) with a set AP of APs

and a set V of cloudlets with each having computing
capacity Cv , and a set U of users moving around in G
for a given time horizon T .

Output: A solution to maximize the accumulative number
of user requests admitted for the time horizon T , assum-
ing that T is partitioned into the number of equal time
frames.

1: for each time frame φ ∈ T do
2: Predict the user mobility probability p̂j,l(φ) of each

user j moving to location lj ∈ AP in the next time
frame φ by Eq. (14);

3: Deploy a set S of VNF replicas for users in U
to maximize the network utility gain, by invoking
Algorithm 1;

4: for each time slot t ∈ φ do
5: /* A set of user requests U(t) requesting to instan-

tiate new VNF instances or migrate existing VNF
replicas to satisfy their delay requirements when
their users move around in the network */

6: Perform VNF instance instantiations and migra-
tions, by invoking Algorithm 2.

7: end for
8: end for

Lemma 3. Given an MEC G = (AP ∪ V,E) with a set V
of cloudlets with each v ∈ V having computing capacity
Cv , a set U(t) of user requests that request instantiating
new VNF instances or migrating existing VNF replicas to
satisfy their delay requirements when mobile users move
to new locations, there is an algorithm, Algorithm 2,
to maximize the network throughput for a set U(t)
of user requests in time slot t. The algorithm takes
O(|U(t)| · |V ∪ U(t)|2.5) time.

Proof Following Algorithm 2, within each iteration, a
VNF instance can be instantiated or migrated only if there
is sufficient computing resource in the target cloudlet. The
computing resource of a migrated VNF replica in its pre-
vious cloudlet will be released back to the system. There
are I iterations in total for VNF instance instantiation and
migration, and the computing capacity constraint on each
cloudlet is not violated at any iteration, the solution deliv-
ered by Algorithm 2 thus is feasible.

The time complexity of Algorithm 2 is analyzed as
follows. In each iteration, the construction of an auxiliary bi-
partite graph takes O(|V | · |U(t)|) time. A maximum match-
ing finding in the auxiliary graph takes O(|V ∪ U(t)|2.5)
time [5]. Algorithm 2 thus takes O(|U(t)| · |V ∪ U(t)|2.5)
time, as there are I = O(U(t)) iterations.

Theorem 4. Given a finite time horizon T , an MEC G =
(AP∪V,E) with a setAP of APs and a set V of cloudlets
with each v ∈ V having computing capacity Cv , a set
U of mobile users with VNF service requests moving
around in the network, a set U(t) of users that request
instantiating new VNF instances or migrating existing
VNF replicas to satisfy their delay requirements at each
time slot t, there is an online algorithm, Algorithm 3,
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for the online throughput maximization problem, which
takes O(|U |2|V |2|AP|) time for the pre-deployment of
VNF replicas for each time frame φ ∈ T , and O(|U(t)| ·
|V ∪ U(t)|2.5) time for VNF instance instantiation and
migration at each time slot t ∈ φ.

The proof of Theorem 4 is omitted, since the running
time of Algorithm 3 follows from Theorem 3 and Lemma 3
directly.

7 PERFORMANCE EVALUATION

In this section, we evaluate the performance of the pro-
posed algorithms through experimental simulations. We
also investigate the impact of important parameters on the
performance of the proposed algorithms.

7.1 Experimental Environmental Settings
We consider an MEC G = (AP ∪ V,E) consisting of from
10 to 250 nodes. We adopt a commonly used tool GT-
ITM [9] to generate network topologies. 10% of AP nodes
are co-located with cloudlets. The computing capacity of
each cloudlet varies from 4,000 MHz to 8,000 MHz [13].
The transmission delay on a link varies from 2 ms to
5 ms [15]. The computing resource demand of the VNF
service instance of each request is set from 10 MHz to 100
MHz [13]. For each user j, the number of possible mobility
locations is no more than 30% of the number of APs in the
network, and its end-to-end delay requirement Dj varies
from 10 ms to 100 ms [21]. The submodular network utility
function h(·) adopted is log(x + 1). Note that the proposed
algorithms still work if other submodular network utility
functions are adopted, and the performance trends of the
algorithms with different submodular functions are similar
with each other. The value in each figure is the mean of the
results out of 50 MEC network instances of the same size.
The running time of an algorithm is obtained based on a
machine with 3.4 GHz Intel i7 Quad-core CPU and 16GB
RAM. Unless otherwise specified, these parameters will be
adopted in the default setting.

We first evaluate the performance of the proposed ap-
proximation algorithm Algorithm 1 against a benchmark
heuristic CBC (cloudlet by cloudlet), which deploys a VNF
replica with the maximum ratio of network utility gain to its
computing resource consumption in a cloudlet, providing
that that cloudlet has sufficient residual computing resource
for the placement. After all VNF replicas in a cloudlet have
been examined, it will move to the next cloudlet. We then
evaluate the performance of Algorithm 2 against a baseline
algorithm Greedy, where algorithm Greedy selects a re-
quest with the minimum resource demand and instantiates
a new VNF instance or migrate an existing VNF instance to
a cloudlet that has the least routing delay. It then updates
the resource availability of the cloudlets in the network.
This process continues until all requests are assigned or no
requests can be admitted by any cloudlet.

We then compare the performance of the online
algorithm, Algorithm 3 against two baseline heuris-
tics: OnlineNonMig and CBC_Greedy, where algorithm
OnlineNonMig does not consider VNF instance instanti-
ations and migrations, while algorithm CBC_Greedy pre-
deploys VNF instances by invoking algorithm CBC at each

time frame, and makes adjustments of VNF instance provi-
sioning by invoking heuristic Greedy in each time slot. For
simplicity, we refer to Algorithm 3 as algorithm Online.

7.2 Performance evaluation of different algorithms
We start by investigating the performance of Algorithm 1
against algorithm CBC for the network utility maximization
problem, by varying network size from 10 to 250 while
fixing the number of requests at 10,000. Fig. 3 demonstrates
the total network utility gain, the number of admitted user
requests, and the running time of each of the two mentioned
algorithms. From Fig. 3 (a), it can be seen that Algorithm 1
outperforms algorithm CBC, and its network utility gain is
always larger than that by CBC. The performance gap be-
tween the two algorithms becomes larger with the increase
on network size. In particular, Algorithm 1 achieves 23.8%
more network utility gain than that by algorithm CBC when
the number of APs is 250. Also, it can be seen from Fig. 3 (b)
that the number of requests admitted by Algorithm 1 is
much more than that by algorithm CBC, and the former
admits on average 965 more users than the latter. Fig. 3 (c)
depicts the running time of the two algorithms. The running
time of Algorithm 1 is a bit higher than that of algorithm
CBC as the former examines and updates more potential
VNF replicas for finding a better solution.

We then study the performance of Algorithm 2 against
the benchmark heuristic Greedy in terms of the number
of requests admitted in each time slot, by varying the
network size from 10 to 250 for 1,000 user requests. Fig. 4
(a) demonstrates the number of user requests whose delay
requirements can be guaranteed (network throughput) by
the two algorithms. The network throughput delivered by
Algorithm 2 is better than that by algorithm Greedy in
all cases. For example, when the network size is 200, the
network throughput delivered by Algorithm 2 is around
14.65% more than that by algorithm Greedy. With the
increase on network size, the performance gap between the
two algorithms becomes larger and larger. The rationale
behind is that Algorithm 2 strives for a better mapping of
user requests to cloudlets, while algorithm Greedy only ex-
amines requests one by one and always tries to instantiate or
migrate a VNF instance in its nearest cloudlet greedily. Fig. 4
(b) plots the running time curves of the two algorithms. It
can be seen that algorithm Greedy takes less time than that
of algorithm Algorithm 2 in all network sizes.

We finally evaluate the performance of the proposed on-
line algorithm, Online, against two benchmark heuristics
OnlineNonMig and CBC_Greedy for the online through-
put maximization problem, by varying network size from
10 to 250 within a given time horizon that consists of 10
time frames while each time frame contains 10 time slots.
Fig. 5 depicts the performance curves of different algo-
rithms. It can be seen from Fig. 5 (a) that algorithm Online
outperforms its benchmark counterparts OnlineNonMig
and CBC_Greedy, and the performance gap between them
becomes larger with the growth of network size. For ex-
ample, the network throughput by Online is 8.17% and
13.23% more than that by algorithms OnlineNonMig and
CBC_Greedy when the network size is 50, and 15.11% and
21.81% more than that by algorithms OnlineNonMig and
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Fig. 3. Performance of different algorithms by varying network size from 10 to 250.
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Fig. 4. Performance of different algorithms by varying network size from
10 to 250.
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Fig. 5. Performance of different algorithms by varying network size from
10 to 250.

CBC_Greedy when the network size is 250, respectively,
from which the effectiveness of instantiating new VNF
instances and migrating existing VNF replicas can be well
justified. Fig. 5 (b) depicts the running time curves of the
mentioned algorithms, where CBC_Greedy takes the least
running time, and OnlineNonMig takes less running time
than that of algorithm Online in all network sizes, as the
algorithm Online considers the pre-deployment of VNF
replicas globally and employs VNF instance instantiation
and migration procedure in each time slot to maximize the
network throughput.

7.3 Parameter impacts on the algorithm performance
We now study the impact of important parameters on the
performance of the proposed algorithms including the ratio
of the maximum number of sojourn locations of a user to the
number of APs, the duration L of each time frame; and the
length of the given time horizon. We start with analyzing
the impact of the ratio on the performance of algorithms
Algorithm 1 and CBC, respectively, for a set of 10,000 user
requests in a network with 100 AP nodes. It can be seen
from Fig. 6 that Algorithm 1 outperforms algorithm CBC.
Specifically, when the ratio is 0.1, Algorithm 1 achieves
15.5% more network utility gains than that by algorithm
CBC. Also, from Fig. 6 (a), it can be seen that with the
increase on the ratio, users will have more dispersed sojourn
locations. Thus, more computing resources are consumed
for deploying VNF replicas to cope with user mobility.

Similarly, the number of admitted requests decreases with
the increase of the ratio. When the ratio is 0.1, on average
3,018 user requests can be admitted by Algorithm 1, while
only 1,670 user requests can be admitted when the ratio is
1.0.

We then investigate the impact of the duration L of each
time frame (the number of time slots in each time frame) on
the performance of algorithms Online and OnlineNonMig
in a network with 200 AP nodes. It can be seen from Fig. 7
that the performance of algorithm Online is always su-
perior to algorithm OnlineNonMig. As algorithm Online
employs the VNF migration strategy to adjust the placement
of VNF instances for users, more user requests can have
their delay requirements satisfied.

We also evaluate the impact of the length of time hori-
zon on the performance of algorithm Online against the
baseline heuristics OnlineNonMig and CBC_Greedy for
a time horizon of 100 time frames, while fixing network
size at 100. Fig. 8 shows the performance of the mentioned
algorithms. From Fig. 8, it can be seen that the longer
the time horizon, the larger network throughput delivered
by algorithm Online, compared with those by algorithms
OnlineNonMig and CBC_Greedy, respectively.

7.4 Scalability evaluation of different algorithms
We finally study the scalability of the proposed algorithms
in terms of performance and running time, by varying the
network size from 200 to 500. Fig. 9 shows the performance
of Algorithm 1 for a set of 10, 000 to 20, 000 requests. It
can be seen from Fig. 9 (a) that the network utility gain
increases with the growth on the network size. Fig. 9 (b)
plots the running time curves of the algorithms for request
sets with different sizes. It can be seen that the running time
of Algorithm 1 in large-scale networks with large numbers
of requests is scalable. Fig. 10 shows the performance of
algorithm Online for a set of 1, 000 to 2, 000 requests per
time slot within a given time horizon that consists of 10
time frames while each time frame contains 10 time slots,
the similar performance behaviors like the case for the static
snapshot is observed too.

8 CONCLUSIONS

In this paper, we investigated reliable and seamless vir-
tualized network service provisioning in a mobile edge-
cloud network, by incorporating user mobility and ser-
vice response delay sensitivity into consideration. We first
formulated two novel optimization problems: the network
utility maximization problem and the online throughput
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Fig. 6. Performance of different algorithms by varying the ratio of maximum number of sojourn locations to the number of access points.
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Fig. 8. The throughput Performance of different algorithms for a time
horizon consisting of 1,000 time slots.

maximization problem, respectively. We then devised a con-
stant approximation algorithm for the first problem, and
developed an efficient online algorithm for the second prob-
lem. We finally evaluated the performance of the proposed
algorithms through experimental simulations. Experimen-
tal results demonstrate that the proposed algorithms are
promising.
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