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Profit Driven Service Provisioning in Edge
Computing via Deep Reinforcement Learning

Yuchen Li, Weifa Liang , Senior Member, IEEE, and Jing Li

Abstract—With the integration of Mobile Edge Computing
(MEC) and Network Function Virtualization (NFV), service
providers are able to provide low-latency services to mobile users
for profit. In this paper, we study the online service placement
and request assignment problem in an MEC network, where ser-
vice requests arrive one by one without the knowledge of future
arrivals, and each arrived request demands a specific service with
a tolerable service delay requirement with the aim to maximize
the profit of the service provider, through admitting as many
service requests as possible for a given monitoring period. This
optimization objective is achieved by assigning service requests to
appropriate cloudlets in the MEC network, pre-installing service
instances into cloudlets to shorten service delays, and accommo-
dating new services by revoking some idle service instances from
cloudlets due to limited computing resources in MEC networks.
In this paper, we first show that the problem is NP-hard. We then
devise an efficient deep reinforcement learning algorithm for the
online service placement and request assignment problem that
consists of a deep reinforcement learning-based prediction mech-
anism for dynamic service placement, followed by a dynamic
request assignment procedure to assign requests to cloudlets. We
finally evaluate the performance of the proposed algorithms by
conducting experiments through simulations. Simulation results
demonstrate that the proposed algorithm is promising, improving
performance by 46.8% compared with that of the comparison
algorithms.

Index Terms—Mobile edge-cloud networks, distributed
resource allocation, service request provisioning, service
instance placement, profit maximization, online machine-learning
algorithms.

I. INTRODUCTION

MOBILE edge computing (MEC) has been envisioned
as a promising solution to provide adequate computing

resources with high Quality of Service (QoS) through deploy-
ing cloudlets (edge servers) within the proximity of users [21].
Users can offload their delay-sensitive tasks to cloudlets
instead of remote clouds for services, thereby reducing not
only end-to-end service delays but also the communica-
tion resource consumption of core networks [37]. Combining
MEC with virtualization techniques such as Network Function
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Virtualization (NFV), service providers now can rent out
cloudlet resources for users by implementing user demanded
services as service instances for profits [16]. For exam-
ple, Augmented Reality (AR) devices are usually resource-
constrained, AR service providers can place service instances
at cloudlets to assist the processing of AR programs with low
latency. On the other hand, AI services can be provided at
cloudlets, where smart turnstiles can upload photos of visitors
to MEC in order to verify visitor identities. Through these
examples, it can be seen that different applications request
different services. Meanwhile, the locations and arriving rates
of different service requests are correlated, which usually fol-
low spatial-temporal correlations. For instance, AR services
are frequently requested from the locations such as museums
or memorial halls while smart turnstiles usually request face
identification services in rush hours.

When a user requests a service, its service provider will
admit the request and initialize a service instance for the user.
Once the requested service finishes, the service instance will
be released back to the system to reduce the operational cost of
the service provider, and the released resources can be utilized
by future service requests. Most existing studies focused on
how to assign service requests to different cloudlets in an MEC
network, by either instantiating new service instances or shar-
ing existing service instances [18], [19], [30], [35]. In contrast,
in this paper we consider a scenario where the service provider
of an MEC network can pre-install most demanded service
instances in cloudlets in advance. The pre-installed service
instances can be used by later service requests immediately
without service initialization delays, this can shorten service
delays of service requests. Consequently, the service provider
can earn more profits by admitting more service requests while
satisfying their service delay requirements. Since the service
provider can only place limited service instances at resource-
constrained cloudlets, an effective prediction mechanism that
can predict which types of service requests and how many
of the service instances are needed in a foreseeable future.
Based on the service demand prediction, the system then
decides whether to pre-install the predicted service instances
or retain existing service instances for future use. Meanwhile,
some existing service instances that are very unlikely to be
used in the near future can be removed from the system to
leave room for new service instances. In this paper, we will
develop such a prediction mechanism to predict future ser-
vice requests and their requested services. We will also devise
an efficient algorithm for service instance placements built
upon the prediction results, and we finally will perform service
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request assignments to cloudlets to maximize the profit of the
service provider. To this end, it poses several challenges.

• First, we are only allowed to install a limited number of
service instances at each cloudlet. Since different services
incur different operational costs and different amounts of
computational resource consumption, it is challenging to
decide how many service instances of each type of ser-
vice should be installed at cloudlets in order to maximize
the profit of the service provider. On the other hand,
although the removal of an idle NFV instance can reduce
the operational cost of the service provider, determining
the removal of which idle NFV instances is challenging,
as this can be illustrated by an extreme example, where
newly incoming requests demand just removed service
instances of a service, these newly arrived requests may
not be admitted due to long instantiation delays on their
demanded service instances. Also, the instance instantia-
tion cost must be considered if it frequently happens to
install and remove service instances from the system.

• Second, predicting future service types and service
demands is difficult. Inaccurate prediction incurs a large
initialization cost and unnecessary computing resource
consumption. Therefore, without the knowledge of future
service request arrivals and service types, judiciously
placing different types of service instances to resource-
limited cloudlets is challenging.

• Finally, it is challenging to assign service requests
to different cloudlets in order to maximize the num-
ber of requests admitted, by taking into account ser-
vice delay requirements of these requests, capacities
of cloudlets, and the accumulative profit of admitted
requests.

The novelty of this paper lies in a framework for dynamic
service placement, by pre-installing service instances and
revoking idle service instances through an effective prediction
mechanism, with the aim to maximize the profit of the service
provider. A deep-reinforcement learning-based online algo-
rithm is devised through learning historical traces of service
request patterns and service types at different cloudlets. A
solution that can provide services for various requests then
is delivered.

The main contributions of this paper are given as follows.
We first formulate the online service placement and request
assignment problem in MEC networks, by assigning service
requests to cloudlets and pre-installing or removing service
instances from cloudlets dynamically. This is achieved through
analyzing historical service request patterns, subject to com-
puting capacity on each cloudlet. We then develop an efficient
algorithm for the problem, which consists of (i) a deep rein-
forcement learning prediction mechanism that is formulated
as a Multi-agent Markov decision process to predict which
services arrive in the future, and pre-install the demanded
service instances accordingly; and (ii) service request assign-
ment that assigns service requests to different cloudlets. We
finally conduct experiments to evaluate the performance of
the proposed algorithm. Experimental results demonstrate that
the proposed algorithm is promising, and outperforms its
comparison heuristics.

The rest of the paper is organized as follows. Section III
introduces the system model and problem definition.
Section IV develops an efficient algorithm for dynamic ser-
vice request admissions that consist of a deep reinforce-
ment learning-based prediction mechanism to predict different
types of service request arrivals in order to install their ser-
vice instances in the system, and an online algorithm for
request assignment based on the installed service instances in
cloudlets. Section V evaluates the performance of the proposed
algorithms empirically, and Section VI concludes the paper.

II. RELATED WORK

Several studies on service provisioning and Virtual Network
Function (VNF) instance placement in MEC environments
have been conducted in the past. For example, Xu et al. [39]
jointly considered the placement of VNF instances for data
processing and data traffic routing path planning for user
requests in a multi-tier edge cloud network to maximize
network throughput. They devised an efficient algorithm for
request admissions, and an approximation algorithm for the
problem without end-to-end delay requirements. Meanwhile,
they dealt with the mobility of mobile devices by adopting
machine-learning methods. Sun et al. [32] considered plac-
ing VNFs of Service Function Chains (SFC) to cloudlets
and connecting VNFs in the SFC in order, with the aim to
minimize the total placement cost. They proposed a time-
efficient algorithm based on affiliation-aware VNF placement
for an offline-version of the problem. They also utilized
the Fourier-Series-based prediction method to predict the
demands of VNFs for the online-version of the problem.
Cziva et al. [6] studied the dynamic VNF placement problem
to minimize the end-to-end latency of requests, considering
network dynamics, user resource demands and user mobil-
ity. They developed a scheduler that delivers an optimal
solution based on the optimal stopping theory [2]. Kayal
and Liebeherr [14] considered service placement in a fog
network to minimize the energy consumption and communi-
cation cost. They devised a fully distributed service placement
algorithm based on the game theory. Li et al. [20] opti-
mized the placement of SFCs to maximize the total expected
profit under an assumption that both demanded computing
resource and traffic data rates are uncertain. They proposed a
near-optimal approximation algorithm by adopting the Markov
approximation technique. He et al. [9] focused on the ser-
vice placement and request scheduling while considering
sharable and non-shareable resources in an MEC network
with the aim to maximize the number of requests admit-
ted. Yousefpour et al. [41] introduced a novel framework for
QoS-aware dynamic fog service provisioning, where services
can be dynamically deployed or released in fog nodes. They
proposed two efficient greedy algorithms to minimize the
cost while meeting the QoS requirements of applications.
Hassan et al. [8] studied the service placement problem with
the aim to reduce the response time for critical services and the
energy consumption for non-critical services. They proposed
an efficient service placement algorithm that considers the pri-
ority of services, network latency, and the power efficiency
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jointly. Ning et al. [29] studied the dynamic service place-
ment framework where mobile users move erratically, with
the aim to maximize the system utility. They first decomposed
the long-term optimization problem by utilizing the Lyapunov
optimization method. They then adopted a sample average
approximation-based stochastic algorithm to approximate the
future expected system utility. They finally determine service
placement configurations by giving a distributed Markov-based
approximation algorithm.

There are also investigations on the online service place-
ment and request assignment problem of service provisioning
in MEC networks. For example, Du et al. [7] investigated
the problem of request offloading and content caching. They
formulated the problem as a stochastic optimization problem
with the aim of maximizing the profit, by jointly optimizing
the computation offloading strategy, resource allocation, and
Internet content caching strategy. They formulated a Lyapunov
optimization algorithm for the problem. Li et al. [17] consid-
ered a VNF provisioning problem to maximize the revenue,
by admitting user requests with service reliability require-
ments. They proposed two online algorithms with provable
competitive ratios for the problem, by adopting the primal-dual
technique. Yang et al. [40] aimed at maximizing the profit of
cloud providers by admitting a subset of requests and find-
ing an optimal scheduling of user requests. Ma et al. [26]
studied the profit maximization problem in an MEC network
by dynamically admitting delay-aware requests while meet-
ing SFC requirements. Samanta and Chang et al. [31] focused
on the optimization of the profit and latency. They proposed
an adaptive service offloading scheme that maximizes the rev-
enue collected while maintaining network utility. Xu et al. [38]
considered the assignment of requests to shared VNF instances
to maximize network throughput while minimizing the opera-
tional cost. They proposed a prediction mechanism to dynami-
cally adjust the number of VNF instances needed in cloudlets,
which later serves as a baseline in our experimental section.
Liu et al. [23] studied the optimization of both new and
existing user SFC deployments with the aim to maximize
the profit, while considering th resource consumption and
operational overhead. They proposed an integer linear pro-
gramming (ILP) solution, and presented a column genera-
tion (CG) solution to reduce the time complexity of the
algorithm.

There are several recent studies that utilize deep learn-
ing for task offloading and resource allocation problems in
mobile edge computing networks [10], [24]. For instance, Tang
and Wong et al. [34] considered task offloading in a mobile
edge computing environment, where they utilized the long
short-term memory (LSTM), dueling deep Q-network (DQN),
and double-DQN techniques to decide whether to offload
tasks, and to which edge node each offloading task should
be offloaded. Huang et al. [12] considered task offloading and
wireless resource allocation in an MEC under dynamic wire-
less network conditions. They proposed a Deep Reinforcement
learning-based Online Offloading (DROO) framework, which
achieves near-optimal performance with low computation
time. Liu et al. [25] make use of deep reinforcement learn-
ing method to predict the locations of servers, and obtain an

optimal task offloading decision in a Vehicle Edge Computing,
where moving vehicles act as mobile edge servers to provide
computation services. Min et al. [28] studied task offload-
ing of IoT devices with energy harvesting. They proposed a
reinforcement learning based scheme to decide the destina-
tion edge device of task offloading and the offloading rate.
Chen et al. [3] proposed a double deep Q-network (DQN)-
based strategic computation offloading algorithm to find the
optimal task offloading destination base station, where the
deep neural networks can predict the network dynamics in
prior. However, the above studies mainly use deep learn-
ing as a solution to combinatorial optimization problems,
or they utilize deep learning to predict the statuses of a
network, such as the network conditions or the workload of
servers.

Unlike the aforementioned studies that determine service
placements when service requests are given in advance, in this
paper we focus on placing service instances prior to service
request arrivals, which is much more difficult as there is no
way to know when and how many requests of each type of
services arrive in advance. We will adopt the deep reinforce-
ment learning method as a prediction mechanism to achieve
this. It must be mentioned that this is an extended version of
a recent conference paper [22].

III. PRELIMINARIES

In this section, we introduce the system model and define
the problem precisely.

A. System Model

We consider a mobile edge computing network G = (V ∪
S ,E ) that consists of a set V of access points (APs) and a
set E of links between APs. For each link e(i , j ) ∈ E , there
is a transmission delay le (= li ,j ) on it. We assume that a
link between two APs is an optical link with high capac-
ity, and thus the bandwidth on the link is not considered as
a constraint. Also, a set S of cloudlets that are co-located
with some of the APs. Each cloudlet cj ∈ S has limited
computing capacity CAPj for hosting service instances. Let
fk ∈ F with k = 1, 2, . . . , |F | be a service function in the
service set F provided by the MEC network. We assume
that a service instance of fk can only serve a request at
any moment, and thus, the computing resource requirement
of a service instance can be precisely estimated in advance.
Denote by c(fk ) the computation resource requirement of ser-
vice instance fk . We further assume that the monitoring time
period T is divided into equal time slots indexed by t with 1
≤ t ≤ T. In order to reduce the end-to-end service delay of
each service request, service instances can be pre-installed in
cloudlets prior to the arrivals of requests. Meanwhile, some
idle service instances can also be removed from the system to
deploy the most demanded services. Therefore, each time slot
is split into two stages: the service placement stage, and the
request admission stage. Fig. 1 demonstrates an MEC network
with five APs and three co-located cloudlets, where several
service instances are installed at cloudlet 1 and cloudlet 3,
respectively.
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Fig. 1. An illustration of an MEC network with installed service instances.

B. Service Placement Stage

Denote by nt
j ,k the number of instances of service fk

in cloudlet cj at time slot t with 1 ≤ t ≤ T. Since each
cloudlet has limited computing capacity, the number of service
instances installed in cloudlet cj at time slot t is constrained by
∑|F |

k=1 n
t
j ,k ≤ CAPj , where CAPj is the computing capac-

ity of cj . As service instances in cloudlets at each time slot
t can be added or removed, let δtj ,k be the number of service
instances to be installed or deleted from cloudlet cj at time
slot t. If δtj ,k > 0, then cloudlet cj instantiates δtj ,k instances of
service fk ; otherwise, δtj ,k instances of fk will be released from
cj . Furthermore, considering that some instances are serving
unfinished requests, they should not be removed. Thus, the
number of instances at each cloudlet should be no less than
the number of unfinished requests at the cloudlet. For conve-
nience, denote by φtj ,k the number of requests that are still
being processed at time slot t, we have φtj ,k ≤ nt

j ,k .

C. Request Admission Stage

Mobile users offload their tasks to cloudlets via their nearby
APs. Let R be the set of service requests arrived at different
APs during a monitoring period of T. We assume that at time
slot t, a subset of requests R(t) (⊂ R) arrives. Request ri ∈ R
can be represented by a tuple (ti , fki , vi , τi , di ), where ti is
the time slot of its arrival; fki ∈ F represents its service type,
vi ∈ V represents its closest AP, τi represents its execution
duration, and di is its end-to-end service delay requirement.
For convenience, denote by F(k) (⊂ R) the set of requests
that demand service fk .

Given an arrived request ri , it will be either admitted by
assigning it to one cloudlet or rejected immediately. We use a
binary variable x ti ,j ∈ {0, 1} to denote whether request ri is
admitted by cloudlet cj at time slot t. Request ri can only be
admitted at the time slot of its arrival,

x ti ,j = 0, ∀i , j , t �= ti (1)

Because each service request ri has an execution duration
of τi time slots, once it is admitted, the request leaves the
MEC system at the end of the (ti + τi − 1)th time slot. We
use P t

i ,j ∈ {0, 1} to denote that request ri is being processed

by cloudlet cj at time slot t, and thus

∀i , j , t P t
i ,j =

{
x tii ,j , ti ≤ t < ti + τi
0, otherwise

(2)

To admit request ri , a cloudlet cj needs to have an idle ser-
vice instance or sufficient resource to initialize a new service
instance for fki . For convenience, we use a binary variable
x idlet ,i ,j ∈ {0, 1} to indicate if ri is offloaded to an idle instance,
and x t

new

i ,j ∈ {0, 1} to indicate if request ri is served by
initializing a new instance. We then have

x ti ,j = x idlet ,i ,j + xnewt ,i ,j , ∀i , j , t (3)

Recall that φtj ,k is the number of unfinished requests for
service fk at the service placement stage of time slot t, we
have

φtj ,k =
∑

ri∈F(k)∩R(t)

P t
i ,j , ∀t , j , k (4)

Also, if there are nt
j ,k instances for service fk in cloudlet cj

at time slot t before the service admission stage of time slot t
and xnewt ,i ,j instances are created at the request admission stage,
the number of instances of service fk at time slot t + 1 then
is

nt+1
j ,k = nt

j ,k +
∑

ri∈F(k)

xnewt ,i ,j + δt+1
j ,k , ∀t , j , k (5)

To admit a request, not only does the cloudlet have sufficient
residual computation capacity, but also the delay requirement
di of request ri can be met. Assigning request ri to cloudlet
cj will experience the network delay, potential initialization
delay, and processing delay. Denote by prock the processing
delay of an instance for service fk , and define the network
delay as the accumulative delay along a shortest path from
the arrived AP to the target cloudlet, where a target cloudlet
of a request is referred to its assignment to that cloudlet.
Recall that link e ∈ E between two APs has a latency le .
The network delay of request ri from an AP vi to cloudlet
cj is Li ,j =

∑
e∈pi,j le , where pi ,j is the shortest path in

the MEC network between AP vi and AP vj . We assume that
the initialization time of service fk is insk . If request ri is
uploaded to cloudlet cj , and cj does not have an idle instance
for fki , the cloudlet will instantiate a new instance for fk . This
will result in an initialization delay. The latency of assigning
request ri to cloudlet cj thus is Li ,j + inski , which should be
no greater than the delay requirement of request ri , i.e.,

(
Li ,j + procki

) · x ti ,j + xnewt ,i ,j · inski ≤ di , ∀i , j , t . (6)

D. Operational Expense and Request Admission Profit

Initializing and hosting a service instance at any cloudlet
incurs an operational cost. The operational expenditure of an
MEC network consists of three components: (i) the energy
consumption of hosting service instances even if the service
instances are idle; (ii) the energy consumption of serving
each service request; and (iii) the initialization cost of service
instances.
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Let Cidle(fk ) be the energy consumption per time slot for
hosting an instance of service fk , Cser (fk ) the energy cost per
time slot for admitting a request of service fk , and Cins(fk ) the
initialization cost of an instance of service fk . The operational
cost Cj (t) of cloudlet cj at time slot t thus is

Cj (t) =
|F |∑

k=1

⎛

⎝

⎛

⎝
∑

ri∈R(t)∩F(k)

xnewt ,i ,j +
[
δtj ,k

]+
⎞

⎠ · Cins(fk )

+

⎛

⎝
∑

ri∈R(t)∩F(k)

xnewt ,i ,j + nt
j ,k

⎞

⎠ · Cidle(fk )

+
∑

ri∈R(t)∩F(k)

P t
i ,j · Cser (fk )

⎞

⎠, (7)

where [a]+ = max{a, 0}, the first term in Eq (7) is the cost of
initializing new instances, the second term is the idle energy
consumption cost of hosting instances, and the third term is
the energy consumption of serving requests.

The service provider charges users for their service requests
are admitted. We assume that the service provider will earn the
amount RV (fk ) of revenues per time slot for serving a request
of service fk . Then, the total revenue obtained by cloudlet cj
at time slot t is

RVj (t) =
∑

ri∈R(t)

τi · RV
(
fki
)
. (8)

The profit of cloudlet cj at time slot t is RVj (t)−Cj (t). The
total profit of the service provider by admitting user service
requests for a given monitoring period T thus is

T∑

t=1

|S |∑

j=1

(
RVj (t)− Cj (t)

)
. (9)

E. Problem Formulation

The online service placement and request assignment
problem is defined as follows. Given a mobile edge-cloud
network G = (V ∪ S ;E ), a set F of services provided by
the network, a finite time horizon that is divided into T equal
time slots, and a sequence of service requests arriving one by
one without the knowledge of future arrivals, let R be the set
of arrived requests within the given time horizon T, where
each request ri ∈ R demands a service fki ∈ F with a delay
requirement di . The problem is to assign arrived requests at
each time slot t to cloudlets while meeting the delay require-
ments of admitted requests through (i) pre-deploying service
instances of services in F to different cloudlets and deter-
mining the number of demanded service instances to meet
the service delays of admitted requests; and (ii) removing
some existing idle service instances from the system such
that the accumulative profit

∑|S |
j=1

∑T
t=1(RVj (t) − Cj (t)) is

maximized, subject to computing capacity on each cloudlet
in G.

Theorem 1: The online service placement and request
assignment problem in G = (V ∪ S ,E ) is NP-hard.

Proof: We prove that the one-time-slot service placement
problem with the knowledge of arrived requests is NP-hard, by
a reduction from a well-known NP-hard problem - the multi-
knapsack problem as follows.

Given a set B of knapsacks, where each knapsack bj ∈ B
has capacity W (bj ), and a set A of items where each item
ai ∈ A has value value(ai ) and size size(ai ). The multi-
knapsack problem is to maximize the accumulative value by
placing as many items as possible into knapsacks, subject to
the capacity on each knapsack.

Given an instance of a multi-knapsack problem, we con-
struct a special case of the online service placement and
request assignment problem as follows. For each knapsack
bj , we create a cloudlet cj with capacity W (bj ), and there
is no idle service instance at the cloudlet. For each item ai ,
we construct a request ri with one-time-slot duration and the
profit to admit it is value(ai ), and the service instance fki
needs size(ai ) computation capacity. Here we assume that the
delay requirement is stringent that the requests can be admit-
ted only if their required service instances are ready, and we
also assume that the network delay is negligible so there is no
difference among cloudlets when admitting requests. We aim
to find how many instances to be installed at cloudlets while
the computing capacity on each cloudlet is constrained. It can
be seen that a solution to this special service placement and
request assignment problem is a solution to the multi-knapsack
problem, and the reduction is polynomial. Moreover, the online
service placement and request assignment problem needs to
place the instances without knowing the arrived requests at
the current time slot, considering the impact of placement on
future arrived requests, which is at least as hard as the special
service placement and request assignment problem. Therefore,
the problem is NP-hard.

F. ILP Formulation of the Offline Version of the Problem

In the following, we formulate an ILP formulation for the
offline service placement and request assignment problem,
where the set R(t) of requests at each time slot t is given with
1 ≤ t ≤ T, i.e., R = ∪Tt=1R(t). For this offline version, the
objective is to maximize the accumulative profit as follows.

Maximize
xnew
t,i,j ,x

idle
t,i,j ,δ

t
j ,k

T∑

t=1

|S |∑

j=1

(
RVj (t)− Cj (t)

)

s .t . (1), (2), (3), (4), (5), (6), (7), (8), (9) (10)

|F |∑

k=1

nt
j ,k · c(fk ) ≤ CAPj , ∀j , t (11)

|F |∑

k=1

nt
j ,k · c(fk ) +

∑

i∈R(t)

xnewt ,i ,j · c
(
fki
)

≤ CAPj , ∀j , t (12)
∑

i ∈F(k)

x idlet ,i ,j ≤ nt
j ,k − φtj ,k , ∀j , k , t (13)

φtj ,k ≤ nt
j ,k , ∀j , k , t (14)
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T∑

t=1

|S |∑

j=1

x ti ,j ≤ 1, ∀i (15)

nt
j ,k ≥ 0, ∀j , k , t (16)

δtj ,k ∈ Z , ∀j , k , t (17)

x ti ,j ∈ {0, 1}, ∀i , j , t (18)

x idlet ,i ,j ∈ {0, 1}, ∀i , j , t (19)

xnewt ,i ,j ∈ {0, 1}, ∀i , j , t (20)

Constraint (11) guarantees that the total computing resource
demand of all instances in the service placement stage does
not exceed the computing capacity on each cloudlet at any
time slot. Constraint (12) prevents cloudlets from admitting
too many requests to violate their computation capacity. The
RHS of Constraint (13) denotes the number of idle service
instances. The LHS in Constraint (13) represents the number
of requests for service fk admitted by idle instances at cloudlet
cj , which should be no larger than the RHS. Constraint (14)
ensures that the number of service instances is no less than
the number of instances that are being processed, so in service
placement stage we do not remove non-idle service instances.
Constraint (15) ensures that each request can only be admitted
by one cloudlet.

Although the ILP formulation of the offline version of the
problem can deliver an optimal solution, this solution is an
upper bound on the problem due to that it is assumed that the
knowledge of request arrivals at all time slots is given. The
LP relaxation of the proposed ILP solution delivers a solution
whose value is an upper bound on the value of the optimal
solution of the offline version of the problem, which is also an
upper bound on the problem. This relaxed solution thus will
be used as an estimate of the optimal solution of the problem
later.

For the sake of convenience, we list all symbols adopted in
this paper in Table I.

IV. ONLINE ALGORITHM

In this section we present an online algorithm for the online
service instance placement and request assignment problem.

A. Algorithm Overview

The basic idea of the proposed algorithm consists of two
stages: the service placement stage, followed by the request
assignment stage. We first adopt a deep reinforcement learn-
ing method to predict service request demands and types of
services. We then find a near-optimal service placement for the
predicted service instances. We finally assign each incoming
service request to a cloudlet that contains the service instance
or instantiate an instance of the demanded service.

B. Request Assignment

Assuming that service instances have been placed in
cloudlets, we deal with service request assignment with the
aim to maximize the accumulative profit at each time slot t
with 1 ≤ t ≤ T. Given that a set R(t) of requests arrives and
some service instances have already been deployed in cloudlets

at time slot t, we reduce request assignment to the Generalized
Assignment Problem (GAP) [4] to maximize the profit.

Given a one-time-slot request assignment, we treat each idle
service instance of fk as a bin with capacity c(fk ). Also, each
cloudlet is treated as a bin with its remaining computing capac-
ity CAPj−

∑|F |
k=1 n

t
j ,k ·c(fk ) at time slot t. Then, each request

ri corresponds to an item. For bins corresponding to idle ser-
vice instances, if the delay requirement of a request can be
satisfied when assigned to the bin, its size is set as c(fki ),
and the profit is set as (RV (fki ) − Cser (fki )) · τi . Similarly,
for bins corresponding to the residual computing capacities of
cloudlets, the size of an item at the bins is c(fki ), and the profit
is set as (RV (fki )−Cser (fki )−Cidle(fki )) · τi −Cins(fki ) due
to the extra cost introduced by initializing new instances. For
idle service instances or cloudlets that cannot fulfil the delay
requirement of request ri , we set its size as ∞ to indicate
that ri cannot be admitted. It can be seen that an approximate
solution to the GAP in turn returns an approximate solution
to the request assignment problem. The detailed procedure is
given in Procedure 1.

C. Service Placement

Considering that no prior knowledge of request arrivals
at each time slot t is given, we adopt a deep reinforcement
learning method for service placement. Specifically, we first
formulate the service placement as a Multi-agent Markov
Decision Process (MMDP), where a set of agents interacts
with an environment for a given number of time slots, with the
aim to maximize the total reward. At each time slot, the agents
obtain the state of the environment, and then take actions based
on the state. The actions then impact the environment and
transit the environment to the next state. The agents receive
rewards as a consequence of their actions and the change of
the environment. Fig. 2 demonstrates the interaction of agents
and their environments.

An MMDP is usually expressed by a tuple (N ,S,A,P,R),
where N is the set of agents, S is the state set of
the environment, A is the action set of agents, P is the
transition function, and R is the reward function. Given
state s, actions a1, a2, . . . , a|N | and the next state s ′,
P(s , a1, a2, . . . , a|N |, s ′) defines the probability of the tran-
sition from state s to s ′. Similarly, R(s , a1, a2, . . . , a|N |, s ′)
is the reward that the agents obtain by taking action a when
the state transits from s to s ′.

We formulate the problem as a multi-agent Markov Decision
Process (MMDP) as follows.

Agent: Each cloudlet cj with j ∈ {1, 2, . . . , |S |} is modeled
by an agent Nj to manage its service placement.

State: The state s ∈ S describes the status of the MEC
network, i.e., the history of offloaded service requests that will
be admitted at cloudlets and their demanded service instances
in cloudlets. Thus, the system state st ∈ S at time slot t
is defined by a tuple (Rη(t),n(t),R

∗(t), t), where Rη(t) =
R(1) ∪ R(2) ∪ . . . ∪ R(t − 1) is the set of service requests
that arrive before time slot t, nt

j ,k ∈ n(t) is the number of
instances of service k at cloudlet cj , R∗(t) denotes the set
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TABLE I
TABLE OF SYMBOLS

of admitted service requests prior to time slot t, that have not
finished at time slot t.

Action: In the service placement stage of each time slot,
the agents decide to place or remove some service instances
at their cloudlets. Thus, action aj ∈ A of agent Nj

is defined as a vector aj = (aj ,0, aj ,1, aj ,2, . . . , aj ,|F |),

∑|F |
k=0 aj ,k = 1, where aj ,k represents the percentage of

available computational capacity to be allocated to service
fk if k �= 0 and aj ,0 represents the percentage of avail-
able computational capacity. While deciding the placement
of instances, we need to maintain the instances of unfinished
requests. Therefore, the available computational capacity that
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Procedure 1 Request Assignment Procedure at One Time Slot

Input: An MEC network G = (V ∪ S ;E ) with a set of
cloudlets C, the number of total service instance nt

j ,k

and occupied service instance φtj ,k for service fk at each
cloudlet cj , and a set of requests R(t) that arrives at time
slot t.

Output: Find an assignment of requests in R(t) at time slot t
so that the total profit is maximized, subject to the capacity
of cloudlets and delay requirement.

1: Calculate the delay L between any pairs of APs and
APs co-located with cloudlets by the Floyd-Warshall
algorithm [5];

2: Initialize an empty set of bins B ← ∅;
3: for j ← 1, 2, . . . , |S | do
4: for k ← 1, 2, . . . , |F | do
5: for b ← 1, 2, . . . ,nt

j ,k − φtj ,k do
6: Create a new bin B with capacity c(fk );
7: B ← B ∪ {B} ;
8: end for
9: end for

10: Create a new bin B ′ with capacity CAPj −
∑|F |

k=1 n
t
j ,k ·

c(fk );
11: B ← B ∪ {B ′};
12: end for
13: Initialize an empty set of items I ← ∅;
14: for i ← 1, 2, . . . , |R(t)| do
15: Create a new item I and I ← I ∪ {I };
16: for j ′ ← 1, 2, . . . , |B| do
17: if Bin B ′

j corresponds to an idle service instance at
cloudlet cj then

18: Profit(i , j ′)← (RV (fki )− Cser (fki )) · τi ;
19: delay(i , j ′)← Li ,j ;
20: else
21: Profit(i , j ′)← (RV (fki )−Cser (fki )−Cidle(fki )) ·

τi − Cins(fki );
22: delay(i , j ′)← Li ,j + inski ;
23: end if
24: if delay(i , j ′) ≤ Di then
25: weight(i , j ′)← c(fki );
26: else
27: weight(i , j ′)←∞;
28: end if
29: end for
30: end for
31: Find an assignment of items I to B such that the accu-

mulative profit of assigned items is maximized under the
constraint that the total weight of items in each bin does
not exceed its capacity, by invoking the approximation
algorithm for the GAP in [4];

32: return The assignment of requests xnewt ,i ,j and x idlet ,i ,j
derived from the assignment of items.

can be allocated is cap
rej
t ,j = CAPj −

∑|F |
k=1 φ

t
j ,k · c(fk ). The

action aj can be decoded by δtj ,k = � cap
rej
t,j ·a ′

j ,k

c(fk )

 for service

placement.

Fig. 2. An illustration of a Multi-agent Markov Decision Process in one
time slot.

State Transition: Having taken agent actions, the system
state will transit to the next state, following the state transition
function P(st , at1, a

t
2, . . . , a

t
|S |, s

t+1). Specifically, first, the
number of instances at any cloudlet cj ∈ S changes under
the agent’s action aj in the service placement stage, that is,
nt
j ,k ← nt

j ,k + δtj ,k . Second, in the request admission stage,
a set of requests R(t) arrives. Procedure 1 (that will be
disscussed later) is applied to assign the arrived requests to
cloudlets. The system state then is updated, following the
result delivered by Procedure 1. Since finished requests will
leave in the end of each time slot, set R∗(t) will be updated
accordingly.

Reward: To encourage each agent to maximize its contri-
bution to the total profit, a reward function Rj (s

t , at1, a
t
2, . . . ,

at|S |, s
t+1) is defined, which describes how much

reward an agent Nj receives after a state tran-
sition. Assume that there is a state transition

st = (Rη(t),n(t),R
∗(t), t)

at
1,a

t
2,...,a

t
|S|−−−−−−−−→ st+1 =

(Rη(t + 1),n(t + 1),R∗(t + 1), t + 1). Let xnewt ,i ,j and

x idlet ,i ,j be the outputs of Procedure 1 during the transition.
The revenue and operation cost of cloudlet cj are calculated
by Eq. (7) and Eq. (8), respectively.

The reward function of agent Nj then is defined as follows.

Rj

(
st , at1, a

t
2, . . . , a

t
|S |, s

t+1
)
= RVj (t)− Cj (t). (21)

The cumulative reward of agent Nj from time slot t ′ to T
then is

Gj
(
t ′
)
=

|T |∑

t=t ′
Rj

(
st , at1, a

t
2, . . . a

t
|S |, s

t+1
)
. (22)

It can be seen that Gj (1) is the total reward of agent Nj

during the monitoring period T, so
∑|S |

j=1Gj (1) is equiva-
lent to the objective function (9). We thus maximize the total
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Procedure 2 Advantage Actor-Critic Based Procedure for
Online Service Instance Placement
Input: The system state st = (Rη(t),n(t),R

∗(t), t), the
actor network with parameter θj for agent Nj .

Output: The service placement decision for cloudlet cj
1: Let πj (atj | st ; θj ) be the output of the actor network for

the input of system state st ;
2: Sample action atj according to the distribution

πj (a
t
j | st ; θj );

3: δtj ,k ← �
caprej

t,j ·a ′t
j ,k

c(fk )

, ∀k ∈ {1, 2, . . . , |F |};

4: return The service placement decision δtj ,k for cloudlet
cj

reward Gj (1) of all agents Nj instead of maximizing the orig-
inal optimization objective of the problem. Due to the large
state space and lack of knowledge of future request arrivals,
it is impossible to calculate the state transition function and
reward function accurately. We instead design a policy func-
tion πj (aj | s) for each agent Nj , which gives the possibility
of taking action a under state s. We then find an optimal
policy function of each agent. We make use of deep neural
networks (DNNs) called actor networks as the policy function
πj (aj | s), which can extract important features from states
and learn service request patterns. The service placement by
DNNs can be obtained by applying Procedure 2 as follows.

Initially, each agent in the actor network is not trained and
has a random parameter θj . The reward could be low. To obtain
a near-optimal reward, assume that the service provider has a
collection Γ of sets of historical requests in the past monitor-
ing periods, where a set R′ ∈ Γ of requests arrives during one
of the past monitoring periods which has an almost identical
arriving pattern as R. We train the actor networks using his-
torical data traces to approximate the optimal policy functions
of agents as disscussed below.

D. Online Algorithm

Considering that there are multiple agents and the action
space is continuous. To train the actor networks, we adopt the
Advantage Actor-Critic (A2C) algorithm for multiple agents
and continuous space scenario [36], where the actor networks
of all agents have randomly initialized parameter θj . Denote
by πj (aj | st ; θj ) the actor network with the parameter θj for
each agent Nj .

The basic idea of the A2C algorithm is to apply Stochastic
gradient descent(SGD) technique [15] to update parameter θj
in order to maximize the expected cumulative reward of agent
Nj . The expected cumulative reward of agent Nj from time
slot 1 to T is defined as a function J t

j with respect to parameter
θj by

Jj
(
θj
)
= E

[
Gj (1); θj

]
. (23)

Since we aim to maximize Jj (θj ), this is equal to minimiz-
ing −Jj (θj ). We update parameters θj of the actor network
by applying SGD, i.e.,

θj ← θj + η∇θj Jj
(
θj
)
, (24)

where ∇θj Jj (θj ) is the gradient of Jj (θj ), and η is the learn-
ing rate to control the step of the gradient descent, which is a
constant with 0 < η < 1.

Denote by ζ = (s1, a11 , . . . , a
1
|S |, s

2, . . . , a
|T |
|S | , s

|T |) a
sequence of system states and agents’ actions for the mon-
itoring period T. Let Pr(ζ) be the probability of sequence ζ
and Rj (ζ) the reward that agent Nj obtained if the sequence
of system states and agent actions follows ζ. Eq. (23) can be
written as

Jj
(
θj
)
=

∫

Pr(ζ) · Rj (ζ)dζ. (25)

Note that for function f (·), we have ∇f (·) = f (·)∇ log f (·).
To calculate the gradient ∇θj Jj (θj ), we have

∇θj Jj
(
θj
)
= ∇θj

(∫

Pr(ζ) · Rj (ζ) dζ

)

=

∫

Rj (ζ) ·
(
∇θjPr(ζ)

)
dζ

=

∫

Pr(ζ) · Rj (ζ) ·
(
∇θj logPr(ζ)

)
dζ

= E

[
Rj (ζ) ·

(
∇θj logPr(ζ)

)]
. (26)

The probability Pr(ζ) can be expanded, that is,

Pr(ζ) = p
(
s1
)
·
|T |∏

t=1

(
P
(
st , at1, . . . , a

t
|S |, s

t+1
)

·
|S |∏

j ′=1

π′j
(
a ′j | st ; θ′j

)
⎞

⎠, (27)

where p(s1) is the probability of the initial state s1,
∏|T |

t=1(P(st , at1, . . . , at|S |, st+1) · ∏|S |
j ′=1 π

′
j (a

′
j | st ; θ′j )) is

the probability that the system has a sequence of
states s1, s2, . . . , s|T |, and each agent Nj takes actions

a1j , a
2
j , . . . , a

|T |
j at different time slots.

Pluging Eq. (27) into Eq. (26), we have

∇θj Jj
(
θj
)
= E

⎡

⎣

(
T∑

t=1

Rj

(
st , at1, . . . , a

t
|S |, s

t+1
)
)

·
(
∇θj log p

(
s1
)

·
|T |∏

t=1

⎛

⎝P
(
st , at1, . . . , a

t
|S |, s

t+1
)

·
|S |∏

j ′=1

π′j
(
a ′j | st ; θ′j

)
⎞

⎠

⎞

⎠

⎤

⎦

= E

[(
T∑

t=1

∇θj log πj
(
aj | st ; θj

)
)

·
(

T∑

t=1

Rj

(
st , at1, . . . , a

t
|S |, s

t+1
)
)]

.

(28)
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However, it is impossible to calculate the expectation
Eq. (28) directly. Therefore, we instead sample historical
service request traces to estimate ∇θj Jj (θj ). That is,

∇θj Jj
(
θj
) ≈

(
T∑

t=1

∇θj log πj
(
aj | st ; θj

)
)

·
(

T∑

t=1

Rj

(
st , at1, . . . , a

t
|S |, s

t+1
)
)

. (29)

Notice that action at will affect the reward received prior to
time slot t. Due to causality [33], we instead use the following
estimation

∇θj Jj
(
θj
) ≈

T∑

t=1

∇θj log πj
(
aj | st ; θj

)

·
(

T∑

t ′=t

Rj

(
st , at1, . . . , a

t
|S |, s

t+1
)
)

=

T∑

t=1

∇θj log πj
(
aj | st ; θj

) ·Gj (t), (30)

To further decrease the estimated variance, we replace Gj (t)
with Gj (t)−E[Gj (t) | st ], and the details of the proof of the
replacement can be found in [1], [33]. We then have

∇θj Jj
(
θj
)

≈
T∑

t=1

∇θj log πθj

(
atj | st ; θj

)(
Gj (t)− E

[
Gj (t) | st

])
,

(31)

as an estimation of gradient ∇θj Jj (θj ), and we deploy a
critic network for each agent that takes st as its input and
a value function V

πj

j (st ;ωj ) as it soutput, which serves as an
approximate estimation on E[Gj (t) | st ].

Similarly, each critic network has a random parameter
ωj to be trained, we will train both the actor and critic
networks of each agent Nj simultaneously. With the progress
of training, the gap between V

πj

j (st ;ωj ) and E[Gj (t) | st ]
becomes smaller, which makes the actor network approaches
the optimal policy.

The training proceeds as follows. Let R′ be a set of histor-
ical service request traces. We simulate the service placement
and request assignment processes, using historical service
requests in R′.

In the service placement stage at each time slot t, each
agent Nj first inputs the system state st into its actor network,
its output πj (aj | st ; θ0j ) and service instance placement are
obtained accordingly.

In the request assignment stage at time slot t, Procedure 1
is invoked to assign the arrived requests in R′(t). The system
state st , action atj and reward Rt

j of each agent Nj at each
time slot t are recorded. Then, the service placement stage at
time slot t + 1 proceeds. This procedure is repeated until the
last time slot T reaches.

We then update the actor and critic networks of each agent
Nj . Recall that we aim to maximize J t

j (θj ) at each time slot

Procedure 3 Training Procedure for the Actor Network

Input: An MEC network G = (V ∪ S ;E ) with a set of
cloudlets C, and a set of services F provided by the
network and historical requests in the monitoring area.

Output: A set of trained Actor networks for all agents
1: for j ← 1, 2, . . . , |S | do
2: Randomly initialize an actor network with parameter θj

and a critic network with parameter ωj for each agent;
3: end for
4: while θj and ωj has not converged do
5: Select a set R′ of service requests from request history;

6: for t ← 1, 2, . . . ,T do
7: for j ← 1, 2, . . . , |S | do
8: Calculate δtj ,k ∀k ∈ {1, 2, . . . , |F |} by calling

Procedure 2;
9: end for

10: In request admission stage, calculate xnewt ,i ,j and x idlet ,i ,j
of requests in R′(t) by invoking Procedure 1, and
update the system according to the assignment.

11: Calculate the rewards G t
j for each agent;

12: end for
13: for j ← 1, 2, . . . , |S | do
14: for t ← 1, 2, . . . ,T do
15: Input system state st into the critic networks;
16: ωj ← ωj − η∇ωj (Gj (t)− V

πj

j (st ;ωj ))
2;

17: end for
18: θj ← θj + η

∑T
t=1∇θj log πθj (a

t
j | st ; θj )(Gj (t)−

V
πj

j (st ;ωj ));
19: end for
20: end while;
21: return The trained actor networks with parameters

θ1, θ2, . . . , θ|S |.

t, and we recorded the system state st , action atj and reward
Rt

j of each agent Nj at each time slot t.

To minimize the difference between the output V
πj

j (st ;ωj )

and E[G(t)|st ], we first train the critic network by updating
ωj , followed by updating θj , i.e.,

ωj ← ωj − η∇ωj

(
Gj (t)− V

πj

j

(
st ;ωj

))2
, (32)

and

θj ← θj + η
T∑

t=1

∇θj log πθj

(
atj | st ; θj

)

×
(
Gj (t)− V

πj

j

(
st ;ωj

))
. (33)

Having updated both θj and ωj , if they still do not converge,
we can select another set R′ of historical requests from the
collection Γ randomly, and repeat the above steps on R′ to
further train the actor network and critic network of each agent
Nj until the convergence of both θj and ωj . The detailed
process is shown in Procedure 3.

Having trained the DNNs, the actor networks then can be
used for service placement. As shown in Fig. 3, at the service
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Fig. 3. An illustration of the service placement and request assignment procedure at time slot t.

Algorithm 1 Advantage Actor-Critic Based Algorithm for
Online Service Placement and Request Assignment Problem

Input: An MEC network G = (V ∪ S ;E ) , and a set of
services F provided by the network, a set of requests R,
and historical requests in the monitoring area.

Output: The service placement decision and request assign-
ment at each time slot.

1: Train the actor networks by applying Procedure 3;
2: for t ← 1, 2, . . . ,T do
3: for j ← 1, 2, . . . , |S | do
4: In service placement stage, call Procedure 2 to

calculate δtj ,k , δtj ,k instances for service fk will be
installed or deleted at Cloudlet cj ;

5: end for
6: In request admission stage, calculate xnewt ,i ,j and x idlet ,i ,j of

requests in R(t) by invoking Procedure 1, and update
the system according to the assignment;

7: end for
8: return The service placement decision δtj ,k derived from

the actions atj and the request assignments xnewt ,i ,j , x idlet ,i ,j .

placement stage of each time slot t, we apply Procedure 2,
where the agents take actions, i.e., decide the service place-
ment on cloudlets based on the state of the MEC network.
In Fig. 3, cloudlet 1 removes service instance 1, cloudlet 2
installs service instances 1 and 2, and cloudlet 3 installs ser-
vice instance 2. At the request admission stage, we apply
Procedure 1 to assign requests to appropriate cloudlets. As
shown in Fig. 3, the request that arrived at AP4 is assigned
to cloudlet 2, and the request that arrives at AP5 is offloaded
to cloudlet 3. We finally update the system state and pro-
ceed in the next time slot. The detailed algorithm is shown in
Algorithm 1.

V. PERFORMANCE EVALUATION

In this section, we evaluate the performance of the proposed
algorithm for the online service placement and request assign-
ment problem. We also analyze the impact of important
parameters on the performance of the proposed algorithm.

A. Experimental Settings

We consider an MEC network with 100 APs, where 20%
of them are equipped with cloudlets. The topologies of the
network is randomly generated through a tool GT-ITM [20].
The computing capacity of each cloudlet is value randomly
selected from 2,000 MHz to 4,000 MHz [13]. We assume that
the MEC network provides 20 different types of services, and
each different type of service instance requires 40 to 400 MHz
computing resources randomly [13]. The network delay on
the link between two APs is set a random value from 2 ms
to 5 ms [26]. The instantiation delay of a service instance
varies from 20 ms to 40 ms [27]. The instantiation cost of a
service instance is randomly drawn within [20, 50] [38]. The
profit of processing a user request per time slot is set within
[0.2, 0.3] per MHz [38], and the idle cost for a type of service
instance is set within [0.02, 0.03] per MHz per time slot. The
request arrivals of a certain type of services at an AP follows a
Poisson distribution, where the mean of Poisson distribution λ
is randomly chosen within [0.05, 0.1]. The delay requirements
of requests vary from 10 ms to 50 ms, and each request lasts
from 1 to 5 time slots [13]. The value in each figure is the
mean of the results out of 50 network instances of the same
size, and the running time is obtained based on a machine with
a 3.79GHz AMD Ryzen 5 CPU, RTX 2070 GPU and 32GB
RAM. Unless otherwise specified, these parameters will be
adopted in the default setting. Table II summarizes the default
settings of the parameters in this paper.

We evaluated Algorithm 1 against algorithm Auto-regre
proposed in [38], where they utilized an auto-regression
method to predict the number of required service instances
as nt

j ,k = 0.4 ∗ nt−1
j ,k + 0.3 ∗ nt−2

j ,k + 0.2 ∗ nt−3
j ,k + 0.1 ∗ nt−4

j ,k .
A baseline algorithm for service placement is also proposed,
which releases idle service instances immediately when the
demanded service by a request finishes, and it does not
pre-install any service instances. We refer to this baseline algo-
rithm as NoCache. For Auto-regression and NoCache,
we propose a baseline algorithm for request assignment too,
which assigns requests to cloudlets in descending order of
their computing resource demands. For a given request ri , we
choose a set of cloudlets with sufficient computing capacities
while meeting its service delay requirement. If there is not
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Fig. 4. Performance of different algorithms by varying the size of the MEC network from 50 to 250.

TABLE II
TABLE OF PARAMETER SETTINGS

such a cloudlet, ri will be rejected; otherwise, request ri is
assigned to the cloudlet with the maximum residual capacity
and an idle instance for service fki , i.e., ri is assigned to a
cloudlet cj with the maximum capj by instantiating a new
service instance on it. We also relax the ILP formulation to
a linear programming (LP), and make use of the solution of
the LP as an upper bound on the problem of concern. Even
so, with the increase in network size (numbers of APs) or the
number of requests, the running time of algorithm LP dramat-
ically grows, the LP algorithm thus is only applicable when
the problem size is small or moderate. We refer to the LP
solution as LP.

B. Performance Evaluation of the Online Algorithm

We studied the performance of Algorithm 1 against algo-
rithms Auto-regression and NoCache, respectively, by
varying network size from 50 to 250. Fig. 4(a) plots the
profits achieved by the three comparison algorithms and the
upper bound on the optimal solution. It can be observed that
Algorithm 1 delivers a solution which is from 76.4% to 80.5%
of the upper bound of the optimal solution when network size
varies from 50 to 100. Also, the profit by Algorithm 1 out-
performs those delivered by algorithms Auto-regression
and NoCache in all cases, and the performance gap between
Algorithm 1 and the other comparison algorithms becomes
larger with the increase on network size. When there are

250 APs, Algorithm 1 receives 35.4% more profits than that
of algorithm Auto-regression. The rationale behind this
is that Algorithm 1 has an advantage in the placement of ser-
vice instances and delivers a better assignment of requests.
Fig. 4(b) demonstrates the number of admitted requests by all
algorithms. It can be seen that Algorithm 1 admits 24.5% more
requests than that by algorithm Auto-regression, which
shows that Algorithm 1 achieves better prediction of arriving
requests.

Fig. 4(c) depicts the running times of the mentioned algo-
rithms. Note that in reality, if the pattern of requests in the
monitoring period does not dramatically change, we only
need to conduct the training procedure once, as the trained
DNNs can be re-used. Therefore, we exclude the training
time from the running time of Algorithm 1. It can be seen
that Algorithm 1 takes longer compared with algorithms
Auto-regression and NoCache. Despite the running
time of Algorithm 1 is high (637.12 seconds) when the
network size is 250, the average running time per time slot is
around 12.74 seconds, which is applicable since the proposed
algorithm proceeds in an online manner. Also, Procedure 2
can be applied before the arrivals of requests, which means the
running time on determining service placement does not affect
the latency of requests. Moreover, Procedure 2 can be run
in cloudlets distributively, which further reduces the running
time. Therefore, Algorithm 1 is applicable for latency-sensitive
services and large-scale environments.

C. Impact of Important Parameters on the Performance of
the Online Algorithm

We now investigate the impact of important parameters on
algorithms: The arriving rate of requests and delay require-
ments of requests on the performance of the online algorithm
Algorithm 1, by varying the mean of the Poisson distri-
bution λ from [0.025, 0.075] to [0.1, 0.15]. As shown
in Fig. 5(a), Algorithm 1 always outperforms algorithms
Auto-regression and NoCache under different arriv-
ing rates of requests. When the arriving rate of requests is
set within [0.1, 0.15], the profit of Algorithm 1 is 37.30%
more than that of algorithm NoCache. It also can be
seen that the profit gap between Algorithm 1 and algorithm
NoCache becomes smaller when λ is drawn in the interval
[0.0625, 0.1125]. The rationale behind this is that with the
increase on arriving rates of requests, algorithm NoCache
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Fig. 5. Performance of different algorithms by varying the Possion distribution parameter λ from the interval [0.025, 0.075] to the interval [0.1, 0.15].

Fig. 6. Performance of different algorithms by varying the maximum delay requirement from 30ms to 70ms.

can accept more requests with flexible delay requirements, but
Algorithm 1 cannot accept more requests due to the capacity
constraint on each cloudlet. As shown in Fig. 5(b), Algorithm 1
admits the maximum number of user requests compared with
the other algorithms. On the other hand, when the arriving
rate of requests is in the interval [0.075, 0.125], algorithm
NoCache admits similar numbers of requests as algorithm
Auto-regression, but algorithm Auto-regression
collects fewer profits than those of the other two algo-
rithms. The reason is that algorithm Auto-regression
does not consider the profit of requests, so it pre-installs ser-
vice instances with fewer profits. Instead, algorithm NoCache
has more computing resources for admitting requests with high
profits. Meanwhile, Algorithm 1 learns to pre-install service
instances with higher profits, which leads to a higher accu-
mulative profit. In addition, Algorithm 1 finishes within an
acceptable time in Fig. 5(c).

We finally study the impact of delay requirements of
requests on the performance of different algorithms, by vary-
ing the delay from [10, 30] ms to [10, 70] ms. Fig. 6(a)
shows the performance of different algorithms in different
delay requirement settings. We can see that Algorithm 1 deliv-
ers a solution with the maximum profit among the comparison
algorithms. With more stringent delay requirements imposed,
all the three comparison algorithms will deliver fewer profits.
However, the profit reduction of Algorithm 1 is slower, while
algorithm NOCache is fast. The reason is that Algorithm 1
pre-installs some instances, which shortens the service latency
dramatically, and therefore it shows more tolerance to stringent
delay requirements. From Fig. 6(b), we can also see that the
number of admitted requests increases with a longer maximum

delay requirement. Fig. 6(c) depicts that the running times of
the three comparison algorithms.

VI. CONCLUSION

In this paper, we studied the problem of online service
placement and request assignment in an MEC network while
meeting user service delay requirements. We proposed a
deep reinforcement learning-based mechanism to predict the
most demanded services and their placements in a foresee-
able future. We also devised an efficient online algorithm
for dynamic assigning service requests to cloudlets with and
without existing service instances. We finally conducted exper-
iments through simulations. Experimental results demonstrate
that the proposed algorithm is efficient and superior to the
benchmark algorithms.
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