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Abstract. Due to the development of 5G networks, computation inten-
sive applications on mobile devices have emerged, such as augmented
reality and video stream analysis. Mobile edge computing is put forward
as a new computing paradigm, to meet the low-latency requirements of
applications, by moving services from the cloud to the network edge like
base stations. Due to the limited storage space and computing capacity
of an edge server, service placement is an important issue, determining
which services are deployed at edge to serve corresponding tasks. The
problem becomes particularly complicated, with considering the stochas-
tic arrivals of tasks, the additional latency incurred by service migration,
and the time spent for waiting in queues for processing at edge. Bene-
fiting from reinforcement learning, we propose a deep Q network based
approach, by formulating service placement as a Markov decision pro-
cess. Real-time service placement strategies are output, to minimize the
total latency of arrived tasks in a long term. Extensive simulation results
demonstrate that our approach works effectively.

Keywords: Mobile edge computing - Service placement - Deep
reinforcement learning

1 Introduction

With the emergence of 5G communication technology and the proliferation of
mobile smart devices, many new computation and data intensive applications
with low latency requirements have come forth to mobile devices, such as online
interactive games, augmented reality and video stream analysis [2,9,19]. Unfor-
tunately, traditional cloud computing cannot meet the requirements of the appli-
cations, due to the long data transmission time. To address the issue, mobile
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edge computing [7,10] is put forward to provide services to the applications, by
deploying computing resources at the edge of Internet. A mobile edge comput-
ing system enabled by 5G networks is shown in Fig. 1, in which base stations
endowed with servers act as edge nodes.
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time slots with an edge server

Fig. 1. An illustration of the 5G-enabled mobile edge computing system, in which base
stations endowed with servers act as edge nodes.

To reduce the response time, computation tasks generated by different appli-
cations on mobile devices should be offloaded to an edge server for processing,
instead of offloaded to the cloud. However, to serve the tasks of a particular appli-
cation, the corresponding service should be placed on the edge server in advance,
including installing required softwares and caching related databases/libraries.
Unlike the cloud, both storage space and computing capacity of an edge server
are extremely limited. Thus, service placement is an important issue in mobile
edge computing, i.e., determining which services should be deployed at the edge.
Particularly, the problem becomes complicated with the consideration of het-
erogenous tasks randomly arriving to the base station in real time. An online
optimal service placement strategy is desired, to achieve the minimal response
time of all tasks.

Some existing works have paid attention to the service placement in mobile
edge computing. Most of the works focus on designing service placement poli-
cies to improve the quality of service. In [3,6,15,18], the authors consider a
stationary environment and propose several offline service placement algorithms
to determine which services are selected and where they are placed. And these
works achieve provable close-to-optimal performance. In addition, some works
[1,4,12,14,21] consider the varying demands of computation requests arriving to
a mobile edge computing system in real time. In [1,8,12,17], the authors propose
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online service placement schemes, assuming the future dynamics like user mobil-
ity can be predicted in advance or make a milder assumption that user mobility
follows a Markov chain. However, it is hard to obtain the future dynamics as
prior knowledge in practice. Some other works [4,5,13,14,21] solving the service
placement problem without a priori knowledge of future dynamics.

In this work, to make optimal service placement decisions in real time is
non-trivial due to the following challenges. Firstly, the tasks generated by var-
ious applications request differential computing resources, and the arrivals of
tasks randomly vary over time. Dynamic service placement strategy is desired,
adapting to the changing demands of tasks, since only the tasks served by placed
services can be executed at the edge. Secondly, different services request distin-
guishing storage for caching the corresponding softwares and databases. Thus,
the placements of different services are interactive. Moreover, the set of services
to be placed on the edge server is extremely constrained by its storage space.
Thirdly, additional latency is incurred for migrating a service from the cloud to
the edge server, including the time spent for transmitting and operating. This
latency can be omitted if the service has been placed in the previous time slot.
Thus, the service placement strategies in two successive time slots are coupled
with each other. It is hard to derive the optimal strategy without any future
information.

To tackle the difficulties, we propose an online learning-based approach for
the base station to make real-time service placement decisions, aiming to min-
imize the total latency of arrived tasks in a long term. Specially, we first ana-
lyze the switching latency, serving latency, and offloading latency incurred by
a service placement decision respectively, and formulate the service placement
problem as a non-linear optimization with coupled constraints. Due to the supe-
riority of reinforcement learning in making controls in dynamic and random
environments, we model service placement as a Markov decision process and
adopt the deep Q network (DQN) method, in which the reward achieved by a
service placement decision is approximated by a deep neural network. The main
contributions of this work are summarized as follows:

— We formulate the online service placement in a 5G-enabled mobile edge com-
puting system as a Markov decision process. We consider stochastic arrivals
of heterogenous tasks which are served by different services, and the limited
storage space and computing capacity of the edge server.

— We propose a deep reinforcement learning based approach to obtain the opti-
mal service placement strategy, with the objective of minimizing the total
latency of tasks in a long term.

— Extensive simulations are conducted to evaluate the performance of our pro-
posed approach, compared with several baselines. The simulation results con-
firm that our approach performs better than baselines.

The rest of this paper is organized as follows. Section 2 reviews related works.
In Sect. 3, we describe the system model and problem formulation. Then, we
propose our approach in Sect.4. The results of extensive simulations are shown
in Sect. 5, followed by the conclusion in Sect. 6.
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2 Related Work

Considering the limited resources of the edge server, some exiting works [1,3-6,
8,12-15,17,18,21] have studied on service placement in mobile edge computing.
We roughly classify related works into two categories, according to whether the
dynamic nature of an edge computing system is considered.

With considering a stationary environment, several offline service placement
algorithms are proposed, to determine which services are selected and where
they are placed. Specially, both [15] and [6] focus on the joint service placement
and request scheduling problem, aiming to maximize the number of computing
requests processed by edge servers. A near-optimal algorithm with a constant
approximation factor is provided by each of them, respectively. Ascigil et al. [3]
propose a set of uncoordinated strategies for solving the service placement prob-
lem, with considering multiple services with different latency deadlines. However,
the above works do not take the operation cost incurred by service migration into
account. Differently, Wang et al. [18] jointly optimize the service activation cost
and service placement cost of an edge cloud provider, which provisions a social
VR application based on edge clouds. The authors convert the cost optimization
into a graph cut problem and employ a max-flow algorithm.

Considering the varying demands of computation requests arriving to a
mobile edge computing system, services placed on each edge server should be
adapted over time. To tackle the challenge, several works [1,12] propose online
service placement schemes, assuming the future dynamics like user mobility can
be predicted in advance. Some other works [8,17] make a milder assumption that
user mobility follows a Markov chain. However, all the works consider future
dynamics as prior knowledge, which is hard to obtain in practice.

Besides, there are several existing works solving the service placement prob-
lem without a priori knowledge of future dynamics. Xu et al. [21] adopt the Lya-
punov optimization to solve the service placement problem as a queue control
problem, which lacks taking service migration cost into consideration. Differ-
ently, Farhadi et al. [4] takes operation cost incurred by service placement into
consideration. To balance the cost and the performance of serving requests, a
two-time-scale framework for joint service placement and request scheduling is
proposed. By taking advantage of set function optimization, a greedy-based ser-
vice placement algorithm based on shadow request scheduling is proposed, which
achieved constant-factor approximation. Similarly, performance-cost tradeoff is
pursued in [14] with in view of the operational cost of service migration. Consid-
ering the long-term cost budget constraint, the authors design an online service
placement algorithm based on Markov approximation and Lyapunov optimiza-
tion. In addition, a time-efficiency distributed scheme is also provided based on
the best response update technique. In [5], Gao et al. jointly study the access net-
work selection and service placement, with the objective to balance the access,
switching and communication delay. An efficient online framework is proposed
for decomposing the long-term optimization and an iteration-based algorithm is
designed to derive a computation-efficient solution. Ouyang et al. [13] propose a
multi-armed bandit and Thompson-sampling based online learning algorithm to
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make optimal service placement strategy, which aims to optimize the completion
latency of tasks and overhead caused by service migration.

Different from the above works, we jointly consider the switching latency
incurred by service migration and the waiting time spent by tasks for process-
ing at the edge. As the power of reinforcement learning has been witnessed
in complex control under stochastic and dynamic environments, we propose a
DQN-based online service placement approach without knowing future dynamics
of the mobile edge computing system.

3 System Model and Problem Formulation

3.1 System Model

In this work, we consider a 5G-enabled mobile edge computing system, in which
base stations endowed with servers act as edge nodes. Numerous heterogenous
computation-intensive tasks arrive to the base stations in real time. For the
convenience of modeling an online system, we discretize time into a set of equal-
interval time slots, denoted by 7 = {1,2,--- ,T'}. The interval of each time slot
is represented as At.

To execute the tasks of a certain type on an edge server, the corresponding
service should be placed firstly. Specially, a service is an abstraction of an appli-
cation, such as video stream analysis, interactive gaming, and augmented reality.
To run a particular service, an amount of associated data should be cached by
the edge server, including the software and database required by the applica-
tion. Only the services cached on the edge server can be employed to serve the
corresponding tasks.

We consider a library of L services are provided by the mobile edge computing
system, denoted by £ = {1,2,--- , L}. We assume different services have various
amounts of associated data and require different CPU frequencies to process
tasks. Specially, we use s; and f; to denoted the associated data size and the
required CPU frequency of service [ € L, respectively. Initially, all the services
are stored on a remote cloud, as shown in Fig. 1. Each edge server can manually
migrate one or more services from the cloud to its locality in an online manner.
However, which services can be placed is restricted by the limited storage space
and computing ability of an edge server. Generally, we denote the maximal
storage space and CPU frequency of the edge server on a base station as s;,qz
and fiqq, respectively.

In each time slot ¢ € 7, we assume that the arrival of tasks served by service
[ follows a Poisson process at rate nj. It means the average number of tasks
served by [ arriving in time slot ¢ equals to nj. The overall computation demand
arriving to the base station in time slot ¢ is noted as n* = [nf,nk -~ ni].
Besides, we assume the required CPU cycles of each task served by service [
follows an exponential distribution with mean ¢;. Thus, the computing time of
such a task also follows an exponential distribution with mean ¢/ f;, if it is
processed on the edge server.
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According to the real-time arrivals of heterogenous tasks and their computa-
tion requirements, the base station needs to make the service placement decision
online. In other words, the base station should determine which services to be
placed on the edge server in the current time slot. To be specific, the services
have been placed in the last time slot can be kept or removed according to the
current decision. On the other hand, the unplaced services need to be migrated
from the cloud.

We employ a binary variable I} € {0, 1} to indicate whether service [ is deter-
mined to be placed on the edge server or not in time slot ¢t. The service placement
decision in ¢ can be represented by vector I* = [I{, If,--- | It]. Specially, if ser-
vice [ is placed on the edge server in time slot ¢, then I} = 1; Otherwise, I} = 0.
Due to the limited storage space and computing capacity, there exist

L

2
L
lelllt'fl Sfmath (2)

I - 81 < S, Vt (1)

3.2 Service Placement

In this work, we consider the switching latency, the serving latency, and the
offloading latency incurred by different service placement decisions, which are
described in detail as follows.

Switching Latency. To migrate a particular service from the remote cloud to
the edge server, a certain amount of time is spent for transmitting its associated
data, which is referred as the switching latency in our work. Specially, for service
[, we assume the switching latency in time slot ¢ is ¢}, which depends on the
data size of service [ and the network condition between the base station and
the cloud in time slot ¢.

According to the service placement decision in the last time slot I*~!, we
can derive the overall switching latency incurred by a current service placement
decision I' as

L
=Y WLy, (3)

where 1, is an indicator function. If the condition in the brace is satisfied,
then the value of the indicator function equals to one; otherwise, it equals to
zero. Note that only the services unplaced in the last time slot but needed in the
current time slot will incur the switching latency.

Serving Latency. Note that only the tasks served by the services placed on
the edge server can be processed on the base station, while the other tasks have
to be offloaded to the remote cloud for execution. We firstly analyze the latency
incurred for completing a task on the edge server, which is referred as the serving
latency. The serving latency of a task is defined as the period from when the
task arrives to the base station to when the task is completed, which consists of
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the waiting time and the computing time. We employ a specific M/M/1 queue to
model the execution process of a task served by service [ on the edge server, as
both the arriving interval and the computing time of the task obey exponential
distributions. And hence, the average serving time of the task (known as sojourn
time in queuing theory) is

t 1 - ClAt
! fl/cl —nf/At flAt—nfCl.

w

(4)

To make Eq. (4) sensible, we guarantee that serving rate f;/c; is greater than
arriving rate n!/At, by offloading extra tasks served by service [ to the cloud.

Therefore, the overall serving latency incurred by a service placement decision
I' in time slot ¢ can be obtained, i.e.,

L
Q=3 Ifni-up (5)

Offloading Latency. We consider the cloud has all services and adequate com-
puting resource, and hence the executing time of a task offloaded to the cloud
can be ignored. For a task whose required service [ is not placed on the edge
server, we assume the expected time spent for transmitting its input data to the
cloud (referred as the offloading latency) is ¢}. Obviously, it depends on the input
data size and the network condition between the base station and the cloud in ¢.
Therefore, the overall offloading latency incurred by a service placement decision
I' in time slot ¢ can be obtained as

o =37 (1-1f) o, (6)

3.3 Problem Formulation

In this work, we focus on the online service placement problem in a mobile edge
computing system, where heterogenous computation-intensive tasks stochasti-
cally arrive in real time. We try to find an optimal service placement strategy
for the base station, aiming to minimize the total latency of all tasks over time,
ie.,

T
. t t t
H%% E tle + 02"+

L
s.t. E =1 Iltsl < Smazs V1,
2 :L t
=1 Il fl S fmamvvj;'

Without complete future information, e.g., stochastic task arrivals and
dynamic network conditions, it is difficult to obtain the optimal service place-
ment strategy. Moreover, as the switching latency not only depends on the cur-
rent service placement decision but also the previous service placement, there
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exists a trade-off between migrating unplaced services or offloading tasks to
the cloud, in terms of the total latency incurred. Specially, service migration
introduces certain switching latency, while the execution latency of tasks can be
reduced.

To this end, we propose an online learning-based approach for the problem
via adopting reinforcement learning [22], which is applicable for decision making
in stochastic and dynamic environments without any future information in prior.

4 Approach Design

To adopt reinforcement learning, we firstly reformulate the online service place-
ment problem as a Markov Decision Process (MDP). Then, we propose a DQN-
based online service placement approach.

4.1 Reformulated MDP Problem

A typical MDP model mainly consists of state space S, action space A, and
reward function R. In what follows, we formally model the online service place-
ment problem as a MDP, by defining each component mentioned above.

State Space. Each state s' € S represents the information observed from the
mobile edge computing system in time slot ¢. Specially, state s! contains the
service placement in the last time slot, the arrivals of heterogenous tasks in the
current time slot, and the current network condition, i.e., s* = (I*”! n*, B?).
Here, B! represents the real-time bandwidth of the channel between the base
station and the cloud.

Action Space. In each time slot ¢, the base station needs to make a service
placement decision according to the current state, determining which services
placed on the edge server, i.e., a’ £ I*, and hence A = {0,1}x .

Reward Function. After taking action a’ under state s, the base station will
receive a reward 7 defined as the total latency incurred in time slot t, i.e.,
rt=—(0'+ Q'+ o). (7)

Obviously, minimizing the overall latency is equivalent to maximizing the reward.

4.2 DQN-based Approach Design

Given the MDP model defined above, we can adopt reinforcement learning to
obtain the optimal service placement policy. A feasible model-free reinforcement
learning solution is Q-learning [20], which is widely used for making controls in
a dynamic environment without any prior knowledge. In Q-learning, Q-function
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Q(st,at) is introduced to represent the estimated cumulative reward achieved
by taking action a! under state st.

T

Q) 28| ] ®

where v € [0, 1] is a discount factor to indicate the degree of future rewards we
look into. An optimal action a® can be obtained by maximizing the Q-function.

Environment: the mobile
edge computing system [

Online network Value of all actions

Fig. 2. The workflow and training process of our proposed DQN-based approach.

However, Q-learning maintains the Q-function value of each state-action pair
in a Q-table, which will enlarge explosively with the increase of the state and
action space. In our MDP model, the number of state-action pairs is infinite, as
the number of arrived tasks and the network condition vary continuously. There-
fore, Q-learning cannot be used to solve the online service placement problem.
To tackle this challenge, the DQN solution [11] has been developed, in which
the Q-function of each state-action pair is estimated by a deep neural network
(DNN). In this work, we design a DQN-based approach for the online service
placement problem.

Approach Workflow. The workflow of our proposed approach is presented in
Fig. 2. In each time slot ¢, the base station firstly observes the current state s*
of the mobile edge computing system, and input it to a DNN with parameters
0 which is called the online network. Then, the network outputs the Q-function
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value of each action. At last, the base station selects an action a! according to
the e-greedy algorithm [16]. To be specific, the action with the maximal value
Q(st,at;0) is picked by the edge server with probability 1 — ¢, which is referred
as exploitation. On the other hand, the edge server also has the chance to ran-
domly chooses an arbitrary action with probability € to prevent being trapped
in the local optimum. This way is referred as exploitation. Parameter € € (0,1)
is tunable to balance the tradeoff between exploitation and exploration. After
taking action a!, a reward r! is returned by the environment and the state trans-
forms to s'*1. The process is recorded by a tuple (s, al,rt, s'T1), referred as an
experience, which is stored in the memory of the edge server.

Network Training. We train the parameters of the online network based on
historical experiences. Firstly, we randomly sample a mini batch of experiences
from the memory, and input them to the online network and another DNN
which has the same structure with the online network but different parameters
0', referred as the target network, as shown in Fig. 2. The target network is used
to estimate the ground truth of Q-function values, to help train the parameters
of the online network.

We take one sampled experience (s7,a’, 77, s7%1) as an example to illustrate
the training process. Specially, we can obtain the Q-function value estimated by
the online network given s/ and a’, i.e., Q(s’,a’;0). Then, s7*! is input to the
target network and the target Q-function value Q can be obtained according to
the Bellman equation [22], i.e.,

Q=rt —i—fy-maaxQ(st,a;@’). (9)

In order to reduce the difference between Q(s?,a’;6) and Q, we define the loss
function to train the online network as follows,

Loss = (Q — Q(s7, a’;0))*. (10)

We leverage the gradient descent algorithm to minimize the loss function. And
hence, the parameters 6 can be updated as

0 —0+n(Q(s?,a’;0) — Q)VQ(s?, a’;0), (11)

where 7 is the learning rate.

To maintain the stability of the training process, we update the parameters
of the online network and the target network asynchronously. To be specific, the
parameters of the online network are updated immediately after each training
process. Whereas, the target network copy the parameters of the online network
after a certain time slots.

5 Performance Evaluation

5.1 Simulation Setup

We conduct extensive simulations to evaluate the performance achieved by our
proposed approach, compared with four baselines listed as follows.
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— Cloud Processing Only Approach: All tasks are offloaded to the remote cloud
directly, which has all services and adequate computing resources.

— Stochastic Approach: Each service is randomly determined to be placed on
the edge server or not, with considering the storage space and CPU frequency
constraints.

— Service-prior Greedy Approach: As many as possible services are placed on
the edge server, under the storage space and CPU frequency limitations.

— Task-prior Greedy Approach: Services are placed on the edge server one by
one. The service which can serve the most tasks in the current time slot is
selected each time, unless the resource constrains cannot be satisfied.

We evaluate the performance of different approaches according to the their
achieved rewards, i.e., the total latency of all tasks.

The default values of parameters in our simulations are set as follows. There
are four types of services. We set the associated data size s; and the required CPU
frequency f; of each service are within [30,40] GB and [2,3] GHz, respectively.
The maximal storage space and CPU frequency of the edge server are set as
Smaz =100 GB and f,,.., =5 GHz, respectively. Besides, the required CPU cycles
of each task served by service [ follows an exponential distribution with mean
¢; € [0.02,0.03] GHz. The switching latency of migrating service [ from the cloud
to the base station is ¢} € [0.1,0.4]seconds, and the latency for offloading a
task served by service [ to the cloud is ¢! € [0.5, 1] seconds. We set the number
of tasks served by [ arriving in time slot ¢, i.e., n!, is uniformly distributed in
[50,100]. The interval of each time slot is set as 1s. In addition, we set each
episode in the training phase of our approach equals to 250 time slots, in which
a whole interacting process between the base station and the environment is
completed. In default, the parameters of the target network are updated once
when the parameters of the online network have been updated 40 times (referred
as update frequency in our evaluation results). Besides, the batch size sampled
for training is set as 64. Discount factor v to 0.9, and learning rate 7 is 0.005.

5.2 Evaluation Results

We firstly study the impact of the batch size sampled for training and the update
frequency of the target network to the convergence speed of the training process
in our approach, as shown in Fig.3 and Fig. 4 respectively. Figure3 plots the
rewards achieved by our approach varying with the episode, when the batch sizes
are 64, 128, and 256, respectively. We can find that when the batch size equals to
64, the training process of our approach can converge faster than when the batch
size is 128 or 256. This is because the smaller batch size, the steeper direction
of the gradient descent. In other words, the parameters of the online network
can be updated more quickly, according to Eq. (11). Moreover, a larger batch
size consumes more time for training. Hence, we set the default batch size as 64
in the training phase. Figure4 presents the rewards obtained by our approach
changing with the episode, when the update frequencies are 40, 80, and 120,
respectively. Apparently, the larger update frequency, the slower convergence
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speed of the training process. In order to make a tradeoff between maintaining
the stability of the training process and achieving faster convergence, we set the
update frequency as 40.
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Next, we evaluate the performance of our proposed approach, compared with
the four baselines, under different parameter settings. As shown in Fig.5, we
plot the rewards achieved by different approaches when the number of time slots
varies from 50 to 250. The more time slots, the larger total latency achieved
by each approach, since tasks successively arrive to the base station over time.
We can find that the cloud processing only approach achieves the worst perfor-
mance, due to the long data transmission delay to the cloud. Therefore, it is
highly recommended to extend some services to the network edge. Furthermore,
it can be found that the task-prior greedy approach achieves better performance
than the other baselines, as more tasks can be served on the edge server. How-
ever, it obtains larger total latency than our approach, due to the increase of
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the switching latency introduced by frequent service migration. Obviously, our
approach achieves the best performance under different settings of the number of
time slots. Specially, when there are 250 time slots, the total latency achieved by
our approach is 10.91%, 19.82%, 28.11%, 36.86% lower than the four baselines,
respectively. Figure 6 presents the rewards achieved by the five approaches, when
the number of service belongs to {2, 4,6}, respectively. When there are only two
services, the performance of our approach is as same as the service-prior greedy
approach and the task-prior greedy approach, because the two services can be
placed on the edge server at the same time. With the increase of the number of
services, our approach significantly outperforms the baselines, which indicates
our approach is suitable to complex service placement scenarios. Specially, when
there are six services, the total latency obtained by our approach is 14.96%,
21.17%, 28.48%, 36.47% lower than the four baselines, respectively.

6 Conclusion

In this work, we focus on the online service placement problem in a 5G-enabled
mobile edge computing system, in which numerous tasks randomly arrive to
the edge (i.e., base station) in real time. The base station should make service
placement decisions in real time, it is necessary to find an optimal service place-
ment policy to minimize the total completion latency. However, which services
are placed on the base station should be dynamically adjusted according to
the computation demands. Moreover, the additional latency incurred by service
migration and the time spent for waiting in queues should be considered. To over-
come the challenges, we formulate the service placement problem by an MDP
model and propose an DQN-based online service placement approach to obtain
the optimal service placement policy. Extensive simulations are conducted to
validate the performance of our proposed approach. The simulation results show
that our approach achieves higher reward compared with baseline methods, no
matter how the number of time slots and different types of services.
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