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Distributed Task Migration Optimization in MEC
by Extending Multi-Agent Deep Reinforcement
Learning Approach
Chubo Liu , Member, IEEE, Fan Tang, Yikun Hu, Kenli Li , Senior Member, IEEE,
Zhuo Tang , and Keqin Li , Fellow, IEEE
Abstract—Closer to mobile users geographically, mobile edge computing (MEC) can provide some cloud-like capabilities to users
more efficiently. This enables it possible for resource-limited mobile users to offload their computation-intensive and latency-sensitive
tasks to MEC nodes. For its great benefits, MEC has drawn wide attention and extensive works have been done. However, few of them
address task migration problem caused by distributed user mobility, which can’t be ignored with quality of service (QoS) consideration.
In this article, we study task migration problem and try to minimize the average completion time of tasks under migration energy budget.
There are multiple independent users and the movement of each mobile user is memoryless with a sequential decision-making
process, thus reinforcement learning algorithm based on Markov chain model is applied with low computation complexity. To further
facilitate cooperation among users, we devise a distributed task migration algorithm based on counterfactual multi-agent (COMA)
reinforcement learning approach to solve this problem. Extensive experiments are carried out to assess the performance of this
distributed task migration algorithm. Compared with no migrating (NM) and single-agent actor-critic (AC) algorithms, the proposed
distributed task migration algorithm can achieve up 30-50 percent reduction about average completion time.
Index Terms—Energy, mobile edge computing, mobility, multi-agent reinforcement learning, task migration
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INTRODUCTION

1.1

Motivation
a variety of mobile applications, such as online
gaming, virtual reality (VR), and augmented reality
(AR), have become more and more popular in people’s
daily life [1], [2]. Nevertheless, the aboved mobile applications are usually computation-intensive and latencysensitive, thus resource-limited mobile devices face a great
challenge to meet resource and latency demands from these
mobile applications [3]. An alternative solution for mobile
devices is offloading tasks to a cloud center which has sufficient computation resources. Unfortunately, centralized
cloud computing is not suitable for these applications, due
to huge latency caused by long transmission. To tackle this
problem, mobile edge computing (MEC) [4] is proposed
and regarded as a promising technology by deploying servers at the edge of networks. Compared to the traditional
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cloud computing, MEC is geographically closer to mobile
users, and thus can response users faster [5]. Resource-limited mobile devices can offload their computation-intensive
and latency-sensitive tasks to MEC nodes for execution to
improve quality of service (QoS). For its great benefits, MEC
has drawn wide attention from the academic circle and
extensive works have been done. However, MEC also faces
many challenges. For example, users tend to be self-decided
and most of existing works address computation offloading
problem with quasi-static scenario [6], and the migration
management issues associated with user mobility are rarely
involved.
As shown in Fig. 1, there is a sample mobile user
endowed with a resource-limited device. The mobile user is
moving to location 2 after offloading its task to the MEC
node at location 1. In other words, mobile user may leave
the coverage of the MEC node that its task is offloaded to.
With QoS consideration, task migration problem caused by
user mobility cannot be ignored, and efficient migration
strategy that determines whether to migrate tasks dynamically to follow users’ mobility should be designed to meet
QoS requirement. When considering multiple independent
users, the problem becomes even harder.
To our knowledge, only a few works address the task
migration problem caused by distributed user mobility in
MEC. Some works assume that user mobility information
can be perfectly predicted [7], [8], [9], [10], [11]. However,
user mobility is extremely hard to predict with perfect accuracy in realistic situations. On the other hand, some works
assume that the movement of mobile users is memoryless
with a sequential decision-making process, thus Markov
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Fig. 1. System model.

Decision Process (MDP) method is applied to solve the task
migration problem [12]. Nevertheless, traditional solutions
such as dynamic programming require iteratively adjusting
task migration decisions with high computational complexity, which is infeasible for latency-sensitive applications in
MEC. With the popularity of deep reinforcement learning,
some works try to apply deep reinforcement learning algorithm to task migration problem [13], [14], [15], [16]. However, the deep reinforcement learning algorithms they
applied are single agent, in which the multi-task environment is unstable and the influence among multiple tasks is
overlooked. Furthermore, although a beneficial migration
can reduce latency of tasks, energy consumption for MEC
node per migration can’t be ignored. Designing an efficient
task migration strategy for distributed users becomes more
challenging when migration energy budget is involved.
Therefore, we try to devise an efficiently distributed task
migration algorithm to solve the energy-aware task migration problem based on counterfactual multi-agent (COMA)
reinforcement learning approach.

1.2 Related Work
Some works involving user mobility in MEC are done in
recent years [17]. Usually, these works can be categorized
from three perspectives, i.e., mobility prediction, online
processing, and Markovian hypothesis.
With the development of deep neural network, works for
the first category usually assume that user mobility information is perfectly predicted. In [7], Nadembega et al. made
a tradeoff between execution overhead and latency based
on a mobility prediction method DAMP [8]. By exploiting
mobility prediction information, the authors tried to reduce
offloading delay by choosing a suitable communication
path [9]. Wang et al. also predicted user mobility to minimize average latency with prediction errors consideration
[10]. Aissioui et al. were concerned with the service migration problem of automated driving scenario by exploiting
the vehicle mobility information [11]. Nevertheless, user
mobility is extremely hard to predict with perfect accuracy
in realistic situations [18].
Studies for the second category usually deal with issues of
online user mobility, in which task migration can be triggered
after the user’s location has changed. Sun et al. addressed the
mobility management problem based on Lyapunov optimization, in order to minimize the average delay within the longterm energy consumption constraint [19]. However, they
only involved a single user scenario and user-centric

offloading energy consumption, instead of energy consumption of MEC node for migration. Ouyang et al. extended it to
a multi-user scenario and made a performance-cost trade off
based on Lyapunov optimization similarly [20].
The movement of users is memoryless with a sequential
decision-making process [12]. Therefore, studies for last category usually adopt the method of Markov Decision Process
with the assumption that user mobility follows a Markovian
process. Taleb et al. defined an analytical model with a
single user case for the Follow-Me Cloud, but specific
migration scheme was not involved [21]. Taleb et al.
extended their work in [22], a traditional MDP method
was adopted to trade off between migration cost and
QoS, but they only discussed single user scenario with
one-dimension mobility. In [23], an optimal threshold
decision policy was devised to minimize time cost, similarly, single user scenario with one-dimension mobility
is considered. Wang et al. extended their work to twodimension mobility, and applied an improved policy
iteration method to this problem with approximate solutions [24]. Nevertheless, all of the aboved works ignored
migration energy consumption, in which traditional
MDP methods were adopted with high computational
complexity.
Therefore, some researchers tried to apply deep reinforcement learning based on Markov chain model to task
migration problem in MEC, due to its low computational
complexity [25], [26]. Zhang et al. devised a deep Q-network
(DQN) [27] based algorithm for task migration, in which
reward was defined as the difference between QoS and the
migration cost [13]. In [14], the authors tried to minimize
migration and communication cost by Q-learning based
and DQN based algorithms. However, these works only
considered a single user scenario. Zeng et al. addressed the
task migration problem with multi-user scenario, and DQN
based algorithm was devised to maximize the reward
defined as the reciprocal of migration and communication
overhead [15]. The authors in [16] formulated multiple containers migration problem as multiple dimensional MDP
spaces, DQN-based deep reinforcement learning algorithm
was introduced to reduce the large MDP spaces effectively.
However, to our knowledge, almost all works that apply
classical DQN reinforcement learning to migration problem
in MEC only involves a single agent. The local state of all
users is usually jointed as the global state when DQN is
applied to multi-user scenario, which leads to that multiuser environment is unstable and the influence among multiple users is overlooked.
To meet average QoS under a distributed environment, a
cooperative multi-agent reinforcement learning algorithm is
suitable and necessary to utilize cooperation among users. Due
to the above limitations, based on cooperative counterfactual
multi-agent (COMA) reinforcement learning approach, we try
to devise a distributed task migration algorithm to minimize
the average completion time of tasks, in which migration
energy consumptions of MEC nodes are also involved.

1.3 Contributions
In this paper, we investigate task migration problem for
user mobility with multiple users scenario in MEC. The
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users are independent and each mobile user offloads its
computation-intensive and latency-sensitive task to MEC
node for execution. Moving across multiple MEC nodes,
distributed users may move out side of the coverage of the
MEC node that their tasks offloaded to, thus an efficiently
distributed task migration algorithm is necessary to be
devised with QoS consideration. Besides, migration energy
consumptions of MEC nodes are also involved to make a
trade off between performance and cost. Generally, the
movement of mobile user is memoryless with a sequential
decision-making process [12], thus reinforcement learning
algorithm based on Markov chain model is applied with
low computation complexity. Specifically, utilizing cooperation among users, a distributed counterfactual multi-agent
(COMA) reinforcement learning approach is suitable and
necessary to meet average QoS. In this paper, the goal is to
minimize the average completion time of tasks under
migration energy budget. Main contributions of this paper
can be summarized as


We formulate task migration problem with multiple
users scenario in MEC as a minimum optimization
problem with constraint, in which migration energy
budget of MEC nodes is involved.
 We devise a distributed task migration algorithm
based on a counterfactual multi-agent (COMA) reinforcement learning approach, taking advantage of
facilitating cooperation among users with low computation complexity.
 We carry out extensive experiments to assess the
performance of proposed distributed migration algorithm based on multi-agent reinforcement learning
algorithm. Compared with no migrating (NM) and
single-agent actor-critic (AC) algorithms, the proposed task migration algorithm can achieve up 30-50
percent reduction about average completion time.
The rest of this paper is organized as follows. Mathematical model and definitions of notations are presented in
Section 2. We formulate an optimization problem in Section 3.
In Section 4, we introduce the reinforcement learning setting
of our system and devise a distributed task migration algorithm based on counterfactual multi-agent (COMA) reinforcement learning approach. Extensive experiments are
carried out to assess the proposed COMA-based task migration algorithm in Section 5. Furthermore, conclusion and
future works are presented in Section 6.

2

SYSTEM MODEL

2.1 System Overview
In this section, we introduce the system model by defining
some notations. As shown in Fig. 1, we consider that a set of
M MEC nodes attach base stations, denoted by M ¼
f1; 2; . . . ; M g, endowed with computation and storage
resources. And there are N mobile users with resource-limited devices, denoted by N ¼ f1; 2; . . . ; N g. Each mobile
user offloads its computation-intensive and latency-sensitive task to MEC node for execution. With consideration of
user mobility, we focus on a dynamic scenario that mobile
users move across multiple MEC nodes. Thus we need to
decide whether to migrate task among MEC nodes to follow
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TABLE 1
Notations
Notation
M; N
fm
’tm
Jn
n ; on
gn
ctn
pn
vm
%m
Hm;n
xtn
sertn
cotn
rðm; nÞ
Tu ðm; nÞ
rmm
Te ðnÞ
Tmn
E
Ebudget
t
DðnÞ

Definition
number of MEC node, number of mobile user
maximal CPU frequency of MEC node m
number of tasks executed on MEC node m
task of mobile user n
input data size and output data size of task Jn
workload requirement of task Jn
remaining CPU cycles requirement at time slot t
transmission power of mobile user n
wireless bandwidth of MEC node m
white noise power
channel gain between MEC node m and user n
MEC node that executes task Jn at time slot t
Serving MEC node of user n at time slot t
Connected MEC node of user n at time slot t
transmission rate between node m and user n
transmission time between node m and user n
data transmission rate among MEC nodes
remaining execution time of task Jn in time slot t
total migration time of task Jn
the energy consumption per bit for task migration
the energy consumption budget for migration
length of time slot
completion time of task Jn

user’s moving trajectory. Our system operates in a time-slotted fashion t 2 f1; 2; . . . ; T g, and the length of one time slot
is equal to t. Specially, for mobile user n 2 N , the MEC
node that executes its task Jn at time slot t is called serving
node of user n, denoted by sertn 2 M. On the other hand,
MEC node that covers user n at time slot t are called con6¼ cotn ,
nected node of user n, denoted by cotn 2 M. If sert1
n
then we need to make a migration decision for mobile user
n at time slot t. Here livetn ¼ 0 if task Jn is completed before
time slot t and livetn ¼ 1 otherwise. Migration
 decisions of

all tasks at time slot t are denoted by X t ¼ xt1 ; xt2 ; . . . ; xtn ,
where xtn 2 M. Specially, xtn ¼ cotn and xtn ¼ sernt1 denote
to cotn at
that task Jn will be or not be migrated from sert1
n
time slot t, respectively. The notations we used are summarized in Table 1. We next introduce communication model,
computation model, and migration model in details.

2.2 Communication Model
In this paper, we use a general parameter model Jn , ðn ; g n ;
On Þ to describe task, in which n (in bits) is input data size of
task Jn , g n (in CPU cycles/bit) denotes how many CPU cycles
are required per bit for task Jn , and On is output data size of
task Jn . Transmission time of output data is not ignored, and
we assume that downlink data transmission rate is equal to
uplink data transmission rate. Based on a general communication model, data transmission rate between MEC node m and
mobile user n can be calculated as


pn Hm;n
;
rðm; nÞ ¼ wm log2 1 þ
%m

(1)

where wm is the channel bandwidth that MEC node m allocates for mobile user n, pn is transmission power of mobile
user n, Hm;n is channel gain, um is white noise power. Thus
transmission time of input data and output data can be
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expressed as
Tu ðnÞ ¼

n
On
þ
;
rðm; nÞ rðm0 ; nÞ

(2)

where m denotes MEC node that mobile user n first offloads
its task to, and m0 denotes MEC node that connects with
mobile user n when its task Jn is completed.

is the migration
where n E P
energy consumption of task Jn
t¼T  t
once, and  t¼1
I xn ¼ cotn denotes the total number of
migration. I xtn ¼ 0 and sertn 6¼ cotn On E denotes migration energy consumption of output data if serving node
sertn is different with connected node cotn of task Jn , when
task Jn is completed.

3
2.3 Computation Model
As mentioned before, each mobile user with a resource-limited
device offloads its task to MEC node for execution. We assume
that each MEC node is able to process multiple tasks simultaneously by sharing processor. Specifically, fm and ’tm denote
the maximum computation capability (i.e., CPU cycles per second) of MEC node m and number of tasks executed on MEC
node m at time slot t. Then processing time of task Jn executed
on MEC node m at time slot t can be estimated as
Te ðnÞ ¼

sertn ¼ m;

ctn ’tm
;
fm

(3)

8n; t; m;

(4)

where ctn denotes how many remaining CPU cycles are
required for task Jn at the beginning of time slot t, sertn is
the serving MEC node of mobile user n at time slot t.

2.4 Migration Model
To satisfy QoS, task migration problem caused by user mobility is necessary to be addressed. When serving node sert1
n of
last time slot t  1 is different from the connected node cotn of
task Jn , then we need to make a task migration for it. If task Jn
is decided to be migrated from serving node sert1
to conn
nected node cotn , then migration time of input data can’t be
ignored. We assume that whole input data of task needs to be
t
transmitted from sert1
n to con if there is a migration. Thus we
can calculate migration time of task Jn as
t¼T 
X
 n
Tm ðnÞ ¼
I sertn ¼ cotn
rmm
t¼1


þ I livetn ¼ 0

and sertn ¼
6 cotn

 On
;
rmm

(5)

where first part denotes the sum of migration time of input
data for each migration. Here I fxg ¼ 1 if the event x is true
and I fxg ¼ 0 otherwise. And rmm is data transmission rate
among MEC nodes. The second part denotes migration time
of output data if serving node sertn is different with connected node cotn of task Jn , when task Jn is completed.
It is intuitive that completion time of task can be reduced
when it is decided to be migrated. However, from the prospective of MEC nodes, there is non-negligible energy consumption
when each migration occurs. We use E to denote the energy
consumption per bit for task migration. Thus the total migration
energy consumption for all mobile users can be calculated as
Etotal ¼

nX
¼N X
t¼T



I xtn ¼ cotn n E

n¼1 t¼1



þ I livetn ¼ 0 and sertn ¼
6 cotn On E;

(6)

PROBLEM FORMULATION

We have discussed computation, communication, and
migration model in the last section. As mentioned earlier,
livetn ¼ 0 means that task Jn is completed before time slot t.
Then completion time of task Jn can be obtained by the sum
of time slots when livetn > 0,
DðnÞ ¼

t¼T 
X

I livetn > 0 t;

(7)

t¼1

where t is the length of one time slot.
Note that we try to make a migration decision at each
time slot to minimize the average completion time of all
tasks, while the total energy consumption is under the
energy budget Ebudget . Mathematically, our optimization
problem can be formulated as
Pn¼N

DðnÞ
;
N

minimize

s.t.

n¼1

Etotal  Ebudget ;
xtn 2 M 8n; t:

(8)

(9)
(10)

Unfortunately, we find the optimization problem is NP-Hard.
Next, proof of NP-hardness for this problem is presented.

Theorem 1. The optimization problem is NP-hard.
Proof. To proceed, we first introduce the knapsack problem
(KP), which is a well-known NP-hard problem. KP: Given
N items with sizes vi and profit values pi for i 2 N and a
knapsack with size V , the objective is to find a set of items
S  N to pack such that the total values of knapsack is
maximized, mathematically, the knapsack problem can
be formulated as
maximize

X

pi ;

i2S

s.t.

X

vi  V:

i2S

Here we consider a special instance of our optimization problem, in which there are N tasks J1 ; J2 ; . . . ; Jn
with the migration energy budget Ebudget . The mobile
users moves across multiple MEC nodes. With different
migration schemes for each time slot, each task may be
executed on serving MEC node or migrated to connected
MEC node for execution. We use ti to denote completion
time of task Ji , and Ei to denote migration energy consumption for task Ji . Then, our optimization problem
can be formulated as
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of MEC nodes and tasks, and location information of
mobile users, then it makes task migration decisions
for all tasks at each time slot.
State: in our system, state is defined as joint information of all tasks. Specifically, state St at time slot t can
be expressed as
St ¼ fW1t  W2t  . . . WNt g;
Wnt ¼ fctn ; sernt1 ; cotn g; n 2 f1; 2; . . . ; N g;

Fig. 2. Formal description of reinforcement learning.

Pi¼N
minimize
s.t.

i¼1

ti

;

XN
Ei  Ebudget :
i2N

ti
For each task Ji , we define qi ¼  N
, then the optimization problem can be formulated as

maximize

X



qi ;

i2N

s.t.

X

Ei  Ebudget :

i2N

This special instance of our problem corresponds to the
KP with knapsack size V ¼ Ebudget and profit value pi ¼
qi . Therefore, this problem is NP-hard. This completes
the proof.
u
t
As is presented before, the movement of mobile users is
memoryless with a sequential decision-making process [12],
thus MDP method can be applied. Nevertheless, traditional
solutions such as dynamic programming require iteratively
adjusting task migration decisions with high computational
complexity, which is infeasible for latency-sensitive applications in mobile edge computing. Therefore, we adopt deep
reinforcement learning algorithm based on Markov chain
model to tackle this task migration problem with low
computational complexity.

4

DISTRIBUTED TASK MIGRATION ALGORITHM

We have formulated the task migration problem as a minimum optimization problem before. In this section, a distributed task migration algorithm based on counterfactual
multi-agent (COMA) reinforcement learning approach, is
devised to solve the task migration problem.

4.1 Reinforcement Learning Settings
As shown in Fig. 2, main idea of reinforcement learning
algorithm is that agent makes better decisions by constantly
interacting with the environment. For each time slot, agent
collects state St of system and evaluates the reward rt for
environmental feedback of last action At1 , then agent
makes a better action At to act on the environment.
In this paper, formal definition of our system for the
above-mentioned elements in reinforcement learning model
are as follows.


Agent: MEC node controller is the agent of our system. The MEC node controller receives information



(11)
(12)

where ctn denotes how many remaining CPU cycles
are required for task Jn at the beginning of time slot
t, sernt1 is the serving node that processes task Jn at
time slot t  1, and cotn denotes the connected node
that covers mobile user n.
Action: as we said before, agent makes a better action
with the
At for each task by constantly interacting

environment. At ¼ xt1 ; xt2 ; . . . ; xtn , which means
action that agent makes at time slot t is joint migration decisions for all tasks. Specially, xtn ¼ cotn and
denote that task Jn will be or not be
xtn ¼ sert1
n
to connected
migrated from serving node sert1
n
node cotn for execution at time slot t, respectively.
Reward: at time slot t, agent evaluates the reward rt
based on environmental feedback of last action At1 .
In our system, we define reward rt at time slot t as
the difference between average estimated completion time Avgt1 for all tasks at last time slot and
Avgt at current time slot,
rt ¼ Avgt1  Avgt ;
Estn ¼ tðt  1Þ þ

(13)

ctn
P

fsert

n

i2N

I fxti ¼xtn g


 n
þ I sertn ¼ cotn
rmm

 On
t
þ I liven ¼ 0 and sertn 6¼ cotn
;
rmm
(14)
Pn¼N
Avgt ¼

n¼1

N

Estn

;

(15)

where Estn is the estimated completion time of task
Jn at time slot t, including the sum of past time
slotstðt
 1Þ for processing task Jn , the second part
ctn
denotes the remaining processing time
f t
P sern t t
I fxi ¼xn g
i2N
of task Jn with the assumption that task Jn is exet
cuted on serving node
 n sern until completed, the third
t
t
part I sern ¼ con rmm is the migration time of input
from sert1
to cotn at time
data if task Jn is migrated
n

t
n
slot t, the last part I liven ¼ 0 and sertn 6¼ cotn g rOmm
denotes the migration time of output data if task
Jn is completed at time slot t and its serving
node is different from connected node. The total
reward is the sum of reward at each episode
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(r ¼ r1 þ r2 þ . . . þ rT ), which is the key evaluation
metrics of reinforcement learning algorithm.
Q-learning is a classical reinforcement learning algorithm, in which each state-action pair is evaluated by Qvalue stored in Q-matrix. However, Q-matrix is huge and
storage-consumed with the large size, due to high dimensional of state and action. To tackle this issue, deep neural
networks (DNN) is introduced to estimate the Q-value of
state-action pair based on traditional Q-learning method,
that is deep Q-network (DQN) algorithm [27]. And there
are some improved reinforcement learning algorithms, such
as Policy Gradients [28], DDPG [29], A3C [30] and so on,
however these reinforcement learning algorithms are single-agent. It is not suitable to apply these single-agent reinforcement learning algorithms to multi-task problem in
mobile edge computing. The reason lies in that the local
state of all users is usually jointed as the global state when
single-agent reinforcement learning approaches are applied
to multi-user scenario, which leads to that multi-user environment is unstable and the influence among multiple users
is overlooked. Therefore, we introduce a counterfactual
multi-agent deep reinforcement learning approach to our
system, COMA, considering cooperation among tasks to
achieve the global goal.

Fig. 3. Frame of actor-critic approach.

a policy neural network based on policy gradient algorithm.
Critic is a value-based neural network which estimates the
value of state. For each time slot t, actor outputs an action
At to act on the environment, then critic evaluates the
reward for environmental feedback of action At , and calculates the TD error dt to guide the parameter updating of
actor network. Specifically, the TD error dt is given by
dt ¼ rtþ1 þ gV ðStþ1 Þ  V ðSt Þ;

4.2 Actor-Critic Algorithm
Counterfactual multi-agent (COMA) policy gradients is a
class of actor-critic reinforcement learning approach [28].
Here are some necessary backgrounds need to be presented
before introducing the original actor-critic algorithm. The
above mentioned Q-learning is a value-based algorithm,
which chooses action based on approximating the value of
state-action QðS; AÞ, such as choosing the action whose
value is maximal on current state pðSÞ ¼ argmax QðS; AÞ.
A

Algorithm 1. Policy Gradient Algorithm
Initialize the parameter u randomly
for each episode fS1 ; A1 ; r1 ; . . . ; ST 1 ; AT 1 ; rT 1 g do
for t ¼ 1 to t ¼ T  1 do
u
u þ aru log pu ðSt ; At ÞVt ;
end for
end for
return u;

Policy gradient [29] is a policy-based algorithm, which
outputs directly the probability of each action for current
state based on neural network. Specifically, the parameter u
updating process of neural network is shown in Algorithm
1. Loss is defined as log pu ðSt ; At ÞVt , in which pu ðS; AÞ ¼
P ðAjS; uÞ means the probability of choosing action A for
current state S when parameter of neural network is u. And
Vt can be the total reward or the value of state-action. Thus
in policy gradient algorithm, if an action receives more
reward, the probability of its occurrence will be increased,
otherwise, if an action receives less reward, we decrease the
probability of its occurrence. Note that policy gradient algorithm is episode-updated instead of step-updated, which
makes a low learning efficiency.
Frame of actor-critic approach is shown in Fig. 3. Actorcritic approach is consisted of an actor and a critic. Actor is

"
V ðSÞ ¼ Ep

1
X

(16)

#
g rtþkþ1 jSt ¼ S ;
k

(17)

k¼0

where V ðSÞ is the value of state S, g is the discount factor.
Parameter uactor updating of actor network is guided by TD
uactor þ aruactor log puactor ðSt ; At Þdt . On the other
error, uactor
hand, loss of critic network is defined as the square of TD
error.

4.3 COMA-Based Distributed Task Migration
Algorithm
When faced with task migration problem with multiple
users, we intuitively think that each agent learn independently is simplest way to apply policy gradients with multiple agents consideration. And each agent of user has its
own actor and critic to learn with user’s own state-action
information. This is independent actor-critic (IAC), which is
inspired by popular multi-agent learning algorithm independent Q-learning [30]. Although it is simple to understand and implement, it is hard to learn coordinated
strategies due to lack of interactions between multiple
agents, or evaluate the contribution of action of an individual agent to the global reward, or fail to exploit the fact that
learning is centralised [31]. Therefore, counterfactual multiagent (COMA) policy gradients [32] is introduced to tackle
these issues.
Main characteristics of COMA can be summarized as
introducing a centralised critic and a counterfactual baseline. As is shown in Fig. 4. To exploit the fact that learning is
centralised, COMA introduces a centralised critic. Each
actor conditions on its own state histories of corresponding
user, however, input of the centralised critic is the joint state
of each user. As we said in last subsection, in single-agent
scenario, parameter uactor updating of actor network is
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updating of actor network is guided by advantage function
(Steps 23-28).

Algorithm 2. COMA-based Distributed Task Migration
Algorithm

Fig. 4. Distributed framework of COMA.

usually based on TD error calculated by critic. Nevertheless,
it is not suitable to use TD error to update parameter uactor of
actor network in multi-agent reinforcement learning algorithm. The reason lies in that TD error considers only global
reward, and each actor does not explicitly to know how its
actions contribute to the global reward.
Therefore, COMA introduces a counterfactual baseline to
solve this problem. Centralised
estimates
Q-values
 1 critic

2
n
and
state
St ¼
;
A
Þ
of
joint
action
A
¼
a
;
a
;
.
.
.
;
a
QðS
t
t
t
t
t
t
 1 2

St ; St ; . . . ; Stn . For each agent k, keeping actions of agents
Ak
t fixed except agent k, the advantage function that compares the Q-value can be calculated as
Ztk ðSt ; At Þ ¼ QðSt ; At Þ 

X
akt


  

k
pk akt jStk Q St ; Ak
:
t ; at

(18)

Hence, Ztk ðSt ; At Þ computes a baseline for agent k to present
how its actions contribute to the global reward based on
centralised critic. In conclusion, COMA is aimed at maximizing the global reward by cooperation of multiple agents.
Thus it is reasonable to apply COMA to our task migration
problem with global goal that minimizing the average completion time of all tasks. Each actor is learned for each user’s
task in a distributed way, which chooses action that determines the task whether migrate or not. The centralised critic
calculates contribution of each task to the global goal, then
guides the learning of each actor. Next, specific implementation steps of COMA-based distributed task migration
algorithm is summarized as Algorithm 2.
In Algorithm 2, we initialise network with random
parameter (Step 1). For centralised critic, a double network
structure is used to reduce the correlation between the current Q value and the target Q value and improve the stability of the algorithm. In addition, to speed learning, an actor
network is reused for all agents by sharing parameters. The
network is trained in batch mode. For each training epoch i,
each actor with uiactor chooses migration action for each task,
and generated episodes are appended to buffer memory
(Steps 3-10). terminal is exit state of our system, when all
tasks are completed. Unrolling states, actions and rewards
ðÞ
in buffer memory B, target Q value yt is calculated with
1
^
target critic network using ucritic (Steps 11-16). n-step returns
ðnÞ
Gt are calculated with bootstrapped values estimated by
target network. Critic network is trained by minimizing loss
ðÞ
ðyt  QðSt ; At ÞÞ2 (Steps 17-22), and ^uicritic is reset as ^uicritic ¼
uicritic every C steps. Then calculating advantage function
Ztk ðSt ; At Þ for each agent k based on Eq. (18), and parameter

1: Initialise critic network with random parameter u1critic ; Initialise target critic network with parameter ^u1critic ¼ u1critic ; Initialise actor network with random parameter u1actor ;
Initialise buffer memory B to capacity BatchSize.
2: for each training epoch i do
3: Empty buffer memory;
4: for (episode e from 1 to BatchSize ) do
5:
while St 6¼ terminal and t < T do
6:
For current state St , each actor with uiactor chooses
migration action for each task;
7:
Get reward rt , t ¼ t þ 1;
8:
end while
9:
Append episode e to buffer memory B;
10: end for
11: for (time slot t from 1 to T ) do
12:
Unroll states, actions and rewards in buffer memory B;
ðÞ
13:
Calculate TDðÞ
Q value yt using ^u1critic ;
P1target
ðÞ
n1 ðnÞ
14:
yt ¼ ð1  Þ n¼1  Gt ;
ðnÞ
15:
Gt ¼ rtþ1 þ grtþ2 þ . . . þ g n1 rtþn þ g n V ðStþn Þ;
16: end for
17: for (time slot t from T to 1 ) do
18:
Unroll states, actions
and rewards2 in buffer memory B;

ðÞ
19:
Ducritic ¼ rucritic yt  QðSt ; At Þ ;
i
20:
uiþ1
critic ¼ u critic  aDucritic ;
21:
Every C steps reset ^uicritic ¼ uicritic ;
22: end for
23: for (time slot t from T to 1 ) do
24:
Process all agents in parallel via single batch;
25:
Calculate advantage function Ztk ðSt ; At Þ for each agent k
based on Eq. (18);


26:
Duactor þ ¼ aruactor log puactor Stk ; akt Ztk ðSt ; At Þ;
27: end for
i
28: uiþ1
actor ¼ uactor þ aDuactor ;
29: end for

The actor network is based on recurrent neural network, consisting of 128-bit gated recurrent units (GRUs)
that use fully connected layers both to process the input
and to produce the output values from the hidden state.
The critic network is based on a feed forward network
with multiple ReLU layers combined with fully connected layers. Training is performed in batch mode, with
a batch size of 30. For one episode, a gradient step is
applied to train the feed-forward critic for each time
step. The recurrent part of the actor is fully unrolled and
gradients are aggregated in the backward pass across all
time steps, then a gradient update is applied to train
actor. In addition, a target network for the critic is
applied, which updates every 150 training steps for the
feed-forward critics. The actor and the critic networks
are trained using RMSprop. The learning rate of actor
network is 0.0001 and the learning rate of critic network
is 0.001.
The convergence analysis of COMA-based task migration algorithm is given in the following theorem. With same
assumptions, proof of this theorem is based on the convergence of single-agent actor-critic algorithm [28].
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baseline for each agent has no effect on the convergence
of COMA-based task migration algorithm.
Second, we consider the remainder of Gi except gradient Gb of counterfactual baseline,

Theorem 2. The COMA-based distributed task migration algorithm is convergent, that is
lim inf krGi k ¼ 0
i

w:p:1:

(19)

"

Proof. The gradient of COMA-based task migration algorithm is given by
"
#
X

 k
k k k
rui log p a jS Z ðS; AÞ ;
(20)
Gi ¼ Ep

GQ ¼ Ep
"

¼ Ep ru log




where
 u are the parameters of all actor networks
u ¼ u1 ; uk ; . . . ; uN .
 First,  we consider the counterfactual baseline
b S; Ak for the gradient Gi of COMA-based task migration algorithm,
"
#
X

 

k k k
k
;
(23)
rui log p a jS b S; A
Gb ¼ Ep



k

S



Ak

k



 

p a jS ru log pk ak jS k b S; Ak
k

k

k

(25)

ak

X

¼

X

dp ðSÞ

S

k

S k

 

ru p a jS b S; Ak
k



XX 

p Ak jS k 

k

k

(26)

ak

¼

X
S

dp ðSÞ

XX 
 

p Ak jS k b S; Ak ru 1 ¼ 0:
k

Ak

(27)
According to thefollowing equations, the counterfactual
baseline b S; Ak does not change the expected gradient
Gi , thus we can draw the conclusion that counterfactual

(29)

(30)

(31)

and the proof of convergence for a single-agent actorcritic is presented on their work, with the following
assumptions,

(22)

X

#

G ¼ Ep ½ru log p ðAjSÞQðS; AÞ;

k

Then the gradient Gb of counterfactual baseline can be
written as
X
XX 

dp ðSÞ
p Ak jS k 
Gb ¼ 



pk ak jS k QðS; AÞ

Refer to [28], standard policy gradient G of a single-agent
actor-critic algorithm is given by

thus the gradient of COMA-based task migration algorithm can be written as
"
#
X




k k k
k
;
rui log p a jS QðS; AÞ  b S; A
Gi ¼ Ep

t!1

Y

¼ Ep ½ru log p ðAjSÞQðS; AÞ:

ak

(24)

(28)

k

where advantage function Z k ðS; AÞ is defined
 as Eq.
 (18),
and we define the counterfactual baseline b S; Ak as

 X k  k k    k k 
(21)
p a jS Q S; A ; a ;
b S; Ak ¼

dp ðSÞ ¼ lim PrfSt ¼ SjS0 ; pg:

#
 k k
ru log p a jS QðS; AÞ
k

k

k

where Ep is the state-action expected distribution with
regard to joint policy p. In addition, as defined by [29],
dp ðSÞ is the stationary distribution of states under joint
policy p,

X

5

The policy p is differentiable.
The learning rates for actor network and critic network are sufficiently small.
The learning rate of actor network is sufficiently
smaller than the learning rate of critic network.
These assumptions are satisfied in our COMAbased task migration algorithm. Note that centralised critic network of COMA-based task migration algorithm is essential for this proof to hold.
Therefore, this achieves the proof of convergence
of COMA-based task migration algorithm.
u
t

PERFORMANCE EVALUATION

In this section, numerical studies are conducted to evaluate
performance of COMA-based distributed task migration
algorithm.

5.1 Parameter Configuration
As shown in Table 2, there are 60 mobile users and 16 MEC
nodes in our system. For MEC node m, CPU frequency fm
of which is uniformly selected from ½0:1; 1 GHz, and
dynamic value of which is from ½0:1; 0:5 GHz to ½0:5; 0:9
GHz. Corresponding datasets, including training data and
validation data, are randomly generated to evaluate the performance of algorithm. Specifically, the mobility trajectories
of mobile users are based on random walk model. The
parameter settings of task workloads is general, refer to
some related work. Training data and validation data are
completely independent and they are separated into 4:1
based on hold-out method. Mobile users are moving randomly across multiple MEC nodes and trajectories of them
are generated based on random walk model [9], [19]. Each
mobile user is associated with a computation-intensive and
latency-sensitive task that is offloaded to MEC node for execution. For task Jn , fixed value of input data size ðn Þ is uniformly selected from ½100; 500 KB, and dynamic value of
which is from ½100; 250 KB to ½100; 700 KB. Similarly, fixed
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TABLE 2
Experiment Parameters
Parameters

(Fixed)–[Varied range] (Increment)

Number of mobile user ðNÞ
Number of MEC node ðMÞ
Input data size ðn Þ
Output data size ðOn Þ
Workload ðg n Þ

60
16
[100,500]–[100, 250-700] (150) KB
[100,150]–[100, 150-600] (150) KB
[800,2400]–[800, 1600-6400] (1600)
cycles/bit
[0.1,1]–[0.1-0.5, 0.5-0.9](0.1) GHz
[250]–[50, 450] (100) GJ

MEC CPU frequency ðfm Þ
Migration energy budget
Ebudget
Length of time slot t
Wireless bandwidth vm
Channel gain Hm;n
Transmission power pn
White noise power %m

5s
1 Mbps
106
1W
109 W

value of output data size ðOn Þ is uniformly selected from
½100; 150 KB, and dynamic value of which is from ½100; 150
KB to ½100; 600 KB. For workload ðg n Þ of task Jn , fixed value
of which is ½800; 2400 cycles/bit, and dynamic value of
which is from ½800; 1600 cycles/bit to from ½800; 6400
cycles/bit. Fixed value of migration energy budget ðEbudget Þ
is 250 GJ, and dynamic value of which is from 50 GJ to 450
GJ. Besides, configurations of other variables are summarized in Table 2.

5.2 Performance Benchmark
To our knowledge, none of works applies multi-agent reinforcement learning algorithm to task migration problem in
mobile edge computing. And related work mentioned is not
suitable for comparison, because characteristics and performance metrics of them are different. Hence, two heuristics
algorithms are introduced to evaluate the performance of
our COMA-based task migration algorithm. 1) Not Migrating (NM): Tasks are executed on MEC node that they are
first offloaded to until they are completed, no matter where
mobile users that they belongs is moving to. 2) Actor-Critic
(AC): The single-agent actor-critic reinforcement learning
algorithm we presented in Section 4.2 is also introduced for
comparison, in which inputs of actor network and critic network are joint state and action of all tasks, and the cooperation among multiple tasks toward a global goal is ignored.
5.3 Random Results
In our experiments, we randomly generate 100 files of data
with 60 mobile users. Three of which are chose as samples
to show dynamics of cumulative reward with increased episode steps in Fig. 5. As we presented before, reward rt in
our system is define as the difference between average estimated completion time Avgt1 for all tasks at last time slot
and Avgt at current time slot. In early episode steps, cumulative reward is slightly oscillating due to exploration in
reinforcement learning. Then cumulative reward is tend to
be stable with increased episode steps.
In the following experiments, the average completion
time of all tasks is evaluated as performance metrics. Furthermore, average value of performance metrics for 100
data files is presented to make the results more convincing.

Fig. 5. Dynamic cumulative reward with three representative data files.

With other variables remain unchanged, we first increase
input data sizes of tasks with an increment 150 KB. As
shown in Fig. 6, we can observe that the average completion
time of all tasks is increasing with increased input data sizes
of tasks. That’s because input data sizes of task is determining factor of computation time that increases with increased
input data sizes of tasks. Nevertheless, compared to NM
and AC algorithms, COMA-based distributed task migration algorithm can achieve up 30-50 percent reduction in
average completion time.
In addition, impact that changes output data sizes of
tasks on the average completion time of all tasks is shown
in Fig. 7. Similarly, increment of output data sizes of tasks is
also 150 KB. With the increased output data sizes of tasks,
we can observe that there’s almost no change in value of the
average completion time of all tasks in Fig. 7a. The reason
lies in that output data sizes of tasks can only have an effect
on communication time of tasks. And the value of output
data sizes of tasks is small. Thus we increase output data
sizes of tasks by 100 times. The experimental results are
shown in Fig. 7b. We can observe that the average completion time of all tasks is increasing with increased output
data sizes of tasks. That’s because migration time defined in
Eq. (5) is increased, due to increased output data sizes of
task. However, COMA-based distributed task migration
algorithm in this paper is always outperforming NM and
AC algorithms with the variation of output data size.
Keeping other variables constant, influence of the variation of workload on the average completion time of all tasks
is shown in Fig. 8. Workload requirements of tasks is
increased from ½800; 1600 to ½800; 6400 cycles/bit. From
Fig. 8, the average completion time of all tasks is increased
with the increase of workload requirements. That’s because

Fig. 6. The average completion time of all tasks with the variation of input
data size.
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Fig. 9. The average completion time of all tasks with varied CPU frequencies of MEC nodes.

Fig. 7. The average completion time of all tasks with increased output
data size.

workload requirement of task is determining factor of computation time and number of MEC nodes and CPU frequencies of MEC nodes remain unchanged. Thus the average
completion time of all tasks is increased. However, as the
picture shows, COMA-based distributed task migration
algorithm always can achieve up a pretty high performance
improvement than NM and AC algorithms.
Fig. 9 presents the experiment results with varied CPU
frequencies of MEC nodes which varies from [0.1,0.5] to
[0.5,0.9] GHz. We can observe that the average completion
time of all tasks for three algorithms is decreased with
increased CPU frequencies of MEC nodes. Compared to
[0.1,1.0] GHz, performance improvements of COMA-based
distributed task migration algorithm for other cases are
slightly small. That’s because task migration scheme has no
obvious improvement on the average completion time,
when computing resources are limited or abundant. Nevertheless, no matter how CPU frequencies of MEC nodes
varies, multi-agent reinforcement learning algorithm always
outperforms NM and AC algorithms, which illustrates the
advantage of COMA-based distributed task migration algorithm to minimize the average completion time of tasks.
Next, we will present experimental result for the scalability of COMA algorithm. Critic network and actor network of
COMA is trained with 60 users for task migration. And we
can use trained actor network to perform task migration for

Fig. 8. The average completion time of all tasks with the variation of
workload.

other small numbers of users. As is shown in Fig. 10a, trained
actor network with 60 users can be applied to other small
umber of users. And with changed number of users, COMA
always can achieve a good performance improvement on the
average completion time of tasks, comparing with AC and
NM algorithms. On the other hand, when number of users is
lager than 60, we can process users by dividing users into
groups by 60. Then each group is processed in in batches. We
also conduct a larger scale experiment with 80 users and 16
MEC nodes. As is shown in Fig. 10b, COMA can achieve up
a good performance improvement on the average completion time of tasks with larger scale of task migration problem.
In addition, the average completion time of three algorithms
increase so much with increased number of users. The reason
lies in that number of MEC nodes is unchanged, thus the
computation resource becomes more intensive. However,
COMA also have a satisfactory performance improvement,
compared with NM algorithm and AC algorithm. Thus the
COMA task migration algorithm is scalable to for task migration problem. Therefore, the COMA task migration algorithm is scalable to different scale of task migration problem.
On the other hand, we also change migration energy
budget Ebudget from 50 to 450 with other variables remain
unchanged. From Fig. 11, we find that the average completion time of all tasks for NM algorithm tends to be
unchanged. As we said before, in NM algorithm, tasks are

Fig. 10. The average completion time of all tasks with varied number of
users.
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[2]

[3]
[4]
[5]
Fig. 11. The average completion time of all tasks with the variation of
Ebudget .

executed on MEC node that they are first offloaded to until
they are completed, no matter where mobile users that they
belongs is moving to. Thus migration energy budget has no
effect on NM algorithm. For COMA-based distributed task
migration algorithm and AC algorithm, the average completion time of all tasks is decreased with increased migration energy budget. In addition, compared to NM and AC
algorithms, performance improvement of COMA-based distributed task migration algorithm grows with increased
migration energy budget. To sum up, all experimental
results that verify advantages of the proposed COMA-based
distributed task migration algorithm.

[6]
[7]

[8]
[9]

[10]

[11]

6

CONCLUSION AND FUTURE WORKS
[12]

Migration problem caused by distributed user mobility, which
can’t be ignored with quality of service (QoS) consideration. In
this paper, we investigated task migration problem with multiple users under migration energy budget. Reinforcement
learning algorithm based on Markov chain model was applied
to solve this problem with low computation complexity, due
to the memoryless of user movement. To facilitate cooperation
among users, we devised a distributed task migration algorithm based on COMA to minimize the average completion
time of tasks under migration energy budget. Extensive
experiments were carried out to evaluate the proposed
COMA-based distributed task migration algorithm. Compared with no migrating (NM) and single-agent actor-critic
(AC) algorithms, the proposed COMA-based distributed task
migration algorithm can achieve up 30-50 percent reduction in
metrics of average completion time. As part of future directions, we plan to make offloading decision and migration decision simultaneously for tasks with user mobility consideration.
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