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Abstract—The dependent task offloading problem for one
single job in edge computing (EC) has drawn attention widely.
Unlike most existing approaches that only focus on a single
job, we aim to solve the dependent task offloading problem for
multiple jobs, which is more general in the real world. To solve
this problem, we propose a deep reinforcement learning (DRL)
based multi-job dependent task offloading algorithm. Specifically,
1) we model edge nodes, jobs, and tasks in a resource-limited
EC scenario, where the dependent tasks of multiple jobs are
offloaded to the nodes to be processed. Then we model the
task offloading decision as a Markov decision process (MDP)
problem to minimize the transmission cost and computation
cost. 2) To represent the state space of MDP and to accelerate
decision-making in EC, we propose a DRL-based algorithm with
the aid of graph convolutional network (GCN) to extract the
dependency information of different tasks and then improve
the action selection process. 3) We conduct experiments with
real-world trace, demonstrating our algorithm outperforms the
baseline algorithms 13.78 % on average in regarding to offloading
cost.

Index Terms—Dependent task offloading, deep reinforcement
learning, multiple jobs, edge computing

I. INTRODUCTION

With the development of mobile devices and the coming
5G, more and more applications can be processed on mobile
devices [1]. Such mobile applications have high demands for
computation resources, while existing mobile devices usually
cannot meet their requirements. To obtain more computation
resources, we can offload mobile tasks to the remote cloud
data centers, which have massive computation resources but
are far away from users [2]. The long transmission distance
between the cloud and users will result in high delay, which
makes it challenging to meet the tight end-to-end (i.e., motion-
to-photon) delay of 20 - 25ms required for the delay-sensitive
task, e.g., high-quality VR [3]. To better handle these tasks
with lower delay, Edge Computing (EC) currently can play
essential roles [4]. In EC, edge nodes with more computation
resources are deployed closer to users, and the tasks from
mobile users can be offloaded to these nodes.

The growing demand for computation resources in mobile
applications leads to intensive resource consumption on the
nodes. However, the computation capacity of each node is
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limited [5]. Meanwhile, the computation resources of many
nodes are currently not effectively utilized due to the lack of
efficient task scheduling [6]. Considering the limited compu-
tation resources of the nodes, how to make the mobile task
offloading decisions more effective is an urgent issue to be
solved. Besides, task requests from the same user can usually
be split into a set of independent or dependent tasks, and
these tasks are denoted as a job [7]. For example, a VR-type
job consists of collecting sensor data, rendering new image
frames, data compressing, transferring, and displaying, etc.
[8]. These dependent tasks affiliated with the same job need
to be executed sequentially according to the dependencies,
i.e., subsequent tasks are required to wait for all of their
predecessor tasks to complete execution. The dependencies
between tasks are both constraints and factors that need to
be considered when making offloading decisions [7], [9].
The offloading decisions bring about the computation cost of
nodes. How to minimize the cost with dependencies among
different tasks is also an issue worthy of attention.
Moreover, compared to a single dependent job, there is
much more scheduling information for multiple dependent
jobs. This leads to much larger problem sizes, including the
state space (the information for decision-making) and action
space (available choices for decision). Therefore, the challenge
for dimension reduction is also much more severe. Besides,
the randomness and heterogeneity of multiple jobs make the
training process more difficult [10]. Finally, the scheduling of
tasks of different jobs to the same edge node may cause mutual
effects, such as resource preemption. Thus, how to deal with
multiple dependent tasks in a large number of jobs to reduce
the delay between users and nodes and the computation cost
of nodes is another issue that needs to be solved urgently.
To solve these issues, this paper studies the dependent
task offloading problem for multiple jobs under the resource-
limited EC environment. There are many challenges in such an
EC scenario. The first challenge is how to model the resource-
limited EC reasonably. Zhang et al. [6] have studied the task
scheduling problem under the resource-limited EC, but they
did not consider the transmission cost and the dependencies
between the tasks. In this paper, the service level agreement
violation (SLAV) is used to indicate the degree of resource
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violation of each node [11]. Besides, the costs of tasks mainly
include transmission cost and computation cost during the
running period, and we aim to minimize the combination of
these two costs [12].

Secondly, how to deal with the task dependencies in EC
is also a challenge. Sundar et al. [7] studied the offloading
problem of dependent tasks, but they only consider one single
job which has limited applications in the real world. Mao et
al. [10] considered multiple jobs with dependent tasks, but
they did not consider the transmission cost between tasks,
which is significant in EC. In this paper, the directed acyclic
graph (DAG) is taken to describe the dependencies between
tasks attached to each job. Each node of the DAG is a task,
and each directed edge represents the order of task execution.
To better represent the dependencies between tasks and the
features of the tasks, graph convolutional network (GCN)
[13] is adopted for embedding each job into a vector as
a part of the information for decision-making. Besides, the
entire environment is also embedded into a vector, including
the features of all nodes, the running tasks, etc. The EC
environment is then modeled based on the above information.

Finally, the offloading algorithm needs to support fast
decision-making relying only on current and historical infor-
mation in EC. Liu et al. [14] have proposed an online learning
algorithm, but they do not consider the heterogeneity of EC
and the dependencies of tasks. To this end, based on the
EC environment described above, the task offloading problem
is further modeled as a Markov decision process (MDP)
problem. The action and reward of MDP are defined, and a
deep reinforcement learning (DRL) [15] based task offloading
algorithm which fulfills real-time decision-making is proposed.
Furthermore, the action selection process is improved to make
the algorithm converge faster.

To sum up, the contributions of our paper are as follows:

1) We model the resource-limited EC, which includes edge
nodes, jobs, and tasks. The dependent tasks of multiple
jobs are offloaded to the nodes to be processed. The
task offloading decision process is modeled as an MDP
problem to minimize the transmission cost and the
computation cost.

2) To represent the state space of MDP and make it suitable
for fast decision-making in EC, a DRL-based algorithm
is proposed. In the algorithm, the GCN is used to extract
the dependency information of different jobs to take the
transmission between tasks into consideration. Besides,
the action selection is improved for faster converge.

3) We conduct the experiments with real-world data-trace
and compare the performance of our algorithm with
some existing algorithms. The experimental results show
that our algorithm can reduce 13.78% of the total
offloading cost on average.

The remainder of this paper is organized as follows. In
Section II, we model the EC and formulate the problem. Then,
the dependent task offloading algorithm is devised in Section
III. The experimental settings and results are described in
Section IV. Finally, the paper is concluded in Section V.

II. SYSTEM MODEL AND PROBLEM FORMULATION

In this section, first, the system model of EC is introduced
in II-A, which includes the nodes, jobs, and tasks in EC. Then
the transmission cost and computation cost of task offloading
are defined in II-B. Finally, the task offloading problem is
formulated in II-C to minimize these costs.

A. System Model

We consider a resource-limited EC environment. Different
edge nodes offer different computation capacity and charge
different computation costs. Mobile users generate jobs that
can be offloaded to different nodes for real-time computation.
A job contains one or more tasks with or without dependency.
For dependent tasks, the following tasks need to wait for
the completion of previous tasks. The main components are
described as follows.

Node: A set of nodes N = {Ny, No, ..., N,,,} are deployed
in a specific area. Generally, the remote cloud can be consid-
ered as a node with near-infinite computation resources [7].
The features of each node IN; are described as follows:

e N;,.l is the location.

e Nj,.cis the computation capacity, which is used to denote
the CPU capacity [11].

e N,.p is the computation cost which indicates the cost of
task execution per CPU resource per unit time.

e N,.b is the bandwidth.

e N;.c(t) is the available computation capacity at ¢.

e Nj.a(t) is a set of running tasks on N; at ¢.

e N;.u(t) is the SLAV, indicating the severity of resource
violation at ¢.

Job: A job J; € J represents a collection of tasks generated
by a mobile user to accomplish a specific goal. The features
of job J; are denoted as follows:

e J;.t is the arrival time when the job is sent to a node.

e J;.a is a set of tasks belonging to J;, and the number of
tasks belonging to J; is denoted as J;.n.

e J;.g is a DAG indicating the task dependencies of J;.

Task: A task is executed for a minimal indivisible goal. For
job J;, the task set is denoted as J;.a = {T}|j € [1, J;.n]}.
The features of task 77 is denoted as:

. Tj .c is the requested CPU resource.

o T).tis the arrival time.

o T/ .e is the expected computation time.

. Tf .z is the size of the data that needs to be transferred.

o T} .n is the assigned node.

o Tij.l is the source location, which indicates the location
of the user who generates Tij .

. Tij .p and Tij .s denote the set of predecessor tasks and
successor tasks of T7, respectively. If there is no depen-
dency, then T7.p = T/ .s = 0.

Note that except for the main features introduced above,
there are still some relevant features defined when they are
used. With these definitions, the transmission cost and com-
putation cost can be obtained for each task.
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B. Cost Model

For each task, both the transmission cost and the computa-
tion cost are considered and unified by the cost charged. Task
T7 with assigned node T7.n = Ny, is analyzed as follows.

Transmission Cost: The transmission cost C};7, = of T/
includes the cost of transmitting TJ to the assigned node and
the cost of transmitting data from all predecessor tasks to TJ
When a task T] is offloaded, the data of this task need to be
transmitted to the assigned node Ny to initialize the task. Let
dijk o< |T? .l — Ny.l|/Ny.b denote the transmission delay per
unit size of data between TJ and Nj,. Then the cost C;2 ., of
transmitting Tf to Ny is denoted as:

cl

J .
init — € X 771 -z X dl]’“

where c is the basic transmission cost per unit time.

Besides, let ¢! * denote the data that need to be transferred
from task 77 to task TF. If the assigned nodes of 77 and TP
are the same, then el = 0. Let d;; be the delay in transmission
of data per unit size between nodes N; and N;. Generally,
dij = dj; and d;j = 0 when i = j. Furthermore, if T/.n =
N, TF.n = N,, the transmission delay is ¢/* x d,,,, and the
transmission cost is ¢ X ezk X dpg. We use x;j, to indicate
whether 77 and T} are assigned to the same node, and if so,
z;i = 1, otherwise, x;;, = 0. For task TJ the cost Cd
its predecessor tasks to transfer data to it is defined as:

Cdafa E : cX

ko
TFeT].p

ata

Jk .
€;" X dpg X Tjg.

ij
Then the transmission cost Cy;,,,s

Czl?jut + Ctlijata (l)

of T/ is calculated as:

Gy

rans

Computation Cost: For task Tij , its computation cost
Cg{,mp is the sum of the expected computation cost and the
additional computation cost due to SLAV of the assigned node
[11]. The definition of SLAV is introduced as follows. Then
the computation cost is defined based on SLAV.

SLAV: Tt is used to denote the utilization of the nodes. For

node Ny, the resource request Ny.r(t) at ¢ is defined as:

Z Tij.c.

Tf ENy.a(t)

Nk.T’(t) =

And the resource allocation Ny.xz(t) of Ny at ¢ is defined as:
Ni.z(t) = min (Ng.c, Ng.r(t)).
Then the SLAV Nj.v(t) can be calculated as follows [16]:
ZTg'eNk.a(t) T).c
min (N;f.c7 ZTjeNk.a(t) Tz‘j-c) :

With SLAV, the computation cost is then calculated as
the sum of expected cost and additional cost. As task 77
is offloaded to node N, the computation time is Ti].e and

Nk.v(t) =

the computation amount is N.p x Tl'-j.e. Then the expected

computation cost C;;p of T/ is defined as follows:

Ci = NppxT.ex T/ .c.

exp

Moreover, the computation amount of the task is fixed, due
to the possible SLAV of node Ny, the actual computation time
of sz may be longer than expected. For task 77, the arrival
time is tg = T7 t, the expected finish time is t; = TJ t 4+
TZJ .e. If SLAV occurs during time duration [tg, t1], the actual
allocated resource Tij .2(t) can be calculated as:

T7 .x(t)

7

=Tlex ——.
© N N ()

Then the additional computation time can be calculated as:

, o
AfT (tr — to) X TV .c — fto TY .x(t)dt

[to,t1] TJ ¢

. i 2)
! 1
=/ (1 — ) dt.

to Nk.’l)(t)

For time duration [t1,%s], where to = t; + At” 1 the

additional time can be calculated with (2) if SLAV happens
again. Thus, we can get t3 = to + At” ) €tc., until task T?
is finally finished. In short, the add1t10na1 computation cost of
task 77 can be denoted as:

Cilia = N x (A + A+ AL+ )

tij 1
= Nep % 1—— V) oat,
e (- 5o

where tij =11+ Atﬁo:tl] + At?htz] + ...
time of task Tij on node Nj. As t;; is mainly influenced by
SLAYV, and the computation amount of task Tij is fixed, ¢;; is
finite and can be calculated finally. Then the computation cost
of task Tij can be calculated as follows:

Cﬁomp = Ci:rp + Cadd (3)

is the actual finish

C. Problem Formulation

In this subsection, first, some constraints of the task offload-
ing process are introduced, then the task offloading problem
is formulated.

Constraints: It is assumed that the scheduler is located at
the central node [10], [16]. A job is initiated at a particular
node and must end at the same node. To meet this requirement,
two dummy tasks are inserted for a job, i.e., tasks 7 and
T/ having zero execution time and zero communication
cost. T? is inserted at the beginning of the task sequence
to trigger the application to start execution, and Ti‘]"'”Jrl is
inserted to the end to retrieve all the results. The two dummy
tasks inserted are required to be scheduled on a particular
node:

Tz-o.n = TiJi'""’l.n. 4

For task Tij , if Tl-j .p # (), which means there exists at least

one task that must be finished before T/ can start. Then the
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actual start time tfjj of task TZ must be after the end time of
all its predecessor tasks, which can be denoted as:

t > maxT}.ty, T!eTp, (5)

where Til.tu is the actual finish time of Tzl Besides, for each

node, the resource constraint is defined as:
Ni.a(t

0< ki() <1,
Nk.c

k=1,2,..,m. (6)

Problem Formulation: We aim to minimize the total cost of
all task offloading decisions with these constraints. In short,
the total cost %, for T} is the sum of transmission cost
Ci}ans and computation cost CJ, . And the overall cost C
of all tasks is the sum of C7J,,. The target is to find the best
strategy which can minimize C' while obeying the constraints
in (4), (5), and (6). Therefore, the dynamic task offloading
problem in EC is defined as follows:

Problem 1:
minC = 3" (s + Clhuy) )
TieT
s.t. (4)—(6)

Problem 1 is an advanced bin-packing problem, which is
NP-hard and can only be solved heuristically. However, most
of the existing heuristic algorithms are unstable in real EC
environment and unable to achieve fast decision-making when
facing large-scale problems. In this problem, the first-order
transition probability of the tasks’ resource demand is quasi-
static for an extended period and not uniform distribution by
adequately choosing the time slot duration [17]. Moreover, the
arrival of tasks has the memoryless property [11]. Therefore,
this problem can be modeled as an MDP and then solved by
DRL based algorithms [15], as presented in the next section.

III. DEPENDENT TASK OFFLOADING ALGORITHMS

In this section, the dependent task offloading algorithms
based on DRL and graph neural networks (GNN) are intro-
duced. Before going into the details, reinforcement learning
(RL) algorithms are briefly introduced as follows. In RL
algorithms, at each time ¢, the RL agent collects system state
S, and calculates the reward during last time slice R;_1. Then,
the agent selects action A; according to a pre-defined strategy.
After performing the action, the system would transit to the
new state S;11 in the next time slice. Similarly, the RL agent
will repeat the above operations, i.e., calculating reward R;
and selecting new action A;; according to Syy.

Among different RL algorithms, the Q-learning algorithm
has an advantage in fast decision-making [18]. Besides, for
dependent tasks, the dependencies described as DAG need
to be properly considered. Considering that GNN can easily
handle graphical inputs, its representative GCN model is
chosen to extract the information between vertices in the DAG.

The main components of our algorithms are introduced
according to the components of RL algorithms. First, the
GNN-based state information representation is introduced in
III-A. Then the offloading action selection and the offloading
algorithm are introduced in III-B and III-C, respectively.

Reward

!

State Offloading Agent

i i i T DNN

Node N; Node N,  Node Ny,
Action

Features ECE
o { = o

- GCN
V)

DAG G; of Job J;

Observe next state

Available nodes
(Actions)

Task T/

Fig. 1. Dependent Task Offloading Algorithm

A. State Embeddings

The system state is based on the tasks’ transmission cost
and computation cost, which are only related to the features
and status of nodes, tasks, and jobs, according to (1) and (3).
To extract the necessary information for offloading decisions,
we do the node embedding, job-task embedding, respectively.

Node Embedding: For node Ny, the available CPU re-
source Ni.c(t), SLAV N.v(t), unit computation cost Ny.p,
and bandwidth N}..b are all necessary information for decision-
making. Besides, when a new task Tij arrives, in addition to
get the current resource usage on these nodes, we also want to
know the estimated resource usage in a limited future time to
avoid the situation where some short tasks are offloaded to a
node with high utilization, in which case the tasks have to wait
for a relatively long time or the node will experience a severe
SLAV. To extract this information, the expected remaining
computation amount Nj.r(t) is calculated as:

Ny.r(t) = Z (téj + T/ .e— t) x T/ .c.
T/ €Ny.a(t)

Then the state of N, can be denoted as Sy, =
{Ny.c(t), Ni.v(t), Ng.p, Ni..b, Ni..r(t)}. And the state of all
nodes Sy can be denoted as Sy = [Sn,, SNy -y SN, |-

To reduce the dimension of Sy and make it possible for
further processing, Sy is encoded as a vector Vg, to represent
the status of all nodes after several nonlinear transformations,
and the details are introduced in III-C.

Job-Task E_mbedding_: For task Tj , the features can be
denoted as T/.f = {T/.c,T}.e,T}.z}. Due to the depen-
dencies among tasks belonging to the same job .J;, we use a
GNN, which embeds the corresponding job information (DAG
structure) into a set of vectors to better represent the necessary
information for decision-making of task 77. The network is
designed based on GCN [13], and the details are as follows.

A DAG G; = (V;, E;) is used to denote all the tasks and
dependencies of job J;, where V; = J;.a, and E; represents the
dependencies. For each task of J;, there is a feature description
T7.f. The features of job .J; can be summarized as:

X; =T [T f;. T f], X e RTD,

where D = 3 is the number of task features. An adjacency
matrix M; can be used to represent the graph structure of Gj.
The state of 77 then can be denoted as S;; = {T7.f, M;}.
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We aim to produce a task-level output Z; € R7:nxI

where F' is the number of output features per task, taking
the X; and M; as the input. Each row Zik of Z; represents
the embedding of task T of job J;. With Z;, we can get the
overall information of all tasks of .J;. Each network layer of
our GCN can be denoted as:

qHY = f (H}”,Mi) _ (MZ-Hfl)W(”> L ®

where Hi(o) =X, Z; = HEL), and L is the number of layers.
WO is a weight matrix for the I-th network layer and o(-) is
a nonlinear activation function, e.g., ReLU [19]. However, (8)
means that for every task, all the features of neighboring nodes
are summed up except itself. Besides, M; is not normalized
and (8) will change the scale of the feature vectors. To solve
these problems, a new propagation rule is adopted [13]:
HT = (15[2 (M; + 1) ﬁf?H}l)W(“) )
where [ is the identity matrix. D; is the diagonal node degree
of M; = M; + I. With (9), the output Z; = H™ of job J;

?

can be obtained. Then the embedding of 77 is calculated as:

— 2 : k
VST_]' - g Zz 9
TFET] s

where ZF € R™F is the embedding feature of T extracted
from Z;, and g(-) is a nonlinear activation function.

The process of embedding job information with GCN is
demonstrated in Fig. 2. As shown in Fig. 2, given the task
dependencies M; of the job J; and the features X; of these
tasks, the information of each task propagates along the
dependency path. To get the embedding vector Vg , of task

T}, the information of task T is first transferred to task T3,
T and T?, and the information of task 7} is transferred to
task 77 and T}. Then, task 77, T? and T}, which aggregate
the information of previous tasks, propagate the information
to task 7;'. After integrating its own information, we finally
get the embedding vector Vg , of task T}. The embedding
vectors of the other tasks are also obtained in a similar way.
In short, the state of EC at ¢ can be denoted as:

S =[S, Sp] €58, (10)

where S is the set of all states. The state embeddings can be
denoted as Vg, = [Vs,, VSTJ.}. After state embeddings, the

offloading action selections can be made accordingly.

B. Offloading Action Selection

In this subsection, the offloading action set and action
selection algorithm are introduced. The action set is the set
of all available nodes. Besides, the action is selected based on
e-greedy algorithm with the estimated cost.

Action Set: For any arriving task, the decision goal is to
find a suitable node to offload the task, therefore the range of
actions is the set of all the nodes, which is defined as:

A € {1\71,]\]27 7Nm} =A,

(T f.M) — Vs,
\ i

Fig. 2. Job Embedding

where A; is the action at time ¢, and A is the set of all actions.

Action Selection: The action is selected based on e-greedy
algorithm, which consists of exploration and exploitation [20].
To select a best action in exploitation, a deep Q-learning
based algorithm [15], [18] is adopted which has an advantage
in fast computation for fast decision-making in EC. In such
algorithm, the quality of each state-action pair is indicated
by Q-value Q(S;, A;). The best action is the action with
maximum Q-value, which is selected as:

A = argrrjlé‘atuxQ(St,At). an

However, in exploration, randomly selected actions could be
terrible decisions. For example, offloading a task to an over-
utilized node can lead to more severe SLAV and extended
computation time for running tasks. Besides, offloading a
dependent task to a node far from the node of its predecessor
task can lead to high transmission costs. To avoid these
problems, some constraints are added as follows.

Firstly, to select a better random action, the estimated cost
Efj is calculated for placing the task 77 to each node N,
which is defined as:

Ef =Cyl

trans + Cij + AEk

exp o

where AE{} is the estimated additional cost due to SLAV
change of node Ny, which is defined as:

1 1 ;
k _ J m
AEZ]—<]Vk’U(t)_‘E1kZ>XITL€X Z 1—} .C,
slav T/™ €Nj.a(t)
where E¥ is the estimated SLAV if task TV is offloaded to

node N, which can be calculated as:
o Np.r(t) + T .c
min(Ny.a(t) + T} .c, Ni.c)

slav —
We denote E;; = {Ef|k € [1,n]} the estimated cost of all
nodes. Then the estimated best action can be denoted as:

Ag zargmkinEfj. (12)

Secondly, to further avoid high transmission costs, a thresh-
old is added for each job. Both the distributions of the job
durations and the number of tasks from Alibaba cluster trace
[21] follow the long-tail distribution. In this case, we can
distinguish the relative short jobs and reduce the transmission
cost between dependent tasks of these jobs by assigning these
tasks to the same node.
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Algorithm 1 Action Selection

Algorithm 2 Dependent Task Offloading

Input: S(t), T}
Output: A;
1: if T/ .n = then

2:  if ¢ > €; then

3: Select A; by (11)

4:  else if ¢ < €5 then

5: Select A, = A by (12)
6: else

7: At = Arand

8: end if

9: if J;.d < thy, and Jl’fl < tho then
10: Handle J;.a \ {T}}

11:  end if

12: else ,

13:  Handle T}

14: end if

15: end

Finally, the action selection algorithm is shown in Algorithm
1. €1, €2 (61 > €2), thy, and thy are set in advance. If
T/ .n = (), the action is selected according to the generated
random number ¢ as shown in lines 2 - 8. If ¢ > ¢, then the
best action is selected according to (11). If ¢ < €9, then the
best estimated action is selected according to (12). Otherwise,
a random action A,qnq is selected. After that, we calculate
the job duration J;.d = ZTijeJi T/ .e, and check if the job
duration J;.d and task number J;.n satisfy the thresholds
thy and thy, respectively. If so, the tasks of J; except 717
is handled, i.e., assign the tasks to the offloaded node of Tf
and push the tasks in a priority queue waiting for process.
The details of the priority queue will be explained in the next
subsection. At last, as shown in line 13, if Tij .n # (), it means
that the task satisfy the threshold policy and has been pre-
assigned to a node, this task is assigned to the specific node
and the environment is updated accordingly.

C. Offloading Algorithm

In this subsection, the reward of our algorithm is introduced,
which is divided into instant reward and delayed reward. Then,
the training process is designed based on the DQN [15] with
modified reward, action selection, and replay memory.

Reward: As shown in Problem 1, we aim to minimize the
transmission cost and computation cost of tasks. For each task
T/, the transmission cost C/, . is an instant cost. However,
the computation cost ngmp contains two parts: instant cost
Ci, and delayed cost C'7;,. Based on this, the reward R is
separated into instant reward R! and delayed reward R¢.

Firstly, the instant reward is calculated upon the offloading
decision is made, which is defined as:

R} = Cflyps + C

trans exrp (13 )
Secondly, the delayed reward is caused by SLAV and can
not be calculated instantly. The additional cost C''7,, denotes

the delayed reward of Tij . However, the SLAV affects not only

Input: £,J,0,0' =0
Output: A

1: Init Tpg by (16)

2: while TP_Q # 0 do
Get T} from Tpq
4 if T .s = start then
5: Get state S; by (10)
6: Select action A; by Algorithm 1
7
8
9

(98]

Get R! according to (13) 4
Update E, store task memory 17 .m = (S, A¢, R})
: Push (T7.t,end, T}) to Tpq
10 for (S;,A-, R;) in Dyp,, do

11: Push (S, A, R, St) to D

12: end for

13: Set Dy, = 0, and sample D, C D

4. for (sj@l,Aifﬂl,Riﬁl,sij)) in D, do
15: Calculate Q(Sﬁj), A(Tj); 0"

16: Calculate y(7) by (15)

17: end for

18: Train policy network 6 = argming L(6)
19: From time to time set ¢/ = 6

20:  else _

21: Update T} .At

22: if 77 .At = 0 then

23: Add T]" € T s to Tpg

24: Get (S;, A-, R;) from T} .m

25: Calculate reward R; by (14)

26: Push (ST, AT, Rt) to Dtmp

27: else _ _ '

28: Push (T} .ts + T} .At,end,T}) to Tpq
29: Set T) At =0

30: end if

31:  end if

32: end while

33: end

the task Tl-j , but also the other tasks running on node TZ-j M.
The total delayed reward R¢ can be calculated as:

4 tij TIJtJrTfE 1
R :N,.px/ (1 dt+/ (
! * T/t T/t Ni.v(t)

1 ) "
Efla'u

where t;; is the actual finish time of task Tij as defined in II-B.
The delayed reward R{ is obtained when the task finishes.
Finally, the total reward for A; of Ti] can be denoted as:

- o)

Tmed;.a\{T/}

R; = R + RY. (14)

Training: The dependent task offloading (DTO) algorithm
is proposed based on DQN as shown in Algorithm 2. The
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objective of the training process is to minimize the loss L(6),
which is defined as:

L(0) = El(y(t) — Q(Si, At; 0))?],

where Q(S¢, A¢;0) is the output of the policy network with
weights 6. The policy network is used to store and calculate
Q-values. y(t) is the target Q-value and defined as:

y(t) = E[(1 = a)Q(Si—1,Ar—1;0") + a (Ry 1
+vmax Q(St, Ae; 0')) [Si—1, Ae—1],

where « is the learning rate and -y is the discount parameter.
0" is the weights of the target network. These two networks
share the same network structure, but the weights of the target
network 6’ are copied from the policy network 6 at regular
intervals, in order to provide more stable training results.

In Algorithm 2, the input is the environment E, the job set
J, and the policy network with weights 6. The output is the
offloading decision A; at each time ¢. To handle the tasks and
obtain the delayed reward, a priority queue T'pq is used to
store all pending and running tasks, which is defined as:

15)

Tpo = {(TV ts, T} .5, T))|T/ € Tand T} .p = 0},

where Tij .ts is the timestamp of Tij , and Tij .5 € {start, end}
is the status of 7). If T).s = end, then T].ts is the
expected finish time and the task 77 will be finished at 77 .¢s.
Otherwise, Tij .ts is the start time of Tij and Tij ts = Tij .t At
the beginning of DTO, the Tpq is initialized as follows:

Tpq = {(T} t, start, T})|i € [1, J;.n]}, (16)

where T is the inserted task O for job J; as described in II-C.
After that, while Tpqg is not empty, the_ task TiJ is obtained
with minimal timestamp from T’pq. If T,i] .s = start, as shown
in lines 4 - 19, the DRL agent first gets the state S;, selects
an action Ay, and gets the instant reward R,’; The environment
E is then updated. The instant reward R} along with current
state S; and action A, as a tuple (S, Ay, R}) is stored in the
task memory 77 .m. Then this task is pushed to Tpg.

Moreover, as in lines 10 - 12, Dy, is a temporary memory
storing all (S;, A, R;) from last task arrival time, i.e., the
state is only observed when a task arrives. The reason is
that other tasks may finish before a task starts and affect
the state information. For each (S;, A;,R;) in Dyy,p, the
current state .S; is added to it as the next state of S, and then
(Sr,Ar, R;,Sy) is pushed to experience replay memory D
[15]. After that, Dy, is cleared and a subset D, is sampled
from D. As shown in lines 13 - 19, for each entry in D,
the corresponding Q(SY’, AY);¢’) and yu(r) are calculated.
Finally, a gradient descent step is performed in the training
process, and the weights 6 of the policy network is copied to
the target network from time to time.

Otherwise, if the task status is end, as in lines 20 - 31, the
additional running time 7} .At = AtEi, 79 46] is updated due to
SLAV according to (2), where t’ is the timestamp of last time
which can be easily recorded in experiments. If 77 .At = 0,
there is no additional running time. Then all successor tasks

of Tij to Tpg are added, and the task memory Tij .m is read.
The final reward is calculated based on (14) and the entry
(S7, A, Ry) is stored in Dy, for further getting the next
state. Else, if T7.At # 0, the expected finish time is updated
and 77 is pushed back to Tp¢ for further processing.

IV. EXPERIMENT

In this section, first the data preprocessing and parameter
settings are introduced in IV-A and IV-B, respectively. Then
the experimental results are shown in IV-C.

A. Data Preprocessing

In our experiment, the real-world cluster trace cluster-trace-
v2018 from Alibaba [21] is used, which includes about 4000
servers in a period of 8 days. Although this is a data set of
cloud computing, it is also widely adopted to represent EC
scenarios after proper preprocessing [22].

The first 1 x 10% records are intercepted, and the records
which contain missing values are removed. Then, the validity
of the start and end time of tasks is checked, and the duration
of each task is calculated. The consistency of the records is
reviewed, and the records with incomplete task dependencies
are deleted. After that, the data set contains about 8.9 x 10°
tasks and 2.6 x 105 jobs.

From the preprocessed data set, the task dependencies of
a job are extracted as J;.g. The task duration is taken as
the expected computation time 7} .e. Moreover, the requested
CPU resource is taken as T;.c. Other necessary features are
randomly generated, as described in the following subsection.

B. Parameter Settings

Node: For each node Ny, its location Ng.l is represented
by two-dimensional coordinates between [0, 100]. The compu-
tation capacities of each node Nj.c and bandwidth N.b are set
differently in the range of [50, 100] and [12, 250], respectively.
The default computation cost N.p is set to 1 and it is changed
during the experiments.

Job and Task: The arrival time of each job J.t is set to a
random number between [0,1000]. The volume T7.z of task
T} is a random integer between [1,100]. Besides, the source
location 77 .1 is initialized in the same way as that of Nj.l.

Algorithm: In Algorithm 1, the value of €; and €5 are set
to €1 = e = 0.9. Besides, the thresholds th; and tho for
threshold policy are set to th; = 10 and the = 2, respectively.
In Algorithm 2, both the learning rate « and the discount
parameter 7y are set to 1. Besides, the training interval of the
policy network and the update interval of the target network is
set to 10 and 100, respectively. Two fully connected layers are
used for node embedding, one GCN layer is used for job-task
embedding, and then two fully connected layers are used to
combine all features.

Furthermore, the number of jobs, nodes, training epochs,
and the value of cost ratio w are changed. The cost ratio w
is used to control the proportion of transmission cost ¢ and
computation cost Ny.p in the total cost, i.e., it equals to change

the total cost to Y oy (C ans T w0 x C ) to investigate

trans comp
the effect of difference cost ratio.

Authorized licensed use limited to: Beijing Normal University. Downloaded on December 15,2021 at 03:23:16 UTC from IEEE Xplore. Restrictions apply.



BGRD #TDQ ®DQG +DQT ®DTO BGRD +TDQ =DQG +DQT ®DTO EGRD +TDQ mDQG +DQT ®DTO
12E48 12648
1.0E+8 o LOE+8
z
7 8.0E+7 O 8.0E+7
3 g
Z6.0E+7 £ 6.0B+7
£ 40847 240847
=]
2.0E+7 ©2.0E+7
0.0E+0 — 0.0E+0 I
1 3 5 7 9 1 3 5 7 9 1 3 5 ; B
Job # (E+3) Job # (E+3) Job # (E+3)
(a) Total Cost (b) Transmission Cost (c) Computation Cost
Fig. 3. Performance with Different Job Number
BGRD +TDQ =DQG +DQT ®DTO EGRD #TDQ MDQG +DQT ®DTO EGRD +TDQ WDQG +DQT ®DTO
45E+7 3.0E+7 3.5E+7
40E+7
3.0E+7
3.5E+7 2B 2.5E+7
% 3.0E+7 2 2.0E+7 g
z z z
O 2.5E+7 L o] S 2.0E+7
F 2047 i 3 9B+ . > $ iy R 1 5Ee7 o —
S = ~ S e, g1
£ 1.5E+7 .{\_ £ 1.0E+7 = L & 0E+7 —
1.0E+7 S 0Bs6 ’ r=
5.0E+6 bl 5.0E+6
0.0E+0 0.0E+0 0.0E+0
10 15 20 25 30 0.6 08 1 12 14 5 10 15

(a) Different Node Number

Cost Ratio (comp_cost/trans_cost)

(b) Different Cost Ratio

Epoch #

(c) Different Epoch Number

Fig. 4. Performance with Different Node Number, Cost Ratio, and Epoch Number

350407 35007

3008407
507
07
Lsok+07
£1.008+07 ww‘
£
5005+06

300407

2508407

R

g
]

e

pected Q-Value

L00E=07
5005406

0005400 000500

10
260

(a) Q-Value

(b) Expected Q-Value

L60E+06

e 1 0Es00
1208406 .
L00Es06 )
% soor0s )
600E+05 £ sooran
Z soocor
saoe0s
pro
200105 ho
000E+00 0008400

(c) Loss

200400

(d) Relative Loss

Fig. 5. Training Process of DTO

C. Experimental Results

To show the effectiveness of our DTO algorithm, the fol-
lowing baselines are adopted: Greedy (GRD) [7], Traditional
Deep Q-learning (TDQ) [15], Deep Q-learning with GCN
only (DQG), and Deep Q-learning with Threshold policy only
(DQT). The experimental results are described as follows.

Job Number: The performance with different job numbers
is shown in Fig. 3. When the job number increases, the
advantage of the total cost in DTO becomes more obvious, as
shown in Fig. 3(a). This is because the shortage of resources is
greater when the job number grows, while the GRD algorithm
does not consider SLAV. From Fig. 3(a) it can be concluded
that in most cases, the DTO has less total cost than baselines.
Compared with the DQT algorithm, the performance of the
DTO algorithm is better since it can take the dependencies
between tasks into consideration. Besides, DTO is better than
DQG since it improves the action selection to avoid poor
random offloading decisions.

Fig. 3(b) and Fig. 3(c) demonstrates the transmission cost
and computation cost, respectively. As illustrated in (1) and
(3), when the job number increases, the request CPU and
SLAV also increase, then the transmission cost and compu-

tation cost increases accordingly. As shown in Fig. 3(b), the
performance of transmission cost is almost the same for all
algorithms. The reason is that both DRL-based algorithms
and GRD algorithms take it into account. However, the GRD
algorithm cannot take additional computation cost, caused by
SLAV into consideration. Thus as shown in Fig. 3(c), the
computation cost of GRD is greater than other algorithms.
Furthermore, with the GCN and threshold policy, the perfor-
mance is further improved.

Node Number: Fig. 4 demonstrates the performance of
total cost with different node numbers, cost ratios, and epoch
numbers. As shown in Fig. 4(a), with the increase in the
number of nodes, the total amount of computation resources in
the system also increases. Fig. 4(a) shows our DTO algorithm
is more outstanding in the case of resource shortages when
the node number is small, i.e., our DTO algorithm can offload
tasks effectively in a resource-limited EC scenario.

Cost: In Fig. 4(b), the performance of different cost ratios
is shown. From Fig. 4(b) it can be seen that in most cases, the
total cost of DTO is smaller than other algorithms.

Epoch Number: Epoch refers to the number of training
rounds. The epoch number is changed to show the effective-
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ness of our algorithm, and the results are shown in Fig. 4(c). It
can be concluded that with enough training rounds, our DTO
algorithm performs better than other algorithms.

In short, DTO has an overall best performance than all
baselines and outperforms the baseline approaches 60.55%
maximum and 13.78% on average regarding total offloading
cost. In addition to the performance with different parameter
settings, we also investigate the performance of our algorithm
in learning speed and convergence as follows.

Learning Speed: The Q-value, expected Q-value, loss, and
relative loss during the training process are shown in Fig. 5.
These values are sampled every 50 iterations. As shown in Fig.
5(a) and 5(b), the Q-value predicted by neural network and the
calculated expected Q-value is very similar. At the beginning
of training, the Q-value is relatively small, because the system
can handle all the tasks that arrive at this time. Subsequently,
as the number of arriving tasks increases, the Q-value also
increases. The reason is that the Q-value is updated according
to the reward, and the reward is affected by the number of
tasks. After a period of time, as the system stabilizes, the Q-
value also decreases and stabilizes.

Furthermore, as shown in Fig. 5(c) and 5(d), when the Q-
value and expected Q-value grows, the loss also grows. In Fig.
5(d), the relative loss is defined as the quotient of the loss
divided by the expected Q-value. It is clear to see that the
relative loss tends to be stable after about 25000 iterations,
which is indicative of the convergence of the algorithm.
Besides, the results show that the learning speed of our DTO
algorithm is fast enough to deal with task scheduling in EC.

V. CONCLUSION

In this paper, we first model the resource-limited EC, which
includes the edge nodes, jobs, and tasks. The dependent
tasks are offloaded to different nodes to be processed. Then
the task offloading decision process is modeled as an MDP
problem, and a DRL-based algorithm is proposed. The GCN
and threshold policy are used to improve the state information
representations and action selections, respectively. Finally, the
experiments are conducted with real-world data-trace, and the
results show that the DTO algorithm outperforms the baseline
algorithms 13.78% on average in regarding total offloading
cost. Future work will consider the joint task offloading and
service placement problem to maximize the profit of nodes.
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