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Abstract

Vehicular edge computing (VEC) is emerging as a new computing paradigm to improve the quality of vehicular
services and enhance the capabilities of vehicles. It enables performing tasks with low latency by deploying comput-
ing and storage resources close to vehicles. However, the traditional task offloading schemes only focus on one-shot
offloading, taking less into consideration task dependency. Furthermore, the continuous action space problem during

task offloading should be considered. In this paper, an efficient dependency-aware task offloading scheme for VEC
with vehicle-edge-cloud collaborative computation is proposed, where subtasks can be processed locally or can

be offloaded to an edge server, or a cloud server for execution. Specifically, first, the directed acyclic graph (DAG)

is utilized to model the dependency of subtasks. Second, a task offloading algorithm based on Deep Deterministic
Policy Gradient (DDPG) was proposed to obtain the optimal offloading strategy in a vehicle-edge-cloud environment,
which efficiently solves the continuous control problem and helps reach fast convergence. Finally, extensive simula-
tion experiments have been conducted, and the experimental results show that the proposed scheme can improve
performance by about 13.62% on average against three baselines.

Keywords: Task offloading, Task dependency, Vehicular edge computing, Vehicle-edge-cloud collaborative
computing, Deep deterministic policy gradient, Deep reinforcement learning

Introduction

The Internet of Vehicles (IoV) is a new paradigm that
combines traditional vehicle ad hoc network and vehi-
cle remote information processing, which can effectively
improve vehicular services and augment the capabilities
of vehicles [1, 2]. In IoV, an intelligent vehicle is capable
of running various applications [3, 4], such as collision
warning [5], automatic driving [6], and auto navigation
[7]. Unfortunately, these applications not only require
significant computation resources and storage resources
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but also have stringent delay requirements [2, 8]. As a
result, it is challenging to execute them on vehicles with
low latency that have limited resources.

Vehicular edge computing (VEC) is proposed as a
promising solution to solve the above problem, which
integrates mobile edge computing (MEC) into IoV [9].
VEC can improve vehicle service quality [10-12] by
deploying MEC servers’ computation resources and stor-
age resources close to vehicles. Specifically, computa-
tion-intensive and delay-sensitive tasks can be offloaded
to MEC servers for execution via wireless networks [2,
13]. Compared to resource-constrained vehicles, MEC
servers with more computation resources can efficiently
reduce the execution latency of these tasks.
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Although VEC can reduce execution latency of tasks,
MEC servers cannot ensure load balancing due to their
limited computing and storage ability of [14, 15]. To
better improve resource utilization, some tasks can be
executed locally or offloaded to the cloud server for exe-
cution. Thus, this type of task offloading with vehicle-
edge-cloud collaborative computing can obtain a low
latency for various vehicular tasks. Such approaches have
been extensively studied [9, 16]. For example, Dai et al.
propose an offloading method for VEC, which offloads
tasks based on vehicle-edge-cloud collaborative com-
puting [9]. Xu et al. [16] presented a game theory-based
service offloading approach to minimize task processing
latency of users, where both predictions of traffic flow
and the allocation of resources are considered. In these
works, tasks were considered as a whole during task oft-
loading. Their assumption is that offloaded tasks are
atomic. However, a typical application task consists of a
series of subtasks [17, 18], which are originally designed
to enable multithread processing [18]. As shown in
Fig. 1(a), we divide a task into five subtasks and use a
directed acyclic graph (DAG) to describe the inter-sub-
task dependency. Figure 1(b) illustrates the fine-grained
task offloading approach, where subtask 2, subtask 3, and
subtask 4 are executed in parallel through vehicle-edge-
cloud collaborative computing. Therefore, it is neces-
sary to take task dependency into account during task
offloading.

Deep reinforcement learning (DRL) is a branch of arti-
ficial intelligence (AI), which utilizes the perceptual abil-
ity of deep learning and the decision-making ability of
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reinforcement learning [19]. DRL can obtain the opti-
mal offloading strategies by directly interacting with
the dynamic vehicular network. For example, Dai et al.
proposed an efficient task offloading approach based on
the deep Q-network (DQN) to minimize the processing
delay of tasks. He et al. [20] first introduce a novel Qual-
ity of Experience (QoE), and then proposed a task off-
loading algorithm based on DRL to improve QoE for IoV.
In these works, these value-based reinforcement learning
methods mainly focused on discrete actions. However,
the problem of task offloading in a vehicle-edge-cloud
computing environment is a continuous action space
(i.e., continuously allocating computation resources and
bandwidth resources of edge servers). Therefore, it is
necessary to take continuous action space into account
during task offloading.

To tackle the above challenges, an efficient depend-
ency-aware task offloading scheme based on a deep
deterministic policy gradient (DDPG) named DA-TOD-
DPG, is proposed. Compared with the existing task off-
loading methods, this approach considers both task
dependencies and the continuous control problem dur-
ing task offloading. Specifically, the main contributions of
this article are summarized as follows:

+ Modeling the system model of task offloading in a
vehicle-edge-cloud collaborative computing environ-
ment, where DAG is utilized to model the dependen-
cies of subtasks in the task model.

+ Proposing an efficient dependency-aware task off-
loading scheme based on DDPG to achieve the opti-
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mal fine-grained offloading strategy, which consid-
ers both task dependencies and continuous action
spaces.

« Conducting extensive experiments to evaluate the
performance of our proposed scheme. The experi-
mental results show that our scheme can greatly
reduce the average processing time compared with
baseline schemes.

The rest of this paper is organized as follows. Section 2
discusses the related works. Section 3 presents the sys-
tem model and problem definition. Section 4 proposes
the design of the dependency-aware task offloading
scheme based on DDPG. Section 5 evaluates the perfor-
mance of our proposed offloading scheme. Section 6 con-
cludes this paper and outlines future work.

Related works

There are some studies work on task offloading for vehic-
ular edge computing, which consists of mobility-aware
task offloading [21], dependency-aware task offloading
[22], learning-based task offloading [13], and traffic flow
prediction task offloading [16]. Most work has stud-
ied the task offloading between vehicles and MEC serv-
ers. Yao et al. [19] considered both energy consumption
and processing delay and proposed a twin delayed deep
deterministic policy gradient algorithm to achieve the
optimal offloading strategy. Zhang et al. [23] proposed
an offloading method, where both the heterogeneous
requirements of the computation tasks and the mobil-
ity of the vehicles are considered. Ren et al. [24] studied
task offloading problems with multiple constraints and
proposed a DDPG-based task offloading algorithm. Zhan
et al. [25] studied the offloading problem without infor-
mation sharing and proposed a computation offloading
game formulation. However, these works only considered
the resources of vehicles and MEC servers and did not
fully utilize the rich resources of the cloud.

Recently, some works have begun to consider the prob-
lem of task offloading in the vehicle-edge-cloud com-
puting environment. Xu et al. [16] presented a game
theory-based service offloading approach to minimize
task processing latency of users, where both predictions
of traffic flow and the allocation of resources are con-
sidered. Dai et al. [9] proposed an efficient task offload-
ing approach to minimize the processing delay of tasks,
which jointly considered the edge-cloud opportunities
and the convergence of deep reinforcement learning.
Zhang et al. [26] studied the problem of resource allo-
cation for edge services under the vehicle-edge-cloud
computing environment and proposed two algorithms to
maximize social welfare and profit. However, these works
did not consider the subtask dependencies within a task.
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With respect to dependency-aware task offloading,
Chen et al. [27] studied the problem of dependency-
aware task offloading, where considered both the col-
laboration between MEC servers and the cloud servers
and the collaboration among MEC servers. Fan et al. [28]
proposed a heuristic algorithm with the aim of reducing
the consumed energy of vehicles. Pan et al. [29] consid-
ered both energy consumption and task dependency in a
vehicle-edge-cloud computing environment. A Q-learn-
ing-based framework was proposed to select optimal
strategies. Chen et al. [30] studied multiple dependent
tasks offloading problems under an end-edge-cloud col-
laborative computing environment. A DRL-based algo-
rithm was proposed to reduce the average energy-time
cost. However, these works assume that each MEC server
has enough resources for task offloading.

Besides, some studies have attempted to solve the task
offloading problem via deep reinforcement learning. Qu
et al. [31] proposed a deep meta-reinforcement learning-
based offloading (DMRO) algorithm for reducing latency
and energy consumption. Binh et al. [32] proposed a
based on Deep Q-Network (DQN) algorithm to enhance
the average quality of experience. Huang et al. [33] con-
sidered both task offloading and resource allocation and
proposed a Deep-Q Network based algorithm to mini-
mize the overall offloading cost in terms of energy cost,
computation cost, and delay cost. However, the research
works simply assume that the action space of task off-
loading is discrete due to using a value-based function.

Unlike these above works, we investigate dependency-
aware task offloading for IoV in the vehicle-edge-cloud
collaborative computing environment. Our work is dif-
ferent from these works in three aspects: 1) we take task
dependency into account to further minimize execution
delays when designing task offloading strategies. 2) we
fully utilize the resources of vehicles, MEC servers, and
the cloud server. 3) we efficiently solve the continuous
control problems.

In addition, based on the above discussion in the field
of task offloading for IoV, a side-by-side comparison is
presented in Table 1 in terms of strategy, applied metrics,
advantages, and weaknesses of each technical study.

System model and problem formulation

In this section, the system model of dependency-aware
task offloading is designed, and then the problem of
dependency-aware task offloading is formulated as an
optimization problem. The key terms and the related
descriptions in the system are listed in Table 2.

Network model
As illustrated in Fig. 2, the network model of depend-
ency-aware task offloading for VEC is presented, which
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Table 1 A side-by-side comparison of offloading strategies
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Reference Strategy

Applied metrics Collaborative way

Advantages

Weakness

[17] deep deterministic policy Delay, Energy Vehicle-Edge Appropriate computation Not considering the resources
gradient (TD3) model of cloud services
[21] Machine Learning Delay, Cost Vehicle-Edge Considering the mobility of Not considering the resources
the vehicles of cloud services
[22] Deep Deterministic Policy Delay Vehicle-Edge Considering V2V and V2I High complexity
Gradient (DDPG)
[23] A policy gradient deep rein- Delay, Energy Vehicle-Edge Acceptable system model Not considering the resources
forcement learning of cloud services
[14] Takagi-Sugeno fuzzy neural Delay, Energy Vehicle-Edge-Cloud  Traffic flow prediction com- High complexity
network and game theory bined with task offloading
[7] Deep Q-Network (DON) Delay Vehicle-Edge-Cloud  Acceptable complexity Not considering task depend-
encies
[24] Machine Learning Profit Vehicle-Edge-Cloud  Edge and cloud share High dimensional state space
resources in the form of
wholesale and buyback
[25] A Greedy Based Delay Vehicle-Edge-Cloud  Considering task dependen-  Single offloading
cies
[26] Heuristic Algorithm Energy, Cost Vehicle-Edge-Cloud Considering task dependen-  High complexity
cies
[27] Q-learning Delay Vehicle-Edge-Cloud  Acceptable system model High dimensional state space
[28] Actor-Critic Mechanism Delay, Energy Vehicle-Edge-Cloud Considering task dependen-  Not considering continuous
cies action space
[29] Deep Meta Reinforcement Cost Vehicle-Edge-Cloud  Fine-grained offloading Not considering continuous
Learning-based Offloading action space
(DMRO)
[30] Deep Q-Network (DON) Qok Vehicle-Edge Solving for high dimensional Model limitations
state space
[31] Deep Q-Network (DQN) Cost Vehicle-Edge Appropriate mathematical Not considering continuous
proof action space
Table 2 Notations and descriptions
Symbol Description
Q}r(n,i The ith subtask belonging to task Q‘fn
dfm The input data size of the ith subtask
c,km The amount of computation resource required to complete subtask Q,km
Ake The data transmission rate between vehicle k and RSU r
Pk The transmission power of vehicle k
Bke The channel gain between vehicle k and RSU r
w The bandwidth of each sub-channel between vehicle kand RSU r
o2 The surrounding noise power
tre The round-trip time of transmission data between RSU r and the cloud server
fy The computation capability of vehicle k

consists of three layers: user layer, edge layer, and cloud
layer. The user layer is a collection of all vehicles, where
each vehicle can process some subtasks of a task. The
edge layer consists of RSUs and MEC servers, where
each RSU is equipped with a MEC server. Each RSU
can collect vehicle service requests within its coverage

range and each MEC server can execute subtasks
through offloading. The cloud layer is the cloud server,
which has enough computing and storage resources.

We assume that all tasks generated by vehicles can be
broken down into smaller subtasks. Each subtask can
be processed locally or offloaded to a MEC server or
the remote cloud server for execution.
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The set of RSUs is denoted as R = {1, 2, ...,7, ..., R}, and
the set of vehicles is denoted as K = {1,2, ..., k,..,K}. In
addition, we assume that each vehicle has M computa-
tion-intensive and delay-sensitive tasks to be executed
within a stringent completion time constraint. The vari-
able QX is used to represent the nth task of vehicle , rep-
resents one vehicle. For ease of reference, we show the
key notations used in this article in Table 2.

Task model

In this section, the task model of dependency-aware
task offloading is introduced. Since tasks are not
atomic, their subtask may be interdependent, i.e., the
output of some subtask is the input of another sub-
task [2]. To describe subtask dependencies with a task,
each subtask can either be processed on the vehicle or
offloaded to the edge server or cloud server for com-
putation. Each task can be modeled as a directed acy-
clic graph (DAG), i.e., G = (Z, &), where 7 is the set of
subtasks, and £ is the set of directed edges. Let I = |Z|
denote the total number subtasks of task Q. In the

task graph, node Q - means the ith subtask belonging
to task Qk ,and a dlrected edge (Qm A Q ) denotes the
subtask dependency that subtask Q ; cannot be per-
formed until subtask Q - has been Completed, i,jel

To accurately 1llustrate the task dependencies, we
show an example in Fig. 3. The ﬁgure shows that task
Qk is divided mto 9 subtasks (i.e., Qm " Qm 9 Qm 3 Qm 4
Qm 5 Qm o Qm 2, Q )? 9) Spec1ﬁcally, subtask Q 1 is
entry task of task Q,. Subtask Q 3 is predecessor task
of Q 4 and Qm5 Subtask QX 4 and QF 5 are successor
tasks of Q 3- So, subtask Qﬁn and er‘n are start exe-
cuted until subtask Q has been Completed Similarly,
subtask ng is exit task of task Qk Therefore, Qk mo 1S
start executed until all predecessor subtasks (i.e., Q,,,
Qm 2 Qm 3 Qm 4 Qm 5 Qm 6 Qi Qm s Qy 9) has been
completed. In addition, subtask sz and Qm3 or Q
and Qk g can execute in parallel, Similarly, subtask Q

an = and Q ¢ can also be executed in parallel.

Each subtask Q . can be described in two terms as

Q = < l,c’,;”>, dfn,i denotes the input data size of
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Fig. 3 Anexample of a directed task graph
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tation resource requlred to complete subtask Q

Communication model

In this section, the communication model of the task off-
loading is introduced, which consists of the communica-
tion model of vehicle to RSUs and the communication
model of RSUs to the cloud server.

1) Vehicles to RSUs: we consider that the wireless com-
munication (i.e., 4G, 5G, and WiFi) between vehicles and
RSUs is based on the orthogonal frequency-division mul-
tiple access [2]. Specifically, we let A, denote the data
transmission rate between vehicle k and RSU r, which
can be calculated as [2, 34]

Ie = HE.Wlogy (1 + pr.die.0 ). (1)

where 7 denotes the number of sub-channels allocated
to the vehicle k, w denotes the bandwidth of each sub-
channel between vehicle k and RSU r, p; denotes the
transmission power of vehicle k, 6 . denotes the channel
gain between vehicle k and RSU r, o2 denotes the sur-
rounding noise power.

2) RSUs to cloud server: we consider that the wire-
line communication (i.e., high-speed optical fiber lines)
between RSUs and the cloud server. In the case MEC
servers cannot provide computation services for vehicles,
vehicles offload the subtasks to the remote cloud server
via RSUs. Especially, it should be noted that the trans-
mission latency of the MEC server transmitting data to
the cloud server is equal to the transmission latency of
the cloud server returns the result to the MEC server and
this transmission latency is independent of the size of
the data, due to the long geographical distances between
cloud servers and MEC servers [2, 34]. We let ¢, . denote
the round-trip time of transmission data between RSU r
and the cloud server, which can be calculated as [2, 34]

where tglé?”d denotes the transmission latency of RSU r
transmitting data to the cloud server.

Computation model

Subtasks with a task can either be performed on the vehi-
cle or be offloaded to the MEC server or cloud server for
execution. Thus, in this section, the processing time of
subtasks is discussed in the vehicle, the MEC server, and
the cloud server, respectively.

1) Local computing: when the subtask is assigned to
be executed on the vehicle, we assume that each vehicle
processes one subtask at a time. In this case, if there is a
subtask computed in a vehicle, other subtasks executed
locally need to wait in a task queue based on the first-in-
first-out principle until the computation resources are
available [9, 35]. Thus, the total local completion delays of
subtask Qk consist of the local execution delay and the
local waltlng delay, which is given by:

k
local,completion _ Cm,i local,wait (3)
k,m,i - fk + k,m,i
where J’;“ denotes the local execution delay, fx denotes

the computation capability of vehicle k, c ; denotes the
amount of computation resource requlred to complete
subtask QF, ;, and tlocalwait i the local waiting delay of the

k,m,i
subtask Q,, , denoted by the difference between the exe-
cution startin time and requested time as
local,wait tloca start loml request
k,m,i -

2) Edge Computmg when the subtask is offloaded to
MEC servers for processing, we consider that the whole
process can be broken down into three parts: the trans-
mission delay, the execution delay, and the waiting delay
of the subtask on the MEC server.
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Firstly, the raw data of the subtask an,l. is transmitted
from vehicle k to MEC server e via wireless communi-
cation. According to the communication mode (1), the
transmission delay of the subtask an’i is defined as

dk
mec,}frans _ Tmii (4)
k,m,i 2 ke

Secondly, similar of local execution, the processing delay

of the subtask an,i on the MEC server e is defined as
k
mec,com __ Cm,i (5)
k,m,i ~ fmec’

e

where f"% represents the computation capability of the
MEC server e.

Thirdly, the edge waiting time is similar to the local
waiting time.

mec,wait tmec,start mec,request 6
k,m,i k,m,i k,m,i . ( )

Where tZiii’.smrt denotes the start execution time of the
subtask, and t,iif;requm denotes the requested time of
subtask.

According to equations (4), (Eq5), and (Eq6), the
total completion delays for offloading subtask to the

MEC server e can be defined as

mec,completion mec, trans mec,com mec,wait
k,m,i _kt k +tkml +tkml
d Com,i + tmec ,wait (7)
k,m,i

3) Cloud computing: when the subtask is offloaded to the
cloud server for processing, the raw data of subtask er;,z
is first transmitted from vehicle k to RSU r, and then is
transmitted from RSU r to the cloud server. In addition,
considering the enormous computation capability of the
cloud server, the execution delay is negligible compared
with the transmission delay [2, 16]. Therefore, the total
completion delays of offloading subtask Q];;,i to the cloud
server can be broken down into two parts: the transmis-
sion delay between vehicle k and RSU 7, and the trans-
mission delay between RSU r and the cloud server, which
is defined as

cloud,completion

__ g mec,trans
tk m,i - tk,m,i + lec
d* (8)
e m,L + t
/1/(,8 e,C*
dk
where - denotes the transmission delay between vehi-

cle k and RSU r, and according to (2) .. denotes the
cloud transmission delay.
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Problem formulation

In this part, we formalize the problem of dependency-
aware task offloading for VEC as an optimization prob-
lem. This optimization problem aims to minimize the
average processing latency under the constraints of
computing and communication resources of MEC serv-
ers. Specifically, the optimization problem is defined as

min Z £ ey )

Ohi"mi) keV meo

local edge loud
s.t. pkogiftzz—'—pkml—}_pi%z =1 (103)
Z ﬁk,e <B (10b)
keV
<
> %o =C (10¢)
keV
where rk ={BE _xF 1 denotes the allo-
k,m,i? " k,m,i
cated computatlon ﬁaln(}i comml}nlgaﬁorb resources,
k local ,,local | mec,ofjload mec cloua,ofjioad  cloud
t _tkmlakmz+kmt km1+l<mz O kmi B

denotes the maximum communication capablhty of MEC
servers, and C denotes the maximum computation capa-
bility of MEC servers.

Task offloading algorithm based on DDPG

In this section, an efficient dependency-aware task off-
loading algorithm based on DDPG, named DA-TOD-
DPG, is proposed. Compared with the value-based
reinforcement learning (RL) approach (e.g., DQN) [24,
36], DDPG combines the characteristics of DQN and
the actor-critic (AC) algorithm to learning the Q value
and the deterministic policy by the experience relay
and the frozen network [37], thereby efficiently solv-
ing continuous control problems and helping reach the
fast convergence. Figure 4 illustrates the framework
of DA-TODDPG. First, the algorithm settings of DA-
TODDPG are defined. Second, we present the details of
DA-TODDPG. Third, the action selection based on the
E-greedy policy is described. Finally, the DDPG net-
work update is detailed presented.

Algorithm setting

In this section, DDPG is introduced to address the pro-
posed optimization problem in (9). i.e., obtaining the
optimal offloading strategy (i.e., the subtask executed
on local, or offloading to edge server, or offloading to
cloud server) through exploring the dynamic environ-
ment at the beginning of each subtask offloading round.
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Fig. 4 The framework of DA-TODDPG

Similar to [38], we assume that there is one central-
ized MEC server as the agent in DA-TODDPG. The
agent identifies the optimal fine-grained offloading
strategy by interacting with the environment through
a sequence of observations, actions, and rewards [39].
Specifically, when the agent receives a subtask request
from a vehicle, it selects an action based on the current
environment state. Then the vehicles choose where to
execute the task according to the selected action. After
the action is executed, the agent receives a reward that
indicates the benefits of the selected action. Finally, the
environment evolves into the next state.

There are four key elements in the DDPG, namely envi-
ronment, state, action, and reward, which are specified as
follows:

Environment. The environment env reflects the inter-
net of vehicles environment, including the set of vehicles,
the set of tasks, the transmission power of the vehicle, the
channel gain between the vehicle and MEC server, and
the computation and communication resources of MEC
servers. The environment is defined as

env={V,Q,p, 8 B,C}. (11)

State. The state s reflects the observation the available
resources of MEC servers, which is defined as

st = {Ba, Ca}. (12)

where the subscript ¢ denotes the t-th time step, B
denotes the available communication resources of
MEC servers, and C, denotes the available computation
resources of MEC servers.

Action. Based on the observed states, the agent decides
the allocation of computing and bandwidth resources of
the MEC server for executing the subtask. The action « is
defined as
(13)

t
Aeom,i = {bk,m,i> km,i}-

where tzk ; denotes the action of subtask i of task Q
at the t-th’ tlme step, bim,,i denotes the allocated com—
munication resources for subtask i of task Qfm«, and c¢g i
denotes the allocated computation resources for subtask
i of task Qfm

Reward. According to the state and action, the agent
calculates the offloading strategy benefits, which can be
defined as

0, if subtask i is executed locally
lcoal,completion mec completzon

o - ,if subtask
r,i i = 4 iisoffloaded to the MEC server
T local,completion cloud ,completion
Ko ,if subtask
i is offloaded to the cloud server
(14)
where rk ; denotes the benefits of the action akm ; of

subtask i of task Q - at the ¢-th time step.

Task offloading algorithm

The illustration of DA-TODDPG is shown in Fig. 4,
which combines the characteristics of DQN and the
actor-critic (AC) [37]. Therefore, it consists of three com-
ponents, namely evaluation network, target network, and
replay memory.
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The evaluation network consists of two deep neural
networks, namely an evaluation actor network Critic-E
and an evaluation critic network Action-E. The evalua-
tion actor network is utilized to explore the offloading
strategy. The evaluation critic network estimates the
offloading strategy and provides the critic value which
helps the evaluation actor to learn the gradient of the
policy. In addition, the input of the evaluation net-
work is the current state s;, the output is the action a;,
the training state and the training action from replay
memory.

The target network can be understood as an older ver-
sion of the evaluation network due to their having the
same network structure but different parameters, which
is utilized to produce the target value for training Critic-
E. It consists of a target actor network Actor-T and a
target critic network Critic-T. The input of the target net-
work is the next state s;4+1 from replay memory and the
output is a critic value for computing loss of Critic-E.

The replay memory is used to store experience tuples,
consisting of the current state, selected action, reward,
and next state. The stored experience tuples can be
randomly sampled for training the evaluation network
and the target network. The randomly sampled expe-
rience tuples are intended to reduce the effect of data
correlation.

The DA-TODDPG algorithm based on DDPG is
described in Algorithm 1, which mainly includes three
main parts: selection (Line 7), reward evaluation (Line
9), and network update (Line 14).

Input: The size of replay memory N;
The current state s; //Eq. (12)
Output: An action at
1 Initialize the replay memory D with the size of N
2 Randomly initialize the weight of evaluation actor network

6% and critic network 09, respectively
s Initialize the target actor network with weights oH' — or
and the target critic network with weights 09" «— 9

a for episode =1 to M do
5 s = st
6 for t=1toT do
7 Obtain the action a; with evaluation actor network
0¥ and the behavior noise n;:
a¢ = min(max(u(s¢ |0*) + ne, —1),1)
8 Preform action a¢
9 r¢= RewardEvaluation(at)
10 Observe next state s¢41
11 Store transition (s¢, at, ¢, S¢41) in D
12 if the replay memory D is full then
13 09, o1, GQI, o = NetworkUpdate(D)
14 end
15 end
16 end

17 Output a¢

Algorithm 1 DA-TODDPG Algorithm.
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Reward evaluation algorithm

Evaluating the reward of each offloading decision not
only enables us to obtain an optimal offloading strategy
but also accelerates the convergence of the DA-TODDPG
algorithm. The goal of the DA-TODDPG algorithm is to
maximize the reward of performing actions. Therefore,
the reward is negatively related to the execution time.
The algorithm for evaluating reward is shown in Algo-
rithm 2. Specifically, when the subtask is executed locally,
the reward is equal to O (Lines 4-5). When the subtask is
offloading to the MEC server for execution, the reward
is equal to the subtask’s local processing delay minus the
subtask’s processing delay on the edge server (Lines 6-7).
Similarly, when a subtask is offloaded to a cloud server
for execution, the reward is equal to the subtask’s local
processing delay minus the subtask’s processing delay on
the cloud server (Lines 8-9).

Input: The current state st, the action a; = {bm,i,cm,i};
subtask an,i
Output: The reward 7+
1 Execute on the local completion time ¢
subtask Q’fnﬂ: // Eq. (3)
2 Execute on the MEC server completion time
gmec,completion o o hragk QF . // Ea. (6)

k,m,i

local,completion
k,m,i of

cloud,completion of

3 Execute on the cloud completion time ¢, " "
subtask Qlfmi // Eq. (7)

a if by, ; =0 then

_ 4local,completion

5 ‘ e _ tlocal,completion //Eq (14)

T Yk,myi k,m,i
6 end
7 if by > 0 and ¢m,; > 0 then
_ 4local,completion mec,completion
8 ‘ Tt = tk:,m,i - tk,m:i //Eq (14)
9 end

10 if by, s =0 and ¢y > 0 then

_ 4local,completion cloud,completion
no | o=ttt —toud //Eaq. (14)
12 end

13 Output r¢

Algorithm 2 Reward Evaluation Algorithm.

Network upload algorithm

The network update is outlined in Algorithm 3. Spe-
cifically, in each training step, a minibatch of experience
tuples D; are randomly sampled from replay memory
D (Line 1-2). Then, the target critic network Critic-T
calculates the target value y; and transmits y; to evalu-
ation critic network Critic-E (Line 3). After receiving y;
Critic-E updates 69 by minimized the loss function L(6 Q)
(Line 4). On the other hand, Utilizing the sampled pol-
icy gradient V6,,J to update the weights 6# of evaluation
actor network (Line 5). Finally, the parameters 6Q and
6" of target actor network and target critic network are
updated after each C step, respectively (Line 6-8).
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Input: the replay memory D
Output: 09, 9+, GQ/, or’
1 Sample random minibatch of transitions from D and get D;
for (st,at,rt,st+1) mn Dt do

2 Calculate the target
value:ye = e +1Q(se1, (st [04) [09)
3 Update the 69 in evaluation critic network by

minimizing the loss:
L(69) = E [(yr — Q(st, a2 [09))°]

a Update the weights 09 of target actor network every C'
step: 09" « 709 + 1- T)GQ'
5 Update the weights o1 of target critic network every C

step: OF «— TOH + 1- 7)9“,
output 69, oH, OQ/, or

end
s Output 09, g4, 99, o+’

N o

Algorithm 3 Network Update Algorithm.

Experimental performance

In this section, extensive experiments are carried out
to evaluate the performance of our proposed scheme.
The experimental setting details are explained first, and
then the convergence performance of the DA-TODDPG
scheme is analyzed. Finally, DA-TODDPG is compared
with existing task offloading schemes to prove the effec-
tiveness of the DA-TODDPG scheme.

Experimental setting
A VEC system is simulated, which consists of 7 vehi-
cles, 40 tasks, and 4 RSUs. Each RSU is equipped with
one MEC server and each MEC server is equipped with
several CPUs. The size of input data of tasks is randomly
generated from the set {25, 30, 40, 45, 60} MB. The com-
putation resource requirements of tasks are randomly
assigned from the set {0.5, 0.6, 0.7, 0.8, 1.2} Gigacycle/s.
Each task is randomly divided into 4 to 8 subtasks, and
the size of input data and computation resource require-
ments of the task are randomly assigned to subtasks. In
addition, the other parameters in the experiments are set
in Table 3.

To demonstrates the effectiveness of DA-TODDPG,
three baselines are selected to compare the DA-TOD-
DPG as follows.

+ Dependency-aware random offloading (DA-RO).
The DA-RO is a traditional offloading approach with-
out utilizing optimization algorithms, where the edge
server randomly assigns sub-channels and compu-
tational resources to vehicles for the corresponding
task offloading operations.

+ Dependency-aware task offloading scheme based
on DQN (DA-TODQN). The DA-TODQN is a fine-
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Table 3 Parameter values

Parameter Value

the transmission power p 2 £ 0.2 Watt [40]

the channel gain § 144 4+ 144 dB [41]
noise power o —? 15 x 108 Watt [41]
the computation capacity of a vehicle 0.3 £ 0.03 Gigacycles/s [9]
the size of the experience pool D 2000
min-batch size of D; 32
the learning rate 0.01
the communication capability of a MEC 40 MHz
server
The computation capability of a MEC server 5 Gigacycle/s
1000ms

cloud
roff

grained task offloading approach, which considers
the decomposability and dependencies of the task.
Unlike our method DA-TODDPG, DA-TODQN uses
a value-based reinforcement learning approach to
allocate sub-channels and computational resources.
It is an implementation of MORL-ODT [42].

» Entire task offloading scheme based on DDPG
(E-TODDPG). The E-TODDPG is a coarse-grained
task offloading approach, which without the consid-
eration of the decomposability and dependency of
tasks. It is a realization of [43].

Evaluation of train performance

As a DDPG-based algorithm, the train performance of
the model should be guaranteed. To prove the train per-
formance of DA-TODDPG, we first compare the con-
vergence under different learning rates, and we second
compare its convergence with other baselines.

1) Convergence with Different Learning Rates: through
the simulations with different learning rates, the most
appropriate value for learning rate is 0.01, which has an
average reward of 2024, as shown in Fig. 5. The worst
value for this parameter is 0.08, and its average reward is
2003. Thus, the learning rate is set to 0.01 in the following
system simulations and evaluations.

2) Convergence with Different Baselines: Figure 6
shows the train performance of different baselines
(i.e., E-TODDPG, DA-TODQN), which is the average
result of multiple experiments. It is seen that the DA-
TODDPG converges faster and has a higher reward
value than the E-TODDPG and the DA-TODQN. The
reason is that DA-TODDPG both considers the inter-
subtask dependency and the dynamic environment,
and utilizes DDPG to solve the continuous control
problems. Thus, fine-grained offloading opportunities
can be well obtained. Specifically, the E-TODDPG is a
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coarse-grained task offloading approach that does not
consider task decomposability and dependencies thus
the fine-grained offloading opportunities for subtasks
are wasted and cannot obtain optimization strategy.
The DA-TODQN demonstrates slow convergence and
unstable performance caused by that DQN shows the

inefficiency on the network with a high dimension in
the action space.

Performance evaluation and analysis
To verify the adaptability and effectiveness of DA-TOD-
DPG, three sets of simulation experiments with diversity
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in environments are conducted, and the performance of
DA-TODDPG is evaluated.

The control values for the comparative analysis vari-
ables are listed in Table 3. In each set of experiments, the
value of one variable fluctuated around the control value
and the other variables remained constant (Table 4).

1) Analysis on the Variety of Task Number: When the
number of Tasks in the offloading system are differ-
ent, the Average processing delay of different baselines
are shown in Fig. 7. With other variables unchanged,
the number of tasks ranges from 20 to 70 in this set of
experiments. It is seen that the average processing delay
increase with the rise in the number of tasks. As the num-
ber of tasks grows from 20 to 70, DA-TODDPG perpetu-
ally outperforms DA-RO, DA-TODQN and E-TODDPG.
This is because DA-TODDPG gains the most appropriate
fine-grained offloading opportunities for subtasks. More
specifically, when the task number increases from 20
to 70, the DA-TODDPG outperforms the DA-RO, DA-
TODQN, and E-TODDPG by the improvements of 21.3%
to 11.4%, 8.8% to 7.6%, and 13.2% to 17.8%. In addition,

Table 4 Controlled Variables setting

Variable description Controlled value

Number of MEC servers 4
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when the task number increases to 70, the performance
of E-TODDPG drops sharply. This is because E-TOD-
DPG does not take into account the inter-task depend-
ency, thus MEC servers suffer from the computation
resource contention caused by a large number of tasks.

2) Analysis on the Variety of MEC Server Number: In
Fig. 8 illustrates the impact on the average processing
delay by the number of MEC servers. Experiments are
conducted with the number of MEC servers ranging from
2 to 6, while the other variables remain unchanged. The
figure shows that the average processing delay goes down
as the number of MEC servers increases. This is because
the increasing MEC servers can introduce more comput-
ing resources and communication bandwidth into the
system. Especially, when the number of MEC servers is
2, 3, 4, 5, and 6, the improvement of DA-TODDPG com-
pared to the DA-RO is 12.4%, 16.1%, 20.5%, 15.2%, and
21%, the improvement of DA-TODDPG compared to the
DA-TODQN is 7.8%, 11.6%, 13.6%, 12.4%, and 12.1%, the
improvement of DA-TODDPG compared to the E-TOD-
DPG is 10.1%, 13.4%, 17.4%, 16.1%, and 18.8%, respec-
tively. The performance of DA-TODDPG is higher than
other baselines due to DA-TODDPG both considering
the dynamic environment and inter-task dependency,
and utilizing DDPG to solve the problem of continued
action space.

3) Analysis on the Variety of Average size of Input

Number of tasks 40 Data: In Fig. 9, the average processing delay with
Average size of raw data 50MB diversity in the average size of input data is analyzed.
1.6
1+~ 4A -DA-RO |
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] DA-TODQN
1.4 4 —0—DA-TODDPG RS
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—_
W
|
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=
o
1
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N

-
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Fig. 7 Comparison of average processing delay with variety in task number
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40 45 60

Experiments are conducted with the average size of raw
data ranging from 25 to 60 MB, while the other vari-
ables remain unchanged. It can be seen that the aver-
age processing delay increases when the average size of
input data, which is because the raw data of offloaded
tasks should be transmitted to a MEC server or the

cloud server, which results in increase of the time cost
of transmission. Peculiarly, As the average size of input
data increases from 25 to 60 MB, the DA-TODDPG
outperforms the DA-RO, DA-TODQN, and E-TOD-
DPG by the improvements of 20.2%, 11.2%, and 20.9%
on average. In addition, When the average size of input
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data increases to 60MB, the performance of E-TOD-
DPG drops sharply. This is reason that the E-TODDPG
is a coarse-grained task offloading approach that does
not consider the parallelism of sub-tasks on the vehicle,
MEC servers and the cloud server, uploading all data to
the MEC server and the cloud server which increases
the transmission delay, Overall, we can see that the DA-
TODDPG always gains the optimal performance of the
average processing delay under the different average
size of input data.

Conclusion
In this paper, an efficient dependency-aware task off-
loading scheme is proposed for reducing the average
processing delay of tasks with vehicle-edge-cloud col-
laborative computing. In this scheme, the directed acy-
clic graph technique is utilized to model the inter-subtask
dependency. Then, a dependency-aware task offloading
algorithm based on DDPG is designed to select the opti-
mal offloading strategy, in which the continuous control
problems and allocation of edge server resources were
considered. Simulation results show that our proposed
dependency-aware offloading scheme can effectively
reduce the average processing delay of tasks.

For future work, we will consider both the mobility of
vehicles and data migration between edge servers during
task offloading.
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