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Abstract: Vehicular Edge Computing (VEC) is a crucial application of Mobile Edge Computing (MEC)
in vehicular networks. In VEC networks, the computation tasks of vehicle terminals (VTs) can be
offloaded to nearby MEC servers, overcoming the limitations of VIs’ processing power and reducing
latency caused by distant cloud communication. However, a mismatch between VTs” demanding
tasks and MEC servers’ limited resources can overload MEC servers, impacting Quality of Service
(QoS) for computationally intensive tasks. Additionally, vehicle mobility can disrupt communication
with static MEC servers, further affecting VTs” QoS. To address these challenges, this paper proposes
a vehicle collaborative partial computation offloading model. This model allows VTs to offload
tasks to two types of service nodes: collaborative vehicles and MEC servers. Factors like a vehicle’s
mobility, remaining battery power, and available computational power are also considered when
evaluating its suitability for collaborative offloading. Furthermore, we design a deep reinforcement
learning-based strategy for collaborative partial computation offloading that minimizes overall task
delay while meeting individual latency constraints. Experimental results demonstrate that compared
to traditional approaches without vehicle collaboration, this scheme significantly reduces latency and
achieves a significant reduction (around 2%) in the failure rate under tighter latency constraints.

Keywords: mobile edge computing; vehicular edge computing; computation offloading; deep
reinforcement learning; partial offloading

MSC: 68T07

1. Introduction

With the development of next-generation communication and information technolo-
gies such as 5G and artificial intelligence, the era of the Internet of Vehicles (IoV) [1] has
arrived. Autonomous driving is a core application of vehicles as they evolve toward an
intelligent and inter-connected state. Autonomous driving has strict real-time require-
ments for tasks such as environment sensing, decision making, and vehicle control, so
the real-time completion of the computing tasks of vehicle terminals is directly related
to the user’s experience. Since computing tasks in VEC networks are latency-sensitive,
computationally intensive, and highly mobile, ensuring the timely processing of vehicular
tasks and improving the quality of service in VEC networks have become urgent problems
to solve.

Several computation offloading approaches have been proposed to mitigate the afore-
mentioned problems. Zhang [2] proposed a multilayered edge computing scheme in which
backup computing servers were added between MEC servers and the problem of pricing
for offloading computation to MEC and backup computing servers was transformed into
a Stackelberg game. Guo et al. [3] constructed a cloud-MEC collaborative computation
offloading scheme based on a fiber-wireless (FiWi) network. The offloading time to the
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cloud was reduced via the FiWi connection, and task loads offloaded to the MEC servers
and the cloud were balanced using a game theory-based method. In addition, several
research studies [4] employed idle resources in Unmanned Aerial Vehicles (UAVs) as a
supplement to edge computing servers for the efficient use of resources and to provide reli-
able service. However, the existing schemes face several challenges. Deploying additional
MEC servers or UAVs incurs additional costs and leads to resource underutilization during
periods of low network load. Simultaneously, intelligent vehicles in a VEC environment
possess increasingly powerful computing capabilities, yet existing schemes largely neglect
this valuable resource.

In this paper, vehicles with surplus computing and power resources and the ability
to share their computing resources to serve other vehicles are referred to as collaborative
vehicles. Vehicles that lack sufficient computing or power resources or those that cannot
share their computing resources are referred to as non-collaborative vehicles. To address
the aforementioned issues while avoiding the deployment of additional MEC servers, we
propose a vehicle collaborative partial offloading strategy. This strategy, which takes into
account dynamically changing vehicle and MEC computing resources, fully utilizes the
computing and communication resources of each node in the network and offloads some
computation tasks to collaborative vehicles, thus effectively reducing task delay in the
computation-intensive and dynamic VEC network environment. Briefly, the contributions
of this paper are as follows:

1.  We design a collaborative partial computational offloading strategy based on divisible
tasks. Each computational task can be divided into a maximum of three parts which
can be processed locally by the task-generating vehicle, transferred to the MEC
server, or offloaded to a nearby collaborative vehicle, allowing for better utilization of
network resources.

2. We propose a multi-factor comprehensive evaluation method for collaborative ve-
hicles. It takes into account factors such as the movement, remaining battery, and
power of vehicles in the vicinity of the task-generating vehicle to find a more suitable
candidate collaborative vehicle.

3. We propose a partial offloading approach based on deep reinforcement learning
(DRL). On the basis of the collaborative vehicle evaluation method, the Double Deep
Q Network (DDQN) algorithm is used to dynamically adjust the proportion of each
offloading task part to achieve load balancing across service nodes and reduce delay.

The rest of this paper is organized as follows: related works are reviewed in Section 2.
Section 3 briefly introduces the system model. The problem is formally formulated in
Section 4, and our solution is proposed in Section 5. Furthermore, our experimental results
are provided and analyzed in Section 6. Finally, the paper is concluded in Section 7.

2. Related Works

The industry and academia have been exploring ways of utilizing MECs to improve
network performance and provide low-latency services to end users. However, emerging
applications such as autonomous driving, augmented reality, speech-to-text translation, and
image processing are generating huge numbers of computational tasks that are challenging
the limited computing resources of MEC servers, especially in the Internet of Vehicles.

Approaches from different perspectives have been proposed to tackle the problem of a
single server with insufficient resources, such as adding backup servers [2-6], balancing loads
between MEC servers [7,8], and collaborative offloading using existing equipment [9-11].
Wang et al. [6] used a secondary MEC server to reduce the computational and communi-
cation load on a primary MEC server. Furthermore, they decomposed the mixed-integer
nonlinear problem of minimizing the latency of system processing tasks into several sub-
problems and proposed a heuristic algorithm based on the priority of mobile devices and
MEC servers to obtain a suboptimal device offloading policy. Experimental results show
that this solution can effectively reduce a system’s waiting time and improve system relia-
bility. Huang et al. [9] considered an entire parking lot as a candidate server and modeled
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the relationship between the user, the MEC server, and the parking lot as a Stackelberg
game. They also proposed a subgradient-based iterative algorithm to solve the problem
of workload distribution between parked vehicles and minimize overall cost. Similarly,
Li et al. [5] designed an offloading incentive mechanism based on the Stackelberg game
with the aim of maximizing the combined utility of vehicles, operators, and parking agents.

In terms of load balancing, Yang et al. [7] proposed a location-based offloading
scheme that uploads tasks to the nearest MEC server based on the user’s direction of
travel. The convex optimization algorithm was utilized to generate an offloading strategy.
Experiments show that the scheme can effectively reduce the system cost while satisfying
delay constraints. Xiao et al. [8] proposed a deep learning-based prediction method to
predict vehicle density and implemented a non-cooperative game-theoretic strategy based
on regret matching to share the tasks of MEC servers in dense areas according to user
task requirements. This approach takes into account the availability of nearby MEC server
resources, but it has difficulty dealing with situations in which the nearby MEC server has
no free resources. The above methods did not take into account the utilization of vehicle
resources and the mobility of vehicles which comprise a constantly changing environment.

From the perspective of vehicle collaborative offloading, Huang et al. [9] proposed
vehicular neighbor groups (VNGs) in which vehicles can ask for services for common
interests, similar goals, and shared experiences. Similarly, Qiao et al. [10] proposed a
collaborative task offloading scheme in which vehicles were divided into task-computation
and task-offloading sub-clouds based on the similarity of tasks and the computational
capability of the vehicles. With the help of these two sub-clouds, the number of similar
tasks transferred to the MEC server can be effectively reduced. A dynamic pricing strategy
is proposed in [11] to minimize the average cost of the MEC system under constraints on
the quality of service by constantly adjusting the price based on the current system state.
The above solutions utilize vehicle resources for collaborative offloading, but there is still a
lack of vehicle collaborative partial offloading solutions.

A summary of recent studies on task offloading for VEC is given in Table 1.

Table 1. Summary of recent (2019-present) studies in task offloading for VEC.

Source Feature Offloading Type Method Result
Maximizes the utility of
Li (2019) [5] Parking lot-assisted VEC Full Offloading Contrac.t —Stackelberg vehicles, operators, and
Offloading Incentive; Kine lot t
Backward Induction parking fot agents
MEC server-assisted Convex Optimization Reduces system cost while
Yang (2019) [7] mobility-aware task Full Offloading onvex Up! ano satisfying dela
4 Algorithm y y
offloading constraints
Deep Learning;
Xiao (2020) [8] Heat_aware. MEC Full Offloading Non-Cooperative Reduces system del.a}.’ and
cooperation Game-Theoretic Strategy enhances energy efficiency
. . Reduces system delay and
Wang (2020) [6] sei\gﬁga?etgv/[%g( s‘/gllr:/};rs Full Offloading Problem Decompgsﬁlon; improves system
Y Heuristic Algorithm reliability
. VEC with edge-cloud .
Dai (2022) [12] Computing Cooperation Full Offloading Deep Q-Network Reduces average delay
Joint computation Matching Theory-Based Improves svstem
Liu (2023) [13] offloading and resource Full Offloading and Lagrangian-Based per forma}r’me
allocation Algorithms P
Multi-Agent Distributed
Xu (2023) [14] Joint task ofﬂoadlgg and Full Offloading DlStl‘lbl.ltl.OI}al De'ep Improves system
resource allocation Deterministic Policy performance
Gradient (MAD4PG)
This paper Vehicle collaborative VEC Partial Offloading Double Deep Q-Network Minimizes overall delay
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While metaheuristic methods, like genetic algorithms, have been widely used for
optimization problems, they can be computationally expensive. Recent research by Klar [15]
demonstrates that well-performing reinforcement learning approaches can achieve similar
or better solutions compared to top metaheuristic algorithms to cope with the dynamically
changing network environment and selects collaborative vehicles that provide more stable
computational offloading services by taking into account their mobility, remaining power,
and computational capacity. At the same time, partial offloading allows the task to be
divided into three sub-tasks to be processed locally by the MEC server or by collaborative
vehicles, thus greatly reducing the burden on the MEC server and minimizing task latency.

3. System Model
3.1. Network Architecture of VEC

Figure 1 depicts a dynamic traffic scenario for a straight one-way road of a limited
length. There are several roadside units (RSUs) at the roadside with a coverage radius
of r and a MEC server with computational resources of fMEC deployed on each RSU.
In addition, a deep reinforcement learning (DRL)-based task offloading controller is also
deployed on the MEC server to provide offloading decisions for vehicles. VTs report various
information, such as position, speed, computational resources, etc., through vehicle-to-
infrastructure (V2I) communication periodically. Depending on the demand for computing
resources and the adequacy of its own computing capacity, each VT can be either a service
requester or a service provider. We refer to these two different roles as offloading vehicles
(OVs) and collaborative vehicles (CVs), respectively. We assume a time slot for each time
and denote the time slot index by t(t € T = 0,1, - - -). It is assumed that the identity of each
vehicle is stable and absolute in any time slot t and the speed and direction of each VT
remain constant. Definitions of the notations used in this paper are given in Table 2.

=g Offloadng Vehicles
Fsat» Collaborative Vehicles
[ R Other Vehicles

I Computation Resources

—_—— V2I Communication
DRL Control[éF~

’1.—\\/2V Communication

MEC Server

~
~ //
~ —_—

Figure 1. The vehicular edge computing network framework.

As illustrated in Figure 2, the collaborative task offloading process consists of eight steps:

1. The offloading vehicle generates a task and transmits a task request to the MEC server.

2. Upon receiving the request, the MEC server collects relevant information from both
the offloading vehicle and potential collaborative vehicles.

3. Based on the system resource state, offloading targets, and available strategies, the
MEC server calculates the optimal offloading strategy.

4. The MEC server informs the offloading vehicle and selected collaborative vehicles
about the offloading decision.

5. Following the decision, the offloading vehicle divides the task and offloads portions
to the MEC server and the designated collaborative vehicles.

6.  The offloading vehicle, MEC server, and collaborative vehicles process their assigned
task splits concurrently.
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7. Once finished, the MEC server and collaborative vehicles return their processed
results to the offloading vehicle.
8.  Finally, the offloading vehicle aggregates the final results and provides feedback on

the task execution.

Table 2. List of notations.

Notation Definition Notation Definition
A A action space and optimal action set a A, qfﬂoadmg decision of task T;; action set of vehicle i at
g time slot ¢
b, b*, b percentage of power remainimg m vehicle j; upper and BV2I, gv2v bandwidth values of V2I and V2V communication (Hz)
/ lower thresholds of remaining power
C; computational resources required for task i (cycles) VvV =VvOouve SEt.Of vehl.cles (union of offloading vehicles and collabo-
rative vehicles)
D; size of task i (bit) i average distance between vehicle i and RSU within
RSU’s coverage (meter)
4 d instantaneous and average distances between vehicles i qV2l gvav maximum communication distance between V2I
i) and j (meter) ranges “range and V2V
i f MEC computational resources of vehicle i and MEC server (Hz) G transmission power of vehicle (Watt)
h channel attenuation factor for uplinks I = (%1, i) position of vehicle i (horizontal and vertical coordinates)
Hy, H; channel.galr} f01j communication from vehicle i to RSU No Gaussian white noise power (dB)
] and vehicle i to j
) proportions of task T; executed locally and offloaded to  —57 77 average data transfer rate between v; € VO and RSU, v;
PL PM/PC; MEC servers and to collaborative vehicle j i and v; € V€ (bit/s)
Ly upper and lower. thr.esholds for time two vehicles remain tmax; maximum tolerable delay of task T; (second)
within communication range
del i local Iculation; V2I d Vv2v . .
fhoc yv2I yyov Gea@y m - jocal  calcuiation; an T; tasks for offloading vehicle v; € V©
it ij  offloading (second)
yhyg predictions of main and target neural networks o discount factior, learning rate, and exploration rate of
greedy algorithms
‘o o ‘e o
Offloading Vehicle MEC Server Collaborative

1. Generate task, send task request\i

2. Collect task vehicle information

R

2. Collect MEC server and collaborative
vehicle information

Vehicle

D SRR R

4. Notification of decision-making results

'
'
'
'
'
>
» <€
'

E 3. MEC server make offloading decision

E 4. Notification of decision-making results

A\ 4

5. offloading partial task data

5. offloading partial task data

K

7. return task result

H 6. process partial task data . 6. process partial task data

7. return task result

N

6. process
' partial task data

Ve

8. merge result, feedback on
the completion of task

N AN

Figure 2. The task offloading process.

The set of all vehicles in the coverage area of an RSU is represented as V = VO U V€ =

{01/ (%Y

- ,Un}, in which VO and V€ are sets of offloading and collaborative vehicles,

respectively. The available computational resources of any vehicle v; are denoted by f'. The
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V2v
Tij

task generated by the offloading vehicle 7 is denoted by T; = (D;, Cj, tmax;), in which D;, C;,
and tmax; denote the data size, required computational resources, and maximum tolerable
delay of the task T}, respectively. VC C VC denotes the set of collaborative vehicles near
vehicle i, and the available resources of collaborative vehicle j for offloading vehicle i are

defined as f1] . Assuming that the RSU provides the origin coordinates, the center of the
road is the x-axis, and the direction of travel of the vehicles is the positive direction; the
position of vehicle i can be denoted as I; = (x;,y;). If vehicle i travels at a constant speed e;
in time slot t and the coverage radius of the RSU is r, after task generation, the time of the
offloading vehicle i remaining within RSU coverage can be computed as follows:

V2! = r—x (1)
€

Let T2V denotes the time elapsed from the generation of task T; until the distance
between offloading vehicle i and collaborative vehicle j reaches the maximum vehicle-to-

vehicle (V2V) communication distance dx,%‘ge. We obtain the following equation:

22%e = 10y + T X 0y) = Gt TP 02+ (= i)™ @

. . . . . 2V o
Simplifying the above equation gives T = (£ Jazh = (- i - (x - x)) /v; —vi. When
Ti‘?v < 0, it means that the two vehicles cannot communicate with each other. Thus, the

time the offloading vehicle i remains in the range of communication (d;; < dxi%e) with
collaborative vehicle j can be expressed as follows:

VAREE = =902 = (=) =\ JalBEE = (=) = (=)

= max{ , ,0}. (©)

Z)j—'UZ' Z)]'—"Ui

As each vehicle can only communicate with one vehicle at a time, the task T; can be
divided into three parts: local calculation, offloading to the MEC server, and offloading
to a nearby collaborative vehicle. Let a; = [pr, pm, pc,j] (in which j € VEand pr + pm +
pc,j = 1) denote the offloading decision of vehicle i, in which pr, pum, and pc j indicate the
proportions of task T; processed locally, offloaded to the MEC server, and offloaded to the
collaborative vehicle j, respectively.

3.2. Collaborative Vehicle Discrimination Model

Any vehicle j, before it becomes a candidate collaborative vehicle, must satisfy three
constraints in terms of mobility, available computational resources, and remaining power.
To this end, three functions were designed to represent the impact of these three constraints
on the likelihood of a vehicle being a collaborative candidate.

First, the distance between the candidate collaborative vehicle and the offloading
vehicle should meet the V2V communication requirements during the task-offloading
process. Function P (i, j) represents the effect of mobility on the likelihood that vehicle j is
a candidate collaborative vehicle for an offloading vehicle i:

V2v
1 T >t
TV2V _ 4l
PT(i,jy=¢ 4~ fg<qvavem. (4)
o fl — —
V2V _ 4l
0 TZ.,]. <t

It can be seen that PT (i, j) is proportional to the time Ti‘gzv that the distance between
the two vehicles remains within the maximum V2V communication distance. In this
equation, t and #" indicate the lower and upper thresholds for the time the two vehicles
remain within the communication distance.

Secondly, the candidate collaborative vehicle should have sufficient computational
resources to provide a service for the offloading vehicle. Function PF (i, j) refers to the



Mathematics 2024, 12, 1466

7 of 17

effect of the available computational resources of vehicle j on the likelihood that it will be a
candidate collaborative vehicle for offloading vehicle i:

1 >y
PRGj) =3 A/f o< fl<f. 5)
0 fi] < fif

From this equation, we can draw a conclusion that Pf (i, ) is proportional to fl] ,
which represents the computational resources allocated to vehicle i by vehicle j. The
more computational resources vehicle j can provide, the more likely it is to be a candidate
collaborative vehicle for vehicle i.

Finally, a candidate collaborative vehicle should have sufficient power to provide a
service. Function P2 (i, j) describes the effect of the currently remaining power of vehicle j
on its probability of being a candidate collaborative vehicle:

1 b > b
J_pl .

PP(i, j) = :;_Zl b< bl <bt - (6)
0 bl < bl

We can see that P5 (i, j) is proportional to vehicle j’s remaining power. In this equation,
b" denotes the threshold at which vehicle j is willing to provide service when there is
sufficient power, and b (b* > b') denotes the threshold at which vehicle j refuses to provide
service when there is insufficient power.

In summary, PT(i,j), Pf(i,j), and PB(i,j) denote the effects of mobility, available
computational resources, and remaining power, respectively. Whether vehicle j can be a
collaborative vehicle for vehicle i can be determined by the following matrix, mat:

- [ 1, PT(i,j),PE(,j),PB(i,j) >
mat) =4 o By ) B pP 2 s @)
Let ¢ be the threshold of the above functions PT, P, and P. When mat(i,j) = 1,

vehicle j is a candidate collaborative vehicle for the offloading vehicle i, and j & VZ-C.
Otherwise, j ¢ V<.

3.3. Computation Model
3.3.1. Local Calculation
If pr > 0 in the offloading decision a;, the delay of a task with a proportion p;
calculated locally can be computed as follows:
pL X Cz'

thoc(g;) = EL 21 8
i (aj) Fi (®)

3.3.2. Offloading to the MEC Server

If pp1 > 0 in the offloading decision a;, a proportion pj; of the task will be offloaded
to the MEC server from vehicle v; € VO via vehicle-to-infrastructure (V2I) communication.
The MEC server then processes the task and returns the task result to vehicle i. Usually,
the size of the calculated result is much smaller than that of the input data; thus, the
transmission time of computation results can be ignored. The delay in a task with a
proportion of py offloaded to a MEC server is computed as follows:

_pMXDi PMXCi 9
T VoI fMEC‘ ©)

T

The vehicle and RSU (MEC) communicate with each other via a direct C-V2X (Cellular-
V2X) link. In this paper, the transmission link between the vehicle and RSU is set as a flat

vl
o

a;)
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Rayleigh fading channel without considering channel interference. According to Shannon’s
formula, the average uplink data transfer rate of vehicle i from the time of task generation
to driving out of RSU coverage can be calculated as follows:

GH;
- (10)

;,IVZI — BVZI 10g2( :

In which BV?! denotes the uplink channel bandwidth, Nj is the Gaussian white noise
ower, G is the transmitting power of the on-board device, H; = h?L"?! is the channel gain
p &P g
parameter, h is the channel fading factor of the uplink, LV2! = 100.7 4 23.5log,,(d;) refers
to path loss between the vehicle and the RSU [16], and d; represents the average distance
between vehicle i and the RSU during the task-processing period (from task generation to
& 12 &P &
. t+-tmax;
the maximum tolerable delay), defined as d; = w.

3.3.3. Offloading to Collaborative Vehicle

If pc,; > 0 in the offloading decision 4;, a proportion pc ; of the task will be offloaded
to a nearby vehicle j € V¢ via V2V communication, and the delay of the task can be defined
as follows:

D; Ci
Vv N o i
tii (ai) = Ppc,; X V2V + pc; X e (1)
7 Jj i
In short-range wireless communication scenarios, the IEEE 802.11p protocol is com-

monly used for V2V communication. The average data transfer rate between the offloading
vehicle i and the collaborative vehicle j can be expressed as

r\,/],zv BV?V log, (1 + NOZJ ). (12)

In which H;; = W?LV?V is the channel gain parameter, the path loss [17]
LY? = 63.3 4+ 17.710g,y(d;;) dB, and d;; is the average distance between V and VjC
when they remain within communication range.

4. Problem Formulation

This paper assumes all vehicle terminals use the collaborative partial offloading
strategy. Under this assumption, the computational delay for each task is the maximum
computational delay of each task portion, defined as follows:

ti(a;) = max{tF° (a;), 1/ (a;), 177V (a:) }. (13)

To improve the success rate of offloading, this paper aims to minimize the task delay.
The vehicle collaborative partial offloading problem in a VEC scenario can be formulated
as follows:

min 2 ti(a;

ievo
=min ) max{tiLOC(ai),tyZI(ai),thZV(ai)}. (14)
ievo
s.t. a; = [PL/ Pm, pc’j}jeViC/PLrpM/PC,j>0’ (15)
pL+pm+rpci=1, (16)
ti(a;) < tmax;, 17)
tlyzl( ) < TVZI’ (18)

B (a) < TPV (19)
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Problem (14) can be solved by determining the decision vector a;. Five constraints
govern this problem:

*  Constraint (15) defines the offloading decision for task T;.

*  Constraint (16) ensures that task T; is processed in its entirety.

¢  Constraint (17) guarantees that the processing time for each task meets the specified
latency requirement.

e  Constraint (18) ensures that the RSU transmits results back to vehicle i before it moves
out of communication range.

*  Constraint (19) dictates that vehicle j € V returns the results to vehicle i before they
can no longer communicate.

5. Solution

Problem (14) is difficult to solve because it is a non-convex problem with multiple
variables and many constraints. In this section, the offloading problem is converted into
a Markov Decision Process (MDP), and then a Double Deep Q-Network (DDQN)-based
vehicle collaborative partial computation offloading algorithm is proposed.

5.1. Markov Decision Process

A MDP can be formulated as {S, A, P(s¢11]st,a), R(s,a)}, in which set S denotes the
state space of the environment, set A represents the action space, P(s;+1]st, a) refers to the
probability of state transfer from s; to s;1 after performing action a, and R(s, a) indicates
the immediate reward received for taking action a in state s. The goal of the MDP is to find
a policy that maximizes the long-term expected reward. This can be expressed as the sum
over the time period T, discounted by a factor v between 0 and 1, of the rewards received:
Y0 7'R(s,a). The discount factor  balances immediate rewards with future rewards
where higher values prioritize long-term gains. Then the states, actions, and rewards within
the MDP can be defined as follows:

*  State space: The state of vehicle V© is described by its location, speed, on-board
computing power, and the computing power available from the nearby MEC server
and candidate vehicles:

si = {0 £, M, . (20)

In which I; = {x;,y;} is the location of vehicle i. The state space S of the whole system
is then composed of the location, speed, on-board computing power, MEC server
computing power, and the determining matrix of all vehicles, mat.

* Action space: Within the proposed VEC network, a deep reinforcement learning
(DRL)-based controller resides on the RSU, acting as the agent that interacts with the
environment and generates decisions. In any given state, each OV chooses a specific
offloading decision from a set of available options as action a;. Collectively, the set of
all possible offloading decisions for all OVs forms the system’s action space:

A= {a1/a2/' o /al’l}' (21)

*  Reward function: Since minimizing the total time delay is our goal, the reward function
is designed to be directly proportional to the negative of the delay:

r=— M (22)
tmax;
To prevent the learning process from becoming stuck on suboptimal solutions, this
paper proposes a reward normalization scheme for OVs. This scheme scales all OV
action rewards to a range between —1 and 0. Additionally, any invalid action selection
incurs a minimum reward of —1.



Mathematics 2024, 12, 1466

10 of 17

5.2. Computation Offloading Based on Reinforcement Learning

Since it is difficult to obtain the state transfer probability P(s;1|s¢, a) in the MDP, the
model-free Q-learning algorithm can be used to solve the decision problem in VEC. In
Q-learning, the Q-value function Q(s, 2) indicates the expected reward of action 2 under a
given state s, expressed as

T
Q" (s,a) =E(}_ 7'R(s,a)|m). (23)
=0
A strategy 77 is considered optimal if it maximizes the expected reward for all possible
states encountered by the agent. According to the Bellman equation, the optimal Q-value
can be estimated as

Q*(s,a) = E'|R(s,a) +ymax Q*(s',a) | (24)

Generally, the Q function is obtained iteratively through quintuple (s, a,7,s,4") in the
next time state s, and the updated Q function can be expressed as

Q'(s,a) = (1~ a)Q(s,2) + a(R(s,a) +ymax Q" (s', a')). (25)

where & € [0,1] denotes the learning rate. By setting an appropriate learning rate and
repeatedly updating the Q-value, Q(s, a) will converge to Q*(s,a). The best action set A*
can be obtained by repeatedly updating the Q value from each state a.

5.3. Computation Offloading Based on Deep Reinforcement Learning

In highly dynamic traffic scenarios, complexity arises from the vast state space (possi-
ble situations the agent encounters) and action space (possible maneuvers the agent can
make). It becomes impractical to store each state—action pair in a traditional Q-table. This is
where Deep Q-Networks (DQNs) come in. DQN leverages a Deep Neural Network (DNN)
to approximate the Q-function, significantly reducing memory requirements compared to
a Q-table. Additionally, DQNs utilize a memory buffer to store past experiences. During
training, a subset of these experiences is randomly sampled to reduce correlations between
training examples and improve learning efficiency. This approach makes DQNs well suited
to highly dynamic environments.

However, a well-known challenge with DQNSs is overestimation bias. This arises
because the target Q-value used for training is the maximum of the estimated Q-values for
the next state, all of which are calculated by the same network being trained. This can lead
to overly optimistic estimates of future rewards, ultimately hindering the agent’s ability to
learn the optimal policy. The Double Deep Q-Network (DDQN) algorithm addresses this
issue by decoupling the selection of actions for the target Q-value from its actual calculation.
This means that in the DDQN architecture, two distinct networks are employed: main
network for action selection and target network for Q-value evaluation. This decoupling
helps reduce overestimation bias and improve the accuracy of Q-value estimates, ultimately
leading to better policy learning. Thus, this paper proposes formulating the computational
offloading problem as a parameter optimization problem suitable for solving with DDQN.
In DDQN, the estimated value Q of the main network is as follows:

y=7r"+ymaxQ(s’, maxQ(s’,4,0),0). (26)
acA acA
The actual value Q of the target network is

y =7 +ymaxQ(s’, maxQ(s,a,6),0). (27)
acA acA

The loss function is defined as follows:
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Loss(6) = (y' —y)*. (28)
The key steps involved in the DDQN-based collaborative partial computation offload-

ing strategy for VEC is illustrated as follows (refer to Algorithm 1 for details).

Initialization (Line 1): The algorithm begins by initializing the parameters for both
the main and target networks. Additionally, an experience memory is created to store
past interactions with the environment.

Action Selection (Lines 5-9): At each time step, the algorithm employs the Epsilon-
Greedy strategy to select an action a.

Environment Interaction (Lines 10-11): The chosen action is then taken in the envi-
ronment (env(a)). The environment responds with the next state (S;41) and a reward
signal (r) indicating the outcome of the action (Line 10). The experience gained from
this interaction (S¢, 4,7, S4+1) is stored in the experience memory D (Line 11).
Network Update (Lines 12-17): At each time step, a mini-batch (size U) of experiences
is randomly sampled from the experience memory and then used to update the
parameters of the main network using the Bellman equation (Lines 12-14). The target
network’s parameters are periodically (every K time steps) updated with a copy of the
main network’s parameters (Lines 15-17).

Offloading Decision (Line 19): At the end of each episode, the final optimal strategy is
obtained.

Algorithm 1 Collaborative Partial Computation Offloading Algorithm based on DDQN

Require: U—sample size of experience replay. K—target network replacement frequency.
1: Initialize network parameters 6, ' and experience memory D;
2: for each episode do

3:  according to Equation (7), calculate determining matrix mat to obtain Sy;
4: for t=1toT do

5: if rand()>¢ then

6: a = rand(a);

7: else

8: a=argmaxQ(Ssa | 0);

a,€A

9: end if
10: St11,7 < env(a);
11: store (S, a,1,S;4+1) to experience memory D;

12: randomly select U samples (S;, a;,7j,Sj4+1) from D ;

13: according to Equation (26), calculate target Q value /;

14: according to Equation (27), calculate training loss to update 6;
15: if tmod K = 0 then

16: update parameters 6’ of target network: ' < 6;

17: end if

18:  end for

19:  select A* ~ 119(S;);
20: end for

6. Experiment and Analysis
6.1. Environment

Our experiments were implemented using TensorFlow. We simulated a one-way road

scenario with 30 vehicles traveling at speeds between 10 and 20 m per second. The road was
400 m long and 10 m wide. We set the simulation to run for 300 episodes, with each episode
consisting of 50 time steps (T = 50). Additional experiment parameters (hyperparameters)
and their values/ranges are detailed in Table 3.
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Table 3. Values and ranges of parameters and hyperparameters.

Parameter Value/Range Parameter Value/Range

Y ige 200 m Y ge 15m

C; (1, 1000) Megacycles D; [0,1] MB
fMEC 10 GHz fi [0.5,1] GHz
BV2I 15 MHz BV2V 10 MHz
tmax; (0,1] s No —100 dB

i tmax; # tmax;/2

b 80% b 20%

h 1 0% 0.9

€ 0.9 % 0.01

u 3000 K 100

6.2. Analysis

To evaluate our proposed scheme, we compared it with four alternatives: Only Local,
MEC Offloading, Collaborative Full Offloading, and Collaborative Partial Offloading (our
scheme). In the Only Local scheme, all offloading vehicles process tasks locally. In the
MEC Offloading scheme, tasks are divided into two parts. One part is processed locally
on the vehicle, while the other part is offloaded to nearby MEC servers. Vehicles in the
Collaborative Full Offloading scheme can choose to process tasks locally, offload them to
MEC servers, or offload them to collaborative vehicles within the network.

Figure 3 depicts the convergence behavior of our algorithm with respect to the discount
factor (7). As shown, the algorithm converges relatively quickly when + is set to a suitable
value (around 75 episodes when 7y = 0.9). However, the choice of 7 is crucial:

e  High discount factor (e.g., v = 0.99): While it encourages considering future rewards,
a very high discount factor can lead to convergence difficulties. This is because the
agent has to consider the impact of actions over many future steps, making training
more complex.

e  Low discount factor (e.g., ¥ = 0.4): A very low discount factor can lead to faster conver-
gence but also smaller long-term rewards. This happens because the agent prioritizes
immediate rewards, neglecting the potential benefits of actions with delayed payoff.
In simpler terms, the agent becomes less focused on the long-term consequences of
its decisions.

0. 25 +
|
0.20 |
I|'
=1
: |
= 0.151
0. 10+
0' 05 1 T T T T T T T T
0 25 50 75 100 125 150 175 200
Episodes

Figure 3. Convergence results.
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Figure 4 illustrates how the task failure rate for different offloading schemes varies
with the vehicle task generation probability. As expected, the task failure rate increases
for all schemes as the task generation probability grows. This is a natural consequence
of the system’s finite computational resources becoming overwhelmed with an increas-
ing workload. Notably, our proposed scheme consistently exhibits a lower failure rate
compared to the alternatives. This advantage stems from our scheme’s ability to leverage
collaborative vehicles for partial offloading. By distributing the task splits across three
processing units (a local vehicle, MEC servers, and collaborative vehicles), our approach
significantly reduces the burden on any single unit, leading to a lower overall failure rate
compared to other schemes.

0.324{ —&— Only Local
MEC Offloading

—— Collaborative Partial Offloading
—+— Collaborative Full Offloading

Task processing failure rate
o o o =} =}
g% 5] [ ] () 2
=1 [=a) [i=] = —_
, \ : : .

=

]

[=r]
L

0.1 02 03 04 05 06 07 08 09 LO
Probability of task generated by vehicles

Figure 4. Comparison of failure rates under different task generation probabilities.

Figure 5 illustrates the average delay in tasks for different offloading schemes under
varying vehicle task generation probabilities. Our proposed scheme consistently exhibits
a lower average task delay compared to the alternatives. This advantage stems from the
efficient use of computational resources through task division and partial offloading.

0.345 —o— (nly Local
o MEC Offloading
0.340 4 T Collaborative Partial Offloading
—+— Collaborative Full Offloading

— 0.335 ’
;\
— 0.330 1
=
£ 0.325 |
&
o
= 0. 320 A

0. 315 A

0. 310 A

0.1 02 03 04 05 06 07 08 0.9 10
Probability of task generated by vehicles

Figure 5. Comparison of average delays under different task generation probabilities.

Figure 6 reveals how the probability of a vehicle generating a task influences task
allocation in our scheme. As this probability increases, the proportion of tasks offloaded to
collaborative vehicles decreases. At the same time, the proportions of tasks executed locally
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and offloaded to MEC servers are higher than those of CV offloading and failures. The
reasons are twofold: First, in high-speed scenarios, OVs might move out of the communica-
tion range before receiving the results of tasks offloaded to MEC servers or CVs. This limits
the feasibility of offloading at higher speeds. Second, with an increasing task generation
probability, the total number of tasks in the system grows but the MEC server’s resources
and the number of suitable CV candidates remain constant. This increased workload strains
the MEC server and the limited pool of CVs, making offloading less successful.

—e— local processing
0.49 —— V2I offloading
. V2V offloading
f: —4— Failed
= 0.3+ \
2
e
;
w2 0.2
g
g
5 0.1
&
0.0
0.0 0.2 0.4 0.6 0.8 1.0
Probability of task generated by vehicles

Figure 6. Comparison of task allocation proportions under different task generation probabilities.

From Figure 7, we can observe that the rate of task failures drops as the maximum
tolerable time increases because the relaxed delay requirement alleviates pressure on MEC
servers and CVs. Furthermore, the proportion of local processing and V2V offloading
increases. This is because even with limited computational resources, CVs can potentially
meet relaxed deadlines for tasks with higher tolerable delays, making local processing or
offloading to OVs more viable.

0.7 1
—e— Local processing
0.64 V21 offloading
e V2V offloading
205 —4— Failed
i
=1
= 0.4+
%
20,31
g
'g 0.2
a
014
0.0 e "

00 02 04 06 08 1.0 L2 14 16
Maximum tolerance time(s)

Figure 7. Comparison of task allocation proportions under different maximum tolerance times.

In Figure 8, it can be seen that as the maximum tolerance time for tasks increases, the
task failure rate decreases for all offloading schemes. Meanwhile, our scheme demonstrates
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a clear advantage in failure rate reduction, particularly when the tolerance time is low.
Compared to other approaches, it achieves a significant reduction (around 2%) in the failure
rate under tighter latency constraints. However, with looser latency constraints, the effect
of reducing the failure rate is less pronounced as the main objective of this paper is to
reduce latency rather than the task failure rate.

1.0A
—— (Only Local

MEC Offloading
—+— C(Collaborative Partial Offloading
—4— Collaborative Full Offloading

(=] (=] =1 oo =]
L I L I L

=
.
I

Task processing failure rate

0.0 0.2 0.4 0.6 0.8 1.0
Maximum tolerance time(s)

Figure 8. Comparison of failure rates under different maximum tolerance times.

The experimental results demonstrate that the proposed vehicle collaborative partial
offloading scheme based on DDQN significantly outperforms the schemes of local execution
only, offloading to the MEC server, and full collaborative vehicle offloading in terms of
the task processing failure rate and average task execution delay. When the maximum
tolerable delay of a task increases, the success allocation ratio of the task also increases
steadily. Therefore, the proposed scheme is a valid and effective solution.

7. Conclusions

This paper tackles the challenge of limited processing power in a single, statically
deployed MEC server handling demanding in-vehicle computation tasks. First, we propose
a vehicle collaborative partial offloading strategy. In this approach, the computational
task is divided into three parts processed by the vehicle terminal itself, by MEC servers,
and by collaborative vehicles, respectively. To identify suitable collaborative vehicles, we
investigate the impact of factors like a vehicle’s location, available resources, and other
states on the likelihood of the vehicle becoming a collaborative vehicle candidate. Second,
we develop a model for the partial offloading process and formulate the delay minimization
problem with a delay tolerance constraint as a Markov Decision Process (MDP). Finally,
to adapt to dynamic traffic scenarios, we design and implement a partial computational
offloading scheme using a Double Deep Q-Network (DDQN) algorithm. Simulation results
show that this scheme significantly outperforms traditional approaches without vehicle
collaboration. It achieves this by reducing latency and lowering the failure rate by around
2%, especially under stricter latency constraints. While this paper proposes a novel strategy
for collaborative task offloading, there are limitations that can be addressed in future work:

¢ Currently, the model only considers the offloading vehicle’s local MEC server and
nearby collaborative vehicles. This can lead to increased task failure rates when
dealing with a high task volume due to latency constraints. In future research, we
can explore incorporating surrounding MEC servers to enable task relay and load
balancing, potentially reducing task failure rates.

¢ The current approach prioritizes minimizing latency. However, other crucial factors
like the task failure rate also exist. We can investigate combining these metrics into
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a unified objective function to achieve a more balanced and optimized task offload-
ing strategy.

* Incentive mechanisms for collaborative vehicles are not considered in this paper. By
introducing well-designed incentive mechanisms, we can achieve a win-win situation
for both collaborative vehicles and MEC servers. These incentives could be designed
to maximize collaborative vehicles’ benefits. This will help attract more vehicles to
become collaborative vehicles and improve the success rate of task offloading. The
incentive mechanism could also consider maximizing the benefits of service providers
(MEC operators). This will help alleviate the burden on MEC servers.

Opverall, the deep reinforcement learning method employed in this paper demonstrates
promise in addressing the aforementioned limitations. We will further explore alternative
approaches for enhanced performance.
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