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Abstract—This paper designs a transmission model in VEC
to improve the communication range of each vehicle, which
considers the trust relationship and communication interference
between edge servers. An offloading strategy based on a Deep
Q-network algorithm is proposed, which can promote the con-
vergence of deep reinforcement learning algorithm. Simulation
results show that the proposed scheme has the best convergence
compared to other benchmark algorithms.

Index Terms—edge computing, Internet of Vehicles, Deep
Reinforcement Learning

I. INTRODUCTION

The 5-th generation (5G) mobile communication technology
encourages the gradual migration of remote cloud functions
to the network’s edge [5], [6], driving a shift from centralized
cloud computing to edge computing (EC) [4], [7]. It would
be a promising technology for VTs in response to the above
problems. EC places edge servers (small cellular base stations
or WiFi access points) in RSUs for functions such as mobile
computing, network control, and storage. The applications [§]
can be offloaded to RSUs adjacent to the VT for processing,
dramatically lowering VT workload and application execution
latency, which is known as Vehicular Edge Computing (VEC)
[9].

Despite the clear advantages, most of the current studies on
multi-hop offloading [12]-[17] tend to offload application as
a whole rather than partial offloading. Partial offloading takes
into account the data dependency of tasks and optimizes the
transmission latency by offloading only computationally com-
plex tasks, thus reducing the application completion time. It is
worth noting that different types of applications may require
different computing resources. The offload decision should be
adapted when the edge environment changes. Moreover, trust
risks and transmission interference between edge servers create
tremendous difficulties for fully reaping benefits of multi-
hop offloading. In practice, VTs tend to offload applications
to the powerful edge server for execution, but as resource
providers, due to the cooperative competition among various
SPs, edge servers may refuse to support offloading services
or deliberately throttle resources only to provide low-quality
services. [17]. Therefore, the feasible transmission path should
consider the trust relationship between the physically adjacent
edge servers. At the same time, due to the fluctuation of
the channel and noise interference, choosing an unreasonable
multi-hop offloading path may provoke the risk of offload
failure, thereby suppressing efficiency of offloading services.

Qiaoxin Chen is with the Department of Informatics and Communication
Engineering, Xiamen University, Xiamen University, Xiamen 361005, China.
E-mail:fjgiaoxin_chen@163.com.

Thus, we develop a novel multi-hop computation offloading
method to reduce the workflow application completion time
caused by task computation and data transmission, while
improving the offloading success rate in vehicle edge envi-
ronments.

II. SYSTEM MODEL

We assume that VT has computing and communication
capabilities [1], [2], [28], and RSUs equipped with edge
servers can act as routers to provide communication services
covering a dedicated local area. Therefore, a group of mutually
trusted RSUs can form an edge self-organizing network to
share computing resources. Compared to single-hop offload-
ing, applications can be computed not only in VT or the nearst
RSUs, but also offloaded to further RSUs for execution via
multi-hop transfers. The multi-hop offloading relies on the
social trust relationship among RSUs, thus the trust-based
multi-hop edge environment denoted by D = <M, X>. M is
the set of computation units {mg,mq,--- ,m,}, containing
VT my and x RSUs, and the computation units can be
expressed as:

m; = p; - fi, )

where p; denotes the computing unit’s average transmission
capacity. f; denotes the computing unit’s calculation capacity.
The calculation capacity of each computing unit is supposed
to be known, and the RSU calculation capacity is more than
the terminal one.

X:[mi,mj,---],Vmi,mj € M. 2)

As this study focuses on multi-hop offloading, we indicates
X that a set containing all communicable routes. As shown
in Eq. (2), m;, m; € X indicate that the computing unit m;
and m; are physical neighbors who trust one another. When
my; receives tasks, it can not only calculate independently, but
also continue to offload the task to m;. It is worth noting that
if still has trustworthy neighbors, this process can be repeated
for multi-hop collaborative computation. The channel between
m,; and m,; is denoted as follows:
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where w;; denotes the bandwidth between m; and m;.
h;; denotes the channel transmission gain. 0, denotes the
channel noise power of the receiving unit. bg{lj denotes the
downlink transmission rate of the channel, which affects the
transmission latency. b;”J denotes the uplink transmission rate



of the channel, which is asymmetrically distributed with b
«; ; denotes the stability of transmission in the channel and
Ve, ; € [0,1]. When it tends to 1, it indicates that the channel
is smooth. When it tends to 0, it indicates that the channel has
difficulty maintaining a stable communication link.

VT can make offloade decisions through its offloading
scheduler, with some tasks executed locally and the rest
transferred to the RSUs for auxiliary execution. A feasible
offloading strategy H,,y.,; = {h1,ho, -, hy} is defined for
G, where h; = (0,1,--- ,z) denotes the computational unit
selection for n;. When h; = 0, n; is executed on VT, and
when h; = 1, n; is offloaded to RSU m, for execution.

What’s more, for latency-sensitive applications, transmis-
sion interference in wireless channels is still an important
issue that cannot be ignored [29]. In other words, transmission
interferences may cause sudden channel changes during tasks
offloading, resulting in task transmission failure and data
retransmission. In this paper, we denote it as Jy, which
indicates the probability that the application does not need to
retransmit. As shown in Eq. (5), §;, decreases with the increase
of ky,, where K, refers to the communication hop number
of n;, which is equal to the size of R,,,.
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III. PROBLEM TRANSFORMATION

The computation offloading problem P1 is an integer non-
linear optimization problem with unknown applications and
edge environments, which is difficult to solve. Considering the
RSUs topologies and task dependency, we adopt the stationary
decision to address this problem, which is time-invariant and
only depends on the current system status. The state space,
action space, and value are as follows:

a) State space S: For applications, a feasible offloading
strategy should be comprehensively determined by the config-
uration file, application topology and edge environment. The
scale of § increases with the number of tasks and the scale of
available edge units. Therefore, the state can be defined as:

S = {s;]s; = (G = <N,E> Hpm)}. (6)

b) Action space A: For current states, offloading of tasks is

a multivariate choice, and the scale of A is determined by the

number of available edge units. The action space is defined as
follows:

Az{ao,al,ag---ai},i=|N|, (7)

where ag refers to the change of edge units of computation
task n; from m; to m;41.

c) Reward r,,: 74, is defined as the target when the MDP
system stays in state s; with adopting action a;. In problem
P1, since the objectives is to find a strategy h that choose
appropriate actions at different states to minimize the long-
term target, which consist of the immediate target (generated

in the current episodes) and the future target (generated in the
following episodes) for each state-action pair.

In the training phase, similar to traditional RL-based al-
gorithms, the controller initializes network parameters and
ovserves the current MDP system state including the edge
environment D, the preprocessing application G’, the number
of episode I and the max number of iteration F. Then the state
vector is input to RL to train the learning model. The random
action is chosen with probability € based on the unknown
knowledge to keep trying new actions for exploring higher
target, while the action with maximum reward is selected
probability 1 — € according to the current information. After
executing the selected action, the agent receives a reward from
the environment and observes the state from s; to the next state
st4+1. Then, updating the action-value function Qp (¢, as; 0)
and target action-value function Qg (st, ag; é), before collect-
ing and soring the transition tuple (¢;,a;,7q;,¢;+1) into the
experience replay memory buffer P;,which include the current
system state vector,selected action, reward and the next state
vector. The transitions in P; is selected with mini-batches and
they are used to train RL y;. In detail, the priority of each
transition y; is calculated by using Eq. (8), where the prior-
ities ensure that high-TD-value transitions are replayed more
frenquently. Then, the loss function is calculated according to
Eq. (9) and the parameters 6; are updated according to Eq.
(10). Once RL converges, the out-loop training is acheieved.

|

where ~ refers to the discount factor of each reward received
from the current state with respect to the target value y;.
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A. Experimental Settings

The simulation is conducted on a laptop equipped with 16
GB RAM and an AMD Ryzen 7-5800H CPU. The experiments
are implemented in Python using the PyTorch framework for
neural network construction and training. A vehicular terminal
(VT) and several RSUs are considered, with communication
ranges of 250 m and 500 m, respectively [27]. The computing
capacities of the VT and RSUs are set to 1-2 GOPS and 10-15
GOPS, respectively, and the transmission power of both is 20
dBm.

Fig. 1 shows the RL performance under different opti-
mization weight settings over 100 episodes. The optimization
objectives are the average completion time and the average
offloading success rate. As shown in Figs. 1(b) and 1(c),
both metrics generally improve as the number of episodes
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Fig. 1. Performance comparison of RL under different objective weights.

increases. This occurs because the algorithm gradually learns
to assign computationally intensive tasks to more powerful
RSUs, while parallelizable tasks are executed concurrently,
improving overall efficiency.

It is worth noting that the average completion time does
not always decrease monotonically. For instance, when the
weight coefficients are set to wy = 0.7 and w; = 0.3, both
metrics first decrease and then increase. This indicates that,
after around the 30th episode, the algorithm finds it more
beneficial to increase the offloading success rate at the expense
of a slightly longer completion time, thereby achieving a
higher overall reward.

Moreover, the experimental trends are positively correlated
with the initial objective weights. Specifically, larger wq or
w; values guide the algorithm to prioritize completion time
or success rate optimization, respectively, demonstrating the
flexibility and effectiveness of the proposed approach. It is
also observed that the improvement magnitude of the two
metrics is not linearly proportional to the weight values, likely
due to differences in edge network topology and channel
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conditions. Therefore, for different applications, there exists an
appropriate weight pair (wg, wy) that can balance the trade-off
between completion time and offloading success rate.

IV. CONCLUSION

In this paper, we have proposed a efficient offloading
strategy based on RL in the vehicle edge environment, which
aims to reduce application completion time while improving
its offloading success rate. The extensive simulation experi-
ments show that the application completion time decrease and
strategy offloading success rate increases as the number of
iteration increases.
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