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Abstract Vehicular Edge Computing (VEC) extends computing resources from the cloud to the
network edge, such as Roadside Units (RSUs), providing nearby vehicles with computational
support and enabling data processing and analysis at the edge. Consequently, offloading tasks to
the network edge, such as roadside units (RSUs), for execution rather than processing them in the
cloud or on vehicles themselves, can better meet the complex requirements of vehicular tasks.
Particularly, this approach not only alleviates pressure on the backhaul network but also reduces
the network latency. However, several objective factors still constrain the rapid development and
performance enhancement of VEC systems. For instance, the computing power and storage
resources at Edge Servers (ESs) are significantly lower than those in remote cloud centers. The
mobility of vehicles results in a dynamic topology for vehicular ad-hoc networks (VANETSs). The
real-time requirements of vehicular tasks increase the complexity of allocating network bandwidth

and computing resources at the network edge. To further enhance the performance of VEC
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systems, it is essential to consider the aforementioned factors and develop more efficient
algorithms for task offloading and resource allocation in VEC. In this paper, to make full use of
the limited resources of edge servers and improve the caching benefits of application services, a
service caching based collaborative offloading model for vehicular edge computing was proposed.
On this basis, the research on service caching and task offloading was conducted , with the purpose
of minimizing the weighted sum of delay and energy consumption. Considering the reusability of
application services, the application service can be cached at the edge server such as roadside units
to serve the offloading requests. On the other hand, if the application service is not cached at the
network edge, the vehicles can choose to offload the blocks of the required application services to
the network edge in a collaborative way, on the assumption that the application service can be
divided into smaller parts, 1. e., blocks. The proposed joint optimization of service caching, task
offloading and computing resource allocation in vehicular edge computing was actually a nonlinear
integer programming problem. To simplify this problem, the original optimization problem was
divided into two subproblems. One is the joint optimization problem of service caching and task
offloading in vehicular edge computing and the other is the optimization problem of computing re-
source allocation in vehicular edge computing. Specifically, the optimization problem of service
caching and computing offloading was modelled as a Markov Decision Process (MDP), and a deep
reinforcement learning-based caching and offloading algorithm was proposed. The optimization
problem of computing resource allocation was proven to be convex, which can be solved by
existing technologies such as interior point method. Extensive simulation was con-ducted to
evaluate the efficiency and effectiveness of the proposed service caching and task offloading
problem. Simulation results demonstrate that, in comparison with other baseline approaches, the
proposed scheme exhibits superior performance, specifically by reducing the optimal values and
response latency by 7% and 12%, respectively, and enhancing the cache hit ratio by 9%.

Keywords vehicular edge computing; task offloading; service caching; collaborative offloading;

deep reinforcement learning
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Background

Intelligent transportation has been greatly developed in recent
years, and various new energy vehicle companies have sprung up
providing a strong driving force for promoting the rapid
development of high-level automatic driving, human-computer
interaction, and on-board applications. The vehicular services are
rapidly developing and transiting from basic navigation guidance,
assisted driving, vehicle monitoring, etc., to higher-level
autonomous driving, human-vehicle dialogue, in-vehicle VR/AR
games, and even in-vehicle meta-universe. Vehicle-perceived
data include both delay-non-sensitive data related to
entertainment services and delay-sensitive data related to safety
warnings. The timely processing and analysis of data is not only
related to the ability to provide users with low latency and high
reliable Quality of Service (QoS) , but also an important
guarantee for driving safety.

Vehicular Edge Computing (VEC) extends the computing
resources from the cloud to the edge of the network, such as
Roadside Unit (RSU) , provides computing power support for
vehicles nearby, and implements data processing and analysis at
the edge of the network, which not only reduces the pressure on
the backhaul network, but also reduces the network delay.
However, the following objective factors still restrict the rapid
development of VEC and the improvement of the performance of
VEC systems. For example, computing power and storage
resources at Edge Server (ES) are much less than the remote

cloud center, so more efficient resource allocation strategies and

algorithms are required. The mobility of vehicles makes the
topology of VANET dynamic. The real-time requirement of
vehicular tasks increases the difficulty of allocating network
bandwidth and computing resources at the edge. On the other
hand. the development of in-car applications increases the
probability of the same service being requested by different
vehicular tasks. Therefore, service caching can alleviate the
increasing demand for application services to some extent,
reduce the pressure on the forward network, shorten the
response delay of vehicular tasks, and improve the performance
of VEC systems.

In this paper, based on the collaborative task offloading
among vehicles, a joint optimization problem is proposed, which
takes service caching, task offloading and resource allocation as
decision variables, and takes the weighted sum of response
latency and energy consumption for tasks as the optimization
objective. In particular, the subproblem of service caching and
computing offload is modeled as a Markov decision process, and a
new approach based on Proximal Policy Optimization is
proposed. The simulation results show that the proposed
approach can achieve better performance, compared to other
baseline approaches in terms of optimal values, response latency
and cache hit ratio.

This work was supported in part by the National Natural
Science Foundation of China under Grants 62476276
62271486.
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