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Abstract

Deep learning (DL) and reinforcement learning (RL) based methods
can efficiently generate offloading strategies for computational offload-
ing problems in mobile edge computing (MEC) environments. However,
the rapid movement of vehicles in the vehicular network causes dynamic
changes in the network environment, and DL or RL methods require
additional training samples and multiple gradient updates before the
model converges, which is time-consuming. In this letter, we propose
a meta reinforcement learning-based computation task offloading and
resource allocation (MRLOA) algorithm for vehicular networks. Specif-
ically, the MRLOA can converge quickly for a new task with a small
number of experience and gradient updates based on a pre-trained meta
policy. Simulation results show that our proposed algorithm can more
quickly adapt to new computational offloading tasks in the vehicu-
lar network environment compared to traditional baseline algorithms.

Keywords: Mobile edge computing, meta reinforcement learning, vehicular
network, computing offloading
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1 Introduction

The development of vehicular network technology is heavily dependent on
numerous computationally intensive and latency-sensitive applications, such
as real-time road conditions for autonomous driving, path planning, and real-
time pedestrian detection [1]. However, the limited computing resources in a
vehicle struggle to meet the latency requirements of such tasks [2]. To address
this issue, mobile edge computing (MEC) has been introduced as a promising
paradigm model for the vehicular network that can effectively reduce task
execution latency and the local computing resource occupancy of the vehicle,
thus significantly enhancing user experience [3].

The integration of edge computing with vehicular networks has been
extensively studied. Similar to other application scenarios of edge comput-
ing, computer offloading and resource allocation strategies remain critical
in the vehicular network [4]. In general, the joint optimization strategy for
computational offloading and resource allocation is described as an NP-hard
mixed-integer no-liner programming problem [1]. To solve this problem, the
authors of [5] proposed a traditional heuristic search algorithm to address the
energy consumption optimization issue. However, heuristic search techniques
often require a large number of iterations to converge, and the model is less
adaptable in the face of new environments, time-varying channels, and dif-
ferent computational tasks. Reinforcement learning (RL) based methods have
recently been applied to solve offloading decision problems. To obtain the
optimal offloading strategy, the authors of [6] introduced a double Deep Q-
network (DQN) based strategic computation offloading algorithm, significantly
improving the performance of computational offloading. Considering the ran-
dom movement of vehicles and time-varying communication in the vehicular
network, the authors of [7] proposed two reinforcement learning methods based
on Q-learning and deep reinforcement learning to effectively solve computa-
tional offloading and resource allocation problems in vehicular edge computing
networks. To address the dependencies of computational tasks and adapt to
dynamic scenarios, the authors of [8] developed a deep reinforcement learn-
ing (DRL) solution to automatically discover common patterns behind various
applications in order to infer the best offload strategy in different situations
and obtain near-optimal performance. The authors of [9] used RL in MEC
architecture for vehicular networking to solve the multidimensional resource
optimization problem and effectively improve the quality of service (QoS) of
vehicle applications. The rapid movement of vehicles in vehicular networks will
cause dynamic changes in the network environment that require at least 1000
training samples and multiple gradient updates before the model can converge
using DL or RL methods [10].

To overcome this challenge, we leverage Meta Reinforcement Learning
(MRL) to solve the computational offloading problem in a vehicular network
and propose a meta reinforcement learning-based computation task offloading
and resource allocation (MRLOA) algorithm. The advantage of MRL is that
it can be quickly adapted to new tasks with only a small amount of experience
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and gradient updating [11], which is ideal for vehicular networking environ-
ments with a time-varying channel state. In this work, we model a system
intending to minimize task computation latency and resource usage charges
for the vehicle task computation offloading problem in the vehicular network
and then solve it with the MRLOA algorithm.

2 System Model

A typical MEC-based vehicular network system (VEC) model is shown in
Figure 1, which mainly consists of vehicles, roadside units (RSUs), MEC
servers, the central base station (BS), and a remote cloud server. Each RSU is
equipped with a MEC server, and the RSU is connected to the MEC server by a
fiber link. The vehicle communicates with the RSU by Dedicated Short-Range
Communications (DSRC) for high-quality wireless communication. To reduce
communication latency and improve communication quality, the BS and RSU
transmit data over a fiber link. In addition, the BS is connected to the remote
cloud server through the core network, which has a communication function
and can also act as a controller for the whole cell. We consider the VEC system
in a region,including N vehicles, M RSUs, and one BS.Therefore, we denote
M= {1, 2 · · · ,M} and N= {1, 2 · · · , N} as the set of RSUs and vehicles,
respectively.It is assumed that the vehicle only generates one computational
task in a time slot and that the task can no longer be decomposed. We consider
vehicle i to generate computing tasks Gi(t) = {di(t), ci(t), T

max
i (t)} i ∈ N at

time slot t, Where di (bits) represents the data size, ci (cycles) indicates the
number of CPU cycles, and Tmax

i is the maximum latency that can be tolerated
by computing task. In particular, ci=ζidi and ζi (cycles/bits) is the computing
coefficient. The set of all tasks can then be defined as Gt = {Gi(t)|i ∈ N|.}.
The computational tasks generated by vehicle i can be processed either locally
or by offloading to the MEC server. Therefore, the offloading decision at time
slot t can be defined as X t={xi(t) ∈ {0, 1}|i ∈ N|.}, where xi(t)=1 means
that vehicle i offloads its task to the MEC server and xi(t)= 0 is the local pro-
cess. We define the set of computational tasks to be processed locally and by
the MEC server as Nl = {i ∈ N|xi(t) = 0|.} and No = {i ∈ N|xi(t) = 1|.},
respectively.

2.1 MEC Offloading Model

In the VEC system, Vehicle i is traveling on the road at a constant speed vi.
The movement of vehicle i causes the distance dij between it and the RSU j
to also change at all times, then dij can be defined as

dij(t) =

√

l2 + (
Rj

2
− vi(t− t0j ))

2

(1)

where l denotes the vertical distance distance between the centerline of the
road and the RSU, Rj denotes the communication coverage of the RSU j, and
t0j is the time when the vehicle drives into the coverage of the RSU j.
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Fig. 1 The MEC-based veicular network system model.

we measure the performance of the system in terms of the total latency
of the vehicle processing task and the computational resource cost.When the
vehicle offloads the computational task to the MEC server for execution, the
vehicle needs to communicate with the RSU whose uplink and downlink can be
modeled as a Rayleigh channel with frequency-flat fast fading [12]. To address
the communication delay, transmission rates of vehicle i and RSU at time slot
t can be quantified as

φi(t) = Blog2(1 +
pihij(t)

σ2
) (2)

where B is the transmission bandwidth of the uplink and downlink, pi
means transmit-power, σ2 is the variance of background noise, and hij(t) is
the channel gain. In addition, hij is the channel gain between vehicle i and
RSU j, which can be calculated by the linear distance between the vehicle and
RSU [13][14], as shown in equation (3).

hij(t)=103.8+20.9log10dij(t) (3)

We assume that the channel state remains constant at time slot t and define
it as Ht = hij(t), i ∈ N , j ∈ M. In addition, since the transmit power of RSU
is much larger than the vehicle, and the data size of the calculation result is
much smaller than the task offload input, the delay of the calculation result
return can be ignored [9]. The communication delay of vehicle i at time slot t
can then be defined as:

T com
i (t) =

di(t)

φi(t)
, i ∈ Nl (4)

When the vehicle needs to offload the computational tasks, the size of the
data, the maximum latency tolerance, and the type of each task is different,
requiring a different strategy of computational resources allocation. Therefore,
offload tasks must be prioritized to ensure that urgent tasks are processed first.
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We mainly consider the three factors di, ci, T
max
i that constitute the task and

leverage in the Analytic Hierarchy Process (AHP) to determine the priority.
We define the level of importance as Ω(·), and then the importance of each
influencing factor is Ω(Tmax

i ) > Ω(di) > Ω(ci). The weight vector ν is then
calculated according to AHP, and the weighted total score of task Gi at time
slot t is Ci(t) = |[Tmax

i (t), di(t), ci(t)|]ν, i ∈ N . Finally, the weights of task i
can be written as :

wi(t) =
Ci(t)

N
∑

i=1

Ci(t)

i ∈ No (5)

The computation latency is then considered, which includes local compu-
tation latency and MEC service processing latency. We define the local and
MEC server allocated computing resources for vehicle i as f l

i and fe
i , respec-

tively. Generally, MEC servers have far more computing power than vehicles
fe
i ≫ f l

i . We define the local processing latency of the vehicle i as:

T loc
i (t) =

ci(t)

f l
i (t)

, i ∈ Nl (6)

When the vehicle offloads a computational task to the MEC server for
processing, the MEC server needs to allocate the corresponding computational
resources to the offloaded computational task, and MEC server processing
latency write as [15]:

Tmec
i (t) =

ci(t)

fe
i (t)

, i ∈ No (7)

In addition, when the vehicle offloads computational tasks to the MEC
server, the resource allocation policy is defined as F t = {fe

i (t)|i ∈ No|.}.
At the same time, as the operator will charge the corresponding vehicle

according to the amount of resources used, we define the unit price for the
MEC server to calculate the resources as ρ, and then the computation cost of
vehicle i can be written as:

ϕi(t) = ρfe
i (t), i ∈ No (8)

Finally, the utility function of vehicle i to offload the task to the MEC
server umec

i and local computation uloc
i can be written as:

umec
i (t) = (T com

i (t) + Tmec
i (t))µi + ϕi(t)(1− µi)

uloc
i (t) = T loc

i (t)µi
(9)

where µi ∈ [0, 1] is the preference of vehicle i for computation latency and
resource usage cost. The utility function U(t) of the VEC system can then be
defined as:

U(t) = U(X t,F t|Ht|.)
=

∑

i∈N

wi(t)|[u
mec
i (t)xi(t) + uloc

i (t)(1− xi(t))|] (10)
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2.2 Problem Formulation

In the VEC system, our goal is to find the task Gt , optimal computational
offloading decision X

∗
t , and resource allocation strategy F

∗
t under the condi-

tion of time-varying wireless channels Ht to minimize the utility function U(t)
of the system. Therefore, the problem Q1 can be formulated as:

Q1 : arg min
X t,Ft

U(X t,F t|Ht|.)

s. t. C1 : xi(t) ∈ {0, 1}, ∀i ∈ N
C2 :

∑

i∈No

fei (t) ≤ Fmax, i ∈ No

C3 : 0 ≤ fei (t) ≤ Fmax, i ∈ No

C4 : f li (t) ≥ 0, ∀i ∈ N

C5 : (T com
i (t) + Tmec

i (t))xi(t) + T loc
i (t)(xi(t)− 1) ≤ Tmax

i (t)

C6 : Tmec
i (t) + T com

i (t) + 2aτ ≤ min[Tmax
i , T

stay
i ]

(11)

Where Fmax is the maximum computing capacity of the MEC server.C1 C5
are constraints, C1 indicates that the same vehicle can only have one offload
decision at moment t; C2 and C3 are computational resource constraints;
C4 indicates that the vehicle also has a certain computational capacity
locally; C5 indicates that the task processing delay and communication delay
cannot exceed its maximum delay tolerance; C6 is the offload constraint,
T stay
i =Rj/viis the time when the vehicle is in the service range of the MEC

server it is in, to ensure the continuity of task processing.
Clearly, Q1 is an NP-hard mixed-integer no-liner programming problem [1],

and it is difficult to solve. Therefore, we decompose the problem Q1 into two
subproblems of computing the offloading decision and the resource allocation
strategy in order to solve them separately. The computational offloading deci-
sion is solved using meta reinforcement learning, while the resource allocation
strategy is solved using convex optimization [16]. Considering the offloading
decision as a series of discrete binary variables, we design the MRLOA algo-
rithm, which can quickly learn the optimal offloading decision X t

∗ from the
environment. When X t

∗ is determined, the problem Q1 can be rewritten as:

Q2 : arg min
Ft

U(F t|Ht|.,X t
∗)

s. t. C2, C3, C5
(12)

Finally, according to Karush–Kuhn–Tucker (KKT) conditions, the resource
allocation strategy is obtained.

fe∗
i (t) =

√

√

√

√

√

µici(t)
∑

i∈No

wi(t)
∑

i∈No

[µi(ci(t)+1)−ρ]

F 2

max
wi(t)

+ ρ(1− µi)

(13)

The proof of formula (13) is detailed in Appendix A.
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3 Meta reinforcement learning based offloading
and resource allocation algorithm

In this section, the MRLOA algorithm is proposed to minimize system cal-
culation delay and resource usage cost. We model the offloading decision
in a dynamic time-varying vehicular networking environment as a Markov
Decision Process (MDP) [9]. We solve it using the leverage reinforcement
learning approach Proximal Policy Optimization (PPO) [17] and the meta-
learning technique Model-Agnostic Meta-Learning for Fast Adaptation of Deep
Networks (MAML) [11] to construct the meta reinforcement learning PPO
algorithm (MRL-PPO). We aim to leverage MRL-PPO to quickly learn the
optimal offloading decision X t

∗ in the new environment, and then use KKT
conditions to calculate the optimal resource allocation strategy F t

∗.

3.1 Problem Solving with RL Analysis

In general, RL mainly employs five key factors: environment, agent, state,
action, and reward, and its goal is to continuously interact with the environ-
ment by optimizing the action strategy taken by the agent to maximize the
cumulative expected reward [6]. In the VEC system, the controller acts as an
agent and interacts with the VEC environment. Based on the above analysis
of problem Q1, we define the state, action, and reward as follows.

• State : The state is generally the basis for the agent to choose an action in
RL [17]. For VEC system, the state that the agent needs to obtain mainly
includes wireless channels hij(t), task data size di(t), maximum tolerable
latency Tmax

i (t), and system utility function value U(t), and these param-
eters can be obtained from the environment through the controller. The
environment state vector of time slot t can then be described as:

s(t) = {h1j(t), h2j(t), · · · · · · , hNj(t),
d1(t), d2(t), · · · · · · , dN (t),
Tmax
1 (t), Tmax

2 (t), · · · · · · , Tmax
N (t), U(t)}

(14)

• Action : After obtaining the state s(t) in the environment, it is input into
the policy network π of RL, and the policy network π will select the best
calculation offloading action to maximize the reward of the system. In this
VEC system, the computation offloading strategy X t is the action of the
agent. Accordingly, we define the action a(t) of the agent in the time slot t
as:

a(t) = [x1(t), x2(t), · · · · · · , xN (t)] (15)

• Reward : The optimization objective of the VEC system is to minimize the
utility function U(t) , while the optimization objective of RL is to maximize
the reward of the system. In order to solve Q1 with RL, the reward must be
associated with U(t) . Therefore, to minimize U(t) in RL during the model
update, a positive reward should be obtained when U(t − 1) < U(t) and a
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negative reward should be obtained when U(t − 1) < U(t) ; otherwise, the
reward is 0. We use ∆U(t) to define the reward obtained by the time slot t
agent performing action a(t) in the state s(t) . The reward r(t) can then be
expressed by:

r(t) = ∆U(t) = U(t− 1)− U(t) (16)

3.2 MRL-PPO Based Offloading and Resource

Allocation Algorithm

For a particular VEC system, we assume that the computation offloading task
Tk obeys the distribution P(T ), and each task Tk is a different MDP [17].
For a new task T obeying the distribution P(T ), the traditional RL method
requires multiple gradient updates to converge [14], and this problem can be
better solved with the MRL method. We use the model proposed in the work
[11] as a framework for MRL, and its structure is shown in Figure 2.

Task distribution

Task Task...

Each task Sample M trajectories use 

Update parameters

Use and   

Sample a trajectories use      : 

Use      and    evaluate 

Update meta policy

Meta policy training

New Task 
Sample M trajectories
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Fig. 2 Architecture of meta reinforcement learning.

The goal of MRL is to learn a meta policy fθ that can be quickly adapted
to new tasks T , where θ is parameters of the policy network π. Firstly, sample
K tasks Tk, k ∈ [1,K] from task distribution P(T ) and use fθ and use fθ
to sample M trajectories Dk from each task Tk. For each task Tk, use Dk to
update the sub-meta policy fθ′ , i.e., θ′k = θ′ − α∇θ′LTk

(fθ′) , where α is the
learning rate and LTk

is the loss of task Tk, which is defined by the reward of
the MRL model.

LTk
(fΦ) = −Es(t),a(t)∼fΦ

[

H
∑

t=1

γH−trk(s(t), a(t))

]

(17)

where H is the horizon of the MDP, fΦ is the model for which the loss
is to be calculated, and γ is the discount factor. After the sub-meta policy
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fθ′ is updated, use fθ′
k
to sample a trajectory from task Tk to calculate the

valid loss LTk
(fθ′

k
) of sub-meta policy fθ′

k
. Meta policy fθ will be updated

as θ = θ − β∇θ

∑

Tk ∼P(T ) LTk
(fθ′

k
) after all task valid losses have been

determined, where β is the learning rate of the meta policy. A new task T that
obeys the distribution of P(T ) can then converge with less gradient updates.
In other words, the final policy fθend

will depend on meta policy fθ for updates.
We define the learning rate of fθend

as η, and then the update method of fθend

can be written as:

θend = θ − η∇θLT (fθ) (18)

According to the analysis of Q1, the computational offloading policy in
this VEC system is a discrete variable, so we use a discrete PPO and MAML
meta-reinforcement learning framework to solve the computational offloading
decision and KKT conditions to compute the resource allocation policy. These
two methods are combined to construct the MRLOA algorithm to determine
the solution of Q1, and the pseudo-code of the MRLOA algorithm is shown in
Algorithm 1.

Algorithm 1 Meta reinforcement learning based computation task offloading
and resource allocation algorithm (MRLOA).

Input:Task distribution:P(T ), hyper-parameter:α,β,η,γ,K,M
Output:Optimal offload strategy X

∗

t
and resource allocation

policy F
∗

t

1: Randomly initialize θ
2: while not done do

3: From distribution P(T ) Sample K task:P(T ) ∼ Tk
4: for Tk do

5: Sample M trajectories Dk using fθ for each taskTk
6: Calculate LTk

(fθ′) using Dk in Equation (9),and update parame-
ters: θ′k = θ′ − α∇θ′LTk

(fθ′)
7: Sample a trajectorie D′ using fθ′

k
and calculate LTk

(fθ′
k
) in

Equation (9)
8: end for

9: Update meta policy θ = θ − β∇θ

∑

Tk ∼P(T ) LTk
(fθ′

k
)

10: end while

11: Sample a new task P(T ) ∼ T ,and sample M trajectories D in T using fθ.
12: Update final policy θend = θ − η∇θLT (fθ)
13: Find out optimal offloading strategy X

∗

t
using fθend

14: Calculate Optimal resource allocation policy F
∗

t
by X

∗

t
and Equation (5)
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4 Performance Evaluation

The performance of the proposed MRLOA algorithm was evaluated through
simulation experiments. Considering the VEC environment, the simulation
parameters were mainly set with reference to works [7] and [17], as shown in
Table 1. Specifically, task data size di = [0.5, 3] MB, calculation coefficient
ζi = [100, 3200] cycles/byte, and maximum tolerated latency Tmax

i = [5, 10]
ms. The bandwidth of uplink and downlink B = 10 MHz; transmission power
pi = 0.1 W; background noise variance σ2 = −100 dBm; The local comput-
ing capacity of vehicle f l

i = 0.5 GHz, the MEC server maximum computing
capacity Fmax = 100 GHz, and computing resource price ρ = 0.03$/GHz,and
the specific parameter settings are shown in Table 1. For the parameters of
MRLOA, the hyper-parameters are given asα = η = 10−3, β = 10−4,K = 100,
and M = 100. In order to improve the learning efficiency, we applied the
Actor-Critic algorithm to the PPO model [2]. Its specific structure is shown
in Figure 3.

Table 1 Add caption

Parameter Value

RSU coverage Rj/m [50,100]
Vertical distance from road centerline to RSU l/m [10,30]

Vehicle speed v/(km · h−1) 30,60
Average transmission delay of optical fiber link τ/ms [5,20]

Uplink bandwidth B/MHz [1,5]
Vehicle transmission power pi/W 1.3

Background noise variance σ2/dBm -100
The MEC server unit price of resources ρ($ ·GHz−1) 0.03

Vehicle preference for delay µi 0.5
Vehicle local computing resources f l

i/GHz [0.5,2]
MEC server computing resources fe

ij/GHz [80,100]

Data volume di/Mb [50,100]
Maximum calculation delay of single task Tmax

i /ms [200,500]
CPU cycles required to calculate 1 bit data ζi/(cycle · bit

−1) [20,60]

Actor Critic

Input layer

Output layer

64 x 64
Hidden layer

s dim x 64

64 x a dim

Softmax

Tanh

Tanh

Input layer

Output layer

64 x 64
Hidden layer

s dim x 64

64 x 1

Tanh

Tanh

state state

state valueoffload policy

Fig. 3 The structure of Actor-Critic.
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To illustrate the superiority of the MRLOA algorithm proposed in this
article, we compare it with the following three commonly used reinforcement
learning algorithms. (1)Value-based algorithm: Update the strategy accord-
ing to the value function and its representative algorithm is Deep Q-Network
(DQN); (2)Policy-based algorithm: Based on Policy to do gradient descent to
optimize the model, and its representative algorithm is Policy Gradient(PG);
(3)Actor-Critic algorithm: Combines Value-based and Policy-based algorithms
and its representative algorithm are Proximal Policy Optimization Algorithms
(PPO). Note that MRLOA needs to pre-train a meta policy model in advance,
and the training method is as shown in Fig.2, in which we can create different
environments and generate different tasks by changing the parameters of the
VEC system such as Gt, B and so on.

In Figure 4, we evaluated the convergence performance of the MRLOA algo-
rithm under a new task in the VEC environment. The above three comparison
algorithms DQN, PG and PPO are also simulated in the same reinforcement
learning environment. As for MRLOA, the initial parameters of the model
are copied from the pre-trained meta policy. It can be seen from Figure 4
that MRLOA requires only a small amount of gradient update (40 eposide)
to achieve convergence, while PPO, DQN and PG require 120, 280 and 350
eposide respectively to converge. In other words, compared to PPO, DQN and
PG, the MRLOA algorithm proposed in this paper improves the convergence
performance by 66%, 85% and 88%, respectively. Therefore, for a new task,
the MRLOA algorithm has better convergence performance.

To demonstrate the superiority of MRLOA, we compare it with three
baseline algorithms in this VEC simulation environment. (1)Local process: all
computational tasks of the vehicle are processed locally, (2)Offload process: all
computational tasks of the vehicle are offloaded to the MEC server for process-
ing, (3)DQN based: dynamic computational offloading and resource allocation
is performed with DQN. In Figure 5, the relationship between the number of
vehicles in a single cell and the average utility value of the system is presented.
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Where the utility value of the Local process method is larger because of the
limited local computing resources of the vehicle and the high latency of pro-
cessing all computing tasks locally. Although the MEC server has abundant
computing resources, it needs to pay high resource usage fees to the operator,
so the utility value of the Offload process method is also larger. As for the DRL
method, the utility value of the DQN based method also increases sharply
when there are more vehicles, because the search space for finding the optimal
solution is also larger when there are more vehicles and the DQN algorithm
converges more slowly. In contrast, the MRLOA algorithm proposed in this
paper always maintains superior performance and achieves a balance between
computational delay and resource usage cost with low system utility.

100 200 300 400 500 600 700 800

8

10

12

14

16

18

20

S
y
st

em
 a

v
er

ag
e 

u
ti

li
ty

MEC computing resources (GHz)

 MRLOA

 ALP

 AOMP

 DQN based

Fig. 6 MEC computing resources and system utility.

The variation of the computational resources of the MEC server with
respect to the system utility function is shown in Figure 6. As can be seen
from the figure, the utility function value of the ALP policy is not affected by
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the MEC computing resources because the ALP policy processes all comput-
ing tasks locally without the allocation of computing resources by the MEC.
For the AOMP scheme, as the MEC computing resources are not considered
to increase, the more abundant computing resources can be allocated, the sys-
tem utility function value keeps decreasing, and when the MEC computing
resources are greater than 700 GHz, the utility value of the AOMP scheme no
longer changes significantly, which is because when the amount of task data is
constant, the computing resources required to perform the task are also rela-
tively fixed, so the increase in MEC computing resources will no longer have
an impact on the utility function value. Compared with the DQN scheme, the
MRLOA strategy considers both computational offloading and resource alloca-
tion strategies, so it always ensures a lower utility function value and achieves
the optimal offloading of computational tasks.
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Fig. 7 Relationship between task data volume and system utility.

The amount of data for the computational tasks will have a direct impact on
the system utility, and Figure 4-5 shows the change in the system utility as the
task data amount varies at [50,100] MB. From Figure 7, it can be seen that the
system utilities of all four schemes, ALP, AOMP, DQN, and MRLOA, increase
as the task data volume increases. For the ALP scheme, a lower system utility
is obtained when the task data volume is low, and the highest system utility
is obtained when the data volume is high due to the limited local computing
capability of the vehicle, which leads to a higher computational delay. For
the AOMP scheme, the vehicle offloads all computational tasks to the MEC
server for processing, and when the data volume increases, the data transfer
latency and resource service fees also increase, so the system utility is also
higher. For the DQN and MRLOA schemes, the control center will choose the
optimal offloading strategy based on the optimization model, so both schemes
can obtain a more balanced system utility regardless of the change in task
data volume. In addition, the MRLOA scheme always maintains the optimal
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system utility because of its faster convergence and more reasonable resource
allocation.
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Fig. 8 The relationship between latency preference and task processing latency.

In this paper, the metric to evaluate the goodness of task computation
offloading is modeled as a weighted sum of task offloading latency and MEC
resource service fee, and the user’s preference for latency, µ, is used as a weight-
ing factor. The larger the µ is, the higher the user’s requirement for task
processing latency, otherwise the more sensitive the user is to the expenditure
of resource service fee. Figure 8 shows the variation of the average task pro-
cessing latency when the µ varies in [0,1]. For the ALP scheme, the latency
preference has no effect on the task processing latency of the ALP scheme
because the local computing resources do not need to pay the operator. For
the AOMP scheme, all computing tasks are offloaded to the MEC server for
processing, so the change in µ has no effect on the latency of this scheme.
In addition, the latency of the AOMP scheme is lower than that of the ALP
scheme because the computational power of the MEC server is much stronger
than that of the computational units in the local OBU of the vehicle. For the
DQN and MRLOA schemes, increasing the µ can effectively reduce the task
processing latency, but the user also pays a relatively high fee to the opera-
tor. Obviously, the MRLOA scheme can achieve lower task processing latency
regardless of the µ variation.

When the vehicle offloads the computational tasks to the MEC server for
processing, the operator will charge the user the corresponding resource service
fee ρ/($ ·GHz−1) on demand, as one of the metrics affecting the system utility,
and the larger the ρ is, the larger the system utility is. Figure 9 shows the
system utility variation when the ρ varies between [0.02,0.12] /($·GHz−1). For
the ALP scheme, the change in system utility has no effect on the system utility
because all tasks are processed locally and no charges are paid to the operator.
For the AOMP scheme, all tasks are processed at the MEC server, and the
system utility of this scheme increases dramatically with the increase of ρ.
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Fig. 9 Relationship between MEC resource service fees and system utility.

In contrast, the DQN and MRLOA schemes use scientific offloading decisions
and can flexibly allocate computational resources locally in the vehicle and
on the MEC server, so that the system utility remains low over the range of
ρ variations. In addition, because the MRLOA scheme introduces a resource
allocation strategy to optimize the resource allocation of MEC servers and
achieve efficient utilization of computation and storage resources, the scheme
always maintains the lowest system utility

5 Conclusion

In this letter, we leverage meta reinforcement learning to VEC systems and
propose a meta reinforcement learning based computation task offloading and
resource allocation (MRLOA) algorithm for solving the computation offloading
and resource allocation problem in the dynamic environment of VEC. Unlike
traditional reinforcement learning methods, the MRLOA algorithm can rely
on meta policy for fast convergence in new tasks. Simulation results show that
the convergence of the MRLOA algorithm is 85% better than DQN, and as
the number of vehicles in a cell increases, the system overhead remains low
compared to the other three baseline algorithms, thus the practicality of VEC
systems is enhanced.

Appendix A Section title of first appendix

.
This part is mainly the proof of equation(13).When a vehicle offloads a

computational task to the MEC server, for a given computational offloading
policy, the objective function represented by problem Q2 is defined as:
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Λ (F) = min
∑

i∈No

wi(t) [(T
com
i (t) + Tmec

i (t))µi + ϕi(t)(1− µi)]

= min
∑

i∈No

wi(t)
[

( di(t)
φi(t)

+ ci(t)
fe
i
(t) )µi + ρfe

i (t)(1− µi)
]

s. t. C3 :
∑

i∈No

fe
i (t) ≤ Fmax, i ∈ No

C4 : 0 ≤ fe
i (t) ≤ Fmax, i ∈ No

(A1)

According to the Lagrange multiplier method, the Lagrangian function of
the objective function Λ (F) can be rewritten as:

L(Λ (F) , υ) =
∑

i∈No

wi(t)
[

( di(t)
φi(t)

+ ci(t)
fe
i
(t) )µi + ρfe

i (t)(1− µi)
]

+vj(
∑

i∈No

fe
ij(t)− Fmax)

(A2)

where υ = [v1, v2, · · · , vM] is the Lagrange multiplier, and then the
derivative of L(Λ (F) , υ) with respect to fe

i (t) is given by:

∂L(Λ (F) , υ)

∂fe
i (t)

= wi(t)

[

−
ci(t)

[fe
i (t)]

2µi + ρ(1− µi)

]

+ vj (A3)

According to the KKT condition, let ∂L(Λ(F),υ)
∂fe

ij
(t) = 0 lead to the optimal

solution is:

fe∗
ij (t) =

√

√

√

√

µici(t)
v∗
j

wi(t)
+ ρ(1− µi)

(A4)

Since v∗i > 0, at this point the objective function tends to achieve the
optimal value at the boundary, i.e.

∑

i∈No

fe∗
ij (t) = Fmax, i ∈ No (A5)

Bringing equation (A5) into equation (A4) the optimal Lagrange multiplier
can be solved as:

v∗j =
∑

i∈No

wi(t)

[

1

F 2
max

∑

i∈No

µici(t) +
∑

i∈No

µi − ρ

]

(A6)

Finally, bringing equation (A6) to equation (A4) yields the optimal resource
allocation strategy as:

fe∗
ij (t) =

√

√

√

√

√

µici(t)
∑

i∈No

wi(t)
∑

i∈No

[µi(ci(t)+1)−ρ]

F 2

max
wi(t)

+ ρ(1− µi)

(A7)
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