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Intelligent vehicles have provided a variety of services; there is still a great challenge to execute some computing-intensive
applications. Edge computing can provide plenty of computing resources for intelligent vehicles, because it offloads complex
services from the base station (BS) to the edge computing nodes. Before the selection of the computing node for services, it is
necessary to clarify the resource requirement of vehicles, the user mobility, and the situation of the mobile core network; they will
affect the users’ quality of experience (QoE). To maximize the QoE, we use multiagent reinforcement learning to build an
intelligent offloading system; we divide this goal into two suboptimization problems; they include global node scheduling and
independent exploration of agents. We apply the improved Kuhn–Munkres (KM) algorithm to node scheduling andmake full use
of existing edge computing nodes; meanwhile, we guide intelligent vehicles to the potential areas of idle computing nodes; it can
encourage their autonomous exploration. Finally, we make some performance evaluations to illustrate the effectiveness of our
constructed system on the simulated dataset.

1. Introduction

With the rapid development of intelligent vehicles, the ve-
hicular network based on artificial intelligence has attracted
extensive attention; its wide application has encouraged re-
searchers all over the world to develop more applications, but
there is still a problem to compute-intensive services on
vehicles; as a promising solution, mobile edge computing
(MEC) lets users upload services to edge computing servers (e.
g., offloading), which can reduce the computing load of the
terminal, just like roadside unit (RSU), building cloud, and
other entities with computing [1]. Caching and network
communication capabilities can become the MEC platform;
they can not only reduce communication delay but also ease
the workload of central BS.

However, the performance of traditional methods [2, 3]
will decline sharply in the vehicular network; it is urgent to
develop an effective MEC intelligent offloading solution. In
recent years, machine learning is mainly used in intensive
computation tasks, such as navigation and automatic
driving, except in MEC; it is very difficult to build a suitable
model because many vehicles are participating in the

offloading system. Deep reinforcement learning (DRL) uses
agents as interactive entities to learn strategies from the
environment. DRL has been applied to the MEC offloading
system [4], mainly for task scheduling and resource allo-
cation and for studying DRL-based networking and caching
[5, 6].

We focus on the tradeoff between the QoE of users and
the profit of servers [7]; we need to schedule the corre-
sponding edge computing nodes for intelligent vehicles; this
process is similar to the order dispatch in modern taxi
networks [8–10]; they provide information about passenger
demand and taxi movement for finding themost appropriate
pairs; some car-hailing services provide significant im-
provements over traditional taxi systems in terms of re-
ducing taxi cruising time and waiting time [10, 11];
therefore, the online car-hailing is a vivid scene [8, 12–14]
which can be migrated to the edge computing. Xu et al. [15]
introduced reinforcement learning algorithms to have
foresight, which can achieve better profits for servers and
better services for users, but there is a limitation that each
server pair with the user in a finite distance, it will put user in
an idle state; if this state can be avoided, we can achieve
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better. For this reason, we regard our goal as a decision
problem for multiagent systems, which is implemented
using the classical deep deterministic policy gradient
(DDPG) [16] in reinforcement learning.

Furthermore, we introduce a central system with our
optimization KM [17]; the algorithm performs better
matching between users and servers. -e positions of users
are determined separately, and users cannot get any in-
formation from others at the beginning; we design a
communication module referring to [18]; then, they can
share information beneficial to the next decision.

-e remainder of the paper is organized as follows. We
provide a brief overview of the background and related
works in Section 2, we will show the system architecture in
Section 3, Section 4 describes improvement and algorithm
description, Section 5 explains the experimental details and
results, and finally, in Section 6, we summarize all the work.

2. Related Works

-is paper proposes a multiagent reinforcement learning
algorithm with global scheduling and applies it to the scene
of intelligent offloading about edge computing. -e fol-
lowing content introduces some related researches and the
application of a multiagent decision algorithm.

An approach is proposed in [19] to find the optimal
auction for computation resources of edge computing in
blockchain networks; it uses a monotone transform
function to anonymize prices. To decrease the number of
duplicated contents in networks, a DRLmethod for caching
in smart cities is designed in [20]; the agent in the system
collects the status from MEC servers and learns to choose
the optimal action to get the best policy for resource ar-
rangement. Qi et al. [21] constructed an intelligent off-
loading system for vehicular edge computing by leveraging
deep reinforcement learning; its communication and
computation states are modeled by finite Markov chains,
task scheduling, and resource allocation. -e strategy is
formulated as a joint optimization problem to maximize
users’ QoE.

Classical scheduling algorithms, such as greedy
methods, are widely used in large companies, such as
finding the nearest driver to serve customers [22], or using
a first-in, first-out queue strategy [23]; although they are
easy to dispatch, it only obtained nice profits in the short
term; the spatiotemporal sequence does not match the
supply-demand relationship in the long-term operation,
which will lead to some suboptimal results [15]. Later, this
dispatching process improved by using the central system
through the taxi GPS trajectory and brute force method for
the best path recommendation [24, 25], considering
whether the driver took the initiative to find hot spots to
provide the scheduling strategy [11] and focusing on
minimizing total customer waiting time by simultaneously
scheduling multiple taxis and allowing taxis to exchange
their booking tasks [9], taking into account the overall
benefits of a more global and far-sighted approach [26].
-ese methods have been put into practice and have shown
valuable effects.

-e vehicular network is often divided into several
zones, each zone has one BS with abundant computation
resources, and the BS can play the role of the central system.
We refer to the work of [15] in global scheduling, which
constructs a set of preference functions and calculates the
corresponding different agents in each time slice with a
global view. -e average preference function in the region
is conducive to the formulation of the reward and pun-
ishment process in the subsequent multiagent decision
algorithm. We have adopted KM algorithm in order
matching, which has a wide range of applications in the
dispatch, network communication, system architecture,
etc. [27], which is usually used for minimum weight
matching [28]; however, it can also be achieved by setting
up negative samples to maximize the sum of weights [29].
In this model, we use the KM algorithm, taking advantage
of preference function, as a metric to form a strategy for
node scheduling.

-e multiagent intensive learning aim includes the
learning stability of a single agent and the adaptability to the
behaviors from other agents [30, 31]. Adaptability ensures
that performance can be improved when other agents
change their policies [32]. Some aims can be extended to
dynamic games by requiring a phased satisfaction condition
for all states of the dynamic game. In this case, the aim is
based on the stage strategy rather than the global strategy
and the expected return rather than the reward [18]. Mul-
tiagent systems have been extensively studied in various
fields, such as robotics teams, resource management, dis-
tributed control, games, e-commerce [33], and several
MARL algorithms that have been discussed, indicating that
these algorithms combine time difference RL with game
theory solvers [34, 35]. For static games generated in the
state of dynamic environments [36], Alibaba also uses its
system in the environment of a multiscenario e-commerce
system to give priority to recommending products of interest
to customers and obtain the maximum benefit of the system
[37, 38].

In general, the research on multiagent reinforcement
learning problems is complicated and computationally in-
tensive. However, this model adds many idealized con-
straints and excludes irrelevant factor variables, such as data
transfer rate and propagation delay. Simplified model is
beneficial to implement our reinforcement learning
algorithm.

3. General Architecture

-e vehicle network in the city can be divided into several
zones according to streets or other criteria; each zone has
one central BS with abundant computation resources, as
shown in Figure 1. We mainly analyze one of these areas;
RSUs are equipped with MEC servers and have their signal
coverage; therefore, intelligent vehicles can only upload
services within a certain range of RSUs. In the case of no
RSU nearby, the vehicle can upload its services to the BS
directly, but in this model, we only take into account the
matching relationship between vehicles and RSUs, because
our goal is to schedule the edge computing nodes.
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Here, we introduce the model design and matching
strategy of advantage algorithm at first; they are the basis of
our work, but the advantage algorithm cannot cover some
special situations. Inspired by [6], we have proposed our
architecture to improve it.

3.1. Model Design and Matching Strategy. If we simplify the
model for reinforcement learning, an intelligent vehicle can
be regarded as an independent agent; its mobile strategy can
be abstracted as a Markov decision process (MDP).

-emodel here refers to the toy example used in [18]; we
did not set a more realistic vehicle movement and increase
the grid size; because the actual model will consider too
many details, it is difficult to reproduce a reasonable model
and apply our algorithm; the algorithm compared in [18] is
trained on the toy example; then, it was applied to a more
complex simulation environment; we also train through a
simple model and verify the advantages of our proposed
algorithm. We build a simulation model (Figure 2) corre-
sponding to each spatiotemporal state; it can show the
movement strategy of the agent in each state.

Matching strategy uses a preference value as the weight
between the vehicle i and the RSU j, which is calculated as
the value function of the vehicle in the future state (when its
service offloaded to the RSU j has finished) minus the value
function of the vehicle in the current state; we call this
formula of weight as the calculation of preference [17]; call it
as an advantage function:

Aπ(i, j) � c
Δtj V sij
′  − V si(  + Rc(j). (1)

Our second goal is to maximize the QoE of vehicles while
guaranteeing the profits of network operators (i. e., RSUs).
-e network operators are in charge of the wireless access
network and the mobile core network; the overall profit from
finished services will be affected by the amount of transferred
data and energy consumption of calculating in reality, which
is not involved in our model; for the sake of simplicity, we
use some random distributions to set the certain profit at
each RSU instead of that; here, we use Rc(j) to represent.

-e preference function can generate a corresponding
value through (1) to determine the best matching between
each vehicle and the RSU; the matching rules are

argmax
aij



m

i�1


n

j�1
Aπ(i, j)aij,

s.t. 
m

i�1
aij ≤ 1, j � 1, 2, 3, . . . , n,



n

j�1
aij ≤ 1, i � 1, 2, 3, . . . , m,

(2)

where aij depends on the pairing relationship. If RSU j is
matched with vehicle i, then a will be 1, i presents all the
unmatched vehicles of this time slot, and j means that these
RSUs can be allocated. During the RSU allocation phase,
vehicles that are not matched to RSUs will be treated as if
they were waiting to enter the next time slot. Its final effect is
shown in Figure 3.

Moreover, RSU can only be dispatched to one vehicle
within 2 grids (as shown in Figure 4), which can reduce the
loss of profits caused by the partial allocation and also fa-
cilitate the timely response to more vehicles.

However, there is a special situation in this model. If
there is no valid RSU in the area when the distribution of
RSUs is too sparse, the central system will not allocate a RSU
for any vehicle. -is leads to the idle state, but actual vehicle
can explore around to seek for some RSUs which have
stronger signal source during this time.

3.2. Modules and Intermodule Connection. We design an
overall architecture based on [15] to avoid the idle state; it
analyzes areas having more RSUs in the future and guides a
route for vehicles which are in the idle state; they can rush to
potential high preference areas in advance; this way will lead
to high QoE of users and the well profit ultimately. -e
analysis of the architecture will refer to historical memory
and strategies from different agents.

To ensure that the parameters of the network can finally
converge stably, our target network modules are con-
structed according to the DDPG algorithm. -e loss
function of the value network narrows the gap between the
two value network modules and soft updates the param-
eters of the target value network. -e same update method
also applies to the parameter update of the target policy
network.

He et al. [6] applied the reinforcement learning to the
multiscene recommendation system of e-commerce [39],
each scene is regarded as an agent; the different scenes are
arranged by the respective strategies of the agents; its center
system works as a critic to evaluate the profits from overall
scenes. Our model requires adjustments to the driving path
of different agents to get better overall profit; this point is
very similar to our model.

Inspired by [6], we introduce actor-critic to our archi-
tecture with DDPG; an algorithm named MARDDPG
(multiagent recurrent deep deterministic policy gradient) is
proposed, refer to Figure 5.

Basic station

Road side unit

MEC server

Vehicle

Figure 1: -e architecture of MEC-based vehicular network.
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-ere are three important modules designed to the
collaboration of multiple agents, respectively, a global critic
module, independent agents, and a communication
mechanism.

3.2.1. Actor Module. Each agent actori in the group module
called Actor is a separate actor module that accepts the local
observation oi

t such as the location and the shared message
mt−1 from the previous moment and chooses one action.
-e behaviors of vehicles are a finite set of discrete actions:
up, down, left, and right; we define the behavior variable as
a preference probability of different behaviors at that
moment:

pi � w
i
1, . . . , w

i
ni

 , pi ∈ R
n
i ,

s.t. 

ni

j�1
w

i
j � 1.

(3)

-erefore, each behavior is a ni dimension vector; this
vector will eventually select the corresponding behavior with
the highest probability of preference as the next behavior of
the agent.

Inspired by DDPG-related work, a method of deter-
mining the strategy is used instead of a random strategy.-e
actori of each agent corresponds to the function μi(st; θi),
where the parameter is θi, and the function maps a state to a
behavior. At time t, the agent decides its behavior according
to the actori network:

a
it
t ≈ μit mt−1, o

it
t ; θit

 , (4)

where st ≈ mt−1, ot  represents the approximate global
state; the behavior of actori depends on both the message
mt−1 and its current observation ot.

To be exact, each agent here corresponds to the vehicle in
the idle state of the forecast period, and the period during which
the vehicle whose service is still being computed will not be
taken into account; each agent i will be according to its strategy
µi (st) each time the behavior ai

t is chosen, and then an im-
mediate reward ri

t � r(st, ai
t ) was obtained from the envi-

ronment. After all the observations and rewards of the agent are
accumulated, the state changes from stto update to st+1.

3.2.2. Critic Module. -e purpose of multiple agents is to
achieve the global maximum profits. We pass a global critic
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All possible matches Actual matches, the dotted line indicates 
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Figure 3: Matching the vehicle to the RSU by KM algorithm.
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T1 (3, 4) T2 (3, 5)

Go up Go right

Idle

�e location of a vehicle

Figure 2: -e 9× 9 grid of the simulation model; the vehicle can choose to go in one direction or stay in place.

4 Security and Communication Networks



behavior value function Q(st, a1
t , a2

t , . . . , an
t ) to evaluate the

overall profit; each agent performs a local behavior after
obtaining local observations.

A critic network is designed to fit the behavioral value
function, which is used to assess the impact of overall
behavior on future expectations when taking actions. Be-
cause all agents share message, we use a global evaluation
function for

Q � 
n

j�1
qj, qj � f st, a

j
t ; φ . (5)

Each qj represents the assessment of the behavior of each
agent in the global state by the critic network, which ulti-
mately needs to be summed to form a total assessment of
agents.-e details of the actor-critic network inside an agent
are shown in Figure 6.

Figure 4: -e request range (grid covered by blue) from one smart vehicle.

Environment Actor

atot

Messaget–1,mt–1

Target Q network

Critic

Online Q network

Reward, rt

ot+1, mt

ot, at, mt

So� update θQ

rt + Q (ot+1 at+1, mt)

Actor So� update θμ

Policy gradient descentot+1, at+1, mt, rt

LSTM

Replay memory

Observe, ot

Messaget, mt

Target policy network Online policy network

Figure 5: An illustration of the proposed architecture.
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-e local observation corresponds to a three-dimensional
vector, the five-dimensional memory information vector of
the previous moment is used as input, and the five-dimen-
sional motion vector is output and combined with local
observation as input, finally the critic network outputs one-
dimensional evaluation vector, the middle hidden layers are
all consists of 5 neurons.

3.2.3. Communication Mechanism. In our communication
mechanism based on long-short-time memory network
(LSTM), we refer to the setting of LSTM in [18]; the author
applies it to the multiscenario ranking task, different sce-
narios are regarded as an agent, the LSTM encodes all local
observations and actions of all agents into a message vector,
and the message will be sent between agents. We input all
observations and behaviors of all agents into the same
communication module simultaneously; it will generate a
message vector that memorizes the global information of the
current moment. -e vector will be sent to the actor module
of the different agents at the next moment and form a new
input together with their observation information, which
has an effect of cooperating. -e message mt−1 is updated in
the communication module, which memorizes the obser-
vation ot and behavior at of different agents at the same time.

Because of this mechanism, each agent’s decision is
based not only on its state and previous behavior but also on
the state and behavior of other agents. -is communication
mechanism gives agents the ability to approximate the state
of the global environment, allowing them to make more
global and long-term decisions. -en, the ot, at, andmt−1 of

all the agents at each moment are stored in the playback
memory area and transmitted to the global critic module
Critic. -e online behavior value function Q(mt−1, ot, at)

evaluates the effect of the behavior at when each agent
accepts the message mt−1 and the local state ot.

4. Improvements and Algorithm Description

4.1. Optimized Preference Function. -e preference function
(1) is only used as a weight for matching. We will calculate
the average preference value from one region as improved
preference function; it reflects the appearance probability of
valid RSUs. A larger value means that this region will have
more services which can produce higher overall profits; the
system will recommend vehicles rush to this region in ad-
vance. -is behavior recommendation will reduce the
amount of vehicles which are in the idle state; even if there is
no valid RSUs, the matching strategy cannot be performed;
the agent will actively seek for RSUs. -e formula of im-
proved preference is as follows:

Fx,y � 

ni

j�1

Aπ orderj, cari 

ni

, (6)

where ni is the number of RSUs that had finished the services
within a certain distance of the agent i; Aπ is based on a
preference function (1). Later, we call Fx,y as the preference
density.

Replay buffer stores data about (mt, ot+1, rt) from every
episode at each time step; the policy network randomly
extracts the sample data from the buffer in the train phase,

Critic

Actor

Output (1)

qval

Hidden (5)

Hidden (5)

hd hd

hd hd

Action (5) Message (5) Observe (3)

act act act msg msg msg

Message (5)

msg msg msg

obs obs obs

Observe (3)

obs obs obs

Figure 6: An actor-critic network inside an agent.
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and thereby the agent can choose far-sighted action by the
past message from other agents, observation, and reward;
this way can remove correlations in the observation se-
quence and smooth over changes in the data distribution.
Value function in the target network is calculated by the sum
of the immediate return rt. rt represents the reward and
punishment value; they are obtained by the interaction
between the agents and the environment; we define it as the
future potential comprehensive income of an agent; whether
it is high or not is totally judged by the average value of the
preference function; ri

t is defined as follows:

r
i
t �

−1, Fxt,yt
>Fxt+1 ,yt+1

,

0, Fxt,yt
� Fxt+1 ,yt+1

,

1, Fxt,yt
<Fxt+1 ,yt+1

.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(7)

-e preference density of this new area is lower than the
original, and a penalty value of −1 is assigned to discourage
the exploration of the region in the state st; similarly, if the
preference density does not change, then to reduce the
unnecessary exploration of the agent, which is better than
the case of exploring the low preference density, we assign a
value of 0, namely, neither encourage nor suppress it; Ul-
timately, exploring high-density areas is our desired aim
with a reward value of 1.

4.2. Optimized Matching for Vehicle Dispatching

4.2.1. Problem Description. -e traditional-KM algorithm is
suitable for the exact matching of bipartite graphs. Because
our model only allocates within a certain range, there is
likely a mismatch to the existing bipartite graphs (exact
matching: bipartite graph in the case where the left node can
match the right node one by one), for example, there is a
single area overlap phenomenon (as shown in Figure 7). If
only this RSU exceeds the request range of vehicles, it cannot
be matched; the traditional-KM algorithm has been modi-
fied, because we do not know the lower limit of the worst
case of A (i, j) in reinforcement learning; we cannot simply
set the negative weight to 0; we need a considerable negative
weight to identify the pairing situation in which the RSU is
unable to match the vehicle; in the extreme case, the RSU
with negative weight cannot be discarded; otherwise, it will
affect the satisfaction of users.

A new problem arises with negative weight, when the
number of matching on both sides is inconsistent;
according to the classical KM algorithm, the nodes with a
small number are preferentially matched to ensure that
they can be matched, but in the actual matching process, if
a considerable negative weight is taken into account in the
matching, a lot of time about updating will be wasted; we
need to avoid it as much as possible, but it will leave some
cases (Figure 8): the edges of the negative weight (non-
responsive) are omitted in the figure. When there is a
situation as shown in Figure 8, the matching between
vehicle c and 2 is better, but in the traditional-KM algo-
rithm, since vehicle b cannot find a new matching in a short
time, a loop is stuck in a long calculation.

-ere will be a more suitable matching; nodes with a
higher sum of overall pairing weights will be excluded from
the existing matching situation. -is requires us to further
optimize the existing matching strategy.

We introduce the concept of the loser; we call it the loser-
KM algorithm. Once the situation in Figure 8 appears, the
vehicle will be eliminated immediately, and then all the
vehicle nodes that are eliminated will be collected to
Loser loser0, . . . , losern ; loseri will be given one more
chance to challenge the vehicle who has already matched the
RSU j. If it is greater, the corresponding RSUs will be
collected in the master node set Challenger challenger0

, . . . , challengern}, and finally, the process of attacking will
use the classical KM algorithm. -e loser-KM algorithm can
be used to deal with bipartite graphs that need to consider
negative weight matching, and there are some unmatchable
conditions. See Algorithm 1 for details.

4.3. Multiagent Recurrent Deep Deterministic Policy
Algorithm. By calculating the regional preference function,
the agent i chooses an action by its behavior decision based
on its approximate global state st; it moves to a new area;

B

A

C

Figure 7: -e overlapped answer range of three vehicles.
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Figure 8: Potential matching situation; it may imply a better match
as a to 3 or a to 4.
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central system uses the loser-KM matching algorithm to
determine a set of scheduling strategies. Since the regional
preference takes historical information into account, it
encourages vehicles to go to the area where the RSU likely
takes services in advance; both the response rate and the total
profits have improved in the end.

-en, we define the network update rule; we try to
minimize the difference between the calculated behavior
value and old value in online Q-network; correspondingly,
due to the characteristics of the DDPG network, the value of
weight in target Q-network is the value in the last training.
Because of the existence of the target network, the update of
weight is delayed; it makes the training more convergent and
the network more stable. We refer to the settings of the loss
function in [6].

-e detailed process is shown in Algorithm 2.

5. Experiments

We designed our experiments to investigate the following
questions:

(1) How to reflect the role of the improved km algorithm
and improve the performance of matching?

(2) MARDDPG is related to prior methods but makes
several changes; how does it compare with others
when applied to the same simulated environments,
with our experimental metric?

To answer (1), we compare the performance on the
average profits in a round of matching between the tradi-
tional and improved km algorithm. About (2), we show that

both the results of traditional and MARDDPG under the
same RSU and different numbers of vehicles, it is used to
compare different algorithms and highlight the performance
under different sparsity levels of the agent. -e use of dif-
ferent metrics is to show the performance of each algorithm,
it is difficult to finish this matching problem in limited time,
it is obvious that each algorithm has its limitations and
merits.

5.1. Implementation Details. To verify the reliability of the
algorithm, we designed the entire dispatch process to be
executed in a 9× 9 grid, and for 20-time steps, uniform finite
time and small space can effectively reduce the interference
of external noise, such as cross-regional and cross-day in-
formation transmission; we simplify the behavior of vehicles,
each vehicle can only stay in one-time spot, or do a hori-
zontal/vertical move.

While setting the dispatch distance to 2, the vehicle can
only upload services to the RSU not exceeding this distance
range. If a RSU has not been requested to any vehicle for a
long time, it will be canceled, and the cancellation time is set
to a range from 0 to 5 of the truncated Gaussian function; its
average is 2.5, and the standard deviation is 2.

-e RSU generation model also simulates the morning
and peak traffic patterns of commuting and the situation
with the residential area; the RSU position uses a two-
component mixed Gaussian to generate x- and y-axis co-
ordinates and truncates them into integers in the grid. -e
initial positions of vehicles and RSUs are generated by a
discrete uniform distribution function.

Input: calculate all vehicle-RSU pair matches using KM algorithm and the weight of vehicles pairing with RSUs’ weight; record
the vehicle nodes that are not matched as the loser set.

Output: updated pairs match
(1) Collect matched orders j ∈ [1, . . . n]

(2) Initialize a directory challenge, arrays attacker, and challenger
(3) Travel across all the weights between Loser i and RSU j:
(4) If weight [Loser [i]] [j]>weight [match [j]] [j], then
(5) Challenge [Loser [i]] [j]�weight [Loser [i]] [j]]−weight [match [j]] [j]
(6) If Loser [i] is not in attacker, then
(7) Attacker push (Loser [i])
(8) End if
(9) If j is not in attacker, then
(10) Challenger push (Loser [i])
(11) End if
(12) End if
(13) Initialize a two-dimension array chaWeight
(14) Check if challenger j is in the challenge list of attacker i:
(15) If challenger [j] is not in Challenge [attacker [i]], then
(16) Challenge [attacker [i]] [challenger [j]]� 0
(17) End if
(18) chaWeight [i][j]�Challenge [attacker [i]] [challenger [j]]
(19) Calculate attacker-challenger pairs chaMatch with chaWeight by using KM algorithm
(20) For i� 1:challenger, do
(21) Match [challenger [i]]� attacker [chaMatch [i]]
(22) End for

ALGORITHM 1: Loser Kuhn–Munkres Algorithm.
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5.2. Improved Performance on Matching. Our algorithm is
compared with the distance priority algorithm, the profit
priority greedy algorithm, and the advantage algorithm.
Each algorithm uses the original KM version and the loser-
KM version to match these RSUs so that we can observe the
impact of existing algorithm factors; in the bipartite graph,
the weight of the distance-first algorithm is based on the
distance between the RSUs and the vehicles; the weight of
the profit priority is based on the calculation of services with
the highest profit, and the algorithms combine with the two
preference matching strategies; we call them as advantage
algorithm whose name comes from advantage function and
MARDDPG.

We use average profits at first, namely, the profit ob-
tained by the RSU on each vehicle as a metric for the im-
provement of the strategy algorithm, because traditional KM
in the advantage algorithm uses the preference function as
the weight, compared with our improved KM matching
algorithm, which has become an adaptation of MARDDPG;
it takes the regional preference as the weight, which means
that once the vehicle reaches the area with a higher pref-
erence value, the profit obtained will be higher so that av-
erage profits will be higher because it focuses on long-term
returns compared to advantage algorithm.

As shown in Figure 9, each bar represents the average
content of 20 independent experiments. Here, we uniformly
take the ratio of RSUs to vehicles, which is 100 : 25, as the
experiment environment. We are not listing the distance
algorithm because it is unrelated to the matching strategy.
With using the loser-KM algorithm, the average profits are
higher than the traditional-KM algorithm, which is also due
to the loser-KM which is based on the principle of the
traditional algorithm; its improvement of performance is
made of the change according to the actual problem of

negative weight with an unknown lower limit; therefore, the
loser-KM algorithm used in the RSU allocation process
contributes to certain performance improvement.

Following that, we use four strategies compared with
four metrics (average profits, overall profits, pickup distance,
and response rate) under the condition of 100 RSUs and the
number of vehicles is 25, 50, or 75, respectively, with ten
independent experiments.

We compare the performance of average profit in Fig-
ure 10; when the ratio of RSUs to vehicles is lowest, the
average profits tend to be high; because the overall number
of finished services is relatively small, average profits will
decrease first and then slowly rise with the ratio increasing.
-e performance of distance algorithm in the average profit
is not outstanding, when the vehicles density increases; its

Input: the environment
Output: θ � θ1, . . . , θN

 

(1) Initialize the parameters θ � θ1, . . . , θN
  for the N actor network and ϕ for the critic network

(2) Initialized the replay memory M
(3) For training step� 1:all steps, do
(4) m0

0�initialized message, t� 0
(5) While t<T, do
(6) For i� 1:N, do
(7) Select the action ai

t � μi
t(mt−1, oi

t) for agent it
(8) Receive reward ri

t which is calculated by regional average preference function
(9) Receive observation oi

t+1
(10) Update message by mi

t−1 � LSTM(mi−1
t−1, [oi

t, ai
t])

(11) End for
(12) m0

t � mN
t−1

(13) t � t + 1
(14) End while
(15) Store episode {m0, a1, r1, m1, o2, a2,...} in M
(16) Sample a random minibatch of episodes from replay memory M
(17) Each episode and each time, we do
(18) Update the critic, actor, and LSTM network by minimizing the loss
(19) Soft-update the target critic and target actor network
(20) End for

ALGORITHM 2: Multiagent recurrent deep deterministic policy algorithm (MARDDPG).
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Figure 9: -e comparison between traditional-KM and loser-KM
in average profits.
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performance also rallies, because the distance between ve-
hicles and RSUs is not too long at this situation; RSU can
quickly finish computing services; then, go to next. -e
greedy algorithm has the best performance in the average
profit due to being profit-driven, but it has decreased at a
ratio of 100 : 50; we think this is caused by an extreme
situation in which the driving distance is too long. -e
average profit of advantage algorithm will lag behind
MARDDPG in some cases, but the experiment shows that
the performances of advantage and MARDDPG are almost
same in average profit; although we think MARDDPG takes
regional preference into account in a period, vehicles will
rush to the RSU with high information transmission. Our
time step which is only 20 is relatively short. When RSU
receives the service from one vehicle, it will finish it without
interference; they cannot respond to a new service; therefore,
this improvement is weakened.

Figure 11 shows the comparison of overall profits; it
measures the degree of different matches. We can find that it
does not have a regular relationship with the average profit.
-e overall performance of the distance algorithm is not
outstanding because its weights are independent of the
preference function. -e greedy algorithm performs gen-
erally in terms of overall profits; although it prefers a higher
average profit, it does not consider the performance of time
spent, which makes it unable to achieve enough profits in a
limited time slice, resulting in performance degradation.-e
advantage algorithm is more inclined to match RSUs with
better overall profits; with the ratio rising, its overall profits
are almost equal to our algorithm. MARDDPG will actively
seek for RSUs because it takes into account the idle state; this
will have a considerable improvement when the ratio is low.
As the ratio increases, a large number of RSUs can enter the
effective matching distance of vehicles, which reduces the
probability of idle state.

We show the result of pickup distance in Figure 12;
pickup distance represents the total distance that a vehicle
moves; it can reflect the activity for exploring the area. -e
distance algorithm shines here because its weight is based on

shorter distances. -e performances of the greedy algorithm
and advantage are also taken into account; as ratio increases,
there will not be a large change in performance, because this
will not produce extra mobile behavior. MARDDPG has the
“worst” pickup distance because it will actively break the idle
state and rush to the potential area. It can be truly proved
with the ratio increasing. You can see that the distance has
greatly increased in the real world, and it can be worked as a
route recommendation because the vehicle can also rely on
experience to rush to areas with more timely RSUs.

Until the end of one cycle, we evaluate the response rate
from the RSUs (the number of the response/the total
number of responses), as shown in Figure 13; it serves as a
feeling of QoE and can also indirectly reflect the number of
finished services. -e distance algorithm has a good re-
sponse rate, it prioritizes distance, and vehicles can quickly
rush to the nearly RSUs; then, RSUs begin to compute the
services from vehicles. -e greedy algorithm is not good at
responses, because the higher the profit is, the longer the
calculation time is, and the more times RSU cannot respond,
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Figure 10: -e comparison in average profits under three mag-
nitudes of vehicles.
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leading to the lower response rate. Advantage algorithm is
based on the weight of overall profits; it balances the tradeoff
between time and distance; it also performs exceptionally in
terms of response rate. MARDDPG reduces the time that
vehicle stays in idle state and encourages them to actively
seek more potential free RSUs, so that it can respond im-
mediately. As ratio increases, this advantage is increasingly
manifested; if one area is lacking free RSUs, it will guide
vehicles to go to other areas.

5.3. Results Comparison andAnalysis. -e greedy algorithm
is the most profitable because it is profit-driven; however,
it also results in a lower response rate. -e distance-driven
algorithm has the smallest distance and its response rate is
improved relative to the greedy algorithm because RSU
can respond in time when the previous services are
completed. -e advantage algorithm has excellent per-
formance, but there may be a situation where the agent
may be vacant, so it is at a disadvantage in response rate
and average profits.

MARDDPG gives the vehicles the ability to actively
explore based on the advantages of retaining the preference
matching algorithm, under the definition of the reward
function; the vehicle is encouraged to go to the high pref-
erence area by central scheduling system, where it is more
likely to encounter the free RSUs; its response rate and
profits achieve better performance; correspondingly, this
exploration also leads to more distances per vehicle, so it can
be used as the path recommendation but not a signal source
wizard when the MEC servers are sparse in the actual ap-
plication for the reference to vehicle. As the ratio of RSUs to
vehicles decrease, it seems that the performance gain is not
large.

When the RSU density is high, the RSU coverage is close
to the entire area, and the exploration ability will no longer
affect. -ere are also some cases where the response rate and
the total profits are not high, because the high-profit
transmission needs to be transported for a long time, and the

RSU cannot answer other vehicles during this transportation
phase. When the running of the simulation model reaches
the time T, the result statistics will be summarized. Upload
services that are not completed because of a limited period
will affect the relevant data.

-ese figures unify the performance of the various
algorithms mentioned above under different metrics; it
helps us to further analyze the experiment from a general
point of view. We can find that the distance cost of
MARDDPG is relatively large. -e overall profit becomes
flat with an increase of the ratio. We can find using the
loser-KM and the preference function benefit total
profits before the ratio of 100 : 75 because the system
considers the future profit.-e ratio of 100 : 50 is a kind of
ideal environment; it has improved the total profits by
60% and approximately 100% response rate compared
to the ratio of 100 : 25. We can also see that comparing
the region preference with algorithms other than
being profit-driven, it takes into account the factors of
average return and response rate. -e total profits from
all servers and the total response rate which is indirectly
related to the individual profits are used as the tradeoff
metrics; they can embody the robustness and foresight of
an algorithm when the RSUs exist quite far from the
vehicles.

6. Conclusions and Future Work

In this paper, we introduce the multiagent reinforcement
learning algorithm into the agent exploration and combine
it with using the loser-KM algorithm in matching.
According to the comparison of the traditional algorithms,
we can find that it can perform better and satisfy the re-
quirements of high response rate and total profits opti-
mization. As shown in the figures, this algorithm is more
suitable for the medium density, and it may lead a long way
based on the prediction, so it had better be applied to the
recommendation system with sparse RSUs; in large density
areas, its merits are not obvious. -e related algorithms of
these comparisons are all achieved by ourselves, and the
details mentioned in the referenced papers are restored as
much as possible. In every experiment, each series of
comparison algorithms use the same dataset generated by
the RSUs generation models, but there are some extreme
cases of experiment because a gap between theory and
reality exists.

We will try to regard this reinforcement learning al-
gorithm as a decisionmodel in more fields and overcome the
defect in the distance; it is related to the nature of the al-
gorithm, whose prediction is a trial and error that leads to
more distances. -ese may become the focus of our future
work.

Data Availability

Performance evaluations illustrate the effectiveness of our
constructed system on the simulated dataset. -e data used
to support the findings of this study are available within the
article.
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