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Abstract— Automated Valet Parking (AVP) has been exten-
sively researched as an important application of autonomous
driving. Considering the high dynamics and density of real
parking lots, a system that considers multiple vehicles simul-
taneously is more robust and efficient than a single vehicle
setting as in most studies. In this paper, we propose a dis-
tributed Multi-agent Reinforcement Learning(MARL) method
for coordinating multiple vehicles in the framework of an AVP
system. This method utilizes traditional trajectory planning to
accelerate the learning process and introduces collision conflict
constraints for policy optimization to mitigate the path conflict
problem. In contrast to other centralized multi-agent path
finding methods, the proposed approach is scalable, distributed,
and adapts to dynamic stochastic scenarios. We train the models
in random scenarios and validate in several artificially designed
complex parking scenarios where vehicles are always disturbed
by dynamic and static obstacles. Experimental results show
that our approach mitigates path conflicts and excels in terms
of success rate and efficiency.

I. INTRODUCTION

Automated Valet Parking(AVP) is one of the most ad-
vanced technologies for improving parking efficiency and
security [1]. It is recognized by the industry as the first L4
autonomous driving scenario to be implemented. Compared
with road driving, autonomous parking requires a higher
degree of precision to park in tight spaces with static and
dynamic obstacles.

So far, the research on AVP trajectory planning mainly
focus on the sampling or optimization approaches based
on known maps to obtain a continuous trajectory [2] [3].
However, the computational complexity of traditional plan-
ning method depends on the environmental settings, and the
performance varies considerably in different environments.

Learning-based approaches are gradually showing strong
advantages in the field of autonomous driving. Among them,
deep reinforcement learning(DRL) has shown promising
performance on various planning and decision making tasks
including robotics [4] and autonomous driving [5]. Compared
with traditional rule-based trajectory planning methods [6],
DRL have the potential for better scalability and generaliza-
tion in complex scenarios due to the high representational
capability of neural networks [7] [8] [9].
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Fig. 1: The illustration of multi-vehicle parking scenario.
(a) Multi-vehicle parking random scenario. (b) Complex
scenes with static(black) and dynamic(green) obstacle.

The method for single vehicle planning would somehow
consider the prediction of other vehicles. However, it is
difficult to predict in such irregular and high-dynamic park-
ing scenarios. A more appropriate way is to consider it
as a multi-agent problem. Then comes naturally the multi-
agent path finding(MAPF) problem. As shown in Fig.1, the
challenge for multi-vehicles parking planning is the conflict
among them. Conflict-based search(CBS) is such a method
to overcome the conflict by searching in two layers, checking
for conflicts and optimising paths respectively [10] [11]. But
it is a centralised planning approach where the trajectories
of multiple vehicles are replanned in a uniform manner, such
that the computation increases with the number of vehicles.
It also relies on vehicle-to-X(V2X) technology and requires
higher investment in infrastructure. To deal with the conflicts
between multiple vehicles, MARL is rapidly being applied
from robotics to autonomous driving as a scalable framework
for dealing with interaction problems [12]. By sharing policy
or perception information, MARL can solve cooperative or
adversarial problems.

In this paper, we adapt MARL to multi-vehicle au-
tonomous parking problem. Compared with single-vehicle
AVP, ensuring the trajectory safety of multiple vehicles is
more challenging. At the same time, the efficiency and
safety of multi-vehicle parking planning should be bal-
anced, because conservative policy may lead to unnecessary
avoidance. In addition, the MARL training framework poses
scalability problems for multi-vehicle parking systems. Thus,
we focus on trajectory planning for multi-vehicle parking
problem and proposes a safe and efficient trajectory planning
method based on MARL.

The main contributions of this work are threefold:

1. A MARL-based approach to parking planning is pro-
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posed. By encoding heterogeneous traffic information
(i.e. target points and vehicle states), the method im-
plicitly simulate inter-vehicle interactions in a parking
scene and can cope with static and dynamic obstacles
during planning. The model framework is scalable and
can cope with different numbers of vehicles.

2. To avoid track conflicts, the conflict constraint between
multiple vehicles is added in the reinforcement learning
strategy optimization process, which ensures the safety
and the efficiency of multi-vehicle planning.

3 The performance of the proposed approach is demon-
strated via experimental evaluation on different kinds of
parking lots (parallel and vertical) and various conflict
tasks. Experimental results show that our approach can
effectively deal with various tricky parking problems
and with the capability of versatility.

II. RELATED WORK

In this section, we review existing work on autonomous
parking systems, reinforcement learning-based planning
methods, and policy optimization techniques under con-
straints.

A. Autonomous Parking Trajectory Planning

Traditional planning methods based on sampling and
search, such as A* [13], dynamic window approach [14],
are widely used in parking trajectory planning. However,
its space and time complexity are greatly affected by the
environment. To achieve fast and safe trajectory planning,
Li [3] describes the problem as an optimal control problem.
The coarse trajectory guiding a homotopic route is used
to replace the difficult collision avoidance constraint with
the within-corridor constraints. Aiming at the scenario of
multi-vehicle parking, [15] proposed a control method for
coordinating multiple vehicles in the framework of AVP sys-
tem. The system relies on infrastructure servers and vehicle-
to-infrastructure (V2I) communication interfaces, which is
difficult to implement single-vehicle deployment.

B. Reinforcement Learning-based Planning

DRL based trajectory planning approaches can take a large
number of training experiences into account and are advan-
tageous in tackling complex scenarios with high efficiency
and robustness. Deep neural networks are usually used to
approximate agents policy and value function. Some people
propose to learn the navigation policy in a completely end-
to-end fashion, which directly maps raw sensor data to the
agents action [16].

For multi-agent path planning, PRIMAL [17] uses image-
based representation and target goal as input sources. How-
ever, non-cooperative dynamic obstacles and temporal in-
formation are not considered in their work. Besides, the
centralized training approach takes a long time even with
the help of imitation learning. Liu. etc [18] proposes a
decentralized partially observable multi-agent path planning
with evolutionary reinforcement learning (MAPPER) method
to learn an effective local planning policy in mixed dynamic

environments, which model dynamic obstacles behavior with
an image-based representation and decompose the long-range
navigation task into many easier waypoint-conditioned sub-
tasks. Han. etc [19] developed a novel reward function based
on the reciprocal velocity obstacle(RVO) or velocity obsta-
cle(VO) areas and expected collision time, which encourages
robots to learn reciprocal local collision avoidance behaviors
under diverse situations.

C. Constrained Reinforcement Learning

Constrained Reinforcement Learning (CRL) is an active
research area in safe RL aiming to learn effective and safe.
CRL problems is usually formulated as constrained Markov
decision process (CMDP) [20]. The constraint optimization
method to solve the CRL problem includes the penalty
function, Lagrangian methods [21] and Trust region methods
[22]. [23] studied the novel reachability constraint in CRL,
where the safety value function is constrained, guaranteeing
persistent constraint-satisfaction.

III. PRELIMINARIES

A. Markov Decision Process(MDP)

In this paper, we formulate the parking trajectory plan-
ning of multiple vehicles as a partially observable Markov
decision process(POMDP). It is specified by the tuple <
O,S,A, T,R, γ, ρ0 >, where O is the observation space; S
is the state space; A is the action space; T : S×A×S → R
is the transition model; R: S × A → R is the reward
model; γ ∈ [0, 1) is the discount factor, ρ0 is the initial
state distribution. At time step t, the agent are in a state st,
and every agent i takes an action ait according to its policy
πi(a

i|st) and receive the reward Ri(sit, a
i
t). The environment

then transits to a new state sit+1 ∼ p(|sit, ait). The objective
in a POMDP is to find a policy πi that maximizes expected
return:

π∗i = argmax
πi

Es0,a0,o0,...
∞∑
t=0

γtRi
(
sit, a

i
t

)
(1)

B. Constrained Policy Optimization

Most RL algorithms allow the agent to freely explore the
environment and take any action that increases the reward.
However, actions that are highly rewarding can also be highly
risky. In autonomous parking scenario, ensuring the safety
of the agent is critical. Unlike standard RL, which only
maximizes the reward function, the agent must take actions to
avoid dangerous situations. In terms of the optimization pro-
cess, it is solving an optimization problem with constraints.

Constrained Policy Optimization (CPO) [22] method intro-
duces Trust Region Policy Optimization [24] (TRPO)’s idea
of hard constraint on KL divergence. The objective function
of TRPO is:

πk+1 = arg max
π∈Πθ

J(π)

s.t. DKL (π, πk) ≤ δ,
(2)
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Fig. 2: System framework of multiple vehicles parking driving.

by introducing constraints, it becomes:

πk+1 = arg max
π∈Πθ

J(π)

s.t. JCi(π) ≤ di i = 1, . . . ,m

DKL (π, πk) ≤ δ.

(3)

where J(π) , Es0∼ρ0,a0:∞∼π,s1:∞∼p [
∑∞
t=0 γ

tR ( st,at)],
aiming to max- imise the expected total reward. JCi is
the collision constraint, which is constrained by the cost in
Equation.6. R(s, a) is the reward function of the system,
which is defined in the reward design in Section IV .

In addition to CPO, it is possible to solve Equation.3 by
using Lagrange multiplier to solve the optimization of linear
and quadratic constraints [25]. The Lagrangian method is
easy to implement and does not require the calculation of
the magnitude of the Hessian H .

min
λ≥0

max
θ
L(λ, θ) = min

λ≥0
max
θ

[JπθR − λ · (J
πθ
C − d)] (4)

where L is the Lagrangian and λ ≥ 0 is the Lagrange
multiplier.

IV. METHODS

The structure of the proposed multiple vehicles parking
trajectory planning system is shown in Fig.2. The whole
system is based on MAPPO algorithm [26] as the main
framework to optimize the reinforcement learning strat-
egy. Considering the interaction between the main vehicle
and surrounding vehicles, LSTM network and graph neural
network are introduced to extract features. Moreover, the
reference trajectory is introduced to design the reward, and
the contradictions and conflicts of multi-vehicle driving are
considered to construct the constraint conditions of strategy
optimization. In this section, the detailed design of the system
is divided into the following three parts.

A. Problem Statement

As shown in Fig.1, a target parking space is randomly
assigned to each vehicle in the parking lot. The goal of the

vehicle is to successfully enter the appropriate parking space
while remaining safe to drive. As mentioned before, the tuple
of MDP is composed of three elements: state space S, action
space A, reward function R.

1) State Space: In the parking trajectory planning task,
we need to pay attention to the state of ego vehicle sego, the
target parking space spark and the states of the surrounding
vehicles ssurr. The state of each one is represented as a
six-dimensional vector, i.e. [x, y, vx, vy, cos θ, sin θ], where
[x, y] represents the coordinates of the vehicle or parking
space, [vx, vy] is the velocity in the x and y directions and
[cos θ, sin θ] represents the cosine and sine of the heading
angle. In particular, the velocity [vx, vy] of the target parking
space spark is set to 0.

2) Action Space: In the parking scenario, we need to
control the vehicle in a continuous motion, so the motion
space dimension is 2-dimensional, i.e. front steering wheel
angle (δ) and acceleration (acc). Action ai represents the
action performed by vehicle i and all the actions at each
time step form a joint action a ∈ A. A is a set defined as
belows:

ai ∈ A = {δ, acc |δ ∈ [−1, 1], acc ∈ [−1, 1]}

where the front wheel steering angle (δ) and acceleration
(acc) ranges are mapped to

[
−π4 ,

π
4

]
,
[
−5m/s2, 5m/s2

]
respectively, based on the actual physical characteristics of
the vehicle.

3) Reward Design: The reward function is designed to
encourage the agent to learn to park to the corresponding
parking space as quickly and accurately as possible without
collisions, which is calculated by:

R = ω ∗ ‖sego − spark‖+Rref

where ω is [1.0, 0.3, 0.0, 0.0, 0.2, 0.2], representing the
weight of the difference between the current and target state
of the ego vehicle respectively.

In the unstructured environment, the observation space
range of agents is large, and the convergence rate of agents
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is slow. Inspired by some Multi-Agent Path Finding (MAPF)
algorithms [18], they use A* for single-agent path generation
and apply an off-route penalty if agents failed to follow
the path. Therefore, in order to accelerate the learning of
parking trajectory, hybrid A* is used for trajectory pre-
planning before the vehicle starts. The nearest point from
the vehicle’s current position to the preplanned trajectory
is calculated, and the distance deviation is calculated as a
penalty Rref .

Algorithm 1: Collision Constrained based MAPPO
Initialize the policy actor πθ, critic Vψ , constraint
value network V cφ; for episode = 1, ..., Neps do

// collect data
for agent i = 1, ..., n do

Run policy πθ for T steps
Collect data (oi, ai, ri, costdis−i) for T steps,
which denote the observation, action, reward,
and collision cost of step i, respectively

Add data into buffer bufferi
Compute returns R̂t
Compute constraint cost returns R̂ct

end
// policy update
for k ← 1 to Kiter do

Compute advantages estimation Ât based on
the current critic network Vψ

Compute constraint advantages estimation
Âct based on the current constraint value
network V cφ

Update policy with PPO-Clip objective:
1. compute actor hybrid advantage with

constraint: A− = Ât − λ ∗ Âct
2. update actor:

rt(θ) =
πθ (at | st)
πθk (at | st)

LCLIP (θ) =
Êt [min (rt(θ)A

−, clip (rt(θ), 1− ε, 1 + ε)A−)]
Update critic:

LV = Êt
[
Ât − R̂t

]2
Update constraint value network:

LV c = Êt
[
Âct − R̂ct

]2
end

end

B. Neural Network Architecture

The network structure used in this paper is shown in Fig.3.
We use MAPPO as the core RL algorithm for its stability
and computational efficiency. Consider the parking scenario
containing the ego vehicle and n surrounding vehicles. The

Fig. 3: The neural network architecture of the system.

overall structure consists of three parts: observation encoder,
graph representation and actor critic network.

For parking lots, where there are no lane constraints and
vehicle’s behaviour is heavily influenced by its relationship
with other traffic participants. So the description of vehicle
state is particularly important. In this paper, LSTM network
is used for feature coding of surrounding vehicles’ states.
The shared dependencies of different traffic participants can
be formalized as a graph, and each car and target parking
space can be represented as a node.

The output of the graph neural network is used to cal-
culate the distribution of actions in the actor network πθ
through the fully connected layers. At the same time, global
observation is considered for critic network Vψ and constraint
value network V cφ, and the features of multiple agents are
simultaneously used as the input of fully connected layers to
obtain the estimation of value.

The training framework proposed in this paper is scalable.
In the training, all agents share the same strategy, and the
nearest vehicle is used as the observation to adapt to the
multi-vehicle environment.

C. Collision Constrain

In the process of multi-agent parking, the distance con-
straint between the vehicle and the obstacle is beneficial to
ensure the safety of the vehicle.

ẋ = f(x) + g(x)u (5)

Based on the vehicle state transition function (Equation.5),
we can obtain the state information of the vehicle and make
multi-step prediction of the safe distance between ego and
surrounding vehicles. The cost of distance is as follows:

Costdis =

kpre∑
i=0

ζi [1.0− clip (Dmin, 0, Γd) /Γd] (6)

where kpre is the number of frames to predict the conflict
constraint, Dmin is the distance from the nearest obstacle to
ego vehicle, and Γd is the distance threshold to calculate the
conflict constraint.

We leverage the Lagrange multiplier method to solve
problem, which is a common approach to CRL. As shown
in Algorithm.1, we use the neural network with the same
structure as critic Vψ network to fit the value function of
conflict constraints V cφ, and introduce conflict constraints
in the process of updating actor network πθ, as shown in
Equation.4.
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TABLE I: A performance comparison of different approaches in the random scenarios

Scenario
Success Rate (%) Total Parking Steps Average Speed (m/s)

(MA)DDPG (MA)PPO Ours (MA)DDPG (MA)PPO Ours (MA)DDPG (MA)PPO Ours

One Vehicle 82.5 81.0 94.2 122.4 126.3 117.6 4.1 4.40 4.26

Multiple Vehicles 60.5 68.2 82.5 134.6 119.4 106.2 3.8 4.22 4.25

(a) (b)

Fig. 4: The learning curve of four methods. The model is tested every 50 epochs to calculate the test episode rewards.

V. EXPERIMENTS AND RESULTS

A. Experiment Setup

In this paper, the OpenAI gym-based parking-env simula-
tor [27] is employed to verify the effectiveness. This paper
focuses on multi-vehicle parking trajectory planning and the
target parking spaces will be randomly assigned for each
agent.

Fig.5 shows different parking scenarios, including static
obstacle scenario, dynamic obstacle scenario and multi-
vehicle scenario. In the experiment, we tested the proposed
method in a variety of environments to verify its adaptability
to environmental diversity and the scalability of multi-agent
environment. All agents share the same policy and collect the
observations for the policy update by the MAPPO algorithm
after each epoch. The environment will be reset when there
are collisions or over the maximum episode length.

(a) (b) (c)

Fig. 5: Different scenarios in the multi-vehicle parking
experiment. The color of the vehicle corresponds to the
target parking space. (a) Static obstacle scenario.
(b) Dynamic obstacle(white vehicle) scenario.
(c) Multi-vehicles random scenario.

B. Training Performance
In order to verify the effectiveness of collision constrain

based MAPPO algorithm proposed in this paper, we com-
pared it with MADDPG [28] and MAPPO in the scenario
shown in Fig.5.

Each trial is trained for 15k epochs with 300 environment
steps per epoch. The values of the hyperparameters for the
training process are listed in Table.II.

TABLE II: The hyperparameters of the training process

Para. Val. Para. Val.
learning rate 3e-4 optimizer Adam
max train steps 9e6 gamma 0.99
buffer size 300 K 3
mini batch size 300 ppo epsilon clip 0.2

The training curves are represented by a solid line of the
mean value and an error band of the 95% confidence interval.
As shown in Fig.4(a), we compare the training effect of the
proposed algorithm with MADDPG and MAPPO algorithms
and our method shows great advantages in searching for
optimal solution. Due to the introduction of the hybrid
A* reference trajectory, the reward function is redesigned,
and the unreasonable driving actions can be punished more
accurately, which can guide the vehicle to quickly learn the
stopping trajectory, and the curve convergence speed is faster.
At the same time, the new conflict-constrained value function
network can effectively evaluate the safety cost between
the main vehicle and obstacles. The conflict between the
main vehicle and obstacles is constrained, which restricts the
choice of unsafe actions of the policy network and improves
the safety of driving.
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In Fig.4(b), we compare the training effect before and
after introducing obstacle feature extraction and graph neural
network. According to the Reward convergence curve, the
feature extraction and graph network designed in this paper
can effectively characterize the states of the ego vehicle,
obstacles and target parking space, reduce the effective state
space, and accelerate the convergence of the training process.

C. Model Evaluation

1) Metrics: We use the following three metrics to measure
the driving performance: success rate, total parking steps and
average speed. The success rate is a ratio of the successful
cases without any collision during the parking period, which
describes the policys ability of collision avoidance and tra-
jetory planning. The total parking steps refers to the amount
of steps, represented by the iteration step in the simulation
when all robots arrive at the goal positions, which reflects the
policys efficiency. The average speed of the parking process
of the multiple vehicles measures the policys performance
on effective velocity selection.

2) Safety and efficiency: We conducted a set of experi-
ments using the scenario examples shown in Fig.5, testing
each scenario 100 times at random and counting the three
metrics as shown in Table.I. It can be seen that our method
performs well on all three metrics. To prevent collisions,
the traditional practice of reinforcement learning is to assign
a negative reward whenever a collision occurs. Comparing
MAPPO with our proposed method in Table.I, the The con-
straints on vehicle conflicts can effectively avoid collisions
and improve the success rate of the system. With the intro-
duction of reference trajectory as a guide and the inclusion of
feature extraction and graph structure representation, vehicle
driving efficiency is improved.

3) Generalization Evaluation: As shown in Fig.6, we
deploy experiments from single-vehicle to multi-vehicle sce-
narios. The first two figures show the ability of avoiding both
static obstacles (black rectangle in Fig.6(a)) and dynamic
obstacle (blue rectangles in Fig.6(b)) during parking. In
Fig.6(c), Fig.6(d) the two ego vehicles pass through each
other safely even the trajectories to their goal are crossed.
In particular, the target parking space for the blue vehicle
is occupied by the green vehicle in Fig.6(c). Therefore, the
blue vehicle waits for the green vehicle to leave before
planning to park into the target location. Then comes up with
the more complex scenario(Fig.6(e), Fig.6(f)), the proposed
method is also able to perform safe trajectory planning. All
the experiments demonstrate the scalability of our scheme
as well as the conflict avoidance ability. Unlike frameworks,
our proposed approach does not rely on Internet of Vehicles
(IoV) and allows for distributed deployment.

The generalisability of our approach is not only reflected
in the variation of the number of vehicles, but also in the high
adaptability to different types of parking spaces. Simulation
experiments are carried out in the parking scenarios with
parallel parking spaces as shown in Fig.7. The ego vehicle
has the ability to handle multiple static obstacles(Fig.7(a)).
In the case of multi-vehicle path conflict, it is able to achieve

(a) (b) (c)

(d) (e) (f)

Fig. 6: Motion trajectory diagram under four different
scenarios. (a) Single vehicle in the scene with static
obstacles. (b) Single vehicle in the scene with dynamic
obstacle. (c)(d) Scenarios with conflicting trajectories of
two vehicles. (e)(f) Multi-vehicle random scenario.

(a) (b)

Fig. 7: Experimentation with parallel parking spaces.
(a) Static obstacles blocking scenarios. (b) Multi-vehicle
path conflict in parallel parking scenario.

reasonable avoidance. The blue vehicle in Fig.7(b) starts late
and actively avoids the green one.

VI. CONCLUSIONS

In this paper, a novel decentralized multi-agent RL al-
gorithm is proposed to solve the problem of multi-vehicle
parking collision in the parking environment, so as to im-
prove the efficiency and safety of autonomous parking. In
order to accelerate parking trajectory learning, traditional
hybrid A* trajectory planning was introduced, and reward
function was designed to accelerate training convergence.
Considering the interaction between the ego vehicle and the
surrounding dynamic vehicles, an obstacle feature extraction
network is developed by encoding the multi-frame obstacle
observation information using the timing information, and
the features are mapped into the graph structure at a low
cost. Comparing MADDPG, MAPPO and our method, the
experimental results show that our method can maintain
higher success rate and driving efficiency in random trans-
formation scenarios. In the future, we will carry out research
on intelligent allocation methods for target parking spaces,
where the joint optimisation of space selection and parking
trajectories will further improve parking efficiency.
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