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Abstract

This paper is concerned with the performance of different state rep-

resentation on the vehicle decision-making problem at unsignalized

intersection based on deep reinforcement learning. A hybrid state

representation architecture based on attention mechanism and colli-

sion time prediction is designed, which can effectively improve the

autonomous decision-making ability of vehicles. Compared with the

traditional state representation method, the feature of our method is

that the fusion of features can improve the vehicle’s obstacle avoid-

ance ability, and the introduced action masking module can improve

the vehicle’s traffic efficiency. Finally, test results in the simula-

tion environment verify the effectiveness of our proposed method.

Keywords: Autonomous vehicle, Reinforcement learning, Proximal policy
optimization, Social-attention, Action mask
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1 Introduction

Over the past decade, autonomous driving has received attention from var-
ious universities and institutes. Because autonomous driving technology has
the potential to solve the problem of alleviating traffic congestion, espe-
cially at intersections where traffic congestion occurs most frequently. From
the perspective of practical application, how to safely and effectively apply
autonomous driving technology to the intersection environment is another issue
of concern[1, 2].

The intersection is a complex road traffic environment due to the inclu-
sion of pedestrians, non-motor vehicles, motor vehicles, traffic lights and other
traffic elements. The classic decision-making method is to construct a decision-
making framework based on the current intersection environment to guide the
autonomous vehicle to make the correct decision-making choice. Commonly
used assessment methods are divided into three directions: motion predic-
tion, threat assessment and decision estimation[3]. Motion prediction is mainly
based on physical modeling and analysis of vehicle motion, and is divided into
two types: physics-based prediction methods[4] and maneuver-based predic-
tion methods[5]. Threat assessment is an evaluation method based on expert
experience, which mainly evaluates the state of the vehicle based on the col-
lision time[6]. Time-to-Collision(TTC) is a classic metric used to evaluate the
safety of autonomous vehicle(AV). The knowledge-based behavioral decisions
of AV are realized by calculating the collision time of other vehicles on the road.
The decision estimation method considers that the intersection environment is
completely composed of autonomous vehicles and autonomous communication
between vehicles can be achieved. The goal of decision estimation is to improve
the traffic efficiency of the entire intersection, not just for a single vehicle[7–9].

The intersection is a complex traffic system that is difficult to make deci-
sions with prior knowledge. In recent years, artificial intelligence technology has
begun to be applied to decision-making problem at intersection, especially rein-
forcement learning algorithms. In intersection scenarios, reinforcement learning
algorithms have achieved satisfactory results in behavior planning[10], con-
tinuous action decision-making[11], and driving strategies[12]. Reinforcement
learning-based methods also enable autonomous vehicles to simultaneously
handle multiple task objectives for navigation tasks[13]. But the state input
of most current reinforcement learning algorithms is the list of features of all
vehicles, which we call list of features[14, 15]. The advantages are that this
state representation method has few parameters, fast training convergence,
and simple state representation. However, the disadvantage of this represen-
tation method is that it is difficult to learn an effective policy in a scene with
strong randomness such as an intersection.

In response to this problem, a framework based on reinforcement learn-
ing and supervised learning is proposed in [16]. This framework combines the
graph neural network to model the connection between vehicles, which effec-
tively improves the success rate of vehicles at the T-intersection. The attention
mechanism can make the neural network discover the interdependence in the
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input state, so that the neural network can assign different attention according
to distinctive feature attributes to obtain better training results. In the inter-
section scenario, the list features can be processed by the attention mechanism
to achieve better traffic efficiency[17]. The same attention mechanism in lane-
changing decisions on highways can also help autonomous vehicles make better
decisions[18, 19]. However, the attention mechanism pays more attention to
the vehicles that may collide at the current moment, so it is difficult to predict
the occurrence of collision in advance. Especially due to complex traffic sce-
narios such as intersections, the inability to predict potential collisions often
leads to unsafe factors. Therefore, adding collision prediction features (such
as TTC features) to the existing list features can effectively improve the vehi-
cle’s environmental perception and autonomous decision-making capabilities.
In addition, for dangerous situations that may arise at any time, action mask-
ing is applied to ensure that the vehicle changes its state when encountering a
danger, rather than maintaining its current state. Finally, feature extraction
and action masking are integrated into the PPO algorithm framework, and a
hybrid state representation framework for unsignaled intersections is proposed.
The main contributions of the paper can be summarized as follows:

1) We propose a new hybrid state representation framework for autonomous
decision-making in unsignaled intersections for autonomous vehicles. This
hybrid state representation method can effectively improve the effectiveness
and safety of autonomous vehicle decision-making.

2) Compared with the state representation method in the literature [17]
which only uses the attention mechanism, in this paper we introduce the TTC
feature based on threat assessment to enable the agent to have the ability
to judge unknown threats. In addition, in a highly random environment, the
vehicle can learn a cautious policy, which reduces the efficiency of vehicle
traffic. This paper introduces an action masking module to solve the problem
that the agent learns a strategy that is too cautious in a random environment.

The rest of this paper is organized as follows. In Section II, the basics
of reinforcement learning are briefly introduced. The proposed reinforcement
learning-based control algorithm is developed in Section III. In Section IV, the
implementation details, results, and discussions of the experiments are given.
The conclusion and future work is drawn in Section V.

2 Background and Problem Formulation

2.1 Reinforcement Learning and Policy Gradient

Reinforcement learning is a general framework for solving randomness prob-
lems. The randomness problem is define as a five-tuple Markov decision
process(MDP) (S ,A,P ,R, γ), with state set S , action set A, transition prob-
ability matrix P , reward function R, and discount factor γ. The objective is
to find a policy π that maximizes the cumulative reward. Formally, the value
function Vπ(s) and the action value function Qπ(s, a) are define as:
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Vπ(s)
.
=E[

∞
∑

k=0

γkrt+k+1 | st = s]

Qπ(s, a)
.
=E[

∞
∑

k=0

γkrt+k+1 | st = s, at = a]

(1)

By solving the value function and the action value function, the optimal
policy for solving the randomness problem can be obtained[20]. The policy
gradient algorithm is a policy-based reinforcement learning algorithm that
approximates the policy as a function containing the parameter πθ(s, a), and
it uses the gradient descent optimization method to find the optimal policy.
The principle of the algorithm is given in [21]:

▽θ J(θ) = Eπθ[▽θlogπθ(s, a)Gτ ] (2)

where Gτ =
∑∞

k=0 γ
krt+k is the discounted return following time t.

Theoretically, the optimal policy can be found through the gradient descent
method, but the policy gradient algorithm is not stable and effective when
dealing with nonlinear problems. In recent years, many new policy gradi-
ent algorithms have been proposed to improve the stability and effectiveness,
among which the PPO is the most representative algorithm. The PPO algo-
rithm performs well in many challenging environments, so it is used as a
baseline policy by Deepmind[22]. The core of the PPO is to propose a clipping
surrogate objective:

LPPO(θ) = Ê[min(r(θ)Â, clip(r(θ), 1− ǫ, 1 + ǫ)Â)] (3)

where r(θ) = πθ(a|s)
π
θ′
(a|s) is the proportional coefficient between the new policy

and the old policy, Â is the advantage function and ǫ is the clipping range.
The clip method can ensure that the policy π does not decrease monoton-

ically during the update, so that the algorithm obtains a stable performance
improvement during the training process.

2.2 Attention Mechanism and Action Masking

The attention mechanism is introduced to enable the neural network to filter
out the information that is more important to the current target task from
among the input information[23]. Attention mechanisms are used in this work
to handle variable-state inputs and achieve vehicle-to-vehicle attention. The
attention calculation formulation for each head can be written as Eq.4:
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Attention(Q,K, V ) = softmax(
QKT

√
dk

)V (4)

where Q is the attention function, K is the keys matrix and V is the value
matrix. The output of the function represents the dot product of values and
key-similarity, independent of sequence size and ordering.

Action masking is used to avoid repetition of invalid actions in discrete
action space. Action masking is usually described as an auxiliary detail, but
ineffective action masking in discrete action spaces can effectively improve
the convergence speed and data utilization efficiency of reinforcement learning
algorithms. At present, action masking has been widely used in the training
of large discrete action space, especially in the training process of OpenAI-
Five and King of Glory game agents, which plays an important role in the
convergence of the algorithm[24, 25]. Although action masking changes the
action space distribution, it has been shown to be an effective gradient descent
algorithm[26]. In this work, motion masking is utilized to induce the vehicle
to make state changes in a possible collision scenario, rather than maintaining
the current state.

2.3 Problem Formulation

In this paper, we consider the decision-making problem of autonomous vehi-
cles in unsignalized intersections. A autonomous vehicle with a reinforcement
learning controller makes a left turn at an unsignalized intersection, while the
vehicle can obtain environmental perception data at the current moment to
help the vehicle make a decision. The control objective of the reinforcement
learning controller is to help the autonomous vehicle make the right decisions
in the face of complex traffic scenarios to pass the unsignalized intersection
safer and faster.

The kinematic model of the vehicle is a Kinematic Bicycle Model:

ẋ = vcos(ϕ+ β)

ẏ = vsin(ϕ+ β)

ϕ̇ =
v

ℓ
sin(β)

v̇ = a

β = tan−1(1/2tanδ)

(5)

In addition, a hierarchical control framework is applied to vehicle motion
control, the lateral control is to track the target route through a low-level
steering controller. The longitudinal control of the AV is realized by the
reinforcement learning control algorithm, and the longitudinal control of the
surrounding vehicles is based on the Intelligent Driver Model[27].
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3 Proposed Method

In this section, we first introduce the Markov decision process and its param-
eters. Then a reinforcement learning framework for solving the problem of
autonomous vehicles passing through unsignaled intersections is introduced.
Finally, the attention mechanism module and action masking module in the
framework are introduced in detail.

3.1 Specification of the MDP

In this subsection the process of modeling the environment as a Markov deci-
sion process is introduced, mainly including the design of states, actions and
rewards.
• States: the state contains two parts, the list feature state and the TTC

feature state. The list of feature states contains descriptive information about
the ego-vehicle and surrounding vehicles, including position, speed, and direc-
tion. So state information includes ego-vehicle state s0 and surrounding vehicle
state (si)i∈[1,N+1] can be expressed as:

s =(s0, s1, ...., sN+1)

where si =(sx, sy, vx, vy, cosh, sinh)
(6)

where sx and sy represent vehicle coordinates, vx and vy represent vehicle
lateral and longitudinal speeds and the value of last two elements cosh and
sinh represent vehicle orientation. It should be noted that if the number of
surrounding vehicles is less than N , it will be filled with 0.

Although lists of feature can reflect the state of all vehicles on the road, it
is difficult to estimate the probability of collision between the ego-vehicle and
surrounding vehicles through neural networks. TTC state is a state represen-
tation for estimating the possibility of vehicle collision, which can be obtained
by calculating whether the ego-vehicle will collide with other vehicles. The
addition of TTC state can enable the agent to learn about possible conflict sit-
uations, thereby improving the decision-making ability of the agent. The TTC
feature calculates possible collisions within five time steps for three different
values of the ego vehicle speed and three lanes on the road around the current
line, respectively. So the default dimension size of TTC feature is [3, 3, 5].
• Actions: the action space of the vehicle includes acceleration and steering

angle. In this paper, the agent selects appropriate acceleration from a discrete
finite action space A = {Slow, Idle, Fast}. The steering control of the agent is
automatically carried out by the low-level controller, making the reinforcement
learning algorithm control focused on the decision-making ability of the agent.
• Rewards: appropriately setting the reward method is of great importance

to the training results of reinforcement learning. The reward of the agent
includes three parts: speed reward rs, arrival reward ra and collision reward
rc. When the speed of vehicle is between 7m/s and 9m/s, the ego-vehicle gets
a normalized speed reward ra. When the ego-vehicle reaches the target point,
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its reward ra is 1, and the reward rc is -5 if a collision occurs. The reward
function is defined as:

r =

{

rs + rc if not arrival
ra if arrival

(7)

3.2 Network Architecture

The multi-head self-attention mechanism is used to extract feature information
from list features, and the fully connected layer is used to extract feature
information from TTC features. The overall framework of the reinforcement
learning algorithm based on the PPO and the hybrid state representation
method is shown in Fig. 1.

First, list features and TTC features are fed into their respective encoders.
Next, the input of the two encoders is fed into their respective feature process-
ing modules, the list feature uses an attention mechanism, and the TTC feature
uses a fully connected layer network. Finally, the outputs of the two feature
processing modules are concatenated together as a feature vector, which then
uses the actor-critic network to output actions. It is worth noting that the
neural network of the actor-critic architecture is updated using a PPO-based
approach.
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MLP Neural Network Output
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Action

Proximal Policy Optimization

Fig. 1 The hybrid state representation method based on deep reinforcement learning

3.3 Attention Module and Action Masking Module

From the perspective of human driving habits, drivers need to pay more atten-
tion to vehicles that are close to or in conflict with the route. So the function of
the attention module is to enable the neural network to discover which vehicle
need to be paid attention to. The attention module is a variant of the tradi-
tional social attention, where only the ego state has query encoding[28]. The
structure of this attention mechanism is shown in Fig. 2. The introduction of
the attention mechanism helps the ego-vehicle to focus on the vehicles that
may collide with itself, and the size of the attention depends on the speed,
direction and position of the surrounding vehicles .
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Algorithm 1 PPO Algorithm with Hybrid State Representation

Input: List of feature state s0f , TTC feature s0T
Output: the ego vehicle action a
1: for t ← 0 to Iteration times do

2: Run policy π with the state stf and stT
3: Get the discrete action distribution p(a)
4: Through action masking module. p′(a)← p(a)
5: Get action a from p′(a) and reward rt

6: Calculate πθ(at | st) and Vπ

7: Store(stf , s
t
T , a, πθ and Vπ) into replay buffer

8: if buffer length == Maximum buffer length then

9: Update the neural network with PPO algorithm
10: Clear replay buffer
11: end if

12: end for

Ego Vehicle

qL

Other Vehicle

kLEncoder

Encoder
kL

vL

vL

oq

0k

0v

1k

1v

0( )Q q

0

1

k
K

k

0

1

v
V

v

T

k

QK
V

d
Output

Fig. 2 The structure of the attention module. The blocks Lq , Lk, Lv represents the linear
layer, the keys K and values V are obtained from all vehicle states, and the queue Q is
generated only by the ego-vehicle.

The PPO algorithm is an actor-critic architecture reinforcement learning
algorithm, where the output of the actor network represents the actions of the
agent. For discrete action spaces, actor networks usually output a probability
distribution of all actions, and the action is randomly selected from a set of
actions with probability. The function of the action masking module is to
change the action probability distribution output by the actor network, so that
the probability of the action masked is infinitely small. In this paper, the idle
action in the action set is masked when the ego vehicle is likely to collide with
a road vehicle within 2 seconds. In other words, for a situation where the ego
vehicle may collide, the ego vehicle should choose to accelerate or decelerate
to prevent the collision.

Therefore, the hybrid state representation algorithm based on PPO is
summarized in Algorithm 1.

4 Experiments and Result
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4.1 Simulation Environment

In this paper, we use highway-env[29] as the simulation environment to
simulate the driving behavior and decision-making choices of ego-vehicle in
unsignaled intersections. The basic architecture of the simulation environment
is shown in Fig. 3. As shown in Fig. 3, the green car represents the controlled
ego vehicle and the blue car represents the surrounding vehicles. In the sim-
ulation environment, the ego-vehicle is randomly generated in the south of
the intersection, and the mission goal is to pass the intersection and turn left.
Moreover, the properties of other vehicles on the road including position, speed
and target are randomly initialized. In particular, simple road priorities are
place at prevent surrounding vehicle collisions at intersections. There are four
levels of road priority, and the priority order from high to low is horizontal
straight and right turn, vertical straight and right turn, horizontal left turn
and vertical left turn.

Fig. 3 The simulation environment framework for reinforcement learning

The default setting of the unsignaled intersection is determined as follows:
the number of surrounding vehicles N is 15, the simulation time t is up to 20s
and all vehicles execute the policy every second. When a surrounding vehicle
collides, the colliding vehicle will be cleared if it does not collide with the
ego-vehicle.

4.2 Implementation details

We evaluate five different state representations, namely list feature state, table-
state[30], list feature with attention, list feature with attention and action
masking, and hybrid features with attention and action masking. The feature
of each state is as following:
• List feature state(LIST): The neural network structure of this model is

a simple fully connected network, which only uses list features as input with-
out using attention mechanism and action masking. Since the neural network
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requires a fixed size input, zero-padding is used to pad the size of the list
features up to the feature size when the number of vehicles is 15.
• Table-state(GRID): The table-state implicitly expresses the relationship

between vehicles in a two-dimensional space, and the size of the state tensor
is determined by the area covered and the size of a single grid. The table-state
uses CNN to extract information.
• List feature with attention(LIST-A): Improvements are made based on

the list feature state, replacing the fully connected network with the attention
mechanism module mentioned in Section III. The advantage of this is that the
attention mechanism module does not need to be zero-padding.
• List feature with attention and action masking(LIST-AA): Introduced

the action masking module. The difference between this state representation
method and the proposed hybrid representation method is that there is no
TTC feature input. Through comparative experiments, it can be proved that
both the action masking module and the TTC feature input module have a
positive effect on the training results.
• Hybrid features with attention and action masking(HLIST-AA): Our pro-

posed hybrid state input method, the neural network structure of this method
is shown in Fig. 2.

Table 1 The neural network parameters

Module FCN(LIST) GRID attention module TTC module

Input sizes [15, 7] [32, 32, 7] [· , 7] [45, 1]
Layer sizes [256, 256] Conv layers:3 Encoder:[64, 64] 16

Kernel Size:2 2 heads, dk = 32
Stride:2 Decoder:[64,64]

The neural network parameters of all five state representation methods
are shown in Table 1. Additionally, all experiments were trained on the same
number of epochs in the same environment, with the same hyperparameters
and random seeds for the reinforcement learning algorithm. The parameters
of the PPO algorithm are summarized in Table 2.

4.3 Result and Evaluation

The reinforcement learning algorithm was carried out on a computer with
Ubuntu 18.04 system. Fig. 4 plots the evolution trend of the total reward of
each state representation method during the training process. It should be
noted that the curve of the training result is smoothed.

From the reward curve, HLIST-AA achieves the best results among all
methods, proving that the agent learns better control policies from a mixture
of TTC features and list features. The cumulative reward obtained by the LIST
method is the lowest, which proves that it is difficult for the agent to learn the
optimal policy by only using the fully connected network in a highly random
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Table 2 Parameters of PPO Algorithm

Parameter Value

Reward discount factor γ 0.95
Discount parameters for GAE λ 0.95
Learning rate for neural network 0.0005

Total training stride 1e6
Loop update operation 10
Batch size for updating 64

Buffer length 768
ǫ for the clipping surrogate objective 0.2

Maximum update gradient 0.5
Random seed 1234
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Number of episode 1e6
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Fig. 4 The evolution of the reward curve during training

environment. The reward of LIST-AA is slightly higher than that of LIST-A,
which also shows that the action masking module has achieved a positive effect
in reinforcement learning training. The difference between the GRID method
and the LIST-A method is the encoding of the vehicle position. From the
training results, the two-dimensional matrix state is more difficult to extract
the state encoding information of the vehicle than the attention mechanism.

In addition, the average length and average speed during training are also
evaluated, as shown in Fig. 5. In general, the five methods that need to be
evaluated can be divided into three categories based on average length and
average speed. The first category is prudent policies including LIST-A and
GRID, the second category is aggressive policies including LIST-AA and LIST,
and the last category is our proposed HLIST-AA. The decision of an agent
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Fig. 5 The evolution of the average length and the average speed during training

trained with LIST-A and GRID to pass through the intersection is to wait
until it is safe enough to pass through the intersection because the average
length of the agent is longer and the average speed is small. Aggressive agents
trained by LIST-AA and LIST tend to prefer to pass the intersection faster
and obtain higher rewards when making decisions. Combined with the reward
curve, the action masking module introduced in LIST-AA can well solve the
problem that the agent behaves too cautiously in the intersection. Based on
experience, prudent policies will lead to lower traffic efficiency, and aggressive
policies will lead to reduced traffic safety. It is of positive significance to find a
suitable compromise between prudent strategies and aggressive strategies. It
can be seen from the curve evaluation results that the agents trained by the
HLIST-AA method can have higher traffic efficiency than the first category of
method, and can also have higher security than the second category of method.
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In order to ensure the accuracy of the evaluation, 10,000 repeated experi-
ments are performed on the model obtained by training, and the experimental
results are shown in Table 3. Five metrics are used to evaluate the trained
model, namely average step size, average reward, average speed, success rate
and collision rate.

Table 3 Test results of different state representation methods

State types Average step size Average reward Average speed(m/s) Success rate Collision rate

LIST 14.82 4.300 5.369 42.86% 28.48%
GRID 17.63 6.684 4.655 65.22% 6.96%
LIST-A 17.12 6.995 4.938 75.42% 6.40%
LIST-AA 14.65 7.299 6.032 80.15% 10.38%
HLIST-AA 16.08 7.726 5.472 84.37% 3.88%

From the test results, the proposed hybrid state representation method
based on attention mechanism and TTC features achieves the best results in
the two important indicators of collision rate and success rate. For the LIST
method, the lowest success rate and the highest collision rate indicate that it
is difficult to learn the relationship between vehicle actions and environmental
states using fully connected layer neural networks. The average rewards of the
LIST-A method and the GRID method are almost identical, however, the suc-
cess rate of the LIST-A method is 10% higher than that of the GRID method.
The test results show that the introduction of the attention mechanism can
bring the agent a more accurate judgment based on the current state of the
surrounding vehicles compared with the GRID state. As shown by the train-
ing curve, the agent trained by the LIST-AA method with the action masking
module is more active in the intersection, which increases the success rate of
the agent’s passage by 5%. However, the more active and aggressive policy also
brings more collision possibilities. The collision rate of the agent of the LIST-
AA method is 4% higher than that of the LIST-A method. The main reason
for the increase in the collision rate is that the attention mechanism only pays
attention to the state of the surrounding vehicles at the current moment, but
lacks the dynamic cognition of the environment. This is also the reason why
the success rate of the HLIST-AA method is increased by 4% on the LIST-AA
method after adding the TTC feature, and the collision rate is decreased by
3% compared with the LIST-A method. After introducing the TTC feature,
the agent can learn to judge the situation of the intersection independently
when passing through the intersection instead of adopting a more conserva-
tive passing policy or a more aggressive passing policy. Overall, the test results
show that our proposed HLIST-AA method is an effective state representa-
tion method in decision-making passing strategies at unsignaled intersections.
Compared with other state representation methods, it is optimal in terms of
traffic rate and collision rate.
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5 Conclusion and Future Work

In this paper, the decision-making performance of autonomous vehicles at
unsignaled intersections with different state input is investigated. A hybrid
state representation method based on an attention mechanism and TTC is
proposed. The advantage of this method is that the hybrid state can enable the
reinforcement learning algorithm to obtain more observation information for
decision-making during training. Then, experiments are performed based on
various state representation methods, and the results show that the decision
model obtained by the hybrid state method has better performance. In the
future, the application of this hybrid state method to different road traffic
environments will be considered.
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