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Abstract

Both single- and multi-agent reinforcement learning have been widely used to solve different problems of autonomous driving. 

Single-agent methods have already outperformed traditional rule-based algorithms in several areas, but recent research shows 

that multi-agent algorithms have an even greater potential. Encouraging cooperative behavior and communication between the 

agents leads to their altruistic behavior, which results in safer and more reliable driving strategies while applying techniques 

such as parameter sharing and curriculum learning helps to deal with the increased complexity of the problem. This paper aims 

to compare the performance and reliability of single- and multi-agent reinforcement learning algorithms through the example 

of a yield-sign controlled intersection.
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1 Introduction
Research related to Deep Reinforcement Learning 
(DRL) has prospered since the enormous success of 
Google Deepmind's AlphaGo Zero (Mnih et al., 2013; 
Mnih  et  al.,   2015). Since then, it has been successfully 
deployed in various applications, such as video games 
(Berner et al., 2019) and board games (Silver et al., 2017). 
Due to DRL's proficiency in solving sequential deci-
sion-making problems, it also became an area of interest in 
research related to road transportation, such as autonomous 
driving, route optimization, and traffic signal control.

Some works attempt to provide an end-to-end frame-
work to solve the tasks of autonomous driving (Ly and 
Akhloufi, 2021). On the other hand, most researchers pro-
pose the applications of modular systems and focus only on 
sub-tasks of the problem, such as environmental sensing 
(Farooq et al., 2023) especially with a pedestrian. To avoid 
collision with pedestrians, the vehicle requires the ability to 
communicate with a pedestrian to understand their actions. 
The most challenging task in research on computer vision 
is to detect pedestrian activities, especially at nighttime. 

The Advanced Driver-Assistance Systems (ADAS) and 
local trajectory planning (Moghadam et al., 2021).

Reinforcement learning algorithms performed outstand-
ingly in tasks related to the higher-level decision-mak-
ing problems of autonomous vehicles. For  instance, 
in (Wang and Chan, 2018), a reinforcement learning algo-
rithm is proposed to complete the merging process on 
a highway successfully. In (Wolf et al., 2018), a deep rein-
forcement learning algorithm is proposed to learn maneu-
ver decision making in a highway environment. The algo-
rithm uses a compact semantic state representation, which 
ensures consistent modeling of the environment and 
a behavior adaptation function. The research presented in 
(Leurent and Mercat, 2019) proposes an attention-based 
architecture to handle various nearby vehicles in an inter-
section. Then, it is compared against fully connected and 
convolutional neural networks using DQN.

Single-agent algorithms work exceptionally well in 
scenarios where the aim is to maximize their rewards.  
In these applications, other drivers are mostly 
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modeled using algorithms such as the Intelligent Driver 
Model (IDM) (Treiber  et  al.,  2000) and Minimizing 
Overall Braking Induced by Lane change (MOBIL) 
(Kesting et al., 2007) models. 

While, according to the applied rewarding strategy, 
single-agent algorithms could learn both selfish and self-
less behavior (Li and Chen, 2024; Schwarting et al., 2019), 
multi-agent reinforcement learning has several advan-
tages in controlling autonomous vehicles, such as better 
scalability in mixed traffic and the possibility of commu-
nication and collaboration between agents.

Kaushik et al., (2018) proposes a novel MARL architec-
ture utilizing parameter sharing. It can learn multiple driv-
ing behaviors simultaneously, while the results indicate 
a  more generic behavior and faster convergence. A scal-
able MARL framework is presented in (Chen et al., 2023) 
with an action masking scheme. It can be efficiently used in 
dynamic traffic scenarios, where the communication topol-
ogy can be time-varying.

Multi-agent algorithms have already been successfully 
deployed to navigate vehicles through busy intersections. 
In (Kalantari et al., 2016), a distributed cooperative intel-
ligence-based system is proposed, which routes vehicles to 
their destination safely and on time. A delay-aware algorithm 
is presented in (Chen et al., 2020), where the framework of 
delay-aware Markov games is formalized and solved using 
centralized training and decentralized execution.

This paper compares single- and multi-agent rein-
forcement learning algorithms in a yield-sign controlled 
intersection. Two different reinforcement learning algo-
rithms (namely Deep Q-Network and Proximal Policy 
Optimization) and rewarding strategies are utilized along 
with parameter-sharing and curriculum learning.

The paper is organized as follows: Section 2 presents the 
algorithms applied and the hyperparameters used for train-
ing. Section 3 introduces the simulation environment and 
the modifications necessary for multi-agent reinforcement 
learning. Section 4 describes the environment configura-
tions and the hyperparameters of the agents for the train-
ing scenarios. Section 5 deals with the simulation results 
and the analysis of the algorithms' performance. Section 6 
shows some concluding remarks.

2 Methodology
Reinforcement learning is a rapidly developing branch of 
machine learning, which learns from a continuous interaction 
with its environment through trial and error. Reinforcement 
learning problems are formulated mathematically as a Markov 
Decision Process (MDP) described by a {S, A, P, R} tuple.  

The training loop of reinforcement learning algorithms 
is shown in Fig. 1. At each i discrete time step, the agent 
receives the s Si ∈ state of the environment, then it chooses 
an a Ai ∈  action based on its policy πi. The action executed 
by the agent induces a P(Si, ai | Si+1) state transition in the envi-
ronment, and the agent receives a r Ri ∈  reward based on the 
quality of the selected action.

During training, the agent aims to develop a policy 
which maximizes its cumulative reward:
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2.1 Deep Q-network
Q-learning, which was first defined by (Watkins, 1989), is 
a value-based, model-free, off-policy variant of Temporal 
Difference (TD) methods (Sutton and Barto, 2018).  
It directly approximates the optimal action-value function, 
q*, with Eq. (2):
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where Q is the approximated function and 
R Q S at a t� �� � �1 1� max ,  is the target for the updates of 
Q, which comes from the Bellman optimality equation. 
The earliest Q-learning methods used a tabular approach 
to store Q values for each state-action pair. However, the 
increase in observation and action space sizes can lead to 
a serious increase in computational costs. This opened the 
way to approximate the Q function with neural networks. 
In this case, Q values become dependent of the parameters 
of the network stored in θt, which modifies the target of the 
updates as Eq. (3):
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This nonlinear approximation of the Q function is known 
to lead to instability or even divergence, caused by the cor-
relation between observations, the relation between the 
actual and estimated Q values, and even small updates of 
the Q-function can induce significant changes in the policy. 
These problems have been tackled by (Mnih et al., 2015) 

Fig. 1 Reinforcement learning training loop
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in their algorithm called Deep Q-Network (DQN).  
Their implementation used an experience replay memory, 
where the experiences of the agent are stored, and random 
samples are taken in batches to update Q values, reduc-
ing correlations in the observation sequence. The other 
two issues have been dealt with through using a target 
network, whose θt

− parameters are updated periodically 
after a certain amount of timesteps to the actual, online Q 
network's θt parameters. The optimal Q value can then be 
determined as Eq. (4):

Q R

Q S Q S a
t
DQN

t

t
a

t t t

�
�

� �
� �

�

� � �� �
1

1 1� � �, argmax , ; ; .
	 (4)

2.2 Proximal policy optimization
Policy gradient methods obtain an estimator of the pol-
icy gradient and incorporate it into a stochastic gradient 
ascent algorithm. The most widely used gradient estimator 
is written as Eq. (5):

g a s At t t t� � � ��� �� � ��log .	 (5)

Implementations using automatic differentiation soft-
ware construct an objective function whose gradient is the 
policy gradient estimator, and then g is obtained by differ-
entiating the following objective function:
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Performing multiple optimization steps on LPG using 
the same trajectory would be appealing; it often leads to 
excessively large policy updates, thus destabilizing the 
learning process.

On the other hand, Trust Region Policy Optimization 
(TRPO) algorithms aim to maximize an objective func-
tion subject to a constraint on the size of the policy update:
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While the theory justifying TRPO suggests using a pen-
alty instead of a constraint, TRPO implementations use a 
hard constraint because it is difficult to generalize the pen-
alty well for different problems or even within a single issue, 
where its characteristics change over the learning process.

The Proximal Policy Optimization (PPO) algorithm uses 
a modified "surrogate" objective, which penalizes significant 
changes to the policy:
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The first term of the min function is the same as the 
objective of the TRPO algorithm, while the second term 
discourages updates that would move rt outside of the 
[1 − ε, 1 + ε] interval. As the minimum of the two terms is 
calculated, the final objective becomes a lower bound of 
the unclipped objective.

Utilizing a penalty instead of constraints enables using 
first-order algorithms, such as the Gradient Descent method, 
to optimize the objective. While the constraint may some-
times be violated, the computation is significantly simplified. 

In the cases of neural network architectures that share 
parameters between the policy and the value function, the 
loss function must combine the policy surrogate and the 
value function error term. Furthermore, an entropy bonus can 
be added to the objective, which encourages exploration and 
prevents premature convergence to suboptimal strategies:
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Furthermore, PPO handles both discrete and continu-
ous action spaces, hence it is applicable for a wide variety 
of RL problems.

2.3 Multi-agent reinforcement learning
To extend the sequential decision-making tasks of RL 
to multiple agents, Markov Games were introduced 
(Littman, 1994). It is a generalization of MDPs to numer-
ous agents simultaneously interacting within a shared 
environment. For a discrete-time setting, it is formal-
ized by the {N,S,{Ai}P,{Ri}} tuple. Where N = {1, …, n} 
denotes the set of n >1 interacting agents, S is the set of 
states observed by all agents, and the joint action space 
A  =  A1  ×  …  ×  An is the collection of individual action 
spaces from the agents. The transition probability func-
tion P describes the chance of a state transition, and each 
agent owns an associated reward function Ri.

Multi-Agent Reinforcement Learning (MARL) algo-
rithms are categorized based on different factors, such as 
the designed reward structure. In the case of a fully coop-
erative setting, all agents receive the same R = R1 = … = Rn 
reward for the state transitions. This reward structure moti-
vates agents to collaborate and try to maximize the perfor-
mance of the team instead of their individual performance. 

Fully competitive settings are described as zero-sum 
Markov Games, where R Ri

i

n
� �

�� 0
1

. Therefore, these 
agents aim to maximize their rewards while minimizing 
the rewards of others.
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In the case of mixed settings, also known as gener-
al-sum games, the setting is neither fully competitive nor 
fully cooperative. More generally, a setting can be called 
cooperative if the agents are encouraged to work together 
despite not sharing the same reward. In contrast, in coop-
erative settings, the agents are encouraged to work against 
each other, but the sum of rewards does not equal zero. 

Besides the rewarding strategy, other taxonomies are also 
used, such as the taxonomy presented by (Claus and Boutilier, 
1998) differentiating independent and joint-action learn-
ers. Independent learners do not consider other agents and 
have no information about the observations and actions of 
other agents. In contrast, joint-action learners observe the 
actions taken by other agents a-posteriori. In addition to 
the training paradigm, (Gronauer and Diepold, 2022) also 
differentiates two execution schemes. Hence, they divide 
MARL algorithms into three categories: centralized train-
ing, centralized execution (CTCE), decentralized training, 
decentralized execution (DTDE), and centralized training, 
decentralized execution (CTDE). 

In this research, "parameter sharing" is utilized for 
training, a particular case within the CTDE strategy.  
In this case, all agents own and update the same policy 
network. The results of (Gupta et al., 2017) showed that 
agents trained using parameter sharing could be trained 
more efficiently and outperform independent learners. 
While this approach is the most beneficial if all agents 
share the same or similar goal, different agent behaviors 
can emerge due to different observed states.

2.4 Curriculum learning
Besides parameter sharing, curriculum learning (CL) 
(Gupta et al., 2017; Long et al., 2020) is also utilized in this 
research. CL aims to start the agent training using only a 
subset of the original problem with reduced complexity. 
As the training progresses, it gradually increases the diffi-
culty of the training scenarios.

In MARL, tasks become more challenging as the 
number of agents increases. Hence, CL is used to learn 
an optimal policy. The training starts with a small num-
ber of agents, and then the number of agents is increased 
throughout the training.

3 Environment description
This paper presents the advantages and challenges of 
multi-agent reinforcement learning through the exam-
ple of a yield-sign controlled, four-way intersection.  
The environment is part of the Farama Foundation's 
Highway-env project (Leurent, 2018a).

3.1 Intersection environment
The environment is shown in Fig. 2. In the scenario, the 
horizontal road has the right of way. Hence, the levels of 
priority are as follows:

1.	 horizontal straight lanes and right-turns;
2.	horizontal left-turns;
3.	 vertical straight lanes and right-turn;
4.	 vertical left-turns.

This structure provides the possibility for future exten-
sions, including e.g. the prioritization of vehicles trans-
porting high numbers of passengers.

Of the available observation types, KinematicObservation 
is used in this paper. It is a V × F array, which lists the F fea-
tures of the ego vehicle and the V–1 nearest vehicles. In this 
research, the default observed features are the following:

•	 presence;
•	 vehicle position on the x-axis;
•	 vehicle position on the y-axis;
•	 lateral velocity of the vehicle;
•	 longitudinal velocity of the vehicle;
•	 cosine of the vehicle's heading;
•	 sine of the vehicle's heading.

While most features describe the state of the vehicles sur-
rounding the agent, the aim of the presence feature is dif-
ferent. The observation space must have a fixed size; hence, 
if fewer vehicles are observed, the array's last rows are filled 
with zeros. Thus, the presence feature disambiguates agents 
at zero offsets from non-existent agents.

The environment contains a low-level controller for 
both the longitudinal and lateral control. Their setpoints 
can be defined by the agent using the DiscreteMetaAction 

Fig. 2 Intersection environment
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action type. In this case, the agent only controlled the 
longitudinal behavior of the vehicle through the actions: 
slower, idle, or faster. The lateral position control was 
handled by the environment.

3.2 Application programming interface
The environment's application programming interface 
(API) follows the rules provided by the gym API. Therefore, 
the environment is compatible with popular reinforcement 
learning tools like Stable-Baselines3 (SB3). SB3 supports 
the development of multi-agent reinforcement learning 
algorithms using parameter sharing. A multi-agent version 
is already provided to most environments of Highway-env, 
although in this case, its interface differs from SB3.

Thus, an API has been developed to adapt the environ-
ment's interface to enable learning using SB3. This API han-
dles the input/output conversion between the environment 
and the agent while handling agent death. In MARL, the two 
most common strategies are to stop the episode if a single 
agent is terminated or if all of them are. In the first case, the 
truncated flag can prevent the otherwise surviving agents 
from thinking they have reached a terminal state. In the sec-
ond case, the varying number of agents must be handled. 
The latter approach has been used to prevent the early termi-
nation of episodes at the start of the learning process.

If a single agent reaches its destination or collides with 
another vehicle, it is removed from the environment, but the 
episode will continue for the remaining agents. The observa-
tions of the removed agents are substituted with zero vectors 
of the proper size to provide observations with consistent 
size to the algorithm.

4 Training
4.1 Benchmark agents
The first step of the research is to reproduce a single-agent 
benchmark performance described in (Leurent and 
Mercat, 2019) with an SB3 DQN agent. The development 
of the rewards during the approximately 1-hour training 
process, which can be seen in Fig. 3, matches the results 
presented in the original paper, which indicates that the 
performance of the agent can be used for comparison.

After that, the environment was extended to a multi-
agent setting, containing only four vehicles, each con-
trolled by an agent. Cooperative rewarding has been used 
to model the task more precisely, where all agents receive 
a joint average reward. In both environments, agents have 
been trained with 1 and 5 Hz policy update frequencies, 
which are "1  fps" and "5 fps". The hyperparameters of 

these agents and the configurations for each environment 
have been determined according to (Leurent, 2018b), 
and are summarized in Table 1 and Table 2. The training 

Table 1 Hyperparameters of the benchmark agents

Parameter DQN 1 fps DQN 5 fps

Type of neural network MLP MLP

Activation function ReLU ReLU

Num. of hidden layers 2 2

Num. of neurons per layer 128, 128 128, 128

Optimizer Adam Adam

Learning rate 0.0005 0.0005

Discount factor 0.95 0.9

Batch size 64 64

Buffer size	 15,000 15,000

Online network update interval 1 3

Target network update interval 512 50

Epsilon max 1 1

Epsilon min 0.05 0.05

Table 2 Configurations of the training environments

Parameter Single-agent Multi-agent

Absolute or relative values Absolute Absolute

Order of observation 1 fps: shuffled
5 fps: sorted

1 fps: shuffled
5 fps: sorted

Destination Left lane Left lane

Observed features Original Original

Duration [s] 13 13

Controlled vehicles 1 4

Initial (other) vehicles 10 0

Spawn probability 0.6 0

High speed reward range [m/s] [7, 9] [7, 9]

High speed reward 1 1

Arrived reward 1 1

Collision reward -5 -5

Fig. 3 Average rewards during the benchmark training process
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process of each algorithm lasted 39,000 timesteps, about 
3,000 episodes, which took around 15 min in real life.

4.2 PPO implementation
After training the benchmark agents, a PPO algorithm with 
a simple neural network was implemented and trained in 
the 5 fps multi-agent environment configuration. Then, the 
agents have been given a more challenging task by ran-
domizing their destination.

To improve their performance, the reward values have 
been updated to represent the importance of each term 
more accurately. Besides that, the complexity of the neural 
network has been increased by extending it with more hid-
den layers and neurons. The modifications are presented 
in Table 3. The training process for the PPO agents lasted 
30,000 timesteps, which required between 6 and 10 real 
life min in each case.

5 Simulation results
The performance of the trained agents has been evalu-
ated in test batches consisting of 100 episodes. Due to 
the different rewards and number of training steps, exam-
ining the training diagrams would not accurately repre-
sent the differences in the agents' behaviors. With that in 
mind, the following metrics were chosen to compare the 
achieved efficiency by different agents:

•	 Success rate indicating the number of episodes in 
which agents avoided collision.

•	 The average number of agents who have reached 
their goal.

The results of the tests are summarized in Table 4, 
which are separately analyzed for each agent in the sub-
sequent sections.

5.1 Single agent benchmark
First, the benchmark agent has been evaluated. The results 
are summarized in the first two rows of Table 4. As described 
in (Leurent and Mercat, 2019), the agents obtain a "risky 
and blind" policy. The ego-vehicle learns to accelerate 
through the intersection with the highest possible speed 
to maximize its speed-based reward. However, this often 
leads to collisions, or sometimes, the other vehicles con-
trolled by the IDM model adjust their speeds so collisions 
can be avoided. Therefore, there is a slight increase in 
the success rate in the 5 fps environment because, in this 
case, other vehicles can adjust their speeds more accu-
rately. Another factor that shows the assertive behavior 
of the agent is that no episode has been truncated, so they 
were only terminated by reaching the goal or colliding.  
When put in a multi-agent environment, the performance 
of the benchmark agent becomes questionable, causing 
more collisions and, thus, unable to reach the goal.

5.2 Multi-agent results
As mentioned earlier, the environment has been modified 
to contain only 4 vehicles, all controlled by separate agents 

Table 3 Hyperparameters of the PPO agents

Parameter Original PPO Updated PPO

Type of neural 
network MLP MLP

Activation function ReLU ReLU

Num. of hidden 
layers

policy network: 2
value network:2

policy network: 4
value network: 4

Num. of neurons 
per layer

policy n.: 128, 128
value n.: 128, 128

policy n.: 64, 512, 512, 64
value n.: 32, 256, 256, 32

Optimizer Adam Adam

Learning rate 0.0005 0.001

Discount factor 0.99 0.99

Batch size 64 64

Horizon ( 128 256

Num. of epochs 10 10

Environment configurations:

Destination Left lane Random

High speed reward 
range [m/s] [7, 9] [4.5, 9]

High speed reward 1 0.1

Arrived reward 1 1

Collision reward -5 -5

Table 4 Results of the evaluation for each agent

Agent Success rate Avg. reached goal

Single-agent DQN 1 fps 47% 0.47

Single-agent DQN 5 fps 55% 0.55

Single-agent DQN 5 fps Multi-
agent environment 12% 1.85

Multi-agent DQN 1 fps 11% 2.07

Multi-agent DQN 5 fps 17% 2.19

Multi-agent PPO original, certain 
destination 62% 2.05

Multi-agent PPO original, random 
destinations 40% 2.04

Multi-agent PPO updated reward, 
original network 48% 2.93

Multi-agent PPO updated reward 
and netwoek 58% 3.08

Multi-agent PPO 1 fps using 
Curriculum Learning 81% 3.14



Gujgiczer and Szabó
Period. Polytech. Transp. Eng. |7

using the same policy. By that, they had to learn to cooperate 
to reach their goals. The rudimentary multi-agent training 
used the previously described DQN method, which resulted 
in an almost identical behavior. The worsening success rate, 
seen in the fourth and fifth row of Table 4, can be traced 
back to the increased number of interactions between vehi-
cles controlled by an agent, which have all learned a selfish 
policy. Considering this, the cooperative reward did not help 
to improve the results. One cause of this problem can be the 
weights of the reward terms. By rewarding each timestep's 
high speeds with the same value as the return received when 
reaching the goal, agents might learn a suboptimal policy by 
accelerating early in the episode. This issue was later consid-
ered in PPO training.

Next, the performance of the simple PPO algorithm has 
been evaluated with both specific and randomized destina-
tions for the agents. As shown in the sixth and seventh rows 
of Table 4, the agents achieved a significantly increased suc-
cess rate. However, the other examined metric demonstrates 
that the agents learned to avoid entering the intersection in 
some scenarios. This policy resulted in notably fewer colli-
sions, but on the other hand, fewer agents have reached their 
goals, which is far from the desired behavior. By randomiz-
ing the destinations, agents received a task that models real-
life scenarios more accurately. However, as expected, this 
modification slightly increased the number of collisions.

Agents have been trained with randomized destina-
tions to increase the performances they achieve. On top 
of that, the high-speed reward term has been significantly 
decreased due to the previously explained weighting issue. 
The results from evaluating these policies can be found in 
the eighth and ninth rows of Table 4. These modifications 
helped slightly lower the number of collisions but, more 
importantly, increased the average passage rate, even with 
the original, simple neural network. By increasing the com-
plexity of the neural network, the performance of the agents 
surpassed the benchmark results in terms of success rate 
and achieved a noteworthy average of reached goals.

The last row of Table 4 presents the results achieved using 
Curriculum Learning, where the training was divided into 
three parts. In the first part, a single agent must learn to reach 
its randomized destination in minimal traffic. Other drivers 
were controlled by IDM and MOBIL models. The agent got 
a 100% success rate in these scenarios. The second part con-
sisted of 4 agents. Collision was not penalized during this 
segment of the training, although early termination of the 
episodes due to collision results in a decreased cumulative 
reward. The reward strategy has also been slightly modi-
fied. Instead of using purely cooperative rewards, each agent 
received 50% of its reward and 50% of the average reward 
of the agents. These modifications resulted in a 69% success 
rate, and 2.37 agents reached their goal on average. In the 
third part, the collision was also penalized, resulting in an 
81% success rate, and 3.14 agents got their goals on average.

6 Conclusions and future work
Single-agent algorithms may learn to achieve the highest 
possible rewards, but often by developing a selfish pol-
icy, which is unacceptable in real-life scenarios such as 
the example of an intersection. In this paper, a multi-agent 
PPO algorithm was presented to overcome the results of 
a single-agent benchmark policy in an intersection, which 
was achieved by first modifying the environment configu-
rations to be able to model real-life traffic situations more 
accurately, then by optimizing the training hyperparame-
ters. With that, the demonstrated algorithm solved the com-
plex, cooperative decision-making task with increased suc-
cess. At last, curriculum learning was utilized to enhance 
the performance of the agents further, and it was able to 
surpass agents even with higher control frequency. 
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