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Abstract: To address the limitations of local observations, insufficient modeling of inter-
vehicle interactions, and the difficulty of balancing traffic efficiency and operational stability 
in collaborative decision-making for intelligent connected vehicle clusters under high-
density traffic conditions, this paper proposes a collaborative decision-making method based 
on multi-agent reinforcement learning. First, according to the operational characteristics of 
vehicle groups in high-density traffic scenarios, the collaborative decision-making 
requirements are clarified with the objectives of improving road resource utilization, average 
travel speed, and traffic flow stability. Second, the vehicle-cluster decision-making problem 
in high-density traffic scenarios is formulated as a decentralized partially observable Markov 
decision process. An explicit neighborhood interaction mechanism is introduced to 
characterize the dynamic local relationships among vehicles, and a structured reward 
function integrating traffic efficiency, operational stability, safety constraints, and rule 
compliance is designed. Furthermore, under the centralized training and decentralized 
execution framework, collaborative policy learning for vehicle clusters is achieved based on 
MAPPO. Finally, a high-density traffic simulation scenario is constructed on the highway-
env platform, and comparative experiments are conducted against Rule-based, IPPO, and 
NI-MAPPO methods. The experimental results show that the proposed method effectively 
improves the collaborative traffic performance of vehicle clusters under high-density traffic 
conditions. In the test scenario, the average speed reaches 25.041 m/s, the speed standard 
deviation is 1.393 m/s, and the collision rate is 0, indicating favorable traffic efficiency, 
operational stability, and safety. 

1. Introduction 

With the rapid development of the Internet of Vehicles, autonomous driving, and swarm 
intelligence technologies, collaborative decision-making for intelligent connected vehicle clusters has 
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gradually become an important research direction for improving road traffic efficiency and the 
operating quality of transportation systems[1].  

High-density traffic scenarios constitute one of the typical problems in the study of collaborative 
decision-making for intelligent connected vehicles[2]. To address the above issues, this paper proposes 
a multi-agent reinforcement learning-based collaborative decision-making method for intelligent 
connected vehicle clusters in high-density traffic scenarios[3].  

2. Theoretical Basis 

2.1 Behavioral Characteristics of Vehicle Clusters in High-Density Traffic Scenarios 

The core characteristics of high-density traffic scenarios lie in limited road resources, a large 
number of vehicles, and frequent group interactions[4]. Compared with low-density traffic 
environments, vehicle groups in such scenarios are more susceptible to local congestion, speed 
disturbances, and lane-load imbalance, thereby leading to reduced traffic efficiency and weakened 
traffic flow stability[5].  

2.2 Fundamentals of Multi-Agent Reinforcement Learning 

In a multi-agent system, the interaction relationships among agents are time-varying[6]. The action 
of a single agent changes the environment state and further affects the observations and decision 
choices of other agents. Therefore, the overall system behavior is not a simple superposition of 
independent agent behaviors, but rather emerges from continuous interactions[7].  

2.3 MAPPO-Related Methods 

MAPPO is a multi-agent proximal policy optimization method that essentially extends PPO to 
cooperative multi-agent tasks[8]. This method generally adopts the centralized training and 
decentralized execution mechanism[9]. During training, more comprehensive global information is 
exploited to improve value estimation quality, whereas during execution each agent independently 
makes decisions according to its own local observations[10].  

3. Model Formulation 

3.1 Vehicle Kinematic Model 

To describe the basic vehicle motion behavior in high-density traffic scenarios, this paper adopts 
a simplified vehicle kinematic model[11]. Let the vehicle position at time 𝑡 be (𝑥𝑡 , 𝑦𝑡), the heading 
angle be 𝜓𝑡, the longitudinal speed be 𝑣𝑡, the longitudinal acceleration be 𝑎𝑡, the front-wheel steering 
angle be 𝛿𝑡, the wheelbase be 𝐿, and the discrete time step be Δ𝑡. Then, the vehicle state update can 
be expressed as 

𝑥𝑡+1 = 𝑥𝑡 + 𝑣𝑡cos⁡(𝜓𝑡)Δ𝑡 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (1) 

𝑦𝑡+1 = 𝑦𝑡 + 𝑣𝑡sin⁡(𝜓𝑡)Δ𝑡 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (2) 

𝜓𝑡+1 = 𝜓𝑡 +
𝑣𝑡
𝐿
tan⁡(𝛿𝑡)Δ𝑡 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (3) 

𝑣𝑡+1 = 𝑣𝑡 + 𝑎𝑡Δ𝑡 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (4) 
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3.2 Dec-POMDP Problem Formulation 

Considering a collaborative decision-making system composed of 𝑁  intelligent connected 
vehicles, the vehicle-cluster decision-making problem in a high-density traffic scenario is formulated 
as a decentralized partially observable Markov decision process (Dec-POMDP)[12], which is 
represented as 

𝐺 = ⟨𝑁, 𝑆, {𝐴𝑖}𝑖=1
𝑁 , {𝑂𝑖}𝑖=1

𝑁 , 𝑃, 𝑅, Ω, 𝛾, 𝜌0⟩ ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (5) 

At time 𝑡, the joint action of all vehicles is expressed as 

𝑎𝑡 = {𝑎1
𝑡 , 𝑎2

𝑡 , ⋯  , 𝑎𝑁
𝑡 } ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (6) 

3.3 Explicit Neighborhood Interaction Modeling 

In high-density traffic scenarios, the effectiveness of vehicle decision-making strongly depends on 
the behavioral variations of surrounding neighboring vehicles[13]. To enhance the perception 
capability for local traffic structures, this paper constructs an explicit neighborhood interaction 
mechanism[14]. Let the position vector of vehicle 𝑖 at time 𝑡 be 𝑝𝑖𝑡. Then, its perceived neighborhood 
can be defined as 

𝑁𝑖
𝑝
(𝑡) = {𝑗 ∣∥ 𝑝𝑗

𝑡 − 𝑝𝑖
𝑡 ∥≤ 𝑟𝑝,  𝑗 ≠ 𝑖} ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (7) 

Furthermore, considering communication constraints, the interaction neighborhood can be 
expressed as 

𝑁𝑖
𝑐(𝑡) = {𝑗 ∣∥ 𝑝𝑗

𝑡 − 𝑝𝑖
𝑡 ∥≤ 𝑟𝑐 ,  𝑗 ≠ 𝑖} ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (8) 

3.4 Reward Function Design 

To enable vehicle clusters to achieve efficient, safe, and stable traffic operation in high-density 
scenarios, this paper designs a structured reward function[15]. The overall reward consists of a traffic-
efficiency reward, a stability reward, a safety-constraint reward, and a rule-compliance reward, that 
is 

𝑟𝑡 = 𝑤1𝑟𝑡
eff + 𝑤2𝑟𝑡

sta + 𝑤3𝑟𝑡
safe + 𝑤4𝑟𝑡

rule ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (9) 

3.5 MAPPO-Based Collaborative Learning under CTDE 

This paper adopts the MAPPO method under the centralized training and decentralized execution 
framework to achieve multi-agent collaborative policy learning[16]. The policy network outputs a 
continuous action distribution. The policy distribution of the 𝑖th agent at time 𝑡 is defined as 

𝜋𝜃(𝑎𝑖
𝑡 ∣ 𝑧𝑖

𝑡) = 𝒩(𝜇𝜃(𝑧𝑖
𝑡), 𝜎𝜃(𝑧𝑖

𝑡)) ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (10) 

3.6 Evaluation Metrics 

For the high-density traffic scenario, this paper selects average speed, speed standard deviation, 
and collision rate as the core evaluation metrics.  

The metric calculation formulas are as follows. 
(1) Average speed 
The formula is as follows 
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𝑣̄ =
1

𝑁
∑𝑣𝑖

𝑁

𝑖=1

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (11) 

(2) Speed standard deviation 
The formula is as follows 

𝜎𝑣 = √
1

𝑁
∑(

𝑁

𝑖=1

𝑣𝑖 − 𝑣̄)2 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (12) 

(3) Collision rate 
The formula is as follows 

𝑅col =
𝑁col

𝑁all
× 100% ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ (13) 

4. Experimental Analysis 

4.1 Experimental Scenario and Parameter Settings 

The specific configuration of the simulation platform is shown in Table 1. 
Table 1: Experimental hardware and software configuration. 

Environment setting Configuration information 
CPU model Intel Core i7-10750H 
GPU model NVIDIA RTX 2060(8GB) 

Python version Python 3.9.18 
Operating system Windows 11 

Simulation platform highway-env 
The high-density traffic scenario is mainly used to investigate the collaborative traffic capability 

of different methods under congested traffic flow conditions. The scene diagram is shown in Figure 
1. 

 
Figure 1: Schematic of the high-density traffic scenario. 

4.2 Baseline Models 

To verify the effectiveness of the proposed multi-agent collaborative decision-making method in 
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complex traffic scenarios, four methods were selected for comparison: a Rule-based method, an 
Independent Proximal Policy Optimization method (IPPO), a Non-Interactive Multi-Agent Proximal 
Policy Optimization method (NI-MAPPO), and the centralized training and decentralized execution 
multi-agent method with explicit interaction modeling and structured reward design proposed in this 
paper, namely CTDE-MAPPO . 

4.3 Decision Performance Analysis in the High-Density Traffic Scenario 

In the high-density traffic scenario, vehicle clusters are required to realize efficient, safe, and stable 
collaborative operation under the constraint of limited road resources. The graph of average speed 
changes is shown in Figure 2. 

 
Figure 2: Average-speed-versus-time curves under the high-density traffic scenario. 

The results show that the average speeds of different methods in the high-density traffic scenario 
all undergo an evolution process from initial adjustment to gradual stabilization, but their variation 
trends differ significantly. The schematic diagrams of the results are shown in Figures 3 to 5. 

 
Figure 3: Comparison of average speed in the high-density traffic scenario. 
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Figure 4: Comparison of speed standard deviation in the high-density traffic scenario. 

 
Figure 5: Comparison of collision rate in the high-density traffic scenario. 

To further compare the traffic efficiency and operational stability of each method from the 
perspective of overall results, this paper calculates the average speed, speed standard deviation, and 
collision rate in the high-density traffic scenario. The quantitative results are shown in Tables 2 and 
3. 

Table 2: Performance comparison of different methods in the high-density traffic scenario. 

Method Average speed/(m·s-
1) 

Speed standard 
deviation/(m·s-1) 

Collision rate/% 

Rule-based 21.772 5.382 0.400 
IPPO 22.874 3.325 0.200 

NI-MAPPO 22.957 3.171 0.200 
CTDE-MAPPO 25.041 1.393 0 

Table 3: Relative performance improvement of the proposed method over other methods. 

Method Change in average 
speed /% 

Reduction in speed 
standard deviation/% 

Reduction in collision 
rate/% 

Rule-based 15.02 74.11 100 
IPPO 9.47 58.11 100 

NI-MAPPO 8.08 56.07 100 
From the current experimental results, the proposed method demonstrates favorable 

comprehensive performance in the high-density traffic scenario.  
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5. Conclusion 

The experimental results show that the proposed method outperforms Rule-based, IPPO, and non-
interactive MAPPO methods in terms of average speed, speed standard deviation, and collision rate, 
indicating that it can effectively improve the collaborative traffic efficiency and operational stability 
of intelligent connected vehicle clusters under high-density traffic conditions while satisfying safety 
constraints. Future research may further extend and validate the method under more complex road 
structures and practical communication constraints. 
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