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Abstract
Cooperative navigation of multiple autonomous vehicles (MAVs) at unsignalized intersections remains a core chal-
lenge in intelligent transportation systems. This paper proposes a learning-based cooperative decision-making and
control (LCDMC)method for MAVs, which improves policy learning efficiency and ensures safe and efficient cooper-
ative navigation. In the proposed LCDMC algorithm, the global value function is decomposed into two components:
a local utility function and a joint-action utility function among vehicles, which incorporates both the offline policy
learning phase and the online deployment phase. During the offline phase, the kernel-based least-squares policy iter-
ation method is employed to learn localized decision-making policies from high-dimensional samples. In the online
deployment phase, a coordination graph for MAVs is developed, and a collaborative utility function characterizing
joint action performance is designed. To solve optimized decision actions, the local utility function is integrated with
a message propagation mechanism, and then the decision actions are converted into velocity commands. Further-
more, a receding-horizon reinforcement learning approach is designed to achieve trajectory tracking control of the
autonomous vehicles in MAVs. Finally, to verify the effectiveness of the proposed method, numerical simulations of
MAVs are performed, and the results demonstrate that the proposed LCDMCmethod exhibits superior performance
in both traffic efficiency and safety for cooperative navigation of MAVs at unsignalized intersections.

Keywords: Multiple autonomous vehicles, unsignalized intersection, decision and control, reinforcement learning,
coordination graphs
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1. INTRODUCTION
Autonomous driving technology is advancing at an unprecedented pace and demonstrating significant ap-
plication potential in real-world traffic scenarios [1,2]. Although autonomous vehicles (AVs) perform well in
structured environments such as highways, their deployment in urban road settings still faces numerous chal-
lenges. Urban road environments are intricate and complex, containing a multitude of uncertainties. This
uncertainty significantly increases the difficulty of decision-making for AVs [3]. Among these challenges, one
of the most demanding scenarios is the unsignalized urban intersection. Relevant research indicates that even
experienced human drivers often experience considerable pressure at such intersections, where momentary
lapses can potentially lead to traffic accidents [4]. Therefore, enhancing the capability of autonomous driving
systems to respond effectively in such high-risk scenarios is a critical research direction.

The cooperative navigation of multiple vehicles in unsignalized intersections poses key challenges, including
high-dimensional nonlinear dynamics, incomplete-information Nash equilibrium, and uncertainty in neigh-
boring vehicle behaviors, thus attracting extensive research attention [5,6]. In recent years, the cooperative nav-
igation problem between AVs and multiple human-driven vehicles at intersection scenarios has been widely
investigated, primarily focusing on AVs decision-making mechanisms [7,8], path planning [9], and social be-
havior modeling [10]. However, the aforementioned methods are inadequate for fully autonomous and coop-
erative intersection scenarios, which require further research on distributed negotiation mechanisms, multi-
agent collaborative decision-making frameworks, and global traffic efficiency optimization strategies. Cooper-
ative decision-making and control schemes for multi-vehicle systems have demonstrated potential to enhance
traffic throughput efficiency and safety [11,12], particularly under dynamic and uncertain environments. The
common coordination methods for multi-vehicle systems can be systematically categorized into the follow-
ing classes: rule-based decision-making approaches, convex optimization-based methods [13], game-theoretic
models [14,15], and learning-based decision-making frameworks [16].

Rule-based decision-making methods involve creating a rule database for vehicle behaviors in operational
scenarios based on experience and predefined rules. These rules enable a deterministic mapping from vehi-
cle states to behaviors, with typical approaches such as finite state machine (FSM) [17], first come first served
(FCFS) [18], and longest queue first (LQF) [19]. Rule-based methods exhibit clear logic, operational stability,
and strong practicality. However, their finite state representation may inadequately capture all operational
conditions faced by AVs, and limited scenario coverage degrades decision-making performance in complex
dynamic environments. Furthermore, Liu et al. designed a multi-agent game-theoretic attention-based deep
deterministic policy gradient algorithm [20], which improves traffic flow efficiency at unsignalized intersections.
Although game-theoretic methods offer theoretical advantages for multi-agent intersection coordination, they
face scalability issues due to computational inefficiency and reduced accuracy in modeling vehicle dynamics
in complex traffic scenarios.

Learning-based decision-making methods primarily include Bayesian inference [21,22], decision trees [23], and
Markov decision processes [24]. In multi-agent systems, reinforcement learning (RL), particularly deep rein-
forcement learning (DRL), has become the primary approach for solving complex sequential decision-making
problems [25]. Current research in multi-agent deep reinforcement learning (MDRL) is rapidly expanding into
real-world traffic scenarios. The focus has shifted from fundamental tasks such as lane changing [26–28] and
overtaking [29,30] to more complex collaborative decision-making on road systems. Chen et al. developed a
curriculum learning-based decision-making framework for highway on-ramp merging to improve traffic flow
efficiency and safety under mixed traffic conditions [31]. Guo et al. proposed a heuristic MDRL algorithm
by combining the advantages of heuristic strategies and deep learning [32], which enhances the smoothness
and safety of traffic flow at intersections. Zhao et al. presented a safety RL method based on multi-agent
projection-constrained policy optimization [33], demonstrating superior coordination performance for AVs at
unsignalized intersections. However, although the aforementioned methods have achieved considerable per-
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formance, they generally suffer from high algorithmic complexity and computational costs. Moreover, most of
these methods are designed for specific scenarios and rely on idealized assumptions, which significantly limit
their practicality. Additionally, non-stationarity and poor interpretability also make these methods difficult
to apply in real-world scenarios. To tackle the issues of excessive parameter size and slow inference speed
in AV decision-making models, a lightweight optimization approach based on Video Swin Transformer and
DRL is proposed in Ref [34]. This method effectively reduced model parameters and memory requirements
while improving inference efficiency for long-sequence tasks through parallel spatiotemporal feature extrac-
tion with risk assessment mechanisms and the adoption of double-softmax linear self-attention. However, this
approach still exhibits limitations including difficulties in hyperparameter tuning and performance degrada-
tion on short-sequence tasks.

To address the above problem, the paper proposes a learning-based cooperative decision-making and control
(LCDMC) method for multiple AVs (MAVs), improving policy learning efficiency while ensuring safe and
efficient cooperative navigation. The LCDMC method decomposes the global value function of the system
into two components: a local utility function and a collaborative utility function representing the joint actions
among vehicles, thereby enhancing the representational capacity of value functions in multi-agent RL. Numer-
ical simulations of MAVs demonstrate that the LCDMCmethod exhibits superior performance in both traffic
efficiency and safety for cooperative navigation ofMAVs at unsignalized intersections. Themain contributions
are listed as follows.

(1) A coordination graph-based cooperative decision-making for MAVs is proposed to ensure the safe and
efficient cooperative navigation. Unlike independent learning methods that focus solely on individual per-
formance, the policies of the proposed decision-makingmethod can achieve fast convergence to the optimal
values through iterative message passing, which improves the value function’s representational capacity.

(2) A lightweight network is constructed to solve the local utility functions via the kernel-based least-squares
policy iteration (KLSPI) approach, which overcomes the drawbacks of low computational efficiency and
difficulties in policy convergence existing in DRL.

(3) A receding-horizon optimization mechanism is designed to enhance the online learning efficiency, and
further an efficient tracking control scheme is developed based on the mechanism, which improves the
real-time control performance of MAVs.

(4) Extensive numerical simulations of MAVs are performed to verify the effectiveness of the proposed cooper-
ative decision-making and control method, and the results demonstrate the superior performance in both
traffic efficiency and safety for cooperative navigation of MAVs at unsignalized intersections.

The subsequent sections of the paper are structured as follows. Section 2 analyzes the foundational concepts
of Markov decision process modeling for MAVs and coordination graphs. In Section 3, a LCDMC approach
for MAVs is proposed. Section 4 carries out simulation verification, while Section 5 draws conclusions.

2. PRELIMINARIES AND PROBLEM FORMULATION
2.1. MAVs Markov decision process modeling
The MAVs’ cooperative decision-making at intersections is modeled as a decentralized partially observable
Markov decision process (Dec-POMDP), which is given by the following tuple:

〈S, {A𝑖}𝑁𝑖=1 , 𝑃, {𝑅𝑖}𝑁𝑖=1, {O𝑖}
𝑁
𝑖=1 , 𝑁, 𝛾 〉 (1)

As shown in Figure 1, a T-junction without traffic signals involves six AVs requiring cooperative decision-
making, including left-turning vehicles, right-going straight vehicles, and left-going straight vehicles. The state
space of the 𝑁 AVs at the intersection is denoted byS. Taking the left-turningAV as an example to illustrate the
sample collection process, the AVs in the straight-going lane are controlled using the car-following model [35],
providing state information for the left-turning AV.When the left-turning AV enters the decision-making zone,
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Figure 1. Illustration of MAVs decision-making modeling. MAVs: Multiple autonomous vehicles.

its state at discrete time 𝑘 is defined as 𝑠𝑖 (𝑘) = [𝑣𝑖 , 𝑣𝑟𝑖 , 𝑑𝑟𝑖 , 𝑣 𝑓 𝑖 , 𝑑 𝑓 𝑖] ∈ S, including its own velocity 𝑣𝑖 , velocities
of the closest front vehicle 𝑣 𝑓 𝑖 and rear vehicle 𝑣𝑟𝑖 , and distances to those vehicles 𝑑 𝑓 𝑖 (front) and 𝑑𝑟𝑖 (rear). The
action space for vehicle 𝑖 is denoted asA𝑖 . At time step 𝑘 , vehicle 𝑖 selects an action 𝑎𝑖 (𝑘) ∈ A𝑖 corresponding
to one of the three behaviors: decelerating, maintaining current speed, or accelerating. The state transition
probability 𝑃 is given by 𝑠𝑖 (𝑘 + 1) ∼ 𝑃(· | 𝑠𝑖 (𝑘), 𝑎𝑖 (𝑘)), indicating the probability-based transition from state
𝑠𝑖 (𝑘) and action 𝑎𝑖 (𝑘) at time step 𝑘 to the next state 𝑠𝑖 (𝑘 + 1). The reward function 𝑅𝑖 reflects the traffic
conditions of MAVs at the intersection.

2.2. Coordination graphs
Probabilistic graphical model (PGM) integrates probability theory with graph theory and constitutes a pivotal
research direction inmachine learning [36]. PGM primarily focuses on the representation, inference, and learn-
ing of directed graphical models and undirected graphical models. A core objective in artificial intelligence is
to extract implicit, fundamental knowledge from observed data, and PGM serves as a powerful methodology
to achieve this goal. In MAVs systems, nodes of the probabilistic graph represent vehicles, while edges with
connecting relationships describe the local performance of joint actions taken by adjacent vehicles, inferring
the posterior distribution of joint actions based on current vehicle information. Probabilistic graph-based
approaches can effectively model coupling relationships among MAVs, which facilitate the construction of
large-scale artificial intelligence systems to address complex real-world problems.

The coordinated RL method introduces a coordination graph to establish connecting edges among agents
with cooperative relationships [37]. The messages 𝑚𝑖 𝑗 (𝑎 𝑗 ) transmitted along adjacent edges (𝑖, 𝑗) ∈ 𝐸 can fully
describe the coordination among multiple agents, as illustrated in Figure 2. By incorporating coordination
graphs into multi-agent systems, the representational capacity of the value function is enhanced, which effec-
tively addresses decision-making problems. In this case, the global state-action value function is expressed
as

𝑄(𝑠, 𝑎) =
𝑁∑
𝑖=1

𝑝𝑖 (𝑠𝑖 , 𝑎𝑖) +
∑
(𝑖, 𝑗)∈𝐸

𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) (2)
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Figure 2. Message passing graph.

The Ref [36] demonstrates a direct duality between computing the maximum posteriori probability in PGM
and solving the optimal joint action in coordination graphs. Consequently, the belief propagation algorithm,
used for inference in PGM, is also applicable to multi-agent collaborative decision-making using coordination
graphs. In Figure 2, agent 𝑖 sends a message 𝑚𝑖 𝑗 (𝑎 𝑗 ) to neighbor 𝑗 , which represents the maximum reward
that agent 𝑖 can obtain after agent 𝑗 takes action 𝑎 𝑗 [38]. The message value is expressed as

𝑚𝑖 𝑗 (𝑎 𝑗 ) = max
𝑎𝑖

𝑝𝑖 (𝑎𝑖) + 𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) +
∑

𝑘̄∈Γ(𝑖)\ 𝑗
𝑚𝑘𝑖 (𝑎𝑖)

 + 𝑐𝑖 𝑗 (3)

where Γ(𝑖) denotes the set of neighbors for the 𝑖-th agent, 𝑘̄ ∈ Γ(𝑖)\ 𝑗 indicates that 𝑘̄ belongs to the set of
neighbors, excluding 𝑗 . When there are cycles in the graph, 𝑐𝑖 𝑗 = 1

|𝐴𝑘 |
∑
𝑘 𝑚𝑖𝑘 (𝑎𝑘 ), otherwise, 𝑐𝑖 𝑗 = 0. Before

convergence, agent 𝑖 aggregates the messages received from its neighbors, but it does not require enumerating
the joint action spaces of neighboring agents. After several iterations of message passing and updates among
neighboring agents, the messages 𝑚𝑖 𝑗 (𝑎 𝑗 ) converge to a fixed point. In each iteration, the state-action value
function of agent 𝑖 is represented as

𝑄𝑖 (𝑎𝑖) = 𝑝𝑖 (𝑎𝑖) +
∑
𝑗∈Γ(𝑖)

𝑚 𝑗𝑖 (𝑎𝑖) (4)

which indicates that the state-action value function of agent 𝑖 consists of the local utility function 𝑝𝑖 (𝑎𝑖) and
the message values from different subtrees with neighbor agent 𝑗 as the root. The optimal decision action for
agent 𝑖 can be derived as

𝑎∗𝑖 = arg max
𝑎𝑖

𝑄𝑖 (𝑎𝑖) (5)

Building upon the aforementioned mechanism, this paper proposes a LCDMC method for MAVs. The local
utility function 𝑝𝑖 (𝑎𝑖) of vehicle 𝑖 is constructed via a KLSPI RL algorithm, while the local collaborative utility
function 𝑝𝑖 𝑗 characterizes the performance of joint actions. A coordination graph-based message passing
mechanism is employed to resolve the cooperative decision-making control problem forMAVs at unsignalized
intersections.

3. LCDMC FOR MAVS
This section presents the LCDMC method for MAVs. The method employs KLSPI to solve the local utility
function and integrates a message-passing mechanism via a cooperation graph to compute the optimized de-
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where 𝑝𝑖 (𝑠𝑖 , 𝑎𝑖) represents the local utility function of agent 𝑖 after taking action 𝑎𝑖 , and 𝑝𝑖 𝑗 represents the
collaborative utility function of neighboring agents 𝑖 and 𝑗 after they take actions 𝑎𝑖 and 𝑎 𝑗 , respectively.
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Figure 3. The block diagram of the proposed LCDMC algorithm. LCDMC: Learning-based cooperative decision-making and control.

cision actions for AVs, which are then used as reference signals. Furthermore, a receding-horizon RL (RHRL)
method is designed for trajectory tracking control of AVs.

3.1. The overall framework of the proposed method
The proposed algorithm primarily consists of two stages: offline policy learning and online deployment im-
plementation. The algorithmic framework is depicted in Figure 3. In the offline training phase, samples are
collected using a random policy. An approximate linear dependency (ALD) analysis is employed to learn
model features and construct the kernel dictionary from the high-dimensional state space, thereby reducing
the dimensionality of the samples. Then, a sparse kernel-based least-squares RL method is adopted to learn
the policy. During the online deployment phase, when AV 𝑖 enters the decision-making zone, it forms inter-
actions with neighboring AVs 𝑗 , 𝑗 ∈ Γ(𝑖). A collaborative utility function 𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) is defined to evaluate the
joint actions between AVs 𝑖 and 𝑗 . Based on its current state 𝑠𝑖 , the AV applies the offline-learned policy to
compute the local utility function 𝑝𝑖 (𝑎𝑖) for each candidate action. Following the message-passing Equation
(3), the action of AV 𝑖 is derived by the local utility 𝑝𝑖 (𝑎𝑖) and collaborative utility function 𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ).

Based on coordination graph theory, the global state-action value function is given by Equation (2). This
formulation demonstrates that optimal decisions for MAVs can be computed in a distributed manner by iter-
atively exchanging messages along the coordination graph edges, thus avoiding exhaustive searches over the
joint-action space. The proposed method contrasts with AV 𝑖 directly computing actions via KLSPI. The deci-
sion module’s output speed serves as the reference input, and an online RHRL method computes an optimal
control law to ensure tracking of a reference trajectory. Gradient-based iterative updates of the critic and actor
networks improve the real-time performance of the system.

3.2. Kernel-based efficient learning for local utility function
This section elaborates on the proposed LCDMC method for MAVs, which learns the local utility function
via KLSPI. During the offline phase, extensive samples are pre-collected at unsignalized intersections. An
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Table 1. Sampling parameters of MAVs corresponding to the scenario displayed in Figure 1

Lane of autonomous Decision Action Front/rear vehicle Front/rear vehicle Front/rear vehicle
vehicles zone (m) space lane speed (m/s) distance (m)

Lane 1 𝑦 ∈ [−4, −2] sd, kv, acc Lane 2 [1, 15] [0, 50]
Lane 2 𝑥 ∈ [−5.8, −3] sd, kv, acc Lane 1 [1, 15] [0, 30]
Lane 3 𝑥 ∈ [−2, 1] sd, kv, acc Lane 1 [1, 15] [0, 30]

The scenario depicts an unsignalized T-junction where six AVs require cooperative decision-making,
including left-turning vehicles in Lane 1, right-going vehicles in Lane 2, and left-going vehicles in Lane 3.
MAVs: Multiple autonomous vehicles; AVs: autonomous vehicles.

optimized local decision-making policy is derived in a data-driven manner and subsequently deployed online
for real-time decision-making.

In the coordinated traversal of multiple vehicles at the unsignalized intersection shown in Figure 1, the tuple
for multi-vehicle cooperative decision-making modeling is defined in Equation (1). Under the current state
𝑠𝑖 (𝑘), the AV updates its state upon executing action 𝑎𝑖 (𝑘), while the reward function is designed to reflect
the traffic dynamics of MAVs at the intersection. If a left-turning AV safely traverses the straight lane within
5 s, sampling terminates, and the reward is assigned as 𝑅𝑖 = −𝜀𝑡, where 𝜀 is an adjustable positive constant. If
the AV collides with neighboring vehicles on the straight lane, the reward function incurs a significant penalty
𝑅𝑖 = −1, 000. If the vehicle remains stationary at the initial starting point without collision, the reward is set
to 𝑅𝑖 = −400. The reward function is given in Equation (6), and the sample [𝑠𝑖 (𝑘), 𝑎𝑖 (𝑘), 𝑅𝑖 (𝑘), 𝑠𝑖 (𝑘 + 1)] is
collected. AV samples in adjacent lanes are collected similarly. Table 1 lists the sampling parameters, where sd,
kv, and acc represent deceleration, constant-speed maintenance, and acceleration, respectively.

𝑅𝑖 (𝑘) =


−𝜀𝑡 (Safely traverses the lane)
−400 (Remains at the initial point)
−1000 (Collision occurs)

(6)

Upon acquiring a substantial set of samples, the KLSPI algorithm is employed for policy learning. This sec-
tion extends sparse kernel-based feature representation methods [39] to cooperative decision-making inMAVs.
In the proposed LCDMC framework, the local utility function of the AV is represented via basis functions
constructed from feature vectors. A kernel sparsification technique is applied to extract features from the
high-dimensional samples, yielding representative subsamples through ALD analysis. Assuming the kernel
function 𝜅(·, ·) satisfies Mercer’s condition, there exists a mapping 𝜙(·) from the sample space to the Hilbert
space, that is,

𝜅(𝑠𝑖 (𝑡), 𝑠𝑖 (𝑞)) = 〈𝜙(𝑠𝑖 (𝑡)), 𝜙(𝑠𝑖 (𝑞))〉 (7)

where 〈·, ·〉 denotes the inner product in theHilbert space. This implies that all inner products can be computed
via the kernel function, without explicit knowledge of the mapping 𝜙(·).

Then, the representative subsample is obtained using the ALD analysis technique. Sample sparsification is im-
plemented via ALD in two steps. Firstly, the distance between sample 𝑠𝑖 (𝑡) and feature point 𝑠𝑖 (𝑞) is calculated
using

𝜁𝑖 (𝑡) = min
𝑐







 ∑
𝑠𝑖 (𝑞)∈𝐷𝑖 (𝑡)

𝑐𝑞𝜙(𝑠𝑖 (𝑞)) − 𝜙(𝑠𝑖 (𝑡))








2

(8)

where 𝑐 = [𝑐1, 𝑐2, · · · , 𝑐𝑡−1]> ∈ R𝑡−1, 𝐷𝑖 (𝑡) ∈ R𝑡−1 denotes the current kernel dictionary. Secondly, the
dictionary is updated. 𝜇𝑖 is set to quantify the degree of sample sparsification. If the distance between 𝑠𝑖 (𝑡) and
𝑠𝑖 (𝑞) is not less than 𝜇𝑖 , it implies that insufficient representational capacity of the current kernel dictionary for
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the given sample. Consequently, 𝑠𝑖 (𝑡) is incorporated into the dictionary, 𝐷𝑖 (𝑡) = 𝐷𝑖 (𝑡 −1) ∪ 𝑠𝑖 (𝑡). Otherwise,
the dictionary 𝐷𝑖 (𝑡) remains unchanged.

The feature construction module utilizes the subsampled points generated previously to construct the basis
function for each original sample as 𝐾 (𝑠𝑖 (𝑘)) = [𝜅(𝑠𝑖 (𝑘), 𝑠𝑖 (𝑡1)), 𝜅(𝑠𝑖 (𝑘), 𝑠𝑖 (𝑡2)), · · · , 𝜅(𝑠𝑖 (𝑘), 𝑠𝑖 (𝑡𝑛))]> ∈ R𝑛,
where 𝑛 denotes the dimensionality of the feature space. 𝜅(𝑥1, 𝑥2) = exp(− ‖𝑥−𝑦‖

2

2𝜄2 ), 𝜄 is the kernel width. The
local utility function is approximated using

𝑝𝑖 (𝑠𝑖 (𝑘)) = 𝐾>(𝑠𝑖 (𝑘))𝑊𝑖𝑐 =
𝑛∑
𝑙=1

𝜅(𝑠𝑖 (𝑘), 𝑠𝑖 (𝑡𝑙))𝑤𝑖𝑐 (9)

where 𝑊𝑖𝑐 ∈ R𝑛 is the weight vector of the network. The temporal difference (TD) error of RL is given as
𝜂𝑖 (𝑘) = 𝑝𝑖 (𝑠𝑖 (𝑘)) − 𝑝𝑖 (𝑠𝑖 (𝑘)), where 𝑝𝑖 (𝑠𝑖 (𝑘)) = 𝑠>𝑖 (𝑘)Q𝑠𝑖 (𝑘) + 𝑢>𝑖 (𝑘)R𝑢𝑖 (𝑘) + 𝛾𝑖𝑝𝑖 (𝑘 + 1), Q and R are
positive definite weight matrices, with 𝛾𝑖 denoting the discount factor.

By combining Equation (9) and rewriting TD error, we have:

[𝐾>(𝑠𝑖 (𝑘)) − 𝛾𝑖𝐾>(𝑠𝑖 (𝑘 + 1))]𝑊𝑖𝑐 = 𝑠
>
𝑖 (𝑘)Q𝑠𝑖 (𝑘) + 𝑢>𝑖 (𝑘)R𝑢𝑖 (𝑘) + 𝜂𝑖 (𝑘) (10)

By multiplying both sides of Equation (10) by 𝐾 (𝑠𝑖 (𝑘)) and defining

𝐴̄ =
𝑁sam∑
𝑘=1

𝐾 (𝑠𝑖 (𝑘)) (𝐾>(𝑠𝑖 (𝑘)) − 𝛾𝑖𝐾>(𝑠𝑖 (𝑘 + 1)))

𝐵̄ =
𝑁sam∑
𝑘=1

𝐾 (𝑠𝑖 (𝑘)) (𝑠>𝑖 (𝑘)Q𝑠𝑖 (𝑘) + 𝑢>𝑖 (𝑘)R𝑢𝑖 (𝑘))
(11)

where 𝐴̄ is a full-rank matrix. By minimizing the TD error, the optimal network weights can be obtained
through the least-squares method, which is:

𝑊𝑖𝑐 = 𝐴̄
−1𝐵̄ (12)

Based on the above analysis, the KLSPI method is employed to learn local policies for AVs from collected
high-dimensional samples. This method enables real-time derivation of the local utility function 𝑝𝑖 during the
online deployment phase, which constitutes a component of the 𝑖-th vehicle’s local state-action value function.
Then, the optimized decision action can be computed online based on the derived function.

3.3. Online decision-making using coordination graphs
In the proposed LCDMC method for MAVs, a cooperative relationship is established among vehicles across
different lanes. TheMax-plus message passing mechanism is utilized to iteratively propagate local joint-action
rewards through cooperative communication edges, enabling optimized decision-making for MAVs.

The cooperative interactions among AVs are inherently dynamic due to themulti-vehicle traffic flow dynamics.
At unsignalized intersections, an undirected edge betweenAVs 𝑖 and 𝑗 is established if their pathsmay intersect.
The potential path intersection is determined based on the distance and speed of the preceding and following
vehicles once an AV enters the decision zone [40]. As shown in Figure 4, when a left-turning AV enters the
decision zone, it observes the speed and distance of the nearest leading and following AVs in the straight lane.
If no AV is detectable within the perception range, the distance and speed of neighboring vehicles are set to a
predefined large constant. The position coordinate of AV 𝑖 is represented as 𝑧𝑖 = [𝑥𝑖 , 𝑦𝑖]>. Based on potential
path intersections, the neighbors of vehicle 𝑖 are defined as follows

N𝑖 = { 𝑗 : 𝑗 ≠ 𝑖, (𝑧𝑖 ∈ 𝐴𝑖 ∨ 𝑧 𝑗 ∈ 𝐴 𝑗 )} (13)
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Coordination edge

Figure 4. Cooperative relationships in MAV systems. MAV: Multiple autonomous vehicle.

where 𝐴𝑖 and 𝐴 𝑗 denote the decision zones of vehicles 𝑖 and 𝑗 in their respective lanes, as shown by the shaded
regions in Figure 4.

After AV 𝑖 acquires coordination edges and neighboring vehicles, the local collaborative state is represented as
𝛹𝑖 (𝑡) = [𝑧>𝑖 , 𝑧>𝑗 ]>, where 𝑗 ∈ N𝑖 . Upon executing the joint action, the collaborative state transitions to𝛹𝑖 (𝑘+1).
The collaborative utility function between adjacent AVs in the current state is defined as

𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) = |𝑧𝑖 (𝑘 + 1) − 𝑧 𝑗 (𝑘 + 1) | (14)

where 𝑧ℎ (𝑘 + 1), (ℎ = 𝑖, 𝑗) represents the predicted distance of vehicle ℎ to the target position 𝑧𝑚 = [𝑥𝑚 , 𝑦𝑚]>,
and

𝑧ℎ (𝑘 + 1) =
√
(𝑑𝑥ℎ (𝑘 + 1))2 + (𝑑𝑦ℎ (𝑘 + 1))2 (15)

where 𝑑𝑥ℎ (𝑘 + 1) = 𝑥ℎ (𝑘 + 1) − 𝑥𝑚 , and 𝑑𝑦ℎ (𝑘 + 1) = 𝑦ℎ (𝑘 + 1) − 𝑦𝑚 , with ℎ = 𝑖, 𝑗 .

The term 𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) characterizes the influence of joint actions between AVs in cooperative settings. Utilizing
dynamic coordination graphs, the Max-plus message propagation mechanism enables AVs to determine opti-
mal joint actions that maximize the predicted distance. Specifically, the mechanism prioritizes vehicles closer
to their target positions for intersection crossing, while guaranteeing collision avoidance. This approach facil-
itates safe and coordinated multi-vehicle navigation at unsignalized intersections.

The computational complexity of the coordination graph primarily stems from two components: coordination
edge updates andmessage propagation. Coordination edge updates refer to the distance computation between
vehicles during each path intersection detection, whilemessage propagation denotes the iterative process of the
Max-plus algorithm along each edge until convergence. The complexity is 𝑂 (𝑘𝑚(𝑛 +𝑚) |𝜖 |), where 𝑘 denotes
the number of message-passing iterations, 𝑚 is the action space size of a single agent, 𝑁 and |𝜖 | represent the
number of agents and coordination edges [36], respectively.

The forming and dissolving of edges in the coordination graph are primarily determined by the vehicles’ traver-
sal tasks and spatial correlations. The specific rules are as follows. Edge forming triggered by paths intersect:
each lane at an intersection has a designated decision zone. When a vehicle enters this zone, its onboard
sensors detect the speed and position of leading and following vehicles in adjacent lanes. If the detected ve-
hicles’ trajectories spatially intersect, a coordination edge is established, indicating the need for cooperative
decision-making. Edge dissolving triggered by complete traversal or distance threshold: the system removes
the corresponding coordination edge when an AV either completes cooperative traversal or exits the decision
zone, thereby reducing computational complexity.
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3.4. RHRL controller for real-time trajectory tracking
A RHRL approach is designed to achieve trajectory tracking control of the AVs in this section, with the refer-
ence velocity profile determined through multi-vehicle cooperative decision-making. The kinematic model of
an Ackermann-steering AV is given as 

¤𝑥𝑖
¤𝑦𝑖
¤𝜑𝑖

 =


cos 𝜑𝑖
sin 𝜑𝑖

tan 𝛿𝑖/𝐿

 𝑣𝑖 (16)

where 𝑥𝑖 , 𝑦𝑖 , 𝜑𝑖 represent the vehicle’s x-coordinate, y-coordinate, and yaw angle in the global coordinate sys-
tem, respectively; and 𝛿𝑖 ,𝑣𝑖 , 𝐿 denote the front wheel steering angle, longitudinal velocity, and wheelbase,
respectively. The tracking error is defined as 𝑒(𝑘) = 𝑧𝑖 (𝑘) − 𝑟𝑖 (𝑘), where 𝑧𝑖 = [𝑥𝑖 , 𝑦𝑖 , 𝜑𝑖]>, 𝑟𝑖 = [𝑥𝑖𝑟 , 𝑦𝑖𝑟 , 𝜑𝑖𝑟 ]>
represents the actual and reference trajectory. Furthermore, transforming the tracking error into the local
coordinate system yields

𝑒𝑖 (𝑘) =

𝑒𝑖𝑥
𝑒𝑖𝑦
𝑒𝑖𝜑

 =


cos 𝜑𝑖 sin 𝜑𝑖 0
− sin 𝜑𝑖 cos 𝜑𝑖 0

0 0 1

 𝑒𝑖 (𝑘) (17)

By combining Equations (16) and (17), the tracking error dynamics can be discretized as follows:
𝑒𝑖𝑥 (𝑘 + 1) = 𝑒𝑖𝑥 (𝑘) + Δ𝑡 (𝑣𝑖 (𝑘)

tan 𝛿𝑖 (𝑘)
𝐿

𝑒𝑖𝑦 (𝑘) − 𝑣𝑖 (𝑘) + 𝑣𝑖𝑟 (𝑘) cos 𝑒𝑖𝜑 (𝑘))

𝑒𝑖𝑦 (𝑘 + 1) = 𝑒𝑖𝑦 (𝑘) + Δ𝑡 (−𝑣𝑖 (𝑘)
tan 𝛿𝑖 (𝑘)

𝐿
𝑒𝑖𝑥 (𝑘) + 𝑣𝑖𝑟 (𝑘) sin 𝑒𝑖𝜑 (𝑘))

𝑒𝑖𝜑 (𝑘 + 1) = 𝑒𝑖𝜑 (𝑘) + Δ𝑡 (−𝑣𝑖 (𝑘)
tan 𝛿𝑖 (𝑘)

𝐿
+ 𝑣𝑖𝑟 (𝑘)

tan 𝛿𝑖𝑟
𝐿
)

(18)

where 𝑣𝑖𝑟 denotes the reference velocity corresponding to the decision action, Δ𝑡 represents the sampling in-
terval, and 𝛿𝑖𝑟 indicates the front wheel steering angle of the reference trajectory. For the tracking control
problem of the nonlinear discrete-time system (16), a finite horizon performance index is defined as

𝐽𝑖 (𝑒𝑖 (𝑘)) =
𝑘+𝐻−1∑
𝜏=𝑘

𝑈𝑖 (𝑒𝑖 (𝜏), 𝑢𝑖 (𝜏)) + 𝑒>𝑖 (𝑘 + 𝐻)𝑃𝑖𝑒𝑖 (𝑘 + 𝐻) (19)

where𝑈𝑖 (𝑒𝑖 (𝜏), 𝑢𝑖 (𝜏)) represents the reward function for vehicle 𝑖,𝑈𝑖 (𝑒𝑖 (𝜏), 𝑢𝑖 (𝜏)) = 𝑒>𝑖 (𝜏)Q̂𝑖𝑒𝑖 (𝜏)+𝑢>𝑖 (𝜏)R̂𝑖𝑢𝑖 (𝜏),
where Q̂ and R̂ are predefined positive definite weighting matrices. The prediction horizon length 𝐻 is a posi-
tive integer. The terminal penalty function is given as 𝑒>𝑖 (𝑘 + 𝐻)𝑃𝑖𝑒𝑖 (𝑘 + 𝐻), and the terminal penalty matrix
𝑃𝑖 can be obtained by solving the Riccati equation for the linearized discrete-time system [41].

At the sampling instant 𝑘 , the learning strategy is implemented over the prediction horizon [𝑘, 𝑘 +𝐻 −1], and
the corresponding value function is expressed as

𝑉∗𝑖 (𝑒𝑖 (𝜏)) = 𝑈𝑖 (𝑒𝑖 (𝜏), 𝑢𝑖 (𝜏)) +𝑉∗𝑖 (𝑒𝑖 (𝜏 + 1)), 𝜏 ∈ [𝑘, 𝑘 + 𝐻 − 1]
𝑉∗𝑖 (𝑒𝑖 (𝜏)) = 𝑒𝑖 (𝜏)>𝑃𝑖𝑒𝑖 (𝜏), 𝜏 = 𝑘 + 𝐻

(20)

The costate of the value function is defined as 𝜆𝑖 (𝜏) = 𝜕𝑉𝑖 (𝜏)/𝜕𝑒𝑖 (𝜏), and the optimal costate is given as

𝜆∗𝑖 (𝜏) = 2Q̂𝑖𝑒𝑖 (𝜏) +
[
𝜕𝑒𝑖 (𝜏+1)
𝜕𝑒𝑖 (𝜏)

]>
𝜆∗𝑖 (𝜏 + 1), 𝜏 ∈ [𝑘, 𝑘 + 𝐻 − 1]

𝜆∗𝑖 (𝑘 + 𝐻) = 2𝑃𝑖𝑒𝑖 (𝑘 + 𝐻)
(21)

Then, the optimal control output is defined as

𝑢∗𝑖 (𝑒𝑖 (𝜏)) = arg min
𝑢𝑖
(𝑈𝑖 (𝑒𝑖 (𝜏), 𝑢𝑖 (𝜏)) +𝑉∗𝑖 (𝑒𝑖 (𝜏 + 1)))

= −1
2
R̂−1
𝑖

[
𝜕 (𝑒𝑖 (𝜏 + 1))
𝜕𝑢∗𝑖 (𝜏)

]>
𝜆∗𝑖 (𝜏 + 1)

(22)
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Due to the difficulty in obtaining analytical expressions of the control input for nonlinear systems, an actor-
critic RL framework is adopted to learn the policy within the prediction horizon. This framework utilizes a
value iteration approach, in which neural networks are employed to approximate the costate function and the
optimal control input. The structure of the critic network is expressed as:

𝜆̂𝑖 (𝜏) = 𝑊>𝑐𝑖𝜎𝑐 (𝑒𝑖 (𝜏)) (23)

where𝑊𝑐𝑖 and 𝜎𝑐 (·) represent the weight matrices from the hidden layer to the output layer, and the activation
function of the critic network, respectively. The TD error of the critic network is defined as 𝜂𝑐𝑖 (𝜏) = 𝜆̂𝑖 (𝑒𝑖 (𝜏))−
𝜆̄𝑖 (𝑒𝑖 (𝜏)), where

𝜆̄𝑖 (𝜏) = 2Q̂𝑖𝑒𝑖 (𝜏) +
[
𝜕 (𝑒𝑖 (𝜏 + 1))
𝜕𝑒𝑖 (𝜏)

]>
𝜆̂𝑖 (𝜏 + 1), 𝜏 ∈ [𝑘, 𝑘 + 𝐻 − 1]

𝜆̄𝑖 (𝑘 + 𝐻) = 2𝑃𝑖𝑒𝑖 (𝑘 + 𝐻)
(24)

The critic network approximates the optimal costate by minimizing the error function 𝐸𝑐𝑖 (𝜏) = 1
2 (𝜂𝑐𝑖 (𝜏))2.

Using the gradient descent method, the update rule for the network weights is formulated as

𝑊𝑐𝑖 (𝜏 + 1) = 𝑊𝑐𝑖 (𝜏) − 𝛼𝑐𝜂𝑐𝑖 (𝜏)
𝜕𝜆̂𝑖 (𝜏)
𝜕𝑊𝑐𝑖 (𝜏)

(25)

where 0 < 𝛼𝑐 < 1 is the learning rate of the critic network.

The actor network of the AV is a three-layer neural network that takes the tracking error 𝑒𝑖 as input and
approximates the control input 𝑢𝑖 . Its structure is as follows

𝑢̂𝑖 (𝜏) = 𝑊>𝑎𝑖𝜎𝑎 (𝑒𝑖 (𝜏)) (26)

where𝑊𝑎𝑖 and 𝜎𝑎 (·) represent the weight matrices from the hidden layer to the output layer, and the activation
function of the actor network, respectively. The approximation error of the actor network is defined as 𝜂𝑎𝑖 (𝜏) =
𝑢̂𝑖 (𝜏) − 𝑢̄𝑖 (𝜏), with 𝑢̄𝑖 (𝜏) = − 1

2 R̂−1
𝑖

[
𝜕 (𝑒𝑖 (𝜏+1))
𝜕𝑢𝑖 (𝜏)

]>
𝜆̂𝑖 (𝜏 + 1). The actor network approximates the optimal control

input by minimizing the error function 𝐸𝑎𝑖 (𝜏) = 1
2 (𝜂𝑎𝑖 (𝜏))2. Based on the gradient descent method, the

update rule for the network weights is given as

𝑊𝑎𝑖 (𝜏 + 1) = 𝑊𝑎𝑖 (𝜏) − 𝛼𝑎𝜂𝑎𝑖 (𝜏)
𝜕𝑢̂𝑖 (𝜏)
𝜕𝑊𝑎𝑖 (𝜏)

(27)

where 0 < 𝛼𝑎 < 1 is the learning rate of the actor network.

Employing the RHRL approach, an optimized control sequence is learned within the prediction horizon at
time step 𝑘 , and the first element is applied to the system. The actor-critic networks maintain continuity
between adjacent prediction horizons by leveraging prior experience during learning, thereby accelerating
policy convergence and improving real-time computational efficiency.

The online learning computational complexity of the RHRL approach stems from Equations (25) and (27),
which is approximately 𝑂 (𝐻 (𝑛𝑐𝑖 + 𝑛𝑢𝑖 + 𝑛𝑖)𝑛𝑖), where 𝐻, 𝑛𝑖 , 𝑛𝑐𝑖 , and 𝑛𝑢𝑖 denote the prediction horizon length,
the dimension of input layer, the number of hidden layer neurons in the critic and the actor network, respec-
tively [41]. Additionally, the proposed approach obtains optimized control policies with an explicit structure,
enabling direct deployment of the learned policy with reduced complexity𝑂 (𝑛𝑢𝑖𝑛𝑖), thusmeeting the real-time
control requirements of AVs.

Based on the above analysis, the offline learning phase of the proposed method employs KLSPI to learn local
policies from high-dimensional collected samples, which improve the computational efficiency and policy
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Algorithm 1The LCDMC Algorithm

Require: maximum simulation step 𝑘max, maximum number of iterations 𝑙max for policy iteration, conver-
gence threshold 𝜚;

Ensure: Decision action 𝑎𝑖 for 𝑖-th vehicle;
Offline Phase

1: // Collect samples
2: for 𝑘 = 1 to 𝑘max do
3: Randomly initialize the vehicle’s distance within the range [0, 𝑑max] and speed within [0, 𝑣max], then

record 𝑠𝑖 (𝑘) ← [𝑣𝑖 , 𝑣 𝑓 𝑖 , 𝑑 𝑓 𝑖 , 𝑣𝑟𝑖 , 𝑑𝑟𝑖];
4: Randomly select an action 𝑎𝑖 (𝑘), and compute the control law 𝑢𝑖 (𝑘) = 𝜋(𝑠𝑖 (𝑘));
5: Determine the reward 𝑅𝑖 via Equation (6), then store the sample S ∪ [𝑠𝑖 (𝑘), 𝑎𝑖 (𝑘), 𝑠𝑖 (𝑘 + 1), 𝑅𝑖];
6: end for

// Train policy
7: Extract the sample features using Equation (7);
8: for 𝑙 = 1 to 𝑙max do
9: Construct the approximation structure of the local utility function via Equation (9);
10: Update the policy𝑊𝑖𝑐 using Equation (12);
11: if



𝑊 𝑙
𝑖𝑐 −𝑊 𝑙−1

𝑖𝑐



 < 𝜚 then
12: 𝑊∗𝑖𝑐 = 𝑊

𝑙
𝑖𝑐 ;

13: break;
14: end if
15: end for

// Online Deployment
16: Compute the local collaborative utility function via Equation (14);
17: Determine the message value using Equation (3);
18: Calculate the state-action value function 𝑄𝑖 of the 𝑖-th vehicle via Equation (4).
19: Obtain the optimal decision action for the vehicle: 𝑎∗𝑖 = arg max𝑎𝑖 𝑄𝑖 (𝑎𝑖);
20: Update the state of the 𝑖-th vehicle using the control policy in Equation (26).

convergence. During the online deployment phase, when AV 𝑖 enters the decision zone, communication edges
with neighboring vehicles 𝑗 on adjacent lanes are established. A collaborative utility function 𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) is
introduced, which characterizes the performance of joint actions between vehicles 𝑖 and 𝑗 . Simultaneously,
vehicle 𝑖 deploys the learned policy and obtains the local utility function 𝑝𝑖 (𝑎𝑖) for different decisions. The final
decisions are determined by combining the local utility function 𝑝𝑖 (𝑎𝑖) with the collaborative utility function
𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) through the iterative message passing Equation (3). The optimized decision output serves as the
reference signal for RHRL-based trajectory tracking control, ensuring safe and efficient intersection traversal.
The proposed algorithm is summarized in Algorithm 1.

4. SIMULATION VERIFICATIONS
This section validates the efficacy and superiority of the proposed LCDMCmethod for MAVs at unsignalized
intersections. In these scenarios, AVs in each lane must monitor the trajectories of neighboring vehicles with
potential conflicts and employ appropriate coordination mechanisms to ensure safe and efficient traversal to
their target lanes. In the simulation, the lane width, vehicle length, and vehicle width are set as 3.75, 4, and
1.54 m, respectively; the sampling interval is Δ𝑡 = 0.1 s, and the sample set size per vehicle is 𝑁sam = 30, 000.
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A1A2

A3

A4

Figure 5. Illustration of MAVs intersection traversal scenario 1. MAVs: Multiple autonomous vehicles.

Table 2. The parameters for local policy learning

Lane 𝛾𝑖 Kernel width 𝜇𝑖 Iteration error threshold

Lane 1 0.95 20 0.6 10−5

Lane 2 0.95 30 0.5 10−5

Lane 3 0.95 5 0.5 10−5

4.1. Scenario 1: MAVs coordination at an unsignalized T-shaped intersection
In scenario 1, AVs in Lane 1 perform left turns, while AVs in Lanes 2 and 3 continue straight, as depicted in
Figure 5. During navigation, vehicles estimate the motion states of neighboring AVs. By establishing coordi-
nation edges with neighbors, they compute optimal actions for safe intersection traversal. The state definitions
for AVs in scenario 1 are specified as follows: When an AV in Lane 1 enters decision zone 𝐴1, it establishes
coordination edges with AVs in Lane 2. By observing the velocity and relative distances of vehicles in Lane 2,
the state vector 𝑠1(𝑘) = [𝑣1, 𝑣 𝑓 2, 𝑑 𝑓 2, 𝑣𝑟2, 𝑑𝑟2] is recorded. Upon entering decision zone 𝐴2, the AV in Lane
2 establishes coordination edges with AVs in Lane 1, acquiring its state vector 𝑠2(𝑘) = [𝑣2, 𝑣 𝑓 1, 𝑑 𝑓 1, 𝑣𝑟1, 𝑑𝑟1].
When an AV in Lane 1 enters decision zone 𝐴3, it establishes coordination edges with AVs in Lane 3 and
acquires its state vector 𝑠1(𝑘) = [𝑣1, 𝑣 𝑓 3, 𝑑 𝑓 3, 𝑣𝑟3, 𝑑𝑟3]. Similarly, when an AV in Lane 3 enters decision zone
𝐴4, it observes the states of vehicles in the left-turn lane and establishes coordination. The dashed bounding
boxes mark AVs that have completed their traversal tasks.

During the sampling phase for scenario 1, vehicle states are sampled according to the parameters in Table 1.
Each vehicle randomly selects an action (acceleration, deceleration, or maintaining speed) and executes it for 5
s. The updated state vector 𝑠𝑖 (𝑘 +1) is then recorded, including the ego vehicle’s velocity, neighboring vehicles’
velocities, and their relative distances. The reward 𝑅𝑖 (𝑘) is computed based on the state transition via Equation
(6), yielding the experience tuple [𝑠𝑖 (𝑘), 𝑎𝑖 (𝑘), 𝑠𝑖 (𝑘+1), 𝑅𝑖 (𝑘)] for policy learning. Theminimum safe distance
is set to 3 m, with collisions detected when longitudinal inter-vehicle distances in adjacent lanes fall below this
threshold. Upon collecting 𝑁sam samples per vehicle, theALDmethod performs kernel sparsification to extract
model features, with training parameters listed in Table 2. The kernel dictionary dimensions obtained via ALD
are 193, 240, and 323 for the three lanes, respectively. The policy converges after 7 offline training iterations,
with the weight convergence shown in Figure 6. The learned policy is subsequently deployed at unsignalized
intersections to evaluate the performance of the proposed LCDMC algorithm. Figure 7 shows the steering
angle responses for vehicles across different lanes, where red and green curves represent leading and following
AVs, respectively.

Figure 8 demonstrates the cooperative decision-making and motion trajectories at typical time instants in
scenario 1, where sd and acc represent deceleration and acceleration, respectively. Initially, vehicles in each lane
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Figure 6. Convergence process of local policy learning via KLSPI. KLSPI: Kernel-based least-squares policy iteration.
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Figure 7. The steering angles of the leading and following AVs on different lanes in scenario 1. AVs: Autonomous vehicles.

are randomly positioned within [0, 50]m of the intersection, with randomly generated velocities in [0, 10]m/s.
Before entering the decision zones, all vehicles maintain tracking control with a constant speed of 8 m/s. At 𝑡
= 1.3 s, the red-marked vehicle c0 on Lane 1 enters the decision zone 𝐴1 and detects the blue-marked vehicle
c2 on Lane 2 near the convergence point. By integrating 𝑝𝑖 with the collaborative utility function 𝑝𝑖 𝑗 , the
Max-plus algorithm derives optimal actions:c0 decelerates while c2 accelerates through the zone. At 𝑡 = 3.3
s, vehicle c0 enters decision zone 𝐴3 and observes a preceding vehicle on Lane 3. Given that c0 is closer to
the convergence point than the trailing vehicle c5 on Lane 3, the control strategy determines that c0 should
accelerate while c5 should decelerate. At 𝑡 = 4.4 s, black-marked vehicle c3 on Lane 1 enters the decision zone.
Detecting that its preceding vehicle is still traversing the zone and no trailing vehicles are within sight, the
LCDMC assigns deceleration to c3 and acceleration to green-marked vehicle c1. At 𝑡 = 4.9 s, c3 observes that
the preceding vehicle c1 has cleared the intersection, while c1 detects vehicle c5 ahead with no trailing vehicles.
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Figure 8. The cooperative decision-making and motion trajectories of MAVs at typical time instants in scenario 1. MAVs: Multiple au-
tonomous vehicles.

Both c3 and c1 execute acceleration. By 𝑡 = 7 s, all AVs have successfully negotiated the intersection.

From Figures 7 and 8, it can be observed that the following vehicles dynamically adjust their acceleration
based on the velocity and distance of the leading vehicles, while considering their own speed. This behavior is
consistent with the car-following model [35] and effectively prevents collisions.

The performance metrics of the algorithms are statistically analyzed to demonstrate the superiority of the
proposed approach. Each algorithm is evaluated over 1,000 test trials. The performance metrics, including
average execution time and its standard deviation, collision rate, failure rate, and comfort level, are presented
in Table 3. Traversal time denotes the duration for all vehicles to completely pass the intersection and reach
their target lanes. Collision rate counts the percentage of collision occurrences across 1,000 trials. Failure rate
represents the percentage of trials in which vehicles remainwithin the intersection after 10 s, failing to complete
traversal. Comfort is quantified as the average root mean square (RMS) of vehicle accelerations, where lower
values indicate higher comfort. Independent learning is a decentralized RL approach in which multiple agents
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Table 3. Performance metrics statistics for scenario 1

Method Collision rate (%) Failure rate (%) Comfort
Avg. Time (s) Std. Dev.

LCDMC 7.3976 0.3340 0 0 0.4877
Independent learning 8.8453 0.8298 22.8 0.91 0.5435

LCDMC: Learning-based cooperative decision-making and control.
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Figure 9. Illustration of MAVs intersection traversal scenario 2. MAVs: Multiple autonomous vehicles.

independently learn their state-action value functions without coordination or communication [38], treating
others as part of the environment and updating their functions based on individual observations and rewards.
The independent learning method [38] deploys identical policies to those in the proposed LCDMC approach,
it does not consider the performance of joint actions.

As demonstrated in Table 3, the proposed LCDMCmethod achieves higher traffic throughput efficiency com-
pared to independent learning approaches at unsignalized intersections. This improvement is attributed to
LCDMC’s cooperative decision-making mechanism, which evaluates joint-action performance through the
Max-plus message propagation mechanism, facilitating timely and rational decisions that reduce traversal
time. In contrast, in independent learning approaches, vehicles prioritize self-interest by maximizing indi-
vidual 𝑝𝑖 values, leading to aggressive traversal attempts and frequent collisions. Conversely, the collaborative
utility function in LCDMC is designed to prevent collisions while improving overall efficiency. Across 1,000
trials, independent learning exhibited larger standard deviations in intersection traversal time and more fre-
quent exceedances of the 10 s timeout threshold. The LCDMC algorithm achieved smoother velocity profiles
and superior comfort metrics. These results demonstrate that LCDMC outperforms independent learning in
multi-vehicle intersection scenarios in terms of traffic throughput efficiency, collision avoidance and motion
stability.

4.2. Scenario 2: MAVs coordination at a complex unsignalized T-shaped intersection
Scenario 2 extends scenario 1 by introducing more complexity in the intersection traffic conditions. In this
scenario, AVs in Lane 2 proceed straight, while AVs in Lane 1 and Lane 3 perform left turns, as illustrated in
Figure 9. During traversal, AVs in different lanes must consider the motion states of neighboring vehicles to
establish cooperative relationships and make rational decisions for safe intersection crossing. The learned pol-
icy is deployed in the unsignalized T-junction scenario to evaluate the performance of the LCDMC algorithm.
Figure 10 shows the coordinated decision-making and motion trajectories at typical timestamps in scenario 2.

Similar to scenario 1, we conducted 1,000 test trials for cooperative decision-making forMAVs in scenario 2 to

Avg. Time (s) Std. Dev.

Travel time
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Figure 10. The cooperative decision-making and motion trajectories of MAVs at typical time instants in scenario 2. MAVs: Multiple au-
tonomous vehicles.

validate the algorithm’s superiority. Statistical results of performance metrics are listed in Table 4. The results
demonstrate that LCDMC achieves higher traffic throughput efficiency than independent learning at unsignal-
ized intersections. This improvement stems from LCDMC’s coordinated decision-making mechanism, which
evaluates joint-action performance during policy deployment and leverages message propagation to achieve
time-optimal decisions, which reduce traversal time. In contrast, the vehicle action policy in independent
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Table 4. Performance metrics statistics for scenario 2

Method Collision rate (%) Failure rate (%) Comfort
Avg. Time (s) Std. Dev.

LCDMC 8.1132 0.4733 0 0.1 0.8572
Independent learning 8.9317 0.4618 27.2 4.1 0.6110

LCDMC: Learning-based cooperative decision-making and control.

Y

X

Figure 11. Illustration of MAVs intersection traversal scenario 3. MAVs: Multiple autonomous vehicles.

learning prioritizes individual rewards, leading to aggressive maneuvers and frequent collisions. LCDMC
mitigates this issue through a joint-action utility function that reflects the joint-action performance. Across
1,000 trials, LCDMC achieved a lower collision rate compared to independent learning. It should be noted
that LCDMC’s collision avoidance strategy occasionally requires deceleration commands, resulting in slightly
worse comfort metrics than independent learning. Overall, the results demonstrate LCDMC’s superiority in
multi-vehicle coordination efficiency and safety for complex intersection navigation.

4.3. Scenario 3: MAVs coordination at an unsignalized cross intersection
This subsection evaluates the proposed LCDMC algorithm for unsignalized cross intersections. The scenario is
illustrated in Figure 11, whereAVs perform straight-through, right-turn, and left-turnmaneuvers inmixed traf-
fic. Effective navigation requires cross-lane coordination mechanisms to enable optimized decision-making,
ensuring safe and efficient crossing. Figure 12 depicts the coordinated decision-making process and resulting
motion trajectories at typical time instants in scenario 3.

Subsequently, the performance metrics of different algorithms are calculated to validate the superiority of
the proposed approach. Each method undergoes 100 trials, and the performance metrics are recorded in
Table 5. The results show that independent learning exhibits a higher standard deviation in traversal time
compared to the proposed LCDMC algorithm. Independent learning yields a collision rate of 26% and a
failure rate of 14.5%, where failure is defined as exceeding the 13 s timeout threshold. LCDMC achieves

Avg. Time (s) Std. Dev.Avg. Time (s) Std. Dev.

Travel time
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Figure 12. The cooperative decision-making and motion trajectories of MAVs at typical time instants in scenario 3. MAVs: Multiple au-
tonomous vehicles.

better comfort performance compared to independent learning. Overall, LCDMC outperforms independent
learning for MAVs in intersection scenarios in terms of traffic throughput efficiency, collision avoidance and
driving smoothness. These results align with scenarios 1 and 2.

The LCDMC algorithm integrates KLSPI to compute the local utility function 𝑝𝑖 . Meanwhile, the collaborative
utility function 𝑝𝑖 𝑗 (𝑎𝑖 , 𝑎 𝑗 ) predicts the joint-action performance of AVs in adjacent lanes, enabling coordinated
decision-making. Message propagation across coordination graphs drives an optimized decision policy. The
resulting decision is converted into a reference velocity for AV trajectory tracking control via a RHRL approach.
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Table 5. Performance metrics statistics for scenario 3

Method
Travel time

Collision rate (%) Failure rate (%) Comfort
Avg. Time (s) Std. Dev.

LCDMC 11.0440 0.3063 0 0 0.7136
Independent learning 11.8831 0.9657 26 14.5 0.7260

LCDMC: Learning-based cooperative decision-making and control.

Multiple simulation scenarios demonstrate that the proposed LCDMC method improves policy learning effi-
ciency and ensures safe and efficient cooperative navigation of MAVs at unsignalized intersections.

5. CONCLUSIONS
Aimed at the low traffic efficiency of multi-vehicle navigation at unsignalized intersections, a LCDMCmethod
for MAVs is proposed. LCDMC approach enhances the representational capacity of value functions in multi-
agent RL, thereby improving the coordination performance in decision-making and control. The LCDMC
algorithm comprises an offline policy learning phase and an online deployment phase. It decomposes the
system’s global value function into two components: a local state-action value function and a utility function
for the joint actions of vehicles. Unlike independent learning methods that solely focus on individual perfor-
mance, the LCDMCmethod introduces a coordination graph during the policy deployment phase to effectively
characterize the performance of joint actions among MAVs. The optimized policy is derived through iterative
message passing among neighboring AVs with cooperative relationships. Moreover, a receding-horizon-based
controller is designed, which can enhance the system’s real-time performance. Finally, various simulation re-
sults demonstrate that the LCDMCmethod exhibits superior performance in both traffic efficiency and safety
for cooperative navigation of MAVs at unsignalized intersections.
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