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Abstract

Intelligent transportation systems require connected and automated vehicles (CAVs)
to conduct safe and efficient cooperation with human-driven vehicles (HDVs) in
complex real-world traffic environments. However, the inherent unpredictability
of human behaviors, especially at bottlenecks such as highway on-ramp merging
areas, often disrupts traffic flow and compromises system performance when
a deep understanding of the environment, the agents’ intentions and humans’
driving styles across various scenarios is needed. To address the challenge of
cooperative on-ramp merging in heterogeneous traffic environments, this paper
introduces a trust-based multi-agent (Trust-MA) framework, integrating trust-based
reinforcement learning (RL) for individual interactions, a fine-tuned large language
model (LLM) for regional cooperation, a reward function for global optimization,
and the retrieval-augmented generation (RAG) mechanism to dynamically optimize
decision-making across complex driving scenarios. Comparative experiments
validate the effectiveness of the proposed Trust-MA approach, demonstrating
significant improvements in safety, efficiency, comfort, and adaptability in multi-
agent environments. These findings highlight the significant impact of cascading
coordinated communication and dynamic functional alignment in advanced, human-
like multi-agent autonomous driving environments.

1 Introduction

With the rapid development of connected and automated vehicles (CAVs), cooperative control
based on CAVs has emerged as a solution to transform urban mobility and intelligent transportation
systems [[113]]. Reinforcement learning (RL) stands out as a subfield that focuses on enabling agents
to learn decision-making and action-taking in multi-agent environments, striving to achieve specific
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Figure 1: Overview of the proposed hierarchical multi-agent optimization framework

goals through trial-and-error learning . However, these approaches encounter several challenges:
1) Sample inefficiency and lack of generalization in online learning. 2) Difficulty in promoting general
cooperative behaviors across diverse tasks. 3) Complexity in interpreting cooperative mechanisms.

Trust, as observed in human interactions, is a dynamic construct shaped by past interactions, behav-
ioral expectations, and real-time observations [8]]. In human-centered autonomous systems, trust
has been widely studied as a means to enhance collaboration and mitigate conflict in shared en-
vironments [9, [I0]. However, existing approaches often treat trust as a static or linearly evolving
variable [T1]], and are largely confined to homogeneous agent settings [12], limiting their generaliza-
tion and adaptability to real-world traffic scenarios.

Notably, devising accurate reward functions to encourage safe, efficient, and human-like driving
behaviors remains a significant hurdle. A promising shift is emerging with the advent of in-context
learning in multi-agent systems [14]], where large language models (LLMs) learn and make
predictions based on immediate examples within the input context, without the need for additional fine-
tuning or retraining. Through natural language prompts to specify objectives, LLMs translate agents’
intentions into actionable reward signals, intuitively guiding RL agents towards desired outcomes
[15]. This innovative interaction between LLMs and RL agents not only advances automated driving
technology but also highlights LLMs’ versatility in complex decision-making processes. However, it
is challenging to combine RL agents and LLM, because the RL method requires a large number of
interactive samples and is prone to local optimality. In contrast, the LLM enhancement method has
strong generalization capabilities, but it is difficult to meet real-time response requirements.

To overcome these challenges, a novel trust-based multi-agent (Trust-MA) framework is proposed
in this paper. The core idea of our framework is to leverage RL for individual-level interactions to
ensure efficiency and responsiveness, while integrating fine-tuned LLM for smooth collaboration
at the regional and global level. Besides, integrating a dynamic trust mechanism enables CAVs
to continuously assess the reliability and behavioral tendencies of neighboring vehicles based on
historical interactions and real-time observations. The main contributions of this paper are as follows:

* Hierarchical Multi-Agent Optimization: (Figure[T), which divides the multi-agent opti-
mization problem into three levels: individual, regional, and global level.

* Dynamic Trust Mechanism (Figure[2), which is continuously evolved based on historical
interactions and real-time observations to modulate cooperative behaviors.

* Integration of RL and LLMs, which adopts RL’s high responsiveness for individual
optimization, and a fine-tuned LLM to utilize its spatial and advanced semantic reasoning
capabilities, augmented by road network images and high-level semantic information.
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Figure 2: Overview of the proposed dynamic trust mechanism

2 Methodology

2.1 Partially Observable Markov Decision Process

CAVs are modeled as decentralized agents in a partially observable Markov decision process
(POMDP), defined by the tuple:

M= <N78, {Az}apa {Rz}a {01}77> (1)

where N: The set of agents, S: The global environment state, A;: The joint action space of agent 7 at
each timestep, P: The transition function governed by car-following and lane-changing dynamics,
R;: The reward function for agent ¢, which is introduced in detail in the next subsection, O;: The
observation space of agent ¢, which includes local features within its scan range, and ~: The discount
factor for future rewards.

Each CAV agent i € Ncay receives an observation o; € O; of the environment and selects an action
a; € A; based on a policy 7;(0;) to maximize expected discounted reward:

Ji(m) =B | Y A" Ril(se, ar) 2
t=0

2.2 Reward Function Design

Trust is introduced as a latent variable T;;(t), representing agent 4’s belief in agent j’s cooperative
intention at time ¢. This trust level modulates cooperation strategies through a weighting factor A;(¢):

Rift) = (1= M) R (E) + N (R (2) @3)
The self-interested reward R (¢) for agent i is composed of three weighted components:
Rzelf(t) = wy - rls_afety (t) + we - rlgomfort(t) + W - T;:fﬁcienC)’(t) (4)
with:
P () = ke [N () < d] ®)
da;(t)
comfort [
gmin(0) = — | 2220 ©
ei:fﬁciency (t) = - |'Ui (t) - 'Udesired| @)
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where dih cadway (t) is the distance to the front vehicle, dg,s. is the safety threshold, is the jerk
(first derivative of acceleration), v;(t) is the current speed, vgesirea s the desired free-flow speed, and
J¥[x] is defined as a random variable which is 1 if x is true, and O if x is not true. The weights of
these components (ws, w,, and w,) are dynamically adjusted by the LLM based on current traffic
conditions, leveraging our RAG mechanism.

coop
()

The cooperative reward R, " (t) is computed as follows:

1

ROP(t) = 70

(2

> 0 REW) ®
JEN(t)

where Z;(t) = 3 c (1) Tij(t) is a normalization factor, and N;(t) denotes the set of neighbors

within the scan range. Then, we define a trust-based cooperation factor \;(¢), which determines the
balance between self-interested and cooperative rewards in the total reward signal:

7 (0) = min (1max (0,740 =T ), ©)

1—71

where 7 is a cooperation threshold. A higher trust value increases the influence of cooperative
components in the reward function, encouraging socially aligned human behavior.

2.3 Dynamic Trust Mechanism

Let T;;(t) € [0,1] denote the trust level that agent ¢ assigns to agent j at time step ¢. Trust is
dynamically updated after each interaction using an exponentially weighted formulation:

Tij(t+1) = (1 — &)Ty;(t) + & - 6(af), (10)

where & € (0, 1) is a smoothing factor and §(af;) € {0, 1} indicates whether agent j’s behavior at
time ¢ is perceived as cooperative from agent i’s perspective. Specifically:

Y

. 1, if a® contributes to agent i achieving its goal,
d(az) = J
J 0, otherwise.

This update mechanism allows the trust signal to encode both short-term behavior and long-term
cooperative trends, dynamically reflecting the reliability and social alignment of neighboring agents.

2.4 Large Language Model Coordination and Communication

At the individual level, RL agents process local state information from the environment, including
vehicle states and traffic conditions, to generate initial actions. These actions are then evaluated
through a policy mapping:

m(ai|st) = softmax(LLM(s., 6)), (12)

where 6 represents the LLM parameters and si encodes the agent’s current state. The LLM evaluates
this state information and produces logits that determine the likelihood of each possible action,
ensuring responsive local decision-making. It then analyzes these inputs during the critical thinking
phase to identify potential interactions and conflicts within its communication radius. In the final
reflection phase, the LLM assigns driving styles (conservative or aggressive) to each vehicle using
LoRA-based fine-tuning, adapting behavior to specific traffic contexts. The communication between
agents is facilitated through a vector generated by the LLM:

mi = LLM(s!, al, ) (13)

This vector m! contains essential state and intent information, enabling coordinated decision-making
among nearby vehicles. These coordinated decisions are then fed back to the global level, where they
influence the reward generation process through the RAG system. The LLM continuously updates
these communication vectors based on changing traffic conditions and vehicle interactions, creating
a dynamic feedback loop that ensures smooth traffic flow through real-time adaptation of driving
behaviors.



3 Experiments

3.1 Experiment Setup

Initially, simulation data are gathered, including screenshots from the HighWay Env simulator and
vehicle details generated by a well-trained RL model. The dataset comprises approximately 50,000
samples, derived from six different road maps and simulated around 600 times each, with three
different traffic densities and random spawn points, capturing about 10-20 timestamps per simulation.
The fine-tuning process of GLM-4v-9B with LoRA [16] involves applying low-rank decomposition to
the model’s linear layers, where only the low-rank matrices are updated, thereby reducing memory and
computational overhead. The LoRA layers of the model are fine-tuned on the dataset mentioned above
in PyTorch, with a learning rate of 5 x 10~4, a LoRA dimension of 16, and a LoRA alpha of 64, using
two A100 GPUs, while the remaining parameters are frozen. The performance metrics considered
include: Merging Success Rate, Average Merging Time, Collision Rate, and Throughput. We
compare the proposed method with several SOTA MARL benchmarks, including the multi-agent
advantage actor-critic (MAA2C) [17], the multi-agent proximal policy optimization (MAPPO) [18]],
and the multi-agent advantage actor-critic with Kronecker-factored trust region (MAACKTR) [19]].

3.2 [Experiment Results

Table 1: Performance under different traffic modes

(a) Easy Mode (4-7 vehicles in control range)

Model Merging Success Rate (%) | Avg. Merging Time (s) | Collision rate | Throughput (vehicles/hour)
MAA2C T8+2 25+12 0.03+ 0.01 271 £ 10
MAPPO 86+ 2 24+1.1 0+ 0.01 290 + 10
MAACKTR 75+ 1.5 24+1.1 0.09+ 0.01 273+ 10
Trust-MA 92+ 1.5 20+ 1.0 0+ 0.01 297+ 10
{b) Medium Mode (5-10 vehicles in control range)
Model Merging Success Rate (%) | Avg. Merging Time (s) | Collision Rate | Throughput (vehicles/hour)
MAA2C 58+2 28+1.3 0.10 £ 0.02 487 = 15
MAPPO TO+2 27+1.2 0.04 + 0.01 563+ 14
MAACKTR 60+1.5 27+1.2 0.14 + 0.02 492+ 15
Trust-MA 83+15 23+1.1 0+0.01 583+12
(c) Hard Mode (6-13 vehicles in control range)
Model Merging Success Rate (%) | Avg. Merging Time (s) | Collision Rate | Throughput (vehicles/hour)
MAA2C 55+2 35+1.5 0.33 £0.15 780 + 20
MAPPO 64 +2 34+1.5 0.19+0.1 810+ 18
MAACKTR 57+ 1.5 33+1.5 0.26 + 0.05 783+ 19
Trust-MA 75+1.5 29+1.2 0+0.01 953+ 15

In low traffic density (Easy Mode) scenarios, our Trust-MA achieved a merging success rate of 0.92.
The average merging time was 20 seconds, with no recorded accidents. These results indicate that
under low traffic density conditions, the Trust-MA can perform merging maneuvers efficiently and
safely with minimal delays. With medium traffic density (Medium Mode), the merging success rate
slightly decreased to 0.83. The average merging time increased to 23 seconds, with no observed
collisions in this capacity, highlighting areas for further optimization. The results suggest that while
the system remains effective under moderate traffic, there is a slight increase in complexity and
risk. The high traffic density (Hard Mode) scenarios presented significant challenges, but the system
managed a 0.75 merging success rate. The average merging time was 29 seconds, with no accidents
happened. These results indicate the need for improved coordination under high-density conditions.

4 Conclusion

This study presents the Trust-MA framework, aimed at enhancing autonomous driving behaviors
through the integration of RL models and LLMs. Experimental results indicate that the Trust-MA
framework significantly outperforms traditional algorithms, achieving higher success rates, lower
collision rates, and enhanced traffic efficiency. In future work, we should refine the framework
to improve its adaptability and robustness in managing a wider range of traffic scenarios, such as
roundabouts and intersections, particularly in high-density conditions.
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« If error bars are reported in tables or plots, The authors should explain in the text how they were
calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources

Question: For each experiment, does the paper provide sufficient information on the computer
resources (type of compute workers, memory, time of execution) needed to reproduce the experiments?

Answer: [Yes]
Justification: Compute resources are provided in experimental setup.
Guidelines:

* The answer NA means that the paper does not include experiments.

* The paper should indicate the type of compute workers CPU or GPU, internal cluster, or cloud
provider, including relevant memory and storage.

* The paper should provide the amount of compute required for each of the individual experimental
runs as well as estimate the total compute.



9.

10.

11.

* The paper should disclose whether the full research project required more compute than the
experiments reported in the paper (e.g., preliminary or failed experiments that didn’t make it into
the paper).

Code of ethics

Question: Does the research conducted in the paper conform, in every respect, with the NeurIPS Code
of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]
Justification: The research conform with the NeurIPS Code of Ethics.
Guidelines:

* The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

« If the authors answer No, they should explain the special circumstances that require a deviation
from the Code of Ethics.

¢ The authors should make sure to preserve anonymity (e.g., if there is a special consideration due
to laws or regulations in their jurisdiction).

Broader impacts

Question: Does the paper discuss both potential positive societal impacts and negative societal impacts
of the work performed?

Answer: [Yes]
Justification: This paper discusses the potential societal impacts in conclusion section.
Guidelines:

* The answer NA means that there is no societal impact of the work performed.

* If the authors answer NA or No, they should explain why their work has no societal impact or
why the paper does not address societal impact.

« Examples of negative societal impacts include potential malicious or unintended uses (e.g.,
disinformation, generating fake profiles, surveillance), fairness considerations (e.g., deploy-
ment of technologies that could make decisions that unfairly impact specific groups), privacy
considerations, and security considerations.

» The conference expects that many papers will be foundational research and not tied to particular
applications, let alone deployments. However, if there is a direct path to any negative applications,
the authors should point it out. For example, it is legitimate to point out that an improvement in
the quality of generative models could be used to generate deepfakes for disinformation. On the
other hand, it is not needed to point out that a generic algorithm for optimizing neural networks
could enable people to train models that generate Deepfakes faster.

* The authors should consider possible harms that could arise when the technology is being used
as intended and functioning correctly, harms that could arise when the technology is being used
as intended but gives incorrect results, and harms following from (intentional or unintentional)
misuse of the technology.

« If there are negative societal impacts, the authors could also discuss possible mitigation strategies
(e.g., gated release of models, providing defenses in addition to attacks, mechanisms for monitor-
ing misuse, mechanisms to monitor how a system learns from feedback over time, improving the
efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible release of
data or models that have a high risk for misuse (e.g., pretrained language models, image generators, or
scraped datasets)?

Answer: [NA]
Justification: This paper doesn’t have such risks.
Guidelines:

* The answer NA means that the paper poses no such risks.

* Released models that have a high risk for misuse or dual-use should be released with necessary
safeguards to allow for controlled use of the model, for example by requiring that users adhere to
usage guidelines or restrictions to access the model or implementing safety filters.

» Datasets that have been scraped from the Internet could pose safety risks. The authors should
describe how they avoided releasing unsafe images.

* We recognize that providing effective safeguards is challenging, and many papers do not require
this, but we encourage authors to take this into account and make a best faith effort.
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12.

13.

14.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in the paper,
properly credited and are the license and terms of use explicitly mentioned and properly respected?

Answer: [NA]
Justification: The paper doesn’t use existing assets.
Guidelines:

* The answer NA means that the paper does not use existing assets.

» The authors should cite the original paper that produced the code package or dataset.

¢ The authors should state which version of the asset is used and, if possible, include a URL.
* The name of the license (e.g., CC-BY 4.0) should be included for each asset.

» For scraped data from a particular source (e.g., website), the copyright and terms of service of
that source should be provided.

 If assets are released, the license, copyright information, and terms of use in the package should
be provided. For popular datasets, paperswithcode.com/datasets has curated licenses for
some datasets. Their licensing guide can help determine the license of a dataset.

 For existing datasets that are re-packaged, both the original license and the license of the derived
asset (if it has changed) should be provided.

« If this information is not available online, the authors are encouraged to reach out to the asset’s
creators.
New assets

Question: Are new assets introduced in the paper well documented and is the documentation provided
alongside the assets?

Answer: [NA]
Justification: The authors don’t release the data and code.
Guidelines:

* The answer NA means that the paper does not release new assets.

* Researchers should communicate the details of the dataset/code/model as part of their sub-
missions via structured templates. This includes details about training, license, limitations,
etc.

¢ The paper should discuss whether and how consent was obtained from people whose asset is
used.

¢ At submission time, remember to anonymize your assets (if applicable). You can either create an
anonymized URL or include an anonymized zip file.
Crowdsourcing and research with human subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper include
the full text of instructions given to participants and screenshots, if applicable, as well as details about
compensation (if any)?

Answer: [NA|
Justification: This paper doesn’t involve human subjects.
Guidelines:
* The answer NA means that the paper does not involve crowdsourcing nor research with human

subjects.

* Including this information in the supplemental material is fine, but if the main contribution of the
paper involves human subjects, then as much detail as possible should be included in the main
paper.

¢ According to the NeurIPS Code of Ethics, workers involved in data collection, curation, or other
labor should be paid at least the minimum wage in the country of the data collector.

. Institutional review board (IRB) approvals or equivalent for research with human subjects

Question: Does the paper describe potential risks incurred by study participants, whether such
risks were disclosed to the subjects, and whether Institutional Review Board (IRB) approvals (or an
equivalent approval/review based on the requirements of your country or institution) were obtained?

Answer: [NA]
Justification: This paper doesn’t involve human subjects.

Guidelines:
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* The answer NA means that the paper does not involve crowdsourcing nor research with human
subjects.

* Depending on the country in which research is conducted, IRB approval (or equivalent) may be
required for any human subjects research. If you obtained IRB approval, you should clearly state
this in the paper.

* We recognize that the procedures for this may vary significantly between institutions and
locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the guidelines for
their institution.

* For initial submissions, do not include any information that would break anonymity (if applica-
ble), such as the institution conducting the review.
16. Declaration of LLM usage

Question: Does the paper describe the usage of LLMs if it is an important, original, or non-standard
component of the core methods in this research? Note that if the LLM is used only for writing,
editing, or formatting purposes and does not impact the core methodology, scientific rigorousness, or
originality of the research, declaration is not required.

Answer: [NA]

Justification: The core method in this research doesn’t involve LLMs as any important, original, or
non-standard components.

Guidelines:

* The answer NA means that the core method development in this research does not involve LLMs
as any important, original, or non-standard components.

* Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM) for what
should or should not be described.
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