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About NEUTC

The New England Regional University Transportation Center (NEUTC) is a diverse,
multidisciplinary consortium committed to addressing the pressing issue of traffic safety. Our
objective, in line with the Infrastructure Investment and Jobs Act (IIJA), is to drive
transformative research, education, and technology transfer to address critical traffic safety needs
in a time when roadway fatalities are distressingly high.

Our research and educational activities at NEUTC are guided by four principal safety themes,
each addressing a critical challenge in transportation safety. These themes capture the various
integral components of the transportation system, focusing on technology, infrastructure,
vehicles, and users with a commitment to public engagement. Our overarching theme is
promoting safety, with the common underlying science being the study of behavioral,
systemic, environmental, and mobility-driven factors on safety.

Disclaimer

The contents of this report reflect the views of the authors, who are responsible for the facts and
the accuracy of the information presented herein. This document is disseminated in the interest
of information exchange. The report is funded, partially or entirely, under 6943552348301 from
the U.S. Department of Transportation’s University Transportation Centers Program. The U.S.
Government assumes no liability for the contents or use thereof.

All matching funds were University salaries and graduate tuition waivers.

Motivation

Machine learning models assisted by more accurate on-board sensors, such as camera and
LiDARs, have enabled intelligent driving to a certain degree. Meanwhile, advances in wireless
communication technologies also make it possible for information sharing beyond an individual's
perception (Martin-Sacristén, et al., 2020; Mun, Seo, & Lee, 2021). Through vehicle-to-
everything (V2X) communications, it has been shown that shared information can contribute to
CAVs decision-making (Buckman, Pierson, Karaman, & Rus, 2020; Miller & Rim, 2020) and
improve the safety and coordination of CAVs (Zhang, Han, Wang, & Miao, 2023). However, it
remains challenging for reinforcement learning (RL) or multi-agent reinforcement learning
(MARL)-based decision-making methods to guarantee the safety of CAVs in complicated
dynamic environments containing human driven vehicles (HDVs) and optimize the joint
behavior of the entire system. For real-world CAVs, state uncertainties from noisy sensor
measurements, state estimation algorithms or the communication medium pose another
challenge. There can be scenarios where safety is highly correlated with the correctness of state
information, especially in the presence of HDVs/unconnected vehicles. Moreover, there is no
hardware demonstration (small scale or full scale) of MARL for CAVs. The existing literature in

this area generally falls into the following major categories.
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Safe RL and Robust RL: Different approaches have been proposed to guarantee or improve safety
of the system, such as defining a safety shield or barrier assisting RL or MARL algorithm in either
training or execution stage (Brunke, et al., 2022; Cai, Cao, Lu, Zhang, & Xiong, 2021), constrained
RL/MARL that learns a risk network (Wen, Duan, Li, Xu, & Peng, 2020), an expected cost function
(Lu, Zhang, Chen, Basar, & Horesh, 2021), or cost constraints from language (Wang, Fang,
Tomilin, Fang, & Du, 2024) that define the safety requirements. For MARL of CAV, safety-
checking module with CBF-PID controller for each individual vehicle has been designed (Wang,
et al., 2023; Zhang, Han, Wang, & Miao, 2023). However, the above works assume accurate state
inputs to RL or MARL algorithm from the driving environment and cannot tolerate noisy or
inaccurate state input. Meanwhile, robust RL and robust MARL that only considers to train a policy
under state uncertainty or model uncertainty (Liang, Sun, Zheng, & Huang, 2022; Han, Wang, Su,
Shi, & Miao, 2022; Salvato, Fenu, Medvet, & Pellegrino, 2021; Pinto, Davidson, Sukthankar, &
Gupta, 2017) without explicitly considering the safety requirements have been proposed recently.
However, in the multi-agent settings with imperfect observations, considering both safety
requirements and robustness in a unified decision-making framework for CAVs still remains
challenging.

Rule-Based Approaches: Unified optimization framework poses challenges that can be addressed
by decomposing the problem into hierarchical structures. Specifically, the higher-level control is
responsible for decision making and the lower-level control is responsible for safe execution. For
the higher-level planner, heuristic rule-based methods can be employed in which a set of rules
govern the behavior of each agent within the system. For instance, existing driving behavior
models in mixed traffic can be found in (Treiber, Hennecke, & Helbing, 2000; Kesting, Treiber, &
Helbing, 2007; Munigety, 2018). However, these models often lack robustness and make various
assumptions about HDVs, which prevents generalization to all scenarios. MPC can be used for the
lower-level controller due to its ability in reference tracking and handling hard constraints in real
time. In situations where imperfect observations are present, robust MPC approaches may be used,
such as tube MPC (Lopez, Slotine, & How, 2019; Mayne & Kerrigan, 2007; Sinha, Harrison,
Richards, & Pavone, 2022). Nevertheless, tube-based MPC approaches require a feedback
controller that can keep the actual system trajectory close to the nominal one. The calculation of
such feedback controller is not trivial in multi-agent systems with nonlinear dynamics. Min-Max
MPC (Raimondo, Limon, Lazar, Magni, & ndez Camacho, 2009) can also be adopted but it is
often difficult to solve, and when it is approximated, the approximation can result in an overly
conservative solution.



Executive Summary
Problem summary

We consider the robust cooperative policy-learning problem under uncertain state inputs for CAVs
in mixed traffic environments including HDVss that do not communicate or coordinate with CAVs,
and various driving scenarios such as multi-lane intersection and highway (as shown in below
Figure 1). We assume that each CAV can get shared information from V2V and V2I
communications. We consider that a CAV agent i has accurate self-observation of its driving state
but potentially perturbed observations of the other vehicles. The two parts collectively constitute
the state s; in reinforcement learning and used by the MPC controller as inputs to the robust CBFs.
We will demonstrate the proposed method in both simulator and F1/10% scale CAVs.
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Figure 1: Intersection scenario (top 3) and highway scenario (below

)

The problem of Multi-Agent Reinforcement Learning with State Uncertainty for CAVs is defined
asatuple G = (S,4,P,1;,0,G,y) where G = (N, E) is the communication network of all CAV
agents. S is the joint state space of all agents. The state space of agenti: S; = {0;, 0y, 0yuv} conta

ins self-observation o; , observations oy, = {0;|j € N;} being the communicated message shared
by neighbor connected agents N;, observations o,uvv of unconnected vehicles NPV either
l

observed by agent i itself or shared by other agents or infrastructures. For example, self-
observation o; and shared observations oy, can contain location, velocity, acceleration and lane-

detection; observations of unconnected vehicles NV can contain location and velocity.

Methodology Summary and Details We present our proposed safe MARL algorithm, Safe-RMM,
demonstrated in the below Figure 2 with two major parts: Robust MAPPO (middle brown-and-
blue block) and Robust CBF-based Model Predictive Control (right red block). It is a hierarchical
decision-making framework design, it is begun by the design of our Robust MARL algorithm and
followed by the details of the MPC controller using robust CBFs. Our Robust MARL algorithm
augments MAPPO (Yu, et al., 2022) such that each PPO agent is equipped with a worst-case Q
network (Liang, Sun, Zheng, & Huang, 2022). The worst-case Q estimates the potential impact of
state perturbations on the policy's action selection and the resulting expected return. By
incorporating it into the policy's training objective, we enhance the robustness of the trained policy



against state perturbations. Consequently, the proposed algorithm improves both the safety and
efficiency of CAVs under state uncertainties.

Robust MAPPO: The proposed Robust MARL algorithm, as shown in the Figure 2 above, uses
centralized training and decentralized execution. We are inspired by the Worst-case-aware Robust
RL framework (Liang, Sun, Zheng, & Huang, 2022) and designed the robust MAPPO. Each robust
PPO agent maintains a policy network (“actor”) m;(s;), a value network (“critic”’) V(s) and the
second critic Q;(s;, a;) network approximating the worst-case action values. To learn a safe
cooperative policy for the CAVs, the MARL interacts with the MPC controller during the training
rollout process. As the algorithm starts, agent i's policy takes initial state s; and samples an action
a;; the MPC-controller with robust CBFs given a; computes a safe control u; for the vehicle to
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Figure 2 Safe-RMM Algorithm diagram

execute. The agent receives 1; and all agents synchronously move to the next time-step by
observing the new state s" = []; s;

Robust Model Predictive Control: We adopt receding horizon control to implement a low-level
controller for every agent i in the road network. The low-level controller maps the high-level
plans/actions a; ~ m; into primitive actions/control inputs for agent i. Firstly, a path planning
function is used to map the high-level plans/actions into state and action references. Subsequently
this information is fed to the MPC controller. To prevent collision between agents, safety
constraints are incorporated into the controller using CBFs.

Experiment

We conduct our experiment in the CARLA Simulator environment (Dosovitskiy, Ros, Codevilla,
Lopez, & Koltun, 2017), where each vehicle is configured with onboard GPS and IMU sensors
and a collision sensor that detects the collision with other objects. We show two challenging
scenarios at Intersection and on Highway, where we spawn multiple CAVs and some HDVs
randomly (Figure 1). Intersection CAVs pass the intersection and HDV's from opposite sides cross
the box at the same time. HDVs pose critical safety threats as they could either hit or be hit by a
CAV from the side when driving fast (= 10 m/s). CAVs aim to avoid collision and reach the preset
destination after passing through the intersection.



Intersection: Training results in are shown in Figure 3; evaluations in both scenarios are presented
in Table 1 below. For each entry in both tables, the left integer is the number of collisions happened
during evaluation (in 50 episodes); the right value is the agents' mean discounted return
considering only the rewards related to velocity and goal-achievement. We highlight the top
performance across all methods with the least collisions and the highest efficiency return.

Discounted Episode Returns during Training in Intersection (Moving Average)
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Figure 3 Agents' performances when training in Intersection

EVALUATION RESULTS IN INTERSECTION AND HIGHWAY

Uncertainty
Method None grand ERRY ERR”
Intersection
Safe-RMM! 0, 162.9 0, 161.4 0, 162.2 0, 161.8
Safe-MM? 0, 1579 0, 155.7 0, 1559 0, 155.7
MCP? 3,657 2, 60.6 0. 66.2 2,677
MP? 33, 1484 41, 149.1 36, 1459 30, 139.0
RULE® 2, 1209 1, 1139 3, 105.5 2. 1123
Highway
Safe-RMM 0, 162.0 0, 1694 0, 1664 0, 161.8
Safe-MM 0, 161.3 0, 168.7 0, 168.7 0, 163.0
MCP 0, 56.8 2,558 1, 60.7 2, 58.4
MP 35, 74.1 34, 74.5 38, 73.8 38, 74.5

Table 1 Evaluation Results of Safe-RMM compared with Baselines

Highway CAVs are spawned behind HDVs (red) on a multi-lane highway. During training and
evaluation, HDVs keep in their lanes at random speed from [7 ~ 9] m/s except one random HDV
simulates a stop and go scenario. CAVs aim to avoid any collision and drive at the speed limit of
the road to arrive at the destination. We trained three models: our Safe-RMM method, the “non-
robust” Safe-MM that also adopts our framework, and the MCP method adopting MARL-PID
controller with CBF safety shield (Zhang, Han, Wang, & Miao, 2023). Each model is trained on
two scenarios respectively for 200 episodes. In evaluation, aside from the three trained models, we
have “MP”, MARL with PID controller, as an example of learning-based method without safety
shielding; and we also implemented the benchmark “RULE” adopting a rule-based planner and a
robust MPC controller. The “RULE” benchmark has been implemented based on the method
proposed in (Sabouni, Ahmad, Cassandras, & Li, 2023) which introduces a safety-guaranteed rule



for managing vehicle merging on roadways. This rule ensures safe interactions between vehicles
arriving from different roads converging at a common point. Methods are evaluated for 50 episodes
in both scenarios under four uncertainty configurations: None (uncertainty-free), random error
e and two targeting errors ERRY and ERRT.

Hardware demonstration

State Space Definition Action Space Definition
X, ¥, Z, Vy, Vy, Vz, 8x, ay, ag, aj'Emergency Stop  azChange Lane Right
: : Il, pitch, yaw, dx, dy, dvy, dv, BgKeen L PR bl
Real State and Action Space Design B ag:Change Lane Left  agAccelerate
Sta't_ei_l\npur Critic: Walue Netwark
|" s} 4 -
| 1 - ; a rt—
L . 8. Safety Shield Module gate o
True Chservations +
O Actor: Policy | ﬁ
Simulation Training Obsarvations . rjsate Feedback
with State Delay
i {state Input"f 5 i
H P W
- E ; Preprocessed @ [ o )
% 4 F i SensorData @ *_ / (=i 8safe _ﬂ
Camera s 22 L] * e
S gy ; i :
. LIDAR ) et
Real-World Deployment On-Board Sensor(s)

Figure 4 Hardware Demonstration of Robust MARL with Safety Guarantees and Communication

This paper introduces RSR-RSMARL as shown in Figure 4, a novel Robust and Safe MARL
framework that supports Real-Sim-Real (RSR) policy adaptation for multi-agent systems with
communication among agents, with both simulation and hardware demonstrations. Deep multi-
agent reinforcement learning (MARL) has been demonstrated effectively in simulations for many
multi-robot problems. For autonomous vehicles, the development of vehicle-to-vehicle (V2V)
communication technologies provide opportunities to further enhance safety of the system.
However, zero-shot transfer of simulator-trained MARL policies to hardware dynamic systems
remains challenging, and how to leverage communication and shared information for MARL has
limited demonstrations on hardware. This problem is challenged by discrepancies between
simulated and physical states, system state and model uncertainties, practical shared information
design, and the need for safety guarantees in both simulation and hardware. RSR-RSMARL
leverages state (includes shared state information among agents) and action representations
considering real system complexities for MARL formulation. The MARL policy is trained with
robust MARL algorithm to enable zero-shot transfer to hardware considering the sim-to-real gap.
A safety shield module using Control Barrier Functions (CBFs) provides safety guarantee for each
individual agent. Experiment results on F1/10th-scale autonomous vehicles with V2V
communication demonstrate the ability of RSR-RSMARL framework to enhance driving safety
and coordination across multiple configurations. These findings emphasize the importance of
jointly designing robust policy representations and modular safety architectures to enable scalable,
generalizable RSR transfer in multi-agent autonomy.



Outcomes

This project focuses on designing a 5G-enabled safe and robust deep multi-agent reinforcement
learning (MARL) framework for CAV coordination, to prove rigorous safety guarantees and the
benefit of V2X communication in improving system safety and efficiency. The novelty of the
achievement of the result spans fundamental theory and algorithm principles, model designs, and
validation methodologies that will emerge to form a new integrated framework for communication,
machine learning, and control of future safe AVs. In particular, the novel contributions of this
proposal are as follows. (1) Given enhanced observation capability by 5G-based V2X
communication, we design a safe multi-agent reinforcement learning (MARL) framework with a
computationally tractable algorithm. It makes operation decisions that rigorously guarantee safety
of AVs according to the requirements, and robust to various types of driving scenarios. (2) Based
on the quantitative communication requirements from MARL, we develop an effective real-time
flow scheduling framework for 5G-based V2X communications, featuring per-flow real-time
schedulability guarantee through time-frequency-space resource allocation to provide desired
communication quality for safety-critical decision-making and control functions on AVs. (3) We
validate the proposed approach using simulators, small-scale testbeds such as F1/10th vehicles.

Papers that already published and submitted for this project:

1. Zhili Zhang, H M Sabbir Ahmad, Ehsan Sabouni, Yanchao Sun, Furong Huang, Wenchao Li,
and Fei Miao, “Safety Guaranteed Robust Multi-Agent Reinforcement Learning with
Hierarchical Control for Connected and Automated Vehicles”, ICRA 2025, Internation
Conference on Robotics and Automation, https://arxiv.org/abs/2309.11057, May 2025.

2. Keshawn Smith, Zhili Zhang, H M Sabbir Ahmad, Ehsan Sabouni, Maniak Mondal, Song Han,
Wenchao Li, and Fei Miao, “Robust and Safe Multi-Agent Reinforcement Learning
Framework with Communication for Autonomous Vehicles”, under review,
https://arxiv.org/abs/2506.00982, June 2025.

Impacts

This project has great potential for technology commercialization and will lead to significant
societal impact to improve the safety of CAVs. The Pls take the following steps to pursue
technology transfer. We demonstrate the success of the proposed methodology to CTSRC/CTI
leadership team, in the future we hope to also demonstrate the hardware performance to CT DOT
representatives using the small-scale CAV testbed mentioned above. Based on the received
feedback, the research team will refine the methodology framework and deploy them on the
electric autonomous buses on UConn Depot campus. The hardware demonstrations have also been
shown for many K-12 outreach activities at UConn. The PIs work with Verizon to incorporate the
proposed real-time 5G resource management solution in their 5G base stations install the enhanced
5G modules on the small-scale autonomous vehicles. The PIs work with Nvidia and Qualcomm to
practical autonomous driving scenarios. In the future, the PIs will work with the CTSRC/CTI
leadership, to plan demonstration of the developed technologies on full-scale CAVs testbed if
possible, to representatives from different DOTs in New England area, government officials, and
AV manufacturers to explore commercialization opportunities.
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