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Motivation: Learning-based decision-making algorithms, such as Deep Reinforcement Learning or Neural Model Predictive Control, have been used to control
multi-agent systems due to their generalization and real-time performance benefits. However, these algorithms lack robustness to imperceptible input
perturbations. Despite impressive progress towards addressing this, existing methods lack rigorous safety and robustness guarantees. Also, lack of robustness
becomes more pronounced in multi-agent settings, due to a larger surface of vulnerabilities, which has received significantly less research attention.
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Broader Impacts: - Applications: delivery, transportation, * Design new graduate courses (e.g., Learning and
* Enable more reliable and robust learning-enabled multi- manufacturing, search-and-rescue. Planning in Robotics, Trustworthy Autonomy)
agent systems that can safely perform complex tasks in , racasrch opportunities to K12, UG, MS, PhD * Release open-source software and
uncertain, adversarial, and dynamic environments. students and the WashU Robotics Club. demonstrations
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