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Motivation: Learning-based techniques, such as deep reinforcement learning (DRL), neural model predictive control (NMPC), Large
Language Models (LLMs) have been extensively used to synthesize high-level planners or low-level controllers for systems tasked with

temporal and logical mission requirements (often specified using formal languages such as Linear Temporal Logic (LTL)).
Key Challenges

Scientific Impact
 Sample inefficiency in learning effective controllers (design time).
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* Designing  data-efficient learning-enabled ./
* Lack of safety/performance guarantees of learned controllers, controllers that can be safely transferred to fF ¢
especially when deployed in new/unseen domains (test time). new/unseen task and environmental domains. i
Technical approach (key ideas): : : :
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* Data-collection methods actively improving control performance olatforms on delivery and transportation
 Uncertainty quantification methods to monitor (calibrated) applications. Other CPS applications include
confidence in unseen domains =2 probabilistic assurance guarantees search-and-rescue, disaster relief, or exploration.
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Approach: LLMs & multi-agent systems.

" Updating/Learning
Temporal Controller

o
(8

(via perception)

Environment Update I

Logic spec. oo L e | Low-level Execution | P(r |- ¢) > 1 o world on a physical robot
Episodes # f.-&;‘ . = < Multi Robot Plan P,
Kantaros et al, IEEE TAC 2024 Wang et al, IEEE R-AL 2024 pIatform '
Broader Impacts: * Applications: transportation, ¢ Research opportunities to UG, MS, PhD
* Enable safe deployment of CPS with learning- manufacturing, delivery. students and the WashU Robotics Club.
enabled decision-making algorithms in unseen  «pDesign a new graduate course:  *Summer research internships to K-12
domains with user-specified assurance guarantees. Learning and Planning in Robotics students and teachers (Summer 2023, 2025)
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