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ABSTRACT

Task planning and job scheduling are fundamental components of intelligent systems, focusing
on “what to do” and “when to execute.” Although they have been studied separately in artificial
intelligence and operations research, they are closely related in practice and often require
integration. Task planning has evolved from symbolic and constraint-based approaches (e.g., STRIPS
and PDDL) to learning-based and neurosymbolic methods and, more recently, to large language
model (LLM)-based approaches. Job scheduling has progressed from optimization and heuristics
to metaheuristics, reinforcement learning, and graph neural networks. Their convergence, known
as integrated process planning and scheduling, highlights the need for joint optimization in real-
world environments. Applications include smart manufacturing, cloud and edge computing, and
robotics. Key challenges remain in handling uncertainty and complex constraints and in ensuring
explainability. Future research directions include neurosymbolic integration, GNN- and DRL-based
optimization, and LLM-assisted modeling.
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£X Reprinted from M. Tantakoun et al., “LLMs as Planning
Modelers: A Survey for Leveraging LLMs to Construct Automated
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