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EXTENDED ABSTRACT

Introduction

In smart manufacturing, robots such as cell robots and collaborative robots (cobots)
play a crucial role in logistics, supply chains, and flexible production environments.
However, due to limited resources like robots, machines, and tools, tasks cannot always
be executed simultaneously. Efficient scheduling is therefore essential for optimizing
production processes, resource allocation, and job sequencing, particularly in modern
manufacturing systems like cloud manufacturing, mass personalization, and high-mix-
low-volume (HMLV) production. One major challenge in smart manufacturing is the
Flexible Job Shop Scheduling Problem (F]JSP), which is classified as NP-hard, making it
computationally complex to solve optimally. Traditional approaches, including meta-
heuristics and dispatching rules, perform well under static conditions but struggle with
dynamic job arrivals and diverse requirements. Real-time decision-making is necessary
to address these challenges. To tackle this issue, we propose a multi-agent scheduling
framework for HMLV environments that adapts to dynamically arriving jobs. Various
scheduling methods, including meta-heuristics, single-agent models, multi-agent systems,
and deep reinforcement learning (DRL), have been explored. However, many rely on
assumptions like fixed transportation times, system centralization, or simplified job
conditions, which limit their effectiveness. Our approach seeks to overcome these
limitations by developing a multi-agent reinforcement learning (MARL) system that
minimizes makespan while optimizing cobot and resource utilization.

The proposed system models a flexible job shop environment with multiple workstations,
each containing multiple machines capable of performing specific operations. Jobs arrive
according to a stochastic distribution, and multiple robots transport them between
workstations. The scheduling model incorporates preemptive job execution, allowing
higher-priority jobs to interrupt and reschedule lower-priority ones. To manage this
complexity, we integrate a preemptive decision-making policy within our MARL framework,
enabling job agents to learn optimal scheduling strategies while adapting to unexpected
changes. This problem is inherently decentralized, as jobs act as independent agents making
scheduling decisions based on system conditions. Our approach employs MARL to optimize
both individual job decision-making and overall system coordination. Specifically, we
introduce a Multi-agent Scheduling System (MASS) with three key contributions:

i) Intrinsic motivation mechanisms to handle job priority challenges in DRL.
ii) A novel scheduling model via Centralized Training and Decentralized Execution (CTDE).
ili) A dynamic FJSP incorporating stochastic job arrivals and adaptive scheduling policies.

The remainder of this paper covers related work, problem formulation, system
architecture, scheduling algorithms, experimental results, and conclusions.
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Methodology

We represent the resource preemption environment as a decentralized partially
observable Markov Decision Process (MDP), where individual jobs act as agents that select
an available cobot based on their current observations. To tackle the challenge of managing
a high-dimensional action space in multi-task simultaneous scheduling, we develop an
architecture within a multi-agent reinforcement learning system that is driven by intrinsic
motivation. This model considers both agent coordination and individual agent behavior. To
evaluate the effectiveness of our model, we simulate various FJSP scenarios. We use
makespan as the primary performance indicator and compare the performance of our MASS
approach with other scheduling algorithms such as PDR, HHA, and MADRL. We conduct
comparative experiments on total makespan and training stability, and perform scalability
experiments by varying the number of job agents. Detailed scheduling results are presented
through Gantt charts. The development platform is based on Python 2.7.3 and PyTorch 1.4.1,
running on a single NVIDIA GeForce RTX 2080Ti with 16GB of memory and an Intel Core i7-
9700KF CPU. The environment is developed using the OpenAl gym package, which provides
interfaces and specifications for RL environments. The unit of time consumption mentioned
in this section is minutes.

Results and discussion

We compare the performance of our MASS against several established algorithms: QMIX,
a simulated annealing-based hyper-heuristic (SA-HH) method, and two RBSM methods
including SPT and earliest due date (EDD), which are widely used PDRs in real-world
production settings. In reinforcement learning-based scheduling algorithms, training
stability is crucial for ensuring reproducibility and reliability. QMIX is known for its
effectiveness in multi-agent systems with a small number of agents. Conversely, MASS is
tailored for decentralized MARL environments, where each agent has partial observability
and learns from its own experiences while coordinating with other agents. Thus, MASS can
be more efficient in settings with a larger number of agents and more complex tasks. To
evaluate the robustness of the MASS model, we compare the training processes of MASS and
QMIX using three experimental instances (D01-D10). Figure 2 illustrates the total makespan
achieved by MASS within the first 8000 training steps, highlighting improved agent
coordination and effective internal motivation, which helps avoid delays. The results suggest
that MASS efficiently adapts to various situations by learning appropriate behaviors. The
intrinsic reward mechanism enhances policy learning: agents receive higher intrinsic
rewards for valid policies and lower rewards for faulty ones. The plots Figures 1 depict total
rewards. Agents strive to make optimal decisions to maximize rewards, progressing
towards both individual and collaborative goals. The results indicate that agents have
learned to prioritize tasks based on arrival rates. Further analysis reveals how the attention
mechanism aids intrinsic reward learning.
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Figure 2. Curve training instance 11, training compare between MASS and QMIX.

Conclusion

This paper presents a Multi-Agent Reinforcement Learning solution based on intrinsic
motivation for dynamic Flexible Job Shop Scheduling Problems. We propose a scheduling
system that incorporates centralized training, facilitating decentralized scheduling
execution. Our approach addresses job scheduling in a multi-agent environment through a

decentralized MDP that balances agent coordination and individual behavior. Our intrinsic
motivation-oriented multi-agent system outperforms well-known methods in optimizing

makespan and can manage dynamic job arrivals under a MARL framework. The study
demonstrates the flexibility and training stability of our model, suggesting its suitability for
various industrial job scheduling challenges.
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