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In the manufacturing industry, dispatching systems play a crucial role in enhancing production efficiency and optimizing pro-

duction volume. However, in dynamic production environments, conventional static dispatching methods struggle to adapt to various

environmental conditions and constraints, leading to problems such as reduced production volume, delays, and resource wastage.

Therefore, there is a need for dynamic dispatching methods that can quickly adapt to changes in the environment. In this study,

we aim to develop an agent-based model that considers dynamic situations through interaction between agents. Additionally,

we intend to utilize the Q-learning algorithm, which possesses the characteristics of temporal difference (TD) learning, to automati-

cally update and adapt to dynamic situations. This means that Q-learning can effectively consider dynamic environments by sensi-

tively responding to changes in the state space and selecting optimal dispatching rules accordingly. The state space includes

information such as inventory and work-in-process levels, order fulfilment status, and machine status, which are used to select

the optimal dispatching rules. Furthermore, we aim to minimize total tardiness and the number of setup changes using reinforcement

learning. Finally, we will develop a dynamic dispatching system using Q-learning and compare its performance with conventional

static dispatching methods.
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{Table 1> Hyper-parameters

hyper-parameters value
number of episode 100
initial value of epsilon 0.9
discount ratio 1.0
learning rate 0.1
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<Table 2> Simulation Result
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