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Coordinated Look-ahead Control of Multiple CSPS System by

Multi-agent Reinforcement Learning

TANG Hao':? WAN Hai-Feng' HAN Jiang-Hong'»? ZHOU Lei'

Abstract The optimal control problem of a multiple conveyor-serviced production station (CSPS) system is concerned.
The objective is to maximize the part-processing rate of the entire system by choosing a suitable look-ahead control
strategy for each CSPS. According to the reaction-diffusion mechanism of multi-agent systems, the original performance
function of each agent is first modified by introducing an item with a diffusion function that denotes the interaction of local
information (The original item is assumed to have a reaction function). Then, combined with the concept of performance
potentials, a multi-agent algorithm, i.e., Wolf-PHC algorithm, is proposed to derive the coordinated look-ahead control
strategy for systems with either discounted or average performance criteria, where the decision epoch of each agent is
asynchronous. Finally, a simulation example is used to illustrate the effectiveness of the algorithm, and the simulation
results show that due to the modification of the performance functions, the contributions of all the stations are well
balanced, and the part-processing rate of the entire system is increased significantly.
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Table 1  Total processing rates and the contribution of each agent for the two learning methods under different \'s
A 21075 ViSEiE S Agent 1 Agent 2 Agent 3 Agent 4
0.6 Ak e iealiaz > 0.9429 0.3425 0.2936 0.2298 0.1341
' i ) 0.9753 0.2989 0.2765 0.2154 0.1892
0.7 e st >d 0.9201 0.3137 0.2882 0.2371 0.1610
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' st > 0.6859 0.2614 0.2554 0.2470 0.2362
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methods as the number of stations is proportional to A

Total processing rates for the two learning
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