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ABSTRACT

ARTICLE INFO

Aiming at Distributed Permutation Flow-shop Scheduling Problems (DPFSPs),
this study took the minimization of the maximum completion time of the
workpieces to be processed in all production tasks as the goal, and took the
multi-agent Reinforcement Learning (RL) method as the main frame of the
solution model, then, combining with the NASH equilibrium theory and the RL
method, it proposed a NASH Q-Learning algorithm for Distributed Flow-shop
Scheduling Problem (DFSP) based on Mean Field (MF). In the RL part, this
study designed a two-layer online learning mode in which the sample collec-
tion and the training improvement proceed alternately, the outer layer collects
samples, when the collected samples meet the requirement of batch size, it
enters to the inner layer loop, which uses the Q-learning model-free batch
processing mode to proceed, and adopts neural network to approximate the
value function to adapt to large-scale problems. By comparing the Average
Relative Percentage Deviation (ARPD) index of the benchmark test questions,
the calculation results of the proposed algorithm outperformed other similar
algorithms, which proved the feasibility and efficiency of the proposed algo-
rithm.
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Izvirni znanstveni ¢lanek

Nova reSitev za problem terminiranja velike proizvodnje po
narocCilu s porazdeljenim permutacijskim tokom materiala, ki

temelji na NASH Q-ucenju
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POVZETEK

PODATKI O CLANKU

Za resitev teZzave terminiranja velike proizvodnje po narocilu s porazdeljenim
permutacijskim tokom materiala (DPFSP) in s ciljem minimiziranja najdaljSe-
ga ¢asa dokoncanja obdelovancev, ki jih je treba obdelati pri vseh proizvodnih
nalogah, je uporabljena nadgrajena metoda spodbujevalnega ucenja (RL) z ve¢
agenti. Studija z zdruZitvijo teorije ravnoteZja NASH in metode RL predlaga
algoritem NASH Q-ulenje za problem terminiranja velike proizvodnje po
narocilu s porazdeljenim permutacijskim tokom materiala (DFSP), ki temelji
na srednjem polju (MF). V RL delu algoritma je oblikovan dvoplastni nacin
sprotnega ucenja, v katerem zbiranje vzorcev in izboljSanje uc¢enja potekata
izmeni¢no. Zunanja plast zbira vzorce. Ko zbrani vzorci izpolnjujejo zahteve
glede velikosti serije, se sproZi zanka v notranji plasti, ki za nadaljevanje upo-
rablja nacin obdelave serije brez modela Q-learning in uporabi nevronsko
mreZo za pribliZek funkcijske vrednosti za prilagoditev obseZnim problemom.
Primerjava kazalnika povprecni relativni odstotek odstopanja (ARPD), ovre-
dnotenega na primerih standardnih testov, za predlagani algoritem in podob-
ne algoritme pokaZze, da predlagani algoritem preseZe ostale algoritme, s ¢i-
mer je dokazana izvedljivost in u¢inkovitost predlaganega algoritma.

Kljucne besede:

Terminiranje velike proizvodnje
po narocilu;

Porazdeljeno terminiranje;

Velika proizvodnja s porazdeljenim
permutacijskim tokom materiala;
Spodbujevalno ucenje;

NASH Q-ucenje;

Srednje polje (MF)
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