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Evolutionary job scheduling algorithm based on population

optimization by deep reinforcement learning
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Abstract: The sorting operation of the production line in mechanical manufacturing has the double complexity of the problem
and data. To optimize the sorting operation and improve production efficiency, this paper designed a method for data represen-
tation and an evolutionary algorithm based on population optimization. At the same time, this paper arranged and disclosed a
real industrial data set. The method for data representation abstracted the original job data by referring to the bag-of-words
model. The evolutionary algorithm used deep reinforcement learning to initialize the population in the genetic algorithm and
introduced the elite retention strategy, which improved the optimization ability of the algorithm. Finally, it compared the pro-
posed algorithm with other algorithms on the real industrial data set and travelling salesman problem data set. The results show
that the proposed algorithm can find a better sorting sequence and the access path, which verifies the effectiveness of the algo-

rithm.
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Fig. 1  Structure diagram of scheduling optimization
problem about sorting sequence
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Fig.2  Real distribution of parts in steel plate
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Tab.2  Object values given by different methods

in different size on real validation dataset
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Tab.5 Time cost of GA and evolutionary algorithm on
data with different size
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GA 97.31 187.66 300.98 559.61 723.38
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Tab.6 Performance of different methods on TSP data sets of different sizes

0
i R
20 50 100
LKH3[22] 3.84(18 s) 5.70(5 m) 7.76(21 m)
OR-Tools (23 3.85 5.80 7.99
Gurobil 24! 3.84(7 s) 5.70(2 m) 7.76(17 m)
PointerNet + RL 3.98(0.6s) 5.95(3.8s) 8.30(5 s)
Transformer + RL 3.84(0.5s) 5.73(2.6 s) 7.94(3.8 s)
Pl AW RS 3.84(12 s) 5.70(43 s) 7.75(2 m)
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