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Reinforcement Learning Method for Solving Flexible Job Shop Scheduling Problem Based on
Double Layer Attention Network

WANG Haoyan, LI Chongshou and LI Tianrui

School of Computing and Artificial Intelligence,Southwest Jiaotong University,Chengdu 611756, China
Abstract Flexible job shop scheduling problem(FJSP) ,as a variant of the job shop scheduling problem.has become an important
research topic in the intelligent transformation of modern manufacturing industry due to the wide applicability. In recent years,
deep reinforcement learning(DRL) has been applied to solve flexible job shop scheduling problems. However, the characteristic
that operations can be assigned to multiple compatible machines with different processing times brings additional complexity to
decision making and state representation. This paper proposes an end-to-end deep reinforcement learning framework based on an
improved attention mechanism and proximal policy optimization algorithm to solve the FJSP. Considering the characteristics of
heterogeneous disjunction graph structure, it designs a double-layer attention network based on hierarchical attention,including
node-level attention layers and type-level attention layers, to fully extract the complex information between operations and ma-
chines to support high-quality scheduling decisions. Experimental results on synthetic and public datasets show that the proposed
method outperforms traditional priority dispatching rules and currently state-of-the-art DRL methods in both of performance and

generalization ability while maintaining high efficiency.

Keywords Flexible job shop scheduling problem,Deep reinforcement learning, Graph attention network, Attention mechanism
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¢ J& i i ] (Shortest Processing Time, SPT) & 3 43 3 15 4b
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G e ffuff . I5cJa A SO B 5 I i 42 8 i S8 18 1 DRL 7
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Table 1 Performance on two synthetic data of small to medium training size
. PDRs Greedy strategy Sampling strategy
Size = OR-Tools
FIFO MOR SPT MWKR  HGNNL DANIELE2]  Ours HGNNIT DANIEL2]  Ours
Objective 119.4 115.38 129. 82 113.23 111.67 106. 71 106. 54 105. 59 101. 67 101. 16
10X5 Gap 24.06%  19.87%  34.76%  17.58%  16.03%  10.87% 10.6% 9.66% 5.57% 5.05% 96. 32
Time/s 0.10 0.09 0.09 0.10 0.46 0.38 0.33 1.20 0.81 0.73
Objective 167. 95 164.43 181.77 161.09 160. 48 150. 95 149.97 158.72 146.61 145.92
15X5 Gap 17.77%  15.32%  27.4%  12.94%  12.55%  5.82% 5.16%  11.29%  2.78% 2.29% 142. 65
Time/s 0.14 0. 14 0.13 0.14 0.58 0.61 0.50 1.53 1.40 1.29
Objective 216.08 214.16 230. 48 209.78 211.22 197. 56 195.97 207.53 192,78 192.31
SD1  20X5 Gap 14.87%  13.85%  22.56% 11.51% 12.27% 5.03% 4.17% 10.31% 2.46% 2.22% 188.15
Time/s 0. 20 0.19 0.18 0.20 0.92 0.95 0.65 2.42 2.12 1.85
Objective 184.55 173.15 198. 33 171. 25 166. 92 161. 28 159.38 160. 86 153.22 151. 21
15X 10 Gap 28.65%  20.68%  38.22% 19.41%  16.33% 12.42%  11.05% 12.13% 6.79% 5.38% 143.53
Time/s 0. 30 0. 30 0.31 0.19 1.52 1.34 1.00 3.72 3. 89 3.86
Objective 233.48 219. 80 255.17 216.11 215.78 198.5 196. 45 214. 81 193.91 191. 66
20X 10 Gap 19.22%  12.20%  30.25%  10.30%  10.15% 1.31% 0.27% 9.64%  —1.03% —2.18% 195. 98
Time/s 0.45 0.43 0. 44 0. 44 1.98 1.86 1.52 6.73 6.51 6. 24
Objective 569. 41 557.48 514. 39 549. 28 553. 61 408. 40 404. 86 483. 90 366. 74 362. 64
10X5 Gap 76.47%  72.52%  57.96%  70.01%  71.42%  25.68%  24.26%  49.71% 12.57% 11.21% 326. 24
Time /s 0.10 0. 10 0.10 0.10 0.42 0.39 0. 36 0.87 0.78 0.71
Objective 795. 39 790. 57 653.79 776. 81 783.63 528. 74 522.80 714. 37 485.8 481.23
15X5 Gap 75.68%  74.62%  43.61%  71.59%  72.98%  16.21%  14.94% 57.73% 6.77% 5.76% 454,98
Time/s 0.12 0.12 0.12 0.12 0.56 0.58 0.49 1.57 1.37 1.23
Objective ~ 1045.83  1045.94  835.94  1026.03 1059.04  671.03 663. 80 962. 90 629. 94 624. 04
SD2  20X5 Gap 74.59%  74.58%  38.91%  71.31%  76.79%  11.52%  10.26%  60.70% 4.66% 3.68% 602. 04
Time/s 0. 20 0.20 0.20 0.20 0.95 0.82 0.65 2.32 2.07 1.91
Objective 871. 14 845.16 703.07 830.53 807. 47 591. 21 585.93 756.07 521.83 515.20
15X 10 Gap 132.23% 125.32% 86.74% 121.45% 115.26% 57.16%  55.99% 101.52% 38.70%  36.96% 377.17
Time/s 0.32 0.32 0.31 0.31 1.46 1.26 1.22 4.16 4.08 3. 84
Objective  1088.05 1059.68  829.14  1040.69 1045.82  610.16 597.34 990. 37 552. 64 545. 81
20X 10 Gap 135.27% 129.09% 78.82% 124.98% 126.12% 31.58%  28.85% 114.15% 19.13% 17.65% 464,10
Time /s 0. 44 0.41 0.43 0.42 1.94 1.59 1.34 7.22 6. 40 6. 40
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A4 1) 01, AR SO AN A B A F 4 Fh 56 F PDR W5 %,
I ELARXE T 3CmR LA Sewk (2] b iy Je 3k DRL J7 v WA AT 3l
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s AR 20 X 10 BUBL b, A SCT7 ik E I OR-Tools &
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TER M BB VR R A B, A S0 35 5 OR-Tools fif #

5 5 I AH KT 25 B 28 T 45 /1N 3 2% B DR a1 10 b 4 (8 AR Y B A
WA IE R E 5P Z MM E LR,

AN A B B 30X 10,40 X 10 1 40 X 20 {1 328 52 4]
R 38 T4 10X5 1 20 X 10 45 45 b I 25 9 455 70 7 6 b 03 1
BIZ AL PEBE , SCOR 25 SN2 2 FI3K 3 g . 45 R W], 7R o
RULE i /INT S5 12 2 300 (1 5 s 7 SR O TR S ) bf A7 9K 3R IR
Hh 0 R ) B S0 DK/ 88 o R N 2 L R
H 8 OR-Tools BT HE .
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Table 2 Performance of models trained on the SD1 dataset on two synthetic data of larger size datasets

SD1 30X 10 SD1 40X 10 SD1 40X 20
Strategy Method - . - - - - - . -
Objective  Gap/ % Times/s  Objective  Gap/% Times/s  Objective  Gap/% Times/s
HGNNL10x 5 314. 71 14.61 2.86 417. 87 14. 21 3.82 422. 32 0.31 7.58
HGNN 20X 10 313.04 14.01 2.84 416.18 13.75 3.81 421.77 0.18 7.31
Greedy DANIELLZI 10X 5 288.61 5.10 2.60 379. 28 3.65 3.58 384.76 —8.61 7.91
strategy DANIEL 20X 10 281.49 2.50 2.73 371.45 1.52 3. 60 370.47 —12.01 7.58
Ours 10 X5 286. 86 4.46 2.07 377. 80 3.25 2.84 377.85 —10. 26 6.45
Ours 20 X10 280. 16 2.02 2.42 369.98 1.12 2.96 366.92 —12.85 6.43
HGNNCH10 x5 308. 55 12. 36 12.79 410. 76 12.26 24.54 417. 64 —0.80 63. 84
HGNN 20X10 312.59 13.49 12. 80 415. 25 13.49 24.40 425.89 1.16 62.27
Sampling ~ DANIEL[2J10x5  286.83 4.43 12.78  379.56 3.77 20.01 383.96  —8.8  132.10
strategy DANIEL 20X 10 279. 20 1.67 13. 84 370.48 1. 14 21.87 372.50 —11.53 137.81
Ours 10 X5 285.01 3.79 11.78 377.89 3.28 18.73 378.53 —10. 09 126.12
Ours 20 X 10 276.79 0.79 11.52 368. 22 0.63 19.73 363. 63 —13.63 120.18
OR-Tools 274,67 365. 96 421. 24
3 SD2 Bl 4 rh Il i i AR A T A5 R R SE A U8 i R
Table 3 Performance of models trained on the SD2 dataset on two synthetic data of larger size datasets
SD1 30X 10 SD1 40 X 10 SD1 40X 20
Strategy Method
Objective  Gap/ % Times/s  Objective  Gap/% Times/s  Objective  Gap/% Times/s
HGNNCH10x 5 1564.57 123.55 2.93 2048. 96 109. 87 3.87 2143.71 166.97 7.74
HGNN 20X10 1543.69 123.57 2.93 2032.54 108.12 3.92 2041.59 154. 29 7.71
Greedy DANIEL(Z110X5  794. 62 14. 85 2.82 983. 37 0.52 3.56 899. 19 11.92 7.12
strategy DANIEL 20X 10 774.56 11.95 2.75 962.58 —1.67 3.54 912.15 13.55 6.98
QOurs 10 X5 780. 06 12.71 2.10 964.41 —1.45 2.93 860. 28 6.99 6.55
Ours 20X 10 764. 61 10.5 2.35 949.22 —3.00 2.27 835. 38 3.92 6.71
HGNNI10 x5 1486. 58 115.21 12.88 1976. 25 102.45 24.55 2041.59 156. 79 65.29
HGNN 20X10 1461.16 111.51 12.75 1945. 33 99. 26 24.50 2050. 74 155. 39 61.97
Sampling ~ DANIEL[2)10x5  757.48 9.47 12.48 95121  —2.74  22.36  860.34 7.03 130. 28
strategy DANIEL 20X 10 725.27 4. 80 12.17 914.02 —6.60 21.75 828.99 3.13 126.12
QOurs 10 X5 739.41 6.85 11.76 936.51 —4.24 20. 80 814.18 1.28 124.65
Ours 20X 10 720. 89 4.15 12.08 913. 66 —6.62 20. 14 783.37 —2.56 122.76
OR-Tools 692. 26 998. 39 805. 67
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Table 4 Performance of models trained on SD1 data on public benchmark

Greedy strategy

Sampling strategy

Dataset — —
HGNNCY DANIELEZ)  Ours HGNNC DANIELEZ)  Ours
Objective 201. 40 185. 30 183. 40 191. 60 179.7 178. 60
mk Machine utilization 69.68% 74.87% 77.43% 74.21% 78.10% 79.65%
Time/s 1.18 1. 16 0.98 4.12 4.59 4.11
Objective 1030. 83 1031.63 1024.53 995.73 987. 33 979.93
la(rdata) Machine utilization 84.64% 84.59% 85.35% 87.78% 88.47% 89.11%
Time /s 1.23 1.35 1.08 4,81 5.21 4.67
Objective 1187.48 1194.98 1171.10 1121.95 1124.88 1115.55
laCedata) Machine utilization 73.67% 72.81% 74.85% 77.77% 77.52% 78.54%
Time/s 1.22 1. 34 1.03 4.91 5.47 4.77
Objective 954. 33 942.18 942. 05 932.95 927.00 924.48
la(vdata) Machineutilization 91.02% 92.04% 92.26% 92.98% 93.81% 94.15%
Time/s 1.46 1.34 1.08 4.72 5.14 4.69
# 5 AE SD2 B IR AE o S I HE 1 R I
Table 5 Performance of models trained on SD2 data on public benchmark
Greedy strategy Sampling strategy
Dataset — — -
HGNNCY DANIELEZ)  Ours HGNNC DANIELEZ)  Ours
Objective 196. 10 183.10 183. 00 192.70 180. 40 178.70
mk Machine utilization 71.87% 74.69% 74.93% 74.06% 77.26% 78.03%
Time/s 1.13 1.19 0. 96 4.32 4.82 4.26
Objective 1031. 35 1040. 18 1025. 40 1001.43 991. 68 978. 28
la(rdata) Machine utilization 84.16% 83.82% 85.26% 87.32% 88.05% 89.50%
Time/s 1.31 1.33 1.08 5.06 5.02 4.72
Objective 1200. 28 1190. 33 1169. 05 1125.30 1119.35 1103. 05
laCedata) Machine utilization 73.07% 73.73% 75.27% 77.95% 78.23% 79.83%
Time/s 1.22 1. 32 1.04 4,53 5.27 4.70
Objective 953. 35 982. 68 950. 85 937.90 938. 63 927. 80
laCvdata) Machine utilization 91.14% 88.31% 91.48% 92.69% 92.57% 93.91%
Time/s 1.22 1. 36 1.08 4.84 5.08 4.76
Fo6 ALK F5ouE R UE LW ER
Table 6 Performance comparison of DRL and metaheuristic algorithms on public benchmark
mk la(rdata) laCedata) la(vdata)
Method — - — - — - — -
Objective Time/s Objective Time/s Objective Time/s Objective Time/s
GAL2 183. 00 280. 10 — — — - 836.13 191. 40
Metaheuristic TSks3) 176.76 91. 34 952. 96 104. 85 1070. 31 108.12 919. 65 103.41
ABCL33] 177.38 99. 84 944.53 116.46 1057.59 126. 84 928. 64 110. 59
DRI Ours(SD1) 178. 6 411 979.93 1,67 1115.55 4.77 924. 48 4.69
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