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Optimization Algorithms for Job Shop Scheduling Problems Based on Correction Mechanisms and
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Abstract In recent years,research on using deep reinforcement learning to solve job shop scheduling problems has concentrated
on construction techniques, which model the scheduling problem as sequential choice problems and gradually select scheduling
nodes for a complete solution. Although this algorithmic theory has produced impressive results,it still suffers from complicated
reward formulation and poor solution quality, which prevents its future development. In this study. we design a reinforcement
learning construction framework based on graphical neural networks and proximal policy optimisation algorithms,and an innova-
tive and efficient search correction mechanism with a modified swap operator is proposed to enhance the solution quality. It sear-
ches the area around a known solution using a Monte Carlo tree, correcting the issue of suboptimal solution selection caused by
the discrepancy between training and testing data. The proposed algorithm is comprehensively investigated on public and synthetic
datasets. Experimental results demonstrate that the algorithm outperforms the state-of-the-art reinforcement learning framework
on both small and medium-sized examples. It not only fully exploits the advantages of rapid solution of constructive reinforcement
learning framework.but also effectively corrects the sub-optimal choice through the correction mechanism, reducing the maximum
completion time in worst cases.
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Fig. 1 Overall algorithm framework
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(1000,3000,5000 F1 10 000) X 25 S 49 5w, A< SCAR 8 40 4
A7 8 R 2B B0 R A 45 6 L 525, Tnit, + Searchr
AN @ 5 B AR B0 UR A R 3 TR0 4G 0 22 R R R R L
HIHR T, HAh. O T IRE & 56 2R A 0 A 2tk 3418
16 B 25 HEAT AR ) A DI 2 ATt , 4 A 48 IE 539518 1E 5000
UGB Ourpo e T8 . 22 2 BV T B AT 7 6 16 24 B Y

N [ RSB 4R 100 AN S8 1 B B K 5 J e T £ 2041

R 9 AR R AT R AR S vk S5 4% 52 i PDR BRI 4n
MWKR,FDD/MWKR, MOR LA % 3 Fffg o % 31 09 4 1 38 1k
2 FORD TR HOE R 3— K 5 A T REFEAE L
FEECHEAE g R, X B AT )RR 2 B 1B OG &R HEAT X b 52
%5 . opt & H AT T A I AL i 14 58 B ]

2 ORISR AE R RS A BB 52 1) 1 1) S 2 56 1 ]
Table 2 Average completion time of different algorithms on different sizes of generated data instances
Algorithm 66 1010 15X15 20X 20 30X 15 30X 20 50X20 100X 20
CP-SAT 487.95 817.50  1181.95 1568.07 1786.36 1946.57 2871.45 5496.38
MWKR 643.47  1188.77  1820.8  2513.96 2909.47 3249.80 4649.44 8020.85
MOR 596.93  1073.41 1651.60 2283.50 2527.02 2864.27 3999.05 6686.03
FDD/MWKR 606.32  1127.20 1738.40 2385.14 2776.41 3106.25 4504.58 7799.47
Initywig + Searchy go0 510. 63 919.95  1447.31 2031.64 2332.79 2632.90 3905.64 7029.41
Inity\rwir + Searchs ooo 508. 53 901.51  1393.54 1927.29 2213.22 2527.36 3718.01 6736.62
Initypwir + Searchs oo 504. 71 892.44  1371.85 1901.1  2174.79 2460.09 3626.68 6615.61
Init\pwir + Searchigono 505.78 886.47  1359.87 1862.89 2126.01 2396.75 3519.01 6430.50
Initgy. 536.11 965.92  1426.11 1917.07 2175.27 2395.19 3393.26 5932.60
Initgy, + Search oo0 505. 10 904.09  1366.27 1856.94 2126.17 2355.14 3363.28 5914.29
Initgy +Searchsgon 502. 18 890.86  1347.35 1831.19 2102.00 2326.45 3342.18 5899.89
Initgy, + Searchs oo 501. 87 882.92  1339.87 1824.11 2085.89 2310.76 3328.20 5892.94
Oursyg cdges 506. 07 891.71  1364.26 1854.72 2113.39 2355.48 3369.03 5924.59
Initgy, +Searchigooo 501.04 879.68 1330.48 1809.18 2072.21 2292.69 3309.24 5881.80
# 3 AR Taillard O 5200 135 58 B E]
Table 3 Average completion time of different algorithms in Taillard data instances
Algorithm 15X15 20X 15 20X 20 30X 15 30X 20 50X 15 50X20 100X 20
Zhang %9] 1547.4  1774.7  2128.1 2378.8  2603.9 3393.8  3593.9 6097.6
Park % [10] 1476.2  1703.7  2090.3  2230.4  2570.2  3214.6  3452.2  5862.8
Park 2 [11] 1417.2  1630.0  1896.0  2129.5  2411.3  3157.4  3229.4  5723.6
MWKR 1896.1  2178,9  2633.9  2985.9  3265.7  4444.9  4677.4  8040.3
FDD/MWKR 1808.0  2109.6  2508.0  2918,8  3235.0  4294.0  4477.4  7836.6
MOR 1735.7  1998.5  2334.8  2567.6  3010.4  3714.1  4123.6  6728.8
Initg;, 1473.2  1702.4  1980.3  2227.3  2454.4  3341.3  3434.2  6009.6
Initgy + Searchy go0 1422.5  1653.6  1929.4  2201.0  2429.3  3287.7  3424.1  5967.4
Initg; + Searchs oo 1412.2  1632.2  1903.1  2183.9  2413.1  3276.2  3399.6  5950.1
Oursn, edges 1420.1  1645.4  1924.8  2207.4  2440.3  3263.9  3447.2  6025.6
Initgy, +Searchsooo 1389.6 1614.0 1887.2  2162.2  2396.8  3256.0  3377.6 5945. 6
opt 1228.0  1364.6  1588.0  1788.0  1948.0  2773.8  2843.9  5351.2
F 4 ANFBBELE ABZ,Ft,Orb, Yn 338 5241 L i 8- ¥ 5¢ Bl i [a]
Table 4 Average completion time of different algorithms in ABZ,Ft,Orb, Yn data instances
Algorithm Abz10X10  Abz20X15 Ft6X6  Ftl0X10  Ft20X5  OrbloX10  Yn20X20  Swv20X15  Swv50X10
Park %[10] 1198.0 859. 33 71 1143 1338 1100.9 1139.00 2174.4 3415.1
Park %11 1158.5 803.33 59 1111 1498 1087.0 1081.50 2196. 6 3669.8
MWKR 1369.5 1047.67 74 1289 2020 1446. 2 1408. 25 3141.0 5163.5
FDD/MWKR 1356.5 967. 67 70 1422 1983 1475.2 1336.00 2970. 6 4887.1
MOR 1322.0 987. 00 60 1319 1672 1391.6 1296. 00 2738.4 4340. 4
Initgy, 4 Searchs oo 1138.0 807. 33 57 1099 1516 1052.7 1051.50 2268.2 3773.0
Opt 1088.5 666. 33 55 930 1165 902. 8 912.00 1683.0 2915.3

B B PR RIMLAS T FE 0 i )R (6], Ik 8 17 50 RS
B 049 B AT S%E L, AR SCASONT 2B B AT B LA sk 30 B 32 47 i 7]
ORISR

A B4R 1 R T W R A) e i R i 2% il Ry 6 T
YR MR AR, AT T 3 Ab PDR AL b 5 2 % 2% 19 MWKR
AR . N 2 T LU I, S8 1E 55k X 4 A U
SEHRA TR 18 E R TR L E 0 R R R BR R
X A W K, b Ah S TSI AR S R R

&b B
HE 52

D http://jobshop. jjvh. nl/
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B2 B A A 455 30 8 IE B 7 32 4 ML 2 b AR 408 T Y A
U BARTE UL 4. 2.1 AN R S e i AR . SEBR B X TR AR

MURF Ao 5 T 5 5 9 i AL, LR e 4 32 AW ] 48 D ) E
11— 2 WGt . AN RERF BIMRAR e . RS A ] 25 By & IE
GERORE L BATE M I A A AUH] AT LR — R S AR
SRR 42 i /N WA 2 101 A ) B

£ 5 ANFEFIEAE La B0 5260 1 F 34 58 il s (8]
Table 5 Average completion time of different algorithms in La data instances
Algorithm Lal0 X5 Lal5Xx5 La20 X5 Lal0oX10 Lal5X10 La20x10 La30Xx10 Lal5XxX15
Park 4[10] 719.4 927.4 1207.8 1011.6 1197.8 1569.2 1905.0 1531.6
Park 4[11] 694. 6 941.2 1226.0 966. 8 1127.6 1428.2 1848.0 1466.6
MWKR 865.0 1206.2 1414.4 1260.0 1537.2 1867.6 2597.6 1936.6
FDD/MWKR 854.4 1190.0 1365.6 1168.8 1413.8 1740.4 2743.0 1807.8
MOR 804.0 1039.0 1306.8 1116.0 1407.2 1730.4 2311.4 1869.4
Inityy + Searchs oo 674.2 930.0 1199.0 930.6 1087.0 1420.2 1898.4 1436.6
Opt 620.0 917.6 1182.0 864. 2 983. 4 1235.2 1782.4 1263.2
F6 AT A R I S R 4 SCERLO TR M S RE R LA AR Z W BRI
Table 6 Experimental results for proving validity of exchange G, S 8 H g Rt ) B K L AR AT IR S BB S . 58 I
operator ) B 4 g
] Tal5X15 Ta20X15 Ta20X20  Ta30X15 Ta30 X 20 }ﬂﬁ*itlﬁwl[—\)(ﬁmEU?&%?EO%;&@»&{I]X@LQ
Zhang %097 1530.5  1772.4  2081.8 2318. 3 2598.4 o B - o
[s] Hoid B AT AT AL R OR L INIEL 5 TR, B R BT — 4 ]SSP
Zhang &0 4618 1essa 2016.1 2216.9 2519.7
Searchs o0 ' ' ’ ’ ‘ 5X5 SRS 5 R AS . HL AR RO 0980T Ok B e A
Ours 1389.6 1614.0 1887.2 2162.2 2396.8
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