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Abstract: Job shop scheduling problem (JSSP) is a non-deterministic polynomial (NP )-hard classical
combinatorial optimization problem. In JSSP, it is usually assumed that the scheduling environment
information is known and remains unchanged during the scheduling process. However, the actual
scheduling process is often affected by many uncertain factors (such as machine failures and process
changes). A proximal policy optimization with hybrid prioritized experience replay (HPER-PPO)
scheduling algorithm is proposed for solving JSSPs with uncertainties. The JSSP is modeled as a Markov
decision process where the state features, reward function, action space, and scheduling policy networks
are designed. In order to improve the convergence of the proposed deep reinforcement learning model, a
new hybrid prioritized experiential replay training method is proposed. The proposed scheduling method is
evaluated on standard datasets and datasets generated based on standard datasets. The results show that in

static scheduling experiments, the proposed scheduling model achieves more accurate results than existing
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deep reinforcement learning methods and priority dispatching rules. In dynamic scheduling experiments,
the proposed scheduling model can achieve more accurate scheduling results in a reasonable time for JSSP
with process order uncertainty.

Key words: job shop scheduling problem; deep reinforcement learning; proximal policy optimization;

prioritized experience replay
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Fig.1 Framework of the proposed DRL scheduling method based on PPO
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Fig.2 An example of scheduling instance (ft06) and its changes of state features

2.2 ETMHEREANNIEZE

ASCIEHE T 64> PDRORAY i g4 25 8] o 44> B4 A SCHRL 39 I b e M, 40 4% SPT 5 4 8 43 fin T
8] (Most work remaining, MWKR) | B 52 B T. ¥ 5 & % 45 T. ¥ 89 & /D HE 2R (Flow due date to MWKR,
FDD/MWKR) fl MOR 1 26 B0 W) 5 24 55 T % 89 % 1 ) 45 in T & 8] (Longest remaining machine time,



1522 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

LRM) A SCHER[ 28] ik £, M 2% PDR 1 3R IR 4T 5 i J5 — 472 Je it 56 th (First in first out, FIFO) , BEJ™
12 N T4 AR (), AT R e R LT
SPT: min[ Z, ;= p, ;]

MWKR: max[Zf,,:ZP,-,j ]
J

J n; n; n;
FDD/MWKR: min[ Z,,= > p.;/ > pi; > bi; L Z0;= >0, ] 0
1 J J J

MOR: max[ Z,;=n,—j+ 1]

LRM: max| 2 P

FIFO: max[ Z,;=¢— Re,]
A Z, TR O, ISR EG p 8 TR O, BN T sn, 9 AEE T B SR80 AR T, B 58
TS T H s ¢ R 24T 6] 5 Re, A T, 60 B IR TR]
2.3 E-FHLEE T WA E A E RS

2R R BB RS R AR SCHR T — R T LR 2 DR IR R R 7R R R R —
] 41 S 9 B2 2 B Wi S i A BIL A i =5 lﬂﬁl'ﬂZ*ﬂE’Jﬁﬁ HIFS)
reward ( : ZVacancy s, s) (2)

e s A" 501 Sy 98 R G AN B S AR A vacancy, KR X =y 81y, [ Jvacancy

W FENLER m b2 RIS ] 5 a R 98 BE SO AR s MO LA SR & N =n [ ]
APl 3 BT B R E R B BT A AL Y ‘f'ﬁnTaﬂ:( ] | Rl r

R DX AT AT HILAS 0% 28 PR ) (i € D30 2l Bl o 8 14 [l EM, |

i (R) Flfe K 5¢ B 18] (makespan) 2 [8] ) ¢ & R s
R=—b=c—(c+b)=c— S=c— M X makespan (3) L

S+ AT B2 DRI 022 5 e 4 B A1 TP 6 T v r e e

K Z A, H g a5 S O N Tk AR AE A AL A T AR Y ) 3 i R AR R

| M | AL as B s M ~M, N HL s g5 . Fig.3 An example of scheduling area

2.4 AERBNESETRAMNELGRERNNEIIIZ

&

A B R S o A B 0% R A R I W SR 8 20 4 2 ) 0 R, G ER TR B AR 8 W 2% R S B0
E SR A E S R, FEAR ST T ik T SRR R A R AR 1) o A B MLP W28 LIRS R4 s AR 15 43, 4R
J5 3 52 Softmax BRI A5 53 19 5345

(as,) = Softmax(MLP, (s,)) (4)

K plals,)RoRTE I 21 TERAS s, B IEFEBNAE o, LR 0 S P8 BE SR WS Y S %0

T T BEALES BE (9 DRL J7 ik vh i 1 28 56 J0 i (A A 0 A2 0 37 [m) 43 A R o AR e i & 30 T80
AE U S aek T b 6 8 30 O HEAT P X SR A A IR E B . I e & 58 81 (Prioritized experience
replay, PER) J& #3 35 26 56 5045 () 51 22 ML SR B i 20 0 BEAS I KA FH IR 2056 1 2 WK, 1X S 28 0 A
A3 K A I ) 2% 3% 2% (T D-error) R Ml i AL 9 . SCHRL 52 5| AT He B Se BEMLA AL 7 v 1D



XK F AR TRERMS 3] 0 R A AL & 8] 8 5 ik 1523

_p
ZPZ
AP P() > 0 RARERMP I TR et e TR RRE , 2 a=0 0 KRS 0T 50, =0+ e, 0
SRRl 2R 2 e H—A/NER B R TR A 2250 R 22 W BN LB FEAR B RE PR K. fEA
ORISR A R B, BN AR E AT EZ B 25 @ BRERS M ERAEZ 290, %l
5 SRR IS 18 B SR Ay 1 4l 5% 2 4R S A 34 A3 BE ML AR =22 18], (8 F T o B PR SR R A SR RS IE R AR A A, A
H(6) Frm o BN BEE VIR B BN, BE A 1% 20 A 25 328 B O 25 R AR 1) B S 0 A
11y
u(w) (6)
FH o, RN FEAR P TEE AT ;N IHEARZ XK E ;0 N WG EZ N 1S EG P, RREARR
LAY .

AR T —Fh G AE EALR B IR S AR EO k. R RAEARE SR e S
WA SRR I RIEN () IR LR FEARNI R . SR, AT 2 IR L 5c 48 56 T i I B8 87 248 W A
AR IE D o FEAR e 4 5 TR AE Critic # (5 P 2% 19 34 J7 1% 2% SR MSE Ho fiff I T 82 28 P A R A% IE
(B I 45 110 453 2 BB, LA ZD M 18 I 445 110 S B DI 2k H B 7= 26 19 R 8%, B

L,(0)=MSE(r,, v)w (7)
P 0 RN B LS (S50 T 0 R 50 SR A0 6 R 285 (%) 4 10 M 5 wo SRR R 1) B B P R BE AN

{H 2, 78 Actor YL 3R W 25 rhy& A5 (i FH o 2 MR AR R, J2 B Ay e 5 0 445 47 FH 19 2 35 55 1) PPO 2k 1R

B, WS Bos 69 43 A5 75 BT O Bt AT LA 1o 25 50 SR s T bR X A, £k

P(i) (5)

L,(0)=E[min(r,(0)A, clip(r,(0), 1 —¢ 1+e)A,)] (8)
ol (0)= ”9((“";')),@@@ ((((( 45 1S 5 LT FE B 5 A, g 76 A ¢ 2200 35 B 0 s e S 2
7T6”m a,‘\',

B, HAR i e B 1

B VIR T A 0 I i B B HE A O I B AR (5 4~ 1617 ) RN 30 F (56 17~2617) .
FEWSC AR IR B, 2B B T AN 57 1 S8 B 08 B 0 , O ¥ LA AE N AR Z b X M b, R R B H B B,
AN M ECE BEAIL 23 B2 AN HE K, RS SEUR A RN Ry b, R ARSI AR A R A I BT DR 5 ) 4%
(5L I 265 11 Z 50, R B AR 4l O 5 sR B0 38 R 0 R AR I AR JE 2 5 SR 5 AR BB S B8 AR AR 1R A Je S B SR 0 4L
PR AE AR I T L A 5 SRR A X R AR U A R SR I 2% R (B I 4 1 S8,
UL 50 B B 3k 3 e R U 2 U Bl 3 2 SR W SIS Gk B e KN R A TR BR i o AR S8 SCan SR 304>
T 2 1 I A5 AR ] DA ARSI, B R A B R UNZREF K 1 he ek, i T 058 28 56 3 0 A e A RT3
5 EE TR A AR SR R () 09 SR IS A B, T LA A2 SR IR B A BT R 1Y [ B A 1
Byl ETIRAMICE R R e A R B )N 2505 vk
(DRIR A R I GRRE N, I 0 B F oy REEPIE ECE T, W1 IR AL B A Bl 2% vh X B, R B 2 vp IX M
()BT AHE R KN b, By 27 2] OB KR EL R A B C L 00 1 A DR 5 T 4% A 1B 19X 4% S LI Ak 2%
(3)fore = 1to Ndo
(4) fort=1to T do

(5) B B PR T I A GRS s,
(6) while True do

(7) AR 224 i 41 JEE 5% 30 1 R AR @, IF IR IRHZ S A ME R p(a,)



1524 R E B L Jowrnal of Data Acquisition and Processing Vol. 39, No. 6, 2024

(8) TE I8 B B 5% v AT SR @, JF 3R AT B PR J5 RS s, o Al
(9) PRAEE s,y a,, 7, pla,) BIZWIX BH

(10) if done then

(11) FIH o5 SRR 0 1m] i 0 3% 0] 8 4

(12) K 22 vh X B BRI BB M X M b R S X B
(13) break

(14) end if

(15) end while

(16)  end for
(17)  for /=1to K do

(18) W 92 ph DX M ) BE BE AL 3 22 TR, BRI B KON R 6

(19) for EEHLEIE do

(20) 53O Ak R HE T D SR I 2% L 1 I 265 19 250, ORI =X (5) TR A RE AR 19 AR e 9
(21) end for

(22) forc=1to Cdo

(23) R RE A D0 e 90 F R A b B FEAS IR AR IR X (6) TH 55 M A

(24) I Y SR A 8 A A 0 A R B SR 2 SR ) 4 A 8 190 465 1) 2 B8O ST REAS (9 1 e
(25) end for

(26)  end for
(27)end for

3 KWEaM

3.1 LInEE

TR TF 0BG B (AN 3R 2 F 7 ) FVHE T8 TF80HE 4R A= i) BAT T ANt 2 1 i 22 401 b 00 ) gk AT 1
AN ML, HT 26 t10(10X 10) ,1a26(20< 10) ,1a31(30X 10) £ tad1( 30X 20) , BEHL PEFF
1 eb i 1A VR L I HBE LA 4 2 AR b b 1 24 T, 28 4 Y M RCE R Y B LA 4y ) i
20%6.40% .60% .80% F1100% .

R2 BEXRBES

Table 2 Datasets for static experiments

ft10(10< 10) Fisher"™”
1a01(10X5), a06(15X5),1al1(20X5),1a16(10 X 10), la21~1a25(15X 10),1a26~1a30(20 X 10), Lawrence™
1a31~1a35(30 < 10),1a36~1a40(15 X 15)
ta21~1a22(20X 20), ta31~ta32(30X 15), tad1~1a42(30X 20), ta51~1a52(50 X 15),ta61~ta62 Taillard™

(50 20),ta571~1ta72(100 X 20)

3.2 SRIGIRE
R R AL PPO 4 Actor 45l Critic P45 #F B B AT 14~ B2 59 MLP W25 s2 8. B4 R
P2 4 O AE B A TR R A B T 8. Elgad B, 3 T8 EZ 6, R sk & h
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8 000, A YK AL 75 5N ST 1) 30 (B — A 5 5] 1 5 8 1A B8 0 ), 34 B R KU/ 6 55 F Z B0 8 T 85
X PPO K B 37 45 19 2 > OB K 88 10, 337 S 8 epsilon & 8 0.2, I f1 K F y I & 4 0.999,
Actor 1 Critic W45 i) 22 2 R0 B B le— 3 F 3e— 3, fdi FH Adam fifb 2% o TELSE 2856 Tt , 1% & o
H 0.6, MR HRIE S 0.4 e KAH N 1, 0 56 28 50 F i B C ok 2 M SO 2R R B0 8 R 5 000, v Ace-
tor [ 2% 1) R Bt T At i R/ & R St 48 36 T A R C BRI 1 4R B2 RIS SOUI R RO 2 BOER 42
BT AT A B A S B SCER g 2 8 S AE Py Torch v BRON R 8 AR SCAIF T BE Y A AR A
(https://github.com/sx1616039/simple-order-uncertainty ) . 3£ 5 7F At £ Windows 10 64 #24E &2 4 8 GB
RAM .Intel Core i7-9750H 2.60 GHz CPU W 2E 04 ki 1547,
3.3 BSRAEXR

A SCAEF 1R A TFBE 4 b EAT T 8 S B S8, %F b T Chen 257V 42 B9 3£ T Transformer (4
P AR Han 25452 A9 5L T DQN A9 I8 B2 A5 Y Park 261V 48 WA JE T GNIN Y 22 %0 RE 1A 58 4k 27 ) I8
B DL K 2.2 95 B0 6 PDR 8 B J5 ¥ , 45 A0 38 3 R , o /8 Min_PDR % K31 i T PDR o 5
U BESS A . OPT 81 37 © R0 Y e AR BE 45 3 A SO 82 07 ik i I BE 45 R 45 118 1 5 IRk S iB A7 45
() F- 4 bR o 22, JF HLJy 22 73 T 3R WX S WRGs AT 45 R B W i 22 5 o 20 ) R/ el VR B i X PIL A
B g % F R JUAR 5 ik e d A 0 R B 45 R DUORLAA B

T H bR a2 AN ) AR e M H AR R 9 DRL S B 7 . 56T DRL I JE 7 sk T84 M
Tl G AR A I B2 SR . — P I RSt = I B R A TE B AL A 1l 9 22 1) AT DI 0 A 8 1) 22 461
AT, I R AR AT E T A R B SR Dy — B DL T AR G i R TR SR Y DAk R IR N I A
Al — AR 1 94T . Chen %A Park 254 28 78 fiT — Fh Il 2R 58, 11 Han 28 UG — Fh il 2 X, A
SCEH TR — Rl g

M 3T LLF A SCRT 2 7 B AR 36 A Z2 9 b A7 34 4 (3 B 25 BN T (0 1) SCHR [ 28 ] 1% i J32 45
B3 HAE A B E 0 BT HAB WA DRL J7 3 FUTA 6 PDR )7 ¥ o (451 B 92, Chen 25V 4 3
7 ¥ e PDR J5 ¥R 2822 33X R B DRL A 7 IR SO0 T PDR 5. SCRRL28,41, 51 1 1742
% B TR B 2 N 28 A Sl I BE SR MG, 3 ) o8 Transformer (428 3013 & 1 M 2% ) . ScheduleNet (£ 5 6 4>
MLP #f 2 W 2% ) & B2 W 2% (AL 3 4 A FRUZ ) 0 A SCH i) 81 B SR s 0 FH T A 1A Bt 2% 19
MLP #f 25 % 45 , 33 50 W 98 B 19 26 AN 75 3 AR TR AL BB 0% AR AR B4 1 0 BE 45 28

AN R SCIR R T BT B U B 7 1 A WS SR e L AL UIN 25 T T B E DL I R ] L G A 4 BOR
AR SCHY A R R AE /N P R LR A 2 0] b (1a01~tad2) AT LAZE 1 h P I 25 Wi 81, 78 88 R HIASE B 42 491 1
(tabl~ta72) i T B[] 8y B o 15 JE vk e 88, MOF- B S8t 1) B /NS 22 461 (10X 5, 15X 5,20 X 5 Fll
10X 10)/NF 500 s, 2 HUAL 22 451 (15X 10, 15X 15,20 X 10,30 X 10 F1 20X 20) /N F 1 000 s, K B 2 {51
(30X 151 30X 20)/NT 3 000 s, 78 KA ZE 5 b, Bifi 5 28 (5 MRS A 36 00 L 72 1 ho 7™ A i 1 R 0k 4
TR/, DA T 156 B WS P 08 R T S W S A 2R (1% B [ i AR ASE T S
3.4 BHBXPAEXR

EFXF VY 42 18] 98 B 2 G5 b 9 B 8 v, 6T DRL Y I8 3 D7 36 2 1o 7 8 B DA 7 X 26 R o 4 TR R
WA Ak, F2 2 A 30 E IR B ARE X . B — R R IR0 5 A R R SR S AR 4 R 0 b KA O B A R R R
FHN S5 G- 14 SR w07 100 2 49 b 4k S0 A 3] 1A T 1T 00 98 B2 SR M O 7812087 19 22 09 b A7 98 B 5 o s —
oo B AR 28 ) b AN i 10> 0T O B SR, SR IS TR ORI 1 SR A0 B AT R

AR B T AN A2 B E B EREE A HE TR A DRI RY fy 3 Fof 7 98 18 S A PDR F 9 5w . i
1F FE M AA AT 5K 3 A SR W A5 B R B 45 SR A9 T2 4H, 1T PDR J7 1 R 6 B PDR A FE 5 WS (14 B
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Table 3 Comparison for static scheduling results

R Z i) OPT Chen 25 Han %™ ParkZ"  Min_PDR Ours(u/o)
10X5 la01 666 — 666 692 680 666 / 0.0
15X5 1a06 926 — 926 971 926 926 /0.0
20X5 lall 1222 — 1222 1319 1254 1222 /0.0
10X 10 lal6 945 — 980 1054 1047 1041/10.8
15X 10 la21 1046 — 1162 1261 1230 1138.4/8.5
15X 10 la22 927 — 1021 1207 1060 983.6 / 8.7
15X 10 la23 1032 — 1053 1145 1152 1038.8/8.1
15X10 la24 935 — 1029 1088 1085 1025.2/10.0
15X 10 la25 977 — 1067 1117 1112 1046.2/18.9
20X10 la26 1218 — 1327 1458 1386 1272.8/12.7
20X10 la27 1235 — 1397 1516 1415 1340.6 / 27.9
20X10 la28 1216 — 1386 1357 1472 1291.8/35.2
20X10 la29 1152 — 1323 1320 1343 1267.4/12.7
20X 10 1a30 1355 — 1417 1490 1534 1393.8/10.9
30X10 la31 1784 — 1854 1906 1810 1784/0.0
30X10 la32 1850 — 1900 1850 1884 1850 /0.0
30X10 la33 1719 — 1782 1731 1794 1719 /0.0
30X10 la34 1721 — 1880 1784 1856 1723.6/5.2
30X10 la35 1888 — 1941 1969 2039 1888 /0.0
15X15 la36 1268 — 1355 1449 1396 1374.2/19.1
15X15 1a37 1397 — 1540 1653 1584 1511.6 / 14.6
15X15 1a38 1196 — 1348 1444 1358 1326.6 /15.4
15X 15 1a39 1233 — 1357 1430 1405 1356.2/3.9
15X15 la40 1222 — 1336 1350 1358 1318.6 /4.3
20X 20 ta2l 1642 2145.63 1952 1921 1964 1846.8/6.4
20X 20 ta22 1600 2 015.89 1870 1844 1868 1757.4/17.9
30X15 ta3l 1764 2 382.63 1986 2055 2134 1956.8/18.3
30X15 ta32 1784 2458.52 2135 2268 2163 2012.8/17.6
30X 20 tadl 2005 2541.22 2 450 2572 2499 2323.2/125
3020 tad2 1937 2762.26 2351 2397 2401 2197.4/15.6
50X15 ta51 2760 3762.60 3263 3382 3442 3069.2/72.5
50X15 ta52 2756 3511.20 3229 3231 3263 2891/31.3
50X 20 ta61 2 868 3633.48 3 367 3202 3335 3102.6 / 23.4
50X 20 ta62 2 869 3712.30 3489 3339 3274 3217.2/22.6
100X 20 ta7l 5464 6321.22 5908 5879 5839 5687 /27.6
100X 20 ta72 5181 6232.22 5746 5456 5462 5320.8/ 26.4
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Fig.4 Training trajectories and training time of our DRL scheduling model
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Fig.6 Training time comparison of reused policy and the retrained policy
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