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Application of Improved Q Learning Algorithm in Job Shop Scheduling Problem

Abstract

Abstract: Aiming at the job shop scheduling in a dynamic environment, a dynamic scheduling algorithm
based on an improved Q learning algorithm and dispatching rules is proposed. The state space of the
dynamic scheduling algorithm is described with the concept of "the urgency of remaining tasks" and a
reward function with the purpose of "the higher the slack, the higher the penalty" is disigned. In view of the
problem that the greedy strategy will select the sub-optimal actions in the later stage of learning, the
traditional Q learning algorithm is improved by introducing an action selection strategy based on the
"softmax" function, which makes the improved Q learning algorithm more equal in the probability of
selecting different actions in the early stage. The simulation results obtained from 6 different test
instances show that the performance indicator of the scheduling algorithm is improved by an average of
about 6.5% compared to the before and by about 38.3% and 38.9% respectively compared with the IPSO
algorithm and PSO algorithm. The indicator is significantly better than conventional methods such as
using a single dispatching rule and traditional optimization algorithms.
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2.3 EXBEA
7£ DISSP 1, i Agent H2 ¥5 i T AL 2% (1) 0

TLARHE AT EE, DO A n T A
HATHE, B b THLE N T 58 i BEAE
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P =minp, (11)
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X NI
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EHEATHGE, 51N Softmax B AL, HEH—FIET
Softmax R AL R B VR 1% 15 HE0E -

exp (uQ (s, a,))

P(&Jhy_;;eﬂﬂﬂQ(&ﬂLN
X whbrE.

A5 TR, HAIAEIRE K Q E AL O I,
FA VR P ML R AR S, DT AL A5 AT 391 ) 30
PEIEFEEINBENL, TRRME S X QE I H
FHER ;. U AT B E B BN, S AN SRR
EARAEANE, QE BTG HAE ;s ShERE
RAEBOR, QIEMR, ZhERI IR ER N, Q1H
BN B IR, RS A A T [ R A 5
=N

2.5 EH QEAFIENRRE

B 2.1~2.4 5 BT BETE AR 18] L [ R
B ATRBIELL, LR R £ s R & B R
QL&A , 133 1 otk QL AR 7 10 IR :

(15)

A, S5 B Q & S SLVEAEAR b 4 [ 17 AL e ) 1

Vol. 34 No. 6
Jun. 2022

SO QL HE AR
Witttk s, € S, O (s, a) AIEEAL
i WIEhiLs,
i RS EE = 1~T
WU AR 25 s, = { EAST (t), EART (t) },
WRAE S EME O, M 2.4 3T “Softmax” M
H 11 B AF I B SR W R B P (s, a,) R PE Z =
{FCFP, SPT, SL, LOPNR, MWKR, Random} "' B #l
DI @, AT R
AT a,, RIEROVIKGL r,, o R
T RRE s,
O(s,a)=0Q(s,a,)+tal[r,., + /lmflx
O(s,i,a,)= 0(s,a,)]
ME s #HEANT = DMKRE s, =
{ EAST(t+ 1),EART (t+ 1)}, L& RE
Z bR T
oo AMEEREO(s,a)

3 iEMAEERS T

IS UE B3k QL BV AR ¥ DISSP 1A ik, A
YBEE T AT 4 8 JSSP ST L B sk
5 o FI A A7 SIS 35 A8 I JE A 2l 3.6 GHz 1)
Intel i5-9400 kb L 2% . 2 1T W 47 N 16G
Windows10 PCF & #£47, i Bt QL 52k H
Python % #£ 1% & 7F Pycharm 3 {4 2% 5 3 1K
SR, o B CR A T 4 B JSSP B . LAOL
(10x5). LA05(10x5), LA06(15x5). LA10(15x5).
LA11(20x5)s LA12(20x5), FHH 10x5/8F& 10T
PHAE 5 G LA RSN, DA RHE. 7E07 Bl
R, AR BIANLES bR AL B 8] 15 & —
FRIE I35 51 53 A o

NT G HbriE, EIEMEMSH RS
BT o B A 53k A FCFP. SPT. SL.
LOPNR. MWKR H1 Random #} M1 Jy 535 1 5 4
Y, FU B A B LR 6.

http: // www.china-simulation.com

* 1253

Published by Journal of System Simulation, 2022



Journal of System Simulation, Vol. 34 [2022], Iss. 6, Art. 7

55 34 %55 6 1 ARG R Vol. 34 No. 6
2022 4 6 A Journal of System Simulation Jun. 2022
x5 HiESHUE %8 LAO5SHEELE
Table 5 Values of simulation parameters Table 8 LAOS5 scheduling result
S HufE F ) =02 k=04 k=06 k=08 i=1.0
FHa 0.01 FCFP  447.54 42375 33752 289.06 248.00
;ﬂiﬁjﬁ 0.9 SPT  468.04 45605 32152 27736 230.70
G e ¢ 1
SL 463.74 487.63 39472 325.66 276.50
REZEWSH A 1
L 5 (02,04, 06,08, 1.0} LOPNR  457.64 437.63 356.62 292.46 214.30
Episode 1000 MWKR  447.54 463.65 344.12 313.66 264.30
Softmax 508 u 1 Random 483.84 44513 35922 29336 274.70
i b i [1,10] QL 445.84 440.85 293.42 27726 212.30
Fo6 BEVIRMNIEGFLELE #9 LAOGIRPESE
Table 6 Action candidate set for each machine Table 9 LAO06 scheduling result
B PR B Fii3d B k=02 k=04 4=0.6 k=08  k=1.0
FCFP PRIGIEFE R e BIEHL AR 1 LA FCFP 70224 72068 52239 42607 48593
SPT 1&%96@@%?Iﬁgi?:ﬂﬁ@Hifijﬁj;f: SPT 69304 679.18 56525 488.83 494.06
SL C I R 1 B Fa ot B e /NP T
o e ‘iz SL 759.51  745.68 623.65 572.83 529.67
LOPRR DUCIEFERIR LIPS R LA LOPNR 733.84 730.18 60579 583.73 513.67
MWKR I Sl 3% B ) 43 0 TR Ta) e i A ' ' ' ' '
Random BN L T MWKR  687.44 660.88 547.65 482.63 492.06
Random 713.64 692.68 577.99 506.63 480.93
31 fFiEER QL 684.44 653.68 52152 42336 474.93
3.1.1 BT ALk I EEXT B 45 R A 10 LAI0VHRELE R
Table 10 LA10 scheduling result
kK BUE B Y THREN L ER2RER, £
N H) =02 k=04 (=0.6 k=08 k=1.0
: == A L it ey
HOER D, BT T AR SRR B . E.6 FCFP  763.13 73323 5742 507.93 435.00
S, SR R E, TR Q I SPT 76587 72663 5662 51213  463.93
RN EESE R, IE DR LS A — 1 R e 1 i 2 SL 7892  745.63 62247 6014  526.00
FAHLLES, WERT~12 TR, BHULEIE], ook QL LOPNR  736.67 711.53 58937 538.74 528.16
VLRSI AT, e e S ) (8 2 IR 2050 e MWKR  721.17 704.13 6032 51093 487.63
. . NP PN R 4 4 15. 22. 2.
FHIREFN], 3% DISSP k4T K fii, HFrfgiAE andom 75047 73043 61507 52253 33287
. v . QL 70473 692.83 51533 4948  426.73
2 S 158 FH B — U P RO e i
F11 LALLFBEESS
%7 LAO1EL Table 11 LA11 scheduling result
Table 7 LAOl SCheduhng result %m}]‘]\u k=02 k=04 k=06 k=08 k=1 0
Wl — = — — —
A =02 k=04 k06 k=08 k10 FCFP 83449 81022 70832 66591 589.65
FCFP 54742 523.17 44646 389.08 312.00
SPT 840.44 81532 71922 66031 607.80
SPT 527.12  510.67 459.66 334.18 303.10
SL 1010.44 923.82 87837 84631 780.10
SL 538.02 549.82 470.76 418.88 323.60
LOPNR 56372 60542 447.86 40578 299.30 LOPNR ~ 847.64  843.12 787.67 735.31 64230
MWKR 54260 S3117 47576 38148  301.20 MWKR  835.44 82062 764.62 814.56 619.00
Random 533.12  546.12 48696 379.58 327.00 Random ~ 886.29  876.18 736.37 759.46 703.25
QL 524.02 507.62 44226 31278 292.30 QL 833.24 80242 754.82 659.36 585.70
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£12 LA LS BE At . S T IRAE AT HR A JE T Softmax BRI B
Table 12 LA12 scheduling result . . . N NN
2 35 TS B S R (1 M L

e o5 o4 e o5 oo VE IR B SRS AR T S0 2 S ms A i, At

SN N N N S N
FCFP 67559 66343 68027 57471 471.20 TR R ST Softmax i FESEI £
SPT 72334 71545 62842 584.46 498.30 WRFe=0.01 FIoTEE0ES, Bl ST2E50E DL 1% 1)
SL 921.04 87625 798.87 70276 632.10 R 22 AL S T FE N, L 99% 1M 2% 1k R M
LOPNR  747.84 708.75 644.17 635.71 458.40 TR N . 2 RS A LAL0. 4=0.6

MWKR  689.54 66435 650.82 596.61 47930

g | ) I /H? {1 W é ) i °

Random  767.14 756.63 687.42 609.46 466.20 AELHL, AR QL HIIEALT S 3% 4 E] SRV
QL 670.94 643.15 62797 565.71 452.60 B2 ATEUE ) 55T Softmax bR #1228 £ 55

3.1.2 B K MEXT B0 QL BEWR SIS MR

PALAL0 1, ¥ k5370902, 0.4, 0.6.
0.8 1.0, RS EBIN1 000, it QL H ik
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2o fE . e )RR, IR R
FRMASTE, AR Y2053 7007 A 1) [l i AR A
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FERIB S . MRS Bh 2 BT AE GRS R B
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A AFE Bh ek QL kR 21 5 47 1) 1 55 45
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=02
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7504 T
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Fig. 1 Influence of different & values on the iterative curve
of improved QL algorithm in LA10

3.1.3 Softmax B ¥ 5 512 S X QL H ik Stk
ihpagiy

ARSORT QL Sk A it 1 B R T AR £ 3R

W QL B3k AT S AR (R AC I B2 DL R FEAIE 1 i B
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7508 BT SRR HES (QLEE
-~ B T-Softmax 1 B QL&
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Fig. 2 Performance comparison of QL algorithm before and
after improvement in LA10

3.2 fiEX e Hr

N T SR Bk QL SELE DISSP AT AL
A5 HIOT T AR BT B I Re FR AR 45 R

B2, N T IAEAE I Softmax Bk SR IS 1)
Uk QL HVETS 3 1) 45 FAR T8 FH D 28 SR 1) fe 4t
QL %k, A5 CHR[20]84T %F b, 7E QL &k
FHR S ELORFF — BUHORFF SCHR[20] 55072 HoAth 356 73 A
AR B, [E A fE A FCFS. SPT. SL.
LOPNR. MWKR £l Random 1 Jy i J& i} %] 1) 5
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Table 13 Comparison of simulation results between
improved QL algorithm and traditional QL algorithm

W FEHRE SO QLENE  fL4iQLEIA
LAO1 10x5 442.26 488.56
LAOS 10x5 293.42 334.87
LA06 15%5 521.52 573.45
LA10 15%5 515.33 520.64
LAll 20%5 754.82 806.75
LA12 20%5 627.97 680.68

R 137750, S QLA RM T4 QL, %
Wk T e EE A T 5 QL FIE M Ak . &3
W 2 2 I T BLLATO, A=0.6 I IR,
AR5 SCER[20]H pr R U Slod BERT LE, ek
QL S B 8 5 3K fife & A W WAL T SR [20] Hh 55
AR 45 R

800
¢ BUHQLA VL
750 o~ CHR[20] 7 I BLE
700
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HE LE B 1)

600 [
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i [R) 25

K3 SiRgE RN T

Fig. 3 Comparative analysis of algorithm results

Hk, Bk il QL Ik SR HE L (PSO) .
CE R - B SRV (IPSO) 55 A% G AR Ak 77 32 75 il 1
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IPSO. PSO HEHAT I HXFEL . Seiarr, TIPSO A
PSO IAH R 05 SCHR[21-22] R FF— 2 FREH
LAOI. LAO5. LA06. LA10. LA11. LAI2/EAil
WA, HEEVERETR AR Y “ I MEHBIER TR .
AR SRR R 5 ek QL RH £ R R BRLIR 5
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Table 14 Comparison of simulation results between improved
QL algorithm and traditional optimization algorithms

s B BGEQL  SCHR[21]  SCHR[22]  SCEA[22]
i Rk KIIPSO  HIPSO  HJIPSO

LAO1 10x5 442.26 736.5 736.5 736.5

LAOS 10x5 395.02 765 775 792
LAO6 15x5 521.52 849.3 850.0 867.0
LA10 15x5 515.33 944 975 944
LAIl 20x5 754.82 1025 1025 1025
LAI2 20x5 627.97 895 923 895

LA RN, B S I QL BLAAE K i 72
HEd KRR, RRREAE AR NER B E R R
SR, FEANFRRL ISSP EBI R, Fiis 2Rk AE
FE bR 45 BT PSO. TIPSO 254 Si it & el AL 7
%, RBLH T Bk QL BV TE 3K fiR DISSP A
Rtk

4

AR T M T o QL B S RN
() Zh &5 VA £ S0 R Mk DISSP, 4 “ /MU HE IE
WpE]) 7 FE Rt RefE AR, AKIEIZIRAR et T A
A CEARRET PIRAA T I
ek, it T —MEBANE I SEAR ‘A
AT IBENL” 5 S IATE DR 7 M SR ik
PEAEmG, AT I AE A AN R FE I 20 B0 7 b 23 T o
T8 1R FE R PR 77 oK 3K fi# DISSP. S5 285
R ZEPAMB T ARSGERT QL L, TERetE
P& DH 6% KT, ME TIPSO, PSO #/0H
38% MIHR S,  [A] B szt iz f T e FH S A B A
WRESE IR, SRR ILH T EAFshastE, k3T
EUFRIBA T EERCR, ESE T oot QL VLR KR AR
DISSP A Rt 50 .

KK, 1EDISSP B 5T 22 % & LR LA
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