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Fig. 1 Gantt chart of speed adjustment strategy

fory TRENLIES: 7y FIR TR 7, 1> 1y, W g B,
TBITATIELERY d A TAFEE fAT58HR, $AET Speedup( oy )o
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d % SOA(Sine Optimization Algorithm) /1 1) 1F 7% 2
i1,

d = |Lr, Xxsinr,]| (17)
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M RERE -
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Y2 A5 AT D4R e A 1) o 6, R R A R R B O 1 I
K SIVEIRAS B 23l . R T HERA BRUAT S 5k, Al
FHAR ) B AR R AR B RER LIRS, A SORE 8 Fioin T
TP R R R T2 RS E R s R4

12 H bRl @i v, i (9 ot it 32 SR BLAE AR S
KAVUMEESZ S EEE b stk

X R HPAT R e R 3 2 e X7, % R BUE X
W

dis(xX' X LX <X
R, = — is(X', fna") +{0,otherwise  (19)
dls(X,aXmax) + dls(X/9Xmin)
-1,X<X

Hrb, dis(X, Xoin) VA — A0S BT F R /NS 7% 1
MRIGHE S . X' < X KRR X7 SR X o AR 5T i
FITH iR ) SCC S 2R 45 T 2 Dah, [R) IS 2% JECHT i 11 B 7
FPRESEAL A3, BRR it 27 J ML, B0 B i
VT2 G, W R R . B RE M A R R AU AT
O fHE R BIME, g 1 kb th AT B — S PR R 1
O, B AR 280 randp, 2442 LAY (0,1) A BEHLE N
F randp B, FEALHATHE—3h1E. DhARASUNTF:
Algorithm 1: Pseudocode of Dual Q-learning
Initialize Q-table matrices Quouom> Qiop 5
Choose agent X and update d;
If rand(0, 1) <randp
JAO(X,rand makespan); //randomly perform JAO on X
Else
JAO(X, max Qpoom ); //assign JAO with the highest
reward value to X
End if
If rand(0, 1) <randp
JAO(X, rand TEC);
Else
JAO(X, max Q. );
End if
Update Qotoms Quop 3
2.5 ETERERENFBERER
T NSRBI AR D ik B O 9 1 IR, B2
— B R AR R MG o XS AR R T Y TR SR A
BEDL VL P — LA B AR, 75 2008 55 — T Ak B A5 Y
HHE T, X0 AF SCHE At B 30 0 45 2R DX I A7 N 1) TR
R, BRSNSy OGS T ML BT 3 T
PR B, R A EB 4 A B SCHE T BRI i A
T AR AT AT, A AR B %0 AL B AR /N A
TEPRAT Jay 400 2 ) 4 I TR AR SR 46 . S 1



population P;
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Algorithm 2: Pseudocode of Local Search Tnitali
nitialize
Begin population
For non-dominated solution X do =||
If rand<0.5 i l
. Bottom-level Q- Top-level O-
Ob,] = makespan a Fcritical = Fmakespan ; © loé:mfgge Q Olga:;/ing
generates generates
Else population O population R;
obj = TEC ; Fica = Frrec ‘ ’
End if
job = Mgeigea(tandom) ; //Select a random job from
feritical
. Merge populations, selection
Remove _]Ob; strategy generates new

Reinsert job into all positons in all factories except
Fiica , keeping the minimum obyj;
If obj == makespan
LocalSpeedup(f), f =1,---,F ;
Else if obj ==TEC
LocalSpeeddown(f), f=1,---,F;
End if
Ifnot X <X’
Update(PeratoArchive, X’); //Update external
archive
End if
End for
End
2.6 RLSOA EiZimi2HE
RLSOA H¥E A G M RERI 4R L . 2 T Q-learning
42 R | PR LR R 4 BB, B
R AR WA 2 Fs o
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m={4,8,16}, T.] M F={2,3,4,5}, 45 R LB 5 %%
A 10 NASFE A E B, Heid 480 ANEGL BT
SCIBAT 10 UK, B 10 YO ARAT I AR SCRC AR R 1R 1%
B K AT B Pareto BV o TR0 T E] 3% &
[5,50] PN i) Bt AL 550, S04 I Tl B TR R 5 NS5
{1,1.3,1.55,1.75,2.10} . 55 7% % F Visual Studio 2022
C++ SZB, fd ] 410 2.4 GHz 1 Intel (R) Xeon (R)
CPU E5-2640 v4 4b B 2% F1 64 GB A7 PC 1155 .
i AT B2k S5 F S B K CPU i A BT R Ty =

No

Update Archive set

‘ Local search strategy ‘

Update Archive set and algorithm
parameters

ermination condition met?

2 RLSOA B¥iiRH
Fig.2 Flowchart of the RLSOA

Output
results

0.5xn(s)
32 BYLE

RLSOA A 3™ EE S K. F#EHLAL popsize, 1E
5% 8 A 5 2 8L beta 5 Q-learning 7 W& P17 4 R
randp, W3 1 iR . K ANOVA X S50 4 4 &
AT T o R B7 IS5 R G, B AL AR A 1 55 191
n ={20,40,60,80} , m = {4,8,16} , F ={2,3,4} , 336 F
ARV A, BRI TR E] S [5,50] A BEMLRE £, >R
HITTHRBE CON 1E N AR S E04 & P K Pareto fff 45 5
AT TR

%1 RLSOA ff) ANOVA HF /K%
Table 1 Factor levels for ANOVA of RLSOA

Value
Level
popsize beta randp

1 10 0 0.1
2 20 0.1 0.2
3 30 0.2 0.3
4 40 0.3 0.4

L _ 17

CON(i) = (20)
|Fref|
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Hrr, JH Fii=1,2,--+,36) R BASEA ARG
Pareto fit 5, F.q N F,— Fy 255 3K15 1Y Pareto ff 4,
F/ =F,NFy, |F/| 3m F/ HAE LB, |Fol
FIR Fror AR SCILAR 09180, CON (EBR, D21 i 1
R L. ANOVA S2I0 &5 5 145 2 Hfe A [ JA
Xt RLSOA fy 5 i #5435l an % 2 MEl 3 fis .

#2 ANOVA LIZE5
Table 2 Experimental results of ANOVA

Factor DF F p
popsize 3 1.406 0.001
beta 3 1.096 0.024
randp 3 0.870 0.874

DF—Degree of freedom

i 2 2 W] LA i, popsize Fll beta 1 p {8 /N T

0.05, BEHIZ S BT Ak REA WEM I . T8
191] 1) FASE 15 8 A A, AT LM ) R ASE 0] 3 A /N R
CED T A5 T-45 T 40) FRFUAL (B T A4k T 40)
PR AR B0 4 i X 2 Bk FE kAT Dhas . AP R /D
popsize PRE T RAE S 1) 20, Bt /N ok 558
AN A5 [ 5 1717 Bl o) RIS R, SRR 1) S % B 4
i, PR K S AL 2R R A e ], R AR A SR
. HE 3 TLIE ), FE/NUBL R R, popsize HUH
430 I CON {BLIR K, fift 14 0 ek di 5 78 LA [
I, popsize I EALAE A 10(CON {EHz K) . beta $5 il
TR AR T A B B K. 3 SRTEAN[R]
KR Y (] 11, beta T AL AYHUEY A 0.1, randp X} 5E
PR BB, Z5 5 T8 P A R R] R | (%) R 3,
randp JUE K 0.2, 25 LTk, &S 8N EUE M : beta=
0.1, randp=0.2, /)N A5 [] B popsize=30, A A5 [m] 5
popsize=10,

20 popsize beta randp
1.9 1.9 1.9
1.8 1.8 1.8
1.7 1.74 1.7
z 1.6 z 1.6 z 1.6
8 1.5 8 1.5 8 1.5
1.4 1.4 1.4
1.3 1.3 1.3
1.2 1.2 1.2
1.1 1.1 1.1

10 20 30 40 0 0.1 02 03 0.1 0.2 03 04
Value Value Value

popsize beta randp
3.0 3.0 3.0
2.5 2.5 2.5
2.0 2.0 2.0
8 8 8
o5 O 1.5 Ols T,
1.0 1.0 1.0
0.5 0.5 0.5
0 0
10 20 30 40 0 0.1 02 0.3 0.1 02 03 04
Value Value Value

(a) Parameter trend chart for small-scale instances

(b) Parameter trend chart for big-scale instances

E 3 HBHAEARFHAT X RLSOA M52 mi#a 3 A

Fig. 3 Trend chart of the influence of each parameter on the RLSOA at different scales

3.3 RLSOA 4 iscig

AT IR e SR I XT RLSOA 14 BE 11 52 1
FREE, A5 XF Hb RLSOA il Ffr 34 0k 20 4% f16 45 33 78 i
(= L N A7 R v NE T R Sl S e R
(RLSOA1) 1 % & W /2 Q-learning % % (RLSOA2) .,
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Pareto fiftFE W & .
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T ANy 5 BF, RLSOA 78 K F8 43 MR 1 34 51) |- 1
TR R RN . R R — e R
AT BB TE A R A TR BE , TEMs D i B 3 i — 20 %

RRER AR T R SR8 2 A R Ay, PRI 32 ) R AR
PR/ NGRS ] ) R 88K o

7% 4 i 78 4 RLSOA2 Fll RLSOA ) C-metric $§
PRt A o 45 R R WIHE £ A AR BB A B ) 1,
RLSOA k1511 Pareto fift£E (1 1 AR EAL T RLSOA2,
Ui B Q-learning WS (19 51 AR AR Lol T 5k
FA) SR A M R 38 3 R BT TR e 2D T TJE R AR R W 1Y
fif ), 2 v O A AR TR A% . [FIBT, Q-learning
TR X T B AR AR A 32 B RS R /N B i
Z 2, £S5 AR Q-learning MG — & AYFR E M
S

% 5. % 6 iR N RLSOA 5 RLSOAT, RLSOA2
B IGDE X o it a5 REMH Y T MM T
5 B, RLSOA 7E BT A7 FUBL A T AR FpL s b= AL T
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23 RLSOA 5 RLSOALI ) C-metric {H %5
Table 3 Results of C-metric values for RLSOA and RLSOA1

C(RLSOA, RLSOA1) C(RLSOAL, RLSOA)

(n,m)
F=2 F=3 F=4 F=5 F=2 F=3 F=4 F=5

(20,4) 0.265 0.255 0.291 0.355 0.637 0.645 0.569 0.438
(20,8) 0.261 0.290 0.420 0.505 0.626 0.591 0.464 0.236
(20,16) 0.230 0.345 0.469 0485 0.665 0.564 0.441 0.401
(40,4) 0.049 0.328 0.416 0.299 0936 0.572 0.521 0.650
(40,8) 0.260 0.308 0.287 0.364 0.601 0.626 0.666 0.597
(40,16) 0.231 0.207 0.288 0.375 0.614 0.736 0.664 0.596
(60,4) 0.234 0.468 0396 0.339 0.529 0.278 0.360 0.487
(60,8) 0.281 0.331 0.304 0.438 0.469 0479 0512 0.325
(60,16) 0.162 0.160 0.300 0.304 0.643 0.709 0.477 0.488
(80,4) 0.264 0.422 0332 0.466 0.601 0.342 0.489 0.289
(80,8) 0.234 0.211 0.300 0.339 0.588 0.584 0.469 0.464

(80,16) 0.219 0.304 0.293 0.348 0.679 0.583 0.561 0.376

24 RLSOA 5 RLSOA2 ) C-metric {H %5
Table 4 Results of C-metric values for RLSOA and RLSOA2

C(RLSOA, RLSOA?2) C(RLSOA2, RLSOA)

(n,m)
F=2 F=3 F=4 F=5 F=2 F=3 [F=4 F=5

(20,4) 0.174 0.150 0.291 0.335 0.786 0.748 0.608 0.544
(20,8) 0.212 0.216 0.381 0.467 0.728 0.699 0.544 0.467
(20,16) 0.430 0.366 0.327 0.246 0.452 0.546 0.624 0.696
(40,4) 0.056 0.204 0.248 0.262 0.889 0.718 0.724 0.697
(40,8) 0.193 0.230 0.164 0.204 0.726 0.673 0.807 0.702
(40,16) 0.371 0.202 0.269 0.275 0.528 0.739 0.660 0.666
(60,4) 0.174 0.377 0.414 0.431 0.775 0.581 0.543 0.517
(60,8) 0.449 0.241 0.197 0.370 0.461 0.687 0.734 0.601
(60,16) 0.384 0.255 0.354 0.341 0.534 0.660 0.586 0.544
(80,4) 0.230 0.251 0.261 0.436 0.710 0.648 0.684 0.527
(80,8) 0.333 0.166 0.288 0.306 0.618 0.773 0.588 0.684

(80,16) 0.248 0.354 0.287 0.447 0.649 0590 0.633 0.514

%5 RLSOA. RLSOA1 5 RLSOA2 11 IGD {fi 115445 % (F=2,
F=3)
Table 5 Results of IGD values for RLSOA, RLSOAIl and
RLSOA2(F=2, F=3)

=2 F=3

(n,m)
RLSOA RLSOA1 RLSOA2 RLSOA RLSOAl RLSOA2

(20,4)  0.003 0.011 0.009 0.003 0.014 0.009
(20,8)  0.004 0.013 0.01 0.004 0.014 0.009
(20,16)  0.005 0.015 0.006 0.005 0.011 0.006
(40,4)  0.001 0.023 0.015 0.003 0.013 0.009
(40,8)  0.004 0.013 0.01 0.005 0.015 0.01
(40,16)  0.006 0.017 0.008 0.003 0.016 0.01
(60,4)  0.004 0.023 0.014 0.008 0.013 0.011
(60,8)  0.009 0.019 0.01 0.006 0.018 0.012
(60,16)  0.005 0.033 0.011 0.004 0.022 0.01
(80,4)  0.005 0.024 0.017 0.007 0.011 0.015
(80,8)  0.006 0.029 0.011 0.004 0.021 0.016

(80,16)  0.004 0.032 0.012 0.007 0.026 0.009

# 6 RLSOA. RLSOAI1 5 RLSOA2 f4 IGD fH 3175545 3 (F=4,
F=5)
Table 6 Results of IGD values for RLSOA, RLSOAIl and
RLSOA2(F=4, F=5)

TR R 2 I, JR A AR SR R Ak M i 1Y i T
WEs 55 . R T yRANR RS R A B, I T A
TE R B E d, AR R T TR DL R i
FRECEL B3 Ll A A AR A AR A RN &
A ANOVA 455, v LUE 5 H & N 2 500 il 5 5
A ERE
3.4 RLSOA 3tLb L8 K it ot

AT K 5% RLSOA =K fi# EEDPFSP [n] #5114 &4 S

=4 F=5

(n,m)
RLSOA RLSOA1 RLSOA2 RLSOA RLSOAl RLSOA2

(20,4)  0.004 0.01 0.009 0.006 0.008 0.01
(20,8)  0.006 0.01 0.008 0.009 0.005 0.009
(20,16)  0.006 0.009 0.008 0.006 0.007 0.01
(40,4)  0.005 0.012 0.01 0.004 0.016 0.01
(40,8)  0.005 0.016 0.013 0.005 0.018 0.01
(40,16)  0.004 0.018 0.008 0.005 0.015 0.01
(60,4)  0.008 0.01 0.01 0.007 0.012 0.009
(60,8)  0.005 0.014 0.014 0.009 0.008 0.012
(60,16)  0.006 0.017 0.009 0.005 0.011 0.008
(80,4)  0.005 0.017 0.011 0.008 0.006 0.009
(80,8)  0.005 0.014 0.009 0.007 0.011 0.012

(80,16)  0.007 0.023 0.011 0.007 0.013 0.009

W 5 T Fh OB 1Y 5 REFEAH DG 1Y £ B AR LA 5 12
KCA(Knowledge-Based Cooperative Algorithm) I
INSGA (Improved Nondominated Sorting Genetic
Algorithm)# THEL, CPU HHIBALA The = 0.5%1(s) ,
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KCA il INSGA & HRSCHR [15-16] #4717 2 8,

7. £ 8 4lE/R T RLSOA 5 KCA H1INSGA
) C-metric AR XT L 45 R . FEARRIFLEL T, RLSOA
FEAE I pareto fREEE A B B £ . £ 9, £ 10 sy
3 PP IGD F8 b5 %t L, RTLLE H, RLSOA 7£
AU 45 SR A SN TR IR — R
P WA [ EALEIE K, RLSOA R R & F A
#v. RLSOA {4 PR AN ] ) o 8] 88 S g, — 2R 02

# 7 RLSOA 5 KCA Ay C-metric {H%5 R
Table 7 Results of C-metric values for RLSOA and KCA

FEPREH h— A B AR AR 1 &0 T, AT Be b
s/ME T — AL B bR 5 — 28R A% g b —
TUOLAE H AR ] B de/IMb o PRl S g 530 107 FH 7R
AR SR AR AR R v, A LUA RO KA R,
T 4 Jay 8 2R 1) [6) IO E 70 45 2 gk PO T 19 48 R IR 2
RLSOA FHE T XF LB 51 A T 54k % > iy Q-
# 9 RLSOA, KCA 5 INSGA ) IGD {EIT 5 458 (F=2, F=3)

Table 9 Results of IGD values for RLSOA, KCA and
INSGA(F=2, F=3)

C(SOA, KCA) C(KCA, SOA)

(n,m)
F=2 F=3 F=4 F=5 F=2  F=3 F=4 F=5

(20,4) 0.000 0.001 0.006 0.032 1.000 0.996 0.976 0.882
(20,8)  0.001 0.000 0.000 0.000 0.994 1.000 1.000 1.000
(20,16) 0.003 0.000 0.000 0.000 0.993 1.000 1.000 1.000
(40,4) 0.008 0.002 0.003 0.010 0.936 0981 0.976 0.959
(40,8)  0.095 0.003 0.000 0.000 0.720 0.980 1.000 1.000
(40,16) 0.079 0.012 0.001 0.000 0.813 0.957 0.998 1.000
(60,4) 0.013 0.053 0.105 0.147 0.956 0.786 0.686 0.524
(60,8) 0.195 0.099 0.130 0.165 0476 0.744 0.734 0.667
(60,16) 0.157 0.107 0.028 0.044 0.688 0.826 0.952 0.945
(80,4) 0.115 0.047 0.124 0.182 0.710 0.825 0.669 0.517
(80,8) 0.280 0.229 0.197 0.154 0.413 0.573 0.585 0.591

(80,16) 0.277 0.173 0.110 0.114 0.545 0.710 0.867 0.875

=2 F=3

(n,m)

RLSOA KCA INSGA  RLSOA KCA INSGA

(20,4) 0.001 0.064 0.037 0.001 0.083 0.045
(20,8) 0.002 0.064 0.047 0.002 0.089 0.052
(20,16) 0.004 0.068 0.048 0.004 0.072 0.054
(40,4) 0.003 0.055 0.045 0.002 0.058 0.055
(40,8) 0.006 0.044 0.052 0.002 0.066 0.067
(40,16) 0.007 0.056 0.058 0.002 0.058 0.053
(60,4) 0.005 0.06 0.033 0.003 0.047 0.047
(60,8) 0.007 0.045 0.056 0.003 0.035 0.042
(60,16) 0.007 0.044 0.058 0.005 0.038 0.042
(80,4) 0.01 0.055 0.028 0.004 0.043 0.033
(80,8) 0.009 0.042 0.05 0.004 0.036 0.046

(80,16) 0.011 0.045 0.061 0.005 0.036 0.044

%8 RLSOA 5 INSGA ¥ C-metric {H %5
Table 8 Results of C-metric values for RLSOA and INSGA

# 10 RLSOA. KCA 5 INSGA # IGD {H i+ & 45 R (F=4,
F=5)
Table 10 Results of IGD values for RLSOA, KCA and
INSGA(F=4, F=5)

C(SOA, INSGA) C(INSGA, SOA)

(nm)
F=2 F=3 F=4 F=5 F=2 F=3 F=4 F=5

F=4 F=5

(n,m)

RLSOA KCA  INSGA RLSOA KCA INSGA

(20,4) 0.076 0.046 0.047 0.190 0.873 0.921 0.836 0.714
(20,8) 0.104 0.099 0.090 0.123 0.808 0.838 0.843 0.819
(20,16) 0.218 0.195 0.166 0.125 0.725 0.736 0.746 0.821
(40,4) 0.136 0.147 0.065 0.074 0.776 0.795 0.895 0.898
(40,8) 0.171 0.115 0.137 0.105 0.738 0.808 0.780 0.801
(40,16) 0.231 0.148 0.192 0.196 0.765 0.771 0.748 0.704
(60,4) 0.195 0.124 0.088 0.154 0.602 0.805 0.833 0.822
(60,8) 0.154 0.135 0.109 0.143 0.657 0.699 0.743 0.746
(60,16) 0.198 0.178 0.194 0.204 0.654 0.597 0.583 0.633
(80,4) 0.261 0.189 0.136 0.114 0.548 0.660 0.744 0.824
(80,8) 0.170 0.098 0.102 0.108 0.608 0.684 0.693 0.714

(80,16) 0.194 0.163 0.140 0.188 0.609 0.640 0.584 0.583

(20,4) 0.001 0.077 0.133 0.004 0.082 0.025
(20,8) 0.002 0.096 0.052 0.003 0.093 0.045
(20,16) 0.002 0.073 0.054 0.002 0.076 0.056
(40,4) 0.001 0.067 0.053 0.001 0.067 0.048
(40,8) 0.003 0.066 0.058 0.001 0.063 0.049
(40,16) 0.003 0.06 0.056 0.002 0.061 0.047
(60,4) 0.003 0.045 0.051 0.005 0.046 0.051
(60,8) 0.003 0.038 0.043 0.004 0.036 0.047
(60,16) 0.004 0.041 0.036 0.004 0.038 0.032
(80,4) 0.004 0.038 0.045 0.006 0.038 0.052
(80,8) 0.003 0.023 0.034 0.003 0.027 0.036

(80,16) 0.003 0.03 0.029 0.004 0.033 0.029
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4y 5 % JH Friedman F1 Wilcoxon £ 4 7 4 #r
RLSOA 5 KCA. INSGA Wi Fil 54 32 2 [a] 19 14 BE
5. % 11 78 i) Friedman K6 56 45 5 2 WA 7E 95% 1
BEXEL, JLMEENAEREEES, Hp
RLSOA WY FLIIME R 1.00, LBl . % 12 fim
TE 95% B {5 X [A]_F % Wilcoxon 3% 56 3E B, 58 H: 7
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/NTF0.05, 1L, AT LLIACH RLSOA X EEDPFSP ik
ORI T KCA F1 INSGA PSR HE I

2 11 Friedman f 5645 5%
Table 11  Friedman test result
Algorithm Average of rank P
RLSOA 1.00
KCA 2.57
INSGA 2.43 1.486x107'
2% 12 Wilcoxon ¥ 1645 5
Table 12 Friedman test result
Constrastive algorithm Positive or negative of rank p
RLSOA-KCA + 1.622x107°
RLSOA- INSGA + 1.618x107°
4 HERIE
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Sine Optimization Algorithm Based on Reinforcement Learning for
Energy-Efficient Distributed Flow Shop Scheduling Problem

LANG Jun', YIN Xiaoming?, GU Xingsheng'
(1. Key Laboratory of Smart Manufacturing in Energy Chemical Process, Ministry of Education, East China
University of Science and Technology, Shanghai 200237, China; 2. China Tobacco Machinery
Technology Center, Shanghai 201206, China)

Abstract: To address the multi-objective optimization problem of minimizing makespan and total energy
consumption (TEC) in energy-efficient distributed permutation flow shop scheduling (EEDPFSP), this paper proposes a
reinforcement learning-based sine optimization algorithm (RLSOA). The algorithm integrates a dual Q-learning
strategy: The bottom-level Q-learning prioritizes accelerating critical tasks to reduce makespan, while the top-level Q-
learning adjusts processing speeds of non-critical tasks to lower TEC. An adaptive parameter derived from the sine
formula dynamically controls the search scope, and a local search strategy guided by elite solutions balances global
exploration and local exploitation. Experiments on 480 instances with varying scales demonstrate that RLSOA
outperforms state-of-the-art algorithms (KCA and INSGA) with 23.6% higher C-metric and 41.8% lower IGD on
average. Ablation studies reveal that the dual Q-learning and local search contribute 65.3% and 28.7% to solution
quality improvement, respectively. Statistical tests (Friedman and Wilcoxon, p<0.05) confirm the superiority of
RLSOA. The proposed algorithm provides an efficient tool for energy-efficient scheduling in distributed manufacturing
systems.

Key words: energy-efficient; distributed flow shop scheduling; reinforcement learning; meta-heuristic; multi-

objective optimization

(AR AE: EHem)
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