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Algorithm 1 5] ©|gt AFef o]

Np
Input: ar = (fi,9%), We = U Wi(f')
=1
Output: State siy1, reward ri, Wit
1 M+ {M1|Gz = gk}, t=1,..., Ny

2: My < argminp; 5,
M;eM

3: while Wy, # () and miny Ey < (k+1)T do
4 M; < argmin; Ey
5 g < G;
6: if M, = M, then
7 I Tk
8 else
9 [+ argrlnin o g, where Wi (f)| >0
10: end if !
11: Jj < argmin d;:
Jir €Wk (f)
12: Assign J; on M;
13: FE; Ei+pi,f+0f,g

14: Wi +— Wy, \ {Jj}
15: end while

16: Obtain transited state sx11
17: Calculate ry from Eq. (4.7))
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Np2eh 2k 84 Q-ghe UEhlY] 918 2928 Aelshnt ReLU @4 [07]2

45} H4e e,
4.2.2 &4 IS5

DQN2 d &3t Qo(s,a)
difference error) 2 F-¥| Sh<5

2ol gAY,

7} target Q-Zt [73]o] ]3] A4tE= TD 22 (temporal
=

o} Foixl (Suy Aoy Tuy Su-l-l)f’:rlj—ﬂg TD 2= vt

Ty = Ty +7 max Q9(5u+1a ) — Qo(8u, au) (4.8)
a’'€Ayt1

o17]1 A v} 9= Z+7F Sl (discount factor) T} 85 <91 DQNF S5 Y ES T
%5 7H target DQN] mt2tn] & el

E g2 A (transition)& JHl, BF, B E o3 FH 9 quadruple® 7 oJ3te}.
o] Wj DQN2] &4 Lg(0)«= F=(sample)dl EZA O 2R TD 225 A4tstod]
o]

A= grolm] kgt o] Heojslet.

ne

3(nl = (3)?) otherwise.

DQN H59] 2 4-S B o] 7] 94, 4] 2o Huber 241 [08]< 3 A%
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Algorithm 2 DQN 55 A4}
Input: Scheduling problem
Output: @Q-network
1: Initialization : Set network Qg with random weight 6, target network Q; with

6 = 0, and replay buffer B to size Np.
2: fore=1,2,.., Ngdo

3: k+ 0

4: Initialize F},d; of N jobs, and status of Nj; machines.
5: Observe s, and Wy,

6: while W, # 0 do

7 With probability € select aj randomly from Ay
8: otherwise aj +— arg max Q(sg, a)

a€ Ay

9: Get sgt1, Akt1, Thy Wit from Algorithm
10: Store transition (s, ak, Tk, Sk+1) in B
11: Sample Npp transitions (Sy, Gy, 'y, Sut+1) € B
12: Calculate loss L from (4.8)-(4.10)
13: Perform a gradient descent step on L w.r.t. 6
14: k<—k+1
15: end while
16: Synchronize 6 to 0 at every Ny episodes
17: end for

18: return Q-network

4.2.3 DQN 34 AF}

duelE e AerE DQNO| sty AALs 433ttt DQN sh5-2 9t AA1EE
BAZE Fold o, ti7] ¢ Fol gl & AAEY ZEAAE AL wHEELD (4]
ARA] 16HA Z). o] uff jite] A7
(episode)2} oI, e A 3 F¢ oHAE9] JPAS YehdlLh AAZEY
TRAAE e7F Np2 EAE St o i AL So] LY h7bx] Al Ht
oNmA=7F A2HE of ki 002 AR Ny ZYT Ny AulE 2713 ETHA]

ARt v 1A Z). oAl 1A S0l o] EE Agoll Wiel A s s TRt
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2} A7 kel o3 oo AEL T % 881 Zofl AAH e-greedy A7 5602
a® ARG 714 < € 0,12 FALR FFS AT 5 9l HBolch. A
Hol7k sl s Lol F (97 2), A, 3%, B4 @ oh Jeje 14
3 RS EdAA0] @ B3 (replay buffer)o] AHLt (1044 Z). o] o), A
o} 7 271 242t Boh NpE BAETh E Wk Bl 44 ERAH 5
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Tk Sk+1 is terminal.

Visk) = (4.11)
T + vV (sgy1) otherwise.

4.3.2 AY 2AEFS AT Ae: H4 4A

dirz oz A7) 2 ke =)l A o] AAE A= B 2 ok 1A

ox
+
mlm
nx
D
rol
B
-
__)d(“
2
|o
u
=
T
=
HU
rE
2
=
>,
£
e,
_VE
J_,
["_1.4
fol
1=
a
rr
)
o
i)

Zol Zeojue Al 7 A da I, 1o, 32 4H 0

Ny
- Z UﬂGi/NM
I (f,k) = —=— (4.12)
( 4= 3 i/ )
— max min pi.t/Ny — kT, 0
Iy(f, k) = b= 5 L (4.13)
> IF =)
My (f, k) = J (4.14)
> 1(Gy) = f)
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capacity index)E YEtW, F; = fQ 7] T ] 5 A ezt f7l Av] =2
Lol Al
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4.4 A7|A L 7|49t DQN st
4.4.1 A7|AE &4

2Rt B I, k), vk, spsa, Visk) 2Pl dish o= =43 2ol H] 7H4]

717 = &Agre] At

p

NTR ZNTRZ L ICf u) — g (f,u)

s SN I~ o)
L) =14 " (4.15)
%m NTR |Sut1 — so(u)]

N Lttt 5(V(si) = Vo(u)?

<y, B4, o A, AHE
7H2] F& ZHRiTh A7 A E EAS Les(0)2 B7|okH, 4] 4150 UEE &4

Fom Hojdrt. [98]9] Hx &4 ol AHE iz AH ZHxIgkel] HisiA e L2-&

L(0) =w - Lo(8) + (1 —w) - Lss(6) (0<w < 1) (4.16)

oJ714 we Lgsoll Hidt L2l 7FEAS tehdith. w = 02 A% Zejo] AdsH]
AYE]7] B w7l 0Bt Ak Hofl fo5tet.
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4.4.2 & Az}

AFe] ZFARE V (si)oll T EPARES G o 257} FRE ol el4tshs ale

2Rt dopd 7} Qlok. mebA A WulE A 2|2 il 22 oA st HlolEE

Algorithm 3 A7 A5 7|9 A1 748151450] ot @At
Input: Scheduling problem
Output: @Q-network

1: Initialization : Set network @)y with random weight 6, target network Q5 with

6 = 0, and replay buffer B to size Np.
2: fore=1,2,.., Ngdo

3: k+ 0
4: Initialize F},d; of N jobs, and status of Njs machines.
5: Observe sg, and W,
6: while W, # ¢ do
7: With probability € select ay randomly from Ay
8: otherwise aj + arg max Q(sg, a)

a€Ag
9: Get sgpi1, Aki1, Tk, Wia1 from Algorithm
10: Store transition (sk, ak, Tk, Sk+1) in B
11: Sample Npp transitions (Sy, Gy, Ty, Sut+1) € B
12: if sgy1 is terminal then
13: Sample transitions of the current episode e
14: Get self-supervision V' (s,) from
15: end if

16: Calculate self-supervision II(-, u) from (4.12))-(4.14))
17: Calculate loss L from (4.8)-(4.10)
18: Calculate loss L from (4.15))-(4.16)

19: Perform a gradient descent step on L w.r.t. 6
20: k< k+1

21: end while

22: Synchronize 6 to 6 at every Ny episodes

23: end for

24: return Q-network
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Table 6.1: Go] 4l E4

HS Ny Ny Np T
1 20 420 10 0.4
2 20 420 10 0.5
3 20 420 7 0.4
4 20 420 7 0.5
5 50 1050 10 0.4
6 50 1050 10 0.5
7 50 1050 7 0.4
8 50 1050 7 0.5

500 1
400 1
= 300 1
200 1

100 1

Dataset 1, 2

Dataset 3, 4

Dataset 5, 6

Dataset 7, 8

Figure 6.1: 871%] Blo] el Ao 49 4T 27| M5 9]

feze ggstelct
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Table 6.3: SSTEDD, IG, LBF-Q, TPDQN 9@ #|¢F 7] o] At A7 Ax(%)

HS  SSTEDD 1G LBF-Q TPDQN Ours
1 0.366 3600 12.428 37.845 4.331
2 0.370 3600 12.930 40.360 4.450
3 0.369 3600 12.270 30.870 3.260
4 0.354 3600 13.010 32.160 3.420
5 2.238 3600 65.417 238.633 17.603
6 2.347 3600 73.210 248.780 15.640
7 2.189 3600 70.000 198.620 14.570
8 2.069 3600 73.020 194.020 13.780

T AT B HolH A A At 7IME LBF-Q 3 TPDQN] 4T AlZto]
o e 2853 ol A€ FHE At Q-8 Akt STt At oM E F
717te] ##o]al, LBF-Q % TPDQNO M= & 2] 4= Nyo)7] wiZoltt. =3t Ho]HAl
1-40] et o] Al 5-89] H A4 AZF Hl&2 LBF-Q9] Z-¢ 5.56, TPDQN]
737 6.23, Ak 71 9] ¢ 3.980130tt. 1] w2 AljF 7¥ 2] DQN ] e o]
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Table 6.4: 2] A7 8 A AJ7to] 2E2<dd wj SSTEDD, IG, LBF-Q, A|t7]H 2]

HS SSTEDD IG LBF-Q Ours

1 8.013£0.130 1.829+£0.118 9.014+£0.514 1.235£0.082

5 7.929+0.086 2.514+0.074 8.816£0.276 1.764=£0.078
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A A B2 i 2AEY 24 A8 Slotol, Ao Al 71w it

Q=F 37, 7] Av] A7 Yiskst= dlo| gl Ao A AZsk

6.2.1 THoJEAl

H 6.5 A W71 Hele BARRE 6714 glolHAle] E4e gofstal At %4
glolE A2 AH] f=oF 3 BFQl o] F/4o] o=tk 2fol3do] it HolHAl 1-2& 4H
7 67, Fol = 242 155, 15671 2 272 =<l R’H, dlo el 3-4 “dH] 7} 30
=z 2 sfRolot. glolEAl 32 HolHAl 2014 duje} e BF oA o4 534
A3t HlolH Al 33} 4 ] 47} 63} 9= H2H. flo]EAl 1-40A4 DA &
7g2] 4dH] s~of WB 574 9] 24| = 5235, DA 340 5oz A=A
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glol84l 5 DA A9] Au] 47k 90t} WB 24| 4500He] A4 F29] 17]%
ehele mAsha glom stol obd B7telut Fgatart.

Table 6.5: 97]4 2kl dlo|gj4le] 5%

HS  Npa Nwp Np Ny No
1 6 6 3 155 560
2 6 6 6 156 578
3 30 30 6 780 2890
4 30 30 9 780 2815
5 90 450 9 2340 8445

2 [6.602> 97) 7 W= e] 34 58 AY AZHE UErdTh dlolElAl 16]4&
Fj=1,4,7, glo]g]Al 2 9 30 M= F; = 1,2,4,6,7,9 & S&351Act A A &

S92 Folxn], MYYAIZE 343kt
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Table 6.6: 7 #jda] &€ EZ

F‘j Oj,k A(O],k) ijC
1 (0j1,052) (DA,WB) (6000,4800)
2 (0j1,0j2) (DA,WB) (6000,4800)
3 (04,1, 052,053) (DA, DA,WB) (6000,6000,4800)
4 (01,052,0;3,054)  (DA,WB,DA,WB) (6000,4800,6000,4800)
5 (0j1,042,0;3,0;4)  (DAWB,DA,WB) (6000,4800,6000,4800)
6 (051,042,043,0;4 (DA,WB,DA,WB (6000,4800,6000,4800
,0;5,056) ,DA,WB) ,6000,4800)
. (051,042,043,0;4 (DA,WB,DA,WB (6000,4800,6000,4800
,0;5,056) ,DA,WB) ,6000,4800)
g (0j1,042,0;3,0;54 (DA, DA,WB,DA (3000,3000,4800,3000
,0;5,056) ,DA,WB) ,3000,4800)
0 (051,042,0;53,054 (DA,WB,DA,WB (6000,4800,6000,4800

:0j5,0;6,057,0;5)

DA, WB,DA,WB)

,6000,4800,6000,4800)
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Table 6.7: tlo]6| Al ¥ P £
HS  In(l) In(2) In(3) In(4) In(5) In(6) In(7) In(8) In(9)
30 17 13
1 20 17 12
20 11 15
15 15 17 4 7 1
2 10 10 17 6 5 2
10 10 11 10 3 3
75 75 85 20 35 )
3 20 50 85 30 25 10
50 50 95 50 15 15
75 75 3 48 15 10 35 ) 5)
4 50 50 6 48 35 15 25 ) 10
50 50 6 29 50 25 15 ) 15
225 225 9 144 45 30 105 15 15
) 150 150 18 144 105 45 75 15 30
150 150 18 87 150 75 45 15 45

Table 6.8: slo| = otatu| g A=

=5 F= A7k
S5 E 0.0025
AU Ej 2] =27 64
gEoT Tau 1
YEQT 3% 64 3216
&A] SF Huber Loss
= Elutol A RMSProp
Y 1
5+ glol g A& W 27 1,000,000
A =271 5000
YESZ A F7] o oJARA A utt
ofle]HE A Y EYT A F7] 10 oM A=

EFAR l:lo}-ttﬂ

= 1

e-greedy 0.2 oA 0 Ad A
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Sh5-E (learning rate)2 12t AE Frofl Folj|= Ao mtatulg HHolE
7FEA]o|tt. ulYyul 2] Z7](mini-batch size)= AFTS 135] U0 ES ufj AFESH=

A7) 0] Zrolt}. Tau ghe £atel HES

w714 2kl Algdleldol Ssbd Mg ez, durt 718517 302 el e
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2E71o| 2577k o] AlZte] 10042 o}l ez bgsteint. S,of wald st
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AlollA &3] &85 SSTeF A Aol e F4F 24l 22 =de MOR
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Table 6.9: dlo]E} Al 14914 9] T2 7S eu] At 7| o] Fjef Z7h&

HS  TPDQN  SST SSTDA  MOR LOR

1 105.7%  36.6% 30.1%  315.5% 104.3%

2 137.8%  72.1% 46.0%  419.6% 116.1%

3 73.4% 1.2% 9.4% 104.0%  187.0%

4 129.5%  15.1% 10.4% 90.0%  152.7%

3 TPDQN [ SSTDA Il 1LOR
[ SST B MOR I Ours

-
-

0.8

o
>

In-target rates
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0.0
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Bryel el 9 Wk ~AEY A Ol 27191 719 o vl AEe £

.

6.3.1 dloElAl
5 B0 BI4] dole A2 43t 1174 Holel Al At dolell S, 52

1= Au] 47 20091 Hlo]E] o], L1 L8 Au] 57} 500i9] e Ao frrt 2
gloEiAloleh. R @ko] ol 2wl A1) AA| Fmet A4 27% 9 7]

LA B7H ojg o],

it

Table 6.10: Ho]EAl £

HA Ny Ny Np T n
S1 20 420 10 0.4 2
S2 20 420 7 0.4 2
L1 50 1050 10 0.4 2
L2 50 1050 7 0.4 2
L3 50 1050 10 0.5 2
L4 50 1050 10 0.4 1
L5 50 1050 10 0.4 3
L6 50 1050 10 0.4 2
L7 50 1050 10 0.4 2
L8 50 1050 10 0.4 2
RI Y 1470 10 - 0.5
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Abstract

Setup Change Scheduling Under Due-date
Constraints Using Deep Reinforcement
Learning with Self-supervision

Bohyung Paeng
Department of Industrial Engineering

The Graduate School

Seoul National University

Setup change scheduling under due-date constraints has attracted much attention
from academia and industry due to its practical applications. In a real-world man-
ufacturing system, however, solving the scheduling problem becomes challenging
since it is required to address urgent and frequent changes in demand and due-
dates of products, and initial machine status. In this thesis, we propose a scheduling
framework based on deep reinforcement learning (RL) with self-supervision in which
trained neural networks (NNs) are able to solve unseen scheduling problems without
re-training even when such changes occur. Specifically, we propose state and action
representations whose dimensions are independent of production requirements and
due-dates of jobs while accommodating family setups. At the same time, an NN

architecture with parameter sharing was utilized to improve the training efficiency.
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Finally, we devise an additional self-supervised loss specific to the scheduling problem
for training the NN scheduler robust to the variations in the numbers of machines
and jobs, and distribution of production plans.

We carried out extensive experiments in large-scale datasets that simulate the
real-world wafer preparation facility and semiconductor packaging line. Experiment
results demonstrate that the proposed method outperforms the recent metaheuris-
tics, rule-based, and other RL-based methods in terms of the schedule quality and
computation time for obtaining a schedule. Besides, we investigated individual con-
tributions of the state representation, parameter sharing, and self-supervision on the

performance improvements.

Keywords: Manufacturing line scheduling based on reinforcement learning, Deep
reinforcement learning with self-supervision, Sequence-dependent setups, Parallel
machine scheduling with due-date related objectives, Semiconductor packaging line
scheduling

Student Number: 2013-21087
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