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Nomenclature

Chapter 2. Methodology

s,s' states

a an action

r a reward

p state transition probability

t discrete time step

Se, S state at time t, set of all states

As, A(s) action at time t, set of all actions available in state s
R, reward at time t

G, return following time at t

s policy (decision-making rule)

T, optimal policy

y discount rate

V. (s) value of state s under policy T

V.(s) value of state s under the optimal policy T,
Qr(s,a) value of taking action a in state s under policy T
Q.(s,a) value of taking action a in state s under the optimal policy m,
a learning rate

D replay memory in DON

Chapter 3. Problem Definition, Chapter 4 Modeling

i,j
k
B,B;

block or steel index
machine index
set of blocks, block i
the number of blocks
machine k
the number of machines
the number of T-bars (or steels) in block B;
average inter arrival time
release date of block B;
due date tightness
due date of block B;
set of T-bars (or steels) included block B;
jth Tbar (or steel) of block B;
the number of identical T-bar (or steel) S;;
welding thickness of T-bar (or steel) S;;
length of T-bar (or steel) S;;
property of T-bar (or steel) S;j
set-up status of machine M,
working speed of steel S;;
1X A7 B r=



Dij average processing time of steel S;j

Opt variability factor of processing time

Dij actual processing time of section steel Sj

C; completion time of block B;

Cax makespan; maximum C;

T; tardiness of block B;

Oijk set-up time when section steel S;; is working on machine M),
Chapter 4 Modeling

t discrete time step or current time

Q) queue of available steels at time t

N, the number of steels that satisfy condition 0y = 0;;
Ng the number of steels in Q(t)

Tij the remaining processing time of steel S

N, ; the number of remained steels in block B;

ts,ijk the start time of Steel S;j in machine My

ki, k, parameters of ATCS rule

k parameter of COVRT rule

T TT reward on tardiness, reward on tardiness of block B;
Tg reward on set-up time

T reward at time t

Chapter 6. Experiment

T
Rg

average tardiness of each block
ratio of set-up of steels

Chapter 7 Expansion to General Problem

i
k

Ji

al =1 9
=

job index

machine index

it" job

average processing time of job J;

due date of job J;

the number of jobs

property of job J;

set-up status of machine M,

set-up time when job J; is working on machine M),
average tardiness of each job

average set-up time of each job
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Edats 2AZ, 2 ARGomol o= AN AelE 2
2 Aol Fdsit, F WAl AR OE AY SEE 7HAE mAg
machine®] ©fet FAZ, Q, (Machines in parallel with different
speeds) 0.2 AT F vt Q, & A5, 7 A A FY4¥
Z1AS] A}l HEel &S wixm oz Aj3 mie] 7A€
Z5re] weh ZAGAIZre]l dElx|= R, (Unrelated machines in
parallel) ©] Qlt}.
X pyj: processing time of job j in machine i
Parallel machine
— Machine M, +—— pj3 =5
—_—
o |
JobJy e E—— Machme M, ——— p,; =5
pi=5
L— Machine M; —— p3; =5
—
Identical machines in parallel (P,,)
Parallel machine
. .
Machine M,
— — P =5
=1
. .
Job ] Machine M, _
pi=5 vy =2 Py =25
o
Machine My
L—» —— p3; = 1.25
vy =4
Machines in parallel with different speeds (Q,,,)
Parallel machine
— Machine M, +—— p33 =5
JobJ, e —
P =5 —_—T Machme M, —— p,; =3
P =3
P31 = 7 R
L— Machine M; —— p3; =7
—_—

Unrelated machines in parallel (R,,)

1% 1-1 Three types of Parallel Machine Problem
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3E 1-1 Related Works on PMSP using Heuristics and Meta-Heuristics

Author (year) Problem Type Algorithm
Kim et al. (2003) Ry | b, fmls,sgq | Zw;T; Simulated annealing
Tabu search,
Chen and Chen (2009) Ry | sji | Zw;U; Variable neighborhood
descent
Lee et al. (2013) Ry |sijk | ZT; Tabu search
Chaudhry and . . .
Elbadawi (2017) Pu I ZT; Genetic algorithm
ATCS_APD,
Lee (2018) B | sijl 2 T; Iterated greedy
algorithm

Kim et al. (2003)> =4 &4 Al]] AlZto] EAsk= ¥4 7]7
2AIEE Al sl F HVIAALY HASE HATTE lote
a8 ste] o] BAS 43%= Simulated annealing 7|8t AAIEH
duElEFS  AQkstltk. Chen and Chen  (2009) Variable

neighborhood descent® Tabu searchsS ZAgst WEH 7|4 AA=EH
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chromosomes At /A dagss ALt 2AF
FAstAT. Lee (2018) ®d 7A AlAdlew RUH  HE=
Acrylonitrile—Butadiene—Styrene plate A2 342 AAI=E T4
tietel F H7IAAY HastE Sl 7 O WAER AE AAEH
duglEs Adslv Y AAEW dadse WA ATCS_APD
(the Apparent Tardiness Cost with Set—ups with the Adjacent
Processing Time and Due date) 2t A=A 2S &3l 7] A8S&
88k, iterated greedy 7]RE ®A WHlE A st 7] A=
WA

[ 1-2]°Ae= 7 e Adds a3t vesdage
, 2W: AIZFEer SE @S] local optimumlE FHE FE0]

o
5
Mol £ gBe AlE BARAW ANeR  BAol skt

Dol Agarlels Aol = @5 dg x7del shiehe
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Aels] wiel wge] tat w27k FAskT(Park et al. 2021).

3t 1-2 Pros and Cons of Scheduling Methodologies

Methodology Pros Cons
Mathematical Programming, | Guarantee the optimal Curse of
Branch and Bound algorithm solution Dimensionality

. Find solution within Not guarantee the
Heuristic . . .
reasonable time optimal solution
. . Difficult to apply at
Meta-Heuristic Generate hlgh quality dynamic scheduling
solution
problem

S et WHES WEA Qb $40N EHoR A go)

7Festa, A BAS Hdisgema dAe] Aol wged wA =

ATolM = Q-learning &ale]5& A &38to] A3lots ololdEZL ¥H
| AL AAE W FAPdEe] 95 Ad 9 |y AR, aga 7
Z1A19] #9) AE A T ARE Y ol gl ThA] A
Fo14 mean weighted tardiness® HAstE $3 A4 AT
AEEE AAl=Y AAS 531t Zhang et al. (2012)2 AL
AREA HHE 7)A AT ZA ] AR Y AdEe] 9] 34
EXNES X839 mean weighted tardiness?] HAI}E HHO0Z 3=

MDP E2& g9etal R—-learning € 1E&S &5t 2 A4

6 -":lx_! _'a.l.'\-'_]';: = |
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Ho J71A A Hastel Ado] AT Ao ¢ HAsehe F 7HA
SHgTE Al 28] fste] Q-learning dalE|lEe VWIe®

JAS k53T Paeng et al. (2021)9 AFolME Deep Q-
Networks (DQN) &1ug&S AL3to] oo]dAE7}L total tardiness?
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1A 2AEE gugES ARt Julaiti et al. (2022) 9
ATeM= 7 s nEd HE A AAE" EAE A
A|2Elel FAF FHel| 7]Hkste]  Partially Observable Markov
Decision  Process(POMDP)® R 2&3}qty. 18] separate

sampling 71'H& AF&3 DDPG &

=
L)
N
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ol dETL Al

A AL (F7] A ZHeldel Ao AFE, AU, A
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priority indexE® A/dsto] ofe] wel A9 wAME A= WA
2AEY dugFE AdEAh Li et al. (2023)9] AFelAE F
H71AA Ha3E fleke] VAT A SR e HE VA
FAol A Job Type 2J£4 set—up®] &% 4|5 Proximal Policy
Optimization (PPO) 2 11g]Z& o] gste]  s&atath.  oAAA
Algee 277y EeAe A AERE aEEr] S8k

AN FA AN O 7= Recurrent Neural Network (RNN), 7 = Gated

O

Recurrent Unit(GRU) & AFE3E 11, st52 £ 52 F71A7]17] Y6t
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1-3 Related Works on PMSP using Reinforcement Learning

-
It

Dynamic Objective . . Industry a_
Author Problem Type Components (Single / Multi) Learning Algorithm Application )
J—
Minimize . O
Ry, | Sii, fmls| ET; - .
Paeng et al. (2021) m | Sij, fmls| ET; X T T; (SO) Deep Q-learning (Semiconductor)
. Minimize Proximal Policy
Li et al. (2023) Qm IS; ;| ZT; X 5T, (SO) Optimization X
Job insertion Minimize .
Zhang et al. (2012) Ril7ij, fmls| Zw; X T; i 1) S w; X T, (SO) R-learning X o
randompy j Minimize Deep Deterministic
Julaiti et al. (2022) | Q,,|bkdwn, fmls|EZw; X T; | Machine breakdown Xw; X mvoﬂo Gradient X
(bkdwn) T; (SO) Y
. Minimize
Yuan et al. (2016) P |bkdwn|Ly ., 2U; | Machine breakdown |0 oy, Q-learning X
(bkdwn)
(MO)
. . Minimize . . 0
This Study (2023) | PulSy 7y 12T, 38, | 1 e @D s, 5SS Proximal Policy | (Shipbuilding
randomp; j (MO) ptimization Industry)
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B osEe T 8FoE FAEY. Al 2 Ao B ATelA
Abg3t 7Etsts MHE E3] Proximal Policy Optimization®l] tf 3F¢]
Ao =3 oAl AP AlEHol S VINte R 3 AEtekGel sl
AUfstek Al 3 Felde tid EAI) 2R FAFE el tiEk Al
dojet 7Hy, aelal BA G| diste]l Aotk Al 4 FelM= HE
VA AAEY EAS AIstgor dZdsty] 98 RQ3 Markov
Decision Processe AAISITE Al 5 &2 A 3 3 Al 4 FelA

g AL Euz Sud 292 ARG Aotk A 6 4L A
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7 3Fsr5 (Reinforcement Learning; RL)2 7]|Ast&E9] 3t 7=,
(29 2-1]13} Zo] doldEV A7 Fs&Es shHA o324
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Jot
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Agent

State Reward Action
S, R, A,

Riyy

1
E Sti1 Environment J-
1

\.

219 2-1 The agent-environment interaction in a Markov Decision Process (Sutton and
Barto 2018)
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Hj7t H5F AA (o) & st vy 2= 07 140l ez
71 (discount ratio) &, W wl o] v-& HAIRT 717k vl ws

Bel o & 7HEAE Foldt.

Gt =Ry1 + YReyz + V?Rpyz + - = Z Y¥Retks1 €Y)

Ve(s))etar &tar, 4 (2) 9k #Zol AT & vk 24 (2)9 #Zo] dA
BEie] AE 7HA V(s 9k Uhe AEielA ] AEIZEA] Vi(serr) AFOLE]
HAE YeEld A& ¥vk w424 (Bellman Equation)o]2kar sk}
A2 G EH sell A BE aE AEE olF Fojxl AR pe] whet
A s A o e F As wEHY Uidide dF

7}x 8k (Action—Value Function, Q(s,a))ztal 3tH, 2 (3) 9 7o)

[G¢ | S = s]

2lRes1+ YRep2 + Y?Repz + | S = 5] @
wlRex1 + VGeyal S = 5]

[

wlRes1 + YV (Se41) | Se = 5]

[Ge | Se = 5,4 = a]

= En[Res1 + YReyz + Y?Reys + 0| Se = 5,4, = a] @)
= Eq[Rey1 + ¥Geyal St = 5,4 = a]

[

= En[Res1 + VEqr[Qr(Sts1, arr1)] | Sp = 5, A = a

12 .__:Ix_s _'q.;:-' ok



HA AR () 2F EelA e AEbA e e HdE wEs
dHow, HH AA oM THATFE HH GE7HA S (Optimal
Value Function, V.(s)) =3 3t 2 (H=E yepd 4 Qltk. 4
EIZEA G oF mETEA R, G E sel A BE aE AEE $ FHA AH
m, ° we AEAdS IFIFS W FerkA e HAF
& =7} x84 (Optimal Action—Value Function, 0Q.(s,a) )@ 31, 2
(5)eF #Zo] yekd 5 qlvh. HA ezt v H4 AR
Q. Atelgl A= A (©)F 2k AA7IA HA AEUHAEST U E
RGN I
Equation) o2} sttt &2 wlnk WA A2 24 HAg w2 gl

&)

7kx = 1 AEelA A

=
ju)
T
o,
1
ftlo
.
X,
)
d

1 WaE WA A (Bellman  Optimality

Ir
=
oo
|o
fi

>,
S
|o
it
ke
[18(_1‘
ek
+
30
0

B A9t 2k
BAAE AX AEAANTE B T A% AF oww gy

2 (8) 9 2.

V.(s) = max Vr(s) 4)
Q.(s,a) = max Q.(s,a) (5)
Q.(s,a) = E[Rey1 + YVi(St41) | St = 5, A = a] (6)

Vi(s) = maxqy, (s, a)

™
= m{?X]E[RtH + YV (Se41) | Se = 5, A¢ = a

Q.(5,@) = E[Ress +ymaxQ.(Ses1,@) |5, = 5,4, = a ®)
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Fapstiol A X EFE v oR JAMEARS Ase WS
A 71 ZFstekgoletal sk, tiE ARl o2& Q-learning® Deep
Q-Networks (DQN)°] SQlt} Q-learning> 4] (8)& 7|§tez B E
FH-Bs el distd HEY FsTAErd @ = SEske

daglFoR, 4 (9 dd Q IdrE AHIE & SEe Y

ok, Q-learning®] ¢ AH-3qF xodol i Q I s
Hols #xow AAsto] ggetr] el e ds Hdol &
Al Agstrlel= Age]l At DN &g EF2 Mnih et al
(2015) 04 A¢E dudFor, AFVFLS F
ZAFe7] wiEel ARl EAlE A &o] golstrh= Aol qlth
[1% 2-2]+ DQN <ZugFe AAZR g5 A4S vepdnh
o] E+= Q Network (7F&=] 0) & Target Q Network (7}&x] 67) 9
T e A er FAE, S-S Q Networkel A5 2H8-5}H
G, B4, BEs Fauoer Replay Memory Dell A, dE, B4,
TS H (sg, ap, 1, Se41) B A1GSITE o] 3 do]HEE SJAMA YA A it
Replay Memory D Z%FE Samples FZ3}o] Target Q Network]
QFTE ol&st [2" 2-2]9 Loss ¥FE A4 Q Network?]
7FEXE guolEdth, o]F F7]A o7 Target Q Network]

7FsAE Q Network®] 7 A2 Ju|o]E St

14 A ‘._, ‘_]l



Data Sampling Update of Q-Network

Replay Memory D ‘ Replay Memory D
P ' , Mini Batch of Samples
Markov Decision Process '
Q-network Loss Function Calculation

@ Q-net. with 8 Target Q-net. with 6~

«* =

Environment

[£(9):]E[(r-#yrr;a’xQ(s’.a’,9’)—Q(s,a,6))2]]
S S

Simulation Model

Optimizer

1% 2-2 Framework of DQN algorithm

7FAa k. Critic BES $HFOZHE w2 BAS ol&d oA

BEs B7FskH, Actor RES S 3l s A9
Schulman et al. (2017)¢ <794 A|t¥ Proximal Policy

Optimization (PPO) <1.8]& T3t Actor—Critic %2 &3 A A

714 g yglEe)] Egstt. PPO dug=e 2 (10) 8 o] Hsk

2] £243 (surrogate loss function) L(0) = HA3}sle] FH A9
AAE shEsitt. PPO daglE+2 S A JAFAEESY 7]

0= QUolE & Qo clip TFE EYToEN T|E HAy
AdolER AR v]& r(0)7F [1—g1+ ]9 HY oo 3t
Agtatel  HEIHA o] JHOIE HE AS WAL 4 =

advantage &<F=A TD error 65 AHE38o 4 (11) 9 2ol Fo¥ =

tlo
Y
krl
S
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&4 ¥4 ®A 7)1t %k (marginal
Arg. (19
WA=,

L(0) = E[max(r.(0)A,, clip(r,(0),1 —&,1+ )4,)]

2-3]+= PPO <d1g=9

Ap = 8+ (YW)ppq + -+ DTS,

A A

A

-

expected sum of rewards)<

s BAe e

(10)

(11)

Data Sampling

Trajectory set D

=

Markov Decision Process

Agent (Actor Network)

St+1:Tt+1 E ar

= &

Environment

@ano 9O

Simulation Model

)

Policy Optimization

Trajectory set D

-

4

S,

Loss Function Calculation

Actor Net. Critic Net.
~ ~
g (a;]s;) Vo, (s)

vV v
[ loss function £ = L, + £, ]

N -

Optimizer

1% 2-3 Framework of PPO algorithm
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2.2 AlE# oA 714 A3ekgE

o|xF AbA A]EH o] (Discrete Event Simulation; DES)+ oAl

A2EY] AEs E487] 9t WHoR, AX/=w/ s/

ol

<
theFst Fofol A HlAS 3t =R Wol AFEEo 3 Q7] dwEel
DESE 93 Z=7=2M gofdt $79 48 2273 (Commercial Off—
The—Shelf; COTS)E¥ L&aA #H7|AEo] %A Ul Plant
Simulation™, ARENA™, Anylogic™, Flexsim™ %3 & A8 DES
Z2OMEL User Interface’t AlFxEo] DESS Atz 713l
AHEARZE ARA o ® olafd ¢ Stk Aol TAg . vk, e |l
FAET B g3 7]E B AAEA H oA SHolA = A7
EA8ct, wE Javall DESMO-J, C++2] SystemC, OMNet++,
Python? SimPy%<9 <242~ 7§ DES #7]#+= User
Interface”’} A L= A &AY, User Interface’} A YE & | 71A 2k
sttt e AZEolrt A@Aolx] drie= wilo] EA|SHARE
Hjgo] EAskA] ¢e Ay &AA FEo st AHTol Thssl
HAAEufo] A o] 7hs3sithe= F-o] 3t (Dagkakis and Heavey 2016).
ek FES ATES
Adesta, Al &8ekar vt

DESE o]&3% A7 Feli= DES AA] 7idad) #dd A%

N

bl AdHE wige® DES  tools

9

AARE, Aol DESE &&3 A5k wWol AFH Uk
EA Q] AHE Al ZE Zofel M J1EAls A5 AT Sl Az

$7& DESE ol g3t} watshs 77k the EAl gt A4S o



a
e
ol

sol iy
sidsteln & Abe7h o

Ag w2y

A skaL

CrEs AR @l we

g ZERIWE AR ATt
[e2Ne) —



3£ 2-1 Related Researches on Reinforcement Learning using DES

DES tool

(Category) Author (year) Interface Target Problem
Thomas et al. RLAJ Scheduling in
(2018) manufacturing system
AnyLogic™ Jang et al. .
(COTS) (2018) RLAF Traffic signal control
Pinciroli et al. . Energy system
(2020) Pathmind operation
Simio™ Greasley Built-in RL Operation in
COTS 2020 function manufacturing system
g sy
Rabe et al. oy .
(2017) MySQL Logistic operation
S'mPII:tril;[)nTM Shiue et al. Built-in interface Scheduling in
! ( g OTS) (2018) for C manufacturing system
Mayer et al. Operation in
(2021) TCP/P manufacturing system
Pires et al. Built-in interface Operation in
(2021) for SQL manufacturing system
Flexsim™
(COTS)
Preston Built-in interface . .
(2017) for Excel Material handling plan
Stricker et al. | Data transferred in Scheduling in
(2018) Python manufacturing system
SimPy Menda et al. | Data transferred in .
(Open Bus and aircraft control
Source) (2018) Python
Woo et al. Data transferred in Scheduling in
(2021) Python manufacturing system

19




E Ao = Stricker et al. (2018), Menda et al. (2018), Woo
etal. (2021) 9} #o] &2 DES #1714 F stuel SimPy #7141 &
ZIwtoz g Fsiets WRlEs A&skt sE #@rIAe oekst
AEAs &8 IH7IAEe] MEdEe] = Python dolz 7= S17]

g-olstt}, T3 Pandasy Numpy &

& dolE A w7IAe A F vk Al dHolE A

SimPy+ A&l 343 A7F #g], o]HlE

AC)

7]

olr
o

AFset AN Ax FFS BAEHdE O AlE#elAd AAz7E
olxx @ WHE ZIAe HJe ud 7eol FAFYT. A E
ATolA= Nam et al. (2022) oA AQEsE Algd ol ZHAAE

ntgtew  [29 2-4]9F o] SimPy IHIIAE VIWteE Ax

Simulation Environment

Adapter (Data Preprocessing) X 3
Learning Algorithm

Modeler

Interface Loss Function
Simulation
Markov Decision Process Optimizer
Job Operation
State
Resource Process Agent (Neural Network)
Action
Source Sink

Reward
Monitor

Analyzer (Data Postprocessing)

719 2-4 Framework of simulation-based environment for reinforcement learning
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AlEd ol A|ARLS AlEdGolMe] HQd dHolHE HAAs=
Adapter Module¥ #HA 2 H dHolEE Al&Edoo|Ae 2z FYA=E

2 d 3= Modeler Module, #| %3742 EAFSH Simulation Module,

ut

NEHo AN AsE ojiEES we

o

2 g

= a1

o

A]

kel

g s

Analzer Module® FA ¥ FAA S 2 Simulation Module<, 2+ 2]

il

AA7F Ei= Job, Y AAEQ Operation, ZHAE =2 T
et Process, Zlel HQ3 #AAQ Resource, AAE
Aty FEAIZI= Sourcet  Sink, mRA| RO R AlEE| o] el A

o

(0=~

i olMES

Wl —

N

123> Monitor?] 7712 g2z o] Fol 4 it}

Interfaces= AlEd o] A A8 S5 duelgs Adstes A=

ABgoldozre Fes ARZ ulgoxw MDPE FAsE Ay

His Axtetn gE daglgel Agdth ol sy dugs
A

SRFE oS dgwol AEgolde A-dn. AlEdel

e At olgd dde AFE FI AlEdoldd &
duYFS JEE FuLon AAEY duHFS FgHESHA Hh
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A3 EA B9

TAFE H7FAHQ] T—bar (T—shape section steel) &, [1¥ 3—1]3} o]
web¥} face F-A19 &A1& F3l AfHET. §4 FAANAE BHAAY
THY WIS WAs] St FHO®E webl AdFel] 1FI fe

=4, web¥} faced] ¥4 % %S 7]Fo=®

5
= b 2xek f1A7F AR HA ofel weE &4 2kQle set—up©]

o
T
W7 ot
Length (li})
: 8,000mm
Web
—» Width : 450mm —
Thickness - 11.5mm Characteristics (6;;)
— :[450, 11.5, 150, 20]
Face < 0~201
Width : 150mm

Thickness : 20mm

T-bar SU Steel

Welding Process

1% 3-1 Structure of Section Steel and Example of Characteristics

ek GAe e AR HAdishs $dd Ao RS0

ALy 2o £=ME A HEto] set—up AFES HA

o
pd
o
fu
X
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E<ny

55

rir
e
ol
2
A
{
|
=
3
—
r
off
1
=
Y
2
10
=
oo )
r o
3
=
@
o
i

face?] FAeF F Kol sfdet= S 6,
R &5 o)l ;5 FAHSRE stk AA HolElY] A= [E
3—1]el "etdth. 1 F set—up At AH A= 6+ 419 A
Atz o] WE PEE FAAEY e, shrelAE (29 3-1]3 3o

O%F-E] 201 Atolo] A or A A AZdet dHz 9353t

3t 3-1 Data Structure of Profile Shop

Block Section Steel Characteristics
ny =5 [EA]
0;1 =5 (< (200,15,150,15)[mm])
s ti; = 4.5 [mm]
a l;1 = 8,800 [mm]
B, Vip = 1,1OQ [mm/min]
(n, = 10 p;; = 8[min]
ni=3) Siz Niz, 012, tiz) liz, Viz, Dy
Si10 Ni10, Bi10, tiror liror Vito, Pigg

thal Zpgsteh RAA S el ek 85
T EE v v BAAY &4 FA ol g A (15 E AR
urebA BAA s o et AAARE py 2 A (16) 9k el A S
Zol I;; 5 FHEE vy & e AdrE drk sHARE AA @Rl
A AlREell gle] sl EAEH] wiEel, B dATelAE A (16 =
Add B A AIREE AREskel A DI o] Ao
e X (uniform distribution) & 2F§1 AIZEe] Wgd A 5,0 whet
BAA S;8 2 Algte] GEH o APt 7Y et

24 ] 2-1



1
Inter Arrival Time (IAT) ~ exponential (i)

1 960[min/day] x 6[day/week] x n[week]
B N

ni
d;[day] = |ri[day] + T X Zﬁij[day] X nyj
j=1

tij — 4.5

v;j = 1200 — X 50 [mm/min]

_ L )
pi; = ﬁ [min]

pij ~ U ((1 — §pt ) X P (1+ &) x 5ij>

94540 84 dAe] datel 2 ATA

PHow 713

(12)

(13)

(14)

(15)

(16)

17)

BN webd} face? #H(F A 54, 6;)° th=H set—up WAl

o] F-oA|H, set—up At A oA ek

9 713 AFES Feshd e 2,

25



olg] glolE 9k 7FAAMES B}

o] 352 [1¥ 3-219 &t

A

FALSE oAk AL Al Ed 0]

Inter Arrival Time

()

Steel M.H.H

Steel Sy

Parallel machine

H Machine M, H

H Machine M, H

IIIIIIIIIIIIIIIIIIIIIIIII

Steel S5 4 Steel S5 1,
“Block N(By) ~------------~
]
Steel Sy 1 Steel Sy

IIIIIIIIIIIIIIIIIIIIIIIII
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Aelo] FrE AT ¢ 2% B9 W 49 Az AETHA
(18)). ® T& A4 AEA A A BA 5,70 8 2 MolA
AE w FAe] 54 (6,) 7 &4 2 Mo A® @Yol th=w
SaEs A A7 (o) OlTHE (19). Y ARE olgate]

2A5E Now Bds 4 (20), (2% 2ok

T; [day] = max(0,C; — d;) (18)
) 0, 0;; = O

Oijik [min] = {5 HZ + 0y, (19)
N

Minimize Z T; (20)
i=1
N Ty

Minimize Z Z Oijk (21)
i=1j=1
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ining Phase

Tra

Learning Algorithm

Loss Function

L(8)
- E

. 1 (0)4,
mn An_:u (@), 1—e,1+ mvmﬁv_
mglacls:)

where 1,.(8) = ENCAES

Lewe 1—¢ 1

= Parallel machine Steel S, ;
— oD =
H =l = Machine 1 =]
=
o |2 3 £
& g = Machine 2 : =
= = . =
Buffer N ) =
$ | Al (e ) Sl S £
= = = =
) = -
g |2 ©IDo 9 |
1 L 11

Deployment

Welding Line 1 Welding Line 2 Welding Line 3

Physical System

Phase

10n

Applicat

Z1% 4-1 Overall Learning Framework

29



4.1 34

ool AEe] BE A% 71Fo] Hi AL 2 9AAY AA ¢ oA
Aqlo] hREA e wAAET 2 4 el
F ) 7K SquE e ARG Tela o
ofu] sE ooldEe] Ago] AsdEs
Aol SR A AuEE Gt Fele] 7] 2m +goltt,

2 WA SAME () set—up AR Ahshe Bl PuEA, 2

(22) 9} ol Hojdrt. A (22)& AAHEAE AlAelA #APHA &

A () & T Aol Z+ &5 2l set—up value (6;) 9
TAT 54 (0) e A TAY vlEelt F, | A} &4 gl
MR BFHEAS W A WA glo]l AT S e FBo A7
H&2 ZF g4 elntd Axtstz] wiEel f,8 A7+ &5 #ele <l
mo]|t},

Ny . ) . .

— If Machine M},'s set — up is detemined
fl,k = Nq )

1.0 Otherwise (Initial State)
(k=1,..,m) (22)

Ny : the number of steels that satisfy condition 6, = 6;;

N, : the number of steels in Q(t)

30 A=



T WA (L)E Al HA ()59 E = tardiness # 43} 4 set—up
Hastel #dste], #ZA] thy] T FAel st Ar=E, A (23)9)
Zol AogHrt. f, &= ZF &35 set—up value (6;) ¢ FLst
EA(0) = ZE FAE U¥eE & 6,9 657 °E FAE
Ao 2 sloy ZF FA1°e] Tardiness levelS A4S 3L, Zhang et al.
(2012) ol AkH tightnessE 2] (24), (25)9} o] A7 WAzl
w ATrol A& Tardiness level SJAFAAY Al oA 2] 7]
SQ FAZE &3 259 P2 oA A ARbE 1EFs wWe o
Al Wy Hrg RS, [ 4-110 AEsdeh. Aoz 2
Alzkel WEAE  adste] Alakd Hol o ZAAA TR wel #ZFglo]
o) 2 Ado] BAskA] k= Af-(Level 1), Hol HAAAHE

Hoxdo] whAsEARE, FH A AGAITbe] wEp #Zjle] X1y
Aol HMASHA] = A (Level 2), HA& FPAFCE P Ho|w
A Aol o dH AR ofA Ado] WAPsHA k> B¢ (Level 3), |7
A o] wAE - (Level 4)E Tardiness levels T-&3F3Ac}. f, 9
£28 A7)+ 22} Tardiness level®] 7]5=91 40|t}

=L@ (5=1 2 3 4)

f23), g Moy 200

Ny(3), g : the number of Steels which has tardiness level g

(23)
Ng, 2(3): the number of Steels which have not been worked yet
that satisfy condition 8, = 6;;(f;) or 0, # 6;; (f3)
(1, ifd;—t E(maxrij, + )
2 if d; —t € (minr;; .
Tardiness Level g = { "’ if d; =t € (min7y;, maxry] (24)

Lg, lf di —te (0, minrij]
4, lf di —te (—00, 0]
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Nr,i

maxri; = Z(l + 5pt) X ﬁij X N

Jj=1

Ny (25)
minr;; = Z(l — 5pt) X 5” X ngj

Jj=1

N,.; : the number of remaied Steels in Block B;

3t 4-1 Description of Tardiness Level

Tardiness Level g Description
1 No tardiness
2 It might have tardiness
3 It must have tardiness
4 It starts with tardiness

Ul s SAEE () & £ ghelel digh duwkde AnwA,
AR AL VIEeR 7 S4Ee A9 Amgelth f & A

(26) 9k o] Aojdrt. f,9 A= &4 & F< molth

ts,ij,k + Eij -t
for = Py , (k=1,..,m)
0, Machine My, is idle (26)

Machine My, is working

)

tsijk:the start time of Steel S;; in Machine My,
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4.2 BF

oo]HEVF v r AT FAE A4 AEshs WACR P
gojer A9 T AzF 143 #ZAjow Qe 7k oAb Al oA 9
A Jbsw A% AR A7 gekAE TA wAwRt. ges
oo]MES ¥ Thsd qFE gAY AlF tolAe #AA Thseh
FTA= AR Q@) oA tEoxE AAdT FAE Addstr] s
AT EES AYstes AoE FYgFPg. 7 S4EH AHES
tardiness H¥ set—up A HA3 EAES =7 9Ete] zerd
EAl X=QFAERE, SSPT(Shortest processing time and
Shortest setup time), ATCS (Apparent Tardiness Cost with Setup),
MDD (Modified Due Date), COVERT(Cost OVER Time) rule®
T/ ¥tk

SSPT rule2 SPT(Shortest Processing Time) rule¥}
SST(Shortest Setup Time) rules A AT FHOZ, A
(16)& B3l Axd B A9/ (p,) 3 A 19 Fa A
set—up A (o) = Y3l AtE Fro] AEFE 2 $AENE
Foistt). SSPT ruled| A QAEA Al tol A9 &40 M, E $I3H

A S A QD= Fal AgeEn

Sij = argmin {aijk +D0;,V S € Q(t)} (27)

ATCS ruled total weighted tardiness® HA3}E HZO=FE

Ak ATC(Apparent Tardiness Cost) rules set—up A%t # 43

Frt

vEstes FAHs A Aotk (Lee and Pinedo 1997). ATCS
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_ﬁ
=3
(@)
Mlo
B
Mo
)
i
>,
)
=)
Y

L slack time, 181 FE set—up times
Zte AL TE =2 FAEAE Fodt ATCS ruledl A 2AHEA

A tellA e gkl M s SE BA sy A (28), (29), (B0)=

oft
:(’)(:1
iih)
o
o
o

2 AT F FZvE ki, k, = Lee and Pinedo
(1997) oA =#lersk A (31), (32), (33)3 AEHIASE =3 [&
4-21°] =Aol upet APH oz ATt

1 max(d; —p;; — t,0 Oii
(_ ( i pl] )> exp (_ ij),

Sij = argmax< p; kip k,o (28)
VS €Q(t)
Nq
_ 1 C_
b= N_q pij (29)
Ng
F=— Y 30)
o =— Oijk
Ny Y
it 4-2 Determination of parameters of ATCS rule
G T XL
Step 1 Calculate n =2, pu = 212y (3D
D m
Step 2 Simulation and Get maxd;, mind;, d, C,qy
Calculate R=dmac"ﬂ, =1 —Cd ,
Step 3 1.8, 1< 0.8 - (32)

Az = {2.0, t>08

Determine k4, k, with
T
Step 4 ky= 12In(w) =R, k, = (33)

34 .__:Ix_c _'\.;:_'I'._E ;- ]



MDD rule EDD(Earliest Due Date) rule®} SRPT (Shortest

H7199 de A MRS e o 23 g8 Aol wkE

A5 Fe $HEAE Holdth MDD ruecld OAEE A

Sij = argmin {max (di, t+ ﬁij) VS € Q(t)} (34)

COVERT rule 2% Algke]l . 4 7] AIZF oi¥] slack
time?] vl&o] & Ao FMEE Fostth. COVERT ruleclA]
JAFA AIA eell A e &Rkl M E AF A S A (35) e oS
AR & Ao FgelE k= (0.1, 2019 WA 0.1
AR kihs 2Elste] case studyE S ), mean tardiness”t

g e Anes wel kghoz A

1 max(d; —p;; — t,0
—max <1— (d _pU )0>
Sij = argmax A p;; kpi;

VS € Q(t)

(35)
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Tardiness #2:8b #3442 W) 2 (37)% o] Fodrh

AR AA Aele] BE RAY A9le whd 2w

drs Sl -1,

L

E=29] TardinessE 2] (36)3 o] Aod A<

=
iE

gelsan. = 7 2

So] EA gy

9] ke z W & =55 ¥ penalty () o TS BAS
=

=
H2 A% tardiness’t 245  FH4

penalty?l —1e¢| 7I7b HARS @33t} Tardinessell W& penalty

adze O [4-1]9 2

Tri = emax(Ci—di,O) -1

rr = § Tr,i

Tri

! 2 3 Tardiness
max(C; — d;, 0)

-0.63

-0.86 y = eMmax(Cidi0) _
-0.95

219 4-2 Example of 7y
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Set—up AlZF FHA3SE #HAAMS HA () & 24 (38)9 o]
oAt oo]AETE Agg A FE e ek 4 2l My oA
eor Aded FA s;E Ao #Addekls wl, set—up AlHO]
WAEE —0.19 penaltys, set—up Al7Fo] 2AYE#] ¢k=thd (09
BAS @9addth o] W rpe E5 &9 E 3ASHE penaltyol il rg=
A @92 A S= penaltyo]l”] wiitel] F B B 3l 3H9
o] EAst. T RBAF 7Y scalings Y8 g 9 A o 9
Hzgkel —19 1022 12 —0.19 penaltyS ¥t}

(=01, 0, % 0
i { 0, 6k = 0;; (38)
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i& 5-1 Pseudocode of PPO algorithm

Proximal Policy Optimization algorithm

Initialize weights 6 of the actor network 7y and weights 6,, of the critic
network Vg
for episode= 1, ...,E do

# Data Sampling

get initial state s,

repeat

calculate the probabilities mg_ (- [s;) for all actions

select an action a; accordingto mg_ (" |s¢)
execute action a, in DES simulator and observe reward r; and
next state S;4q
put sample (S¢, ag, 13, S¢4q) into trajectory set D
t «t+1 and s; < S¢4q
until s;,, is terminal

# Policy Optimization
for epoch= 1, ..,K do
calculate the generalized advantage estimates A;
for each sample in D
A = 8+ YD)y + -+ (DT84
B {Ti +¥Ve,(si41) = Vo,(S))  ifs;,, is non — terminal
where §; = i
1y — Vo, (s0) otherwise
calculate loss function L,, for the actor network

L, = |Dlzwl mln(rl(B)Al,chp(rl(e) 1—¢ 1+)4;)

_ _mo(ails;)
where 7;(6) )
calculate loss function £, for the critic network
Z|D| 5; 2
Ly ~ D]
optimize 6, 0,, using Adam optimizer with loss function
L=L,+pL,
end for
empty the trajectory set D
end for

39 2] 2-tH



PPO &1 gl&9 stolsutelnlg A4S $8F] Learning Rate a&
[0.005, 0.001, 0.0005, 0.0001] H$o|A, Optimization Epoch K&

1 282 23t T 8719 SteldatevlE Aol dia] HEe

=
&
b~

f
=2
>,
1o,
1%
o>
rlo
=2
o
)

m
A
ol
=2
iy
b~
I
offt
rO
r (
o,
K3
1o

e Aes Fal
7hsAl dHolEVE o] R JhEA dHOlE Al AT G
Clipping Parameter &, Discount Ratio y, GAE Parameter A& 77}

0.2, 0.98, 0.95% Azt ALttt H A3t de]F o 2= Learning

Rate & 0.0001% 243t Adam <1852 A L3t}

3t 5-2 Hyper-Parameters in the Learning Phase for PMSP of Shipbuilding

Hyper-parameter Value
Number of Episodes E 10,000
Optimization Epoch K 1

Clipping Parameter ¢ 0.2

Discount rate y 0.98

GAE Parameter A4 0.95

Learning Rate « 0.0001

mpAlE o R JAIAe]  res  BARRE AlEdoldel  ARgE

sEhulEls [3 5-3]1¢ #roh dIianeit AAEE Ot EF
FME 80741, T Al AL A m)IA Addet B5e) F

w9 ogbA (3) & T2RolM, 7t BFol g3 A% ord=
AuHE QU m)S 2oYeA Eod AtoloA FA9=E wjAgst 5

B 1 y
40 Al TH ¢



0ellA SAFel ] o= wEstgltt. 72 859 d7dS dAA & due
date tightness 7 & &4 0.8, Ho 1.29 kS 2ZtE=  uniform
distribution %& A Hch vwiXwoz Y Azke] WA A9

S A 0.1, Hdl 0.59 #= 7FA+ uniform distribution®] <] 3

b

ARPe), mpuro g vl /e @H F= ATCS rule? IEbnEl=

4-21e] o&l ky;=5953, k,=1.0 °® AAUT}. wFIIAE

COVERT rule? 3&#}uE]+&= case study S E3 k =6.62% AA 3T}

3t 5-3 Simulation Parameters in the Learning Phase for PMSP of Shipbuilding

Parameter Value
The number of Blocks N 80
The number of Machines m 3
Average of IAT % 72 [min]
Release date of Block i 1; DU(0, 5) [day]
Due Date Tightness T U(0.8, 1.2)
Variability Factor of Processing Time & U(0.1, 0.5)

JYzE (29 5-11¢F Zrh ¢k 5000 o¥irt o]Z oA <k —
2007 ¥H mAo] 4
tardinessE HaA7le ®WIFoz AAlEd AHHo] dLyHE AS

S = 2~
glg 4 Q.

41 ] 2-1
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olr

Al 5 AelA shad AAEE e

N

o] de= H7tetr] S8t
Tardiness, Set—up Ratiod T 71# AEZS Hstz HAE
Ay el tiete] ool ES Fwom AHosk dl 7HA

=99 2 (SSPT, ATCS, MDD, COVERT rule) 79 HlwE

Ratio(Ry) = AA BAA T FA4 #d Al &5 2hlel e Set—up
o] AT RS HlER Gttt F ATelM e HA4%s T
a7t Set—up AIRF FHAslo]l7] wjiel Set—up Ratio’} FeTE

2AEY dadFY] Aol Foe As ndh

& 5}o] N%Jg].oﬂq_
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Ay orw  Z 15719 HAE  AolA([E  6-1])e st
AES H T s

[e)
o
FAR Agete dueze Y% muE FYsgt. 4 2d g

el
s HluEs HAEE F 50 wHslo] AAkst X%l H gkl
7))
3t 6-1 Description of Test Cases for PMSP of Shipbuilding
Cases Number of Cases

Number of Blocks N 60, 800, 100 3
Variability Factor &, 0.1,0.2,03,04,0.5 5
Total Test Case 15

Al e o 2 Ao ARRS 259 Jiarel wE A8 ATCS)

COVERT rule® Itebulel& [ 6-2] ¢ 2o

3£ 6-2 Parameters of Dispatching rules depending on N for PMSP of Shipbuilding

ATCS COVERT
N
ky k, k
60 5.535 0.943 0.4
80 5.953 1.000 6.6
100 6.122 0.953 9.0
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6.2 43 2%

2 Ao E [® 6-11° ZdE 15719 HAE Ao|xel gt
ARE 559 AF (N, AL AR AFAE AF (6p) o @t
delstoitt.

[% 6-3loM= &5 MF W) el we 2 Axel i d3dE
Zatete] A¥ v g8 S FH e Adel Uig nj& ¢
deletadeh. (29 6-112 [% 6-3]S 222 vepd Aot} A3
A3, 7l AE d¥] A2 F9 E%0] o] N=60c°14 ATCS

rules &3t AaE AQetis BE Aol 2 AFelA AREE

el

i

A=y Sdo] H Tardiness® Set—up RatioZ} 7FF 22 #he
el e 13 4 Stk N=6020 A5 ATCS rule? Tardiness
A Ee= A3psts div] oF 1.4% 22 d3E BAAT Set—up Ratio?]
BF Astergol oF 6% w2, S o £ AAE M wEbA sd
71kl AE & AT 250 FYEHbeE 2 dATtelA AlRbsk
T do]  Tardiness #4339 Set—up AP HastEle

30 WRL ®SSPT WATCS " MDD ®COVERT

= 40
930 I I '

(a) Tardiness (b) Set-up Ratio

25

o

=)

Tardiness [hour]

S

719 6-1 Comparison Results depending on N
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3t 6-3 Performance between Reinforcement Learning and Other Heuristic rules depending

on N
N RL SSPT ATCS MDD COVERT
T 22.39 23 22.09 23.53 23.84
[hour] (D (1.027) (0.986) (1.051) (1.065)
60
R, 33.5 38.3 355 55.5 55.6
[7%] (D (1.143) (1.06) (1.655) (1.661)
T 18.66 19.11 19.04 20.84 20.73
[hour] (D) (1.024) (1.02) (1.116) (1.111)
80
R, 34.6 40.5 37.5 61.2 62.1
[%] (D) (1.17) (1.084) (1.769) (1.796)
T 18.11 18.56 18.31 22.17 23.04
[hour] (D) (1.025) (1.011) (1.224) (1.272)
100
R, 31.9 39.6 35.7 66.2 66.2
[%] @))] (1.241) (1.12) (2.076) (2.074)
(¥ 6-4]914% AR WEA A5 (6,) 0 wWE 7 A Ko

et dats Asterae A3 g o2 e H e Aol W

FolAl= AE g F gtk Set—up Ratiod] A5 A9
2AlEE Edo] 7HE ¥E Set—up Ratiog BT =, Z§] AIRHE

HEAo] dElx= o] Qo] B Ao A Aotst THElo] Tardiness

5 by ]
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3t 6-4 Performance between Reinforcement Learning and Other Heuristic rules depending

on &,
Opt RL SSPT ATCS MDD COVERT
T 20.18 20.09 19.72 22.01 22.06
[hour] (D) (0.995) (0.977) (1.090) (1.093)
0.1
R, 33.44 39.5 36.3 61.2 61.6
[%] (D) (1.183) (1.086) (1.830) (1.841)
T 19.75 20.20 19.65 22.50 22.73
[hour] (D) (1.023) (0.995) (1.140) (1.151)
0.2
R, 33.2 39.5 36.3 60.8 61.4
[%] (D) (1.191) (1.093) (1.833) (1.849)
T 19.44 20.16 19.71 22.08 22.62
[hour] (D) (1.037) (1.014) (1.136) (1.164)
0.3
R, 33.3 39.5 36.3 61.1 61.3
[%] (D) (1.186) (1.089) (1.837) (1.843)
T 19.71 20.05 19.76 22.05 22.55
[hour] (D (1.017) (1.002) (1.119) (1.144)
0.4
R, 334 394 36.2 60.9 61.2
[%0] (D (1.179) (1.084) (1.824) (1.833)
T 19.53 20.62 20.21 22.24 22.72
[hour] (D (1.056) (1.035) (1.139) (1.164)
0.5
R, 334 39.3 36.2 60.7 61.1
[%] (D (1.178) (1.084) (1.820) (1.831)
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7.1 A4 39

7.1.1 &A 73

A 2H2Y A HolEE vgoz EAE TAS A 3 3B
ge B et REFSE B dolHE Addch uEA:

n7/02] Job, m7l2 Machine® & o]Fo]x down, Job HWE H 2]
AZE(p), 548 6) 283 @719 @)l et s 7Hxvh 7A€
B FA3E 2AEE wAS AR set—up status 6, E 7FAIH,

AA A AR ®sA A soll wEk AR ANt ZAY] Ass

3t 7-1 Difference between Profile Shop Problem and General Problem

Profile Shop Problem General Problem
. Job(Steel),
Object Job Family(Block) Job
. Fixed .
Set-up Time (5 min) Non-Fixed
Processing Average processing time : Average processing time :
Time Given uniform distribution
2AIER S W e AlEelAY AR AN, FFEEY

A=Y FA+= Job(FA) I Job Family (E3)9 /EoZE G4 %o
AA #ZAgdel AAl= Job(FADelH, HrY ) o A Job
Family (85) ¢ we} a4 9o} Hvbd duk 4= Job - Job Family 9]
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(_g_/)
1o,
o
=Y
L
r
>
=
N
S
rlr
N
2
2
=
o
o
i
N
g
o

AzbE Agle] o]Fejd Jldlelth. olE Bl wAstwa shi
Al Azl Hzsksh Jobol AN FAT o
MAss MY Az Haslolth Job W WASE W) AQe A

DS B3 AW, F BAFFE A (1), 4)E S ey &

oy = 16; — Okl (40)

T; [day] = max(0, C; — d;) (41)
N

Minimize Z T; (42)
i=1
n

Minimize Z Oik (43)

i=1
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Inter Arrival Time

IQHEA

1

A

)

C; : Completion time of Job J;

Oy : Set —up time of Job J; in Machine M, d; : due date of Job J;

1 - Finished Goods Inventory - -----

Job J; Parallel machine ! ry "
o 0 ! Ho_u& Tardiness |

o 1= 1 1 = max(C, — dy) |

: H Machine 1 T o3 = ! "

H | _

" |

1 1

1 1

1 1

. 1

. O =1 " Job Tardiness .

Job [ | Machinem }— Tom = _ In = max(C,—dy) |

o2



7.1.2 Markov Decision Process

Markov Decision ProcessE °|F& AH, &, HAS A 4
oA AjbE A9 AL FAdeAl FAFT dEi= 4104 AlEsh
EAHEERE o]FoAUTE set—up HAstel #HA £ (A (44)),
Tardiness % set—up FH438}¢} #73to] Tardiness level® AlAtE =
fofs (21 (45) el (47)), Z=lar 7z 71419 @A A9 F<Q Jobd

AEEQ £, 48)E FAH o, FH A7+ 2m+ 80|t

N,
K If Machine M;'s set — up is detemined
fl,k = Nq ’
1.0 Otherwise (Initial State)
(k=1,..,m) (44)

Ny :the number of jobs that satisfy condition 8, = 6;
N, : the number of jobs in Q(t)
o g =722 (9=1,23,4)

g Ny, 2(3)

N3 (3), g : the number of jobs which has tardiness level g

(45)
Ng 2(3): the number of jobs which have not been worked yet
that satisfy condition 8, = 6;(f,) or 0, # 6; (f3)
(L if di—t € (maxr;, + )
) )2, if d; —t € (minr;, maxr]
Tardiness Level g = i?" if d; —t € (0, mint] (46)
4, ifdi—te (—00, 0]
maxr; = (1 + 5pt) X ﬁi
(47)

minr; = (1 - (S‘pt) X ﬁi

p;
0, if Machine My, is idle

tsik+D; —t . , , .
—_—t, if Machine My, is working
fak = { . , (k=1,..,m) (48)
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tsik:the start time of Job J; in Machine My,

Bs e 4.29 FAsHA JAbEAY AA tolA A 7Hs e Job
Aeel Q) T vgo® e Jobd Agsly] 943 $Me9) FHE
Aelsis 2oz Agogion, SSPT, ATCS, MDD, COVERT rules
ARESEATE b A Aol wet Ak AR cel A el Machine
M5 9% Job ;& A (49 (52)& T AARHACH([®E 7-2]).

ATCS rule® IEtuElel k, I k, = X 4-2¢] we} AAHsA
COVERT ruled #tebv)Elel k+= [0.1, 20]9 WA case studyE

o] 718 28 mean tardinessS 714 = k2 A AT

3% 7-2 Formulation of Each Heuristic rule

Heuristic Formulation
SSPT | J; = argmin{oy + P,V J; € Q(1)} (49)
Ji
1 _max(d; —p; —t,0) ( Uik)
= argmax< p; exp kip exp k,a/’
ATCS V], €Q() (50)
Nq Nq
_ 1 _ _ 1
p:N_qui’ UZN_qZUik
MDD | J; = argmin{max(d;,t + 51') V] €Q)} (51)
1 max(d; — p; — t,0)
—max|(1-— - 01,
COVERT | J; = argmax { p; kp; (52)
V] €Q()

BA wsk 4339 A9 FAFSHAl A olskith. Tardiness # A4 3}et

pEE By no= GAEY AW Aol A4S kL Jobd

54 -':lx_i -"';:'1.:E 1



TardinessE 2] (63)8 o] [—1, 0] Alo]lz wWE3 ZF Job9
penalty®] &= A ostAtt(2 (54)).

Set—up AlZF HA3 #AAHE B = 2 (653 o] HodAr
rr b WRRPMAE g & [-1, 0] WHHER ATt FAYoR,
ool dEZF Adest w9l el wel Machine My oA Ho =
slo] Z8l S w] set—up AlZF oy 7F EA S
A S g, S WA 7F5 3 set—up Al7FY] O Fo®E o] itk

A Al telAM e HEF B ne 2 (66)F o] T RS

tedor AXtET

S
e
ol
—
)
o
=
i
£
i)

Trp = emax(C;—dy,0) _ 1 (53)

=Y (54)
Oik

= max oj (55)

1, =06 Xrp+04 X715 (56)
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2m+8 718 =& Zta, A el 2495 AdE 5127, 5127
256719 BB zZti=t} mixutow Z¥=2 Az qEo 9 U

4788 =EF Zten o] W vixE SEHSE AddE A Al v

5
0.0001] H9elA, Optimization Epoch K& 1%+ 22 Y@t =
871¢] stolHutetmE Ao s A¥S Py, 7

wel x2@E ASIHATHIE 7-3D). oldEL F

S

Ol
S re
(@)
I
ol
2

o,
olr
o

PPO <aglEs  o]g3 49  pseudocode®t Hyper—

parameters Learning Rate a & A&tz [¥ 5-1], [¥ 5-2]

S

Zositt, HAF duE=S Learning Rate a & 0.0012 243k

Adam €iE|&S 23
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i 7-3 Hyper-Parameters in the Learning Phase for General Problem

Hyper-parameter Value
Number of Episodes E 10,000
Optimization Epoch K 1

Clipping Parameter ¢ 0.2

Discount rate y 0.98

GAE Parameter A1 0.95

Learning Rate « 0.001

AlE ol el AREE BRI sevlH e [ 7-4]9F
100702 Jobs 5702 Z]AllA A
gad FHd A AR Hage 10, Hd@E 2002 Ze
e e Attt Wb IATS B o == 2b 7[A1] HAt
Az 7 "R v 39 #he ARESRsith. EEsE Jobol
1AM Ade Wl A AbE AAPAE Job property?l 6; &
0141 5Atole] Aghs ddargith. weba 4 (55) A9 Jhed
A AR HUF (maxoy) < 57F ®Uh v EOE due date

tightness (r) & 24 A7k WEA A5 (6,) & Al 5 &3 T

s A 7Hdglen, 7t Jobel

AAstatk v M9 3% = ATCS ruled #etvgl= [ 4-2]9
o8 ky =273, k, = 1.1532. 2 A3t} vz A 2 COVERT rule?)

ge}u)E = case study S E3 k=68°2%2 AAsT)
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it 7-4 Simulation Parameters in the Learning Phase for General Problem

Parameter Value
The Number of Jobs n 100
The Number of Machines m 5
Average Processing Time p;, U(10, 20)
Average of IAT % 3 (: % = %)
Job Property 6; DU(0, 5)
Due Date Tightness t U(0.8, 1.2)
Variability Factor of Processing Time &, U(0.1, 0.5)

AolAES ol WE 7 ofnat W FARY LHZE (13
7-219 Bk S 2719 FARG —65004 oF 400 el T &= 0] Fo]
oF —55% Z7bsel FusE A B 4 Utk & set-updt

tardinessE FaAI7]E WIFoR AAEH Ao sEH= RS

B

= =~
Qg 4 Q.

-35
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Wi [~ ] 00 S O W = - ] 00 Oy B 00 Oy o= O] 00 Oy v O
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Ll e B B N B B B B B B B e T T e T B P T T s - s s ol
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-75

1% 7-2 Graph of Cumulative Reward of General Problem Setting
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7.2.2 AY

7.2.1°04 stuE AAER dadse des @7isb] st
Tardiness, Set—up time?] F 7H4] A E& Hosta HAE Az e
tjsto] oo]dES] WEow Aot v 7FA] A=) A vaE
kAt
A WA A%l Tardinessw 6.13 FU3HAl 7k Jobe] d; tiH]
C;e] Apol= A elstal Jobel Bt Tardiness(T)E AXtstdith. F WA

Z¥Ql Set—up timed A% 2} Job® i set—up time (o) =

AR, ol FAEdY AAE" Al @ set—up AHO]
agHA ki 0olA 5AFo]9] Fhs 7HAY] el set—upol AU

Job 7Nl wmlEo] ofd AIZb I AAS] HEE HUF Au=E
g o8l th.
HAE Ayg e AE g Jobd MEm s 2ttt o] o

FAst 2o e s FH7Fe7] §18ke] due date tightness, 1E]1L

7=5]M = HAE AlolAE Al 74 RdEz Ade Hlus

HAES &=

100 wkEslo] Aabst 7 o] Fatgke] 7INbet) [
7-6]°lA= JobQl 7lSel wE ATCSS COVERT rule? dteln]el=
el ekl

59 k%f—ﬂi*



3t 7-5 Description of Test Cases for General Problem Setting

Cases Number of Cases
Number of Jobs n 100, 200, 400 3
Due Date Tightness t 0.8,1.0,1.2 3
Variability Factor &,; 0.1,0.2,0.3,04,0.5 5
Total Test Case 45

3E 7-6 Parameters of Dispatching rules depending on n for General Problem Setting

ATCS COVERT
" ky k, k
100 2.730 1.153 6.8
200 3.519 1.252 44
400 3338 1.209 3.9
60 :
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3t 7-7 Performance between Reinforcement Learning and Other Heuristic rules depending

on T under n = 100

n =100
T RL SSPT ATCS MDD | COVERT
- 19.99 22.56 20.68 26.59 26.59
(1) (1.127) (1.035) (1.330) (1.330)
0.8
- 0.951 1.394 0.986 2.002 2.002
(1) (1.466) (1.037) (2.106) (2.106)
- 17.13 19.54 17.59 23.59 23.59
(1) (1.140) (1.026) (1.377) (1.377)
1.0
- 0.951 1.394 0.986 2.002 2.002
(1) (1.466) (1.036) (2.106) (2.106)
- 14.46 16.54 14.51 20.70 20.56
(1) (1.144) (1.004) (1.431) (1.422)
1.2
- 0.954 1.394 0.988 2.002 2.007
(1) (1.461) (1.036) (2.099) (2.104)

3t 7-8 Performance between Reinforcement Learning and Other Heuristic rules depending

on T under n = 200

n =200
T RL SSPT ATCS MDD | COVERT
; 28.31 34.33 30.66 43.97 43.97
(1) (1.213) (1.083) (1.553) (1.553)
0.8
- 0.716 1.222 0.781 1.932 1.932
(1) (1.706) (1.091) (2.698) (2.698)
. 25.41 31.31 27.80 40.95 40.95
(1) (1.232) (1.094) (1.612) (1.612)
1.0
- 0.716 1.222 0.779 1.932 1.932
(1) (1.706) (1.088) (2.698) (2.698)
. 22.78 28.30 24.62 37.98 37.76
(1) (1.242) (1.081) (1.667) (1.658)
1.2
- 0.719 1.222 0.786 1.932 1.932
(1) (1.699 (1.093) (2.686) (2.686)
b
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3t 7-9 Performance between Reinforcement Learning and Other Heuristic rules depending
on 7 under n = 400

n =400
T RL SSPT ATCS MDD COVERT
T 38.56 52.41 43.94 75.10 75.10
1) (1359) | (1.140) | (1.948) | (1.948)
0.8
F 0.568 1.134 0.668 1.957 1.957
1) (1.996) | (1.175) | (3.445) | (3.445)
T 35.50 49.24 40.58 71.92 71.92
1) (1387) | (1.143) | (2.026) | (2.026)
1.0
5 0.568 1.134 0.666 1.957 1.957
1) (1.996) | (1.173) | (3.445) | (3.445)
T 32.64 46.24 38.02 68.69 69.13
) 1417) | (1165 | (2.105) | (2.118)
1.2
5 0.571 1.134 0.665 1.956 1.956
1) (1.985) | (1.164) | (3.424) | (3.424)
(2% 7-4]M = &g A s A5 (6,0l e F A3xe]
A¥E Jobol M (n) o wEt Akt dAFeR AYGAzte
HEAd 57 Ade wel Ho Tardiness? o]l AAE= AE&ES
gold 4 9l Wb, due date tightnessE 98 S wjo} wpz7bA 2
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Ak ok
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mde] Aol AAlEY B oy tE A A AR nlEs
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3£ 7-10 Performance between Reinforcement Learning and Other Heuristic rules

depending on &, under n = 100

n =100
6pt RL SSPT ATCS MDD COVERT
T 16.97 19.31 17.34 23.37 23.27
(1) (1.138) (1.022) (1.377) (1.371)
0.1
F 0.948 1.393 0.987 2.001 2.005
(1) (1.470) (1.042) (2.112) (2.115)
T 16.96 19.34 17.64 23.33 23.26
(1) (1.140) (1.040) (1.376) (1.372)
0.2
5 0.949 1.402 0.983 2.004 2.005
(1) (1.477) (1.036) (2.112) (2.113)
T 17.30 19.73 17.65 23.84 24.01
(1) (1.140) (1.020) (1.378) (1.387)
0.3
5 0.952 1.394 0.989 2.001 2.004
(1) (1.464) (1.039) (2.102) (2.105)
T 17.26 19.50 17.64 23.81 23.74
(1) (1129) (1.022) (1.379) (1.375)
04
5 1.006 1.136 1.026 1.391 1.387
(1) (1.130) (1.020) (1.384) (1.379)
T 17.48 19.81 17.70 23.79 23.63
(1) (1.134) (1.012) (1.361) (1.352)
0.5
5 0.959 1.390 0.991 2.005 2.004
(1) (1.449) (1.034) (2.090) (2.090)
' L,
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3t 7-11 Performance between Reinforcement Learning and Other Heuristic rules

depending on &, under n = 200

n =200
6pt RL SSPT ATCS MDD COVERT
T 25.10 31.53 27.40 41.12 40.99
(1) (1.256) (1.092) (1.638) (1.633)
0.1
F 0.714 1.219 0.782 1.931 1.931
(1) (1.706) (1.095) (2.702) (2.702)
T 25.35 30.88 27.51 41.07 40.68
(1) (1.218) (1.085) (1.620) (1.605)
0.2
5 0.711 1.227 0.781 1.935 1.936
(1) (1.725) (1.099) (2.722) (2.723)
T 25.18 31.07 27.73 40.76 40.74
(1) (1.234) (1.102) (1.619) (1.618)
0.3
5 0.720 1.221 0.779 1.931 1.930
(1) (1.696) (1.081) (2.681) (2.681)
T 25.92 31.30 27.98 40.59 40.71
(1) (1.208) (1.079) (1.566) (1.571)
04
5 0.717 1.220 0.784 1.932 1.931
(1) (1.701) (1.093) (2.693) (2.692)
T 25.96 31.79 27.85 41.29 41.34
(1) (1.225) (1.073) (1.590) (1.593)
0.5
5 0.723 1.222 0.784 1.930 1.931
(1) (1.691) (1.085) (2.671) (2.672)
' L,
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it 7-12 Performance between Reinforcement Learning and Other Heuristic rules
depending on &, under n = 400

n =200
Spe RL SSPT ATCS MDD | COVERT
- 34.72 48.59 39.93 71.28 71.54
. (1) (1.400) (1.150) (2.053) (2.061)
' _ 0.576 1.140 0.668 1.955 1.955
(1) (1.978) (1.159) (3.391) (3.392)
- 34.96 48.76 39.79 71.48 71.57
(1) (1.395) (1.138) (2.045) (2.048)
02
_ 0.571 1.134 0.667 1.957 1.957
(1) (1.985) (1.168) (3.426) (3.426)
- 35.57 49.12 40.74 72.20 72.40
0 (1) (1.381) (1.145) (2.030) (2.035)
' _ 0.570 1.131 0.663 1.958 1.958
g (1) (1.984) (1.164) (3.433) (3.434)
- 36.06 50.55 41.41 72.36 72.62
(1) (1.402) (1.148) (2.006) (2.014)
0.4
_ 0.561 1.128 0.664 1.957 1.958
(1) (2.011) (1.183) (3.487) (3.488)
- 36.28 49.19 41.86 71.92 71.82
(1) (1.356) (1.154) (1.982) (1.980)
0.5
_ 0.566 1.135 0.668 1.956 1.956
(1) (2.004) (1.180) (3.454) (3.453)
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Abstract

Nam So Hyun
Naval Architecture and Ocean Engineering

The Graduate School

Seoul National University

The profile shops in shipyards produce section steels
required for block production of ships. With recent increases in
shipyard orders, along with the need for productivity improvement,
various measures such as optimizing production plans, increasing
outsourcing volume, and introducing new equipment have been
considered. However, solely relying on new equipment may lead to
short—term solutions due to significant initial investments and
potential cyclical downturns in the shipbuilding industry. Moreover,
as the shipyard's in—house production capacity is limited, further
increasing outsourcing is practically constrained. Hence, considering
cost and sustainability, production planning optimization emerges as
a viable alternative to enhance productivity.

Although numerous studies have used heuristics, meta—
heuristics, and Integer Linear Programming in shipbuilding
production to optimize production plans, research on the parallel
machine scheduling problem, specifically in the profile shop, has been
relatively scarce. While parallel machine scheduling research has
been conducted in other manufacturing fields, the existing studies

often neglect real—world variability and focus on single objective
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functions, overlooking the decision—making process involving
multiple objectives. To address these gaps, this study aims to
perform scheduling optimization research on the parallel machine
scheduling problem in shipyards, effectively incorporating real—
world production environment variability and considering multiple
objectives that are relevant to actual managerial decision—making.

Specifically, we propose a dynamic scheduling algorithm for
enhancing productivity in the profile shop, taking into account the
variability in job assignments and job durations, while minimizing
tardiness and setup change frequency as objective functions. For the
task sequencing problem in the profile shop, we define a Markov
Decision Process model that considers both objective functions, and
then employ the proximal policy optimization algorithm, a policy—
based reinforcement learning technique, to learn the optimal
scheduling policy. The performance of the developed algorithm is
evaluated by comparing it with priority rules (SSPT, ATCS, MDD,
COVERT rule) using sampled performance data in test scenarios.
The results confirm that the proposed algorithm outperforms the
priority rules when considering both average setup frequency and
average tardiness as comprehensive metrics.

Finally, we investigate the applicability of the proposed
scheduling algorithm to other parallel machine problems in shipyards
by experimenting with a general parallel machine scheduling problem
formulated using probability distributions. The results show that the
proposed scheduling algorithm effectively achieves the objectives of

minimizing setup time and tardiness compared to other priority rules
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in this general problem.

Keywords : Reinforcement Learning, Parallel Machine Scheduling
Problem, Discrete Event Simulation, Dynamic Scheduling
Student Number : 2021—-25405
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