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% Neural Combinatorial Optimization

= AT XA 2X|2
= MEXN YHZEO| A
= NCO 2t A

= Pointer Networks (2015, NIPS)

=  Neural Combinatorial Optimization with Reinforcement Learning (2017, ICLR)

% Practical Applications of Neural Combinatorial Optimization
= Pathfinding Problem
= Path Planning using Neural A* Search (2021, ICML)
= (luster Tool Scheduling
= Introduction of Cluster Tools & Scheduling
= Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search ™

(2024, |IEEE Transactions on Automation Science and Engineering)

Q.. Daota Mining
ob Quallity Anailytics



Neural Combinatorial Optimization

Data Min

{.O Qu Hy/\ Iy’r




Introduction

Z g Z| X2} (Combinatorial Optimization)
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Jll Introduction

Neural Combinatorial Optimization (NCO)
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Neural Combinatorial Optimization (NCO)

Jll Introduction
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Jll Introduction

Neural Combinatorial Optimization (NCO)

< Neural Combinatorial Optimization (NCO)2| S%&

= CEYa AolstEol BiMo 2 NCO 9Tt 7t

= AMELEZ 0|85 =g 2| Hzlet #H1E F= HE EA

« AtE2HE S5 HE7HHY 90| HIOIHE X of 2 HEH 2 otE

= ROY A=Y O 2X0) CHs s st =S HE Tts
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Jlll Pointer Networks [2015, NIPS]

Background
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Jlll Pointer Networks [2015, NIPS]

Background

% EQIE| Y EL2|3 (Ptr-Net)
= JHHEOI A2 7t2|7|= Pointer NetworkE K|t

= 33 39| Combinatorial Optimization (CO)=X|0f Al AAS M2
=8

= N<50 ¢/ TSP =X0|A] Z| X0 =5t ds P
. o B ..
i
LSTM
<Enc>
‘\‘

XE 2 S XH4 XA 3

XA 2 XE3 XA 4
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Jlll Pointer Networks [2015, NIPS]

Background

< Seq2Seq 1 Ptr-Net

¢¢i++

+¢1++

LA SR

o [ 2 [ B I*:I? J
__ _ttt 11 1 ’ 1
}TT%IIIII TTT TTW}W}
1% (%] [ 2 LY LA 2 1| | %2] | %] [ % 1| | %a| [%2| | *
Yol | Ya| [Ys] | Ya ARARAR A R AR A REARE?
(b) Ptr-Net A

(a) Sequence-to-Sequence
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Jlll Pointer Networks [2015, NIPS]

Background
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% Convex hull problem
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Jlll Pointer Networks [2015, NIPS]

Background

/7

% Convex hull problem

= BZFES0 A
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Jlll Pointer Networks [2015, NIPS]

Background

% Algorithm for solving convex hull problem
=  Graham's Scan : O(nlogn)

= Javis's March : 0(n?)

@10

13

15

15

0 The execution of jarvis's March
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Jlll Pointer Networks [2015, NIPS]

Background

/7

% TSP (Traveling Salesman Problem)
= RFEOHOF Sf= X|EHE1 2 K| HE AO[Q| AE|7F =R [,
H

7|
FOT X|E=S 25 o HM HIESE= XA 20]2Q| cycle (Optimal Cycle)2 &= =X

XH
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Jlll Pointer Networks [2015, NIPS]

Background

% Algorithm for solving TSP
= Brute Force : O(n!)
= Held-Karp Algorithm : 0(n? - 2™)
= Nearest Neighbor Algorithm (ZAHX]) : 0(n?)
< X E 77} 20~307 HO7}H Z[H ol E 517] 27t

Good
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Jlll Pointer Networks [2015, NIPS]

Background

Seq2seq
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Jlll Pointer Networks [2015, NIPS]

Background

% Seq2seq
= 0| 4747} Otil 572t H?
= C|3AG9| Output Dictionary 7t THE| M 22 = ohae =+ 8lS
= CRGS APH 37|15 S22

«  OIAC|7} IAMSHOFE A|RIA T} ZOfR .
1
= ZAZ| A ZE o2l !
= HRE RO HE =8 Vsl

=]

=]
ES T

=
|+
L4 ] =]

(a) Sequence-to-Sequence
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Jlll Pointer Networks [2015, NIPS]

Background

% Seq2seq
= EHO| YHO| o|ESH= 2|0 HeSHA| AS
= Attention Mechanism= T Q510 &AHZ| ZAEXE |2 7t
_I

= Output Dictionary 178 &X|&= SiZ 27t

olr

¥
[y W 1
=]

|_..{

H
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=]

(a) Sequence-to-Sequence
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Jll Pointer Networks [2015, NIPS]

Method

% Seq2seq

A 4

A 4

|

Encoder
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Jll Pointer Networks [2015, NIPS]

Method

% Seq2seq

i ! i ! ! } Encoder’s Hidden State
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Jll Pointer Networks [2015, NIPS]

Method

O/

% Seq2seq

A 4
A 4

1
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Jll Pointer Networks [2015, NIPS]

Method

% Seq2seq using Attention Mechanism

= Compute the attention vector at each output time i

B B B B H T = [, g 50,0

d, Learnable parameters

A 4
A 4
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Jll Pointer Networks [2015, NIPS]

Method

O/

% Seq2seq using Attention Mechanism

= Normalizes the attention vector u; with softmax function

} a; = softmax(uj) JE(L,...,n)

A 4
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Jll Pointer Networks [2015, NIPS]

Method

O/

% Seq2seq using Attention Mechanism
= Attention Scoring = &%l &A2| 2|F HAE SiZW2LY, Output Dictionary IfZ0f 7HH 20| &3 S =7t

A 4
A 4
A 4

} concat(d,, dy)
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Jll Pointer Networks [2015, NIPS]

Method

«» Pointer Network

= Compute the attention vector

B B B B H T = [, g 50,0

d, Learnable parameters

A 4
A 4
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Jll Pointer Networks [2015, NIPS]

Method

«» Pointer Network

A 4
A 4

1
y
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Pointer Networks [2015, NIPS]

Method

«» Pointer Network

} u;_’,;,- = Snftmax(u;) je(L,...,n)

A 4
A 4

1
y
‘4
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Jll Pointer Networks [2015, NIPS]

Method

«» Pointer Network

0.94
 §

: : } argmax(ul) =1

A 4
A

1
y
‘4

Q.. Daota Mining
ob Quallity Anailytics



Jlll Pointer Networks [2015, NIPS]

Background

% Pointer Network
= Seq2seq 1t CE2H| Input elementS 7t2]|7| =&

A 4
A 4

1
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Jll Pointer Networks [2015, NIPS]

Background

«»» Pointer Network

dy dp ds dy ds
A A A A A
\ 4 \ 4
A A A A A
x x x X
> - 1 2 3 4
Y1 Y2 V3 Va ‘ S
N
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Jlll Pointer Networks [2015, NIPS]

Experiments

%+ Convex Hull

. Eol2 HE Tl

=l

rr

=  O(nlogn)

% Delaunay Triangulation (E£U| 2

. Moo MES AlZISoz A7tS 2}

= AeF:Aa™el ROl Al HXEE MLl 0 B ZROHK| Be

= O(nlogn)
s TSP
= HUHRQl ™= ol B|E0| EXY M, 2 HS otHAT HEot A|RHo 2 S0 =2 HIE2[ &M Y

= Optimal solution : O(n!)
= Approximated Solution : 0(n?)
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Jlll Pointer Networks [2015, NIPS]

Experiments

% Example

P,

1

(a) Input P = {F1,..., Pio}, and the output se-  (b) Input P = {F,..., 5}, and the output CFP =
quence CT = {=,2,4,3,5,6,7,2, <} represent- {=,(1,2,4),(1,4,5),(1,3,5),(1,2,3), <} repre-
ing its convex hull. senting 1ts Delaunay Triangulation.
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Jlll Pointer Networks [2015, NIPS]

Experiments

% Model Architecture & Hyper parameter
= HE 2Ed FXIE ?l61 2= 2H 0 Choll €2 OF7|H X 2f SFO|H mi2td|E AtE

5t0| T} 2} 0| £ 2t

o of7| A

=24 74 = 256 L= 512

LSTM 0| == 1

st ofo| M mh2to]

SSE 1.0

Hi | 37 128

Jt=A =0|E =5 2= (-0.08 ~ 008)
L2 J2tCfHE S2(F 20

s [ 0| 1,000,000 Ol & &

s =3 = 10~ 20

Q.. Daota Mining
ob Quallity Anailytics



Jlll Pointer Networks [2015, NIPS]

Experiments
% Result

@ Ground Truth -4 Predictions Ground Truth Ground Truth: tour length is 3.518

(a) LSTM, m=50, n=50 (b) Truth, n=50 (¢) Truth, n=20

|-@— Ground Trutn -a- Predictions| Predictions Predictions: tour length is 3.523

(d) Ptr-Net, rm=5-50), n=53(0 {e) Ptr-Net , =50, n=30 (1) Ptr-Net , m=5-20, n=20
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Jlll Pointer Networks [2015, NIPS]

Experiments

/7

% Result : Convex Hull
= Accuracy : 4“4 &l Convex Hull point 2F E& Convex Hull point 7t Z0tL} & Y SHX|

o
= Area: M=l Convex Hull HA 1t HEF Convex Hull HE 0| LOtLt X|SH=X|

METHOD TRAINED n, T ACCURACY AREA
LSTM 1] 50 50 1.9% FAIL
+ATTENTION [5] 50 50 38.9% 99.7%
PTR-NET 50 50 12.6% 99.9%
LSTM 1] 5 5 87. 7% 99.6%
PTR-NET 5-50 5 92.0% 99.6%
LSTM [1] 10 10 29.9% FAIL
PTR-NET 5-50 10 87.0% 99.8%
PTR-NET 5-50 50 69.6% 99.9%
PTR-NET 5-50 100 50.3% 99.9%
PTR-NET 5-50 200 22.1% 99.9%
PTR-NET 5-50 500 1.3% 99.2%
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Jlll Pointer Networks [2015, NIPS]

Experiments
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«»» Result : Convex Hull
Input : [0,1] x [0,1] EHIOIM =

Output : Convex Hull = &

s oz HEgeE 8 o

Jot= HO| AHA =AM

METHOD TRAINED 1t T ACCURACY AREA
LSTM [1] 50 50 1.9% FAIL
+ATTENTION [5] 50 50 38.9%  99.7%
PTR-NET 50 S0 72.6%  99.9%
LSTM [1] 5 5 87.1%  99.6%
PTR-NET 5-50 5 92.0%  99.6%
LSTM [1] 10 10 29.9%  FAIL
PTR-NET 5-50 10 87.0%  99.8%
PTR-NET 5-50 S0 69.6%  99.9%
PTR-NET 550 100 503%  99.9%
PTR-NET 550 200 22.1%  99.9%
PTR-NET 550 500 13%  99.2%




Jlll Pointer Networks [2015, NIPS]

Experiments

/7

«»» Result : Convex Hull
= PtNet2 LSTM, LSTM+Attention CHH| =&

o™
« CrFol Zo|o| 0| Ofs =2 Yitet 45 H0|0, s

Jl
fo
|.|'|
o
g2
Al
N
g E
L)
Ral
[
HT
no

METHOD TRAINED n, T ACCURACY AREA
LSTM 1] 50 50 1.9% FAIL
+ATTENTION [5] 50 50 38.9% 99.7%
PTR-NET 50 50 12.6% 99.9%
LSTM 1] 5 5 87. 7% 99.6%
PTR-NET 5-50 5 92.0% 99.6%
LSTM [1] 10 10 29.9% FAIL
PTR-NET 5-50 10 87.0% 99.8%
PTR-NET 5-50 50 69.6% 99.9%
PTR-NET 5-50 100 50.3% 99.9%
PTR-NET 5-50 200 22.1% 99.9%
PTR-NET 5-50 500 1.3% 99.2%
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Jlll Pointer Networks [2015, NIPS]

Experiments

% Result : Delaunay Triangulation

= Input: Convex Hull 1} s st HEZ = H &g
= Output : Delaunay #fZrglo| QI&IA o
HAE n qge 4 A2
o 80.7% 93.0%
10 22.6% 81.3%
20 g 02.8%
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Jlll Pointer Networks [2015, NIPS]

Experiments

% Result : Delaunay Triangulation

o™= o o
. AZFE {EIX| DHO| o5 A

HAE n ek g4 A
5 80.7% 93.0%
10 22.6% 81.3%
50 0% 52.8%
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Jlll Pointer Networks [2015, NIPS]

Experiments

% Result : Delaunay Triangulation
= A2 n0f CHol &2 2ot of4d HHEXE ERX| T n0] S7rzd+F 40| X5t

HIAE n e g4 A
5 80.7% 93.0%
10 22.6% 81.3%
50 0% 52.8%
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Jlll Pointer Networks [2015, NIPS]

Experiments
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% Result : Travelling Salesman Problem (TSP)
2| EA| XHH

2= [01]x [01] &?[OA A
=5 2T E2 TA| &4
Z.

Z2ut: 2 Z20|(d9E 29| T ZO|)

MUJH

n OrTIMAL Al A2 A3 PTR-NET
5 2.12 218 212 212 2.12
10 2.87 3.07 287 2.387 2.88
50 (Al TRAINED) N/A 6.46 584 5.79 6.42
50 (A3 TRAINED) N/A 6.46 584 5.79 6.09
5(5-20 TRAINED) 2.12 218 212 212 2.12
10 (5-20) TRAINED) 2.87 3.07 287 287 2.87
20 (5-20 TRAINED) 3.83 4.24 386 3.85 3.88
25 (5-20 TRAINED) N/A 471 427 424 4.30
30 (5-20 TRAINED) N/A 501 463 4.60 4.72
40 (5-20 TRAINED) N/A 5.82  5.27 5.23 5.91
50 (5-20 TRAINED) N/A 6.46 5.84 5.79 71.66




Jlll Pointer Networks [2015, NIPS]

Experiments
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n

—e

[=)

o

b5 HIO[HE A

% Result : Travelling Salesman Problem (TSP)
Ptr-Net 2 22 22 n0j| CHH Z|X Z=Qf Of<

=207}X|= H|1 ™ £2 Qdig M2

Mte 45

2 2Lt 1 0|d0M= d50] Mo

U N2|Z(A1, A3)0]| 2} Pr-NetQ| d-50| et
T OPTIMAL Al A2 A3 PTR-NET
5 2.12 2,18 212 212 2.12
10 2.87 3.07 287 287 2.88
S0 (Al TRAINED) N/A 6.46 584 5.79 6H.42
50 (A3 TRAINED) N/A 6.46 584 579 6.09
5(5-20 TRAINED) 2.12 2,18 212 212 2.12
10 (5-20 TRAINED) 2.87 3.07 287 287 2.87
20 (5-20) TRAINED) 3.83 4.24 386  3.85 3.88
25 (5-20) TRAINED) N/A 471 427 424 4.30
30 (5-20 TRAINED) N/A 5101 463 4.60 4.72
40 (5-20 TRAINED) N/A 5.82 527 5.23 5.91
50 (5-20 TRAINED) N/A 646 584 579 7.66




Jlll Pointer Networks [2015, NIPS]

Conclusion

< M=ZZ o7 |HA |t
= JHH ZO0|9| & AT E X 2|5t= Pointer Networks (Ptr-Nets) X| 2t
QA ARA9| X|E 7t2|7| &= attention HIFHLIS AME
o

< M 7IX| CO=2H| sl &
= Convex Hull, Delaunay Triangulation, Travelling Salesman Problem (TSP) S &

= HIO|HZtS AF8ol0 A &R atg
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Background

< Pointer Network®2| SHA|

X|=sts HiAlo 2 I EQT mi2t|E 230| EQ
otg Al RO

[H2EA, 7|2

o
=

Qs
E ot

gdo2|5e

Ptr-Net= &1 2|F0| MA|St= &
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Supervised
Learning

Neural Combinatorial Optimization with Reinforcement Learning[2017, ICLR]

HO =2 Mt

ITL- OO

AL (0 : TSP 24| n>30)

Held-Karp
Algorithm

|

Y

7|HH5E7] 3=

28 =7t

2= graph (small n)

7| &0 Exlfs}=
L
(Exact Method)

21t
(Optimal Solution)




- Neural Combinatorial Optimization with Reinforcement Learning [2017, ICLR]
Method

/7

s Concept
= Pointer Network (2015, NIPS) & L2 &2
= O

S50, N=100 2! TSP =X= Zefot siE 7 o S0 K=ot 7|22 PrNet2 AFE & = §lS
= ZeeleE HE
Model Training Method
4 N
| FARNNE m Reinforcement
SR R L L oL U Learning
o - 1 1 Parameter \_ /
BB EE s B B § [ Optimizaton
Pointer Network U
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- Neural Combinatorial Optimization £t M|O]|L}

< A4 Neural Combinatorial Optimization(NCO) A 0| Lt
= Vinyals, O, Fortunato, M, & Jaitly, N. (2015). Pointer networks. Advances in neural information processing systems, 28.

= Bello, I, Pham, H, Le, Q V, Norouzi, M,, & Bengio, S. (2016). Neural combinatorial optimization with reinforcement learning. arXiv preprint
arXiv:1611.09940.

= Kool W, Van Hoof, H, & Welling, M. (2018). Attention, learn to solve routing problems!. arXiv preprint arXiv:1803.08475.

Machine Learning Driven Heuristics
r Combinatorial Optimization Problems

Core Algarithrs

Machine Learning Driven Heuristics for G

wan. O o https://youtu.be/k_khfw2jA2|

B 2024858 17
(3 ex 124~
3 =219 |2 A#H (YouTube)

Mojut B 2| —
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- Path Planning using Neural A* Search (2021, ICML)

Introduction

<  A* Search
. ZOIE F XIHOIM SHRINK EE 4 9)& 5| 4=

N =5
= ArSAHHIE|A O] & S A S0 ROl

= 1

M
pla
rir
e
=
L]
iy

=4
=
®)

| ;

= Heuristic 25 S0l B2 =t aas %5.:!

Q.. Daota Mining
ob Quallity Anailytics



A* Search 0| A

X3

*¢

- Path Planning using Neural A* Search (2021, ICML)
Introduction
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- Path Planning using Neural A* Search (2021, ICML)

Introduction
< O|O|X] 7|8t A2 EHA of| &

= A2 O|0X|E EN F2ZE HOL L = /UZ
= A*

= AT AFRIOIM OS2 Search 7} =2 & 4= /= Neural A* Search H| 2t
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- Path Planning using Neural A* Search (2021, ICML)
Method

% Guidance Map

HE M A RMR9ITt 52

-IOP

2 3250 S22 & A
Guidance Map2} Ground-truth 7+ X0| S

= X258t of=

OH

oot

Fo =2 ot

ok
o[>

Of O] R0

A* Search 2| Heuristics = CHA|

Problem instance Encoder

Guidance map
Search result

Search history Ground-truth path

Evaluate a loss

Q.. Daota Mining
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- Path Planning using Neural A* Search (2021, ICML)
Method

«»» Overall Flow of Neural A* Search

= Input = Encoder & S5} Guidance Map (A Heuristic function) ‘4

n AF Eal %I-AH

A
« AN ME AZQto| X}0|E F0|= YEFO 2 Encoder HER A 3t

(3) Update the encoder via back-propagation

v
Problem instance Encoder Guidance map Differentiable A* module Search history Ground-truthpath  Neural A*'s path
E Select Expand
| il _ EEEN__uE —)
r‘j rr(l [ ] [ ] HE
bl (] N ] Loss
. i ' t |
> > | 4
1) Produce guidance ma (2) Perform A* search iterations Backtrack
( g p
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- Path Planning using Neural A* Search (2021, ICML)
Method

5 )% 7h5 A BE
X

« A EMS 0T B A TRIFOR 02 271

= J2HCIHET} SEX| %Ot Encoder HERA YOO EZ} 27}
= AFO| GAE AEHALO Z X|2ho Ol 2 7tsot A 2& 10t

Select

>

Node selection Node expansion
Finding nodes for constructing a shortest path * Adding neighboring nodes to the list of next selection candidates
* Soft-max + discretized activation * Fixed convolution + binary masking

- exp(—(G+ H)/T)©0
e (<exp(—(G+ H)/r),0>)

Total cost so far + of nodes
Estimated costtogo  in the open list

Daota Mining
o.:.o Quallity Anailytics

anr=(V**K)G)X@(]].—O)@(]l—c) S
Neighbor  Obstacle Notopend Nor selected




- Path Planning using Neural A* Search (2021, ICML)
Method

/7

% Back-propagation
= 2 A*Module 0| BZ7|EH 0| F 750t A Z=2= TN &
=

= [2}M, Encoder 77HX| Gradient 7t H& E 4= Q= 7

(3) Update the encoder via back-propagation

v
Problem instance Encoder Guidance map Differentiable A* module Search history Ground-truthpath  Neural A*'s path
E Select Expand
| il _ EEEN__uE —)
r‘j rr(l [ ] [ ] HE
bl (] N ] Loss
. i ' t |
> > | 4
1) Produce guidance ma (2) Perform A* search iterations Backtrack
( g p
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- Path Planning using Neural A* Search (2021, ICML)

Experiment

o HAE BN

* o

= Vanilla A* Search CHH| Neural A* Search?} I 2| X|&o| A2 E EtM JI=

Al
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ob Quallity Anailytics




- Path Planning using Neural A* Search (2021, ICML)

Experiment

< 0Oo|g 7|¥t<n2|= 7HH|wm

[ -

A* SAIL BB-A* Neural A* Guidance map * The higher the better
- (a) Search | (b) Search | Hmean of
f‘ optimality | efficiency | (a) and (b)
. .
: i ot || 346 48.6 26.3
A*
Siea s 62.7 42.0 421
Neural A* 87.7 40.1 52.0
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- Path Planning using Neural A* Search (2021, ICML)

Experiment

< O[Ojx] 7|8t o] 342 & Zut

Neural A* Guidance map

Input Ground-truth
- i Experimental setup

* Surveillance images + pedestrian trajectories as demonstrations
* Task: Predicting realistic trajectories consistent with those of
pedestrians when start and goal locations are provided

BB- A"‘
-

Chamfer distance
(the lower the better) 152.2
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- Path Planning using Neural A* Search (2021, ICML)

Conclusion

«» Contribution

=  A* Search

=

= |
= A* Q| SE|AE] gh=Z Guidance Map HE|
58 s ¢

olr
o
oA

. 0|27}

olr
ro
x>
Ko
m:ln
F_9

510] A* Search £ AFRSIH= HEQQE &t Jts 81 L& OLE A

= Guidance Map &t& A Iff Case
x

= Guidance Map 0| Z|H d=Zct= O|gH el EFO| eHE
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Introduction of Cluster Tools & Scheduling

So{AE 2H| &

< Wafer 18 HHR|2 8= +d5t7| flot 28| E25F
)

& HEEX| &= ZHH| 2| 70~80%

Single-slat M ulti-slots

C hamber Chamber
(®) 6" <@

uuming &
ping buffer

{a) Single slot cluster tool (b} M ulti slots cluster tool (c) T ool with intermediate buffers

St 2Rl L2 =HAH 2H| Crefot E2{AH | #=0
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- Introduction of Cluster Tools & Scheduling

What is cluster tool?

+ SEAH FH|T
. ZHDEPW)IHO|SERVIRS THURH|0f TR HiE K| KX A
. TE/O| 8 22

«  O|m 10§ A HM2[ot= DHEA S

Wafer

Wafer cassette

UEYH 25
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- Introduction of Cluster Tools & Scheduling

What is cluster tool?

s 80f

@ Process module (PM) : |O|IH 7f"‘0| O| F 01 X|= HiH(chamber)

ot
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- Introduction of Cluster Tools & Scheduling

What is cluster tool?

< Chget Efo] ST{AE |

« MY S2AE FH| PVMO| YBE HIX|E|0f BZH 2B 0L}, VIR 015 S40| Z
- 9% S2AF FH| PMO| VIRS SHO2 HIX|E/0f 37 S HOIX|L VIR O|SAIZH 58 ]2
. Y S2AE FHT}IRE A 5

L M E
[& &[&
ggu

(a) 8% 22{2H B
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- Introduction of Cluster Tools & Scheduling

What is cluster tool?

<+ O|[EEX(VIR) 2| T&
= Single Arm Robot : Y|0|IHE &S += A= 22X HO[ 1742l HEf= x[4] TH|0f|= X5 A0[X| Biz

=  Dual Arm Robot : 90| E &2 = U= 22| ZO| 271 21 HE|

AC

N % [

(et ® =28 b+ ¥ 2R O SEHE SR =R
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- Introduction of Cluster Tools & Scheduling

What is cluster tool?

& Ch 2 p{AE ZH|Q} Cl= 2 8{AE ZHH
=2 =2 (=] S = o
C

= CHE SAEH YH| LEHC R Z, SILIS[ VIRE 2 E 02 PMO| @2 = HiX|[0f Rl= B
= L[S So2H gH|: 58 S8= ?lofl ol2{tie] FAHE HHE Sof ¢2Z o ZE

@) B BB AE By (b) CHE B3AE B L.

Q.. Daota Mining
ob Quallity Anailytics



- Introduction of Cluster Tools & Scheduling

What is cluster tool?

&0 ELI0F Ct5 &780| A% &l = HE)
Aol o2 578 X2 7ts

2™ A GHE 25 B gt
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- Introduction of Cluster Tools & Scheduling

What is cluster tool?

i = | o
» 38 T 2o E2H W 2= HASH Rl A
Remaining gas and heat PM cleaning
- TN Il UN 4 o 2 & 22| 8 HElR 28
«  22|d 28 B0l= |o|H 7t50| E7ts &
337
l l
A8 e £ ¥Preumeng WP oanung) £ RProcaung) 4R Cesring)

(b) 2219 3717 39 32
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

* BRAE TH| AHZY

o
= 02 7S pMIt 2& 2R E FEEN U AAEE0| FH

e hamber

. SoiAH HHIE 2887|918 20| £ glojof B
. 9jojm X/ > &
. My 22|y )\

= Deadlock =74

= Z23O| FA (Single-Arm / Dual-Arm)

Deadlock state
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

=o|{AH | 25 & (PM, VIR LL) HAF SZF AFER
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

< The 2AIEY ALE[R

1. 90| 12 LL Of| PUT

. )@
D Chamber

&
‘.a
PM4
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

< The 2AIEY ALE[R

2. LL2 TS MEZ Tzt

. )@
D Chamber

&
‘.a
PM4
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

< The 2AIEY ALE[R

3. VIR O] &0|H 1&2 PICK
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

< The 2AIEY ALE[R

4. VTR O] &|0|{ 12 PM1 Of PUT

. )@
D Chamber

&
‘.a
PM4
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

<« T 2A4EE AlLE|
5. PM1 75 &tz &I, VIR O] 0|1 18 PM1 228 PICK
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

< The 2AIEY ALE[R

6. VIR O] ¥I0|E 1= LLY| PUT

. )@
D Chamber

&
"~ Robot \
A
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

< The 2AIEY ALE[R

7.lL= 7|2 JEi= Mgt
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

< The 2AIEY ALE[R

8. ¢0|H 12 LLOZ FE PICK [ 2t 2t |

. )@
D Chamber

&
"~ Robot \
A
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

% 2AIEY 02| AL
= 20| 12 PM1 0| £S5 =0 PM10]| =X| Ed
= PM20J|AM 7tE CHZ|S Q1 Y0l 27} LLY| }s
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

% 2AIEY 02| AL
=  VTRO| ¥|0|H 2& LLOZ EH PICK
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

% 2AIEY 02| AL
= VTRO| |0|E 2& PM2E PUT
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

<+ 2AIET ole] AlLtE|2

= PM10| H& MEZ T2t Z
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- Introduction of Cluster Tools & Scheduling

What is scheduling?

% 2AIEY 02| AL
= PM10| & MEfZ M=t &

=  VTRO| 0| 1= PM10]| PUT

. )@
D Chamber

&
‘.a
PM4
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- Introduction of Cluster Tools & Scheduling

Studies on Cluster Tool Scheduling

/7

% Cycle Scheduling

= 02| FoliE Cyces = A= A[LIZ|LE
. AASO O me Sy

= TEG(Timed Event Graph)E &%t 2|8 Z|™ ALIZ|RE =& 7t

o CHRFSE AR Z= )0 21X Cycle times ZASH7| QI B2 A7} O| 20| RS,

ot

s

-

I vafer delay

chamber 1 available [Fobo e !

aA0W 10O

° ‘-1a|dwoa Buipeojun

Fobot BT T T T T IV [ulv sVl sTvlr o v SIvI L L[ [slvlefulvl T 1T T §slvislvlelulv]s]v]s]v
M1 T, [ | T
PM2 T, | T |
PM3 1 |
pal v, [ | 3 [
[Pus iy | W T

H r r+1 LT

........ e
(b) 3-periodic schedule

Robot v isvis[v ruv iswvisivruv s v svriuv siwisvriuv is

(c) irregular schedule
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- Introduction of Cluster Tools & Scheduling

Studies on Cluster Tool Scheduling

/7

% Non-cyclic Scheduling : Dispatching rule

= SHAH YH 28 Al 2 7hst Bret o2l dE

o

=  PM1 O] Shutdown =
=  Dual-Arm E&£ & SjLt7f o3 H
= PM49| 2E|E0| B &7

o
= [CFE 3™ Wafer £ 20| &
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- Introduction of Cluster Tools & Scheduling

Studies on Cluster Tool Scheduling

% Non-cyclic Scheduling : Dispatching rule

MH| 22AH FH|&= Cydic Scheduling 24!
22X, Hid, /lo[m o] &=t e} Ch=

A
|

ot > AN SHAE HH|O AR E = A=Y
ACtIOnE 7E:|Io-| _CIEIL
7|& Heuristic, Trial & Error B4l 0

HAOZ A T (if-else)

< Dispatching rule 2| S|

a J|E ASHEOQ| Dz MOt

= SofAH YH|[9| s A&

Fah o= QAL CompIeX|ty7f Of 2 =0 =
1 Throughput B55H7|9Isl &=

i <
ru
o

oA Bt 28R

o N
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- Introduction of Cluster Tools & Scheduling

Studies on Cluster Tool Scheduling

« AT AP0 2 S8 28 A2t ZXH|(NP-Hard)
= FAFSH Neural combinatorial optimization 22 &1 Z=Xj
= AH|2| HEHE State= 50| Throughput=2 Z|CHE St= Action 22tetE 2 & E Dispatching rule CHA| 7+s

Chamber status
Wafer location
Process status ...

R 4 I
Reinforcement
U Learning

Next Action, Rewards
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search

Introduction

< 7|& HAFE2 Cyclic Scheduling & 71

= 2X HF HEat= 12| E0| EXY

< Non-cyclic Scheduling ¢8| EHR’d
«  DFE o|H 2ol 0 &M E X|F8H= Cyclic Scheduling MIA=

=20t ZH|9f Idle Time O] 2-l5tA &

L)

0‘0

B2 X2| (Concurrent Processing) &g 714 (@) Single-armed cluster tool
= 0Of) 3tLFQ| Cluster tool Ol Al 27HK| Q& 9| WaferE X2| 3t Atst
Type 1 Wafer For PM1,2 / Type 2 Wafer For PM 3, 4

< Goal : FO{ZIl 2| HMc|E slo]m

gZots O 228 AZte

Hu
-

He 242 Soll M MEIZFS = o=t
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search

Introduction

% Gantt chart H| !
= & (Cyclic Scheduling) : 178 El =M E {O[HE X2, —’F—7|'3'H1f S 2o 21 HhE > XX 9| Throughput 22 X

= S}EH (Non-cyclic Scheduling) : S22 FHH|9| 21 =M E ZHsI0] XNz2|&hs STist

Rabat TUTLTUTLTUTLTUTLTUTLTUTLTUTLTUTLTUTL TUTLTUTLTUTLTUTLTUTLTUTL

M2 '_‘

e 21 ] | 22 | | 23 | | ;-

mie ] F’ | | | | ]

Robst TUTLTUTLTUTLTUTLTUTLTUTLTUTLTUTLTUTL TUTLTUTLTUTLTUTLTUTLTUTL TUTLTUTL T .

o [N B . _ -5
[ _ n-e
s 2-1 | | 2-2 | | 2-3 I | [2-5 |
s [ 2.1 | | 2.2 | | 2-3 | [2-a |
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

+» RL Environment : Timed Petri-Net (TPN)

= 271 ME CHE 52 SAI0| =™St= Single Arm Cluster tool2 TPN2| HE{Z 2 EHE o

(a) Single-armed cluster tool
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

*» RL Environment : Timed Petri-Net (TPN)
= PM1, 2, 3 For Wafer Type-1
= PM 4,5, 6 For Wafer Type-2

(a) Single-armed cluster tool
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types

= Place : A|ABRIQ| MEfLE &7

Ooff) Alo|m 7t £ PMO|| U= SEH
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= p2, p4 p6, P9, pl11, p13: PM1, PM2, PM3, PM4, PM5, PM6X A1 2| £|0|H X2|
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= p15 - p20: PM1EE PM6E7HK| 2| AHE 7tHs N

pls plé pl7
i1l 12 PM, i3 4 PM t5 th P, t7 8
p4

pl2 pl3 pld
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= pl, p3, PS5 p7, p8 p10, p12, p14 2EX0| YO0|HE Zt PMLE &= 1Y

=
[y
tn
=
Py
=9
=
=
L |

tl t8

Q o
Be
ol
®)
5
+

L . 3
“
pl p3 pd ps p7
NN
- E o = =
(g t1 | . 13ty 5 6
(i

=0
ogo
<

=
-y
- -]
=
o
L=
=
I
[—]
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= p21: EXRC| AR 7t E|
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= Transition : O|l ELt Action= LtEFLHDH, SHLTC| AfEHO|A CHE SEfZ2| Hehs 2|0]

o)) 0] E PM10f|A Unload & PM20]| Load o= &+
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= {1, 13, t5, t7, 19, t11, t13, t15 ;: 0|7} EXH 2-& (Loadlock, PM) 2 EE{ Unload &= Action

=
ety
=9
=
="
B |

pls

e,
Jres &

. =
e
o%o

()%
o
g =

=
= =]
=
b=
—
P
—
g :
YL
-
[*¥]
—
-
—
=
()
[
=
=]

=
-y
- -]
=
o
L=
=
I
[—]
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= 12,4, 16, 18, 110, t12, 114, t16 O] H 7} £ 2= (Loadlock, PM) 2 FE Load E[= Action

pls plé pl7
t1 12 PM, 3 4 M t5 (i] M, t7 i8
¢ ® ®
pl p2 p3 pd pS ph p7
Robot
®
p21
i il PM, 11 t M, 13 i 1, 5 [
[ ] [ ]
p8 pY plo 11 pl2 13 pl
pl8 plY p20
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= Arcs: Place@} Transitiong A&, E22| 0|5 =& LIEIH

o) PMOIM 2X2 = 2||O|TH7} O 50t= B2
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= Tokens: T A|AEIO| HEJE LIEILH= Marker

Ol: &8 PMOA X2| Sl WaferS LHEIH
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= p20] QU= token : PM1 0| A Wafer 7t 7SS Q1 AEHE LIEHH

= p210] Y= EF . ZZ0| 3 AFR T
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% TPN for a Cluster Tool Handling Two Wafer Types
= A|ZHO] k2t AJA B (a cluster tool for two wafer types) 2| AEHE A|Z&[0|M 75
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

** RL Framework
= State-Action Paire| S&H2 2 I8l Deep Q-Network (DQN) = Base model £ ALE

= DQN:Q-value 2= MEYUS Soff Z2AlSH= HHH=E

Classic Q-learning

a; a; as

States, | == " T o))l 06w an)| 0y az)

mm) | Q-value Q(s¢, ay)

mm) | 52 | Q(S2,a1)) Q2. @2)| Q(52,a3)
s3 | Q(s3,a1)| Q(s3,a2)| Q(s3,a3)

Action a;

Deep Q-learning

State s, | ===p

S——0—
35'5"’0‘5\;#”0\\«
' o

{2
R AR
N4
LN

mm) | Q-value Q(s¢, a)

Action a, | ===p
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

% RL Framework : State

= H| JEi (M)
= 2 PMEe| JE (Bl SEl, M| T, 2t=)

= THY ME| A2t BIE (Ry):
= ZF PMO| ZH ME| A2 B|E (g2 At/ & M| AlZh
» PR E 4R 2E 2 U AE 25 E

= 22 RIX] (L)
= 2XO| X 9K

= 75 AL
= Bottleneck PM2| o F&7 ATt

= XY FotHlE W)
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

«» RL Framework : Action Selection Process
= 2FE ZHER

= XY HEf 2E (PM HEf, 2R RIX] 5)
- Jtsetds 248
=

= c-greedy S ALE
» 1 ZHEE 2N QU ds U« HEZ FA UH
= Deadlock &X|

: : - " . o I Dead lock status
= Action Masking : HIEEIE REY & U= ASS OAZSH0 MEASEX| ZoHA o

Loadlock
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search

Method

«» RL Framework : Reward
= Reward &4 74
= 22X :pMO| Idle time O X|A 3} E|EE

= OO|HEZIQ &t Z=tot{ il & [ 78 AlZt
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% RL Framework : Adaptive Search
= =2 Al OJ2 HEHE D[2] BAoto] ds 2

= EOf Q@ + W= Z Q el Xtof 2
= A JHOM 7t BSS0 sl Q LIERIZE Sl Q ixs AlLt

oL O HA =
= WHZS2Qat T 20 Q éidt F HME 2 Q 42l X1O0|F H7t
= Dt} O] Xto|7} AbCHH, £ S

gm

HMZE 2 Q ﬁt% = s 50| =8
x
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

% RL Framework : Adaptive Search

Q{_Shiﬂglj < Q{S.fziaﬁj = Q’{.‘i‘h,ﬂ%]
QSn+1:aher) < Q[_’Snﬂ-ﬂﬁu} = Q{{S-“E—l'a}wl}
HQ(SJz—i-ﬂﬂHJ = G{Shﬂ:ﬂi“J

Q(szﬂ_rluz} < Q(sn+2.05e2 ), @Q(Spsz) ﬂgluz:’ = Q(Sn+2.ah42)
Q{Fn +z:ﬂrj1+z} = Q[3n+zs”ﬁ+2]; Hf?@mz-“ﬂu} = Q{SH+EJGF:+2}
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

*» RL Framework Review
=  RL Environment (TPN)
= 2H QIAHA MM (CHAe PMTE, Process time &)

= JE 2= TPN 2HE0IM 2R 2 9N HEIE 2HESH Jhstt dss dE

Target

welights

batch
action Q network
oo I
* gy S S S -—————
Testinstances  f===' e e e e e e e e e e eSS Se S scSssscsscsscsscoccea
action
TPN for environment in DRL DON for approximating Q values Adaptive search
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

+* RL Framework Review
= DQN

= JtSA| QHOIE: ERl Q HIERI A= €8 ¢UHH2E Q HEAHAL| 7HEX[E 20t BH|0|E

batch
action

Test nstances f==='  I==esceco---

TPN for environment in DRL DON for approximating Q values Adaptive search
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search
Method

/7

+* RL Framework Review

= Adaptive Search
. ACj QT & BRE 2 QZtel Kol

batch
action

Test mstances [===' Ieesmmm e e e e e e e e e e e e e e e e e e e e — -

TPN for environment in DRL DON for approximating Q values Adaptive search
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search

Experiment

5 AEB

= Training Instance
= Well-Balanced Instances : & Wafer Type2| X{2|A[7+0| 5 Yot HL{0| A M HE|= Instance
= Unbalanced Instances : 5 Wafer Type2| X{2|A|7H0] CHE HL|O|A M= BF
= PM 7Y
= 22,3 3),23), 32
o) (2, 2) : Wafer Type 12 PM1->PM2 ALE / Wafer Type 2= PM3>PM4 ALE
= Process time range
= 10-30 £H 80-100 7tX| Ciot =gto =z o
« H|w Z2H

oot

= (CBS (Concurrent Backward Sequence)

=  DQN (Deep Q-Network)

=  DQN-LS (DQN with Look-ahead Search) v
=  DQN-AS (DQN with Adaptive Search)
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- Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search

Experiment

o%

» A1} . Well-Balanced Instances

_ - = . CBS ABidoln 5 — DON-AS B4 do] 5 = o
= & Metric: GAR CT (FE AlZt) Gap = CES AT o = < 100%
D= HAEN A Ho]A2relel CBS &g

=~
=r
O
= Adaptive Search B& & 2= Ql5{f Bt =2 A|ZH0| CBS EL} 2Lt A AFESt=0| &4 Sle =&

EXPERIMENTS WITH WELL-BALANCED INSTANCES

1 1+ .9 9 CBS vs DQN CBS vs DQN-LS CBS vs DQN-AS
(n1,n2) (p; — pu) (07 — P3) CAPDEN COTDPUN GCAPPUN—LS CTDPUN=LS | QAPPEUN=-AS | o7 DUTN-AS
(10-30), (10-30) -0.52 0.00 (.82 0.04 2.77 0.33
(2.2) (80-100), (80-100) -0.22 0.00 0.84 .03 1.10 0.07
T (20-20), (20-20) 4.56 0.00 4.83 0.03 5.10 0.53
(90-90), (90-90) 0.00 0.00 (.00 .03 0.00 0.04
(10 30), (10 30) 0.33 0.00 2.62 0.07 4.32 1.59
(3.3) (80-100), (80-100) (.16 0.00 (.38 0.05 0.48 0.13
o (20-20), (20-20) 5.21 0.00 4.94 0.07 3.21 2
(90-90), (90-90) 0.00 0.00 0.00 .05 (.00 0.12°
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Experiment
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Conclusion

% Contribution
= Single arm cluster tool2| H|Z=7|&(Non-cydlic) 2H =S 4oletE L 2 XMzt
= DQNI} Adaptive Search| Z2%2t2 S3+ =8 SO
% Limitation
= Single Arm Cluster tool A|L}2| 0] =%t
= AA gH] 28 d%uts CHE ALz AT =Y
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% Neural Combinatorial Optimization

= AT XA 2X|2
= MEXN YHZEO| A
= NCO 2t A

= Pointer Networks (2015, NIPS)

=  Neural Combinatorial Optimization with Reinforcement Learning (2017, ICLR)

% Practical Applications of Neural Combinatorial Optimization
= Pathfinding Problem
= Path Planning using Neural A* Search (2021, ICML)
= (luster Tool Scheduling
= Introduction of Cluster Tools & Scheduling
= Scheduling Cluster Tools for Concurrent Processing: Deep Reinforcement Learning With Adaptive Search ™

(2024, |IEEE Transactions on Automation Science and Engineering)
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