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Al/Machine Learning/Deep Learning
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Artificial Intelligence vs Machine Learning vs Deep Learning

Artificial Intelligence

Any technique that
enables computers
to mimic human

intelligence, using
logic, if-then rules,
decision trees, and
machine learning

(including deep
learning)

SUNG KYUN KWAN
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dee_p learnin

machine learning
ML

supervised

unsupervised

cantent extraction

classification

natural language

machine translation
rocessing (NLP

guestion answerin

Artificial Intelligence
(Al)

text generation

image recognition -
vision

machine vision
speech to text

. speech
);;amm_,ﬁmm

text to speech

planning

robotics

Source: Chethan Kumar, Igreate Infotech SUNG KYUN KWAN
=) UNIVERSITY



7| AlSt& (Machine Learning)2| =&

~ Machine Learning

Supervised Unsupervised Reinforcement
Learning Learning Learning

— Fraud detection Text Mining
— Email Spam Detection Face Recognition
— Diagnostics Big Data Visualization

— Image Classification Image Recognition

Risk Assessment Biology
Score Prediction City Planning
Targetted Marketing

https://data-flair.training/

"\ SUNGKYUNKWAN
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Machine Learning

Supervised Learning in ML
Reinforcement Learning in ML

Reward g

DOG (Agent)

vy

Model It S Apples
Annotations
Prediction
These are i 2 State (Actlon)
apples °

Sitting Walk

Unsupervised Learning in ML

https://techvidvan.com/

SUNG KYUN KWAN
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Machine Learning and Applications

Meaningful Customer Retention

Compression

Structure Image
Discovery Classification

Big Data Dimensionality Feature Identity Fraud

Visualization Reduction Elicitation Detection Classification Diagnostics

Advertising Popularity
Supervised Prediction

Learning Weather

Recommender H
Sistiine Unsupe::vlsed
Learning

Forecasting
Clustering Regression
Targeted
Marketing Market _
Forecasting
Customer Population Estimating
Segmentation St Game Al SONy Life Expectancy
Decisions Prediction
Reinforcement
Learning
{Ribat skill Acquisition
Navigation

Learning Tasks

https://www.guru99.com/machine-learning-tutorial.html
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") UNIVERSITY



Machine Learning Techniques

K-Means
WTEELEE Mean Shift

K-Medoids

Unsupervised
Learning

I, EELENY Feature Selection
Reduction

Machine
Learning

Decision Tree
(S0 Linear Regression

i Logistic Regression
Reinforcement Supervised
Learning Learning

Navie Bayes
Classification 4"

K-Nearest Neighbor

Principal Component Analysis (PCA)

Variable 3
N

Linear Discriminant Analysis (LDA) il b

10
Variable 2




Deep Learning

TRADITIONAL MACHINE LEARNING
t’ @

r N
Artificial Intelligence @ -
POLITE
oy = ’
Tweet Feature Engineering Classification Output

Machine Learning

DEEP LEARNING
ﬁ ANN

Deep Learning a—R Eﬂ S
a5 g. ;u,a-.:_d'-‘i.j-"d_,-_;l'g--.g D
> Qi MO0 G 0o
O G.':-:'u.__t}_‘_'.b D

AR Y Vi -

g8 weut
Feature Learning + Classification
https://datawider.com/ https://thenewstack.io/demystifying-deep-learning-and-artificial-intelligence/
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Neural Network (NN)

SUNG KYUN KWAN
) UNIVERSITY



Artificial Neural Network (ANN)

weights

bias

" Oyt 5

A

Transfer
function

transfer
function

Hours Sleep

Hours Study

HIDDEN QUTPUT
LAYER LAYER

{ SUNGKYUN KWAN
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Deep Learning: Convolutional Neural Network (CNN)

=  CNN is powerful for image classification.

e

INPUT

e

A7

— CAR
— TRUCK
— VAN

<

| [] — BICYCLE

FULLY
CONVOLUTION + RELU POOLING CONVOLUTION + RELU POOLING / CLATTEN CONNECTED SOFTMAX

FEATURE LEARNING

13

CLASSIFICATION

SUNG KYUN KWAN
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Deep Learning: CNN

=  Example for handwritten digits

fc_3 fc_4
Fully-Connected Fully-Connected
Neural Network Neural Network

Conv_1 Conv_2 RelU activation
Convolution Convolution 1 /—/R
(5 X 5) kEI'I:IE| Max-Pooling (5 )( 5) kEI‘I:IE| Max-PooIing (Wlth
valid padding (2x2) valid padding (2x2) \.dropout)

INPUT nlchannels nl channels n2 channels n2 channels | E

(28 x 28 x 1) (24 x 24 x n1) (12 x 12 x n1) (8 x 8 xn2) (4x4xn2) O

99

OUTPUT

n3 units

' SUNG KYUN KWAN
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Deep Learning: Recurrent Neural Network (RNN)

=  Powerful for tasks that are dependent on a sequence of successive states

Recurrent network

@ it
e output layer
input layer \ . 4 (class/target)

hidden layers: “deep” if » 1

| one to one one to many many to one many to many many to many |

' R e t 2 i

*_ f ¢t Tg
1 0 U HE

o
T
=]
—i
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= Multivariate Analysis Techniques
* Principal Component Analysis (PCA)
* Real-time Density-based Clustering Analysis
e K-Means Clustering Analysis
e Gaussian Mixture Model

= Artificial Neural Network/Deep Learning

- SUNG KYUN KWAN
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Micro/Nano-scale Integrated Circuit (IC)

= Plasma processing steps are 30~40% of IC fabrication processing.

T METALT T | S M4

M vl
i \ _/ \ [ - \_{ - )
=]
=) e e =
. 1] | —J —J — —J — -
pwe Deepwell n-well p-well
L ;Ez—-— Deep trench p-substrate

 METAL 1 (W)

Minimum CD
<10nm @ 2020
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Major Processing Steps

Oxidation Development Etching

Metéllization

P SUNGKYUNKWAN
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Semiconductor Industry

Device Maker
(IDM, Foundry)

- Logic Devices

- Memory/Storage Devices
- Communication Devices
- Display/MEMS

Equipment Maker Material Provider
- Process Tools - Wafers
(Lithography, Etcher, CVD) - Chemicals

- Measurement Tools - Gases
- Facilities - Consumables

{ SUNGKYUN KWAN
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Processing Tools and Parts

Linear & Rolany Sarvo & Shop Wakyp AChEgioes Maohon
Positaning Tables Modors Confroliess

e ||ll ‘T;,' oee

frﬂ“ﬂ

Haotworking

w 7 «f‘"@' v @ .L[ rﬂ.

mro b 'J .-'.-,- MNESE g Vidoo
Adr {3

L

Membrane Air
Filtars

%

Paoanil of Use
Mambiranes Adr
Dryers

Tirmem Frammg
'.'.:ﬂ stations

sackeing Healnrs

-

Sayrid Tovwies Carndpge Heabers

; =
il
nllll
High Purtt Po Wil Reguiziors Control Valves Fotrwgs & Valves FII.I':-:'.::.!-.'F..'I'M I*'.--'._f.IL:{.v:--..'ﬂP'
rr."!f.'h. g Hll:r 1:': "I'uI ...-Ir ! T Fttings Tubing
i)y om é o 4y
7 pis FREEE ool N o2
T 1 =", {? et 5 04 L L
L L H - L w, o A 'y
! - » Ua
o'y v ! LT P, 7 - J

Watuun Presase Process Swilches Non-Molaks Level Sensing Figray Maolnrs & Prsidionnrs

xess Swdcr i el ~_ https://www.valin.com/

r > e ¥ 2 &
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HeH SE 7S

= AXO| ZRO|M|Z}E: ~10nm 27| THE{'E QA B A2t 7=
* Multiple patterning technology
* EUV technology
- AXfO| 3kt At AT, DELH| A2 I|s
* FinFET transitors and 3D NAND structure
e Atomic layer processing
* High aspect ratio processing
. hsttg ol 23ty
 More and more elements are adopted
* Diversified precursors
» 89 X2t EEt =07 |=

* Plasma processing
 J[AES/AI0lH 24 7Bl HE

- SUNG KYUN KWAN
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Transistor

= MOSFET (metal-oxide-semiconductor field effect transistor)

Silicide Layer

Silicon Gate
Electrode

1.2 nm SiO, sy
p—type silicon 3 —

Gate Oxide == —
substrate //@
Strained

Silicon

Ohmic contact

: Oxide 50 nm transistor dimension is ~2000x
] e = i i
FinFET Device Schematic
] siticium

[T parysiticium
B siiciumdioxid
B siticiumnitrid

.4

Cross-section

{ SUNGKYUN KWAN
ro2) UNIVERSITY



Cross-section of DRAM and Flash Memory Devices

e  Minimum critical dimension is < 20 nm in 2018.

m—

Deep trench
<+— capacitator

+[Dielectric

N-well  jiner

P-substrate

Minimum CD
<20nm @ 2018




A XFol| 2 A|2t: 3D Structure

Pre 2000s Post 2000s
Planar 3D

ZE&

Source: Intel, SanDisk, Intermolecular

-1-4 )

JTELLRRRERENERNESN
2333333300000 0R0

N 20 N20/N 14 N10 N20/N7 N7/N5 NS5/N3.5
Bulk CMOS: SOI: Partially SOI: Fully depleted Bulk FinFet : SOI FinFet : Gatefall-aromd
Complementary depleted Silicon Silicon on insulator fin field effect silicon on insulator  transistor 3D NAND
Metal Oxide on insulator transistor fin field effect
Semiconductor transistor, lIl-V
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A Xto| XM=} 3D Structure

'IIIIIIII.IIIIIIIIIIII.IIIIIIIIIIII.IIIIIIIIIIII.IIIII.IIIII-

0.i ~ - FINFET :
. : KEMICH SHER| £ 1E

0.06 \ .
o PLANAR FET : VERTICAL FET -
g i HORIZONTAL :
o - Ty NANOWIRE .
j a ’ Complemenrary .
2 o : SO :
< » :
. STACKED ™

0.0! . . 3 E
0.005 2 v
¥ -

22 14 10 7 5 3
imec Technology Node (nm)
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3D cells require high aspect ratio plasma etching

* Single crystal Si channel
2D cell * Floating gate (or TANOS)
+ 1-side gate

Control Gate
ONO =

(Oxide/SiN/Oxide Floating Gate
Tunnel Oxide -

* Poly-Si channel http://gigglehd.comizbxe/6137281
+ SONOS (Si / Oxide / SiN / Oxide / SiN)

+ All-around gate
* Channel-last process S -t

+1 step litho (hole)

T
i

- ..
- -
\ sy RTYYN
PRy “-L
'1‘11
-
!'T?‘Qf'f’
-
r:""'""'m"
I-v-vvvw‘??

eevssvess

Charges stored in FG
Charges in/out through the tunnel oxide.
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Scaling of 2D Planar and 3D Vertical NAND

NANDZZwi-a st E3niE

16Gb(2GB)

/ muck:E[E —
32Gb(4GE)

_4: nm

- T2xnm

5y

re g A L : L.
3x nm 3x nm 3
3 — 128Gb(16GB)  256Gb(32GB)? 1Tb(128GB) .
- : 'II! Stack
e $4Gb(8G _ - J“"'
. 30 ML//L

B)
=

| wwz | wudk | wuxp | wuxg [ wuxp | wuxp |

http://pc.watch.impress.co.jp/docs/column/kaigai/612339.html 6 SUNG KYUN KWAN
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Billions of Holes per Die

Channel Hole
Billions Per Die

Gate Trench
Millions Per Die

APF —,
Mask Open

Source: Applied Materials

Staircase Contact (1,2)
Billions per Die

32, 48, 64 Layers

Periphery

" SUNGKYUN KWAN
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3D NAND: TCAT Process

= Channel hole at Ox/SiN multi-stacks followed by WL cut and cell formation with W CG

= Pad formation and BEOL

(&) After *W/L cut’ dry eteh () Wet removal of nitide

(c) Deposition of gate {d) Gate node scparation
dielectric and Tunesen

[Gate Replacement Process]

(a) Oxide/Nitride Multi- Layer (b) Channel Hole
Deposition

(c) Gate Pad (d) W/L Cut Etch

[BEOL]

o . (f) BEOL
(e) Gate replacemen TCAT; Tetra hit Cell Array Transistors

Jaehoon Jang, VLSI 2009

"\ SUNGKYUNKWAN
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3D NAND Flash Memory




Process Challenges in 3D NAND

C4F6/CAF8/CH2F2/02
- | } ACL
(will be strif
I Mask (Carbolj§
Mold
L Mold (OX/SiN)
(Ox/SiN)
Jungdal Choi, et al., (Samsung), VLSI 2011 SEﬁ

SUNG KYUN KWAN
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3D V-NAND Challenge

> Pulse M8
» > XICH 7|=

— Etch — Deposition
p B35 = S7H0f| E DFEH AZEe » H5=0| S7H0 2 SEHEE =
> MEHH| Ak HISHALE B 2% 0l K|/ > w ot WA SAXA, =2 ALk
» Charging EffectO] [}Z Profile H=} > ALD 27X
> &2 Step Coverage, Void Freex=71 =&

» Defect A

Selectivity
to hardmask

Contact :
Multi-level contact

Single
Memory Cell

Shit :
High aspect ratio
- Hardmask etch
- Memory layers etch
Memory hole :
High aspect ratio
- Hardmask etch
- Memory layers etch

op.bottom

Contt

/
Incomplete
etch

% SEMICON China, LAM

Stair :
Stair etch

Twisting




Number of Process Steps

1400

1200

800

600

400

200 I I
0

90nm 65nm 45nm 28nm  20nm  14nm 10nm

Design Rule

[IC Knowledge Strategic Cost Model, KLA-Tencor internal data]

e 1398 ;
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Necessity of Machine Learning

> SBHX012 0|83 S i U CIAZ 30| T A BHO| MESHE T ChASH
ATS0| 2Ho| £ Ol Eof mhap, Azt ol
3717} Z7tsta S,

40000
uOthers (WIP, CMP, Design etc.)
sEtch

30000 - Litho
uDep

" Defect&Metrology
20000 -

Trillion Data Points

10000 -

0
2006 2009

Source: VLS| Research & Applied Materials |

2012 2015 2018

> HoJEje] HE gl
0l e} Z3}7| 2
A n

1

I

1

1

|

1

1

|

I

MATERIALS INNOVATION ASME&

Analysis Capacity

In the past two decades
Storage X 3,000
Computing Power X 10,000
Biological Data X 2,000,000
Data-Driven Bioengineering

»

Now

Time

35 6

SUNG KYUN KWAN
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Plasma

= Plasma (soup of ions, electrons & neutrals)

o 4th state of matter
* lonized Gas

| | I1|l|||| | | Il |1L| I || IIIL
10 2 10 3 10 4 10°
Temperature (°K)
| I 1 1|i||1i I | I| Illl I I| lIJJ
0.01 0.1 1 10

Particle Energy (eV)

Malecules
Fixed in
Lattice

Liguid |

s

Warm
B<T<100°C

Malecules |

Free to
Move

. Moue, Large |

Gas
Eaxmteragiice

Hot
T=100"C

Maolecules |E
Freeto |

Spacing

- Plasma

Siwpnpio
lonized Gas
Hy, =H"+ 0+

+ 2

Hotter

T=100,0D00"C

1=T70 pectran
Wulisl

lons and
Electrons
Maowe
independentiy,
Large
Spacing
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Zat=ote| £}, X}, 2tc|, 0|, Mx}

O

/ N\ =X} (Molecules)

H H
_?I;_le_ H > H+ + e-
(Atom)

0] > 0O + e

BoZ g
(Radicals) O H " OH" + e

0|2  Hx}
(lons)  (Electrons)
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Bet52| Sef=0}

Ironman (2008)

SUNG KYUN KWAN
s ) UNIVERSITY



UEHN S0 ArExl= Sck=0L
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Useful Plasma: Energy Barrier Reduction

Arrhenius Plot of CVD and PECVD
DEPOSITION TEMPERATURE (°C)

BOO 700 600 500
500’_“ .1 J T | T
AR* L ] Tkecal /mol
Radical A*, 200 ® ® |
Radical B* &2 8 @
s 00 —
£
e
ot 50— =
Energy =
1 201 48 kecal /mol —
o QO a
I
I o ~
=
o 5 - =
o O LPCVD
3 |@ PECVD i)
1 l |
c 0.9 1.O 1.1 1.2 1.3
i 3 (-l
= X 0= (K™)

Reaction coordinate

* Radicals in plasma reduces energy barrier.
* Plasma makes low temperature process possible.

- SUNG KYUN KWAN
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Process Development for Low-T Processes

- Density control
. CCP
. ICP
. Microwave
. Atmospheric

.

/0 Plasma sources \

/

e a . Si-Cl
. SI-C

/0 Precursors \

- Chemical bonding (ex.)
. Si-H

. Si-N
- Molecular weight

(Chemical structure /

/0 Processes

- Temperature
- Pressure
- Composition
- Additives
- Flow control

-

~

SUNG KYUN KWAN
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Processes in Semiconductor Device Fabrication

Thermal Wet Chemical Plasma Physicall/
Processes Processes Processes Mechanical
Processes
Thin Films Thermal Electroplating Sputtering Sputtering
oxidation PECVD
Epitaxial HDP-CVD
Evaporation
Lithography Baking UV exposure Light source Spin Coating
Developing Optics
Film Removal | - Wet etching Plasma etching | CMP
Cleaning - Wet cleaning Plasma ashing | Ultrasonic
Doping Diffusion - Plasma lon implantation

implantation

" SUNGKYUN KWAN
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Process Overview and Plasma Processes

Dopant gas
ar

n-Si / TcellerTeflhIfuTy ifns \
- T} D

Resist
SiO, ’

Sio,

n — Si

\
\_ (b) j/ - / N

Resist

Resist = —| Sioz
SiO, A

N
AN
/
\

g » ¥ § J 3 J
N "GN
Mask \\\ SEOZ
Metal SiO,
Resist n—Si ——
SiO, B

n—Si \ (o) / K . %I\yKWAN




Reactions in Plasma

Precursors #

Electrode

Recombination

\ T lon-molecule
@ ® , reactions

lonization
) —-»Q;) -~ ‘ \q’\; Optical
¥ emission
Dissociation \ ®? ’r\j\/
®

Radical-molecuie

reactions
Diffusion
Surface
reactions
Electrode
N
Gaseous ‘
© Electron (&) lon products

Molecule  (R) Radical

Homogeneous Reactions

- Recombination of lons:

- Charge Transfer:

- Transfer of heavy reactants:

- Radical-Molecule Reaction:
- Electron Transfer
- Penning lonization
- Attachment of Atoms
- Recombination of radicals
- Chemiluminescence

Hetetrogenous Reactions
- Adsorption
- Metastable deexcitation
- Polymerization

‘ SUNG KYUN KWAN
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Eat=0j3ol 5

NP
o

(Sct=0f LY 2}etiks)

= CF, E2t=0H0| M &4 SH= lons, Radicals, Electrons( OIlAN

H
€ + - +_—
CFs CF3  CF5 cFt FF |i S |
1 » e’ 81 . e + GCFs — CFg—=— CFa
F.Fo F.Fao F F F eH Hz,H
e+ CFa ™2 CF; T__ CF, ___ CF __C+ F__~ F, CF4 CF» H F
e
€ € € e H FFp
CFg3||e CF2| |e CF||e e + Hy H HF —~——
& | ° ° |
—. —
CZFG 02 F4 P C2F2 .
i alLxX | "'rc'sl- H
| — —_—
0, =2r=0tH o 2tstihS
Reaction k O, (cm?) Reaction k o, (cm?)
Ionization 20.0; +0 -0, +0, 4 x 107" cm?/sec
l.e+0,-0; +2e 272 % 107 21.0; +0,-0, +20, 6 x 107" cm?/sec
2.¢64+0 0% +2e 1.54 x 10718 Detachment
Dissociative ionization 22.0°+0 -0, +e 3.0 x 107! cm®/sec
3.e+0,-0"+0 1.0 x 107 23.0°+0,50+0, +e 7 %107
Dissociative attachment 24.07 +0,('A)) >0, +e ~ 3 x107" cm®/sec
4.e+0,50"+0 141 x 107 25.0; +0 -0, te 5.0 x 107" cm®/sec
5.e+0,-0" +0+e 485 x 107" 26.0; +0,-520, te 7 %1071
Dissociation 27.0; +0,('A))»20, +e ~ 2x107" cm®/sec
6.e+0,220+e 225 %107 Electron-ion recombination
Metastable formation J (o] (o] l
1 -20 +
7.e+0,-0,('A) +e 3.0 x 10 wesl0il,) 20 -
Charge transfer oF 0+0,
8.0* +0,-0; +0 2 x 107" em?/sec (o4 20,
9.0;+0 -0 +0, 8§x 107 Ton-ion recombination
10.0; +0,-»0; +0 1x10°% o- o+
1.0} +20,-0;} +0, 2.8 x 107% cm®/sec o; o; ) -
2.5 x 10~ cm®/sec at Ejp = 20 V/em torr B10;(T{o: (1o, ~ 107" cm’/sec
122.0°+0,-0;, +0 3.4 x 107" ¢cm®/sec at E/p = 45 V/cm torr o; o;
13.07 + 03 _'03_ +0 53x10°% c_m’/sec Atom recombination
140 +20,-0; +0, 1.0 £ 0.2 x 107* ¢m%/sec 30.20+0,-20, 2.3 x 10~% cmS/sec
15.0, +0-0" +0, 5 x 107 cm*/sec 3.30-0 +0, 1.5 x 107 cm®/sec

16.
17.

0, +0,-0; +0
0; +0,-0; +0,

18.0, +20,-0; +0,

19.0; +0,-0; +0,

4.0 x 1071 cm3/sec
3 x 1073 cm®/sec

<107

4x10°"7

32.0+20,-0,+0,
33.0+0,-20,
34.0 - 0O,

wall

1.9 x 10-% exp (2100/RT)cm®/sec
2.0 x 107" exp (—4790/RT)cm’/sec
y=16x10"*to 1.4 x 1072

(T =20 — 600 °C) ERSITY
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Plasma Monitoring: Endpoint Detection

To control etching rate is important for IC manufacturing.
It is necessary to avoid incomplete-etching & over-etching.

Decreasing feature size, it becomes more and more challenging to detect
endpoint.

SiN, + CF, + O, > SiF, + F + CF, + CN + FCN + C,N, + N
EXTESVE

g
Laier B

Before After etching After etching After etching
etching Incomplete-etching Complete-etching Over etching
(X) (O) (X)

e |tis critical to end the plasma etching process at target depth.
e Sensitive plasma monitoring required.

SUNG KYUN KWAN
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Endpoint Detection

Proper Endpoint Detection Failure of Endpoint Detection
4 \ (. )

PR
Target

PR PR
Target Target

Underlying Underlying Underlying

\ /. )

Target layer etching Incomplete-etching & Over-etching

* Need to stop the etching process at a proper moment, known as endpoint detection(EPD)

* Failure of endpoint detection - Device failure & Yield reduction

Pressure

40mT 100mT * EPD issue
Cannot detect endpoint in small open area and low pressure

Undetectable

- Need to enhance sensitivity of signal using

Open Area

Standard OES o o .
(D Arey 055 multivariate analysis

https://www.orbotech.com/spts/about/resources/tech-insights/mems-tech-
insights/plasma-etch-end-point-control

SUNG KYUN KWAN
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Non-Invasive Plasma Monitoring Tools

Phy5|cal Dielectric @
Non-Invasive lon Monitor | Window —
GIEREL ® o

N

as Inlet

e o o

18000
16000
14000

5. 12000

@ 10000

n

..“:.'! 8000
= 6000
4000
2000

Chemical Wafer

Ty
.

i

SR, B STl 1L et

CEOWRRAS 1, SeATII Henad

T g Self Plasma,

= 1998 channels

| Chemical Information
1 -1998 channels

: J_JILI.

95.9_328.95 459.95 588.82 715.47 839.8 961.731081.17
Wavelength(nm)

ptical
Fiber - Physical information

-V, 1, 8, 1st-5" harmonics

~—— Fundamenial
Harmonics S Harmnio

VI Probe

@

RF Bias Power
(12.56MHz)

—— 5th Harmonic

—— T7th Harmonic
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Plasma Monitoring: Principal Component Analysis (PCA)

Measured variable %, y, z’

t;: new independent variables

measuring | X y y4 t, =|p X+ pLY+ Dz measuring | t; t, t5
1 X, | Y, | 74 Ly =[PpX+ PpY + PyZ 1
Iy =Py X+ Py + Pz .
2 X, | Y, | Z, 2 Principal
> Component
Data Score
(Matrix) t, = Xp,
n X, | Yy | Z, n
Increasing information intensity of t;
Maximizing sti(variance of t,)
Constraint :  p’+p, +p,; =1 s
-
1
Sp, = Ap, S= (—jXTX
n—1 3+
ﬂ
* Finding A & p from S(variance-covariance matrix) 2 )
% 24
|S—A|=0 > Ll
* A (eigenvalue) = Relative information intensity ‘
* p, (eigenvector) = loading vector _?-,’

= coefficient of principal components
* t, = score vector

Contribution ratio

5 Variable 2
Variable 1 10 ©

0 SUNG KYUN KWAN
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K-Means Clustering Analysis

= K-means Cluster Analysis (KMC)

20 - 20
* * + Raw Data
®Group 1 e Centeroid 1
10 - 10 -
@ * ®Group2 e Centeroid 2
00 . , —66 ]@ , %
-20 -1.0 00 10 20 10 0o 10
N ® 20 1
-10 ) | . -10 7 * 3 . .
Cluster centroids is Eachrecord is reassigned to the i »
pre-specified cluster with the closest centroid . i 25 0%y o0 KN -
i £ " '3 " “0
If a record have to be reassigned to the other cluster — 80— . o b }0 .
20 1.0 olo 1.0 2r LENPOR : ‘o‘o, » Py
20 20 * ., e “‘0‘ ' ‘0
* * RS L . ¢ *
| i 1.5 +%00 %0
. 5. i f The centroids of clusters are > $ . .
¢ ®- computed 1t N
. —6:0 | . —0:4 . ° ¢
2.0 1.0 'OE 1.0 20 10 OE 10 0.5¢ e ®
* * . [ =
10 1.0 ot .w ° -.':_‘
The centroids of clusters are Eachrecord is reassigned to the ® L.
computed cluster with the closest centroid 2 _1‘5 ? 0‘5 o 0‘5 1 s ;

_ X
xo : Centeroid of all records

n 2 .
- - x1 : Centeroid of cluster 1
ZZ(xi_xj)(xi_xj)Taij 1

x2 : Centeroid of cluster 2

R ==Lt
n — - .7 1 if cluster j includes
Z (; = X0)(x; = Xo) a;=4 recordi
= 0 else

e Cluster analysis is suitable for fault identification in complex systems

S SUNGKYUN KWAN
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Plasma Monitoring: VI Probe & PCA

EPD (OES) : chemical information EPD (VI probe): physical information

—=— Current 1
6.007 . Current 2

5.75{ —— Current 3 wwwwm
—v— Current 4

. 5550
—+ Voltage 5 —+ Current5

1740 | , <55
21690 WWW 700 " = 1.00;
z I [OIE =

S -8 440.2nm (SiF) % 0750 bttt ge s

1590 | ~*-505.6nm (Si) M £ 0.50-

1540 + . -4 482.5nm (CO) 8 0]
W \ f 200 400 s0 %%
1% open area Time (s b - Time (s)
— (a) * Modified Principle
Component Analysis

-15300

1840 b pffheR F _ of 900-

1790 (B

(V

Voltag

-15400

-15500

to, raw

-15600

-15700

— | | . Arcing
-15900 ' ; ' 0 100 200 300 400 500
60 65 70 75 80 T|m e (S)

Time fcar\

Ind. Eng. Chem. Res, 47, 11, (2008) Plasma process polym. 10, 850 (2013)
* Endpoint detection sensitivity improved by PCA algorithm
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Modified PCA with Impedance Monitoring

= Plasma Impedance monitoring with
PCA

Comparison : Rate of Change

o
(@)}
c
®
S
2 2
Q O 6 [ —=—stn lized Volt
O 4] e 1stPC GJ ] || norma!ze oltage
@) s \| | —e— 5th normalized Current
1 ~* 2ndPC sttt S T -89 | | —4— 3rd normalized Phase
-6 —=—3rd PC e 1 “i —v1stPC
| -10 T T T T T 1
. | | | | 295 300 305 310 315
205 300 305 310 315 :
Time Time (Normalized)
1st 0.82 -2.13 0.68 -9.56
15t PC 76.40% 2nd -2.97 -2.92 -2.56
2" pC 16.49% 3rd -2.84 -2.99 -4.70
3rd pC 4.25% 4th 2.86 2.82 -4.42
* The 1%t principal component (PC1) 5 -3.85 391 -3.04
is chosen : The most sensitive PC * (about 2 times)
Plasma Process. Polym. 10, 850 (2013) @SUNGKYUNKWAN
>) UNIVERSITY
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Modified PCA with Impedance Monitoring

- o . . . nd
e Ta rget 1.0% SI02 area (The most sensitive PC in OES: 2" PC)
255007 PCA 16001 Single wavelength
25250 1g0%e 1550
i ‘w.“.."f\.\.\.\ .'\\ ..“.‘XA/W... /’\ v""',\ '\\\ ’\
25000 W/W“‘. oot > 15004 R '
G!_J 24750 ‘o 1450
8 24500 = —=— Impedance score(1st PC) % 1400_- —8—440.32nm(SIF)
n ] —e— OES score(2nd PC) e 1 —o—482.56nm(CO)
< 051 — 13504
8 '1-0'- EEEEEEEEEEEE RN & 1300 -
1.5 Jmendpomt 1250
'2-0|'|'|'|'|||'|'|'|'| 1200I'I'I'I'I'I'I'I'I'I'I
160 162 164 166 168 170 172 174 176 178 180 160 162 164 166 168 170 172 174 176 178 180
Time (s) Time (s)
* Target 0.5% SiO, area
47750- 1600- Single wavelength
47500- mPCA 1550+ A
'_/"w\-’\«-"w‘»..\ 550 1o fe, g00d “'\"""\Jﬂhﬂ"m
47250 1 \\ - 1500
@ 47000- Saenrer et e 5 1450-
8 467501 —=— Impedance score(1st PC) & 1400, +440.32nm(SIF)‘
w ] —e— OES score(2nd PC) e ] —e—482.56nm(CO)
< -0.54 — 1350
2 o e S Wy R LA
<4 . O 4
-15_llllllmmll““”[“.endeInt 1250_-
'2-0'|'|'|'|'|'|'|'|'|'|' 1200'|'|'|'|'|'|'|'|'|'|'
198 200 202 204 206 208 210 212 214 216 198 200 202 204 206 208 210 212 214 216
Time (s) Time (s)
Plasma Process. Polym. 10, 850 (2013) QSUNGKYUNKWAN
) UNIVERSITY
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Plasma Monitoring: Cluster Analysis

= Gaussian Mixture Model (GMM)

Different cluster analysis results on "mouse” data set:

Original Data

--. y s '.u-
X %2
R\

5

& §

g
. " 5
J' ")
g

287 04 &% B4 A7 48 A% 1

Raw dat

k-Means Clustering EM Clustering

BLL -
04 5% OB A7 &8 OB Y &1 BF GF 44 6% 08 AT B8 A

K-means cluster analysis  Gaussian mixture model

__2nd Gaussian

M

Centroid of gaussian is specified

in advance

Expectation step (E-step) : Estimate
that records belong to which gaussian

Occurrence probability T

The centroids of clusters
are computed

Maximization step (M-step) : Find
appropriate centroid and variance of
gaussian

Cluster 2

Cluster 1
Cluster 3

P Gaussian distribution

Occurrence probability
of record in cluster

® Raw data

® Group 1

® Group 2

<+Centroid of gaussian 1
Centroid of gaussian 2

BC SUNGKYUN KWAN
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Sensitivity Enhancement by Select Wavelengths

= Common spectral lines in SiO, etching applications
6144 channels = 95 select wavelengths

Species Wavelength (nm)

Ar 434.8, 476.5, 488.0, 696.5, 706.7, 738.4, 750.4, 751.5, 763.5, 772.4, 794.8
C 283.7,426.7,732.6

CF 240.0, 247.4, 255.8

CF, 248.8, 251.9, 259.5, 262.9, 271.1, 275.0, 280.0, 292.1, 321.4

co 238.9, 269.8, 283.3, 292.5, 302.8, 313.4, 313.8, 325.3, 330.6, 349.3, 451.1,

482.5, 483.5, 519.8, 561.0, 608.0, 662.0

623.9, 634.8, 641.4, 677.4, 683.4, 685.4, 685.6, 6870, 690.2, 691.0, 696.6,

F 703.7,712.8,720.2, 733.2, 739.9, 742.6, 755.2, 757.3, 760.7, 775.5, 780.0
5 391.2, 397.3, 407.6, 419.0, 464.9, 615.6, 615.7, 615.8, 645.6, 725.4, 777.2,
844.7
Si 288.2, 504.1, 505.5, 634.7, 637.1
SiF 334.6, 336.3, 436.8, 440.1, 777.0
SiF, 390.2, 395.5
Sio 229.9, 234.4, 241.4, 248.7, 266.9, 269.4

http://www.verityinst.com/

» Endpoint detection by using multivariate techniques for 95# select w%elengths
‘ SUNG KYUN KWAN
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EPD with Select Wavelengths: SiO, Etching

8%

o

area SiO,

4% area SiO,

20

(] (]
3 -20 =
g g 20
g 3
= = 40
© ©
£ -60 £ s
. S
§ - —=— Validity of GMM with all wavelengths ZO -60 |- —=— Validity of GMM with all wavelengths J
-80 | —*—PC 1 with select wavelengths i —e— PC 1 with select wavelengths
I —— Validity of KMC with select wavelengths | —a— Validity of KMC with select wavelengths
100 —v—Validity of GMM with select wavelength -80 |- —v— Validity of GMM with select wavelength 4
20 25 30 35 40 45 50 55 60 20 25 30 35 40 45 50 55 60
Time (s) Time (s)
1% area Si0, “ep | e | o |
20 ————— 771 h all
GMM with a
19.76 O 910 O 1744 O
0 wavelengths
(]
E PCA (1%t PC) with
g 2036 O 641 O 293 X
5 20 select wavelengths
Q
N 9
= KMC with select
£ -40 29.48 (@) 32.76 O 16.04 O
o —a— Validity of GMM with all wavelengths wavelengths
z | —e— PC 1 with select wavelengths . h |
-60 | —— Validity of KMC with select wavelengths _ GMM with select
—v— Validity of GMM with select wavelength 37.25 O 3327 O 2091 O
wavelengths
20 25 30 35 40 45 50 55 60
Time (s)

60
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Sensitivity

B
o

- Il 8 % SiO, area .
4 % SiO, area '
r 11 % SiO, area

L W
=R 4

(]
o
Ll l L

Sensitivity factor
a S

-
=

5 -
Average of Validity of Validity of Validity of
Momalized KMC with GMM with GMM with

F waves all wavelengths all wavelengths selected
wavelengths
i s |mAt —Mmae
Sensitivity factor = —= =

SAtl

'C SUNGKYUN KWAN
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Sensitivity Analysis and Enhancement: Bias Power

=  Examples: Endpoint & Arcing Detection

900
—a— 1stV —~—4th V 8 -
1 e 2ndV & 5thV
8004 —— 3rd V i
< 44 T EPD
s ] ] .
) 7002 0- ",‘wutw",'m;‘{ A T AL l’lﬂ ‘
E 12_ | | ||
6 __ [ NN d I
> 8 [#o-0-000.00000000000¢3Te _é‘ -4 4
4_M_L AAAAAAAAAAAAAAA 8 7 .
0 - . . 40_':) 8
0 200 400 600 £ °7 —=—PC2
Time (s) 1 —e— PC1
-12 1 Arcing
6.25 -16 -
{ —=— 1stl—v—4th| , : , : , : , : , :
0007 o Zndioe st 0 100 200 300 400 500
5.75 Ti
= 1 ime (S
<550 (s)
€ T
01_)0'75_%
30.50-
0254, 1 Detecting Endpoint & Arcing
000je=te e e oo oo 00900909090 . o
0 200 400
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62 ) UNIVERSITY



Fault Detection: MFC malfunction

Optical Emission Spectroscopy

4.84
—rrTye 482- W
—— 776.9(SiF) 4.80=
——387.1(CN) e |——curent1
P ~520.0(CO) > 047 Current 2
) %) . —— Current 3
o c i Current 4
..q_.') _.G_'J 0.3 —— Current 5
£ = 1
0.2
] 0.1+
1000I T T T T T T T T T T T T T T T
0 50 100 150 200 250 0 100 200
Time Time
" ‘ PCA & K-means Cluster Analysis 4‘ PCA & K-means Cluster Analysis
-1.00 -1.00
—_ L0.75 § ~ 27 -0.75 §
O 07 28 O | 29
o © a | ] ©
3 | ,x( S
2 -0.50 '® = 0. -0.50 '®
7] > n >
c 504 | c o
40-'2 < _.G_'J <I
c -0.25 ) c PCo -0.25
PC2 . -2 1 in-situ
—— CA_evaluation
-100 - . - . - . - T : —-0.00 - . - . - . - . - —-0.00
0 50 100 150 200 250 0 50 100 150 200 250
Time Time
' SUNGKYUN KWAN
) UNIVERSITY
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Machine Learning for Semiconductor Processing

Measurement Data .
Area Process . . Topic Ref
(Variable) (size)
cVD 10 variables (Temperature 10,000 wafer 1D convolution layer ’EESE TRAC’\(SSACT’CO’(\f ON
Fault Detection . lati Pressure. Elow ralie etc) ’ (6 types classification) structure for higher MANUEL\Z/CTUA;%G,TV& 30
(Slmu atlon) ! T 105seceds(0.2 time interval) speed NO. 2, MAY 2017
Fault Detection Monitorin OES data(150nm to 1000nm) 2048 wavelengths DWT(3 layers, Erfg;rrwf:rtii;;;]?z%@ee%g—
g & soft thresholding) 369
IEEE International
Wafer 76 wafers (60 for training, 16 LASSO Conference on Automation

Fault Detection

Classification

112 process variables

for test)

Multi-level LASSO

Science and Engineering
Trieste (2011)

Fault Detection

Wafer
Classification

17 variables
(flow rate, power impedance,
pressure, tuner, etc.)

100 times of 107 wafers
(97 for training, 10 for test)

kNN, PC-kNN, RP-kNN

IEEE TRANSACTIONS ON
SEMICONDUCTOR
MANUFACTURING, VOL. 28,
NO. 1, FEBRUARY 2015

Fault Detection

Plasma Etching

12 variables(Pressure, Tuner,
Power, valve, etc.)

120 wafers
(normal 100 wafers and 20
types of fault wafer)

PCA(preprocessing)
GMM(NLLP, MD)

Yuetal IEEE
TRANSACTIONS ON
SEMICONDUCTOR

MANUFACTURING, VOL. 24,

NO. 3, (2011)

Fault Detection

Plasma Etching

31 sensors readings
for each wafer

782 wafers with 8 recipes
(490 for training, 292 for test)

SVM, K-Means
Clustering
Self-Organizing MAP

Rostami et al, 15th IEEE
International Conference
on Machine Learning and

Applications (2016)

Variable : 34 parameters(24

34 input nodes, 3 hidden

B Advanced Etch Technology
Optimization thh(:i?)phy local densities and 10 optical tlr’;(r)]?nsegsrgg?z(:tléggo for layers(10 hidden nodes), for Nano patterning V,
kernel signals) & 1 output node 978200 (2016)
Jia et al. Machine
Obtimization Lithography Spatial frequency, wave length, | 3 types of pattern(contacts, Stochastic gradient learning for inverse
P (OPC) pattern error multiple gates, complex one) descent(SGD) lithography J. Opt. 12.
(2010)
M. Terzi at al, IEEE 3rd
Virtual International Forum on
Metrol Plasma Etching OES data(1747 wavelength) 1747 cases of process CNN with image input Research and Technologies
etrology

mfgﬁfef HAPEIRIEVAN
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CNN for Fault Classification and Diagnosis

> Structure of conv

Lee et al, IEEE TRANSACTIONS ON SEMICONDUCTOR MANUFACTURING, VOL. 30, NO. 2 (2017)

€ Fault Detection and Classification Convolution Neural Network(FDC-CNN)

olutional neural network

Feature extraction

* [Input data:
wafer with 10 process
variables

Receptive

@ field

Convolutional layer Pooling layer

Featurc maps Feature maps

=  Qutput:
Class of wafer(normal

/" Output layer

Fully connected layers

Classification

|
|
! B and 5 types of fault)
|
|
|

Process Chemical Vapor Deposition(CVD)
Time(scale) 105 seconds(0.2 second)
Variable(number) Temperature, pressure, gas flow rate for each wafer, etc.(10)
Preprocessing Scaling to a range of 0 to 1
Output Class(total 6 with normal and 5 types of faults)
Training data 5,000 normal wafers and 5,000 fault wafers data(1,000 for each fault type)
Test data 1,000 normal wafers and 1,000 fault wafers data(200 for eachff%JgJIEGKYUNKW\

65
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Sensitivity Enhancement with PCA Modeling in Plasma Etch

Emission Intensity (arb.unit)

30000

25000+

20000 +

15000

10000

5000+

200 300 400 500 €00 700 800 900 1000
Wavelength(nm)

» OES spectrum data before and after
applying peak wavelength selection

algorithm.

30000

unit)

10000

5000

Emission Intensity (arb

25000 -

20000 -

15000 -

Ha et al, Computers and Chemical Engineering 94 (2016) 362-369
€ Improvement of PCA modeling through DWT and automatic variable

28000

27000

26000 -

Emission Intensity
Emission Intensity

| |

0 100 200 300 400

200 300 400 500 600 700 800 900 10( 0 100 200 300 400

Wavelenath(nm) Sample Point

28000 -

27000 -

26000 -

Sample Point

» Time resolved signal of Ar emission at
750 nm wavelength before and after DWT.

Process

Plasma Etching(Fault Detection)

Data type

Optical Emission Spectroscopy(OES) data

Wavelengths(resolution) | 150nm to 1000nm(0.4nm)

Preprocessing Automatic variable selection algorithm,
Discrete Wavelet Transform
Output Signal(Sensitivity enhancement, noise reduction)

Plasma condition

20 mT of pressure, 300 W of60 MHz RF power,

400 sc cm of Ar flow rate, and 16 sccm of SFs flow raee suNG Ky

N KWAN
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Fault Detection using Random Projection KNN

Zhou et al. IEEE TRANSACTIONS ON SEMICONDUCTOR MANUFACTURING, VOL. 28 NO. 1, (2075)

€ Fault Detection using Random Projections and k-Nearest Neighbor

> Input data

TABLE I

> Fault detection using FD-kNN > Fault detection using PC-kNN

INDUCED FAULTS (k= 3) A (PC1 ) A
Fe) sSQ
Na. Fault No. Fault o) Normal o] Normal (m] :
1 TCP+530 11 CLa45 o Fault O Fault ;
2 RF-12 12 BCL3-5
3 RF+10 13 Pressure+2
4 Pressure+3 14 TCP-20 i
5 TCP+10 15  TCP-15 O O O o
6  BCLz+5 16 CLo-10 (O _ A T 1°F W
7 Pressure-2 17 RF-12 o WKW WA W KT =
8 CLy-5 18 BCLy+10 O o (M ik Qo [ il © 7
9 He Chuck 19  Pressure+] O O O!
10} TCP+30 20 TCP+20
3 }
TABLE II = :
PROCESS VARIABLES USED FOR MONITORING 02

Plasma Etching(TiN/A1-0.5% Cu/TiN/oxide
stack with an inductively coupled BCls/Cl:
plasma. )

No. Variables No. Variables
1 BCLs flow 10 RF power
2 CL2 flow 11 RF impedance Process
3 RF hottom power 12 TCP tuner
4 Endpoint A detector 13 TCP phase error
5 Helium pressure 14 TCP impedance
6 Chamber pressure 15 TCP top power .
74 RF tuner 16 TCP load Va ria bleS
& RF load 17 Vat valve
9 Phase error (n um be r)

flow rate, power impedance, pressure, tuner,
etc.(17)

> Comparison of computation speed Preprocessing

Scaling to zero mean and unit variance for
variables

Output

Classification(20 types of faults)

PC-kNN
FD-kNN SVD NN RPKNN
Average time of 0.9813
building model (s) Balo 0.9626 0.0187 Ll
Average time .
of processing a 1.2x10~3 0.18x10~3 0.60x103

Training data

97 wafers selected randomly for 100 times

test sample (s)

Test data

10 wafers for validation re UN KWAN
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Fault Detection Using PCA-based GMM

Yu et al. IEEE TRANSACTIONS ON SEMICONDUCTOR MANUFACTURING, VOL. 24, NO. 3, (2077)

€ Fault Detection Using Principal Components-Based Gaussian
Mixture Model

Off-line: Modeling
Process samples Notual Signal GM “
processing
| | ] data

| —————— —.

I On -line: Fault detection

H Samples H S:gna'l
processing
probability

__________ | > Bivariate scores of PCGMM with PC1
and PC2

Process Fault detection after plasm etching

End point A detector, Helium pressure, RF tuner, RF load, RF phase error, RF power,
RF impedance, Transformer-coupled plasma tuner, Transformer-coupled plasma
phase error, Transformer-coupled plasma reflected power, Transformer-coupled
plasma load, VAT valve(12)

Variable(number)

Preprocessing Principal component Analysis(PCA) for dimension reduction
Output NLLP AND MD for Fault classification with threshold
Training data 100 wafers with 12 process variables
Test data 100 wafers with 12 process variables

%&UH&%WAN
- =) UNIVERSITY



Equipment Condition Diagnosis & Fault Fingerprint Extraction

€ Equipment condition diagnosis(ECD)

Rostami et al, 15th IEEE International Conference on Machine Learning and Applications (2016)

and fault fingerprint extraction

N e e e— — — —

e SEZ i — o~ 8 | Equipment Anomaly Detection Process Dynamic Differentiation |

& - a a — 7 I 7 Normal Cluster B

g | = z 2 | ” / | SVID Value :7. 1cl 2 |

b 7 /_// 8 = | Ncrmalc\usterlﬁ'f _N_OLHPI_C‘_IS‘E 3 i

. 23:; _ N - | P, //m S = | f{X) Normal Observations / -.rJ‘_,: I

E ‘‘‘‘ (=] o o l : s n'__; Hyper-plane | I

g Qbs. n-1 a a 3 i 4 L .

Obs. n. I L I

Obs. 1 Abnorma | =

E Obs 2 5 g '9" I Observations > I

t lmsa | B B 2 g |

Obs. n § =

i G |

Fig. 1. The irregular FDC data cube is illustrated and unfolded. | = SVID(Status Variable Identifications) CHN |

| n |

V']%fl V‘EE V‘]%f] I Fault Root Summarization - QODCOhs:rvTuen 1 . l

vk Vk_ Vk I g g ;Z 1 o % .

W) =| 21 Y22 2) = $ 8 i&@, i (ia) 32

Vnk,l Vnk,z | nyxj | U SviDs "'m ) |

Process Fault detection of equipment
Variable(number) 31 sensors reading for each wafer in plasma etching process
Prebrocessin SVM as a state-of-the-art classification method
P 9 Principal component Analysis(PCA) for dimension reduction
Output Fault finger prints
Training data 490 wafers with 8 recipes(197,562 observations)
Test data 292 wafers with 8 recipes(66,835 observations)
£C sUNGKYUNKWAN
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EPC through ML-Driven Etch Bias Model

Bias Model

lon and radical
lon and radical

Positive etch bias

Negative etch bias

> Etch bias by etch proximity
effect

Litho pattern layout

Region of densify measurement T ——

> Parameterization of a
pattern

Shim et al. Advanced Etch Technology for Nano patterning V| 978200 (20176)
€ Etch Proximity Correction(EPC) through Machine Learning-Driven Etch

Process Lithography
Variable 24 local densities and 10 optical kernel
(number) signals(34)

Preprocessing | Representative segments selected by K-mean

method

Output

Predicted etch bias

Training data | 1,000 segments with local/optical variables

Test data

600 segments with local/optical variables

Edge segment

Artificial neural network (ANN)

Paréi?l_et_er L

|"|:‘- .
! o Pammeter2
e otch s

TR ‘ R 7-| i A _Parameter 3

| Kf‘ # | ? WA

! " / @, 0
/ L h Input data: Output: Etch bias
Segmentofinierest Parameters from segments
> Structure of EPC with
ANN 6 SUNG KYUN KWAN
) UNIVERSITY
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Machine Learning for Inverse Lithography

Jia et al. Machine learning for inverse lithography J. Opt. 12. (2010)

€ ML for inverse lithography: Stochastic gradient descent for robust photomask
synthesis

-
1w w 10
- . nominal focal plane 20 - .' " - e e
mask plane i i a M) ! » 2 »
H - P - = a a0
H trjie image plane o * N . . : “
H H ) st 50 o
N Lot s " GD e, 4
y ’ | \ " - %
At 3 = 5 s B _» & W0
el ~ Jate - a*el
3 o . -
| e 10 20 30 40 50 e0 D 80 8¢ 100 10 20 30 40 50 B0 70 #0 %0 100 W 20 30 40 51 e0
/‘.'. """ (a) (b) (c)
o o - e
B P o 10 o
source i flominal — |/ | - 1 - . w0
| 3t i :
Snominal n SG D w0 « @
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0 A "
] I R
- = 3 i i B 5 0 P TN IS I N 00 00
Figure 1. The defocus model in an optical projection lithography system. 8 oo aG B0 A T e e e R R e e T
¢
(d) (e) (£)
- -
7 "

Lnerial = |M * H|? sig(Zaerial)
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*
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Mask M y Printed pattern I 2
— % PSFH |[—————— — ) 3
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™
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20
4
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Figure 2. Forward model of the optical lithography Process thh(\;z‘g ra phy(o PC){h] ‘ T
Variable Spatial frequency, wave length, pattern error

(number)

Preprocessing | Representative segments selected by K-mean
method

Output mask pattern

e’ | | Training data | 3 types of pattern(contacts, multiple gates,
R ' complex one)

i i i
() &5 = )

> Result of pattern

Comparative | Standard gradient descent(GD) SUNG KYUN KWAN
method batch gradient descent(BGD) =2 UNIVERSITY




Virtual Metrology with Deep Learning: Etch Rate

@ Modeling with"OES Data in plasma etching process

Wawdlangth 10

» OES spectrum with the time se

—[~_image of OES data

Input data :reu

Conv

.H'-.

AvgPool
— Conv

4@1IX IM]
4

Ll
I
0
Tiee l

M
1@1x [?l

AvgPool

Py ol

Conv

16@1x [:l—zl

Flattening

ol

M. Terzi at al, 2017 IEEE 3rd International Forum on Research and Technologies for Society and

Output data

Etch rate

Comparison of Ridge Regression and CNN

TABLE L CROSS-VALIDATED RESULTS.
Accuracy
Comparison of models
Ridge CNN
R*.score (= 3 std. dev.) 0.8 £0.05 0.91=0.04
Number of parameters 100 877

T@1xM
Process Plasma Etching
Data type Slice image of OES data
Data size 1747 process for 2048 time series
Principal Component Analysis(PCA) for
Preprocessing dimension reduction to 100 input
variables
Output Etch rate

Tab. 1. Comparison of 10-fold cross-validation results between Ridge
Regression (with regularization parameter o0 = 0.1) and CNN,

72
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