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Kernel for smart digital manufacturing
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Automating and Integrating Al/ML with LineWorks SPACE

Anomaly detection

—

Aall

Real-time data

Observe Orient
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% A ég = Root-cause
%@ analysis
c = Act Decide )
System view . D D . ﬁ\l\/\\f; Prediction
Artificial Intelligence in Smart Operations
assists human to better decision making
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Wafermaps as quality indicators

= Quality characteristics vary spatially over the

wafers due to processing methods and multiple
process steps

— Shifts in spatial profile are an indication of quality issue
in manufacturing tools

— Different spatial wafer profiles can result in
different die yield
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Wafermaps as quality indicators
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= Quality characteristics vary spatially over
the wafers due to processing methods and
multiple process steps

— Shifts in spatial profile are an indication of
quality issue in manufacturing tools

— Different spatial wafer profiles can result in
different die yield

= Challenges

— Information loss when using summary statistics
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Wafermaps as quality indicators
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= Quality characteristics vary spatially over
the wafers due to processing methods and
multiple process steps

— Shifts in spatial profile are an indication of
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Wafermaps as quality indicators

= Quality characteristics vary spatially over the
wafers due to processing methods and multiple
process steps

— Shifts in spatial profile are an indication of quality issue
— s in manufacturing tools

— 871

— Different spatial wafer profiles can result in
4300 different die yield

= Challenges
- — Information loss when using summary statistics
— Different coordinates for different products

4000

— Radial vs asymmetric profiles

20000 40000 80000 80000 100000 120000 140000

. o . . camLine efisa>
29 © 2022 camLine. All rights reserved. Machine Learning Solving the Puzzle in Wafer Anomaly Detection @ lis> company INDUSTRIQ



Wafermaps as quality indicators

Input Layer Hidden Layers Output Layer

» Quality characteristics vary spatially over the
wafers due to processing methods and multiple

)
o

- Bad vs good: process steps
’.‘},’ _ 1:1000 — Shifts in spatial profile are an indication of quality issue
in manufacturing tools
Large training — Different spatial wafer profiles can result in
sets needed different die yield
Poor adaptability = Challenges

— Information loss when using summary statistics

— Different coordinates for different products

— Radial vs asymmetric profiles

— Imbalanced/ sparse datasets of critical profiles
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Wafermap profile detection ’
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Driving productivity with Al complementing advanced SPC

W SPACE Offline Charts

File Edit Sarrple View Maxhing Chans Histograms Calculste Sesrch Window Halp

"4 ’ J A w] € @l
DRAS|GEBE LF o % & A0
il | fg .H

AT,

CMP-THIC[-] [Ch]
H
i
i

Sigma

o] Engineer: These wafer
1 profiles are critical.

= . I

~}.M — |l {o“"‘;\l |

Al: These are prior
actions. How about now? f

== CMP THK L1 1Ch] (Not Normalized) D ol
0 Al: There are abnormal wafer eno1easn ¥ g
¥ -~ 160036403 4
i profiles. Are they critical? e coousest
§ exo IR 4160058137
= s "_." T 4160083795

= i 1] : | know this
=] i ST '1 shape from
i — before...

Anomality [-11Ch]
Mean
8

Moporaton |

I [ S SRR PSS S ot || e

2 F9 Rawvalues

L U O Conter

32 © 2022 camLine. All rights reserved.

Machine Learning Solving the Puzzle

'On

Engineer: Please, do
the same next time

(re-enforce)
Y _F. .

s 1' ¥ ChoouCAlmmmaremevedCAhn]

(3 Trigger chose CA |-
_" Generate model lin
’ 19 Add L into the critical group?
¥ Add into critical group
i ke

(,/ff Standard CA

Al: It is potato chip 1

© camLine sz

elisa company INDUSTRIQ



Process flow to set-up Al/ML scoring |

— Anomaly scorer har——
— Nearest neighbor model
— Critical Profiles (if already known)
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Anomaly scorer Nearest neighbours
— Anomaly score

— CP-scoring (distance to CP, nearest CP-group, within group)
— Nearest neighbors

WV,
— Initiated if anomaly scorer over detection threshold -

— User decides actions for each eCAP (root cause analysis) " @ vt

— Corrective action ‘i '_:J

— Create/Add to critical profile group Corr. Actions Y- y
— Automated actions for anomalies (+critical group) p {{ _ .
— Trigger: anomaly scorer (custom threshold) + critical group + 4 # Corrective action
— When triggered operator carries out corrective actions '
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Real-time Al/ML Driven Scoring ’
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Real-time Al/ML Driven Scoring I
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Interactive user-triggered model training
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Interactive user-triggered model training
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OCAP (eCAP) process to drive productivity

Anomaly detection
and grouping

Critical profiles
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OCAP (eCAP) process to drive productivity

Anomaly detection
and grouping
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Sombrero Asymmetric the same critical group
—  Found the wafers of Human — All wafers have two
the same critical group Automated  assisted with different sets of
— Allwafers have the execution  Al/ML advice “Inh'b't Tool a?d )
same “Lot hold action”. Chamber hold” action.
— Execute “Lot hold — User decides the
action” actions required.
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OCAP (eCAP) process to drive productivity

Anomaly detection
and grouping
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v/ Real-time and Online analysis
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o\ with Al '
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— Execute “Lot hold automated execution and — User decides the
action” follow-up actions required.
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Limitations of root cause analysis with SPC

As the technology node in semiconductor wafer fabrication process has advanced, identification of root cause is
getting more difficult with a “classical OCAP approach” that is based on the last process operation.

“Root cause
candidate”
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Al assisted root cause analysis

Include all the process data: metrology (numerical) and process operation (operation-step, equipment, recipe)

— With multivariate discriminant analysis, find the real root cause (highest contributor to the observed OOC)

e, { Al/ML

00C
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Al assisted root cause analysis

= Hundreds of variables '
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Include all the process data: metrology (numerical) and process operation (operation-step, equipment, recipe)

With multivariate discriminant analysis, find the real root cause (highest contributor to the observed OOC)

- RC-analysis

Variable contribution to OOC
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Benefits of an Al integrated SPC framework

jJJ i

Data collection

AAA \.fvf‘ Al Insights
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Analytics

Actions!
—
“Real-time online analysis with Al insights leading to actions enhancing productivity”
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- ”
Benefits of an Al integrated SPC framework
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Chip Producers Overtaking Automakers as Polluters
The environmental cost of semiconductors is rising

Benefits of an Al integrated SPC framework
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Up to 80% of engineer time to solve issues
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Automating and Integrating Al/ML with LineWorks SPACE

A A A Anomaly detection
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Artificial Intelligence in Smart Operations
assists human to better decision making
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A SUSTAINABLE
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