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Fast Al adoption

WILL create way

larger economic
gains

Relative changes in cash flow by Al-adoption
cohort, cumulative % change per cohort

Front-runner
(absorbing
within first
5-7 years)

Follower
(absorbing
by 2030)

Laggard (do
not absorb
by 2030)

Front-runner breakdown, % change per cohort

Economy-  Output gain/  Transition Capital Total
wide output  loss from/ costs expenditure
gains to peers

Laggard breakdown, % change per cohort
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Economy-  Output gain/  Transition Capital Total
wide output  loss from/ costs expenditure
gains to peers

Note: Numbers are simulated figures to provide directional perspectives rather than forecasts.

* Source: McKinsey Global Institute Analysis (2019)




Data Characteristics

Virtuous (or Vicious) Cycle

Data-centric Al
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Investment

Data Characteristics /N

Virtuous (or Vicious) Cycle Allsolutions :
Business Values
Digital Platforms via
Data-centric Al & Transformative

Infrastructure Solutions



"We need 1,000 models for 1,000 problems"” - Andrew Ng

Data-centric Al
Discipline of systematically engineering the data used to

4 build an Al system
Data Characteristics
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Every company or sector has its own problems




Our initial focus for 10x changes Nt

2021

Servers and Systems

Why Semiconductor?
Equipment Sensor Data

(~1M parameters, ~1Tb/day)

mm Data availability from

advanced digitalization

Semiconductor Fab

Diverse and sophisticated processes,
A modern mega fab has ...

. ideal for expanding to new customers
* ~7,000 process equipement

: & sectors
* ~100 metrology equipment

+ ~1,000 wafers per day, per equipment . -
Huge impact even within

*  ~1,000 processes per wafer

+  3-6-month cycle time the sector itself




Computer vision and time-series ML in Manufacturing

lots of image data to measure and inspect

Scanning electron microscope (SEM) images, transmission electron
microscope (TEM) images, etc.

= Image pattern classification, image anomaly detection, defect
Inspection, etc.

(almost) All the data coming from manufacturing are time-series data

Equipment sensor data, process times, material e
measurement, etc. | — varee
- time-series (TS) regression / prediction/estimation, TS
anomaly detection, etc.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov ec
2019




Computer Vision ML for manufacturing N s

2021

Metrology
Measurement of critical features

Inspection
Anomaly detection,
localization and classification

Image courtesy of ASML



Scanning Electron Microscope oIl

2021

Electron
source
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Scan generator

raw images average of multiple images

Condensor
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lens
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electron detector ——

X-ray
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= electron detector




Image restoration

Inverse problem of image corruption

x=f(y) +n
* vy:cleanimage
« Xx: corrupted image
* n:noise

f(-) and corresponding solution
« Noising: Identity functio
« Downsampling » Supe
* Missing pixels > Inpai

BlRDeep Image Prior. CVPR, 2018



Supervised image denoising N

2021

noisy images

training sample @
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Blind denoising without ground truth N

2021

noisy images
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gation without Clean Data. ICML, 2018.




Metrology based on segmentation

and pattern recognition

Automatic measurement of -
critical dimensions

Approaches
* Unsupervised texture segme
* Repetitive pattern recogni

GAUSSIAN
MIXTURE
2021

ecision guaranteed }




Anomaly detection in unsupervised learning

input image

Pl m

pretrained NN feature vector

distance to the
normal vector cluster in kNN

precomputed in
unsupervised learning

vectors of normal images
vectors of anomalous images

anomaly score trend

anomaly score
wafer map

GAUSSIAN
MIXTURE
2021

anomalous samples

normal samples




Al-accelerated metrology system N

2021
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Automatic measurement for semiconductor

manufacturing

image
capture

processed wafers

Scanning Electron Microscope (SEM)

image capture

quantity of
measured
features

raw image Al metrol

raw images average of
multiple images

A

measure

Al-accelerated
metrology

conventional
metrology

resource needed
(no. images, tool time, etc.)



Time-series ML for manufacturing



Why time-series ML?

manufacturing application is about one of the followings:

« prediction of time-series values - virtual metrology, yield prediction
 classification of time-series values - equipment anomaly alarm generation
« anomaly detection on time-series data - root cause analysis, yield analysis

Lower control limit
—

A run of 8 points below the mean

6/15




Time-series regression/prediction/estimation

 virtual metrology
- measure unmeasured processed materials using equipment sensor signals
- save investment on measurement equipment, downstream applications such as
process control, statistical process control, yield improvement

 vyield prediction
- predict yield (# working dies / # total dies
- better product quality and larger profit, business impact

Yield Analytics + Consolidated Data & Powers the Smart Factory GODD DIE

CENTERING TARGETLS
Product Implementation Life Cycle
(7) Rapd Leaming
(2) Quaity Tools Signais
@ Maintain Process
Centering
@ BI Automation & Reporting
(5) Traceabilty & Genealogy
@ Greater Insights
Faster Resolution
(7) optimze Field of Exposure
Expose Trends Before
They Go 00C

(5) Pinpoint Root Cause

onto




Root cause analysis using time-series anomaly detection

* equipment alarm root cause analysis
- when alarm goes off, find responsible equipment and root causes
- reduce equipment downtime, make process engineers’ lives easier

 yield analysis
- find responsible equipment and root causes for yield drop
- a few % yield improvement brings profit increase of tens of millions of dollars!

DataTable Zonal Analysis  Zone Stats  Heatmap  ZoneStats withWEH  Commonality  INDICATOR DATA Zonestats vs Indicator Correlations
Line Chart v v X Bin Pareto For All Lots




Difficulties with Time-series ML in




Data challenges

 covariate shift & concept drift

p(x(ty),x(tk—1),...) changes over time

p(y () | x (@), x@r=1),...,y({Ex-1),y({Er—2),...) changes over time

* fat data, /.e., # features way larger than # data

» poor data quality; missing values, anomalies, wrong formats

* huge volume of data to pro

* multi-modality - differe



Domain knowledge and fully home-grown algorithms

in most cases, off-the-shelf algorithms
domain knowledge is critical!  not working!
close collaboration with customers required developing fully customized algorithms needed
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What is VM?

e measurement equipment is .

too expensive

* measuring every materials
makes production slow
inducing low throughput

process
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Sensor data, maintenance
history, operation data, ...

in semiconductor manufacturing
line, average sampling rate is less
than 5%

e ——

Sample measurements

!

Al Model
(semi-supervised learning)

 predict the measurement of

unmeasured material using indirect
signals

* sensor data, maintenance history,
operation data, . . .




Business Impact made by VM

*NO organization has even been
successful with VM

RMSE comparable to
measurement equipment

precision

* also predicts uncertainty of
predictions - providing
prediction reliability information




Conclusion

pacts
of Millions of dollars by 1% yield increase
easurement equipment save by VM



