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Digital Transformation and Al



SE for Digital Transformation, 2017
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SE for Digital Transformation, 2018

o B39l X|£58S JX: ContinuousNext Projects to Products & Product Management
PROJECTS PRODUCTS

Agile & DEVOPS hc‘:“i]' EQ-I E% OI 'I_él'Jl\'I—-! Delivering Backstage Completion Owning Front Stage | Continuous

The Pressures of Continuous Next Drive Agile and
DevOps Adoption

What were or are your arganization's top 3 most important reasons for adopting agile development?
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XN|= 20} Digital Transformation

 Twin Peaks (Domain & Al)

IT 7|&2S Set &4, HI0|E] = 2AHETE =2}

I-_ = L)
3ctA| DT MeF
Data Driven Decision

Problem Domain Data Science
' ’ (Analytics & Al)

IT-Driven Innovation . ( . Intelligent Company

—~—

Software Dev & Ops

B. Nuseibeh, "Weaving together requirements and architectures,” in Computer, vol. 34, no. 3, March 2001
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SE for Digital Transformation, 2019
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Al Engineering



Al= MZ22 E[2| SW
Neural networks are not just another classifier, they

represent the beginning of a fundamental shift in
how we write software. They are Software 2.0.
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https://medium.com/@karpathy/software-2-0-a64152b37c35

Q’n Andrej Karpathy ©

Al is a New Type of Software

 Software 2.0 by Andrej Karpathy, 2017

y @karpathy

Gradient descent can write code better than

you.

I'm sorry.

3:56 PM - 4 Aug 2017

M43 Retwests 1,161 Likes
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Add another Tweet
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David Pfau @pfau - 5 Aug 2017
Replying to @karpathy
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https://medium.com/@karpathy/software-2-0-a64152b37c35

Difference between Al and Coding

 Al= HIO|E = UHS0{ZI SW

Traditional Programs

Data , 71& =22 =0Tl Mo[E{of] & st A}
Compute Function - Result % ?:'Ij I .?-lﬁﬂ, e ld HI]'|7 I' A -‘-'-E'|°| % Ig
P::ﬁ':s:" ; Ast= A =S AE6l= A (Imperative)

Machine Learning

Data : A2} ML2 H|0|E{2} LabelS Q2o 2 sta5l0i T2
Compute Function - Program 2 ol JIx

Result .

(Labels)

Compiling == Optimization?

The 2.0 programmers manually curate, maintain, massage, clean and label datasets; each labeled example literally

programs the final system because the dataset gets compiled into Software 2.0 code via the optimization.
- Andrej Karpathy, 2017




How to Develop Al mo

e 7IZ Al Z2N2E FE DF RN =/E FA AUAS

Business _ Data
Understanding Understanding
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7 Model T Data— = Data— ¥ Datag “~ Feature # Model ™ Model S Model db Model
~ Requirements ~~ Collection -~ Cleaning -~ labeling .~ Engineering -~  Training - Evaluation .~ Deployment .~ Monitoring /
. Preparation 4 s / , / / /

L )

Saleema Amershi, et. al., “Software engineering for machine learning: a case
study”, ICSE Software Engineering in Practice (ICSE-SEIP ’19). 2019
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Data Modeling

o Al2t E} A|AEITtO| 812
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C O1H|0| EQ} HHE X 2
Harper, Gavin; Stephen D. Pickett (August 2006). "Methods for mining Al ECI|0|E2} 2= X|A (Al Cl/CD)~

HTS data". Drug Discovery Today. 11 (15-16).


https://caridokumen.com/download/methods-for-mining-hts-data-_5a462410b7d7bc7b7af27f4a_pdf
https://caridokumen.com/download/methods-for-mining-hts-data-_5a462410b7d7bc7b7af27f4a_pdf
https://en.wikipedia.org/wiki/Drug_Discovery_Today

Al ML Projects

re Al Project is Different?

| 93

Traditional SW Projects

Data preparation > model training >
model inference > model
drift/tuning

Development
Cycle

Design > development > debugging

> production > SW maintenance >
regression testing

lteration across entire process

Development
Phases

Each phase has deliverables

Infrastructure for development and
product is different in principal

Infrastructure
Requirement

Infrastructure for development and

product similar in principal

Project lead shifts from data

Projects lead by

scientists, data engineer and then P[Zj::t enterprise architects
SW engineer
Tools, best practices, and skills SKkills Tools, methods, and people with
lacking and evolving and Tools needed skills are available
Difficult to predict Project Predictable
Duration

Most have limited experience with
scaling Al ML on multiple projects

Organizational

Maturity

Significant existing organizational
experience in large scale projects

AlIZ Divide & Conquer
ek = ALE? TALE?

7% IDE? Tensorflow,
Pytorch, Jupiter, R

Unicorn to Lead? Data
Scientist, Data Engineer,
SW Engineer

AIZ Agile5}7| 7He?
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Al model development is tip of iceberg in Al project

« Al ZEXE= End-to-end= A|2E SgF 2HE0IAM 2loFer (R IOE(0|AM Z22t2] AL M)

ML-specific technical debts
H|O|E & FE Zut L|SEEX| Q| MA| mto|ZatQlo) chst M7t 2o st

Machine fai
Resource Monitoring
: Management
Configuration || Data Collection Serving
Infrastructure
- I Analysis Tools H u m a n
reature Process
Extraction Management Tools
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Figure 1: Only a small fraction of real-world ML systems 1s composed of the ML code, as shown Al o | i =~ 2 _H . A MU0l &
by the small black box in the middle. The required surrounding infrastructure is vast and complex. => Gol= P40 2% Hel 47

Hidden Technical Debt in Machine Learning Systems, NIPS 2015 by Google
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DS Projects Need to be Extended to Operationalization

Al operationalization is last mile toward business value
A Battle-Tested Analytical Model Development Cycle

Development Operationalization
cycle cycle

Model
Validation

Analy5|s

’

Data Collection, Model Deployment

o tion. Explorat M Model Activation
odel iraining, i1estn CQUIS ion eploymen /" Insights
9 g Wrangling N Model Update
Data Source Business
Discovery Understanding
-_——t
ID: 333499 start here © 2018 Gartner. Inc.
X Al= 7HEt ) 22| A PublishOll SXE &
= @M= MZIsHH, H|XL|A ek B 2HA|ARISHY| Cier 17 X



Al Project Case

(Intelligent Visual Inspection Analytics)

16



Al Project for Automated Visual Inspection

e IVIA, Intelligent Visual Inspection Analytics
2018101 A%}, U] Gi7|E SZoMe £ =T AL HYUS ASat §F 90% 0|8 A

Algorithm Improvement &
Al Platform

Al Driven Inspection
‘ in Production

SW Pipeline Construction
@ Shadow Testing

Al Model Development
O

‘18 ‘19 20



Problem

« Al TH[2| =T BA 830l XS

Inspection
Equipment

3 ‘ Imagem

Defect Decision
(Only 1.5% True
Defect)

Manual Inspection

Defects
1.5%

False Defect
98.5%

NGA
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90%2| &
off s 4

Inspection
Equipment

n Semiconductor Inspection Process

i LI2 22 S5 5 1.5% 2t0| X S (False positives 98.5%)
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Definition of

Image Rule-based

Features In
Database

Features
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< Shape, Size, Shade and etc. >

__[lnput Image ] __
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Applying Deep Learning to Visual Inspection

Training Efforts for changes 1
Difficult to scale out and manage
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Feasibility Study

. M3i7IsM ZHE (Feasibility study)
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F0| sk& AI2 (Transfer Learning)
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Elephant

ImageNet data set
14M labeled images
21K categories

Well-known Pre-trained CNNs

Transfer Learning

Defect A
» Defect B

Fine Tuning
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Ronneberger O., Fischer P., and Brox T., “U-Net: Convolutional
Networks for Biomedical Image Segmentation”, MICCAI 2015
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MVP Development & Shadow Testing

« Al 80| X5} Al X2} 2|7 €’0]| 3L (Postmortem walkthrough)
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Production

. IVIAS CIZ ZH|/H|IZ22 &l ML (Scale out IVIA)
. &

« IVIAS & dA} ZH|2} ErE HEZECZ & | ZH X}O|, H|Z 7t X}0|2 MS0| N5t=l, LUbtslet E5} Rl X

AE Shlo| ZHE HA TQ -

o
I
=

29

lujo
rok
>
Ha
I
(v}
il

2

< TRAINING > ... ... <SERVING> Al 85 ZL|E{E (metric, trend)
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Al Project Phases

o Al ZZHEO| 74l EI7|

Feasibility MVP Continuous

Production
Study (PoC) Development Improvement
. M3 I3 EE MY S0 . AINSIEMSws Aol e £ . DY MS X5 A MY B L (MAE
- ShS HIO[E M F= Ee A sw mo|=etelE 75 Al X&)
» ORI X]%0] A0 ZFS=|0{OF e . i3] C|o[E{2] M3} X M M5 XI5 o Al BY 22| A/l /MM A LS
SHER|LIO| HY =0 0| CHS. AIAE] St U Shadow HIAE  + ZB|AEIAE, M3 A| A/BEIAE! TQ
£ Setal ot o5 22 + AIEE A MEZ Hst= 84 84 22

. Al | OJ3H AZ| Bt B

Al model development efforts

SW Engineering efforts

Tech Driven - Biz Driven Development - Operation & Scale-out



Topics of Al Engineering
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Object Detection

= M7sd AE (Feasibility Study)
(Transfer Learning, Few shot Learning,

Unsuper

=% =t

Defect C

vised Representation Learning)

A 22| U E0|E] Al &t
ass Management

(Auto La

oeling, Clustering)

2 |42
(Class Activation Map

&K H|O|E

H[O[E Hst EFX
(Data Drift Detection)

M STl Chet thE Xhers
(Core Set Selection by
Clustering & Similarity,
Multi-task Learning)

= AXol| efgt Xp7t ehs
(AutoML)




AutoML Technology
 El2{'d AutoML
100 2| HFE L E ML ®ME7HE CHA| (DL without PhD)

FEUZ dA5t= 73Ul (Network Architecture Search)
Reinforcement Learning or Evolutionary Algorithms

1[0

(=1 A=
)

—

Image Recognition
AutoML 2019 AutoML 2017

Solution M experiise + data + “4":[!][,).\1[(]]1‘:II - ) ,
Solurax \ \
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Neural Architecture Search to find a model Py B 2 = E s B L e
: f ! o e —a “:»ie] volvable g ' o Incaption-RegNet-v2
- T S leed \ Naormal Call I'. ml_" ) E r n " I, b -
Controller: proposas ML models Train & evaluate models t k Of \_ -"-'j A 1l : CE" < i ’Krm'mn
o stac 1 S sl | = v Xea
e Narmal Cll avgy fmax| G, | QT !
G5,° 20K ool . calls "\,\_\_,3 - 3’9_‘ ed WA ; ' I . eResNet-101

- S @ = 3 = T T NN é " DenseNet 201

v . = — _ B

o 2 e ~:. 4 t E 761 ,J "

= aln lerane 1o L Normal Cell . (ho] ) = 3 ——
N e i X X P o
NN aceurate ‘ Normal Call _. 18 Inception-v2
madel '\__\- :t L NASNet-A
== -
-‘-p-' TensorFlow » Normal Cell . R°:5N°"3‘ . - v '
- " ’ L | A ey | .
FLOPS (Bilions)
: o = == = S |I—E-I | = 0 -|l— 3 |.§
Jeff Dean, Tensorflow Dev Summit 2018. AutoMLZ O|0]X|, =G4 S| LhE=E QUM ME7F A m2HIe] 5= eA= 22E B¢ (ICML 2019)

Image Recognition, Object Detection, Language Translation, Video Classification, and etc



AutoML Technology

Table H|O|E{ AutoML

Al 213} (Al Democratization)

ClOJE & Af/er &=+LT Al RES TS = T
CDS 15 =2 18= Sofl Q! XA = 71 o AX|L|00 C|0[H =4 7|== UsAA

How Augmentation Changes the DSML Pipeline Workflow

Data Dala Data Fealure Model Madel Hyperparameter] Deploy and Infar
Acquisifion Exploration Preparation Engineering Selection Training Tuning Manage

Traditional DSML Workflow ‘g’

‘jﬁ’ DataRobot

i
Augmented DSML Workflow

¥ =4 Q30 tliet ths =3t

| -

Source: Gartner
ID: 447C64



Al Feasibility Study - Few Shot Learning

. AIZHE £7|0ll= CIOE|TL B5, W2 B JHES ISHME X 2 BlO[E 8t 7|g0| B

Siamese network and prototypical network (Few Shot Learning or Meta Learning)
SUS UHESH= 2fHEA HOo[E ZQIEE JHX| 1 mEHUE AHESH0] 2HIE 37 4= g,
Z0{ZI C|O|E{of| CHal 7+&F Z7i7te EQIE (Z2EEIY)E ROt 27 2f A%

» Learn a non-linear mapping of
the input to an embedding
space using a neural network

O~ T\ -

c® o .
- + Classify an example by
C3 comparing the distance
between the prototype

representations and the
example

Po(y|x, C) =softmax(—L2(f(x), c,-_))

Snell, Jake, Kevin Swersky, and Richard Zemel. "Prototypical networks for few-shot learning."
Advances in Neural Information Processing Systems. 2017.
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Model Evolution — Concept Drift

o« T HE HAOIM = AMAE Zetot 12qE|010F &

AlZtof| w2t SEo 2 Histste &AM = (Non-stationary), 2ZEg[0] 22|A 0|5 Zis|e| T
CIO|E| 237} AlZHo]| w2} HEE 3+~ AUS (Concept drift) 2a AC|0|EE Q|5H HI0|E| AIO|QE|AET} HQ? HEY3 X M7
0|0|X|E 2ot HIEQ A 71 X|0t 2E|0|E?

i LML
lS)u(.lfttleu E 'i“ii““ , Initial development
riit. = ung
A new concept occurs withm a short time. ] First running N\
O I [T iion 1 ekt cong
xR =
S| 1T T I T =
Drift: s Timg Loss of evolvability  \
A new concept gradually replaces an cld one over a period of time. L Servicing patches
5; _ “"DDDDDjDDDDDDDD Servicing
B‘ﬁ}}tmm' é ﬂ ﬂ ﬂ ﬂ ﬂ H r] ﬂ ﬂ D i Time Servicing discontinued \
An old concept incrementally changes to a new concept over a period of time. ) Phaseout
-H QL Switchoff g
Iézziil;::fng é "iiiiiii' iii'iiii Time Closedown
An old concept may reoccur after some tume.

. _ Figure 1. The simple siaged model for the software life cycie consists of five distinct
Fig. 4. An example of concept drift types. stages.

J. Lu, A. Liu, F. Dong, F. Gu, J. Gama and G. Zhang, "Learning under V. T. Rajlich and K. H. Bennett, "A staged model for the
Concept Drift: A Review," in IEEE TCAD, vol. 31, no. 12, 2019. software life cvcle," in Computer, Julv 2000.



Model Evolution - Learning without Forgetting
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(Catastrophic Forgetting, CF)
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Multi-task Learning (Learning without Forgetting)

J1Ee| =% Bl H 27 d5= RAIGIHHA MER Etgel 2= atssie 3

Joint Training 0,
Input: Target: 9‘A O, CataStrOphiC
I- <
{ Ok fasks Jointly learning multiple tasks with old s o
image for + ground truth g 9
each task T }' and new atasets
new task
ground truth
. . 0.
Learning without Forgetting Using only examples for the new task, we .6‘/‘9 \
. . . . . k\
oput: Target: optimize both for high accuracy for the 5 B
- model (a)’s . Low evvor” A Low evvor
response for new task and for preservation of responses for task A o ok B
“‘f’“’,“‘*ﬁ-ﬁ... old tasks on the existing tasks from the original
mmage
new task network.

ground truth
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Turning Point

The Turning Point

Installation Period Deployment Period

Age of Oil & Mass

Productlon. s 0000 Production Capital

Creative Wealth
Destruction Generation

flialie

Age of Software ?

2 °
& Digital Financial Capital s

‘TH;EE'ASKTDP

M. Kersten, "Five Predictions for the Coming Decades of Software," in IEEE Software, vol. 35, no. 5, 2018



13 years from horse to car

Easter morning 1900: 5" Ave, New York City. Spot Easter morning 1913: 5" Ave, New York City.

the automobile. Spot the horse.
g i T N TH.AVE.EASTERY

e— =
oo

Source: US National Archives. Source: George Grantham Bain Collection.

https://www.businessinsider.com/5th-ave-1900-vs-1913-2011-3



https://www.businessinsider.com/5th-ave-1900-vs-1913-2011-3

Thanks for Listening



