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Deep Learning
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Figure 2. Outline of the DeepFace architecture. A front-end of a single convolution-pooling-convolution filtering on the rectified input, followed by three
locally-connected layers and two fully-connected layers. Colors illustrate outputs for each layer. The net includes more than 120 million parameters, where
more than 95% come from the local and fully connected layers.
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Big Data tools

1) Data Storage and Management 2) Data Cleaning 3) Data Mining
discovering insight in data
‘ neOLIJ APACHE : AL AFES
mongo f% 0 HBASE X ERADATA | AFH
~ A 1)) rapidminer e
°talend e hadoop B¥ picrosoft mApache ZooKeeper™ Re ﬁﬁ,,,e ® ) P
4) Data Visualization 5) Data reporting 7
®
I Watson \_

Analytics

hr ,
fitableau

!m Power Bl

Source : Big Data Tools and Technologies | Big Data Tools Tutorial | Big Data Training | Simplilearn,
https://youtu.be/Pyo4RWitxsQM
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p

Business

Analyse Communications

ABEED]

HlolEfe] 7Hx] A#

Problem
Solving

a8 Presentation
Data Mining

\ Inquisitiveness
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Cross-industry standard process for data mining, known as CRISP-DM
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Source : https://amsterdam.luminis.eu/2018/08/17/the-forgotten-step-in-crisp-dm-and-asum-dm-methodologies/
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AO0LES} - AR/VR

AR Solutions for Manufacturing

Increase technician proficiency,
maximize manufacturing output, and
reduce assembly errors.

AR Solutions for Service

Reduce service costs and resolution
times, while boosting first-time fix
rates and customer satisfaction.

Source : https://www.ptc.com/en/products/augmented-reality
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use case summary (1)

DuPont : R&D &4 Baseline At& &H : 24HEl R&AD A& 1} X|
Al RpASE T A Formula 3 Recipe@| Base Case =& At
3}, NLAQA|ZE 25%, FAt H=E 10% up
KONE: MBS loTE AHZA A At FEE M ME 710 28,
Zb A2 HO|E MA|Zt ZF HEf , Machine to Machine &

A

| I |
Daimler : A2l & X

Harsdo o] 2|28 HE
Woodside : Engineering X|&] X}4t3SE Engineering Assist Al

Hl(Willow), dAH7|X|Q] 2E Y kA (IBM Watson, Cognitive
Advisor : https://www.ibm.com/watson/stories/woodside/ )
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Azt 24/015 7|2 (R4 =, 248 2 M, 1H/EE
HX|ALY HO| &, Risk 7
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[z PN
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0x
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24 0 Z 7|4t Self service, 0 A 124
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&
o
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use case summary (2)

amazon Deep Learning : https://youtu.be/RonzxMpdTDk

- Eyes & Editors : =& (1995)

- HIt 7|dt =H . W5 O|HE, Rating ( 0= 35 % )

- FE U HS AR NS/=FRKVARR /EE HIS

- amazon alexa (&3 AMH|A : Zd+0{412{d+CLOUD) EFALO

M ol E24Z0M alexa api 0|8 , amazon Go
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Source :

25



https://youtu.be/RonzxMpdTDk
https://youtu.be/LM0BEb_cH2w
https://youtu.be/rtuCX5vDnLU

use case summary (3)

HE Lot &t| : https://youtu.be/rtuCX5vDnLU Al7|dt 2 EBHE : https://youtu.be/VSheDrrilmw

- HE Lot He|0f E FE =T E2 Trend : 58 27 3¢ - AH| X2, SEHOY e 24, HE =2 A o5
712t € LineO|M EHE0| =5, A2 TYe = =X . OO|H 2|2 3t TEMA MY
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- GHO|Hel 2] 2F Q422 Ol M2| Z2MA HiE
- HE YORH Hs dEAM(COA) XNE|l 5 HE (1.2 &8R)
MH| FX|E A|”0|S : https://youtu.be/VSheDrrilmw MH| O X| 27 : https://youtu.be/rtuCX5vDnLU
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Source :
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use case summary (4)

2| At : https://youtu.be/bY6ZzQmtOzk Big data application domains : https://youtu.be/bY6ZzQmtOzk
« BDO bank : At7|, 238 < ZX|  Healthcare / Education / Marketing / Telecommunications
* Rolls-Royce : A% EA 0 HE35I0 d5 7 « Ecommerce / Media & entertainment
 Starbuck : AT Oj& X 2H «  Government
- O|O|E 249 =& HZ: Descriptive, Diagnostic, Predictive ,

ozt

Prescriptive (23 22 Z

)
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Atlas, The Next Generation

s8L

https://youtu.be/rVIhMGQgDkY

¢+ in the NoMoreWoof. As thrilled we are by our results
' so far, We'd like to stress that this is a work in
, progress and not a finished product. Yet.

' + We have received an ENORMOUS amount of interest
[

http://www.nomorewoof.com/

https://www.zdnet.com/video/big-data-in-action-
in-a-mercedes-f1-simulator/

Source : 32
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[Boston Dynamics]

Source : https://youtu.be/rVIhMGQgDKY / https://interestingengineering.com/boston-dynamic-videos-foreshadow-equally-fascinating-and-
terrifying-future

33



https://youtu.be/rVlhMGQgDkY
https://interestingengineering.com/boston-dynamic-videos-foreshadow-equally-fascinating-and-terrifying-future

YoofE) #MO= & 4 Qi

=

S0| AU ? 7] M AAE

1099
:

Talking Dog Device Ready to Hit Market Soon

By LIZFIELDS ©cb. 26, 201
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 We have received an ENORMOUS amount of interest ,
‘ in the NoMoreWool. As thrilled we are by our results
so far, We'd like to stress that this is a work in
progress and not a finished product. Yet.

+ We have received an ENORMOUS amount of interest
¢+ in the NoMoreWoof. As thrilled we are by our results

" so far, We'd like to stress that this is a work in
, progress and not a finished product. Yet.

Source : abc NEWS / http://www.nomorewoof.com/
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. M}‘E %0/ (] a - o LEPHYR ﬁ) Q.. — T A
1. Naive Bayes Classifier Algorithm | = AWS SageMaker fun ) wwn s imead | [ S ——
9 e Gnnnle Machine || e § ey $LYTICS soffrusie Mo Gmanycoous @ B
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At 3|7 £ Y
MNumber of Passengers
Month 1st 2nd 3rd 4th 5th
Jan 2970 3020 3530 3560 3640
Feb 2600 2900 3130 3020 3300
Mar 3290 4040 3970 4320 4180
Apr 3010 3360 3600 4030 3880
May 3250 3660 3950 4290 4270
June 3760 4380 4600 4700 4820
July 3800 4290 4500 4790 4830
Aug 3920 4540 4800 5020 5270
Sept 3230 3770 3840 4110 4310
Oct 3170 3630 3910 4140 4080
Nov 3040 3660 3680 3650 3820
Dec 3530 4080 3950 4840 4560
Pax number travelling
5500
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4500 3
4 4000
£
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2500
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Source :
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Month 1st 2nd 3rd 4th 5th Mo. Avg Sl
Jan 2970 3020 3530 3560 3640 3344 086
Feb 2600 2900 3130 3020 3300 2990 deseason 0| =
Mar 3200 4040 3970 4320 4180 3980  Forecast
Apr 3010 3360 3600 4030 3880 3576 4807 7
May 3250 3660 3950 4290 4270 3884 .
June 3760 4380 4800 4700 4800 445 3436.7
Juy 3800 4200 4500 4790 4830 4442 4570 4
Aug 3920 4540 4800 5020 5270 4710 41449
Sept 3230 3770 3840 4110 4310 3852 45196
Oct 3170 3630 3910 4140 4080 3786 o~ '7
Nov 3040 3660 3680 3650 3820 3570 .
Dec 3530 4080 3050 4840 4560 4192 92111
3896.5 55479
4555 6
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2860 393 Forecast Actual  Deviation
3700 9633 b1 45582 3860 6982
5100  -5296 62 45792 3700 879.2
4620 4758 63 46002 5100 4998
gig 353: B4 012 462 2
5380 1680 85 46422 4840 1978
5860 -312.1 66 46632 5230 5668
67 46842 5380 6958
(2,131) 68 32958 5860  -2604.2
-266.33 — (2.%69)
26633 A
Y& 3255.847458
100,823
' X1 21.00500139 Bias -373.24
j JAD 167,87
MSE 1142 046
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- Statistics basic
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( Open source, Library, APl Economy + Cloud )

Source : 311. DA_Statistics._theory
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Source :
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US Seasonally Adjusted Unemployment
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= Zof

length()

summary()

mean()

var()

sd()

quantile()

fivenum()

IQR()

boxplot()
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Chost AlZtet

pairs()

hist()

stem/()

qgnormi()

Source :
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qqline(data)
BEEFE : sample()
S|AETM

hist(data, probability=TRUE)
lines(density(data), col="red")

Histogram with Normal Curve

boxplot(x)

Frequency
0 2 46

[ I I I 1
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Miles Per Gallon

Quantiles

R: O} ZHEH3H Ha0f2 Chst 24 2t 247 ¢ + Ut
« ™A : mean() 0
. EA_pERo I ME : var() i —
- HEEM: var(data)*(length(data)-1)/length(data) X <= <5 7,10,15,19, 21, 21, 22, . :
. BEEMEX} - ZEXC HE HE : sd() gi gg 23, 23, 23, 23, 24, 24, 24, w L
« sgrt(var(data))  2) | i
u - Q
. EZON - FHKC| UK length(x)
sd(data)/sqgrt(length(data)) 2?:((;()) Normal Q-Q Plot
- HEH|$ : sd(data)/mean(data) -
range(x) L R —
mean(x) = [ o000000e ™
*  Boxplot dian() © 1 =
» boxplot(data, col="blue") media % 0 o
# diff hod | 8 | o°
. Q-Q Normality plot - BIO|E{7} HAEZ0| Qopp 2 | SUMmanyy) Fdflerentmethod | & Jg o
=
. ;qnorm(data) quantile(x, type = 1 2 -1 0 1 2

Source : sta_descriptive.R
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Z21to| siA % plot

Skewness = 160

w, O

R Code

a <-rnorm( 50, 0, 2)

b <- rnorm( 300, -3, 2)

c <-rnorm( 50, 4, 4)

X <-c(a, b, ¢

hist((x))

0l0 OHE X =&

Frequency
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I T I

0 40

Histogram of (x)
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Source :
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DXICtO| T4 FRIHXIE b1 —
H I, Ol_c,)lgtl_ |'E = t test OEI_‘H'_% 7|_AE-| ?:_!xc.;
AN OO
=] MM JIK
2 ttest Smtd s
= (normality assumption)
2 ° Normal Q-Q Plot
] > t.test (x$liter, mu=250)
S - : : i : : One Sample t-test § =
4 2 0 2 a g o
@ _
* data: xSliter £ g _
t = -4.6739, df = 299, p-value = 4.477e-06 o
Histogram with liter alternative hypothesis: true mean 1s not equal to 250
95 percent confidence interval: Theoretical Quantiles
_ 242.3974 246.9026
> - sample estimates: : :
o o | shapiro.test (x5liter)
o | mean of x
S o 244,65
o ST Shapiro-Wilk normality test
e - | T i i I s 78

200 220 240

Liter

280 300

(homogeneity of variance)

data:

x5liter

p-value > 0.05

W = 0.9'1886, p-value = 0.0002061

Source : sta_1_t-test.R
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Console
C:/R/
+

+
+

VoWV VYV + + +

dit Code View Plots Session Build Debug Profile Tools Help

= ; -~ addins -
f-'_]r_shl'ny_m.R ‘3_]r_shl'ny_US‘_tabset_hl'stogram.R =D Environment History Files Connections
Q A~ -1 b Runapp - “E - = 7* Import Dataset ~ 3’
outputsstr <- renderPrint({ ~ | # clobal Environment ~
. str(iris) Data
outputidata <- renderTable(| dl 6_Ob5' of 2 variables
colm <— as.numeric (inputSvar) Ofit List of 12
iris[colm] =
1) [ This is headerPanel X +
outputimyhist <- renderPlot (| & ® 127.0.0.1:4208 * @ - n
colm <- as.numeric (inputSvar) - Hoss ASIEARE S A2 hi . g APE| AR AL h .
. P == =2E ZAMNE ZAHE »
hist(iris(,colm],breaks—seq(0, m *° = =5 =l =82 Machine Leaming Statistics, R =l == Mathematics JAVA
="Histogram of Iris dataset™, xlab=names
2 This is headerPanel
}
. Summa Structure Data Plot
. . Tabset and plot of histogram v
## shinyApp
shinyApp (ui, server) 1. select input variables from dataset Histogram of Iris dataset
TRIEE 6 Sepal.Length v
0o
Terminal -
2. select the number of bins
outputémyhist <- renderPlot ({ 1 100
colm <- as.numeric(inputévar) o
hist(iris[,colm],breaks=seq(0, max( 7
of Iris dataset™, xlab=names(iris[,colm 1)) §
3.select the color of the histogram E
1)
Green -
® Red
## shinyApp e
selected o
shinyRpp(ui, server) T T T
2 4 6

Source :



Data Mining — 2 Algorithm % MLZ £853}0] H|0|E|& &AM $ILCY,

(Classification

(Supervised)

Machine
Predictive Learning

Clustering
(Unsupervised)

Data Mining

Descriptive

Association

Collaborative Filtering
Contents Based
Association Rule Based

Recommendation

Text Mining
Social Analysis, -

k-NN

Decision Tree
Neural Networks
SYM

Regression
Bayes Network

k-means
EM
Density Based

SOM
Hierarchical

Apriori
FP-Growth

Data Set (DB, DW)

Test(Evaluation) Data

Mining / Training s Tesﬂf‘-'i':t?::nf\fer|ﬁ

' [ A |
| [
I |
I I
! I
I [
I I
| I
I |
| -

| Training Model Prediction/ !
I [
I |

Application

Data Mining Process

Source :
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Data Mining &

24

|

Work Flow

BUYTERT.SD2

"_U"

Holg

RESHOND
2
Tug
H @

-

RESHOND HyE .ﬂ
RESPOND .a

V—*W”*A

RESPOND RESPOND

RESPOND x 5C-REBESRDND x 5R-RESFOND

=N

Enterprise View Database Var File Fixed File SPSS File Dimensions SAS File

Excel  UserInput

Binary Classifier Numeric Predictor Time Series

C&R Tree QUEST

Feature Selection  Discriminant  Laogistic

oL B @ &

CHAID Decision List Regression PCASFactor

© @& OO D

Heural Het c5.0

[FC-RESFOND §R-RESFO..

Table Custom Table

Matrizx  Analysis Data Audit Transform  Statistics

hdeans

Report Set Globals SPSS Output

Genlin Swhi _ Bayes Net  SLRM
Apriori  FIE0F  SXAS

K-Means | Kohonen TweoStep Anomaly

i = N R kR (E @ =

] [B 2 = B
% 4553 9] wst| | BT
Database FlatFile SPSS Export Dimensions SAS Export  Excel Publisher

Source :
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(321) ML Basic Concept

- Python, TensorFlow, TensorBoard, Matplotlib
- Al, xor, ML, Deep Learning

- CNN

- RNN

1 X =1
=O

(322) ML Algorithm (p1~p3)

- Linear Regression
Logistic Classification

- Softmax

- Al, ML & Deep Leaming
- CNN, RNN

Source : 321. ML_concept_basic.pptx, 322. ML_Algorithm_p1_Im_softmax , 322. ML_Algorithm_p2_cnn_xor , 322. ML_Algorithm_p3_rnn 60



B = HIo[E= 71X 7L =7t 2

B Evercleverer 5t ol Al
Error rates on ImageNet Visual Recognition 1: H|OIE] XtM|7} 7FX|= 71X of CH'st (371x])

Challenge, % Q2 : 7}X|=} o}o|C|of
Q3 : MH7| g3t £

0C0000806Q0000000
F\VV 732V /7F7-2)070 )0
22223222229
I IIIHITIIDNIIBI3
HYM Y FHAE Yy S 8¢
S s55CISs 58S s5SS
6 6L6bL6ELELLGHLOGECE G
1Y ,
Network training
2011 I 13 14 15 29972793%792894917 7
Sources: ImageNet; Stanford Vision Lab
Economist.com Data & Labels

Source : 61



Ho[E] 24T Aof et 22 71X 7} 4

b LN,

ILSVRC

1

Giraffes standing

1

categories (1.2 million images)

e ImageNet Large Scale Visual Recognition Challenge
e An image classification challenge with 1,000

Softmax

Softmax I

T

T

~~ .

<end>

!

Softmax

—

o Processing... s °X = > 2
Steel drum Scale b 5 ; — .eee é 'U_')
T-shirt ] R | Sl
Steel drum
Drumstick
Mud turtle
| Output: T T T
Scale
T-shirt X
Giant panda
(;rumsﬂck Wemb Wemb Wemb
) Mufj “"r,',',e, | T T
T Giraff h log/
< > i
reference : http:/iwww.image-net.org/challenges/LSVRC/2013/slides/ILSVRC2013_12_7_13_clsloc.pdf KAIST start Iraties other
Source : /\/’,.’_‘f‘f“.‘_!‘,.“?ﬁ‘.’.‘.‘,'ﬁya ., https://www.analyticsvidhya.com/blog/2018/04/solving-an-image-captioning-task-using-deep-learning/ 62
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Al / Machine Learning

Activation Functions

I wo

*® synapse
axon from a neuron
Woxo

cell body

f (Z wiT; + b)

probabilities

w1y
k output axon
activation
W9 T function
Vision Language A 9"°U_P of people
Deep CNN Generating shoppmg at an
RNN outdoor market.

Ak’

There are many

vegetables at the
fruit stand.

source : Nature Vol. 521, 2015

Source : https://youtu.be/n7DNueHGkgE https://sebastianraschka.com/fag/docs/softmax _regression.html



https://youtu.be/n7DNueHGkqE
https://sebastianraschka.com/faq/docs/softmax_regression.html

=40 ciet E&7t OtLIct M50 S 7tA|=} o= ZI0|Ct.

[}
ot

1

Deduction,
Reasoning,
Problem Solving

1

Knowledge
Representation

1

Planning

L

Perception:
Computer Vision

Machine Robotics: Motion Natural Language Social
Learning and Processing Intelligence
Manipulation
Supervised Learning Unsupervised Reinforcement
Learning Learning
1 1 [ 1 |
Decision Association Clustering Similarity Bayesian Neural
Tree Rule and Metric Networks Networks
Leam“ Leafm Leam.‘
[ 1 [ 1 [ |
Inductive Support Sparse Geneti Deep Manifold
Logk Vector Dictionary Algorithms Learning Leaming
Programming Mac hines Learning
Source :  Deepdive in AML venture landscape BY At <./ www.slideshare.net/ajitnazre/deepdive-in-aiml-venture-landscape-by-ajit-nazre-rahul-garg

Nazre Rahul Garg
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AlQ| AlEtnl FISHE HH 23t AIME ZHS

neuron cell body

axon of nucleus

previous axon

neuron
neuron cell body \

4

axon dendrites of
next neuron

synapse electrical
signal

dendrites

Z f out

bias

Source : https://towardsdatascience.com/the-differences-between-artificial-and-biological-neural-networks-a8b46db828b7
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BHol'd AEEXOR =X

xor linearly separable

Logistic regression units

. O -
¥
e

Layer Layer

Perceptrons (1969)

by Marvin Minsky, founder of the MIT Al Lab

Expanded Fdition

b Wb ® No one on earth had found a viable
way to train MLPs good enough to
learn such simple functions.

and xor
1]- + 1+ -
0|- . 0 - +
0 1 0 1
Yep Nope

® We need to use MLP, multilayer
perceptrons (multilayer neural nets)

A
M;/‘
SO
’r’;‘cr’«{

0;0;0

50
gV
N

input layer

4
O
<

)

“ output layer

hidden layer 1 hidden layer 2

Source : https://youtu.be/n7DNueHGkgE
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Neural net for XOR

-3

X1 5

X2
7 00 \ Wweight 01 ) weight "0 )

0 1 - 00 -5 1

* 2 5 ‘ % ‘

10 2 -5 00 -5 1

1 1 10 0
\ .) -3 4 \ .) 2 . .

Source :



ML & DL

ARTIFICIAL Machine Learning — An Approach to Achieve Artificial Intelligence
INTELLIGENCE
MACHINE

LEARNING

Deep Learning — A Technique for Implementing Machine Learning

Machine Learning

& & 75 - R

Simple Neural Network Deep Learning Neural Network Input Feature extraction Classification Output

1950's 1960's 1970 1980 1990's 2000's 20107

Since an early flush of optimism in the 1950's, smaller subsets of artificial intelligence - first machine learning, then
deep leaming, a subset of machine learning - have created ever larger disruptions.

Deep Learning

G - B

@ nput Layer ) Hidden Layer @ Output Layer Input Feature extraction + Classification
Pic Credit: Xenonstack | Simple Neural Network and Deep Neural Network

BN
Q\ 2/

A 2 3

A » .\\..~‘ T Y2 X

Pic Credit: Xenonstack | Machine Learning vs Deep Learning

Source : http://aimagnifi.com/blog/index.php/2017/10/13/what-is-the-difference-between-machine-learning-and-deep-learning/
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Linear regression — Hypothesis & Cost curve

» Hypothesis : 0

. 70
* Cost function : . e

F -
P
50 L

a0
30 .

*E . -L y = IMnXx + b

» Optimizer & Training

Plot for alpha: 0.01 Plot for alpha: 5

15

15

2 q [ B Q 2 14
10 fe """ _
05 | e
\\‘k; ® T ol B,
i o Initial P Gradi
00 e cost(W) ; ~__— Gradient

1
!
1
1

L et -"..
-10 - _.-.-

-1.5 -1.5
10 15 20 25 30 35 40 45 50 S5 10 15 20 25 30 35 40 45 50 S5

https://www.analyticsvidhya.com/blog/2016/01/complete-tutorial-
ridge-lasso-regression-python/

Source : https://www.analyticsvidhya.com/blog/2016/01/complete-tutorial-ridge-lasso-regression-python/
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Linear regression — Cost minimize

Mol M¥ 3|1 M &7| Bt M Cost function S 0|8 x| 20| H 0| SHL3t= W, b

¥ =w,+ w,x

vertical offset
[y -yl \

y (response variable)

\
p
/

\ (X, v:)
w, (intercept)

X (explanatory variable)

m

Cost(W) = Z(sz — ')

1

Source : https://byungjun0689.qgithub.io/1.-Basic Deep Learning/
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Linear Regression2| Hypothesis, cost

eSS 71E 2 2%0ts dd=HdtE)S &7 fl6l H| 82 HaaS UHRSt= W, b US S

(Linear) Hypothesis Cost function \

Initial

; ,
/, P Gradient

H(z) =Wz +b ® How fit the line to our (training) data
X ]

o —

H(z)=Wz+b
2
() O + (H®) -y + (HE®) -y
> 3 b

[}
]
" Global cost minimum

Jmin(W)

0 . . R
0 1 2 3 fs 2 H @)y _ ,,())\2 0o 1 2 3
o1 cost = — ) (H(z) =) X R

E=X : https://youtu.be/Hax03rCn3UI?list=PLIMkM4tgfinLSOjrEJN31gZATbcj MpUm
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Cost function =12l

w tH30f [HE Cost =2

What cost(W) looks like!

wst(V) = ! E(Wm(i) —yfiy?
m
i=1

>
—<

o W=, cost(W)!

® W=|, cost(W)=0
2 2 ® W=0, cost(W)=4.67
® W=2, cost(W)=4.67

import tensorflow as tf B

import matplotlib.pyplot as plt matp, ¥ t, |b http://matplotlib.org/users/installing.html
X = [1, 2, 3]

Y=[1, 2, 3]

W = tf.placeholder(tf.float32)
# Our hypothesis for Linear model X * W
hypothesis = X * W

| H(z)=Wz

# cost/Loss function
cost = tf.reduce_mean(tf.square(hypothesis - Y)) 1 m
# Launch the graph in a session. — (1) _,(i)\2
sess = tf.Session() COSt(W) == m (W:L‘ Yy )
# Initializes global variables in the graph. 1=1
sess.run(tf.global_variables_initializer()) How to minimize cost?
# Variables for plotting cost function
Wval =[] tW:imW(i)i(i)2
cost_val = [] cost(W) m;( at =yt
for i in range(-30, 50): ..

feed W =1 * 0.1 ol

curr_cost, curr_W = sess.run([cost, W], feed dict={W: feed_W}) -

W_val.append(curr_W) o

cost_val.append(curr_cost) i
# Show the cost function .
plt.plot(W_val, cost_val) o o, -
pélt.s"w ) TJaltns lnithiih anmlhinbimNannl aarminaZaraTaAlllhlahlmastarlalh N2 41 minimisina anst shaus nmrnn

Source : https://youtu.be/YOEF9VgRUEA
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Python / TensorFlow

B TensorFlow Mechanics
AT
Y e o
P feed data and run graph (operation)
d il sess.run (op, feed_dict={x: x_data})
\a \ SGD Trainer
\ Y
<& e e
(vesuten.)
= ) L earewng _rate » (000 G"M
HPH Build graph using s == ]
Easy model building TasF i Saans
update variables o— (S —_—
in the graph -
TensorBoard SCALARS IMAGES  GRAPHS > INACTIVE ~ (O (and retum values)
Show data download link Q Filter tags (regular expressions supported)
srow dts dounloadnke. WWW.MATHWAREHOUSE.COM
gnore outliers in chart scaling
accuracy
Tooltip sorting default ~
method: - cross entropy
Smoothing cross entropy
. ] 0.6 0.0550

0.0450

) . 0.0350
Horizontal Axis
0.0250

STEP RELATIVE WALL 0.0150

5.000e-3

Runs -5.000e-3
0.000 300.0 600.0 900.0

Write a regex to filter runs
B runto download w CSV JSON

Source : https://www.tensorflow.org/

73


https://www.tensorflow.org/

Gradient Descent algorithm ( ZAAstZ)

7h20] 1xt MFO| AL cost &7t 2kt ZSHQ FF MBS W, b USE =&

® Minimize cost function

® Gradient descent is used many minimization

problems
' ? ® For a given cost function, cost (W, b), it will
What cost(W) looks like! For 2 gen cost uncdon,
m ® |t can be applied to more general function:
cost(W) = : =) (el -y How to minimize cost? ~ cost(wlw2,...)
m m
i=1 1 : .
cost(W) = — Z(Wﬂ:("’) — ()2 1 m ‘
" i1 cost(W) = . Z(W:ﬂ( B — g2
: m
T e WeLostW)! ) im1
60 .'. -n. 8
1 1 " W =W — a——cost(W
Eaw .'.. :'- 8W ( )
2 2 ® W=], cost(W)=0 Y
® W=0,cost(W)=4.67 | B s
3 3 ® W=2, cost(W)=4.67 L. e W:=W-a— > Wzl —y)g

=1

Source :
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Gradient Descent algorithm ( AAISHZ ) 2 M2 2 79 ( cost X2} algorithm )
.I

=
7h20] 1xt MFO| AL cost &7t 2kt ZSHQ FF MBS W, b USE =&

W = tf.variable(tf.random _normal([1]), name='weight"')
X = tf.placeholder(tf.float32) )
Y = tf.placeholder(tf.float32) import tensorflow as tf | e Minimize cost function
x_data = [1, 2, 3] ® Gradient descent is used many minimization
# Our hypothesis for linear model X * w | y_data = [1, 2, 3] problems
hypothesis = X * W ® For a given cost function, cost (W, b), it will
find W, b to minimize cost
# cost/lLoss function ® |t can be applied to more general function:

cost (wl,w2, ...)

cost = tf.reduce_sum(tf.square(hypothesis - Y))

# Minimize: Gradient Descent using derivative: W -= Learning_rate * derivative
learning_rate = 0.1
gradient = tf.reduce_mean((W * X - Y) * X) 1 m
descent = W - learning_rate * gradient 2 :
update = w.assign(designt) ; COSt(W) = M Z(W:L‘ ( )) ):L‘(z)
1=1
# Laurxch the graph in a session.
sess = tf.Session() 0
# Initia\izes global variables in the graph. Wi=W- QWCOSt(W)
sess.run(®f.global_variables_initializer()) Y . _ ‘
for step inyrange(21): W:=W —a— Z(W:c(‘) —y@)z®
sess.run(update, |feed_dict={X: x_data, Y: y_data}) NS

print(step, sess.run(cost, feed dict={X: x_data, Y: y data}), sess.run(W))

Source : https://youtu.be/YOEF9VgRUEA 75
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Summary - 6 steps

Data * Wbeilgsht » hypothesis » cost
+ x_train = [1, 2, 3] « W = tf.Variable(tf.random_normal([1]), name="weight’) + hypothesis = x_train PP e G (i
* y_train = [2, 4, 6] + b = tf.Variable(tf.random_normal([1]), name="bias’) *W+b cost(W) = EZ{H =y
i=1

“ learning rate = 0.1

‘ 1 _ | gradient = tf.reduce_mean((W * X - Y) * X)

manual step : Wie=W—a—>Y Wz —yD)z® | gescont = i - learning_rate * gradient
(W- 7IZ7] * Ir) & update m 4 . a
i=1 update = W.assign(descent)

s A

train= tf.train.GradientDescentOptimizer.minimize(cost)

build graph in a session sess.run(update)

sess.run(train)

Source :
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CNN

C, S, C- S n,; n;
mput feature maps  feature maps feature maps feature maps output
32x 32 28 x 28

5x5
convolution -~ O  fully .
connected
classification
Input layer s sa Fully connected
r L - _% - layer
= S z== 1 1] —Cl1 1
¥u Xz ... XNe | Wavelet St = AL = | -
X Xas ... Xau Scalogram$ - /,/ [zzzzzs i . Class 2
Reshape N - . Class 3
3+ o 5 H Softmax
Wi’ Wik von. Tm H~ :ﬁ - __._--—[F% —Class 4
Raw Data Convolution | A | Sampling

Source : https://deepnotes.io/  https://www.researchgate.net/figure/Architecture-of-convolutional-neural-network-model fig4 322325843
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RNN : hi hello teaching

e text: ‘hihello’
e unique chars (vocabulary, voc): ' (One-hot encoding

® VvoC index:

h:0, 1:1, e:2; 1l:3, 0:4 (:::>

[1, 0, @, @, 8], # h @ T
[0, 1, ©, 0, 0], # i 1
[e) e) 1) e, 0], #82
[e, 1, @, 0, @] [1, 0, 0, 0, 0] [0, 1,0, 0, 0] [0, 1,0, 0, 0] [0, 1,0, 0, @] [0, 0, 0, 0, 1] [0’ e’ @, 1’ 9]’ # L3
® 9 @9 e oo s
A A A A A A
—> —> —> —> —> —>
A A A A A A

®» © ® © O

[1, 0, 0, 0, @] [0, 1, 0, 0, 8] [1, 0, 0, 0, 0] [0, 1, 0,0, 0] [0, 1,0,0,0] [01,8,090 0]

®

Source : https://youtu.be/39_P23TqUnw
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- Al, Machine learning 7| & X| 4]

. GJO|E{£ A ofo|C|of T4t Mk}

# Open source & % A|AH Demo
v &4, ML Quick review
v R
v" Shiny
v Python (Linear Regression, NN for XOR)

Source : 510. BDA_concept_ldea_AJOU
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R & Rstudio &%]

The R Project for Statistical Computing

Getting Started

€)studio

Re| &&7l'eetA(IDE, Integrated Development Environment)

RSudio, StatEt ...

* Download R for Linux

Installers for Supported Platforms

Install Si Dat

fiome] * Download R for (Mac) OS X rereEn 1z ae

D I d R 'F W d RStudio 1.2,1335 - Windows 7+ (64-bit) 126.9 MB 2019-04-08

[
Download Lrownloa of INCOWS RStudio 1.2.1335 - Mac 05 X 10.12+ (64-bit] 121.1 MB 2019-04-08
CRAN
RStudio Desktop RStudio Desktop
R Project Open Source License Commercial License
About R S PR
Logo FREE $995 per year
Contributors
g ?
T D
Learmn More Learn More

Source : https://www.r-project.orqg/

https://www.rstudio.com/
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RQ| Library= Al 2 Mt

|
3

ofCt

Qlvlcp- U § v Ll Adding -

© | Image-graphics.3md «

7 QR e - @ ] *hun +
16
17+ 8 Using Terroin Colors
18
9. (e}

28 image(x, y, volcono, col«terrain.colors(16@) cxes<FALSE)

21 contour(x, y, wolcoro, lovels-seq(3, 208, by-5), add=1HLE, cols"bromn")

22 axis(1, atex.at)

23 axis(2, atey.ot)

24 box()

25 title(main-"Mounge Mhau Volcono®, sub = "coleterrain, colors(108)", font.nain4)
%

Movie explorer

Yoor renaned
w8 €D
—
Nivmvan rumber of Qscer
(o conigienl
[t}
Dukiarn w1 Bas Cffica
U R
0 =) N o
N O 10 st N
Ourvw o rvoww cmn hve LU
udiple el
7 ~ v
28+
2 Dwaciyr name coctaine
ey Mynea
. LA
81 (Top Leved
Console

A notebooks-wih-r-markdown +

w7 Environment Mistory Git  Spark -
4. » £ &t import Dataset «  f Lste
) Globa Envirorement =
Yolues
o chagter "layers®
Op List of 9
Functions
begin_figure function (x, options) I
columns function (n, aspect_ratio = 1, mox _width = if (n . |
dram_leoends function (...)

& Markdown *

- [

RStudio

D ZIP explorer

ggplot2

R Packages

Source : https://www.r-project.org/ https://www.rstudio.com/
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Shiny

Shi Ny from GStudio

LEGO Set Visualizer  Explore the Data

Timeline:
1,950

=
e o
: H

1,992 1,999 2,006 20015

T I I I | I
1,950 1,957 1,964 1,971 1,978 1,985

Number of Pieces:

27

1 &
I I I I I I I
-1 592 1185 1778 2371 2964 3557 4150 4743 5336 5922

5922

LEGO Themes:

4 Juniors

&

Adventurers

B ®

Agents

]

Alpha Team

&

Aquazone
Architecture
Atlantis

Avatar

® ®

]

Belville

Ben 10

Bionicle

Boat

Books

Ruiildinn Set with Pennla

YR AR AN

SuperZip example

ZIP explorer

Q, LookUp on Brickset Website About

B Dataset |#* Visualize the Data

704.00

600.00

500.00

400.00

300.00

Number of Sets

Bus dashboard

Number of Sets by Year

Please hover over each point to see the Year and Tot

@ Stacked QStream  QExpanded

Shiny is designed for fully interactive visualization, using JavaScript libraries like d3, Leaflet, and Google Charts.
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o
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—
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Google Charts demo

Hesth sapandiure ve e eupectancy 1994

P £

Google Charts

Source : https://shiny.rstudio.com/
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Machine Learning concept

*  Machine Learning 7i'd O[5 & ¢/t A2 Demo A|AE Demo HHO0|A O[3fE B &
ML vs DL R vs Python

v Linear Regression / Logistic / softmax
v Al, XOR & Deep Learning (NN for XOR)

v TensorFlow / Tensorboard Linear Regression CPPS - Al - BDA ?
. Excel vs ML

¥"NN, ReLu, Xavier, Dropout, and Adam

v RNN Basics

Source : 321. ML_concept_basic.pptx



Python / tensorflow / numpy — Anaconda : spyder / Jupyter

Python2 &HH AL & 02 Library 2 HH 2X|7} E|X| &
E I Anacoda £ 0|8 MX%|
30060 1Y [§H o o
(U many,
Sun many
astrooy - t‘hhﬂﬂ .\elvmrk,\ - V»more)

SH‘:;M,?:,‘, u.. scikits-image

,rs-"-?l aBokeh —

X matplotllb pandasu,,. A
l
S\ml‘\ [{

g nal....

> il ~— A DASK
- jupyter

@ python” =~

ocheo owrgsios [
Q ) learn

2 538 FEOH0 2Yshs Ho| LR by

Numba

GSUPV
. Num/ly

@ |G-
theano ﬁ ‘hw
- dat Vo e

pLthOH Spoik’
pandas ) on e - at @storm
SQLAlchemy n! "’ “Scrapy Mob .Lu{' mrjob
o el : Py
Bokeh _ Qlask
dongo ' # ROFLIb

Source : https://www.slideshare.net/teoliphant/python-for-data-science-with-anaconda
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Al / ML £ 2% Anaconda & %]

{D ANACONDA

Anaconda Distribution

The World's Most Popular Python/R Data Science Platform

Anaconda 2019.03 for Windows Installer

Python 3.7 version

64-Bit Graphical Installer (662 MB)
32-Bit Graphical Installer (546 MB)

Python 2.7 version

64-Bit Graphical Installer (587 MB)
32-Bit Graphical Installer (493 MB)

A

Jupyter NumPy @s::my Q
e spyder Ja ) Numba
pandas| D) | € OV poaace
) DASK . Bokeh HoloViews | |
&matplotlib .@n H,O TensorFlow CONDA

Source : https://www.anaconda.com/distribution/
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python O|& Al 7' O|olf : FA®] 1~3 vs 4~6

ML_python_demo

1~3

4~6

Al

RNN

Source : ML_python_demo
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Linear regression

O0—0—

00

import tensorflow as tf
tf.set_random_seed(777) # for reproducibility

x_train = [1, 2, 3]
y_train = [2, 4, 6]

W = tf.Variable(tf.random_normal([1]), name="weight’)
b = tf.Variable(tf.random_normal([1]), name="bias’)

hypothesis = x_train * W + b
cost = tf.reduce_mean(tf.square(hypothesis - y_train))
optimizer =

tf.train.GradientDescentOptimizer(learning_rate=0.01)
train = optimizer.minimize(cost)

20
|
o
%
LA |
o
\.\

15
B
0

9— .’ -“esST e

o
w | #s

Source : ** https://www.matlabsolutions.com/blog/tensorflow-linear-
regression-understanding-the-concept.php

@ sess = tf.Session()

sess.run(tf.global_variables_initializer())

# Fit the line
# range 1001 : W 2.03 -> 2001 W 1.993

for step in range(2001):
sess.run(train)
if step % 20 == 0:
print(step, sess.run(cost), sess.run(W), sess.run(b))

Source :
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Concept — Deep learning

CHES =, backpropagation®|M XAt weight 22 7| ¢let x7|Ztat g

input layer
hidden layer 1 hidden layer 2

Source : https://searchenterpriseai.techtarget.com/definition/neural-network
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Neural net for XOR

with tf.name_scope("layer1"):

import tensorflow as tf W1 = tf.Variable(tf.random_normal ([2, 2]), name='weight1')
import numpy as np b1 = tf.Variable(tf.random_normal([2]), name='bias1")
layer1 = tf.sigmoid(tf.matmul (X, W1) + b1)
tf.set_random_seed(777) # for reproducibility wi_hist = tf.summary.histogram("weightst", W1)
learning_rate = 0.01 b1_hist = tf.summary.histogram("biases1", b1)
layer1_hist = tf.summary.histogram("layer1", layer1)
x_data = [[0, 0],
[0, 1], with tf.name_scope("layer2"):
[1, 0], W2 = tf.Variable(tf.random_normal([2, 1]), name='weight2')
(1. 1]] b2 = tf.Variable(tf.random_normal ([1]), name='bias?"')
. hypothesis = tf.sigmoid(tf.matmul (layer1, W2) + b2)
y_data = [[0],
[1], w2_hist = tf.summary.histogram("weights2", W2)
[1], b2_hist = tf.summary.histogram("biases2", b2)
[U]] hypothesis_hist = tf.summary.histogram("hypothesis", hypothesis)
x_data = np.array(x_data, dtype=np.float32) G sl e
y_data = np.array(y_data, dtype=np.float32) with tf.name_scope("cost"):

cost = —tf.reduce_mean(Y * tf.log(hypothesis) + (1 —Y) =
tf.log(1 — hypothesis))
cost_summ = tf.summary.scalar("cost", cost)

X = tf.placeholder(tf.float32, [None, 2|, name='x-input"')
Y = tf.placeholder(tf.float32, [None, 1], name='y-input')

with tf.name_scope("train"):

train = tf.train.AdamOptimizer(learning_rate=learning_rate).minimize(cost)

J1

Source :



Neural net for XOR

predicted = tf.cast(hypothesis > 0.5, dtype=tf.float32)
accuracy = tf.reduce_mean(tf.cast(tf.equal(predicted, Y), dtype=tf.float32))
accuracy_summ = tf.summary.scalar("accuracy", accuracy)

# Launch graph
with tf.Session() as sess:
# tensorboard —logdir=./logs/xor_logs
merged_summary = tf.summary.merge_all()
writer = tf.summary.FileWriter("./logs/xor_logs_r0 01")
writer.add_graph(sess.graph) # Show the graph

# Initialize TensorFlow variables
sess.run(tf.global variables_initializer())

for step in range(10001):
summary, _ = sess.run([merged_summary, train], feed_dict={X: x_data, Y: y_data})

writer.add_summary(summary, global_step=step)

if step % 100 = 0:
print(step, sess.run(cost, feed dict={
X: x_data, Y: y_data}), sess.run([W1, W2]))

Hypothesis: [[1.02593222e-04]
[9.99915719e-01]
[9.099132166-01]
[1.01901845e-04] ]

Correct: [[0.]

[1.]
[1.]
[0.]]

Accuracy: 1.0

# Accuracy report

h, ¢, a = sess.run([hypothesis, predicted, accuracy],
feed_dict={X: x_data, Y: y_data})

print("#nHypothesis: ", h, "#nCorrect: ", ¢, "WnAccuracy:

, a)

Source :
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S A (Excel 8| &2M) vs ML linear regression

Excel 2| &M ML Z1f
x oy 89EY i 24 A B C
y
1 2 |
2 3 M sA 45 WENy IR . 1. ! 25
3007 UEdEAR 0 116 o4 y=24x-08 ! 2
4 9 2= 0973 2 4 T 3 “Sk Iy scoré ,
<l e w T K print("Your score will be ", sess.run(
2z ot - T BT, ' 4 hypothesis, feed dict=lX: [[13., 2.]]}))
e 5 512 02 6 o
6 orint("Other scores will be ", sess.run(hypothesis,
24 24 ! feed dict=Lk: [0, 7.1, 1.7, 9.011)
9L N3Y g Bp 4 /
o 3 15 o 13 2 6> 9 6 69 [U5 978294 ]
v o5 15 7 91 Your score will be [[68.44238]]
1.7 9 59.1 10 7 76 Other scores will be [[100.62118 ]
Ar  BE N tBAT P-4 OFF 95% 891 95% 0Pl 95.0%8H 95.0% 11 8 83 [ 48.523952]]
Y 08 0766 1044 0373 3238 1638 3238 1638 19 9 an
X 24 0231 10392 0002 1665 3135 1665 3135 — C:WanacondaWpytfworks/ mul—reg.csv

Source : 520. Statistics_.R_ML.pptx / 312. DA_R1_concept.pptx, 312. DA_R2_code / 420. PL_Rpptx / &H R & _rocxlsx / ML_01_from_01 93



A|AE DEMO : E42M R code

T2 SAZMHR

fuick

2
(<)

g
o
Z t-Test (YEE, HSEE, SEHER)

ANOVA (one-way, two-way, MANOVA)

r=
Hu
|.|-|
1=

Bl oX
2t H
01z 1z pgp
ol
fot
H
gl
1z

ot
Q=

M

oA

Hr |> ~ HI HO
X Jm

/€9 sta 0 correlationR
) sta 1 ttestR

f_" sta 2 anovar

f_" sta_2_anova_1.R

f_" sta 2 anova_two.R
f_" sta_3_easy_princomp.R
) sta_3 fa_eigenvalueR
f_" sta_3 factanalR

) sta_3_pea far

f_" sta_3_prcomp.R

f_" sta_3_prcomp_ImR
) sta_4 alphaR

f_" sta_5 tableR

) sta_6_cross tableR

AZRI+E 5

~
ot

8 7li'goll cHet ofsH

Source : 430. System_demo_R_Python.pptx
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€) sh_0_coverianceR V
@ sh_1_ttest.docx

€) sh_1_ttestR

€ sh1ttest 2R 4/

€) sh_2_anovaR

(R sh_z_anova_one.Rv

€ sh3 _pca_prcomp.R

€ sh3 _pca_prcomp_0O.R

€) sh_3_pca_prcomp_2.R

€ sh3 _pca_prcomp_3.R

(R sh_4_reliability.R

Shiny ZH&-d

Source : 430. System_demo_R_Python.pptx 95



A|AE DEMO : (Python, Tensorflow)

* Linear Regression

* Logistic / Softmax

- CNN

« RNN

» TensorBoard (anaconda/py2.7 )

o SAH/F+SA 7| (excel) vs ML

Source : 430. System_demo_R_Python.pptx
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- Al, Machine learning 7| & X| 4]

 Open source & 3% Demo

Source : 510. BDA_concept_ldea_AJOU
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Pareto Diagrams
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QC 7 tools - # 2l 24 Zatofl clist siM S floll Sl

Cause & Effect Pareto Diagrams

Control Charts Scatter Diagrams

5 Whys - Example
1

{h‘v».mA

Fishbone Diagram - Causes of Low-Quality Output

Moisture : o Delivery Basic & Auwxilia

Contents ¥ Times Materials

Noise

Hiumination

Shelf Process
Life Providing

Workplace Toolf acilities
Job

Humid
ty Accommodations

Strength impurities

Material  Mechanical
Composition Properties

Storage

Tempenture Draught Conditions

Intermediates

- Quality Equipment
Q : WHY has machine stopped ? Q : WHY overload trip ? Q: of Materials
A : Overload tripped out A : Insufficient oil on shaft A: P Temperature

Q : WHY is pump not efficient ? Q : WHY is the pump shaft
A ! Pump drive shaft womn A : Oil filter is blocked by m

Storage

Product

Operating Qualification

Availability Tool
i Conditions

Avallability of
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Documents

Control
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Method

Machine Wear Waork Experience

Compliance Attention

Machine Type
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Operation Fatigue

Unbalance Health

Behavior at Work
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m u

2 ZA  http: //www.conceptdraw.com /How-To-Guide/picture/Fishbone-Causes-of-low—quality-

- =X http://www.slideshare.net/aakashkulkarni3/9akk105151d0113-5-wh

butput. png

Source :
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7/ BASIC QUALITY TOOL TEMPLATES
99 8 -
99.6 -
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) - ->
99-2 1 - - = Cause and Effect / Ishikawa / Fishbone Diagram Template (Excel)
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gs o | - - -
- - e Control Chart (Excel)
98 6 - - -
o8 4 * Histogram (Excel)
' - - = Pareto Chart (Excel)
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o 0.1 0.2 0.3 0.4 0.5 0.6 0.7

= Stratification Diagram (Excel)
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1. Define the market.

2. Divide total industry demand into its main components.

3. Forecast the drivers of demand in each segment and project how
they are likely to change.

4. Conduct sensitivity analyses to understand the most critical

assumptions and to gauge risks to the baseline forecast.

Four Steps to Forecast Total Harvard
Market Demand Business
Review
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Understanding Copy Paper Demand Drivers
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Understanding Copy Paper Demand Drivers

Source : https://hbr.org/1988/07/four-steps-to-forecast-total-market-demand
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- Data Lake — Concept : automation xml , 24| data
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Data Source Process ETL
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Prediction/

Training Model Application
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e e e e e = ————————— }, learning rate size
Data Mining Process
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k-NN

Decision Tree
Neural Networks
SVM

Regression
Bayes Network

Classification

(Supervised)

Machine
Predictive i Learning
k-means
EM
Clustering Density Based
(Unsupervised) SOM
Data Mining Hierarchical

Descriptive

Apriori
FP-Growth

Association

Collaborative Filtering
Recommendation CDHTEFI"It? Based
Association Rule Based

Text Mining
Social Analysis, ---.
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* Google (Google Cloud Platform), MS Azure , amazon (AWS), IBM Cloud
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- Big Data, Big Questions. Does Edge Computing Have the Answers?

«  How much data is too much? Edge Computing states a case for
smaller data analysis

* Too much poor data

« Improved data collection

» Filtering data on the edge

* Real-time data processing

« Edge is the future of big data

Not all data generated by industrial loT sensors is useful, so why not filter it at the edge?

Source : VIA, https://www.viatech.com/en/2018/10/big-data-big-questions-does-edge-computing-have-the-answers/
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Gartner Top 10 Strategic Technology Trends for 2019

Intelligent Digital Mesh
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Autonomous Digital Blockchain Privacy and Ethics
Things Twin
. [o] ()
.::|I| 10l Q0 @
Smart 7|=2| 8¢ & Intelligence
Augmented Empowered Spaces
Analytics Edge
Quantum Computing
57> ©
gartner.com/SmarterWithGartner
Al.Dri l . Source. Gartnar
DOVOIOM’V::nt E';‘pn;?ir::nv: ;mn;‘::&t Enﬁ‘:j:a.:gfn&r;ln ?nc.'o'r-r;a?mﬁ.mums Gartne';
Source : October 15, 2018Contributor: Kasey Panetta , https://www.gartner.com/smarterwithgartner/gartner-top-10-strateqic-technology-trends-for- 129

2019/



https://blogs.gartner.com/smarterwithgartner/author/kpanetta/
https://www.gartner.com/smarterwithgartner/gartner-top-10-strategic-technology-trends-for-2019/

O 7H| d®

rO

Operation
Excellence

Product
Innovation

7 7Hx| (TIO|E B4 + H/W)
Telemetric M / SCP

AR / VR / MR
XN 3dA12 / =82 o= : CPPS
3™ N0 wE 7|4, dH| XI5 X0 (Shop

control, Edge computing)
Robot / Machine

Connected lloT

HE2l Cix| E=t
HEa c|x g 7= 8¢

Source :

130



Use case Idea 7|2t |O|E &AM Pilot (0| A])

M
1z
N
or
0x
0x
or
okl
N

Use case Idea Ojo|E| =H|

A HE or
T2 Project 13

Source : use case ldea 7|2t AHE| 131



Wrap-up

132



CIXIE AlCH Oj2ioll oAl ST 231712

b

ok

_ Intelligence 7HX & %
e (DZ7Hx| ofo|C|of, Mt CIX|E 2YU=x dea 2t

r

2y

- 7tX|2} 8% ZHO||M Cloud, Edge computing O]}
Connectivity . C|X|Y 7|&, H/W, HIO|E{o] 8%t 2 M= 71| 2+#H Cloud Open source
7X|z2t & _ Edge Computing

- MESHHZOR Ut 0t of & EEh

- MET HE 3 X[S5HQ 03t

Source : 133



<% 104

,

Holtof| ciSe et ?

D74 7}K|

10"
I HJ
e

oj2f At=]of et Insight

gF 5~10d = 7|2 E #l6t0 x5 A

=
=

81010}

Value
/‘\l: uSto|l CHSH Ol I
T | 1350] Cigt 91%]
| ceojcisEsdsay |
sy | ]
| | sustozsmoitAE |
CIXE 7l H/W
Source :

134




27tx|e] AEBHS 9I$ RB/MHA, CLOUD 7|5t SCPRL API £ A FH|
7|910] WQE st M3 NS OfSAAOIM JHY X SHES XA £ U= NAL HE WL L 2150
M MMEIE SR o] HO|EE £, 24 X BES U IT Infra HA] i3t 4]

scpz @l

S2at Al Aol F|
DX Group, Scale up

, igital Transformat;o
1. Product >> 2. Smart product >> 3.Connected product >24 Product System >> 5. System of systems > D9 "
WeatherMaps  Weather Forecasts

Rain, Humidiry Woathor Data

Tomperature Application

Sensors

DD frm
Performance
~ -~ P Databaso
' c 2
. ~ Avgnanted md
‘ ‘ . WI::‘ m Sood i Virtusd Restnty
m Optimization N AC
b &, b Systom Systom Systom Database NNOVWO c““‘"To .
II\III\U.
)
. + e
Optimuzation
Harvesters Imgutr Application
1 Syvem
b 3rd Platform
— Plold Sensort Lrrigation Applieatier A <
Iigation Nodes ALING INFRASTRVS !
* SCP (Smart Connected Product)

EX : "HOW SMART, CONNECTED PRODUCTS ARE TRANSFORMING COMPETITION

. HBR, NOVEMBER 2014

=X Digital Transformation and 3rd Platform Leadership: What You
Need to Know, IDC, https://youtu.be/LW1AmvsLa5c¢
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Open source
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* 1997 NETFLIX, 1998 Google, 2012 CNN/AI, 2010 Instagram

» The Big Data Open Source Tools Landscape (2014)
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STORAGE AND BEYOND.

. github

& C ® F2 2% | infocern.ch

http://info.cern.ch - home of the first website

From here you can:

Browse the first website

Browse the first website using_the line-mode browser simulator
Learn about the birth of the web

Learn about CERN, the physics laboratory where the web was born

Open content
Open Data
Open Research
Open Business
Open Access
Open Hardware
Open ...

Source : https://dataflog.com/big-data-open-source-tools/os-home/
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