BDA Core concept & Code

* R/Shiny
« Al, ML

« Web/Cloud

Source :



uIC|O|E{o| HE3} - |53} - ADES} S8

ATz Hlol a2 e yl  y2
? (]
714 L . ERINZ: L . . =3
o= © % -7
Text . 71
=8 - W o3t 212
rrenE - B E =20
At 2
Infrastructure o Ak
£
oM
[= =]
N o
ree Hlo|El ™ X 2| S/Cognitive Computing
M|/5te bB - m
M 3D- - ';;',{i_ ‘° L * Big Data Analytics
(M — | “4 .’.-‘7'"\~""~éi -
Model o GilO| & S 5.2t « Machine Learning
AL ’
°© CLOUD / Hadoop / DB - X0 Xz
* ML Vision

Source :



HOF St=7t ?

1%

<l
1k

of AAE

ol Z ofojciof

X

b ofojC|of7} &

Crefet

s abx|

5 =4

O] MO| LIRE

Ho

ol
Kl

7h 38 - 88 -th &%

!

ra
ujo

7l
Hio

g

Lh &

Data

714

ol
Kl

F

Source :



- BDA Z21%H 7|2

HIO|E{7} EH|x[0] UCtH LELAE 0|8 web (B, 3H), SH=A, HI

i V] i 1,

=LA 22X X2|, embeaded ZZ 13 (Arduino 2 9l), YIC|0|E 2M 2 A

HEROW s 2 4 ULt
==Y =g
HIO[E EfR
— HTML : 8H B + WEB
“ JavaScript : 8
O|O|E{ X2
DB
EA B2M
R + Shiny oZ" ==
7t} Sl :
Al Ztet ¢ oAt
(3) HlxLA 2X|
Python : H{=L|A 2= X] 2 EIA| A
52 . B
x, geg
o = 2™ Displ
Python : H|E2| Ha 22 b isplay
Embeaded Program ey
E3 Report
Python + (TensorFlow, HIH|O|E| &AM
Class / Instance
numpy, TensorBoard ) :
ML

Source :



web Java Python R DB
g
GlO|Ef Efel o1 A EIE
Class / Instance
oE
Hay M =4, HEE I/O
?_.'o_l HTML / CSS Java JDK python / tensorFIow/ R/Shlny MySQL
https://www.oracle.com/technet numpy/pandas
IDE work/java/javase/ https://www.python.org/do https://www.r-
Bitnami wnloads/ project.org/
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%) Anaconda Navigator B Sta—a—easy_—p fince € r_shiny_06.R
— €) sta_3_fa_eigenva €) r_shiny 07R
s~ Jupyter Notebook Python € sta_3_factanal ” _
O f || ML_python_demo.ipynb
i Spyder =y sta_3_peatfar| XOR.ipynb r
) sta_3 .
2-=-preomp || ML_python_demo_2.ipynb ]
79 Eclipse Jee Oxygen [ ] tensorBoard.ipynb (1= ArrayEx1.java
ol Get Started With Oracle Database 11 L] pandas.ipy D ML 01 tensorBoardiovnb ™ Cardjava
7 Git Bash Java L] numpy.ipy - By " CarDBjava
- & fib D ML_00_Basic_manipulation.ipynb — .
. | Tibo.py . CardTest.java
£ GitHub Desktop ol [ ML 01 _logistic_soft iovnb -
[ Py_01.ipyn _J1_10gistic_sortmax.ipyn L CarTestjava
| my_turtle. D ML_01_Linear_Regression.ipynb = ClassCar.java
A % python_pr | ML_00_Basic_manipulation_2.ipynb ™ Exer_2java
#y/ Atom WEB %! bda_book | ] ML_01_one_hotipynb ™ Exercisejava
# Calculator . . ™ FactorialTestj
E= . | ] ML_00_data_manipulation.ipynb — Fractorialiestjava
»®& manager-windows ] bda_bookhpyrms M HicRead java
@ Ardui # MyCar.py ™ FileWwritejava
#p ATQUINO % triple.py ™ InstanceCar.java
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Rstudio

f.'ﬂ RStudio

* C:WRWwork_r
« C:WRWwork_s

() Rstudio
File Edit Code View Plots Session Build Debug Profile Tools Help
-1 &- =
] "3'_| r_graph.R "3'_| example.R '-qiﬂ example2.R
Source on Save C‘ / -
Ty ey
15 y <-¢(1,1,3,7, 9)
16
17 x>y
18 x >=y
19
20 x> 2 & x < 6
21
22 < 3 | x>4
23 |
231 (Top Level) =
Console  Terminal
C:/R/
cations.
Type 'demo()' for some demos,
elp, or

0~ Addins -

l-'i3'JE)cam;:'I|E~_1.R » =E Environment History Files

Source - = j “* Import Dataset -

'help()' for on-line h

" 1 Global Environment -

Data
Da 3 ok
©am.data List
0d 10
D d1 1 ok
Plots Packages Help Vie
v - Expd
R Script -
=L
A
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anaconda , Jupyter, Spyder

+.) Anaconda Navigator

i Jupyter Notebook

B Spyder

 C:WUsersW ~~WML_01

{0 Anaconda Navigator

File Help

ﬁ Home

‘ Environments

* Learning

an Community

{) ANACONDA NAVIGATOR

Applications on base (root)

v Channels

jupyterlab
A 032

An extensible environment For interactive
and reproducible computing, based on the
Jupyter Motebook and Architecture.

-
Jupyter
4

e
notebook

A 550
Web-based, interactive computing
notebook environment. Edit and run
human-readable docs while describing the
data analysis.

IPTy

gtconsole

431
PyQt GUI that supports inline figures,
proper multiline editing with syntax
highlighting, araphical calltips, and mare.

®

spyder

Ecientific P'Ython Devel
EnwiRonment. Powerful Pyth
advanced editing, interacti
debugging and introspectio

Launch Launch Launch Launch
e e
rstudio wscode
Source : 411 Program_install.pptx 9



Jupyter Notebook

ot  Jjupyter ML_python_demo Last Checkpoint: X &H3E 28 2 9= 6:37
3 Jupyter Notebook —
File Edit Wi Insert el Foermel Widgets Help
< —= [ @ localhost8888/tree/ML_01 = -, e 2 | ) A e M Run [ | | ey 4 Code - =3
o — Im [11]: import numpy as np
— Jupyter
# = np.random. randint1,. 4. 202
np.meank <)
Files Running Clusters £
Select items to perform actions on them. cutl11]= =2.08
)0 | -~ | mm/ ML_01 Pl In [131 = | =
COut[13] 0 arraw{[1. 3. 3. 3. 3. 1. 2. 1., Z. 3. Z. 1. 1, 2. 1, 2.
Co
. Im [1E]: | import random
) [ Dice.py import matplotlib.pwplot as plt
) [ exa 1.py n. bins. patches = plt.hist(x. bins=20)
£ o, L & = @prP o smisetix, sims=r0)
0 & ML python demo.ipy¥nb plt.histi{x, bins==)
(] & XOR.ipynb plt.showi)
0 & ML_python _demo_2.ipynb 14
[ & tensorBoard.ipynb 1z
m -
0 [0 sample_1
_B_
[0 & pandas.ipynb .
0 & numpy.ipynb a .
3 [ fibo.py 2 -
o & Py 01.ipynb o
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Spyder

ﬁ Sp}del" @ Spyder (Python 3.6)
. File Edit Search Source Run Debug Consoles Projects Tools View Help

e B =E@ rpBPEDRDGE MEE=EEwp B BX £ € -

* C:WWork Editor — Cr¥Workexample _2, pyw & * ‘Mariable explorer

3 example_2.py B # & N5 -

13 pass ~ || Name Type Size
14
15 turtle test = MyTurtle()
16
17 turtle _test.shape("turtle")
12
19 turtle test.shapesize(2,2)
20
2.1 moan
22 cleaner.py
23
24 o
25
ﬁ? import turtle Variable explorer File exp
28 class MyTurtle(turtle.Turtle) : IPwthon console
29 def _ini‘l:_{self} . o D Console 1/48 m
38 super(MyTurtle, self). init ()
31 self.shape("turtle™) PYthDE‘ 3-5-? |Aﬂacu.:.}nda
32 self.shapesize(2, 2) Type "copyright®, "cre
33
24 turtle t1 = MyTurtle() IPython 6.4.8 -- An en
35
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Java

&% Eclipse Jee Oxygen
+il Get Started With Oracle Database g

+  C:WUserst~~Weclipse-
workspace_pythonWjava_class_01¥#srct¥pkgWone

47 Git Bash
9 GitHub Desktop

E eclipse-workspace_python - java_class_01/src/pkg/one/OperationTest.java - Eclipse

File Edit Source Refactor Mavigate Search Project Run Window Help
N g @ BN HFOGr P Ay HE TN HF~O~R~QU~i®dS & il ~ §

% Package Explorer 2

~ 1= java_class_01

> = JRE System Library [JavaSE-1.8]

~ B ore
~ i# pkg.one
> [ ArrayEx1.java
> [ Cardjava
> [ CarDB.java
» 41| CardTestjava
> [1] CarTestjava
[J] ClassCar.java
» 1] Exer_2.java
> [ Exercisejava
[J] FactorialTestjava
> [ FileRead.java
[J] Filewrite java
> [ InstanceCar.java
>[4 MemberCall.java
[4] MyMathTestjava

e mo& w8 a0 =

o

"

o

A

| |

)] Tvjava

[J] FileWrite java

[J] FileRead java

1 package pkg.one;

2

3 public class OperationTest {

I

Pd =@ D0~ DLW R @ WD ] O N

// operation test

int a=9, b= 2, c= 3, max;

max = {a > b) ? a : b;

max = (max > c) ? max : c;
System.out.println{ " ZC=" + max +

int x = 9;

int v = 17;

double d = 10.123 ;

int x1 = (int) d ;

float fl= x/y ; // ZE=0 g
double dl1 = (double) x/v ;
float x2 = 18 % 8 ;

int i1 = 128 ;

System.out.println(” x;"l}f :

[J] CardTestjz

public static wvoid main(String[] args) {

+ x/v);

Source : 411 Program_install.pptx
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Bitnami manager, atom

& 2.grid_lecture.html — C:#WGHSEOW1. Working#02. Lecture — Atom

File Edit View Selection Find Packages Help

f :.l‘ Atﬂ m Project

<ldoctype html>
< >

»®& manager-windows

. C 2 olst "HIHO|E 2H9|¢/
« C:WUsersW ~~WML_01 | 2.boxhtm >EFS flgh |HOIE &2l
charset="utf-8">
|_J Bitmami WAMP Stack 7.1.16-0 — > o 5
Welcome Manage Servers Server Events 2html .
. =] 3_JavaScripthtml { margin:1e; }
H Y 3.html { color:black; text-decoration:
Y hew hten { font-size:35px; text-align
Welcome to Bitnami WAMP Stack 7.1.16 £ @ \_ chtml . ’ )
Rev. 0 < » { font-size:25px; text-align
border-right:1px solid gray;
) \ = g
Y exarmple 2 ou #grid{ display: grid; grid-templaf
Go to Application R . ‘ )
Follow Bitna ~ #grid adding-left:33px;
ollow Bitmnam Open phpMyAdmin = ':.1'|':.1.|It|"| o ‘ { ‘ p g ) p F ]
0 ﬂ D Open Application Folder Y index htrml #grid #article{ padding-left:]
Visit Bitnami J F

ecture.html

mo L d i ce. [_'_. j:-'.
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arduino

@ Blink | OFF0|'= 1.85

HEY &A4 & =S¥

ﬁ Arduino

€9 sketch_sep19a | OF=0|'- 1.85 — O

ohe HE AAA & =5

modi fied 2 Sep 2016
by drturo Guadalupi
modi fied B Sep 2016

. by Colby Hewman
e C:WUsersW~~WDocumentsWArduino

This exanple code is in the public domain.

sketch_sep19a

http: Swww . arduine. cofen/Tutorial /Blink POiij setupl) {
+f
{f put wvour setup code here, to run once:
ff the setup function runs once when vou press reset or power
yoid setupl) { I
ff inmitialize digital pin LED_BUILTIN as an output.
pinMode{ LED_BUILTIN, OQUTPUT):

:| test_arduino.ino

void loop() {
// put wour main code here, to run repeated|y:

ff the loop function runs over and over again forever

void loopl) { 1
digitalWrite(LED_BUILTIM, HIGH): ff turn the LED on (HIGH
delayi1000): ffowait for a second
digitalWrite(LED_BUILTIN, LOWY: ffturn the LED of f by making f
delay(1000); ffowait for a second

b

Source : 411 Program_install.pptx 14
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+ Logistic Classification

+ SoftMax

« CNN

+ Xavier

* RNN

* CNN+RNN)

« X0 A2

- XEFAA

o2 os)

- AREH Z2O-Y V8
Internet / DNS / URL /
OSl 7 layers

WEB & HTML

WEB System

- 4ino|Ef @Z2 A
7i'22] Code)
R
* Shiny
* Python / numpy / pandas
» TensorFlow / TensorBoard
. Bt Y A7)
- ®ZX Site: 712
ANALYTICS.google.com
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- B AlEY

Deep Learning

LR (0|23t AAE/&4 &
BAeHE)

Logistic Classification

-ZZ27= o|sf
AFH Z2338 e
Internet

WEB & HTML
WEB System

-S4, R gn2E FPR : ZIXW} - & H7}) SoftMax
- SA, ol BiI0F St=7t CNN
- SH 7i'da 8 Uy « Xavier - HIH0|E| REAA (™K U SHA
- HWao| g™, 24| 2|nj - Al 74 « RNN 79| Code )
- 7l& 84, SE2/EEAS - AlZHd « CNN+RNN) « JAVA =213 o|s|
. Q0IEM « Al HMFE| HAAFO| (ZHCHE - X0 A2 R
- 3HEM, ZX|2E, 23 Jlsg 5% 93) o XEFAXL « Shiny
- 7HEEH, * XOR + Python / numpy / pandas

- AZX|3
- OIZZty hat2 lf, XX ES7t

TensorFlow / TensorBoard
sh e A7)

i X Site: 2
ANALYTICS.google.com

FE D2 stE F (AH
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me
rE

- 430. web_cloud
L_Video_clip_UseCase_DT_ERP_PLM

. 00. KIR_BoK
122. DT_Methdology_main

(EEL:

320. ML_algorithm_code_summary
510. BDA_Statistics_quick_review

. 0. Program_JPR

0_Program_code_list ( code & keyword )

L Program Code tota

sta_ 1~ .r - CWRWwork r
sh ~r -
C:WRWwork_rWNP_Shiny

exe_1.py ( Spyder)
C:WUsersWgwihyWML_01

BDA Book L &+ BDA CEA.pptx 600. BDA_Book_3% |
o A} - - summary.pptx
L =_ERP_SCM_PLM_MOM ! 600. BDA Book 4% p123 / p4
(p207)
R 312. DA_R2 code 430.
420. PLR_graph System demo R Python
. 312. DA_Shiny_16_tool.pptx
Shiny .
420. PL_Shiny.pptx
ML_python_demo_2.ipynb ( Jupyter )
321. ML _Concept Basic
Python 322. ML python demo
412. Python_detail / 413. Python_tf_tb
430. Class_Instance.pptx
JAVA / web 430. Java_etc

Source : 0_Program_Code_list.pptx



../00. master/322. ML_python_demo.pptx
../00. master/430. System_demo_R_Python.pptx
L_Program_Code_total_summary.pptx

Program Code 1t X

L Program Code &4 R Shiny Python.pptx ( p 252 )

=R

430. System demo R Python (p 41)

(510) Statistics quick review for BDA

-+
M
2o}

A2, EpEH T MEA

a7, ZHE al
- RUEY HEH
- THEN

(311) Statistics Basic

- Statistics basic
- EARM B8

510.

BDA Statistics quick review ( p 45)

311.

DA Statistics. theory (p120)

312.
312.

DA_R1_concept.pptx
DA R2 code.pptx

312.

(p68)
DA Shiny 16 tool.pptx ( p 66)

(321) ML concept detailed

- Neural network, xor,
backpropagation, relu, weight : rbm,
Xavier , overfitting : regularization,
dropout, ensemble

- optimizer : adam

(322) ML Algorithm (p1~p3)

Linear Regression
Logistic Classification

Al, ML & Deep Learning
CNN, RNN

320.

ML algorithm code summary ( p 75)

321.

ML concept basic.pptx (p74)

321.

ML concept detailed.pptx

322.
322.
322.

ML_Algorithm_p1_lm_softmax
ML_Algorithm_p2_cnn_xor ,
ML_Algorithm_p3_rnn

* 413. Python_tf_tb.pptx

L Program Code total summary.pptx ( p 207 )

ML _python_demo_2ipynb
ML_python_demo.ipynb
ML _0O0_Basic_manipulation.ipynb

ML_01_tensorBoard.ipynb

JO0oU0oooobodgioid

ML_01_logistic_softmaxipynb
MML_01_Linear_Regression.ipynb

ML _00_Basic_manipulation_2.ipynb
ML_01_one_hotipynb

ML_0O_da=~ imehadhei el
ML 01_le, UsersgwihyWML_01

ML_00 i ML_01_tensorBoard.ipynb

ML_00_C: ML_python_demo.ipynb
ML_02_re| i python_demo_2.ipynb
ML_02_cr ML_00_Basic_manipulation.ipynb
ML _O7_M

ML _01_Seq_char_rmn.ipynb
ML_O1_tensorBoard_MMIST.ipynb

322.

ML python demo

(322) ML pytl;an demo

python / matplotlib /tensorflow
- numpy / tensorboard

- Relu/ Xavier / droupout / adam

g_rate_mnist.ipynb
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../00. master/510. BDA_Statistics_quick_review.pptx
../00. master/311. DA_Statistics._theory.pptx
../00. master/312. DA_R2_code.pptx
../00. master/312. DA_Shiny_16_tool.pptx
../00. master/430. System_demo_R_Python.pptx
L_Program_Code_통계_R_Shiny_Python.pptx
../00. master/320. ML_algorithm_code_summary.pptx
../00. master/321. ML_concept_basic.pptx
../00. master/321. ML_concept_detailed.pptx
L_Program_Code_total_summary.pptx
../00. master/322. ML_python_demo.pptx

Python Code (C:WUsersWgwihyWML_01 )

ML_01_tensorBoard.ipynb 2019-08-06 .
ML_python_demo.ipynb 2019-08-04 .
ML_python_demo_2.ipynb 2019-07-02 .
ML_00_Basic_manipulation.ipynb 2019-06-07 .
ML_01_logistic_softmax.ipynb 2019-06-03 .
ML_01_Linear_Regression.ipynb 2019-06-03 .
ML_00_Basic_manipulation_2.ipynb 2019-06-03 .
ML_01_one_hot.ipynb 2019-06-03 .
ML_00_data_manipulation.ipynb 2019-06-03 .
ML_01_learning_rate_x_data.ipynb 2019-06-03 .
ML_00_imshow_Image.ipynb 2019-06-03 .
ML_00_Cast.ipynb 2019-06-03 .
ML_02_regression_housing.ipynb 2019-06-03 .
ML_02_cnn_MNIST.ipynb 2019-06-03 .
ML_01_NN_MNIST.ipynb 2019-06-03 .
ML_01_Seq_char_rmn.ipynb 2019-06-03 .
ML_01_tensorBoard_MMNIST.ipynb 2019-06-03 .
ML_01_learning_rate_mnist.ipynb 2019-06-03 .

ML_12_4_rnn_long_char.ipynb
ML_13_3_save_mnist_restore.ipynb
ML_12_5_rnn_stock_prediction.ipynb
ML_12_3_char_seq_softmax.ipynb
ML_12_1_hello_mn.ipynb
ML_12_0_rnn_basic.ipynb

ML_11_05_mnist_cnn_ensemble_layer....

ML_11_04_mnist_cnn_ensemble.ipynb
ML_11_03_mnist_class.ipynb
ML_11_02_mnist_deep_cnn.ipynb
ML_11_0_cnn_basic.ipynb
10logistic2.csv
ML_03_UseCase_scm.ipynb
air_pax2.csv

air_pax.csv

2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-04-29 .
2019-03-24 .
2019-03-13 .
2019-03-13 .
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= . i

€ sta_1_t-testR _.
« sta 1~ .r - CWRWwork r ; 0 sh_1_ttest.R
ed sta_2_anova.r
R ° Sh_"'.r - ﬂ sta 2 anova_1.R U Sh_1_1'[ESt_2.R
C:WRWwork_r#WNP_Shiny €D sta_2_anova_two.R €) sh 2 anovaRr
Shiny
XOR . &/ XOR.ipynb
& ML_python_ demo.ipynb
: & ML_python_demo_ 2.ipynb
. exe 1.py (Spyder) random / matplotlib graph . o i
: : / tensorBoard.ipyn
. C:WUserswWgwihyWML_01 Linear Regression
Multi-variable linear regression with air-pax 5 sample_1
* python — numpy - pandas / .
Python Juovter- Sovder Logistic / SoftMax / CNN~RNN & pandas.ipynb
Py Py & numpy.ipynb
NN for MNIST 3 exa_1.py
CNN M Dice.py
RNN [ fibo.py
& Py 01.ipynb
JAVA / web (3 my_turtle.py
| python_practice.py
Source :
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BDA =27 sk& HX} / Java - Python - R H| y T2 7 X

« BDA Contents list ( 4|, R/Shiny,
Web/Cloud )

« Python Basic/ TensorFlow/ TensorBoard/
NumPy /pandas/ Matplotlib

« Reference

Source :
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HlojEf Orol'd & Al A2 ( Machine Learning )

4lH|O|E REAA T2 7 0|5f

* Program Code/System : R, Shiny , Python, Pandas , Tensorflow / TensorBoard

‘ 312. DA R2 code.pptx + 312. DA Shiny 16 tool.pptx + ML_01 \

» L Program Code executive summary.pptx ( p 207 )
« L Program Code &4 R Shiny Python.pptx (p 252)
» 430. System demo R Python

v' R Concept / R code / Shiny A ¢

v ML Concept / Python code A ¥

v" TensorBoard

ML_01_tensorBoard.ipynb
ML_python_demo.ipynb
ML_python_demo_2.ipynb

ML_00_Basic_manipulation.ipynb

* 430. web_cloud.pptx
< IT
* 430. Class_Instance.pptx

Source :
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L_Program_Code_executive_summary.pptx
L_Program_Code_통계_R_Shiny_Python.pptx
../00. master/430. System_demo_R_Python.pptx
../00. master/312. DA_R2_code.pptx
../00. master/312. DA_Shiny_16_tool.pptx

BDA Core concept & Code

- A} X|Al 81 BDA Contents list

« Al, ML

« Web/Cloud

Source :
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Eile E

[+

O sta_1_ttestR

42~
43
44
45 -
46
47
48
49
50 -
51
52

53
54
55
56
57
58
59
€0
61
552
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~ b Runapp - “E - = 7* Import Dataset ~ }'
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 (| C ® 127.0.0.1:4208 * @ - n
colm <- as.numeric (inputSvar) T zzus AEIEANE A AN S hi ) L A A A 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 :



0 7l &4

Lecture.R

C:WRWwork_r

2 72 £

M
a1

HI

-Test (EEE, ISHE, SEHEE)
ANOVA (one-way, two-way, MANOVA)
- RAFZM (PCA/FA)

2 2

AR

AEM

- 2{ /tE 2AHEAS

. EZX|AEl

0= rx

A
i

FJ

r

* -t A% SAEN, EFEdat Bl
2974 3lH =y
. EEM

[LEN - ey |

(312) RS 0| &St SHEA code

€D sta_0_descriptive.R
J€D sta_1_t-test.R
t} sta_2_anowva.r
ﬁ sta_2_ anova_1.R
€) sta_2_anova_two.R
<« sta_3_easy_princomp.R
€D sta_3 fa_eigenvalueR
t} sta_3 factamal. R
= sta_3_pca_Tta.r
T«ed sta_ 3 _prcomp.R
€D sta_2_prcomp_lm.R
«> sta_4_alpha.R
€£) sta_5_table.R
t} sta_6_cross_table R
Ted sta_7_durmmy. R
Ted sta_7_simple_Ir.R
€D sta_8 logistic.R
€D sta_9 hierarchical_clustering.R
t} sta_9_hierarchical_clustering_2.R
D sta_ 9 kmeans.R
ﬁ sta_ 9 kMmeans_ 2. R
€©P sta_1 O_non_parametric.R
€D sta_10_wilcox_signed.R
€D sta_11_discriminantR
t} sta_11_discrimimnant_iris.R
ﬁ sta_11_discrirmmimant_wimne_ldahist.R

Source : 312. DA R2 code

ﬁ sta_11_lda_plot.R

ofojc|oje] 278
3 why : A2 X|=

. BY BN
WM BT S
. glol By
Y- e

. 'g'-‘.é-nl'
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312. DA_R2_code.pptx

— Y e o . s R irtual Process _ |
HTWO3D ~ 1 - A = A\ N\ Quantity \‘*. Site '\ _ Sub \ Material \ \

[ c ‘lll'ﬂ?ﬂi'a 1 B3 ’ Project Setup ] Take off Estimating ) Tendering Contract Preparation ComractmyProcuremery CO“"O"IHQ/ Invoicing ¥
. /

Y,
-

J/ S—rre. Il i | “ > » W i
e LA - i ] i 1] Il i | i ' ]
i Il i | i 1]
1] Il 1 ) 1]
1] Il i W 1]

H H

e ( SE 49 o i ; . ”hysical Pgocess " i

| Supply'Ghair Project, = v .y v \ . A 2
Management

Quantity \ Sub \ Material \ \

\ Site \
Projeot Setu ) Design D Take off Estimating , Tendering = Contraot Preparatlonj Contrachng/ﬁoc“remen!-/ Contfollmg/lnvolcmg -~

e “

M afagemerit 1 l

i Y

(312) A=A Shiny web

- B 2M7|'Ho| Shiny web E&
- Shiny Source code

312. DA_Shiny_16_tool.pptx
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20| LEE H

ui<-fluidPage()
server<-function(input, output) {}
shinyApp(ui=ui, server=server)

ui<-fluidPage|
sliderinput(inputld="num_1",
label="2:AE 12418",

value=25, min=1, max=80, step=1),
plotOutput( hist’)

)
server<-function(input, output) {
output$hist <- renderPlot({

title <- "80 random normal values "
hist(rnorm(input$num_1).main=title)
)
}

shinyApp(ui=ui, server=server)

Interactive visualizations
Shiny is designed for fully interactive visualization, using JavaScript libraries like d3, Leaflet, and Google Charts.

» -— = &
) ZIP explorer
. .
g

Movie explorer

f
{

i
« § &2
u-' t
_.;, :-\.i
i
H
I
i
i
&

T e -

SuperZip example Bus dashboard Movie explorer

Start simple
If you're new to Shiny, these simple but complete applications are designed for you to learn from.
Iris k-means clustering Telsphones by region —

e b . ] ‘ u. - L

e . *I K s i

= R B |

t . ‘: l Y L1
e H

Kmeans example Telephones by region Faithful

Source : https://jonnyomme.blogspot.com/2017/02/r-programming-shiny-shinyapp-1.html

https://shiny.rstudio.com/qallery/ 27


https://jonnyomme.blogspot.com/2017/02/r-programming-shiny-shinyapp-1.html
https://shiny.rstudio.com/gallery/

(420) Shiny

- Basic
- reactive
- dashboard

ﬁ' sh_0_coveriance.R
T]82] sh_1_ttest.docx

€) sh_1_ttestR

€) sh_ 1 _ttest 2R

ﬁ' sh_2 anova.R

ﬁ' sh_ 2 _anova_one.R

€) sho3 _pca_prcomp.R

€) sho3 _pca_prcomp_0O.R

E sh_3_pca_prcomp_2.R

E sh_3_pca_prcomp_3.R

€) sh_4 reliability.R

E‘ sh_7_linear_reg.R

ﬁ' sh_7_linear_simple.R

€ sh_s_logisticR

Source : 420. PL Shiny.pptx  sh_1_ttest_ 2.R ~
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420. PL_Shiny.pptx
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= I
f_‘) sh_anova.R
ﬁ sh_anova_one.R
24 7 21 514 L Plot €3 sh_gdpR
€ sh_helloR
0. TEA AT A g sh_inputfile.R
_ _ _ 2 sh_isolate.R
1. SH tTest (RES, QisHs, SHED) 7t 2%, p value @ shlinear_regR
2. ANOVA (one-way, two-way, MANOVA) 74 A, p value € sh_logistic.R
3. 222M (PCA/FA) X2l =4 Q0 £ (R ] sh_practice_observe.R
4. M|z B2M Q'T:l'ﬁl-? ﬁ sh_reactive.R
AFTFE A 0 sh_reactive 2.R
5. &S Cronbach alpha €) sh_select_ multi_var.R
H A -
6. WXEN 3| H Al € sh_select_multi_var 2.R
7. 29 / ttE 2| =M o 2k B= sh_ttest.docx
AEl . ﬁ sh_ttest.R
8. BX|=K plot : histogram / scree plot / .
9. SLEIELA €) sh ttest 2.R
. R ETS 0 sh_updateCheckbox.R
A E
10.H| 24 34| (R sh_updateCheckbox_2.R
11.2HEHEM €) sh_useCase 01.R
*HREM / FREM © sia_efar
ﬁ sta_pca_maker.R
Source :
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<1 =
S

Data View Analysis

Choose CSV File

Browse... data-01-testscore_2.csv

Data Summary

x1 x2

- q Min. :47.88  Min. :46.80 Min.
¥ Header 1st Qu.:73.00 1st Qu.:73.00 1st
Separator Median :79.80 Median :82.88  Medis:

B Mean :79.04 Mean 179.48 Mean
(= Comma 3rd Qu.:88.80 3rd Qu.:89.80 3rd
() Semicolon Max. :96.00 Max. :98.00 Max.
() Tab
Quote Data Structure
() None

25 obs. of 4 wvariable
% x1: int 73 93 89 96 73 53 69 47 8]
% x2: int 86 88 91 98 66 46 74 56 7%
% %x3: int 75 93 90 100 7@ 55 77 60 ¢
$y : int 152 185 180 196 142 181 14

‘data.frame’:

® Double Quote
() Single Quote

Data Table

X1 x2 X3 v
73 80 75 152

93 88 93 185

Numer of bins:

Please Select a Numerical Variable

x1

Please Select a Numerical Variable

%2

50

Data View Analysis

warl
70 80 Q0
1
o
]
]

B0
1

a0

50 60 70

var2

Key summary statistics

The observed sample statistics were:

mean  standard_deviation  standard_error
79.04 12.28 246

79.48 12,50 2.50

Covariance & Correlation

The observed covariance:

[1]138.3967

Correlation :

[1]0.9013629

gwihyeonseo@naver.com

Source : sh coveriance.R
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BDA Core concept & Code

- A} X|Al 81 BDA Contents list

* R/Shiny

« Web/Cloud

Source :
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(321) ML Basic Concept

- Python, numpy, pandas, Matplotlib
- Al, xor, ML, Deep Learning

- CNN, TensorFlow, TensorBoard

- RNN

(] X=4
=Oo
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Python (
l

Python2 &H AL2E O2] Library o H™ EX|7} | X| =& 242 2510 2F5t= 20| 2t Hy
E It Anacoda £ 0|2 AXK|

@0 B ¢ =

— Sun many

astro P ‘tﬁpﬂ"“ \elvmrk,\ ~ \ more)
‘SH‘SQalsHodds‘ o C SClk'tS |mage \\*\. — Q OSC")V

@" Ti‘-""\j‘f’/ %‘ ;BOkeh " g Qw .“" . Num/y
. - N . LTI — Py 1 xray
~~ % matplotlib pandas u,,: A N IMe 2 @

thaano ﬂym

&yScipy — P
g N _ dat N e
? / ’ NumPy '0' uthon S\ml‘\ J python : 2
— > Kafka
/ . - ~— OA m d 1hwings ——
IPLy] N jupyter \ oa:Q :s Wl : )3 o (U {91 @

@ python” =~ ° o g L o

-~
dnge ' # ROFLIb

Source : https://www.slideshare.net/teoliphant/python-for-data-science-with-anaconda
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https://www.slideshare.net/teoliphant/python-for-data-science-with-anaconda

ggostoz ]

= 2]

%) Anaconda Navigator
78 Anaconda Prompt

@ Arduino

7y Atom

5 Eclipse Jee Oxygen
#i Get Started With Orac
2~ Git Bash

£ GitHub Desktop

»- Jupyter Notebook

fﬂ manager-windows - B

AW,

Q
spyder

Jupyter
S’

® localhost:8888/tree/ML 01

— Jupyter

Files Running Clusters
Select items to perform actions on them.
0 ~ B/ ML_01
D

&) 04 supervised_regression.ipynb

& ml_01.ipynb

+R R x64 3.5.1 & ML_10_all.ipynb
£ RStudio & ML_01_from_01.ipynb
¥ Spyd i
Fl pyaer ipynb
e ONDA NAVIGATOR
8.ipynb
A Home Applications on ‘ py27 V‘ Channels -
< <
. Environments w, A
IPTy "* Jupyter
A S’
* Learning gtconsole spyder jupyterlab notebook
A 443 333 0354 57.8
Dtk C1 I Fhak ciunnncke inlina Finnicac Criankificr B'Ykhan Dovalanonank rALlbidimancinnal daka sveicializaki a3 nuiranmant Far inkarackiva Wiah bharad intararkiea ik

Source : error : https://rstudio-pubs-static.s3.amazonaws.com/242584 29bdf274c291408090962b3e860a299e.html
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Python code

Summary : A| 20| E|X| %S F2 ppt A&
322. ML_python_demo

(322) ML python demo

python / matplotlib /tensorf

ow

numpy / tensorboard

Relu/ Xavier / droupout / adam

» Linear Regression

* Logistic / Softmax

- CNN

« RNN

« TensorBoard (anaconda/py2.7 )

o SH/TSH 7| (excel) vs ML

C:WUserstWgwihyWML_01

ML_excel Hanll.xls

Jupyter Notebook

ML_python_demo_Z2.ipynb
ML_python_demo.ipynb
ML_00_Basic_manipulation.ipynb

ML_01_tensorBoard.ipynb

Source : 322. ML python demo.pptx

OOoO0O0doooodooooan o i

ML_01_logistic_softmax.ipynb
ML_01_Linear_Regression.ipynb
ML_00_Basic_manipulation_2.ipynb
ML_01_one_hotipynb
ML_00_data_manipulation.ipynb
ML_01_learning_rate_x_data.ipynb
ML_00_imshow_lmage.ipynb
ML_00_Castipynb
ML_02_regression_housing.ipynb
ML _02_cnn_MMNIST.ipynb
ML_C1_NN_MNIST.ipynb
ML_01_Seqg_char_rmn.ipynb
ML_01_tensorBoard_MMNIST.ipynb
ML_01_learning_rate_mnist.ipynb
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322. ML_python_demo.pptx
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(322) ML python demo

- python / matplotlib /tensorflow
- numpy / tensorboard
- RelLu/ Xavier / droupout / adam
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430. Class Instance

 JAVA

* Python

 Arduino

Source :
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Source : A R && roc.xlsx
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cut off point = Sensitivity + ( 1 - False Positive Rate ) 7} 7}& 2 X|H
o] 7H&t MM 2o o| Bt 7|= ZOIE o|C}.

ROCO| A8 SH2 EMRY 19| 455 HludAL, §8 24 20X

9| Cut off & 7| 250 AtE gLt

Sensitivity (UZE) : TR SAXE Fe= & 7L (EM 2HO| 05 +F)
- True Positive Rate (TPR) =
Specificity (50|%) : &S HY2E =
- True Negative Rate(TNR) = d / (c + d)
Accuracy (BEE) : (a+d)/(a+b+c+d)
HUE) : PositiveZ 0|8t H =

Precision: a / (a + ¢)

g7t

M

Precision ( MHZ Positive@l H|&

ol = S o false
— sensitivity .

bmi 7|E | disease healthy [ sum positive  Jcut off point
24 1 1 52 53 1 1 1.0000
25 2 1 50 51 0.997 0.845 1.1521
26 3 1 46 47 0.995 0.696 1.2982
27 4 3 45 48 0.992 0.560 1.4324
28 5 6 44 50 0.984 0.426 1.5582
29 6 7 35 42 0.968 0.295 1.6729
30 7 33 24 57 0.949 0.190 1.7582
31 8 45 20 65 0.859 0.119 1.7404
32 9 55 11 66 0.738 0.060 1.6783
33 10 74 4 78 0.589 0.027 1.5624
34 P - N R PN
3 ROC CURVE OF BMI DATA
36 false positive false positive 4 (false positive) 419 (false positive)
37

14

38
39 12 y = 0.7180x + 0.5065
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Source : https://chaegoner.tistory.com/111 https://newsight.tistory.com/53
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Machine Learning 72

Artificial Intelligence Category Innovation Quadrant Venture Scanner

O ESTABLISHED HEAVYWEIGHTS

Speech to Speech
Translation

A Speech

Recognition

. . S t
« Machine Learning 8 7li'd ekl
= E] « SEAA 7|1} XI0
TR 7H = i I_I Iﬁ I- I- I Video Content ONLP
. Al, ML, DL, Data Mining, KM | ' easagition <l Gesture
7 Recognition
Context Aware 8
g Computing O (Platforms)
S Virtual ) -
E Recommendation O Assiutants Maigiztef::;lsr;mg
. H= 0:“5 O Engines Image Recognition
=TT, =1 é (Applications) Machine Learning
w (Applications)
. ofO|x| 914 > "
<
PIONEERS DISRUPTORS
O] Al
© Text 24 AVERAGE FUNDING ($M) >

Source : https://venturescannerinsights.wordpress.com/2016/11/18/artificial-intelligence-category-innovation-quadrant-g4/ a1
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Code %4g S! A< : Spyder, Jupyter

@ Spyder (Python 2.7)

File Edit Search Source Run Debug Consoles Projects Tools Wiew Help

O B%RiEe pEHBID G Muo==EppE BX £~

€ > |C:WUserngwihy

O3 249 (autosawed)

Editor — Cllzers¥gwibe P uwworks¥owthon_lec_ 01 _basic pyw & x Help ts Help

3 python_practice_01.py [ dicez. py [ python_lec_01_basic. pyw+ E £ Source Editor - Obiectl . -
f 2. Fa
3 Created on Mon Apr 1 11:09:14 2019
4

5 @author: gwihy

g "

7

8 import sys

]

10 input_list = sys.argv[1l:]
11 input_list.sort()

12 print(input list)

13

14

15

16

17

18

19

20

21my_str = "Hello this Is an Example With cased letters’
22

23

24

25

26

27 words = _str.split()
28

29

A0 words _sort()

31

32

33

34 print("The sorted words are:™)
25 for word in words:

36 print(word}

Wariable explorer File explorer Hy

IPwthon console
o Console 174 B

W], feed dict={W: feed W}

T

In [4]: my_str = "Hello this I

In [5]: words = my_str_.split()
w..: words.sort()
...: print("The sorted word
w..: for word in words:
P print{word)

The sorted words are:

Example

Hello

Is

With

an

cased

letters

this

W4
T
4

Source :
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Numpy AR DataRobot
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0O E:3sStudio ® python

Source : 44



Linear regression

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))

g ] o ° .. ....
... 0. o. .. i /
& - . o. I J1d1li8 & :/:./'/'
s o 1 3|7l “r (sl
= - R T 3l .
¢ ‘e T :/‘;“/ ... ° " Y92 - -
® ? :.;.//1/0,.?. ... .. ' o - - g
S — :'.f.:.’...:o.. 2 55 =
ol Sad ¢ .
w | &

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

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

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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Summary - 6 steps

nE
1248

Data *

Weight
bias

hypothesis » cost

e 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(W) = — Z{H:’E{f] _yliy2

Tri

(W- Z|Z7] * Ir)

‘ manual step :

= update

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

g4 AL

1 . L
W:=W — —E Wz — ()20
ami=1( o y)z

learning_rate = 0.1

gradient = tf.reduce mean((W * X - Y) * X)
descent = W - learning rate * gradient
update = W.assign(descent)

build graph in a session

sess.run(update) sess.run(train)

Source :
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Multi-variable Linear regression

x_data = [[20., 10., 5.1,
[22, 11., B.]1,
[24., 12., 7.]
[26., 13., 8.1,
[28., 14., 9.1]
y_data = [[65.],
[72.1.
[79.1.
[86.1,
[93.1]

# placehol/ders for a tensor that will be always fed.
X = tf.placeholder(tf.float32, shape=[None, 3])
Y tf.placeholder(tf.float32, shape=[None, 1])

W tf.Variable(tf.random_normal ([3, 1]}, name='weight')
b = tf.Variable(tf.random_normal([1]), name='bias')

# Hypothesis - h = T x1 + 2 x2 + 3 x3 + 10
hypothesis = tf.matmul (X, W) + b

# Simplified cost/loss function
cost = tf.reduce_mean(tf.square(hypothesis — Y))

House Price, $

Rooms, unit .

House Size, sqm

1010

https://medium.com/all-of-us-are-belong-to-machines/gentlest-intro-to-
tensorflow-part-3-matrices-multi-feature-linear-regression-30a81ebaaabc

Source :
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Logistic classification

xy = np.loadtxt('data-01-test-score.csv', delimiter='",", dtype=np.float32)

 data = xy[: . 0-1] Logistic Regression Model

y_data = xy[:, [-1]]

# Make sure the shape and data are OK
print(x_data.shape, x data, len(x data))
print(y_data.shape, y_data)

Happy

ﬁSad

# placeholders for a tensor that will be always fed.
X = tf.placeholder (tf.float32, shape=[None, 3])
Y = tf.placeholder(tf.float32, shape=[None, 1])

W= tf.Variable(tf.random_normal([3, 1]), name='weight')
b = tf.Variable(tf.random_normal([1]), name='bias')

Inputs: X1,X2,X3 || Weights: ©1,02,03 || Outputs: Happy or Sad

# Hypothesis
hypothesis = tf.matmul (X, W) + b @dataaspirant,com

http://dataaspirant.com/2017/03/02/how-loqistic-regression-model-works/

# Simplified cost/loss function
cost = tf.reduce_mean(tf.square(hypothesis — Y))

Source : 48
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Logistic & Softmax Classification

0{2] 7l Labels = 0|5

_—
Binary LR
—_—
Input @ — Qutput
—
—_—
Multiclass LR

p———p Qutput

preepy QUtPUT

r Output

XeWw}jos

@\‘ y_pred inference
@/' * —| 4 > f »>0.5
loss —— optimizer
J
y > =
accuracy

http://machinethink.net/blog/tensorflow-on-ios/

Source : https://cntk.ai/pythondocs/CNTK 103B MNIST LoqgisticRegression.html
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http://machinethink.net/blog/tensorflow-on-ios/

sigmoid

S | 51 o\ e |
W=5b=-8 - sigmoid ([1 1] IS] - B) = sigmoid(2) = 1 |
11 Hlidden 1
ayer
Hidden Y 2 7 —1171 . .\ L o
W=—2b=3 jayer 0 [+isigmoid([1_0][Z;,]+6) = sigmoia(-$) = 0,
Hidden
11 layer 0
——-1s:'gmﬂid([1 1] l:;] + 3) = sigmoid(—11) = I.']i
xy Xz Y1 Y2 y XOR 1 ——
0 0 0 1 0 0
0 1 0 0 1 1
1 0 0 0 1 1
1 1 1 0 0 0 2

Source : https://www.youtube.com/watch?v=kNPGXgzxoHw



https://www.youtube.com/watch?v=kNPGXgzxoHw

Linear regression vs Logistic classification

* hypothesis = x_train * W + b ‘

—/‘M z-—:/:.
- s - -
i o

T T

O SO
 cost = |

tf.reduce_mean(tf.square(hyp 1 Initial
cost(\W)

othesis - y_train))

hypothesis = tf.sigmoid(tf.matmul(X, W) + b)

1

09
08
07
06
05
04
03
02

# cost/loss function |
cost = -tfreduce_mean(yY *

tflog(hypothesis) + (1 - Y) * tflog(1 - ‘
hypothesis)) |

« optimizer =
tf.train.GradientDescentOptimizer(learning_rate=0.01)

« Xxy_train = optimizer.minimize(cost)

|

-log (1- h(x))

train =

tf.train.GradientDescentOptimizer(learning_rate=0.01).mi
nimize(cost)

hixf

Source :
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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 :



MLP & Back propagation

LS X, X717,

hidden layers

A

“local gradient”
= &
X

0z
A o> % oz
\(g:t{/g\v(/“ output layer dz\ f 7 >
S, ?"5‘\"~ % =
input layer ¢ \”""" ' Oy 0z

Q PINX \/
B~ EA

7 XK
'@
SNOR

o
7

4 o O gradients

1 A

https://www.cl.cam.ac.uk/archive/mjca/plans/Backpropagation.html

Source : https://becominghuman.ai/back-propagation-in-convolutional-neural-networks-intuition-and-code-714ef1¢c38199
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CNN Basics

ourput
C1 S]_ Cz 52 ny n; e
input feature maps feature mapsfeature mapsfeature maps output m ‘_“‘x\x
™~ T~
. ]
SN - @y N
0 ? 540 h S~
— A _ O 1 - H_\?__h“w._ m T~ T
Lz . \ AR K““-u____:“‘-m ]
= W SN [ ]
| - L] RN Lo ORI
SRS TS 1.7 ™
- - N N ERERE 1
convolution \ ) . \ fully LS TR 1.6
subsampling convolution 2x2 connected h“*-&;“x G 06
\ subsampling \ — > ‘ﬁ‘“}__ -1-6
feature extraction classificatior  inpur 32
max pooling Transfer Function
30
20 15 | 20 |-10 | 35 152 |0 |35
112| 37
12120]30| O 18 |-110 [ 25 | 100 0,0 18 | 0 |25 |100
8 12| 2
34170 37| 4 average poo"ng 20 -15 25 -10 — 20 0 25 0
1121100} 25| 12 \ 13| 8 101 | 75 [18 | 23 101 | 75 [18 | 23
79| 20

RelU Layer

Source : https://medium.com/data-science-group-iitr/building-a-convolutional-neural-network-in-python-with-tensorflow-d251c3ca8117
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XOR &XH| of 2 ( Backpropagation, CNN )

Paul 743 =0 H|A| : forward2 A|4t

Backpropagation
(1974, 1982 by Paul Werbos, 1986 by Hinton)

Training

- forward » “dog”
g == WK v labels
0
{),:;, _;, =? <& | “hyman face”

v - KA A

-<d o
g {argeN J backward error

« Hinton 86'30f X7 s 2 H|A|

. Electrical signal
' - ! . from brain
| — -

Recording electrode ———»

L} R N "'"""::.::'»

Simpie Cells: “llpohi' to light

orientation —
b
Complex Cells: Response to light Nil
nnnnn nhon & movement =
1% -«
BNl - s o e - .
Hypercomplex Cells R sponse to
movement with an end point \\ - & —H—W— .

oooooooo

Hubel & Wiesel, 1959

ot errorE backward 2 XIEsIHA =

3]

C1: leature maps
INPUT

2828
3232 6@ S2: 1. maps
6@14x14

Convolutions Subsampling

C3: 1. maps 16@10x10
S4

|
Full connection

Convolutions  Subsampling Full connection

“At some point in the late 1990s, one of these systems
was reading 10 to 20% of all the checks in the US.”

Convolutional Neural Networks

Gaussian connections

[LeNet-5, LeCun 1980]

nero| 10| WO mat [HE F 0| SHoHs HE B
LeCun : CNN HIA| : £ $EE sh4{stol IS0 2HA 5
o)

20| MHIE HE HO| OfL|2 BN FH0 Y A=

LH
=

o

Source : https://youtu.be/n7DNueHGkgE
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Tensorboard (Neural Net for XOR)

0 From TF graph, decide which tensors you want to log o™ A
w2_hist = tf.summary.histogram(“weights2", W2)

mjo
o}
Q
Q
=
Q
ot
=
ro
A
o
oot

cost_summ = tf.summary.scalar("cost"”, cost)

RE 2% g3

0 Merge all summaries

summary = tf.summary.merge_all()

Q Create writer and add graph

# Create summary writer

writer = tf.summary.FileWriter(‘./logs”’) « J|EE filel| K|
writer.add _graph(sess.graph)

o Run summary merge and add_summary
s, _ = sess.run([summary, optimizer], feed dict=feed_dict)
writer.add _summary(s, global step=global step)

9 Launch TensorBoard

tensorboard --logdir=./logs

5 steps of using
TensorBoard

i
o
ot

- Aef=F FIt

mmary L tensor 0|22
ol sess.run

mjo |kl
d02

terminal command

Source : https://youtu.be/ImrWZPFY{HM
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Tensorboard (Neural Net for XOR)

From TF graph, decide which tensors you want to log

Scalar tensors w2_hist = tf.summary.histogram("weights2", W2)

cost_summ = tf.summary.scalar(“cost”, cost)
cost_summ = tf.summary.scalar("cost", cosj/
| 2ol stLpol ghe e 79
1
l
| Histogram (multi-dimensional tensors)

\

m | T
| W“MWWNW»MW

l‘: 0.000 2000 400.0 600.0 800.0 1.000k 1,200k 1,400 1600k 1,800k  2.000% l :
W2 = tf.variable(tf.random_normal([2, 1]), name='weight2')
b2 = tf.variable(tf.random_normal([1]), name='bias2") _, ﬂ
hypothesis = tf.sigmoid(tf.matmul(layerl, W2) + b2) g& }

w2_hist = tf.summary.histogram("weights2", W2)

b2_hist = tf.summary.histogram("biases2", b2)

hypothesis_hist = tf.summary.histogram("hypothesis", hypot s)
P 7d
e

20| of2f 7H2| S HE AL
M weight?t 20 QICt7t, AL £3 Ao =2 Lixlo| B2E

Source : https://youtu.be/ImrWZPFY{HM
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Tensorboard (Neural Net for XOR)

name_scope 0| & &

Add scope for better
graph hierarchy

with tf.name_scope("layerl”) as scope:
W1l = tf.variable(tf.random_normal([2, 2]), name='weightl')
bl = tf.variable(tf.random_normal([2]), name='biasl')
layerl = tf.sigmoid(tf.matmul(X, W1) + bl)

wl_hist = tf.summary.histogram("weightsl™, W1)
bl_hist = tf.summary.histogram(“biasesl”, bl)
layerl_hist = tf.summary.histogram("layerl"”, layerl)

with tf.name_scope("layer2") as scope:
W2 = tf.variable(tf.random_normal([2, 1]), name='weight2')
b2 = tf.variable(tf.random_normal([1]), name='bigs2')
hypothesis = tf.sigmoid(tf.matmul(layerl, W2) + b2)

w2_hist = tf.summary.histogram(“weights2", W2)
b2_hist = tf.summary.histogram("biases2”, b2)
hypothesis_hist = tf.summary.histogram(“hypothesis"”, hypothesis)

train

(——

biast

.....

Source : https://youtu.be/ImrWZPFY{HM
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TensorBoard

divide_b_d
-

Scope_C

Scope_A/Add_1_5
Operation: Add

Attributes (1)
T {"type"'DT_INT32'}
Inputs (2)

O Scope_A/Add_1_5/x
O Scope_A/Add_1_5/y
Outputs (1)

<> Scope_A/multiply_a_4

Remove from main graph

Source :
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Analysis Flow

FEATURE
MATRIX

OPTIMIZER

INITIALIZE
VARIABLES WEIGHT
MATRIX

://irmever.qgithub.io/machinelearning/2016/02/01/TensorFlow-Tutorial.html



http://jrmeyer.github.io/machinelearning/2016/02/01/TensorFlow-Tutorial.html

Program

* python / tensorflow / tensorboard.py

- source 0| M log %], s CIMEE|0f| =X} local THY M/d, 2=0|M tensorboard A3, HE[2X{0f| A HH

1 ClolE Xz2| U &M 2" tensorboard - - : localhost:6006
* = logdir = ./board '

« CWUserstbeomcWAnaconda3 /envs/py35 /Lib/sitepackages

/ tensorflow / include /tensorflow

\J

t

g

3

o CWUsersWbeomcWAnaconda3 ~
Keras / tensorflow / contrib / tensorboard __pycache__

<‘D 3 plugins
TensorFlow Matplotlib graph ] ] _init_py

e e

Source : 61



9 layers 20| = Z1}7} L} 0| : backpropagation ( TH0] ZIO{X|H ZX| &M )

- x 7Ol DK EuE P

g . o]+ ol 72
e~ \ I . IocaI O >gExEOE =y
=
b/ —
. sigmoidE S48 7t S 18} He 2 shing gradient (NN winter2: 1986-2006)
* HOI 20E 5 vanishing gradient (~ 2006 ) ReLU: Rectified Linear Unit

« ReLU:0 EC} MZ AL THHE|, 0 ECt 3H O 2 ¥t

Az)
Sigmoid

RelLU

- L1 = tf.nn.relu(tf. matmul(X, W1) + b1)

Source : https://youtu.be/cKtg fpw88c 62



https://youtu.be/cKtg_fpw88c

weight Z=7|3}

Cost function

® We initialized the weights in a stupid way.

sigmoid

® Not all 0’s

® Challenging issue

® Hinton et al. (2006) "A Fast Learning Algorithm for Deep Belief Nets”
- Restricted Boatman Machine (RBM)

Source : https://youtu.be/4rCOsWrp3Uw
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NN dropout & model ensemble

Dropout: A Simple Way to Prevent Neural Networks Waaaait a second...
from Overfitting [Srivastava et al. 2014] How could this possibly be a good idea?

Forces the network to have a redundant representation.

Q— hasanear —X—__
O'i' has a tail —_— \\‘\
C)— is furry —X%——— cat
X ___—— score
has claws P
(a) Standard Neural Net (b) After applying dropout. Q ———  mischievous —X% ,/'//
look

TensorFlow implementation

Fei-Fei Li & Andrej Karpathy & Justin Johnson Lecture 6 - 53 25 Jan 2016
dropout_rate = tf.placeholder("float") What IS Ensem ble?
_L1 = tf.nn.relu(tf.add(tf.matmul(X, W1), B1)) —
L1 = tf.nn.dropout(_L1, dropout_rate) Data Set

v v

v
------
sess.run(optimizer, feed_dict={X: batch_xs, Y: batch_ys,

dropout_rate: 0.7})

Combiner

EVALUATION:

print "Accuracy:", accuracy.eval({X: mnist.test.images, Y: E;‘:;’c';fc’)'ﬁ

mnist.test.labels, dropout_rate: 1})

Source : https://youtu.be/wTxMsp22llc



https://youtu.be/wTxMsp22llc

NN, RelLu, Xavier, Dropout, and Adam

softmax classifier for MNIST : 90 % .
softmax classifier for MNIST :

90 %
NN for MNIST : 94 % Xavier for MNIST : 97.8 % Deep NN for MNIST : 97 %
Overfitting problem
# input place holders
X = tf.placeholder(tf.float32, [None, 784]) # weights & bias for nn layers
Y = tf.placeholder(tf.float32, [None, 10]) # http://stackoverflow.com/questions/33640581
# weights & bias for nn Layers Wl = t‘F'gEt-varlableg ‘I.“.', §hape=[784, 2".;6]’ 3 - 3
W1 = tf.Variable(tf.random normal([784, 256])) . initializer=tf.contrib.layers.xavier_initializer())
bl = tf.variable(tf.random_normal([256])) bl = tf.variable(tf.random_normal([256]))
L1 = tf.nn.relu(tf.matmul(X, W1) + bl) L1 = tf.nn.relu(tf.matmul(X, W1) + bl)
W2 = tf.variable(tf.random_normal([256, 256]))
b2 = tf.variable(tf.random_normal([256]))
L2 = tf.nn.relu(tf.matmul(Ll, W2) + b2) Wl = tf.get_vaf‘iable("WI", Shape=[784, 512])
W3 = tf.variable(tf.random_normal([256, 10])) Dropout for MNIST : 98 % bl = tf.Variable(tf.random_normal([512]))
b3 = tf.Variable(tf.random_normal([10])) L1 = tf.nn.relu(tf.matmul(X, W1) + bl)
hypothesis = tf.matmul(L2, W3) + b3 L1 = tf.nn.dropout(L1l, keep_prob=keep_prob)
# define cost/loss & optimizer s . oy 1 X
cost = tf.reduce_mean(tf.nn.softmax_cross_entro we : tf.getTvarlable( W2", shape=[512, 512])
logits=hypothesis, labels=Y)) b2 = tf.vVariable(tf.random_normal([512]))
optimizer = tf.train.AdamOptimizer(learning_rat L2 = tf.nn.relu(tf.matmul(L1l, W2) + b2)

L2 = tf.nn.dropout(L2, keep_prob=keep_prob)

# train my model
for epoch in range(training_epochs):

Source : https://youtu.be/6CCXyfvubvY
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Basics

D,

# One hot encoding
Tk h=1[1, 0, 0, 0]
e =[e, 1, o, 0] hidden size 27} 01X 17| I 20f| £ size &4S0| 2
L A 1 =10, 0,1, 0] - input dimension 4,
o =1[0, 0, 0, 1] - sequence length = series data
éD Hidden_size=2
sequence_length=5

[[[1,0,0,0]]]
shape=(1,1,4)

shape=(1,5,2): [[[x,x], [x,x], [x,x], [x,x], [x,x]]]

® ®© & o o
‘ 1 I I I I

> > > > >

®
i uls ol ol ol

Shape=(115)4): [[[lJe)e)e]J [e)l)e’e]) [9,6,1,6], [9,9)116]) [0,6,6,1]]]
h o 1 1 o

L

Source : https://youtu.be/B5GtZuUvujQ
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RNN

Character-level
language model
example

Vocabulary:
he,l0]

Example training
sequence:
“hello”

hy = tanh(Whphi—g + Wypzy)

hidden layer

input layer

input chars:

03 [0 |04 |y /03
Q1 {03 {05 | 09
09 [ot| |03% |07
L e
1 0 0 0
0 1 0 0
0 0 1 1
0 0 0 0
IR

target chars: ‘e’

output layer

hidden layer

input layer

input chars:

T W_hy

0.3

-0.1
0.9

1
0
0
0
“h”

\ 4

o “o"
0.1 0.2
0.5 -1.5
1.9 -0.1
-1.1 2.2

I W_hy
0.1 -0.3

05— 09
-0.3 0.7
0 0
0 0

1 1
0 0
ur! M'l'

Source : https://youtu.be/-SHPG KMUkQ
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RNN

MY 9|9

If you connect a convolution neural network, with pre-trained RNN. The RNN will be a
it "see" on the image.

Recurrent Neural |

“straw” “hat” END

START “straw” “hat”

Convolutional Neural Network

Basically we get a pre-trained CNN (ie: VGG) and connect the second-to-last FC layer and connect to a
RNN. After this you train the whole thing end-to-end.

test image

h0

— [ 11

<STA
RT>

‘man in black shirt is playing
quitar.’

<START>

Source : https://leonardoaraujosantos.qgitbooks.io/artificial-inteligence/content/recurrent neural networks.html
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linear regression — logistic — softmax classfication

hypothesis

optimizer &
training

linear regression

logistic classification

CNN

RNN

=xtrain*W+ b

g(z) =1/ (1+exp —2)

= tf.reduce_mean (tf.square(
hypothesis — y_train ))

= -y log( hx) - (1-y)log(1-hx)

= tf.train.GradientDescent
Optimizer(learning_rate=0.1)

train = optimizer.minimize
(cost)

Source :
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HX, tfSession()M|A] 2= E A|Ef
SessionZi = IO[M Zix| e} TIO|H, 2K 2| HEZ|7F EE A= A 2HE ALO|
o2 HIfELD 99| ZE0 A& Session K| E sess = tfSession() O FIZH LY,
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st HA

Z AL 512 ¥ (Gradient Descent) X| X3} &4

2 S0 £ E Tasohs ChYe Xt E12|ES0| /ULt 718 29| At == EUEFlEE 78

— o
Xlo| HEol ciet =22 BAHZI=7I)E Ol&¢t BAl 5tZE(gradient descent)O| RULCE.

WeW—ng—é}

m=051 bw=-272

Error = 62.40 15

10 '

0o -5 -10 -15 .
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(ZX: Ghipy)

Source : https://excelsior-cjh.tistory.com/151
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Linear Regression

Excel H| 11

Logistic Classification, sigmoid

Bias & 4%

Soft Max

TensorBoard

Normalization, Xavier

Neural Network for MNIST

CNN

RNN

Source :

72



Linear Regression

Hypothesis — Cost function

Optimization

vertical offset

[¥-vl \

y (response variable)

)
/

w, (intercept)

m

Cost(W) = Z(W&:i —y)’

1

x (explanatory variable)

Initial

cost(W)

1 Try ) ) )
W :i=W —a— E W (® — 4@y (E)
r_xm (W y N

i=1

learning rate = 0.1

j— Gradient | gpadient = tf,reduce_mean((W * X - Y) * X)

descent = W - learning rate * gradient
update = W.assign(descent)

Global cost minimum
Jmin(w)

>

hypothesis = x_train * W + b

cost = tf.reduce_mean(tf.square(hypothesis - Y))
# Minimize: Gradient Descent Magic

optimizer = tf.train.GradientDescentOptimizer(learning rate=0.1)
train = optimizer.minimize(cost)

Source :
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linear regression

import tensorflow as tf

X_train = [1,2,3, 5]
y_train = [2, 4, 6, 10]

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

hypothesis = x_train*W + b

cost = tfreduce_mean(tf.square(hypothesis - y_train))

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

sess = tf.Session()
sess.run(tf.global_variables_initializer())

for step in range(201) :
sess.run(train)
if step % 20 ==0:
print(step, sess.run(cost), sess.run(W), sess.run(b))

o DH2 Test0] =

+ bias 7 2 4%

2
(=)

Source :
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sigmoid

Odds(p) == —2—

1-p

lds(p)Ql ¥el= (0,00)0] €Lt Oa
O|CF. lﬂg(OddS(p))Dl =RV 4

log(Odds(p)) = wz + b

2 9T} 9| A2 p2 Hel5HH C+31

x GOt ==
A= OF|CH

SUI0IHE & 2Ush= A|J20|E &40l wet bE

I:I

*Yy= H(x) - 1+4+e—(Wx+b)
* w = 1,0072499

b = — 5.4476051

Source : https://icim.nims.re.kr/post/easyMath/64
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Logistic Classification

‘ Hypothesis — Cost function | ‘ Optimization |

3 U= o ==l )

Loss

1 2]
_ -log(h(x)) -log(1-h(x))
9(2) = - \

1+e

-log (h(x))

h(z) ! -log (1- h(x))

-tf.reduce_mean(Y * tflog(hypothesis) + (1 - Y) * tflog(1 - hypothesis))

tf.sigmoid(tfmatmul(X, W) + b)

05

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

h(x

Source : 76



Logistic Classification

z A At
tf.sigmoid(tfmatmul(X, W) + b) . I 1
Input ayer output
e W Weight, Bias
Cwa ) (0 N | | a>
[2, 3],
[3, 1], E g } O\ (z) B ]. /"0
LB 3, ) C > O
[6, 2]] . J ®/
(6,2) (21) \
3.: v
25 Cost Function or Loss
o Optimizer
o train = tf.train.GradientDescentOptimizer(learning_rate=0.01).minimize(cost)
Source :
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logistic classification

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

x_data = [[1, 2], [2, 3], [3, 1], [4, 3] [5 3] [6 2]]
y_data = [[0], [0], [O], [1]. [1] [1]]

# placeholders for a tensor that will be always fed.
X = tfplaceholder(tf.float32, shape=[None, 2])
Y = tfplaceholder(tf.float32, shape=[None, 1])

W = tfVariable(tf.random_normal([2, 1]), name="weight')
b = tfVariable(tfrandom_normal([1]), name="bias")

# Hypothesis using sigmoid: tf.div(1., 1. + tf.exp(tfmatmul(X, W)))
hypothesis = tf.sigmoid(tf.matmul(X, W) + b)

cost = -tfreduce_mean(Y * tflog(hypothesis) + (1 - Y) * tflog(1 - hypothesis))
train = tf.train.GradientDescentOptimizer(learning_rate=0.01).minimize(cost)
# Accuracy computation / # True if hypothesis>0.5 else False

predicted = tf.cast(hypothesis > 0.5, dtype=tffloat32)
accuracy = tfreduce_mean(tf.cast(tf.equal(predicted, Y), dtype=tf.float32))

# Launch graph

with tf.Session() as sess:
# Initialize TensorFlow variables
sess.run(tf.global_variables_initializer())

for step in range(1001):
cost_val, _ = sess.run([cost, train], feed_dict={X: x_data, Y: y_data})
if step % 200 == O:

print(step, cost_val)

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

print("#WnHypothesis: ", h, "WnCorrect (Y): ", ¢, "#nAccuracy: ", a)

Q : cost function2 Of2ff 2 BHASIH T 22 Z1tel7t 2

cost = tfreduce_mean(-tfreduce_sum(Y * tflog(hypothesis), axis=1))

Source :
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Softmax

y Gl 20| 0~1 AfO] of2{ 7jo0|0,

et 10| £| = gt softmax

_—
Binary LR

—
Input @ — QUtput

R —

—_—

Multiclass LR

pey QUTPUL

pepy QUTtPUL

XeW1JO0S

pep QUtPUL

Y

loss

— optimizer

—"’I—P >0.5

inference

»| =

accuracy

Source :
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Softmax : logitE &rOfA| sigmoid ¢f 0| CHA| FA| & 7|& Z4Z2| H|E ALt

1
z = ttmatmul (X, W) + B g{z} - Hypothesis softmax
1+e”
Input 2t} weight tf.sigmoid(tf.matmul(X, W) + b) tf.nn.softmax(tf.matmul(X,W) +b)
WRUT 106\ cTakyt \-HOT
hypothesis = tf.nn.softmax(tf.matmul(X,W)+b) X & | S0Y __— LABELS
LNERR 4 '
I L - g
I;CL):!;SS‘Z\ECK i lo —JO.} f\DDc Z,O 0. } C?S\?:D?\/ 0
XW >/ e* 0.2 g ‘ >
\J/ = \o ! S ) 2 — - 0. ) e
tf.matmul (X,W)+b J | ‘ y /
0\ — ..30-
CORES > PN)BHBiL\T)ES
- o.l 0.l 0.0

Source : 30



Softmax cost function H| !

logits = tf.matmul(X, W) + b

hypothesis =

# Cross entropy cost/lLoss

cost = tf.reduce_mean(-tf.

(=]
220l

-tfreduce_mean(Y * tflog(hypothesis) + (1 - Y) * tflog(1 - hypothesis))

tf.nn.softmax(logits) K///

\nJC
bwe !

reduce_sum(Y * tf.log(hypothesis), axis=1))

Cross-entropy cost function

@ log(x)

YLt il = TLax-epld)
=t o O — __.\,a%
\Y__E‘ l, A =3

. o
T2 a5 [9]e 1 U Lﬂ 210,
AT 00, [0 1e 1wl ] - Tl =22 £

Source :
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Softmax

logits = tf.matmul(X, W) + b
hypothesis = tf.nn.softmax(logits)

-tfreduce_mean(Y * tflog(hypothesis) + (1 - Y) * tflog(1 - hypothesis))

a 55 -y V\OE

# Cross entropy cost/loss
cost = tf.reduce_mean(-tf.reduce_sum(Y * tf.log(hypothesis), axis=1))

Cross entropy cost/loss

labels=Y_one_hot)

L ost_i = tf.nn.softmax_cross_entropy_with_logits(logits=logits,

cost = tf.reduce_mean(cost_i)

Cross-entropy cost function

& loglx)

)L tee) T2 ki leglga) = 3 Lax —leq (50
- _— O - '_'\'G%‘
AL 1@;&‘%»_

1
#’—:iﬂ\"sw\‘“; ° @ 1 IX Fb} le%
X ALV O, [ 1ol - T lele) -T2 o0 £

Source : 82



Softmax

Hypothesis — Cost function Optimization

logits = tf.matmul(X, W) + b
hypothesis = tf.nn.softmax(logits)

cost_i = tf.nn.softmax_cross_entropy with_logits(logits=logits,
labels=Y_one_hot)
cost = tf.reduce_mean(cost_i)

optimizer = tf.train,GradientDescentOptinizer(learning rate=0.1).minimize(cost)

Source : 83



softmax & argmax

x_data W
4 )
[1, 2]
1,2 31 (1 2] [6,12]
[2, 3, 4]] ’ [9, 18]
[1, 2]
\- _/
Source :
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softmax & argmax

Output 3F2| &=
z A4t
tf.sigmoid(tfmatmul(X, W) + b)
output
x data W
Weight,/Bias softmax
A : —'Ee
L 12,2,7] OO0 @@@ o oo
[0, 1, 0],
:[???] OO0 [0, 1, 0],
21 V] — [0, 1, 0],
Ner 7 elele 1,00
000 — 1 ool
. J -

/

Cost Function or Loss
( None, 4) (4, 3) —

Optimizer

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

Source : 85



softmax & argmax

# Launch graph
with tf.Session() as sess:

import tensorflow as tf
tf.set_random_seed(123) # for reproducibility

X = tf.placeholder("float", [None, 4])
Y = tfplaceholder("float", [None, 3])
nb_classes = 3

W = tfVariable(tf.random_normal([4, nb_classes]), name="weight’)
b = tfVariable(tfrandom_normal([nb_classes]), name="bias")

# tf.nn.softmax computes softmax activations
# softmax = exp(logits) / reduce_sum(exp(logits), dim)

hypothesis = tf.nn.softmax(tf.matmul(X, W) + b)

# Cross entropy cost/loss
cost = tfreduce_mean(-tf.reduce_sum(Y * tflog(hypothesis), axis=1))

optimizer =
tf.train.GradientDescentOptimizer(learning_rate=0.1).minimize(cost)

sess.run(tf.global_variables_initializer())

for step in range(2001):
_, cost_val = sess.run([optimizer, cost], feed_dict={X: x_data, Y: y_data})

if step % 200 == 0:

print(step, cost_val)

# Testing & One-hot encoding

a = sess.run(hypothesis, feed_dict={X: [[1, 11, 7, 9]]})
print(a, sess.run(tf.argmax(a, 1)))

b = sess.run(hypothesis, feed_dict={X: [[1, 3, 4, 3]]})
print(b, sess.run(tf.argmax(b, 1)))

c = sess.run(hypothesis, feed_dict={X: [[1, 1, 0, 1]]})
print(c, sess.run(tf.argmax(c, 1)))

all = sess.run(hypothesis, feed_dict={X: [[1, 11,7, 9], [1, 3, 4, 3], [1, 1, O, 11]})

print(all, sess.run(tf.argmax(all, 1)))

Source :



NN for MNIST

import tensorflow as tf
import matplotlib.pyplot as plt
import random

from tensorflow.examples.tutorials.mnist import input_data
tf.set_random_seed(123) # reproducibility

# Check out https://www.tensorflow.org/get_started/mnist/beginners
for

# more information about the mnist dataset

mnist = input_data.read_data_sets("MNIST_data/", one_hot=True)

# input place holders
X = tfplaceholder(tf.float32, [None, 784])
Y = tfplaceholder(tf.float32, [None, 10])

# weights & bias for nn layers
W = tfVariable(tf.random_normal([784, 10]))
b = tfVariable(tf.random_normal([10]))

# parameters

learning_rate = 0.001

batch_size = 100

num_epochs = 10

num_iterations = int(mnist.train.num_examples / batch_size)

hypothesis = tfmatmul(X, W) + b

# define cost/loss & optimizer
cost = tfreduce_mean( tf.nn.softmax_cross_entropy_with_logits_v2(
logits=hypothesis, labels=tf.stop_gradient(Y)
)
)

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

correct_prediction = tf.equal(tfargmax(hypothesis, axis=1), tfargmax(Y, axis=1))
accuracy = tfreduce_mean(tf.cast(correct_prediction, tf.float32))

# train my model

with tf.Session() as sess:
# initialize
sess.run(tf.global_variables_initializer())

for epoch in range(num_epochs):
avg_cost =0

for iteration in range(num_iterations):
batch_xs, batch_ys = mnist.train.next_batch(batch_size)
_, cost_val = sess.run([train, cost], feed_dict={X: batch_xs, Y: batch_ys})
avg_cost += cost_val / num_iterations

Source :
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linear regression — logistic — softmax classfication

linear regression

logistic classification

softmax

hypothesis

optimizer &
training

=xtrain*W+ Db

gz =1/ (1+exp -2)

hypothesis =
tf.sigmoid(tf.matmul(X, W) + b)

logits = ttmatmul(X, W) + b
hypothesis = tf.nn.softmax(logits)

= tf.reduce_mean (tf.square(
hypothesis — y_train ))

= -y log( hx) - (1-y)log(1-hx)

cost = tfreduce_mean(-tf.reduce_sum(Y *
tf.log(hypothesis), axis=1))

cost_i = tf.nn.softmax_cross_entropy _with_logits_v2(logits=logits,
labels=tf.stop_gradient ([Y_one_hot]))

cost = tfreduce_mean(cost_i)

optimizer =

tf.train.GradientDescentOptimizer(learning_rate=0.1)

train = optimizer.minimize(cost)

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

Source : 320. ML_algorithm_code_summary
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NN, RelLu, Xavier, Dropout, and Adam

softmax classifier for MNIST : 90 %

NN for MNIST : 94 %

softmax classifier for MNIST :
90 %

Xavier for MNIST : 97.8 %

#
X
Y

i

Wl
bl
L1

W2
b2
L2

W3
b3

input place holders
tf.placeholder(tf.float32, [None, 784])
tf.placeholder(tf.float32, [None, 10])

weights & bias for nn Layers

tf.
tf.
tf.

tF:
tf.
tf.

15 3
tf.

ypotiesis ="t atmual(L2, W3 )+ U3

# define cost/lLoss & optimizer

Variable(tf.random_normal([784, 256]))
Variable(tf.random_normal([256]))
nn.relu(tf.matmul(X, W1) + bl)

Variable(tf.random_normal([256, 256]))
Variable(tf.random_normal([256]))
nn.relu(tf.matmul(Ll, W2) + b2)

Variable(tf.random_normal([256, 10]))
Variable(tf.random_normal([1@]))

cost = tf.reduce_mean(tf.nn.softmax_cross_entro

logits=hypothesis, labels=Y))

optimizer = tf.train.AdamOptimizer(learning_rat

Deep NN for MNIST : 97 %
Overfitting problem

# weights & bias for nn layers

# http://stackoverflow.com/questions/33640581

W1l = tf.get_variable("w1", shape=[784, 256],
initializer=tf.contrib.layers.xavier_initializer())

tf.variable(tf.random_normal([256]))

tf.nn.relu(tf.matmul(X, W1) + bl)

bl
L1

Dropout for MNIST : 98 %

hypothesis = tfmatmul(L2, W3) + b3

Wl
bl
L1

tf.get_variable("W1", shape=[784, 512])
tf.Variable(tf.random_normal([512]))
tf.nn.relu(tf.matmul(X, W1) + bl)

L1 = tf.nn.dropout(Ll, keep_prob=keep_prob)

W2
b2
L2

tf.get_variable("W2", shape=[512, 512])
tf.Variable(tf.random_normal([512]))
tf.nn.relu(tf.matmul(Ll, W2) + b2)

L2 = tf.nn.dropout(L2, keep_prob=keep_prob)

# train my model
for epoch in range(training_epochs):

Source : https://youtu.be/6CCXyfvubvY
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LR w/ Xavier, Normalized

softmax classifier for MNIST : 90 %

Xavier for

# weights & bias for nn layers

# http://stackoverflow.com/questions/33640581

Wl = tf.get_variable("wW1", shape=[784, 256],
initializer=tf.contrib.layers.xavier_initializer())

tf.variable(tf.random_normal([256]))

tf.nn.relu(tf.matmul(X, W1) + bl)

bl
L1

nn

hypothesis = tfmatmul(L2, W3) + b3

Source :
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CNN

B Popular CNN Architectures
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LSTM
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Source : http://infosec.pusan.ac.kr/wp-content/uploads/2017/11/CNN-and-RNN-%EC%9D%B4%EB%A1%AQ.pdf
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RNN
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Source : https://ratsgo.qgithub.io/natural%20language%20processing/2017/03/09/rnnlstm/
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RNN
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CNN basic

%matplotlib inline b
import numpy as np <matplot b, image, Axesimage at Oxlebeddcyf
import tensorflow as tf 05
import matplotlib.pyplot as plt -
sess = tfInteractiveSession() 05
image = np.array([[[[1],[2],[3]], Lo
[[4].[5],[6]],
[[7],[8],[9111], dtype=np.float32) 15

print(image.shape)

plt.imshow(image.reshape(3,3), cmap="'Greys') 20

25
=05 00 05 10 15 20 25

Source :



CNN Basics
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Source : http://taewan.kim/post/cnn/ ** https://www.oreilly.com/library/view/learning-tensorflow/9781491978504/ch04.html
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CNN Basics

stride 2, conv = weight filter A4t o]

Input Volume (+pad 1) (7x7x3)

Filter WO (3x3x3)
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Filter W1 (3x3x3) Output Volume (3x3x2)

wl[:,:,0] ole,2,0] —
1 11 1 [] 2 -1+(-2)+@2-1)+1=-1
0 -1 1 4 1 1
0 0 1 3 5 6 Table of Contents:
wll[:,:,1] ol:,:1,1]
1 1 0 3 4 2 e Architecture Overview
1 0 -1 o 23 = ConvNet Layers
00 0 5 3 1 o Convolutional Layer

o Pooling Layer
wll:,:,2] .
1 -1 -1 o Mormalization Layer
10 1 o Fully-Connected Layer

nected Layers to Convolutional Layers

0 1 -1

Bias b1 (1x1x1)
b1[z,:,0]

0

Studies (LeMet / AlexNet / ZFMNet / GoogleNet / WGEGNet)

= Additional References
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Convolutional Neural Networks (CNNs / ConvNets)

CS231n: Convolutional Neural Networks for Visual Recognition
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Source : ** http://cs231n.qgithub.io/convolutional-networks/ CS231n Convolutional Neural Networks for Visual Recognition 99
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CNN : it takes too much time

import tensorflow as tf

import numpy as np

import random

# import matplotlib.pyplot as plt

from tensorflow.examples.tutorials.mnist import input_data
tf.set_random_seed(777) # reproducibility

mnist = input_data.read_data_sets("MNIST_data/", one_hot=True)
# Check out https://www.tensorflow.org/get_started/mnist/beginners for
# more information about the mnist dataset

# hyper parameters
learning_rate = 0.001
training_epochs = 1 # 15
batch_size = 100

# input place holders

X = tfplaceholder(tf.float32, [None, 784])

X_img = tfreshape(X, [-1, 28, 28, 1]) # img 28x28x1 (black/white)
Y = tf.placeholder(tf.float32, [None, 10])

# L1 Imgln shape=(?, 28, 28, 1)

W1 = tfVariable(tfrandom_normal([3, 3, 1, 32], stddev=0.01))
# Conv -> (7, 28, 28, 32)

# Pool -> (2,14, 14, 32)

L1 = tfnn.conv2d(X_img, W1, strides=[1, 1, 1, 1], padding='SAME")
L1 = tfnn.relu(L1)
L1 = tfnn.max_pool(L1, ksize=[1, 2, 2, 1], strides=[1, 2, 2, 1],

padding="SAME')

Tensor("Conv2D:0", shape=(?, 28, 28, 32), dtype=float32)
Tensor("Relu:0", shape=(?, 28, 28, 32), dtype=float32)
Tensor("MaxPool:0", shape=(?, 14, 14, 32), dtype=float32)

# L2 Imgln shape=(?, 14, 14, 32)
W2 = tfVariable(tf.random_normal([3, 3, 32, 64], stddev=0.01))
# Conv ->(?, 14, 14, 64)
#  Pool ->(?, 7,7, 64)
L2 = tfnn.conv2d(L1, W2, strides=[1, 1, 1, 1], padding="SAME')
L2 = tfnn.relu(L2)
L2 = tfnn.max_pool(L2, ksize=[1, 2, 2, 1],
strides=[1, 2, 2, 1], padding="SAME')
L2_flat = tfreshape(L2, [-1, 7 * 7 * 64])

Tensor("Conv2D_1:0", shape=(?, 14, 14, 64), dtype=float32)
Tensor("Relu_1:0", shape=(?, 14, 14, 64), dtype=float32)
Tensor("MaxPool_1:0", shape=(?, 7, 7, 64), dtype=float32)
Tensor("Reshape_1:0", shape=(?, 3136), dtype=float32)

Source :
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CNN : it takes too much time

# L2 Imgln shape=(?, 14, 14, 32) # train my model

W2 = tfVariable(tfrandom_normal([3, 3, 32, 64], stddev=0.01)) print('Learning started. It takes sometime.")

# Conv ->(2, 14, 14, 64) for epoch in range(training_epochs):

#  Pool ->(?, 7,7, 64) avg_cost = 0

L2 = tfnn.conv2d(L1, W2, strides=[1, 1, 1, 1], padding='SAME') total_batch = int(mnist.train.num_examples / batch_size)

L2 = tfnn.relu(L2) .
L2 = tf.nn.max_pool(L2, ksize=[1, 2, 2, 1], strides=[1, 2, 2, 1], padding='SAME') for i in range(total_batch):

L2_flat = tfreshape(L2, [-1, 7 * 7 * 64]) batch_xs, batch_ys = mnist.train.next_batch(batch_size)
feed_dict = {X: batch_xs, Y: batch_ys}
Tensor("Conv2D_1:0", shape=(?, 14, 14, 64), dtype=float32) ¢, _ = sess.run([cost, optimizer], feed_dict=feed_dict)
Tensor("Relu_1:0", shape=(?, 14, 14, 64), dtype=float32) avg_cost += c / total_batch
Tensor("MaxPool_1:0", shape=(?, 7, 7, 64), dtype=float32)
Tensor("Reshape_1:0", shape=(?, 3136), dtype=float32) print('Epoch:’, '%04d" % (epoch + 1), 'cost =', '{..9f}".format(avg_cost))
# Final FC 7x7x64 inputs -> 10 outputs print('Learning Finished!)
W3 = tf.get_variable("W3", shape=[7 * 7 * 64, 10],

initializer=tf.contrib.layers.xavier_initializer()) # Test model and check accuracy
b = tfVariable(tfrandom_normal([10])) correct_prediction = tf.equal(tf.argmax(logits, 1), tfargmax(y, 1))
logits = tfmatmul(L2_flat, W3) + b accuracy = tfreduce_mean(tf.cast(correct_prediction, tf.float32))

print('Accuracy:’, sess.run(accuracy, feed_dict={
# define cost/loss & optimizer X: mnist.test.images, Y: mnist.test.labels}))
cost = tfreduce_mean(tf.nn.softmax_cross_entropy_with_logits(
logits=logits, labels=Y)) # Get one and predict

optimizer = tftrain.AdamOptimizer(learning_rate=learning_rate).minimize(cost)| = random.randint(0, mnist.test.num_examples - 1)
print("Label: ", sess.run(tf.argmax(mnist.test.labels[r:r + 1], 1)))

# initialize print("Prediction: ", sess.run(
sess = tfSession() tfargmax(logits, 1), feed_dict={X: mnist.test.images|r:r + 11}))
sess.run(tf.global_variables_initializer())

# pltimshow(mnist.test.images[r:r + 1].

# reshape(28, 28), cmap='Greys', interpolation="nearest')

# plt.show()
Source :
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CNN

Learning started,
Epoch: 0001 cost
Epoch: 0002 cost
Epoch: 0003 cost
Epoch: 0004 cost
Epoch: 0005 cost
Epoch: 000B cost
Epoch: 0007 cost
Epoch: 0008 cost
Epoch: 0008 cost
Epoch: 0010 cost
Learning Finished!
doocuracy s 0.9378
Label: [B]
Prediction: [8]

It takes sometime.
361484106
092666151
BEITETT3
0B5014879
046633794
039136043
033734922
(29938363
026493469
022644098

0

L= e e - o e e e e

Learning started.
Epoch: 0001 cost
Epoch: Q002 cost
Epoch: 0003 cost
Epoch: 0004 cost
Epoch: Q005 cost
Learning Finished!
dccuracy . 0.9805
Label: [0]
Prediction: [0]

It takes sometime.,

0.360349696
0. 091666671
0.069225826
0.057063460
0.048663615

Source :



Basics

hel=fw (ht—h 33t)

new state old state input

RNN Basic@ 2 Vanilla AF2
st W * x

sigmoid L4t tanh

ht = C}2 state A AH0]] AFR

(Vanilla) Recurrent Neural Network

The state consists of a single “hidden” vector h:

y

£3-

y = Al&HE hto]l CHE W 0|8 L

37l weight Whh, Wxh, Why 7} A cellof| A S

hy = fW(ht—la 33t)
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Yt = Whyht

Why whh (h)
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|

hy = tanh(Wpphe 1 + Wopzy)
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—

- © o

Notice: the same function and the same set
of parameters are used at every time step.

Source : https://youtu.be/-SHPG KMUkQ
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RNN

import tensorflow as tf
import numpy as np outputs, _states = tf.nn.dynamic_rnn(

cell, x_one_hot, initial_state=initial_state, dtype=tffloat32)
tf.set_random_seed(123) # reproducibility

# FC layer

tf.reset_default_graph() # correct an error : Variable rnn/basic_lstm_cell/kernel already X_for_fcyz tf.reshape(outputs, [-1, hidden_size])

exists outputs = tf.contrib.layers.fully_connected(outputs, num_classes,
activation_fn=None)

sample = " if you want you"

idx2char = list(set(sample)) # index -> char # reshape out for sequence_loss

char2idx = {c: i for i, c in enumerate(idx2char)} # char -> idex outputs = tfreshape(outputs, [batch_size, sequence_length, num_classes])

# hyper parameters weights = tf.ones([batch_size, sequence_length])

dic_size = len(char2idx) # RNN input size (one hot size) sequence_loss = tf.contrib.seg2seq.sequence_loss(

hidden_size = len(char2idx) # RNN output size logits=outputs, targets=Y, weights=weights)

num_classes = len(char2idx) # final output size (RNN or softmax, etc.) loss = tf.reduce_mean(sequence_loss)

batch_size = 1 # one sample data, one batch train = tftrain.AdamOptimizer(learning_rate=0.1).minimize(loss)

sequence_length = len(sample) - 1 # number of Istm rollings (unit #)
prediction = tfargmax(outputs, axis=2)
sample_idx = [char2idx[c] for c in sample] # char to index

x_data = [sample_idx[:-1]] # X data sample (0 ~ n-1) hello: hell with tf.Session() as sess:
y_data = [sample_idx[1:]] # Y label sample (1 ~ n) hello: ello sess.run(tf.global_variables_initializer())
for i in range(50):

X = tfplaceholder(tf.int32, [None, sequence_length]) # X data l, _ = sess.run([loss, train], feed_dict={X: x_data, Y: y_data})
Y = tfplaceholder(tfint32, [None, sequence_length]) # Y label result = sess.run(prediction, feed_dict={X: x_data})
x_one_hot = tfone_hot(X, num_classes) # one hot: 1->0100000000
cell = tf.contrib.rnn.BasicLSTMCell( # print char using dic

num_units=hidden_size, state_is_tuple=True) result_str = [idx2char[c] for c in np.squeeze(result)]
initial_state = cell.zero_state(batch_size, tf.float32) print(i, "loss:", I, "Prediction:", " join(result_str))

Source : 104



Summary

linear regression

logistic classification

CNN

RNN

hypothesis

=xtain*W+ b

g =1/ (1+exp -2)
= tfsigmoid(tfmatmul(X, W) +
b)

cost

= tf.reduce_mean (tf.square(
hypothesis — y_train ))

-y log( hx) - (1-y)log(1-hx)
= -tfreduce_mean(Y *
tflog(hypothesis) + (1 - Y) *
tflog(1 - hypothesis))

optimizer &
training

optimizer = = tf.train.GradientDescent Optimizer(learning_rate=0.1)

xy_train = optimizer.minimize (cost)

for step in range(2001):
sess.run(xy_train)

T [ — —~ ~
# ASK my score

print("Your score will be

' sess.run(

hypothesis, feed_dict={X: [[100, 70, 101]11}))

Source :
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linear regression — logistic

linear regression logistic classification

g(2) = 1/ (T+exp -2)
. — M *
hypothesis = X_train * W + b = tf.sigmoid(tfmatmul(X, W) + b)

-y log( hx) - (1-y)log(1-hx)
cost = tf.reduce_mean (tf.square( hypothesis —y_train )) = -tfreduce_mean(Y * tflog(hypothesis) + (1 - Y) *

tflog(1 - hypothesis))

. optimizer = tf.train.GradientDescent Optimizer(learning_rate=0.1)
optimizer &
training xy_train = optimizer.minimize (cost)

for step in range(2001):

sess.run(xy_train)

Source : 106



Multi-variable Linear regression : ask my score

# Multi-variable linear regression

import tensorflow as tf

import numpy as np

tf.set_random_seed(123) # for reproducibility

xy = np.loadtxt('data-01-test-score.csv', delimiter=",,
dtype=np.float32)
x_data = xy[;, 0:-1]
y_data = xy[, [-1]]

# Make sure the shape and data are OK
print(x_data.shape, x_data, len(x_data))
print(y_data.shape, y_data)

# placeholders for a tensor that will be always fed.
X = tfplaceholder(tf.float32, shape=[None, 3])

Y = tfplaceholder(tf.float32, shape=[None, 1])

W = tfVariable(tf.random_normal([3, 1]), name="weight'’)
b = tfVariable(tf.random_normal([1]), name="'bias’)

# Hypothesis

hypothesis = tfmatmul(X, W) + b

# Simplified cost/loss function

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

# Minimize : learning_rate=1e-5, 2000 Cost = 64.67786 / Ir = 0.001 : 2000
cost = nan /.00001 : 3000 cost = 6.54

optimizer = tf.train.GradientDescentOptimizer(learning_rate=0.00001)

train = optimizer.minimize(cost)

# Launch the graph in a session.

sess = tf.Session()

# Initializes global variables in the graph.
sess.run(tf.global_variables_initializer())

for step in range(3001):
cost_val, hy_val, _ = sess.run(
[cost, hypothesis, train], feed_dict={X: x_data, Y: y_data})
if step % 50 == 0:
print(step, "Cost: ", cost_val, "#nPrediction:#n", hy_val)

# Ask my score
print("Your score will be ", sess.run(
hypothesis, feed_dict={X: [[100, 70, 10111}))

print("Other scores will be ", sess.run(hypothesis,
feed_dict={X: [[60, 70, 110], [90, 100, 8011}))

Source :




logistic softmax classification (0{2] 7if Labels 5 0| %)

N = V13, 2; 1, 3]s (2% 3,2]s 13,3 3;4); 198::%: 5,:5); 13, %5 5:5);
[1) 2) 5) 6]) [1’ 6) 6) 6]’ [1’ 7) 7’ 7]]
y_data = [[e, o, 1], [e, e, 1], [e, e, 1], [e, 1, @], [e, 1, @], [e, 1, @], [1, o, @], [1, @, @]]
hypothesis = tf. nn. softmax (tfmatmul(X, W) + b) ” /wvu" Lo6\' f)oq;\'/(\k‘f \ &0{6’_‘_
uwert 7Y
AoLEL 2ia o ¥ C(}S_:’:Dw l-o
- e c
cost il —
; *° 1o [Sty) [o-2| DG, L) *°
cost = tf.reduce mean(-tf.reduce sum(Y * tf.log(hypothesis), axis=1))
yre ' ‘ ‘s ' Y oy o.| 0.0
optimizer & | |OPtinizer = tf.train.GradientDescentOptimizer(learning rate=0.1).minimize(cost)
training Multiclass LR
—p OQUutput
—p w
| Binary LR %
aPPY nput @ — Output = Sutput
~ <
— —p QUtput
Source :

108



CNN & RNN

CNN

RNN

=xtain*W+ b

g =1/ (1+exp -2)

hypothesis — y_train ))

hypothesis = tfsigmoid(tfmatmul(X, W) + b)
|
- -y log( hx) — (1-y)log(1-hx)
cost = threduce mean (tf.square( = -tfreduce_mean(Y * tflog(hypothesis) + (1 - Y) * tflog(1 -

hypothesis))

optimizer =

optimizer &
training

= tf.train.GradientDescent Optimizer(learning_rate=0.1)

xy_train = optimizer.minimize (cost)

for step in range(2001):
sess.run(xy_train)

Source :
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tensorBoard

import tensorflow as tf

for step in range(100):
X = tf.placeholder(tf.float32) # step 4 £ 27}
Y = tfplaceholder(tffloat32) summary = sess.run(merged, feed_dict={X: step * 1.0, Y: 2.0})

writeradd_summary(summary, ste
add = tfadd(X, V) - y( Y, step)

mul = tmultiply(X, Y) # step 5: ZE0|AM BY A
o EH # tensorboard --logdir=./board/sample_1
# step 1: node &4 # 25 SH7F X 2H()7F ofLetd, i B2 X[E
add_hist = tfsummary.scalar(‘'add_scalar’, add) # tensorboard --logdir=~/PycharmProjects/test/board/sample_2

# add_hist = tf.summary.histogram('weight’, add)
mul_hist = tf.summary.scalar('mul_scalar’, mul)

# step 2: summary 8. F /e ZE E5F FE,
merged = tf.summary.merge_all()
# merged = tf.summary.merge([add_hist, mul_hist])

with tf.Session() as sess:
sess.run(tf.global_variables_initializer())

# step 3: writer ‘44
writer = tf.summary.FileWriter('./board/sample_2', sess.graph)

Source :
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ROC
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ROC

Qe =22 A= false ROC CURVE OF BMI DATA
- sensitivity o
bmi ?|_|'—_ disease healthy sum pOSItwe cut off poin’[ false positive false positive H1E (false positive) HH (false positive)
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Source : £ R
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= ML _ 00 Basic_manipulation_ ipynb
& ML 00 Basic _manipulation 2 ipynb
& ML 00 Castipynb

& ML_00_data_manipulation.ipynb
= ML 00 data manipulation_2 ipynb
& ML 00 imshow Image.ipynb

& ML 01 learning_rate _mnist.ipynb
& ML_01_learning_rate_x_data.ipynb
= ML _01_Linear Regression.ipynb
& ML 01 Ir_softmax.ipynb

& ML_01_NN_MNIST.ipynb

& ML_01_one_hotipynb

& ML 01 _Seq_char_rnn.ipynb

& ML 01 Summary.ipynb

Basic, linear regression, softmax

MNIST : matplotlib.pyplot ( 2 A3l : 7)
In(15) : mul-reg.csv

Character Sequence RNN ( time ok )

cnn : takes too much time

tensorBoard &% : 413. Python_tf_tb

& ML 01 tensorBoard.ipynb

& ML_01_tensorBoard_MNIST.ipynb

TB_SUMMARY_DIR = "/tb/mnist’ : start learning .... ( 10

minutes )

& ML 02 _cnn_MNIST.ipynb

& ML 02 regression_housing.ipynb

g 00|00 D OO O D OODbDOODD DO

& ML 03 UseCase scm.ipynb

& ML_12 1 _hello_rnn.ipynb

& ML_12_0_rnn_basic.ipynb

& ML_11_05_mnist_cnn_ensemble_layer.ipynb
& ML_11_04 mnist_cnn_ensemble.ipynb

& ML_11_03_mnist_class.ipynb

& ML_11_02_mnist_deep_cnn.ipynb

& ML_11_0 cnn_basic.ipynb

Source : ML_10 ~ 13
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linear regression — logistic — softmax classfication

linear regression

logistic classification

softmax

hypothesis

optimizer &
training

=xtrain*W+ Db

gz =1/ (1+exp -2)

hypothesis =
tf.sigmoid(tf.matmul(X, W) + b)

logits = ttmatmul(X, W) + b
hypothesis = tf.nn.softmax(logits)

= tf.reduce_mean (tf.square(
hypothesis — y_train ))

= -y log( hx) - (1-y)log(1-hx)

cost = tfreduce_mean(-tf.reduce_sum(Y *
tf.log(hypothesis), axis=1))

cost_i = tf.nn.softmax_cross_entropy _with_logits_v2(logits=logits,
labels=tf.stop_gradient ([Y_one_hot]))

cost = tfreduce_mean(cost_i)

optimizer =

tf.train.GradientDescentOptimizer(learning_rate=0.1)

train = optimizer.minimize(cost)

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

Source : 320. ML_algorithm_code_summary
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ConvNet2| Conv layer, pooling & Fully Connected layer + softmax

RELU RELU.  RELU RELU| RELU RELU S
CONVICONV\ cowlcorw‘ CONVICONV\

|

90 one number! =Wx+b  =ReLU(Wx+b)

5x5x8 filter 1

Output size:
(N - F) / stride + 1

ERRRRRRERRRR

il

32x32x3 image 32x32x3 image

car
it Single depth slice
A
; 11112 4
aplene X max pool with 2x2 filters
i 516 |78 and stride 2
horse 3121110
112|134
y >

Source : Sung kim, https://youtu.be/Em63mknbtWo
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TensorFlow CNN Basics

G, S C,; S: n n;

mput feature maps  feature maps featue.maps &me.maps output
32x32 28x28 &14 10x 10 5x35

Pt e st

fully N\
feature extraction classification

Source : https://youtu.be/E9Xh fc9KnQ
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TensorFlow CNN Basics

import matplotlib.pyplot as plt import numpy as np
import tensorflow as tf # sess = tf.nteractiveSession{)
train, y_train), (x_test, v_test) =tf .k (datasets.mnist. load
btrain, strain), (test, y-teat) = tf keras datasets mist 1020 oo = o array([[[[1], [2], [21], [[4], [5], (611, (171, [8], [917]], dtype = ro.floate)
# Bmatplot!ib inline # Only use this if using iPython print {image.shape)

# plt. imshow inage.reshavel3,3), cmap= Greys' ) # error Greys
image_index =123 # Fou may select anything up to 60,000
print{y_train[image_index]) # The /abel is 8 plt. Inshow{Inage. resfiape (3, 3))
plt. imshow(x_train[ image_index], cmap='Greys')

T (1 ] 81 31 1) . .
Simple convolution layer
<natplot 110, Image, hxes Image at 0x2abhdab0d30> <natplot b, image. AxesImage at (x2a656369193 Image: 1,3,3,1 image, Filter: 2,2,1,1, Stride: 1x1, Padding: VALID
01 -05
a 00 2
1 /
05 6 1 ,
15 5 i
10
A
20 1 9 1
15 1
% 1 8 2
T T T T 20 7 U -
o5 0B DB TEBIRIEB I 1
[[11.11,[[2.]]]]
25 — shape=(2,2,1,1)
-05

Source : ML_10_all.ipynb 119



TensorFlow CNN Basics

import numpy as np

# image = pp.arrap(lf111], [2], [3]], [[4], [8], [67], [{7] [8] [9]]]}. dtype =np.

print (' image. shape', image.shape)
weight = tf .constant([[[[1.]1], [[1.]]1], [CCt.1], (0111100

print{'weight .shape', weight.shape)

conved = tf nn.convad(image, weight, strides=[1, 1, 1, 1], padding="Y&LI0")
conv2d_img = corwved.eval()

print{'comvad_img', conved_img.shape)

conzd_img = np.swapaxes (conved_img, 0, 3)
for i, one_img in enunerate(convad_img)
print (one_img. reshapelz, 2))

plt.subplot(l, 2, 1+1), plt.imshow(one_img. reshape(?, 2), cmar

image. shape (1, 3, 3, 1]
welght  shape (2, 2, 1, 1)
conved_img (1, 2, 2, 1)
[[12. 16.]

[24. 28.]]

0.5

00

05
10

15 4 T T T J
=05 0.0 0.5 10 15

In [19]:

Max Pooling

inage = np.array([[([4],[3]],
([2],[1]]]], dtype=np.floatiZ)
pool = tf.nn.max pool(image, ksize=[1, 2, 2, 1],
gtrides=[1, 1, 1, 1],‘paddinq='SAME']
print(pool.shape)
print(pool.eval())

{1 85 8 1
L ,
m: 3'}] SAME: Zero paddings
[l 2]
) | 413|¢9 413190 4 3
2(1]e0 (10| |21
60 0 6|00 |0 @

Source : ML_10_all.ipynb / https://youtu.be/E9Xh_fcO9KnQ
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TensorFlow CNN Basics

from tensorflow. examples, tutorials.mnist import input_data

mnist = input_data.read_data sets('MNIST data/', one_hot=True)

img = mnist.train. images[56]. reshape(28,28)
plt . imshow(img, cmap='gray')

Extract ing MNIST data/train-images—idx3-ubyte. gz
Extract ing MNIST_data/train-labels-idsi-ubyte. gz
Extract ing MNIST_data/t10k-images-idxs-ubyte.gz
Extract ing MNIST_data/t10k-1abels-idxl-ubyte.gz

natplot i, image. Axesimage at 0x2ab000a8160>

0
5
10
15
20

5

img = img.reshape( —1, 28, 28, 1)

Wl = tf Yariable(tf random_normal ([ 2, 2, 1, 7], stddey=0.01))

conved = tf.nn.conved(img, W, strides=[1, 2, 2, 1], padding='SAME")

orint (conved )

# 1 color

sess. run(tf.global variables_initializer())

conved_img = corwed.eval ()
conved_img = np.swapaxes(conved_img, 0, 3)

for i, one_img in enumerate({conved_img)
plt.subplot(l, 7, i+1), plt.imshow{one_img. reshape(14, 14), cmap='gray')

Tensor ("ConveD_10:0", shape=(1, 14, 14, 7), dtype=float3?)

0

10 4

4
g, |5
0 10 0 10

0

10

0

10

E.

0

T

10

0

10

ﬁ;:-
-

0 10

# 7 filter

Source : ML_10_all.ipynb
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MNIST 98% with NN

84, 512],
contrib, layers. xavier_initializer())
12]))
bi)

Wi = tf.get_variable("W", shape=]

initializer=t
bl = tf Variable(tf.random_normal {
L1 = tf.on. relutf matmul (X, W) +

7
f
[5

Wo = tf .get_variable("W2", shape=[512, 5i2],

initializer=tf contrib. layers.xavier_initializer(]]
b2 = tf Variable(tf.random_normal ([512]))
L2 = tf.on relu(tf matmul (L1, W2) + b2)

# define cost/loss & optimizer

cost = tf reduce_mean(tf.nn.sof tnax_cross_entropy_with_loglts(
logits=hypothesis, labels=Y))

opt imizer = tf . train. AdanOpt imizer(learning_rate=leaming_rate) .minimize(cost)

# initialize
sess = tf,Session()
sess. run{tf . global variables_initializer())

# train my moge/
for epoch in range(training_epochs):
avg_cost =10
total_batch = int{mnist. train.nui_examples / batch_size)

for i in range(total hatch):
batch_xs, batch_ys = mnist.train.nextfbatch(batch_size]

Epoch: 0001 cost
Epoch: 00072 Cost
Epoch: 0003 cost
Epoch: 0004 cost
Epoch: 0005 cost
Epoch: 0006 cost
Epoch: 0007 Cost
Epoch: 0008 cost
Epoch: 0009 cost
Epoch: 0010 cost
Epoch: 0011 cost
Epoch: 0012 cost
Epoch: 0013 cost
Epoch: 0014 cost
Epoch: 0015 cost
Learning Finished!
Adccuracy . 0,958
Label: [1]
Prediction: [1]

nEshTh
fisialsti
1341324
2176375

0.291

0.1

0.07

0.05

0.041002496
0.033437214
0. 027335250
0. 027004075
0. 023694695
0.019384865
0.018703812
0.017348291
0.016754357
0.013416878
0.01

i
J
0
i
J
014078607

Source : ML_10_all.ipynb



MNIST 99% with CNN

Convolutional '
Convolutional
layer 2
{0
22 @
v ‘\‘.\..c
Pooling Fully-
layer connected
Input layer layer

xavierS S0l 75X Z7|A| 2771 dd5tH
import tensorflow as tf
tf.reset_default_graph()
import random

<ceeec< O] 28 EIIFEH 227} ARzt EILICH

# input place holders

w = tf.placeholder (tf . float32, [Mone, 7&4])

A_img = tf.reshape(X, [—1, 28, 28, 11)  # /img 28¢28x7 (black/white)
¥ = tf .placeholder (tf float32, [Mone, 10])

#LT lmgin shape=(? 28, 28, 1]

Wl = tf Yariable(tf random_normal ([2, 3, 1, 32], stddev=0.01])

# Lonv > {7 28 28 37}

# Foo! => (7 14, 14, 37

L1 = tf.nn.convad(¥_img, W1, strides=[1, 1, 1, 1], padding='SiME")
L1 = tf.nn.relufll)

L1 = tf.nn.max_pool (L1, ksize=[1, 2, 2, 1],

strides=[1, 2, 2, 1], padding='SME")

# 12 lmgin shape={7? 1M, 14, 32}
W2 = tf Yariable(tf random_normal ([32, 2, 32, B4], stddev=0.01))

# Conv =7 14, 14, &4)

# Fool =7 7 7 &4}

L2 = tf.nn.conved(L1, W2, strides=[1, 1, 1, 1], padding='S&ME")
L2 = tf.nn.relufl?)

L2 = tf.nn.max_pool (L2, ksize=[1, 2, 2, 1],

strides=[1, 2, 2, 1],
L2 flat = tf.reshape(l?, [-1, 7 = 7 = B4])

padding="'SAME " )

Source : ML_11_01_mnist_cnn.ipynb
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MNIST 99% with CNN

# Final FO Zx/xéd inputs — 10 outputs 12.} (1ad -Gt 60 Y4

W3 = tf.get_variable("W2", shape=[7 = 7 = 64, 10],initializer=tf.contrib.layers ’SilZAl Zal Za! v -
b = tf . Variable(tf.random_normal([10])) /Y " Dosking Foll
logits = tf.matmul (L2 _flat, W3) + b s iyt | 2o e
# gdefine cost/loss & aotimizer
cost = tf . reduce mean(tf.nn.softmax_cross_entropy with logits(
logits=logits, labels=Y))
optimizer = tf . train. AdamOptimizer(learning rate=learming_rate) . minimize{cost)
# initialire Future major versions of TensorFlow will allow gradients to flow
caog = thSESSiDH{j into the labels input on backprop by defadlt .

Sess.run{tf.global_uariables_iﬂitializer{)] See B tf.nn.softmax_cross_entropy with_logits_wel,

Learning started. |t takes sometime.

# train my mode/ | Epoch: 0001 cost = 0.380359673
print('Learning started. It takes sometime. ') Epoch: 0002 cost = 0.107616738
for epoch in range(training_epochs): Fpoch: 0003 cost = 0.078412918
avg cost =0 Learning Finished!
total batch = int(mnist.train.num_examples / batch size) @ Accuracy: 0.9792
Label:  [0] AMZt 28 ~ 1 epoch 212

Prediction: [0]

Source : ML_11_01_mnist_cnn.ipynb 124



CNN A

| S—

Input Conv Conv Max Conv Conv  Conv  Max FC FC Softmax Output
Image + Relu + Relu Pooling + Relu + Relu + Relu Pooling Vector

Asan Medical Center & Microsoft Medical Bigdata Contest Winner by

GeunYoung Lee and Alex Kim

Al G

Iy

Source : https://youtu.be/E9Xh fc9KnQ
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BDA Core concept & Code

- A} X|Al 81 BDA Contents list
* R/Shiny

« Al, ML

Source : 126
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web

HTML( Hyper Text Markup Language ) : EA{2t &
7t58H(Hyper Text = link ) §7 2|0|e} 2H Xl H

¥ H|o|X| & F/d5t= 2 0{(Language)

<html>
<l--head= & HIO| X0 2t HEE 248 -->
<head>
</head>

<l--body= &M =22 = =+ Y= WHE -<html>

<body>

</body>
</html>

A 7te| o] F 0|
A/ Z29| (Markup)

&8 Tag :
- ALEXIE2 RE Y S = :input,
submit , %8 name:

- form : action="http~login.php” >

=
=

‘d type : text, password ,

Source : https://opentutorials.org/course/1688/9340
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YALO|E 2hy

HTML( Hyper Text Markup Language ) :
7t58H(Hyper Text = link ) £% o|0|Q} 2=l
¥ H|o|X| & F/d5t= 2 0{(Language)
<html>

<l-- head= & HIOIXI0fl 2t&t &

<head>

</head>

DN g

<I-- body=

<body>

</body>
</html>

o

/T

A2} 2A7ke] 0]F0]

| Al

Z9| (Markup)

&8 Tag :
- ALE8Xt2 R EH

UHS Y=
submit , =4 name :

- form : action="http~login.php” >

HTML

<ldoctype html>
<html>
<head>
<title>WEB1 - html</title>
<meta charset="utf-8">
</head>
<body>
<h1*<a href="index.html">WEE
<ol>
<li><a href="1.html">HT

<fa></hl>

< /ax</1ix

Resources

1.htm| DL E EA[EHA
index.html, 2.html, 3.html2 2HSLICE

J12|0 Zizke] mplof| 2| &2 = F &L

Result

Im

1.
2.
3.

]:

input , 54 type : text, password ,

ML

(\

SS

JavaScript

—
1x

0.5x

0.25x

Source : https://opentutorials.org/course/3084/18431
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bithami

& Open File
- v 4 « Bitnami > wampstack-7.1.16-0 > apache2 > htdocs
I N EG
ADE ~ O olg :
AMD data
anaconda lib
Bitnami phpBackup_file
wampstack-7.1.16-0 view
Source :
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bithami

managers windows : Bitnami WAMP Stack Manager Tool

oz 2= EH0{Z H|of
MySQL

Apache Web Server 2% o{ & HZ

@ Bitnami WAMP Stack 7.1.16-0

Welcome Manage Servers Server Events

Welcome to Bitnami WAMP Stack 7.1.16
Rev. 0

) D4l VALAR

AN (Apache, NGINX)

0|Z0{(PHP, Java, Python, Ruby)
Glo|EfHjo]A (MySQL, ORACLE, SQL Server)

Source : https://opentutorials.org/course/1688/9340

AN Sl 7.1.16-0

ers Server Events

Status
RunninE
Start All Stop All Restart All

Start
Stop
Restart

Configure
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pencil / balsamiq /

Source : https://opentutorials.org/course/1688/9340
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