YR Google Tensorflow
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AL Hype Cycle : Z3KE & A HhiE % R HH

PiiEmSalEEbim » EEEE I SRIEEM
2, HEWETI&E% %QDFQ,H\EZFE@J - TE 3¢
EABNE) - DEE®R(LEE % . |t E5- 10FTMaE
il

o HBHE86%MRHRIR B M EEEA (Trough of
DisiIIusionment) - R AMI B B oI gEE R E LR I AIHA

L =] The Gartner Al Hype Cycle
Z. EH -‘-/ 3 7|:| E Very early maturity levels
> nv HE ER m< + 86% of tech profiles (dots) headed to bottom

4)ﬂZL,U:E’Jﬂ?§ o] /&
ﬁﬁ1§§$mxr%3%$fiﬁﬁ
Mz ) 3 MRS I =

« 54% not expected to plateau & deliver reliable
productivity for mainstream buyers until 2022 or
later

Huge Potential
« 41% offer transformational benefits
« 44% offer high benefits

EHAE : Gartner (2018/03)
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— B3E60% : VIEAN Al e /AT /AR E D) P
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— 6% E M ME PRI EMEB/EHPIAREE

e GartnerfBHIEJfEE—FE - HIEEHO6%RTE10%
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e FEABNESHBEANNEERE _TZX{EEETHER

— ANBE R BAIRET EEERE - mfﬁﬁmé%méﬁﬁy’] SRl £
B8P GartnersB& P HEA 5 — 19 M8 RIALE A A1

— WAZPFMENEFEAS - BRTHRZ O ENIBEERE ; IEEE
RGartnerBE M2 E— K A= NAERENE T ER

- R MEERGE  TEXRREIERBEIMBAT - SEALAVAL
BE AR BERNE KRG AR ERE LFETE=EL £
RS R UER ; IR GartnersAE D HERE L/ TH{a =
ERAINEEIIER

- HEITEESER  IRNEEREEEGRT RIBAE - SRR
HEANERKEREmEEENEEEXR(WESEERY) ; L
mECRHAEPHERFE LN E 2 BiENZ=18H

- RERARZS= 2 —IBNE  —EAIEERAEMMEBEZYEK
ANEEERAEANE - 288 = E| U AR I o A
Gartners &P HERFE QM E &K E /IR EFER 1B =




AIOJ{TIE RV ERE IR T

. eriiAIE’JT . McKinsey 7> #m4001&3R B ALFE A&
Z . EITER AN LTS

| hood 10 bo usod In
A hadns Advanced techniques
More
Dimensionaity reduction (e.g.. PCA_ ISNE) Ensemble learning (6.g , random
forest, gradent boosting)
Instance based (0.9.. KNN)  Decision tree leaming
Monte Carlo Linear classifiers (0.g., Fishor's Clustering (0.g., k-moans,
methods near discriminant, SVM) treo based, db scan)
Stat nce (0.9 Markov process Regression Analysis (e.9.,
Ba ,vsun Y rence, ANOVA) (0.9.. Markov chain) linear, logistic, lasso)
Descriptive stics

Na/ve Bayes classifier
(e.g coane nterval) Bayes ¢

° _ﬂil;l— 1:)-? & H R : McKinsey Global Institute (2018/4)
— BHRoTHdi '
o RUMLMARET ~ WERF DT - FHRERKR S
- TAILEEZE 71y
. gﬁﬁﬁul FAEBE WA BHIEBRM(@OFNN ~ CNN ~ RNN -
ANZ)
o B{EE & (Reinforcement Learning) B E & (Transfer
Learning)mif&
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« Anaconda : PythonfyfE A &

— Pyt

hon, ERl 24T, B E, RELEH

Numpy: Python{fiZ5 #8451 ( %Bf8 ) EERONEEL @ b
tEPythonA#EMlist - NumpyHJarrayB MR ES R EES
Pandas : PandastlAiZEPython1E & S M %44 F FiBE Excel iy
INEE - BB DTER - /\aC ~ WIUINAR ~ EFZE

Matplotlib : EARAFEELETE - dJlIESRIKE - hTRESS..
Seaborn : 53—HBZRE(ETH - EfEREEmatplotlibir &
SciKit-Learn: BNz 2B model E X FEEESREEY - &
Z=SVM, Random Forest...

Notebook(Jupyter notebook): — & # = Akweb-base &
PythonB T B - TER T EEBEREAFT - #EATNEER
[EPycharm, SpyderiZ EEZEMIDER KX - BRZEcode/NR
50017 - AlupyterE3FE A& - Jupyterti FRIEIE T IE—LE
Multi cursorlﬁ%ﬂj‘ﬁ%? O IR IR — RN ZNEE B TE

- —IRTERSE - MBI %—MABEEFZHEIFPYythonEH ; &k
HE Apip install{@ Bl = Z #=B0 0]



e Googlel#tH R EFHAGPURIXEEEET&FE
Google Colaboratory
— Google ColabiZ#tH 2% ETesla K80 GPU - of{itKeras -
Tensorflow * PyTorchz&Mxnet%
— Google Colab 2R E | AB—RARBEFEAL2{E/NF
« Keras
— lgit clone https.//github.com/wxs/keras-mnist-
tutorial.qgit
« lwget
https.//raw.githubusercontent.com/vincentarelbund
ock/Rdatasets/master/csv/datasets/Titanic.csv -P /
« import pandas as pd
titanic = pd.read_csv( 'drive/app/Titanic.csv' )
titanic.head(5)
— Ipip install -q keras
import keras



https://github.com/wxs/keras-mnist-tutorial.git
https://github.com/wxs/keras-mnist-tutorial.git
https://github.com/wxs/keras-mnist-tutorial.git
https://github.com/wxs/keras-mnist-tutorial.git
https://github.com/wxs/keras-mnist-tutorial.git
https://github.com/wxs/keras-mnist-tutorial.git
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e Kaggle2 =R LR ANERIRI S E
vV ETREBEERNONTHLEE - (CERHESHENESR
‘/D&§|£1ﬁ BHHNERREXEIRICE
nyiﬂEﬁj\%E’Jﬂ ZRELLEBRE - FImEE M
MY E v B Z BRI 2 E DK B BRI AS

 Kaggle Fiz5—fEDataset
E={E

=5 88

vV DTSRRI EZIBHIE
w - MREZBEECHAPIELZE
JEa2 EINE R - HFEETZH
IS /] - Dataseto] A&
2% B & Z2IBIF B RHE
YN SN




. kaggle FHEESEEAME - OLEEEREE
OB PR AEEZMTEERNERBEANT - 7
ﬁfrEEuE‘frJrﬂf—%E’Jt*“ %T?WE@?ZIL EHE%Z_

eeeee
‘l ] Data Scienti
'Iil’ 3! LeoTwin
"\ DataScienti
ottonova ser
Marketing Ar
TMP Worldw
tmp
Data Scienc
TMP Worldw
tmp.
Senior Data
Qubit
RN .
B2

http://www.jianshu.com/p/eb0b37500229
http://blog.csdn.net/u012162613/article/details/41929171
http://blog.csdn.net/willtongji/article/details/52874773



http://www.jianshu.com/p/eb0b37500229
http://www.jianshu.com/p/eb0b37500229
http://blog.csdn.net/u012162613/article/details/41929171
http://blog.csdn.net/u012162613/article/details/41929171
http://blog.csdn.net/willtongji/article/details/52874773
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e FEELEEXR RIS OIJLIEREEEEES
IR EE [ B
— ZRZE(AndrewNG)
 Facebook: https://www.facebook.com/andrew.n

9.96
o EEFEBAS - AKX - ERHARZEIZE
Courseragl## A - Google BrainEl#t A\ - BIEE&
FEERREZR..
- 2B AR EFEIMachine LearningzR 2 21t 1E
Coursera_EERImachine Learningz#12



https://www.facebook.com/andrew.ng.96
https://www.facebook.com/andrew.ng.96
https://www.facebook.com/andrew.ng.96

- 5- 8152 & (Yann LeCun)
 Facebook:https://www.facebook. com/yann lecun
« mFacebook AltFR[zfz& @ BT EEBMALIAE
A& B2 -

-Eﬁ%’?%%“%”éﬁ SHAES - BEaas ADIKRET
$E|32<<<-ﬂ-

nrLr—F/

o A %E%%ﬁ%@ﬁ’]*%ﬂﬂﬂ%%ﬁ (CNN ) HEERY
LTAEMWATERBCNNZR



https://www.facebook.com/yann.lecun?ref=br_rs
https://www.facebook.com/yann.lecun?ref=br_rs
https://www.facebook.com/yann.lecun?ref=br_rs

— Awesome Machine learning
e https.//github.com/josephmisiti/awesome-
machine-learning
« 2O R EMachine learning BN E R & ELIE
= Elgithub
« HEANEZE RE 80518 - BE - SEBSH
Machine learningE % &5 o] L 3 2|
— Hacker news for Data science
e http://www.datatau.com/news

o TP 7 #% B AU & R E VRS A8 B R w



https://github.com/josephmisiti/awesome-machine-learning
https://github.com/josephmisiti/awesome-machine-learning
https://github.com/josephmisiti/awesome-machine-learning
https://github.com/josephmisiti/awesome-machine-learning
https://github.com/josephmisiti/awesome-machine-learning
https://github.com/josephmisiti/awesome-machine-learning
https://github.com/josephmisiti/awesome-machine-learning
http://www.datatau.com/news
http://www.datatau.com/news
http://www.datatau.com/news

SklearnNEERHE




BTN AR AR

I CIP o
— SklearnRIZE#£

a IS ENE ) 7
— Google Map API

Pandas E A& function/74A
— Series, DataFrame, Selection, Grouping

=R AR

— Missing data, One-hot encoding, Feature Scaling
BRHEEE

— Matplotlib, Seaborn, Plotly

/II'"T




SklearnAZE & Rl ££
¥ﬁ’5—Fﬁ§‘*K’ﬁDL£UﬁB@H§{%i§/JrL T - BEF
SHE= R BT ERTZEN, ex: kaggle

B EERS SO RERRNERNE  BERRBRT IR

== &h 7

mEREAZREEMERAAIZEET BRoi

== B 2= =2
! ”ﬂ’ I E iéE — Kaggleﬁ*ﬂ&iﬁﬁ
. D\ il =ik T

Dataset
787 Metadata on -5,000 m.wumm TMDb
/ European Soccer Database
5 o 25k+ matches, players & teams attributes for European Professional Footbal
— ,_’ — ,_’ /2 ,_ /_/_ 696 2kem
5 nized credit card transactions labeled as f

' B e B S i e raaar
(Téﬁ = L,(Ins datasetfEA/REE) « wwa’
40 IgisSpef:ies ‘

- BEERHZFEEASEDNEER - MEWallIE L
HIREMAERBIBEREORUN DT ZE

\TI
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— fEscikit-learnNEZRE R
s NEMERIEHERFEEHE  RE—1TE<Tall
s A B
e scikit-learn 12 ffgUdataset :
http://scikit-learn.org/stable/datasets/index.html
— Plris dataset&fl - BEEICENERIFR ERNENES
BREZ—  HBEZEBEMNMNABERXY 2RIV REEER
5http://archive.ics.uci.edu/ml/datasets/Iris - BRI
85150 - B A ERN
1. {E=2RE (Sepal Length) : 5T EEBEMUE A7 -
2. {EEZEE (Sepal Width) : St EEUZE A7 -
3. Tt R E (Petal Length) : StEEUZE A7 -
4. {EIE E (Petal Width) : 5tTEEMNIZE A7 -
?@.if%(ﬂass) . OJ 9> 7sSetosa - VersicolorflVirginica=
HAH °

Tl

yn][]%
np — onk



http://scikit-learn.org/stable/datasets/index.html
http://scikit-learn.org/stable/datasets/index.html
http://scikit-learn.org/stable/datasets/index.html
http://scikit-learn.org/stable/datasets/index.html
http://scikit-learn.org/stable/datasets/index.html
http://archive.ics.uci.edu/ml/datasets/Iris

Ir|s ERESERAMNKRERER AER
L4b¥f¥LU§2?EiEE’JF,Li = R IR E B IR I — A& 2R AY
Iris1t(Setosa, Virginica, Versicolour)
— By Alris BERlEE
 import sklearnfJdatasets

« EBload_iris(ERER - MENERIEINS

dictionary
« EREBFESRBNEL - EpythonPBREREAY
EIEFEEEHpandas/=E - gy




 from sklearn import datasets
iris = datasets.load iris() dictionaryt&t

Iris

e iris.keys()

{'DESCR": 'Iris Plants Database)\n=ssosssssssssssssss=\ninlotes\N==-=-=nbata Set Characteristics:\n sHumber of Inst
anses: 150 (50 in eash of three slasses)\n tHusber of Attributes: 4 numerie, predictive attributes and the class'\n
tAttribute Information:‘n - sapal length in em\n - papal width in em\n - petal length in em
“n = petal width in em'n = glass:\n = Iris=Setosa\n = Iris=Versicolourin
- Iris-Virginica\n (Summary Statisticsi\n\n TESETESTESESTET TESE SIS TESESTE FESTE STeETEIEIEEEE.
msmsms=iy Min Max Mean 5D Class Correlation‘n SSSSSSSSSSSSSS SSSS SSSS SSSSSSs SSsss Ss
sepal langth: 4.3 7.9 5.84 0.a3 0.7826\n sepal width: 2.0 4.4 3.08 0.43
=0.4194%n petal length: 1.0 6.9 3.76 L.76 0.2490 (high!l)\n petal width: 0.1 2.5 1.20 0.76
0.9565 (highl)\n  sececcccccccmee some sose semmmme e ——————————— \n\n iMigeing Attribute Values:
Hane'\n iClass Distribution: 33.3% for each of 3 classes.\n iCreator: R.A. Fisherhn :Donor: Michael Marshall
[I‘.AJ{HHAL.L.%E‘L.IJ!:'Ln-.ar\c.nﬂs;ﬂ.q\clv)'\n tDate: July, 1988%nA\nThis is a copy of UCI ML iris datas-r:ts.\nhttp:)’.-"archivr:.i:

g.uail.edu/ml/datasets/Iria\n'\nThe famous Irlse database, first used by Sir R.A Fisher‘n\nThis ls perhaps the best know
n database to be found in the\npattern recognition literature. Fisher\'s paper is a classic in the field and\nis ref
erenced frequently to this day. (Bee Duda & Hart, for example.) The'ndata set contains 3 classes of 50 instances ea
ch, whare aech cleze refers to a'\ntype of irie plent. One clese ie linesrly =eparable from the other 2; the'\nlaktter
are NOT linearly separable from sach other.‘\n\nReferencesin—--——-——-—- n - Fisher,R.A. "The use of multiple measure
ments in taxenomie problems”in Annual Eugenies, 7, Part II, 179-188 (1936); also in “Contributions to\n Mathe
matical Statistics” [(John Wiley, WY, 1950).\n - Duda,R.0., & Hart,P.E. (1973) Pattern Classification and Scene Anal
¥eis.\n (@327.083) John Wiley & Sons. ISBN 0-471-22361-1. See page 218.%n - Dasarathy, B.¥. (1580) "Hosing Ar
ound the Nelighborhood: A New Srst&m".n Structure and Classification Rule for Recognition in Partially E.'-LpOSé:d.".n

print(iris] ‘DESCR" ])
print(iris[ ‘data’ ])
« import pandas as pd
x = pd.DataFrame(iris[ ‘data’ ],
columns=iris[ 'feature_names’ 1])
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Scikit-learn 3

e Scikit-learnf&f&SKlearn L i import sklearn)
SKIearnEWLE FsLRIAnacondaEH S - Ffr

. B??@a%%’ﬂ%ﬁ’]l\/lach ine learningV&,A2 2% -
%ﬂﬂﬂttém’ﬂj%%USKIearnEW@ELF% YHEZR
dataset(t UOER ERIris LUK T 23 9 st BT E’Jé’?ﬂ)
LETX R —1 E’ﬁz‘bﬁ%ﬁtﬂy‘“ﬂﬁiﬁ)ﬁpa sE’]’f52

o IEMNINBED A/ AR - DA E2EEENEEN TS

/—

QCIassmcatlorl)hLUi Eﬂa(Regressmn) B

2B EEA(C Iusterlng) Lﬁ FRAEE
(Dlmen5|onall’gxrecuct|on Rt E%(I\/Io
selectlon)L/UiE IR AT 32 (Preprocess)
o B INRHWABT=ZLIClassification;&& 55+




#R M HE- LA 23 (Perceptron) 7143

« KRB AEFERFSBLRER L | Kz

Perceptron ( th## & Perceptron Learning

Algorithmf&#EPLA )

— PerceptronE B2 2R ARERER LI DI,
NI EEIEMED 2R (BEAT ZIFIL)

A ' A
Linearly separable 1 Not linearly separable Not linearly separable
o

o 90 o o

o 0 X, o X, o o Inputs
Qo o (o]

o (o)

o ©
(o]




#R M 73 #8- B 55 RO 58 (Logistic Regression)

o Perceptron BEZ0EF IR INEM _ o048 - B3
MAREERNEFRAEREARED - RPEFEZA
EBRIEZEZ /D

Predicted class label

Predicted class label

-6 -4 -2 0 2 4 6



I > iE @ E % (Support Vector Machine)




GRS E

(Convolutional Neural Network)




CN N%*§?$ ,é-(gé,%r.l =

CNNEJﬁﬁﬁ *EEBZRIE  EFEMNFEL (Model)
« CNNE=&HA L ERMNEERAEIEIFEENX
fF%%i?I‘xé?ﬁn‘eﬁzE’]’fE A EZICNNRZEB S E R
SIE{EH

« CNNERZZ2Z AW AfLRE B8R ETIRREE
“*Ei B=CNNZE - I REEEMREEEN
BRAERARIEBD)




CNNRYHEE=

&
.« B R&BEMRAIConvolution, Pooling, Fully
Connected

Convolution Pooling Convolution Pooling Fully Fully Output Predictions
Connected Connected

dog (0.01)
cat (0.04)
boat (0.94)
bird (0.02)

S
{catulc maps feature maps

\ input
28 x 28 14x 14

32x32

— e e e e G o= — 0N v a—

feature extraction classification



Convolution Layer&iE/E

- GREBENERIRBE RS ERNFeature
Detector(filter)fiEEES (@)

0O*0+0*0+0*1+0*1+1*0+0*0+0*0 + 0*1 + 0*1 =0

REMEE A | EIRY:
ex: 1671& 'ﬁﬂY.Hﬂ'\Jﬁﬁi

ofofo
oo®1oo:
0
o | 1 | 1

Input Image Feature Feature Map

I

,-----@----------“

Input Image Feature Map

\-------



Input Image -> Feature Maps

We create many 1 Feature Maps
\_a\ feature maps to ]+
m*&, 0 ~0_ | 0 | O obtain our first 1
\\ convolution layer 1 1
o[1]o0]o0 "’mg\l 1
LL
o|lofoflo|o|o]fo \ 1
[ [— - Ll
0o]|o 1 0|0 = ]
— ]jv
of1]o0]|o|o0 [0
R (BB (B8 e | B A | O T
o|jojojOoO]J]O]|J]O]O
Input Image L

Convolutional Layer



Feature Detector : & 5% (edge)

1|0 |-1
k |2]0]-2
1]0]-1

F|FAFeature Detectorz= BN #5820 51

Feature Maps

- =

1]o|o[oftia i g -
0 --4_'
o -

Input Image | |

[ Rectifier ]

&(x) = max(x,0)

o
-
-
[
o

OOOOOO#
o
o

[FRelURBFISEE - BAERR D ERHR R

Convolutional La%le



Feature Detector ; ¥ 5 (edge)

}__o0 4 + + - . + + 4 pummmm—a1 P | | '

Leaky RelU



Pooling Layer itt{E/2

o B TBIELIVHIPEERIR
« XHMax Poollng Pk EfE S PR ER KE
ZHT = @H'ﬁﬂﬁl _7F§xlz1IEIP|erE’JnE¥T#UIz_—zﬁ
FREABERTE - LX&%TE!@E’H}L =T IIEE
¢ MK ’i’]ﬂﬂﬂ:E’J@ HRRSEZ - BE&I
EEK/WIJEEVEE’J%FL%E\&? 1M B 2 AR
AKX B R

Max Pooling . | Max Pooling

Pooled Feature Map



Fully Connected Layer 2E 1%

« TEEEMERpoolinglAERFEIBIER - Bk
KRV A8 AR 4 4

1 L )
1 L

— o|lo|o|o|ofo|o - ] Q)

1|10 ) 0 ol1]ofo]o]1]o0 - —4 ('/\}
Flattening T ofo|ofo|o|o]o L = Nt

4 2 il | ololol1]lolo]o]C | Pooling F\at-enmqq."’ \)
2  — —_— N\

ol21l1 o|1|o|o|of1]0 JL ol
1 olof1fz]1]0]0 L .}
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Pooled Feature Map 0 L/)
— Input Image ”

2 | | oo
— layer of
Convolutional Layer Pooling Layer a future
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