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THREERcEZEEENRENRENEBERT BN ZELE
FepES) > NEET B REMBERER  LREEFREERE
BB 2  BEAEFREHNES  EEASEEEREMN  HEX
g E > B TELFREEY  —HEESENRIE
ERNERREETERMEOBREEENSEN EE? RMHERG#T
A8 SR B Al 1Y B

FERERIRE - Y - RE 2 E S TRl 28 R
FHEENTI=MHHAZE :

— ~ GPU(graphics processing unit, NVIDIA) ~ TPU(FE IR X ASICEH & &

Ao B EET 0 BN LT R MM A 2 CISC 15

% > Google) 5 il 28 5 5 &5 09 Y B L 5 A LG #E A CPU R

10~100f% » # _E Google Cloud ~ Amazon AWS & Microsoft Azure%§

M EmE R R o EEM T B KRIERTT -

T ERERNEDRERE T REEM > FAmAA MR EE

TRBENL  HiRMESEEHREEE ] NEMH ZIlHE

HF BRI B R -
=~ % U A R A2 3B BUR B #Y 2 B (W0 Caffe ~ CNTK ~ Theano

TensorFlow) » FE S ~ &uat 52 Fr 3% J Y 25 IH 5 A2 U R =0

REM > HBEAF R FEE (Meithub ¥ &) FEEEG KAHEH -

B 2 K % 38 (BigData) B (A 09 2K & - 5 BE (F BE 7 1V sR B b E 1R Bl
oy TR o HERRAE EUAS MEA R BV e i o BRIRFB R EIAY AT IE AT
Kl #RBEHLEYHY ZULEMENRELERBE TG
U HE — BRI EOR A E A o BRI ER AR PR (1I0T) FIZE
iiii 7% B ( Cloud Computing )Z & #& b (AD B {Z E {k (Information exchange)
ZEHOK  BUR BT B s A E T BN ELES - AT
5% BN At &Y BF fi EE ol RS20 8 R o A dk s - T HEE % -
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8 H29H~9H 8H

Introduction to Big Data trends and

Applications

9H9H~9H 14 H

RKEEFEE
Big Data Platforms

9H 1SH~9 H 21 H

KB 7 GE/ A
Big Data Storage and Analytics

9H 22H~10H 11 H

RNtk 2EHEHE LG H)
Big Data Analytics ML Algorithms

10 H 12 H~10 A 18 H

1% s i B

Machine Reasoning

10 H 19 H~10 A 25 H

52 B IR BN R OK BB B P BE
Environmental factors linked Big Data
Graph Computing

10 H20H~11 A 1H

HEHER EE T BIBRERE
Graph Analytics on environmental
factors

11 H2H~11 A 8H

& B 8 77 iy i 9T
Blockchain Technology for
environmental protection application

11 H9H~11 A 16 H

s BIIRENRARNBERELER
Environmental factors Visualization

11 H 17 H~11 H 28 H

IR IR v8 R 2R & U o 3 B R
Environmental protection factors block
chain construction evaluation
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https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture2.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture2.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture2.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture3.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture4.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture7.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture7.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture8.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture8.pdf
https://www.ee.columbia.edu/~cylin/course/bigdata/EECS6893-BigDataAnalytics-Lecture8.pdf
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“Big data is high-volume, high-velocity and high-variety information
assets that demand cost-effective, innovative forms of information

processing for enhanced insight and decision making.” — Gartner 2012

REBABEMR Gartner 2012 EE L " 588 s HENSEHENELE
o BEEA R G KA A 2 (5 B DU 2 B )
TR o KREUESEAE 2013 FREMLEE > TEE Wikibo
R AE K3 5y #fr (Big Data Analysis, BDA)%E IS Ay & & B 15 35 5
Y ORI - TS E 2013 A B9 85 6 AH R BE (4 > 900 R AR % 1 5t e
EUL A& > #7186 {E3EIT 0 B E—F ML & 58% -

Big Data Market Forecast, 2011-2017 (in $US
Wikhon bl“i[lnS)
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2011 2012 2013 2014 2015 2016 2017
1 BigData 2011~2017 535 TEHI [1]
R 95 B PR 898 & SR (IDC) 3 25 R B SR I % & 8 iy B IR
2016 ~ 2017 & 43 A & 130 ~ 150 Billions » &JZE[E 1 THMMY 3 2 A4 »

AR A By 11% ~ 12.8% » 6 FHAE 2015~2020 4F K B8 73 17 <8 801 4
FF2 i EZ K E - [2]



55 B (] 85 R B8 o A Bt 2 FE1E 2 of A1) o B R AT B~ Bk
ARER ~ MK - BEFNK > o FHK - DK EEEMEERS
BRUEE2EE PN ¢ SRk SRR

2 What made Big Data needed? “Big Data Analytics” , David Loshin, 2013
REESMAMEZENHEBERERR T FESHEERR CPU
processor B AL IE T EM L RMEBHERE KT HERNE K E
B &R > Z 40 85 78 M (scalability) il (R EE 86 28 f o0 Ry W9 & > (a1 B4R 5T

(Scale UP) K [a] #MfE 78 (Scale Out) H & A ¢
® o F#E A (Scale UP) MEBSE R DA HEE > HtMETEEZE

2T 2

{18 5l 2 0 20 22 AT Z 9 BARLS
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® [ SMETE(Scale OuERIEE B E X VT EFER - SRE Koy

B EE 8 e 2 it Bk data access latency B E o

FCE A S

® ENAVEHSIE I I b R FE 0 AR bh | S R A EE AR ARV IE S -

o UIHRANEUREERum FHRT 0 A F R EAMET -

1F David Loshin #J 2013 4£ “Big Data Analytics” —ZF 5] H H4
= M BE HE H T BE i 120 B g B K B9 R i (' Bp 2 %2 LU Hadoop 5217 5
F)ZEEEER 2) > Eo k4 M -

(DEMEEEAEMEAERRREPTER HEEFARLEIRES
HEFET RGBT R REE Hadoop AIIDLHEZR
RSN - ImA S B A O B P ATRE R 0 2 — (E B
BRERX(RE)  HEMDRAEEEM LA ERE -

Q) EMERE VP lMAFARRBSENFTER HEMEBUALKE
fEFsH © REIE Hadoop RAIBIMTE M IR TNER V& » T
5y 1 — A% BB B B A 4H BCEE B (clusters) & R BRI 2 b 5% R i -
B s B AR R B g -

(3) = M aE B R E BB (F A 2 (R B Pt (8 FH A9 18 28 % &t B BF Bt 14 &
HFEE (L —fe 59 DL T 31 By 09 &R 20 77 77 B Row Based data
layout ; K ## Hadoop A & % # U] 095 X J7 £ 41 NoSQL(Not Only
SQL)- ] 1 ¥ 32 75 e M- 40 B8 A PR HL G 18 B K& B In-Memory Data
Management- 22 BT 17 B £ /Y il 28 2 5 (columnar layout to speed
query response ) » Bl [ J2 &k} B (graph database) °

GOEttEEREHRLAMFLZERESBE L  XETETEHE I K
4% v I Hadoop 17 & RE ¥ & - 38 T/ AU £ 28 1] A1 ] & I 48
FHERENESREFTREEREGR R A EFEARHERLKSZ S
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Aspect Typical Scenario Big Data
APP h.c atipos tha_t take advantage of A simplified application execution model encompassing a
massive parallelism developed by SH B ;
o 22 g 2 distributed file system, application programming model,
Application  [specialized developers skilled in R b < tis
: : distributed database, and program scheduling is packaged within
development |high-performance computing, 2
S as Hadoop, an open source framework for reliable, scalable,
performance optimization, and code X :
2 distributed, and parallel computing
tuning
. R Innovative methods of creating scalable and yet elastic virtualized
Uses high-cost massively parallel ;
- ‘ w5 i platforms take advantage of clusters of commodity hardware
processing (MPP) computers, utilizing : ' s
Platform : : X X components (either eyele harvesting from local resources or
high-bandwidth networks, and massive e x % 2
; through cloud-based utility computing services) coupled with
I/0 devices =
open source tools and technology
Alternate models for data management (often referred to as
Limited to file-based or relational database NOSQIT il Not Onl:V SQLY prov1_de 5 v§nety o.f suethiods for
Data : managing information to best suit specific business process
management systems (RDBMS) using ; : .
management . needs, such as in-memory data management (for rapid access),
standard row-oriented data layouts
columnar layouts to speed query response, and graph databases
(for social network analytics)
: g g 2 The ability to deploy systems like Hadoop on virtualized
Requires large capital investment in atf allow N to utiliz
Resources purchasing high-end hardware to be St e e

installed and managed in-house

cloud-based environments that, from both a cost accounting and
a practical perspective, are much friendlier to the bottom line

% 2 Contrasting Approaches in Adopting High-Performance Capabilities “Big Data Analytics™ , David Loshin, 2013

KBAE 73 # F & K AH B E A2 2UAE 4T 28 5 9 28 RO A Ay 5% 2 >

Hadoop £ fi ££ 2013 4% 8 <H J&l Bx 1Y 5 &2 2] T 2014 4F B &8 4 1% #E Y Spark
AMTEE F o 2014~2017 FEEGFEE 400 it BB & A Spark FA# (3] -
F£ Machine Learning HY %X G B % 15 JE 7R 2 40 K 40 %% > & Theano {F & —
(& Be R Ay R FE B2 EAE 2R - HH I RERAE KNSR 2016 £ 3 H
B—WEAT 0.8 A » AR 18 @A BRI 2017 &£ 9 A 28 HE
AR 1.0 IRAR A R4 8 AESL[4]- HAT#E# 10 2478 Deep
Learning Software Framework([5] » EPABEJRAR UM Ko% - 2 B HEH
B Bl A Google HY TensorFlow - facebook HY caffee2~ Microsoft iy CNTK-

T K B4 7 1 € B J5 i > IBM Deep Blue 72 1997 4 5 A ZE k8 £
BT ZR R EL BV EE - & BEHSLL 3.5 - 2.5 W RTS8 R By
R A A2 A LD 2 R SRR P 8 P O AL 1 SRR B Y BR S &4 5 2011 4R IBM
IBM [ 2% (9 50 H1 BB &R 5T EL % Watson FEE B E R s & &1 H ™ Jeopardy”
S H - 2015 4£ 10 A > Google AlphaGo B HyHEE » Bk fy 55 — (H
FETEDEIAE 10 Bl b B A R L T R 9 B B AR X 2016
T3 A EEERE B ESEETHE R > AlphaGo BL 4:1
BWNEBMERLEME > TN THEEH 20174 5H 23F 27T HE
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https://zh.wikipedia.org/wiki/%E6%A8%8A%E9%BA%BE
https://zh.wikipedia.org/wiki/%E5%9C%8D%E6%A3%8B%E7%9A%84%E8%AE%93%E5%AD%90
https://zh.wikipedia.org/wiki/%E8%81%B7%E6%A5%AD%E6%A3%8B%E5%A3%AB
https://zh.wikipedia.org/wiki/%E7%94%B5%E8%84%91%E5%9B%B4%E6%A3%8B
https://zh.wikipedia.org/wiki/%E6%9D%8E%E4%B8%96%E4%B9%AD

StHEHEE E o FHMIER AlphaGo 1t 55— £ ] R L &
5 5 bR 7L s s e N IRV BI 7 4h - R EHE e ) 2 AZ B R B R
BEBRURMEE DR REIR Gt e 2 B A - (EHAT A 2 BEERB
A RE B R BIEER EO » BT EMGEEERES -

R % oy B A B R flg B 4

® PE{Ti#HE Massive Parallelism

® REHIEEETF Huge Data Volumes Storage

® 7pia=UE R EH Data Distribution

® [ SH4ERS High-Speed Networks

® =MEREETE High-Performance Computing

® T {FRIFFEHE Task and Thread Management

®  ERUFEENE 43#r Data Mining and Analytics

®  ERHEHHL Data Retrieval

®  [&2REEIA Machine Learning

® Lk Data Visualization

R BB 53 BT 2k Th b FE B P B UZ B9 I > B2 H140 Log Analysis
Pattern Recognition ~ #2522 H ~ ZFE 2 H - Fintech ~ &8 & 3 7l (H A6
=) > Chatbot ~ BEERE » s N7 NEHEIEEHE > BEBEERE (VR
AR ~ MR ~ XR)ZE % -

Log Analytics with
Deep Learning & Machine Learning

S oy Y
,\,@ =85

Pattern Machine Deep
Analytics Recognition (=rlgaligle] Learning



https://zh.wikipedia.org/wiki/%E4%B9%8C%E9%95%87%E5%9B%B4%E6%A3%8B%E5%B3%B0%E4%BC%9A

V.

y

Your behaviour - how
you organise your

Programming

Neuro

Your thinking processes \
- the way you use your

senses to understand
| and how this affects what's happening |
. you and others around you

/ NLP \\, .

Llnguistlc

’ Your words - how you use

| language and howit
' influences you and those |
A around you, /

ideas and reactions,

Pattern
Signal Recognition

Processing

Image
Computer Processing
Physics Vision

Artificial

Mathematics  |ntelligence

3 KEBE T i%as S E 2 e FH Sk
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(D

. A
i APl { MapReduce | ( Pig J [HiveJ [HBase
i >,

- REE B

KErE 2 EREE P E

Hadoop /& — 3K X % & K} % 5 8 53 70 =0 A A2 236 LA Apache 2.0
o AT T 5% 28 A AY B R ERAS HE 2R - H AR 2 Google 24 ] 2003 4 4%
* MY MapReduce Ml Google %2 Z &t iy SCE MF ML - B (E
Apache Hadoop " “F- & , B #E Hadoop P % ~ MapReduce ~ Hadoop
AT HAE E Z 4% (HDFS) DAk —2AHRBHIEH » A& Apache Hive
1 Apache HBase %% > it 5 Y Hadoop 5 4H &5 A — (& 7 A I 5% -
BIRERG f R 2 / REN - B HIER BB B > I H M AR
AIEEME ~ BEAE > R B CEAT IR B R M 0 (A R
% 4t (Hadoop Distributed File System ) K 47 Bx =& HBHE -

\

Processing Framework [/ \
} % MapReduce v1

Resource Management k /

Distributed Storage [ HDFS ]

4 Hadoop 1 1R E [E

Apache Hadoop Software Library £ 70 5y N EEEEMESE » v E H
AN mEEHEN RS EREE FWRETHER LEBE
JgE B Rl By
Distributed Storage : 47 8% 2 HE ZE Z 4% (Hadoop Distributed File
System ) fEfF AR B R T T E AW E R - o R &SR K
KR -
Resource Management: Hadoop & &£ §1 1Y At A5 £ £ Bhi (Slave Node)
#E A CPU # ] - RAM I #4&H 7 - {8 Hadoop EHHY H TR
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https://zh.wikipedia.org/w/index.php?title=%E5%88%86%E4%BD%88%E5%BC%8F&action=edit&redlink=1
https://zh.wikipedia.org/wiki/%E5%BC%80%E6%BA%90
https://zh.wikipedia.org/wiki/%E5%BC%80%E6%BA%90
https://zh.wikipedia.org/wiki/%E8%B0%B7%E6%AD%8C%E5%85%AC%E5%8F%B8
https://zh.wikipedia.org/wiki/MapReduce
https://zh.wikipedia.org/wiki/Google%E6%AA%94%E6%A1%88%E7%B3%BB%E7%B5%B1

&

SLRE S oy e 12 Sh R 0 DU 2 (8 JE A A2 P B P ] DL A 5
B ZREEE > 21 T{EfH JobTracker daemon & % -

® Process Framework : Hadoop 1 BA MapReduce J3 =\Eh 1T T A FE A
R ANETELT o BB & G

® Application Programming Interface(API) : #& At 2 =0 3% 5f & 1 0y
Apache Hive f1 Apache HBase % API Bi MapReduce /1 » f& 1k

A‘}'[_A‘
alal °

HDFS 78 & b B B — B AR & H 35 i Fr BRI FE A
It Hadoop ‘¥ & EH RAYEN BHEHEEBIE S - Bk @y
o~ L EIE i g 7y 8 ooyt ~ BRERSAE o (K
#% 1 fy 2 %E Apache Hadoop HYHE Fr 22 50)
(2) Spark £y — BE & ¥ Hadoop ¥ AV MR 1 A 5 B 5[ %
Spark feft T — BN E A RBE DO mEEEL - L FED

EFITE 7 » BLFE ETL - #2822 > Mg A o
C | ® hadoop.apache.org B e @
what s Avache [ WWelcome to Apache '™ Hadoop®! =

]
o

Gettmg Started

What Is Apache Hadoop?

The Apache™ Hadoop® project develops open-source software for reliable, scalable, distributed computing.

Download
Hadoop
Who Uses
Hadoop?...
News

The Apache Hadoop software library is a framework that allows for the distributed processing of large data sets across clusters of computers using simple programming models. Tt
is designed to scale up from single servers to thousands of machines, each offering local computation and storage. Rather than rely on hardware to deliver high-availability, the
library itself is designed to detect and handle failures at the application layer, so delivering a highly-available service on top of a cluster of computers, each of which may be

Releases prone to failures.

Release Versioning
Mailing Lists The project includes these modules:
Issue Tracking
Who We Are?

Who Uses Hadoop? » Hadoop Distributed File System (HDFS™): A distributed file system that provides high-throughput access to application data.

« Hadoop Common: The common utilities that support the other Hadoop modules.

Buy Stuff - Hadoop YARN: A framework for job scheduling and cluster resource management.
Sponsorship + Hadoop MapReduce: A YARN-based system for parallel processing of large data sets.
TS Other Hadoop-related projects at Apache include:

Privacy Policy

Bylaws « Ambari™: A web-based tool for provisioning, managing, and monitoring Apache Hadoop clusters which includes support for Hadoop HDFS, Hadoop MapReduce, Hive,
Committer criteria HCatalog, HBase, ZooKeeper, Oozie, Pig and Sqoop. Ambari also provides a dashboard for viewing cluster health such as heatmaps and ability to view MapReduce, Pig
License and Hive applications visually alongwith features to diagnose their performance characteristics in a user-friendly manner.

+ Documentation « Avro™: A data serialization system.

' Related Projects - Cassandra™: A scalable multi-master database with no single points of failure.

+ Chukwa™: A data collection system for managing large distributed systems.

+ HBase™: A scalable, distributed database that supports structured data storage for large tables
« Hive™: A data warehouse infrastructure that provides data summarization and ad hoc querying.
« Mahout™: A Scalable machine learning and data mining library.

« Pig™: A high-level data-flow language and execution framework for parallel computation.

Sparke™: A fast and gener.
ncluding ETL, machine leal

mpute engine
, stream proce:

3000p data. SPark provides a sImple and expressive programming model that supports a wide range of applications,
, and graph computation.

- Tez™: A generalized data-flow programming framework, built on Hadoop YARN, which provides a powerful and flexible engine to execute an arbitrary DAG of tasks to
process data for both batch and interactive use-cases. Tez is being adopted by Hive™, Pig™ and other frameworks in the Hadoop ecosystem, and also by other
commercial software (e.g. ETL tools), to replace Hadoop™ MapReduce as the underlying execution engine.

« ZooKeeper™: A high-performance coordination service for distributed applications.

5 Spark

HIE 1 Hadoop 9 MapReduce €7 75 #1752 T {F 1% i 0 11 & b
B BERE SR > Spark (F FI T SO0 R POB BT 0 BETE KK
Sk BT AT B T4 50 P9 49 A B BL o Spark 1E 30 MR Y BT

12


https://zh.wikipedia.org/wiki/Apache_Hadoop
https://zh.wikipedia.org/wiki/MapReduce

2 2009 28 B ¥ BE M FI b Hadoop MapReduce AY 3 B3 & P
100 & > B {F 2 $h A7 12 ZUR BE B 15 > Spark L AE PR B 10 (H 2 E -
Spark LFFHFHERNE ZLELREE L REHETHE
f o EEEE AN RS EEEHEE -

Spark Stack

SparksaL | [sparkstreaming| | M
structured data real-time leaming

TR
e )= ][]

6 Spark < 1 [& [ 7]

RIT {2 #0077 12 30 BE B B > Spark tAE PR B 10 % 2R & - Spark
REFHPRER NS E R ECER  LZRXEHETES I
BEasHNHRSE2EHEL -

TEEH LHEEEEF A A Virtual Machine (VM) % %
Ubuntu % 7§ 22 %% java python scala spark L ipython notebook #E
TEE B LERRENEIER - 80 R85 L E Ik
o Mgk 27 AWS E¥rBA 1 & ubuntu R install pyspark B {F

SR

13
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K BB AT 5 R0 o At
B 7 B B g & SR (IDC) FH M 2015~2020 55 A B 95 AH BH AR 75

W AT 55 73 SR EE BT - BTl R B B o R AROR SR S fig Y EE &

FEEE A =i &y Non-relational Analytic Data systems 15 38.6% : NoSQL f5HY
72 Not only SQL» &1+ graph data> [EIEELEE > A DL = » 5840 Billy Lo, Head
of Enterprise Architecture for Tangerine Fi1z7HY “We expect 50 percent
growth in data in the next five years and we need to be able to support
that.”[8] - {47 Bl Solution [RIRy 2R K& EARFRRK » ALY DMSA (Data
Management Solutions for Analytics)[9]Z 4% 5 By % F-rJ £k - S24) Gartner
£ IT market clock for database 77 #7#ies 2 E|H4 SQL DBMS Y
Lifecycle BIRFEII > NF@a RO A o0 A S B B 8 B8 A B 2 1 4fHY
NoSQL Z il : Google 5% H AL HIF2 7 /14 Cloud Spanner[10] (Most
databases today require making trade-offs between scale and consistency. With
Cloud Spanner, you get the best of relational database structure and
non-relational database scale and performance with external strong consistency

across rows, regions, and continents)

HAK By Cognitive software Platform(BRA1/ A\ TEZ IS L& B L aaiE
feEEE - W > BAGES R s SR BT (V) o AR
A HERFIRCGICAE BB Rl 0 45 23.3% » MHEE < Data Science and
Machine-Learning Platforms A8 B & i #EBR LH#T foge /s (LaF 2B E 8
Gartner Magic quadrant ©

Content Analytics > BRIAE D H&ELERHNR)MIRLERLCLT: - 58
T BHEEEIR) - WA T B R IESH R AR (mew insight) LB BIASR -
15 17.3% ©

Search Systems > #2247t > (5 16.6% °

IT Services * 15 14.6% °

14



EIDC Top Technology Category Based on 5 Year CAGR (2015
2020)

ABILITY TO EXECUTE ——

Anadyre the Future

@ Non-relational Analytic Data S...
@ Content Analytics

9.3%

23.3%

17.3%

16.6%

14.6%

Search Systems @ [T Services

@ Cognitive Software Platform
Others

38.6%

Source: IDC Worldwide Semiannual 8ig Data and Anaiytics Spending Guide, 201602

7 2015~2020 F R BB AR B A T T HLE

Note: Axis scales and weightings are specific to market needs in the particular year. This comparison shows how vendors have met those evolving needs over time. Due to mergers,
acquisitions, and rebranding, some vendors may appear under different names from one year to the next.

2016 Magic Quadrant

COMPLETENESS OF VISION ——>»

8 Gartner’

® Miciosoft
eryx

 VISIONARIES _

| NILHE PLAYS 10N

® SAS
@ EM

® KNIME
& RapidMiner

As of Feb 2016

ABILITY TO EXECUTE ——»

2017 Magic Quadrant

Repine @ BM

5AS
Math\Wasks oA
]
g
Al ® Microsaft
o SAm
Teradmz ® H20a @ Daaik
@ Doming Data Lab

| NICHE PLAYERS |

COMPLETENESS OF VISION ——» As of Feb 2017

ABILITY TO EXECUTE ——>

2018 Magic Quadrant

Ay

o 55

CO Softvare
o Mtk g

- SAP

An.amwa ARqoss

Doming ia
® Microsoft

® Dataiku

COMPLETENESS OF VISION ———

@ KNIME

® RapidMiner
® H203

® Daabricks

As of Jan 2018

s magic quadrant for 2016~2018 4 Data Science and

Machine-Learning Platforms

15



4~ RUHES I 28 2

B HE Bk

(1) REERITHIE FERE T H T E KR -

DERREEZFEMPB— T HONER M > AR EEHBNE
K BRI JEIRE 2% > Data Science Central FIH T 20 {& 48 B&
NFEBERE[LL] > Bl {#EE A A EZB A Healthdata.gov
S GLER Ay http://content.digital.nhs.uk/home ZF o

2)E

BE

2 2R H B RS A R B B AT DU AT o3 A7 BE Y SIR

Com

Bb 4l o 4 — A& =X 1 & R 22 3 Bl 4 118 57 B0 £ DA AT BE A

iy #%& = (column features) » FF & B missing data * special data -
K outlie Data & 20 B% -

3)

&
H

BF5r BE training set Kz test set » 58 K S8 o) ik 25 &2
HOLY¥ training BRVET AT -
4) F) B bl i LR B ¥ testing set #E 1T B 5E

S) FHECEBE AN S B EE BT training & testing 0 W R E AR

i ERAME  LEEERSITHEN - WEEH &R -

Get Data Train Model

Improve

Clean, Prepare

Test Data
& Manipulate Data

O KB T HE (FRE
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http://content.digital.nhs.uk/home

(2) s 2 E R B E S AR BIE label data 77 Fy -

1) BB N8 E (Supervised Learning ) : fEJISRE R 1A " K
Eokt > & E B E W output - B H AW EH 5B
Al JlER R ORAECEERHENNER - LEEAT £
B B E R KSR B B 2 H M general rule
thatmapsinputs to outputs °
2) JEE B X B (Unsupervised Learnin) @ SR &k higH i
B,EH ERBKENEBCHRIHESHE TR  HVE
o &R R A hidden patterns iy B B2 H 6y )5 0k o
() RAREE AT BB ENGS REAMBEELNAR  XTE
1) Classification 7y $H 7Y [ @ & Pt AR R B9 A 2 3 851 - Al
TT RN B PR EOR IR B R o B T EER S THNME predicted
value ¥4 IF ## {E True Value’ i@ & & FI| F confusion matrix[12] 2K

evaluate our model °

2) Regression [B] i 5] 38 : A1) A 5] B 05 A2 89 B /)N~ 07 ol 808 — {1 54
% EH S EMANEE 2 M AETEERN—&E BT e

3) clustering 73 Bf * 2/ inputs 77 sl B 4H > (H [N 55 BT A XE &R

Rt & o % FERGSET OB 2E 2 dHBEE

B TS A 3 2 B> an algorithm~ a notion of both similarity

of disimilarity * a stopping point °
Typical cluster models include:

® (Connectivity models: for example, hierarchical clustering builds

models based on distance connectivity.

® (Centroid models: for example, the k-means algorithm represents

each cluster by a single mean vector.

® Distribution models: clusters are modeled wusing statistical
distributions, such as multivariate normal distributions used by
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https://en.wikipedia.org/wiki/Map_(mathematics)
https://en.wikipedia.org/wiki/Statistical_classification
https://en.wikipedia.org/wiki/Regression_analysis
https://zh.wikipedia.org/wiki/%E6%9C%80%E5%B0%8F%E4%BA%8C%E4%B9%98%E6%B3%95
https://zh.wikipedia.org/wiki/%E8%87%AA%E5%8F%98%E9%87%8F
https://zh.wikipedia.org/w/index.php?title=%E5%9B%A0%E5%8F%98%E9%87%8F&action=edit&redlink=1
https://zh.wikipedia.org/wiki/%E5%9B%9E%E5%BD%92%E5%88%86%E6%9E%90
https://en.wikipedia.org/wiki/Cluster_analysis

the expectation-maximization algorithm.

Density models: for example, DBSCAN and OPTICS defines

clusters as connected dense regions in the data space.

Subspace models: in biclustering (also known as co-clustering or
two-mode-clustering), clusters are modeled with both cluster

members and relevant attributes.

Group models: some algorithms do not provide a refined model for

their results and just provide the grouping information.

Graph-based models: a clique, that is, a subset of nodes in a graph
such that every two nodes in the subset are connected by an edge
can be considered as a prototypical form of cluster. Relaxations of
the complete connectivity requirement (a fraction of the edges can
be missing) are known as quasi-cliques, as in the HCS clustering

algorithm.

Neural models: the most well known unsupervised neural network
1s the self-organizing map and these models can usually be
characterized as similar to one or more of the above models, and
including subspace models when neural networks implement a
form of Principal Component Analysis or Independent Component

Analysis.

4) Tree based Methods ¢ Tree is conceptually easy to understand {H

AMAEFEHNARENRE > HEZEH aggregating many decision
trees * {# A bagging ~ random forest * and boosting * the predictive

performance of trees can be substantially improved.

5) Collaborative Filtering W [E # )8 : HEMERHE)Z » PIAFEE T

s T g A0 SR R UH B AR (E B HEE R > &
R B A R E R R -
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6) Density estimation - finds thedistributionof inputs in some space
Sk A B R R [E 22 Y o AT o s Al I (kernel
density estimation ) & 1F &t o H 2R Ak 5+ R KA & & eh & -

7) [ 4 I & Dimensionality reduction : & input mapping ZFI|{E 4
ZEfH > EREEBME Topic modeling BL[E MR - 2 %28
BERIAENETREILA R FEEELY -

8) Reinforcement Learning @ 5@{E2EH 2B E YT by — (E 44
S o SR AT B R R M ATEY 0 IS S RABRY T A 25 -
HERABFEROCHEETNT R ERME R - A EEOMER

B de THYSE B SO ETHY RGBT - B R RIBEI TR > &
LS R KM ZZINE EMYEIT B - Reinforcement learning (RL)
is an area ofmachine learninginspired bybehaviorist psychology,
concerned with howsoftware agentsought to take actions In
an  environmentso as to maximize some notion  of

cumulative reward.

9) Deep Learning - Deep learning (also known as deep structured
learning or hierarchical learning) is part of a broader family of
machine learning methods based on learning data representations,
as opposed to task-specific algorithms. Learning can be supervised,

semi-supervised or unsupervised.

10) learning to learn learns 1ts own inductive bias based on
previous experience. Developmental learning, elaborated
forrobot learning, generates i1ts own sequences (also called
curriculum) of learning situations to cumulatively acquire
repertoires of novel skills through autonomous self-exploration
and social interaction with human teachers and using guidance
mechanisms such as active learning, maturation, motor synergies,
and imitation.
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https://en.wikipedia.org/wiki/Density_estimation
https://en.wikipedia.org/wiki/Probability_distribution
https://en.wikipedia.org/wiki/Dimensionality_reduction
https://en.wikipedia.org/wiki/Topic_modeling
https://zh.wikipedia.org/wiki/%E6%9C%BA%E5%99%A8%E5%AD%A6%E4%B9%A0
https://zh.wikipedia.org/wiki/%E7%8E%AF%E5%A2%83
https://zh.wikipedia.org/wiki/%E8%A1%8C%E4%B8%BA%E4%B8%BB%E4%B9%89
https://en.wikipedia.org/wiki/Machine_learning
https://en.wikipedia.org/wiki/Behaviorism
https://en.wikipedia.org/wiki/Software_agent
https://en.wikipedia.org/wiki/Action_selection
https://en.wikipedia.org/wiki/Meta_learning_(computer_science)
https://en.wikipedia.org/wiki/Inductive_bias
https://en.wikipedia.org/wiki/Developmental_robotics
https://en.wikipedia.org/wiki/Robot_learning

DL HIH python ~ Spark ~ scikit-learn B4R &R » LRI FFEE Y -
® Python https://docs.python.org/3/tutorial/

® Spark B 10 https://spark.apache.org/docs/latest/ml-guide.html

@ & |

O Top 10 Programmir

L

(6] ‘ & =2 | https:/sparkapache.org/docs/latest/ml-guide.html

SMESEEAE - & SearchResultschin  [i] GraphComputing’ B ZESH36END = Whatis Python Use

SREBEER NT

FREHAIENS - -

Programming Guides~ API| Docs~ Deploying~ More~

Sﬁ“o"f ¥4 Overview

Machine Learning Library (MLIib) Guide

MLIib is Spark’s machine learning (ML) library. Its goal is to make practical machine learning scalable and easy. At a high level, it
provides tools such as:

MLlib: Main
Guide

Basic statistics

Pipelines «
Extracting, transforming
and selecting features
Classification and
Regression

Clustering

Collaborative filtering
Frequent Pattern Mining
Model selection and tuning
Advanced topics

MLlIlib: RDD-based
API Guide

ML Algorithms: common learning algorithms such as classification, regression, clustering, and collaborative filtering
Featurization: feature extraction, transformation, dimensionality reduction, and selection

Pipelines: tools for constructing, evaluating, and tuning ML Pipelines

Persistence: saving and load algorithms, models, and Pipelines

Utilities: linear algebra, statistics, data handling, etc.

Announcement: DataFrame-based API is primary API

The MLIib RDD-based API is now in maintenance mode.

As of Spark 2.0, the RDD-based APIs in the spark.m111b package have entered maintenance mode. The primary Machine
Learning API for Spark is now the DataFrame-based API in the spark.m1 package.

What are the implications?

® Scikit-learn B 11

http://scikit-learn.org/stable/

scikit-1learn

Machine Learning in Python

Classification Regression Clustering

Identifying to which category an object
belongs to.

Applications: Spam detection, Image
recognition

Algorithms: SVM, nearest neighbors

random forest, ... — Exampies

Dimensionality reduction

Reducing the number of random variables to
consider.
efficiency
Algorithms: PCA, feature selection, non-
negative matrix factorization — Examples

Increased

News

On-going development: What's new
(Changelog)

October 2017. scikit-learn 0.19.1 is available
for download (Changelag)

July 2017. scikit-learn 0.19.0 is available for
download (Changelog).

June 2017. scikit-learn 0.18.2 is available for
download (Changelog).

September 2016. scikit-learn 0.18.0 is available
for download (Changeiog)

November 2015. scikit-learn 0.17.0 is available
for download (Changelog)

March 2015. scikit-learn 0.16.0 is available for
download (Changelog).

Predicting a continuous-valued attribute
associated with an object.

Applications: Drug response, Stack prices.
Algorithms: SVR, ridge regression, Lasso
— Examples

Model selection

Comparing, validating and choosing
parameters and models

Goal: Improved accuracy via parameter
tuning

Modules: grid search, cross validation,
metrics. — Examples

Community
About us See authors and contributing

More Machine Learning Find related projects

? See FAQ and stackoverflol
Mailing list: scikit-leam@python org
IRC: #scikit-leam @ Treenode

Read more about donations

Automatic grouping of similar objects into
sels.

: Customer
Grouping experiment outcomes
Algorithms: k-Means. spectral clustering,
mean-ghift, ... — Examples

Preprocessing

Feature extraction and normalization.

Application: Transforming input data such as

text for use with machine leaming algorithms.

Modules: preprocessing, feature extraction.
— Examples

Who uses scikit-learn?

uE

"The great benefit of scikit-learn is its fast
learning curve [..]"
More testimonials

More information on our contributors

Funding provided by INRIA and others &—L > Gougk‘ ! i - @

SYDNEY

pAY)


https://spark.apache.org/docs/latest/ml-guide.html

5 f&ZEHEH - Machine Reasoning

Dealing with uncertainty:

You would like to determine how likely the
patient is infected with inhalational anthrax

given that the patient has a cough, a fever,
and difficulty breathing

New evidence: X-ray image shows that the
patient has a wide mediastinum.

Belief update: your belief that the patient is
infected with inhalational anthrax is now
much higher now.

* In the previous slides, what you observed affected your
belief that the patient is infected with anthrax

e This is called reasoning with uncertainty

* Wouldn’t it be nice if we had some tools for reasoning
with uncertainty? In fact, we do...

Bayesian Network

* Need a representation and reasoning system
that is based on conditional independence

* Compact yet expressive representation
* Efficient reasoning procedures

* Bayesian Network is such a representation
* Named after Thomas Bayes (ca. 1702 —1761)

* Term coined in 1985 by Judea Pearl (1936 — ),
2011 winner of the ACM Turing Award

* Many applications, e.g., spam filtering, speech
recognition, robotics, diagnostic systems and
even syndromic surveillance

Judea Pearl
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6~ 2B IR N ZE KB B P B B -Introduction to Graph Database

& 2 &k} JE (Graph Database) WY Al & & H 1999 F LUK FF & W3C
AR RDF #% =0 (The Resource Description Format) [RH B A ¥
Ko a8 M Y e I LR G (B Ry T #5 Bc Y SPARQL query language £ &
BF 42 it fiz 3 B & B RHAY infrastructure » PR 3 B B Bt =X & R E Y 22 1
RAMIE - AL RS T B R 11 B & & B 5 3 (40 IBM ~ Oracle &
Cray & = & ABF5E -

RDF #& = {2 A 3 parts statement called Triples(subject, predicate,
object) T DL & % & (ID, property Name, and property Value) -~ i= & f§
BHYZE 5 7] LLEE RDF A {38 schema[13] » 27t pln | -

Example: A company has nince of part p1234 in stock, then a simplified triple
rpresenting this might be {p1234 inStock 9}.

Instance Identifier, Property Name, Property Value.

In a proper RDF version of this triple, the representation will be more formal. They
require uniform resource identifiers (URIS).

@prefix fbd: <http://foobarco.net/data/>.
@prefix fbv: <http://foobarco.net/vocab/>.

fbd:pl234 fbv:inStock "9".
fbd:pl234 fbv:supplier "Joe’s Part Company".

@prefixfbd:<http://foobarco.net/data/>.
@prefixfbv:<http://foobarco.net/vocab/>.

fbd:p1234 fbv:inStock"9".

fbd:pl234 fbv:name "Blue reverse flange".

fbd:pl1234 fbv:supplier fbd:s9483.

fbd:s9483 fbv:name "Joe’s Part Company".

fbd:59483 fbv:homePage "http://www.joespartco.com",
fbd:s9483 fbv:contactName "Gina Smith",

fbd:59483 fbv:contactEmail "gina.smith@joespartco.com”,

The following SPAQRL query asks for all property names and values
associated with the fbd:s9483 resource:
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PREFIX fbd: <http://foobarco.net/data/>

SELECT ?property ?value
WHERE {fbd:s59483 ?property ?value.}

|property value
\<http://foobarce.net/vocab/contactEmails "gina,smith@joespartco.con”
\<http://foobarco.net/vocab/contactName> "Gina Smith"
\<http://foobarco.net/vocab/homePage > "http://www,joespartco.com"
\<http://foobarco.net /vocab/name> |"Joe's Part Company"

KR BRI A2 20 %8 |2 Y Apache Jena BL JAVA Bk HY API 12 =
o] g+ ¥} RDF #& & & 4= %I E 2 [& /£ © (Jena is a Java API which can be

used to create and manipulate RDF graphs) °

« Apache Jena  #Home & Download Wleamn -~ WJavadoc - @Ask wlGetinvolved - . Improve this Page

+ Apache Jena

A free and open source Java framework for building Semantic Web and Linked Data applications.

¥ Get started now! & Download

RDF Triple store OWL
RDF API TDB Ontology API
Interact with the core API to create and read Resource Persist your data using TDB, a native high performance Work with models, RDFS and the Web Ontology
Description Framework (RDF) graphs. Serialise your triple store. TDB supports the full range of Jena APIs. Language (OWL) to add extra semantics to your RDF
triples using popular formats such as RDF/XML or Turtle data
ARQ (SPARQL Fuseld Inf API
nrerence

Q ( Q ) Expose your triples as a SPARQL end-point accessible
Query your RDF data using ARQ, a SPARCL 1.1 over HTTP. Fuseki provides REST-style interaction with Reason over your data to expand and check the content
compliant engine. ARQ supports remote federated your RDF data. of your triple store. Configure your own inference rules or

queries and free text search. use the built-in OWL and RDFS reasoners.

12 Apache Jena (Apache License Version2.0)
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%% %kl O'Reilly #Y Graph Databases /& Pl Neo4] & {F /1 44
{5l > A BH R #CEE 1 OrientDBJZ PL JAVA B2 HJ NoSQL &} -
T PL multi-model database &, Z [ P & Kl HE & B ~ X -
key/value, k%1% (objectmodels) e

Neo4j OrientDB

® . A
@HGOAJ = OrientDB

y

Developer(s) Neo Technology

Initial release 2007; 11 years agol'!

Developer(s) OrientDB Ltd

Stable release 3.3.0 / October 24, 2017; 3 Initial release 2010; 8 years ago
months agol2l®! Stable release 2.2.22 / June 20, 2017; 8 months agol']
Repository  https://github.com/neo4j/neo4j&’ | | Repository  https://github.com/orientechnologies/orientdb &
s é
Written in Java Written in Java
Type Graph database Platform Java SE
License Source code: GPLv3 and .
AGPLV3 Type Document-oriented database, Graph database,
Binaries: Freemium Multi-model database
registerware License Apache 2 License
Website neo4j.comgy Website orientdb.com g/

13 Neo4j Bl OrientDB %5 2 % IE

BT R F A O'Reilly #Y Graph Databases & 1 Shakespeare Y

& {3 2K 55 BA {F A Graph Databases BIFF 14 > & B E BT L0 £

ZLH SQL ZBRERFE - BEEIL L /V(E Table 20/E 11 2 s I 7 2
WER SQL $5 < FF v LL#S & tH Graph Databases Y fif /8 B 2 % -
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CREATE (shakespeare { firstname: ‘William', lastname: 'Shakespeare' }),
(juliusCaesar { title: 'Julius Caesar' }),
(shakespeare)-[:WROTE_PLAY { year: 1599 }]->(juliusCaesar),
(theTempest { title: 'The Tempest' }),

(shakespeare)-[ :HROTE_PLAY { year: 1610}]->(theTempest),
(rsc { name: 'RSC' }),
(productionl { name: 'Julius Caesar' }),

(rsc)-[:PRODUCED]->(productionl), (review)-[:RATED]->(performancel),
(production)-[ :PRODUCTION_OF]->(juliusCaesar), (theatreRoyal { name: 'Theatre Royal' }),
(performancel { date: 20120729 }), (performancel)-[:VENUE]->(theatreRoyal),
(performancel)- [ :PERFORMANCE_OF ]->(productiont), (performance2)-[:VENUE]->(theatreRoyal),
(production2 { name: 'The Tempest' }), (performance3)-[:VENUE]->(theatreRoyal),
(rsc)-[:PRODUCED] ->(production2), (greyStreet { name: 'Grey Street' }),
(production2)-[ :PRODUCTION_OF]->(theTempest), (theatreRoyal)-[:STREET]->(greyStreet),
(performance2 { date: 20061121 }), (newcastle { name: 'Newcastle' }),
(performance?)- [ :PERFORMANCE_OF ]->(production2), (greyStreet)-[:CITY]->(newcastle),
(performance3 { date: 20120738 }), (tyneAndwear { name: 'Tyne and Wear' }),
(performance3)- [ :PERFORMANCE_OF]->(production1), (newcastle)-[:COUNTY]->(tyneAndWear),
(billy { name: 'Billy' }), (england { name: 'England' }),

(review { rating: 5, review: 'This was awesome!' }), (tyneAndwear ) -[ :COUNTRY]->(england),
(billy)-[:HROTE_REVIEW]->(review), (stratford { name: 'Stratford upon Avon' }),

(stratford)-[:COUNTRY]->(england),

(rsc)-[:BASED_IN]->(stratford),
(shakespeare)-[ :BORN_IN]->stratford

F T4 B Neodj Create #i 4]
name: ey 77 ([ 14)Fy create 1§ & 1L HY
m!i}twru (graph)

PERFORMANCE_OF PERFORMMSCE_OF |
r i EEVIEW _QF
e}
BASED_IN . l X
VENLIE VENUE
. 3
name: Theatre Rogal [ = = = = = =~ = = = — | name Grey Street
p
*
wﬁ-ﬂw | counwy _ | : Heweit
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EH Shakespeare HJ&I I Neodj A H create 5 < Al EH L E -
B EE O R0 R A SQLDB 2 sk R M AR
BE ~ BIA ~ B35 - HHEEREI Table -

BT ARIEHHLPIZE 1608 F Z1% Shakespeare /£ Newcastle
Theatre Royall J& 48 1y /2 U5 (& /8% &1 2

START theater=node:venue(name='Theatre Royal'),
newcastle=node:city(name="Newcastle'),
bard=node:author(lastname="'Shakespeare')

MATCH (newcastle)<-[:STREET|CITY*1..2]-(theater)
<-[:VENUE]- ()-[ : PERFORMANCE_OF]->()- [ :PRODUCTION_ OF]->
(play)<-[w:WROTE_PLAY]-(bard)

WHERE w.year > 1608

RETURN DISTINCT play.title AS play

Hrmmrmen e .
| play I
fremreransnnannn .
| “The Tempest" |
$reecccascsscnns +
1 row

HB/EE Shakespeare £ Newcastle Theatre Royall J& #& B9 2 TF 2% & /&% &1 2
o ik IR PR

START theater=node:venue(name='Theatre Royal'),
newcastle=node:city(name='Newcastle'),
bard=node:author(lastname="'Shakespeare')

MATCH (newcastle)<-[:STREET|CITY*1..2]-(theater)
<-[:VENUE]-()-[p:PERFORMANCE_OF]->()-[ :PRODUCTION_OF]->
(play)<-[ :WROTE_PLAY]-(bard)

RETURN play.title AS play, count(p) AS performance_count

ORDER BY performance_count DESC

| "Julius Caesar" | 2 |
| "The Tempest" | 1
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55— & 55 4 =Ry s ]t 0] DL H Graph Database 7% & FH 7E #E

15 Graph Database PA user reference #E & & & & H

other readers who s
reader like the same book
reader books other readers
have liked
UKES\‘ LIKES

reader who

' another

likes a book book

Because this data model directly encodes the question presented by the user story, it
lends itself to being queried in a way that similarly reflects the structure of the question
we want to ask of the data:

START reader=node:users(name={readerName})

book=node|: books(isbn={book ISBN})
MATCH reader-[:LIKES]->book<-[:LIKES]-other_readers-[:LIKES]->books
RETURN books.title
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A F [ T 48 4y M 82 22 38 55 [N -Graph Database Analysis

78 — B By (F A A #6912 PR ° 2008~2009 4 6] 7Y IBM 23 =] A
B0 I 11 BF A BE SmallBlue / Atlas  Ffr Uiz £ %1 5L 1 B [ =5 P9 (50 A 4
BEAE RS - BN AE S F] N ED R EE AL A B EEAH o BLAE S B SN ED O HY
WA R AN IERLAFANWHNEEEAAEL  SE@EE

EREPIHII[14] 28 &
= Topological point of views
— What type of network structure

e Trust

& Structurally
~@. Diverse Network

.@«~ *Brokering position
© eAccess to many
v pools of diverse,
novel information

Cohesive Network

SR A RGO R A -

is beneficial?
< ]

« Absorptive capacity
«Precision, Reliability

What type of network structure is most
beneficial in a electronic network for
consultants?

«Importance of Direct Contacts?

«Importance of Indirect Contacts?

«Constrained vs. unconstrained?

16 Economic Issues-Network Topology and Worker Productivity

Network Topology
Measures
Direct sze{?% =4
Contacts Size(12)=3
e 2)2

3steps(7) =11
3steps(12)=8

Structural Div 7))=.53
Diversity Div12)=0.16

77012 ’
o
Ko - ? -
@ 4‘ "
+ No mformat:on Network size > strong
l\ ortio work performance (?)
- Hig mamtenance cost
+ Agcass dlverse Btw-central -> Stron (g'
# 3_ work ormance (?)
-In ormatlon stortion  3.step Rgach ->Strong

work performance (?)

+Transfer complex Diversi r}g-) Stron work
know! 3 v% rmance

- Access diverse
knowledge

17 Network Topology Measures
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£ 2 FIFE M8 2038 fir IBM JEE [ 1 BE49 iR
SmallBlue HY 1%, 3538

® Gi4a{HE A fF A SmallBlue 2 1% social Capital grew > & N &L &
N EIG AN 584 EoT 2 0 WAL 7010 ETTAIE -

® i Joint analysis 2% B0 44 8% 0 HnsE a1 (BRI - SRR
Ry IBM A EIH#E 948 =T AIE o (B 7 #t H & 7Y Businessweek
Top Story, April 8 2009 )

» We and MIT studied 2,038 IBM Global Business Consultants for 2 years, it was found that:

« After a consultant started using SmaliBlue, his social network/capital
obviously grew and his monthly billable revenue for IBM increased by
$584.15 (i.e., $7,010 per year)

= Joint analysis of social capital and economic BusmessWeek

capital:
« Adding a person in personal network (i.e.,

Gl B

Insider Newsletter

someone with frequent communications), ~ BEMEme
increases $948 yearly revenue for IBM.  Social Connections

SmEsUa A BN |
T e D cirsen

= oo pytes

S0 SOTRED W8
Higlwr 1 ok

(selected by BusinessWeek Magazine as the
Top Story of the Week, April 8, 2009)

* 1% increase in social network diversity is
associated with $239.5 in monthly revenue
(i.e., $2,874 revenue increase per year).

* 1% increase in social network diversity is
associated with an increase of 11.8% in job
retention (i.e., surviving layoff).

SmallBlue / Atlas was featured in 120+ news
articles, including 4 times by BusinessWeek
(Jan and May 2008, April and June 2009)

18 Enterprise becomes more successful utilizing Social Network Analysis
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Example: Healthcare experts in the world

v..,,?, o e

Connections between different divisions

#

Example: Healthcare experts in the U.S. Key social bridges

19 Betweenness fH & > Bridges

Observations from Personal Social Networks vs. Revenue
« Structural Diverse networks with abundance of structural holes are
associated with higher performance.
— Having diverse friends helps.
= Betweenness is negatively correlated.
— Being a bridge between a lot of people is not helpful.
= Network reach are highly corrected.

— The number of people reachable in 3 steps is positively
correlated with higher performance.

= Having too many strong links — the same set of people one
communicates frequently is negatively correlated wit
performance.

— Perhaps frequent communication to the same person may
imply redundant information exchange.

« Future textual analysis can be done to confirm this.
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8 ~ & B i 5 iy B 5%
& PR ## (JH 4% block chain WiF 43 BF » 2016 1% 24 blockchain Wi

F & PR il JH E Markle tree(hash tree) ~ Timestamps ~ cryptography ©

(1) Markle tree(hash tree) 2 7T 8 #6141 F B Fow @ H o 45 [ &
PEAH BB hash (EEFEE > W H S (EIJEEE B H H T8
Y 02 hash ([HEAEFEE - hash BIE T KA EHE 2 AR

AT & L =Y B e

Top Hash
hashi oty )
Hash Hash
0 1
hashl Jii ) hasht Joiiy )

Hash ' Hash Hash Hash
0-0 0-1 1-0 1-1
hashiLl) hmash( L2} hashiLy) hashiL4)

' : Data
L1 L2 L3 L4 Blacks

An example of a binary hash tree. Hashes 0-0 and
0-1 are the hash values of data blocks L1 and L2,
respectively, and hash 0 is the hash of the
concatenation of hashes 0-0 and 0-1.

20 a binary hash tree[15]

B L1~L4 Z&RBE > Hsah0-0 & L1 Ay Hash {H(Z# hash
function sFE % W45 E) » HsahO-1 & L2 #Y Hash {8 » Hash 0 Rl &
Hsah0-0 B HsahO-1 concatenate 2 1& ° £ €8 %% hash function 3 B 1& A
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58y hash {E ° Top Hash AlJ%& Hash 0+ Hash 1 HY Hash {H -

(2) Timestamps

R B Y FE R /2 B 7 RB LS T — (B 55 ] P Y 56098 8 P g R 2
Bk oy #EEE A TSA private key 2R 1% > 1B LA 2 K & R} B ] 2
#17 hash MR E A HY hash {H - 2% B 8 AE A (TSA) L H
private key ZRII% - B a8 HF F§ TSA public key 2 {EEJH hash
(Data+TimeStamp) # F H EE ¥ - 21/ & MH B £ H N E KB HE R

Checking the trusted timestamp

Data | = imestamp| fn | [2010...01011]

Calculate hash
Apply public key of

|—|1011---1010 Timestamping Authority
( (TSA)

Calculate hash

|0010...01011| > IOOlO...OlOllI

If the calculated hashcode equals the result of the decrypted signature, neither the document or the
timestamp was changed and the timestamp was issued by the TTP. If not, either of the previous

statements is not true.

21 Timestamps — % 14 2
5y #e3 bitcoin EHEHE FE R (FEhZ XS ES
i R Y 22 28 B -
73 B R B S 0 B BN R A0 B P S ELAth < A0 R AR 1
DT O 457 58 S 1 AF 5% LI 0 52 BEME[16] > S0 By 56 B A +1 ST L BG 7
g EHEZENAIEANSENERNESLIHEFR S
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(3) Cryptography

Blockchain security methods include the wuse of public-key
cryptography. A public key(a long, random-looking string of numbers)
is an address on the blockchain. Value tokens sent across the network are
recorded as belonging to that address. Aprivate keyis like a password
that gives its owner access to their digital assets or the means to
otherwise interact with the various capabilities that blockchains now

support. Data stored on the blockchain 1s generally considered

incorruptible.
Bob
Helio | [ ncryot| «— Q=17
Enc t
Alice! yp
+ Alice's
public key
6EB69570
O8EO3CE4
Alice ¢
Retlo .
i -¢— Decrypt
Alice! Alice's

private key

22 public-key cryptography ZE %

DA blockchain % fiif £ 6 £ 2008 5= Y & 5L Bitcoin: A Peer-to Peer
Electronic Cash System, & {E ¥ LI Satoshi Nakamoto (9 A& &) &y
Ho0 HDUE PR Rl 32 5T AV B 7 88 Bit Coin» X B R T E -
H fr A %) 5% il B2 5 hash function ~ Markle tree ~ timestamps °

cryptography & -
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Transaction

Owner 3's
Public Key

Eb 7 W 2 R 1 5
(The bitcoin network 1s a peer-to-peer payment network that operates on
a cryptographic protocol. Users send and receive bitcoins, the units of
currency, by broadcasting digitally signed messages to the network using

bitcoincryptocurrency wallet software. Transactions are recorded into a

Transaction Transaction
Owner 1's Owner 2's
Public Key Public Key
Hash Hash
¢ Ml iy |
Owner 0's Owner 1's
Signature v Signature
Owner 1's Owner 2's
Private Key Private Key

¥ v

Hash

:

i
Owner 2's
Signature

£ 48 % b A]

Owner 3's
Private Key

23 A diagram of a bitcoin transfer

17 5 5 3BE 57 /Y 4 4%

distributed, replicated publicdatabaseknown as theblockchain,
consensus achieved by aproof-of-work system called m/ning)
Longest Proof-of-Work Chain
Block Header Block Header Block Header
fﬂ Prev Hash H Nonce ] =| Prev Hash { | Nonce | "r‘*l Prev Hash ‘ | Nonce |

Merkle Root

Merkle Root

& 24

Hash01

Hash23

\ Merkle Branch for Tx3
|Hash2| | Hash3

Tx3
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https://en.wikipedia.org/wiki/Bitcoin
https://en.wikipedia.org/wiki/Cryptocurrency_wallet
https://en.wikipedia.org/wiki/Database
https://en.wikipedia.org/wiki/Blockchain_(database)
https://en.wikipedia.org/wiki/Proof-of-work

HEULERERERGERNTZEER B EMUERFHEH
ME &R EA4E E R o o HOR 49 5% HF Y bitcoin servers b % & Ak
73 F) e 5 K 28 B R IR i B AR B proof of work B2 HE > E KX B K
TLAEER 0 R G R Bk F o B Y A BB R (N B ) -

Economist /& 2015 4£ The great chain of being sure about things
Y [ B BH R Ry B A 0 HORE A 5 & Bl Any length of data (Transaction
A ~ Transaction B---) #%E#% hash function & 4 [E & £ /& ¥ % {H (Hash
value #A ~ Hash value #B--+)4H ik Markle tree > # it Markle tree Y Root
Top hash T A block H - FJEE A0 _F AT —{E block Y ZEE - 12 M fl
I timestamps > 4H Bk — {[# %5 05 5K @5 (cryptography puzzle) » 5 bitcoin
servers Eb 'Ry 5 (5] Ik &8 A1) F 58 K 28 B2 44 o sk R R 2 -
Making a hash of it

INPUT

Transaction A Transaction Transaction '!’iﬂﬁfﬁﬂ@ﬂ" Transaction

A B C D
Any tengih of data l
HBBI h val Hash valu Hash valu: Hash valu
Hash value Hash value Hash value Hash value
#DFCD 24D9 AEFE 93B9 #A 4B #C #D

Unigue hash value

of fixed length MERKLE

: TREE
Hash value

Each transaction in the set that HAB

makes up a block is fed through a
program that creates an encrypted
code known as the hash value.

Hash values are further combined in a 4 % - \
g Times!
system known as a Merkle Tree. - Combined hash ~ * nestamp
~ value #ABCD Nance

The result of all this hashing goes

into the block’s header, along with a Block 11
hash of the previous block’s header

and a timestamp. Block 10

Block 09
The header then becomes part of a

cryptographic puzzle solved by manipulating a Block 08
number called the nonce.

Once a solution is found the new block is added to the blockchain.

Economist.com

25 Economist 2015 % The great chain of being sure about things[17]
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Blockchain formation. The main chain (black)
consists of the longest series of blocks from the
genesis block (green) to the current block. Orphan

blocks (purple) exist outside of the main chain.
26

TSN E R
(1)  #dE (decentralized)
(2) ZEFE4EABIEA (public ledger)
(3)  FHIEBRM B X (tamper resistant)
(4) E#KEE (timestamps)
(5) HEEFE5HEZE (conflict resolution)

R FERIIOKIBRL R R

3% 55 [ B 3,
1T 8 R AAE
X HENE
P9 B 2 55 15

EEIM2R =

RAEIE

L
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0~ EEIERNZR KEIEHE (LR -Visualization

AL 2B A RBIE o EIRAE AR EEZAH A N ANE
WEAEY > HABRMNS AR ER D ZEILEHY ORHEER
15 7 B 5% B A A mE DL RHy 5 2R B R Y R I R AR T el
EHER MR — E ) NS E > ERE BRI Bk T o
RS > SERY R R ALY BRI > MR F IR SR B DLRARS N s L

e & F SVG ~ D3.js ~ Bootstrap ~ HTML -~ Javascript ~ and CSS

A5

(1) SVG (Scalable Vector Graphics) 18 anXML-based markup language
for describing two-dimensional vector graphics.SVG 1is essentially

to graphics what HTML1s to text.

for circles, rectangles, and simple and complex curves. A simple
SVG document consists of nothing more than the <svg> root
element and several basic shapes that build a graphic together. In
addition there i1s the <g> element, which is used to group several

basic shapes together.

SVG  Supports gradients, rotations, filter effects, animations,
interactivity with JavaScript, and so on. But all these extra features
of the language rely on this relatively small set of elements to
define the graphic area.

(2) D3.js 28 Data-Driven Documents D3 UL SR8 A -

Overviey

1‘ Data-Driven Documents

Jr— T R y — T——
o § &g S - £ 1
. o )
. : !
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https://www.w3schools.com/graphics/svg_intro.asp
https://www.w3schools.com/graphics/svg_intro.asp
https://developer.mozilla.org/en-US/docs/XML
https://en.wikipedia.org/wiki/Vector_graphics
https://en.wikipedia.org/wiki/Vector_graphics
https://developer.mozilla.org/en-US/docs/Web/HTML

(3) Bootstrap PAREAREZE K A4 E T A -
(4) BHEP EEEEEEEMNRETLE SR AET T HREADN
HTML(5), Javascript, L CSS -

MWC2018 BestTaxSoftware 1CoolThing MetalGearSurvive SpaceXSatellites
b_‘. St
201 | > Gi) Power Bl ii+ableoy dGoosesnw: CHARTIO i T
SISENSS -

Lowestprice 3L SEEIT SEE IT SEE IT SEEIT SEE IT SEE IT SEE IT SEEIT SEEIT

090000 08000 90000 90080 90800 00000 @0000C 90800 00000 00000

Editors’ Rating EDITORS' EDITORS' EDITORS
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v v = v v = v v v v
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Customizable
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Dashbeards
Sharing /
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Microsoft Tableau Google SAP Analytics  1BM Watson Einstein
) Zoho Reports Sisense Domo ) Chartio .
Read Review : : Power Bl Desktop Analytics Cloud Analytics Analytics
Review Review Review Review
Review Review Review Review Review Platform
Review

29 PC Magazine Survey 2018 AR @ L T B
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BCERNE - R

TEREESHRE F > MEKEELENEWN TRFEELR
“Design a smart machine is more important than design a smart rule

by yourself. It is human being’ s nature to create rules for solving a

problem. Don" t think you are the one to solve the problem, instead

to design a system and let the system automatically solving

problem. Then it becomes possible to scale to handle all kinds of

situation.”

% K AE S — 15 Taiwan R User Group/MLDM Monday Fi 22 ¥t /Y Data
science : from data driven to deep learning > &% & S0l #% 2 K E 7
EEMBH A - BAEVFEENNEREMBEGSEFE  Hifr
4y ZHY Traditional Programming B2 Machine Learning #= £ ([#
31) 0 [ R AR E AR AT RRE AT 0 A U 2 BB AT AT Y
st - PRIZEREBE  EHEZERESN query WER > L&
FrEZ s TP B C &/ EFH - A P FHEHEE TN
R E B A2 E R BLAE R 0 DL supervise learning £l 0 H
BRI E7E B featrues /& Data ° label £ Output » o [ 2 25 &2
BHEAHEEE W4 SVM ~  logistic regression * Random Forest
55) 0 FEEEN ZE H A2 program (B4 how to adjust parameters to
obtain maximum probability 2%z i logistic function HY weight &
Z)y —REHAEKMEBEZAARS —% BEEECESL
program A LA 1R A HY 98 76 M - 0 40 5 B i S e R i 1 R B2 %
C BRRECOF I ERMEAL AR K > U BEZA R » &
o E FEHY Pattern ©

Fir DA% 25 52 E 2 — 1 paradigm shift (GLEE#EA) - paradigm £ 2
W /s AT example (BIF ~ T ) > M2 EEHVREHE - &0
AES R mEE - FREHEE  —EEAAHEm DERA
BaxHy & - BTG SEERNE RVESE -
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Traditional Programming Traditional Programming

Data ——| Data ——
Computer [—* Output Computer [— Output
W Program —|
EE— P REIED
mMachine Learning Machine Learning

Data —— Data —|

Computer Program Computer
Output — Output —

HEEERaC A

31 Traditional Programming B2 Machine Learning 7= £ [20]

= ~ WEEMEAIF Disruptive innovation
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Bl - M PMEERF S TR IR H EDNEREE > 2En3R A TGP RE TRIIRH
B - 5T N A TSRS B B O AN T SR USSRy
TAF - SEET S B H R HEPE SRS - 2R Tim O'Reilly i ABIA &85 L
YEWhy we'll never run out of jobs[21] » 145 T 3{EHE HH[22] > Z5—{[& ;A « Nick
Hanaver f5it " BHOE PR NJRIR HAVRTRE - (57 - R SE A
£ MEENEEE TIELMEITE | - BldiFacebook BlI¥E AMark Zuckerberg
BRI AR 308 55 s AR L N BRI Y TR 23] - B2 1R 2o RRIIHY
R BRGERAE YRR G » NSRBIy B A <2 R~ R S A TR I &
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R A AR 2 DME 2 i RS ) (when attractive profits disappear at
one stage 1n the value chain because a product becomes modular and
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Hadoop Installation Tutorial for mac and linux

Step 1l: Install Prerequisites
® Tnstall Homebrew for Easy Installation of Hadoop

go to https://brew.sh/ for simple one-line installation guide.

Step 2: Install Java
® Download and Install Java from

https://www. java.com/en/download/mac download.jsp

® Check your java version by executing

java -version

Step 3: Use Homebrew to install Hadoop

® Tnstall Hadoop
brew install Hadoop

® Check Hadoop version
hadoop version

® enable "remote sharing" : System Preference > Sharing > Remote

Login

® < i Sharing

Computer Name: | Gonggian's MacBook Air

Computers on your local network can access your computer at: Edit
Gonggians-MacBook-Air.local

On  Service @ Remote Login: On
Screen Sharing To log in to this computer remotely, type "ssh gongagian@gonggians-air",
File Sharing

Printer Sharing
Remote Login
Remote Management
Remote Apple Events
Internet Sharing
Bluetooth Sharing

Allow access for: All users
© Only these users:

2 Administrators
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Step 4: Configure Hadoop
Please learn how to use vim before you configuring Hadoop.

Be careful of unexpected spaces when you copy and paste command
lines.

® a) Edit hadoop-env.sh file
sudo vim /usr/local/Cellar/hadoop/2.8.1/1libexec/etc/hadoop/hadoop-env.sh

Delete the line started with "# export HADOOP OPTS=Djava.."

Copy and paste this line in the same position

export HADOOP_OPTS="$HADOOP_OPTS -Djava.net.preferIPv4Stack=true -
Djava.security.krb5.realm= -Djava.security.krb5.kdc="

®b) Edit hdfs-site.xml
sudo vim /usr/local/Cellar/hadoop/2.8.1/1libexec/etc/hadoop/hdfs-site.xml

Between the <configuration></configuration> tags insert:

<property>
<name>dfs.replication</name>
<value>1l</value>
</property>

® c)Edit core-site.xml

sudo vim /usr/local/Cellar/hadoop/2.8.1/libexec/etc/hadoop/core-site.xml

Between the <configuration></configuration> tags insert:
<property>

<name>fs.default.name</name>

<value>hdfs://localhost:9000</value>

</property>

®d) Edit mapred-site.xml

cd /usr/local/Cellar/hadoop/2.8.1/1libexec/etc/hadoop
mv mapred-site.xml.template mapped-site.xml
sudo vim /usr/local/Cellar/hadoop/2.8.1/1libexec/etc/hadoop/mapred-site.xml
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Between the <configuration></configuration> tags insert:

<property>

<name>mapreduce. framework.name</name>
<value>yarn</value>

</property>

®¢ec) Edit yarn-site.xml

sudo vim /usr/local/Cellar/hadoop/2.8.1/1libexec/etc/hadoop/yarn-site.xml

Between the <configuration></configuration> tags insert:

<property>
<name>yarn.nodemanager.aux-services</name>
<value>mapreduce_shuffle</value>
</property>

® f) Add easy launch words to your "profile"

sudo vim ~/.profile

In a blank section copy and paste the two following lines:

alias hstart="/usr/local/Cellar/hadoop/2.8.1/sbin/start-dfs.sh;/usr/local/Cellar/
hadoop/2.8.1/sbin/start-yarn.sh"

alias hstop="/usr/local/Cellar/hadoop/2.8.1/sbin/stop-yarn.sh;/usr/local/Cellar/
hadoop/2.8.1/sbin/stop-dfs.sh"

source ~/.profile

Step 5: Configure SSH Key for localhost

® Generate ssh key (skip password setting)

ssh-keygen -t rsa
cat ~/.ssh/id rsa.pub >> ~/.ssh/authorized keys

® Test you can access localhost by typing:
ssh localhost

output should be like "Last login: Sun Sep 16 23:51:46 2017 from ::1"
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Step 6: Setup local variables

sudo vim ~/.bashrc

Copy and paste the following, check and adjust jdk version
before copy and paste:

# Set Hadoop-related environment variables

export HADOOP_ HOME=/usr/local/Cellar/hadoop/2.8.1

# Set JAVA HOME (we will also configure JAVA HOME directly for Hadoop later on) export
JAVA HOME=/Library/Java/JavavirtualMachines/jdk1.8.0 144.7jdk/Contents/Home

# Some convenient aliases and functions for running Hadoop-related commands unalias fs
&> /dev/null

alias fs="hadoop fs"

unalias hls &> /dev/null

alias hls="fs -1s"

If you have LZO compression enabled in your Hadoop cluster and

compress job outputs with LZOP (not covered in this tutorial):

Conveniently inspect an LZOP compressed file from the command

line; run via:

$ lzohead /hdfs/path/to/lzop/compressed/file.lzo

Requires installed 'lzop' command.

Hhod o oo W R W H

lzohead () {
hadoop fs -cat $1 | lzop -dc | head -1000 | less

}
# Add Hadoop bin/ directory to PATH

Then type:
source ~/.bashrc

export PATH=$PATH:SHADOOP HOME/bin

export JAVA HOME=/Library/Java/JavaVirtualMachines/jdk1.8.0 144.7jdk(your jdk
version might be different)/Contents/Home

Step 7: Format HDFS and make new directory
cd /usr/local/Cellar/hadoop/2.8.1/
./sbin/start-dfs.sh

./bin/hdfs namenode -format

./bin/hdfs dfs -mkdir /user
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./bin/hdfs dfs -mkdir /user/ (your computer’s name)
./sbin/start-yarn.sh
./sbin/stop-yarn.sh

./sbin/stop-dfs.sh

Step 8: Start Hadoop (runs start-dfs.sh and start-
yarn.sh)

® To start: hstart

® Check what nodes are running by typing: jps

Gonggians-MacBook-Air:~ gonggian$ jps
4577 Jps

3186 DataNode

3922 NodeManager

3612 NameNode

3222 SecondaryNameNode

3821 ResourceManager
Gonggians-MacBook-Air:~ gonggian$ I

® Then stop: hnstop

Step 9: Try file system shell commands in HDFS
® Check Hadoop website

hadoop.apache.org/docs/r2.8.1/hadoop-project-dist/hadoop-common/
FileSystemShell.html

step 1l0:Download Hadoop Examples jar and test some

example

cd /usr/local/Cellar/hadoop/2.8.1/

wget https://www.dropbox.com/s/cyuah71c31g0x3h/hadoop-mapreduce-
examples-2.6.0.jar

® Example 1: Approximate the value of Pi

Execute: ./bin/hadoop jar hadoop-mapreduce-examples-2.6.0.jar pi 10 100

® Example 2: Solve a Sudoku Puzzle

Create the following file:
sudo vim puzzlel.dta

5
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Copy and paste following text into puzzlel.dta:

852397272 7?2°?
2 22°?222?2722?2°7?
2262127222
2242?27?23 7?2509
228921427
32?2472 287?°7?
9?22 ?28%?2?57?°?
222222227
2?22?2245 7? 78

Execute: ./bin/hadoop jar hadoop-mapreduce-examples-2.6.0.jar sudoku puzzlel.dta

® Example 3: Word counter

Create file romeo_ juliet.txt

check http://shakespeare.mit.edu/romeo_ juliet/full.html ,and
copy full script into romeo juliet.txt

Add romeo_juliet.txt to HDFS directory then execute:

Execute: ./bin/hadoop jar hadoop-mapreduce-examples-2.6.0.jar wordcount
romeo_ juliet.txt output.txt

Step 11: Installation Success

Now you can try 5 simple operations on your three datasets


http://shakespeare.mit.edu/romeo_juliet/full.html
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Stepl: Choose an Amazon Machine Image 54 ubuntu Z4%¢

Services Resource Groups Support ~
1.Choose AMI 2. Choose Instance Type 3. Configure Instance 4. Add Storage 5. Add Tags 6. Configure Security Group 7. Review
Step 1: Choose an Amazon Machine Image (AMI) Caneel and Exit
3 SUSE Linux Enterprise Server 12 SP3 (HVM), $SD Volume Type - ami-75143f10

SUSE Linux SUSE Linux Enterprise Server 12 Service Pack 3 (HVM), EBS General Purpose (SSD) Volume Type. Public Cloud, Advanced

n 84bit
Systems Management, Web and Scripting, and Legacy modules enabled

Root device type: ebs  Virtualization type: hvm

O Red Hat Enterprise Linux 7.4 (HVM), SSD Volume Type - ami-Ob1e356e

Red Hat Red Hat Enterprise Linux version 7.4 (HVM), EBS General Purpose (SSD) Volume Type

Free tier eligible

64-bit

Root device type: ebs  Virtualization type: hvm

@ Ubuntu Server 16.04 LTS (HVM), SSD Volume Type - ami-2581aa40

Ubuntu Server 16.04 LTS (HVM) EBS General Purpose (SSD) Volume Type. Support available from Canenical 84-bit
— -bi
ECAEE  (hitp://www.ubuntu.com/cloud/services).

Root device type: ebs  Virtualization type: hvm

{ Are you launching a database instance? Try Amazon RDS. Hide }

Step2:Choose an Instance Type

Services Resource Groups

1.Choose AMI  2.Choose Instance Type 3, Configure Instance 4. Add Storage  5.AddTags 6. Configure Security Group 7. Review

Step 2: Choose an Instance Type

Amazon EC2 provides a wide selection of instance types optimized to fit different use cases. Instances are virtual servers that can run applications. They have varying combinations of CPU, memory,
storage, and networking capacity, and give you the flexibility to choose the appropriate mix of resources for your applications. Leam more about instance types and how they can meet your computing
needs

Filter by: All instance types ¥ Current generation ¥ | Show/Hide Columns

Currently selected: {2 micro (Variable ECUs, 1 vCPUs, 2.5 GHz, Intel Xeon Family, 1 GiB memory, EBS only)

IPvE
Inst: St GB EBS-Optimized Network Perfe
Family s Type - VCPUs (ii -  Memory (GiB) iSanee SOrage (o) P O lakbiciitt Bt Support -
i Available || i -
I
General purpose t2.nano 1 05 EBS only - Low to Moderate Yes
a General purpose = 1 1 EBS only - Low to Moderate Yes
Tee
General purpose 12 small 1 2 EBS only - Low to Mederate Yes
General purpose 12 medium 2 4 EBS only = Low to Moderate Yes 2l
Cancel Previous Review and Launch Next: Configure Instance Details
o o

Step3

Services Resource Groups

1.Choose AMI 2 Chuose Instance Type 3. Configure Instance 4. Add Storage  5.AddTags 6. Configure Security Group 7. Review

Step 3: Configure Instance Details
Configure the instance to suit your requirements. You can launch multiple instances from the same AMI, request Spot instances to take advantage of the lower pricing, assign an access management
role to the instance, and more.

Number of instances (i |1 Launch into Auto Scaling Group (i
Purchasing option  (j Request Spot instances
Network (i vpc-82e4d2eb (default) v| C Create new VPG
Subnet (| No preference (default subnet in any Avqi\apmty Zone 2 Create new subnet
Auto-assign Public IP (i Use subnet setting (Enable) b
IAM role (] None v| C Create new IAM role
Shutdown behavior (i Stop *
Enable termination protection (i Protect against accidental termination
Cancel Previous Review and Launch Next: Add Storage
o S
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1.Choose AMI 2 Chaose Instance Type 3. Configure Instance 4. Add Storage 5. Add Tags 6. Configure Security Group 7. Review

Step 4: Add Storage

Your instance will be launched with the following storage device settings. You can attach additional EBS volumes and instance store volumes to your instance, or
edit the settings of the root volume. You can also attach additional EBS volumes after launching an instance, but not instance store volumes. Learn more about
storage options in Amazon EC2.

Delete on

Volume Type (i Device (| Snapshot | | Size (GiB) (i Volume Type (| IOPS (j F'-\:;:lqh?m Termination Enlnrypled
i
Root idevisdal snap-0ef6d8277cf48dc0d im \ General Purpose SSD (GP‘Z) ¥| 100/3000 N/A Ci Not Encrypted

Add New Volume

Free tier eligible customers can get up to 30 GB of EBS General Purpose (SSD) or Magnetic storage. Learn more about free usage tier eligibility and
usage restrictions.

Cancel | Previous Next: Add Tags

Step5

Resource Groups

1.Choose AMI 2. Choose Instance Type 3. Configure Instance 4. Add Storage  5.Add Tags 6. Configure Security Group 7. Review

Step 5: Add Tags

A tag consists of a case-sensitive key-value pair. For example, you could define a tag with key = Name and value = Webserver.
A copy of a tag can be applied to volumes, instances or both

Tags will be applied to all instances and volumes. Learn more about tagging your Amazon EC2 resources.

Key (127 characters maximum) Value (255 characters maximum) Instances (i Volumes (|
spark01 machine01| @ @ [x]
Add another tag (Up to 50 tags maximum)

Cancel

Previous Next: Configure Security Group

Step6

Resource Groups

1.Choose AMI 2. Choose Instance Type 3. Configure Instance 4. Add Storage 5. Add Tags 6. Configure Security Group 7. Review

Step 6: Configure Security Group

A security group is a set of firewall rules that control the traffic for your instance. On this page, you can add rules to allow specific traffic to reach your instance. For example, if you want to set up a web
server and allow Internet traffic to reach your instance, add rules that allow unrestricted access to the HTTP and HTTPS ports. You can create a new security group or select from an existing one below
Learn more about Amazon EC2 security groups.

Assign a security group: ®Create a new security group

Select an existing security group

Security group hame: launch-wizard-3
Description: launch-wizard-3 created 2018-02-03T09:01:57.771+08:00
Type (i Protocol (i PortRange (i Source (i Description (i
Al traffic v All 0 - 65535 Custom ¥ /1/0.0.0.0/0 €.g. SSH for Admin Desktop 0
Add Rule
A Wamning
Rules with source of 0.0.0.0/0 allow all IP addresses to access your instance. We recommend setting security group rules fo allow access from known IP addresses only N

Cancel Previous Review and Launch
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1.Choose AMI 2. Choose Instance Type 3. Configure Instance 4. Add Storage 5. Add Tags 6. Configure Security Group 7. Review

Step 7: Review Instance Launch

Please review your instance launch details. You can go back to edit changes for each section. Click Launch to assign a key pair to your instance and complete the launch process.

A Improve your instances' security. Your security group, launch-wizard-3, is open to the world.
Your instances may be accessible from any IP address. We recommend that you update your security group rules to allow access from known |P addresses only.
You can also open additional ports in your security group to facilitate access to the application or service you're running, e.g., HTTP (80) for web servers. Edit security groups

¥ AMI Details Edit AMI
@ Ubuntu Server 16.04 LTS (HVM), SSD Volume Type - ami-2581aad0
Ubuntu Server 16.04 LTS (HVM),EBS General Purpose (SSD) Volume Type. Support available from Canonical (http://www.ubuntu.com/cloud/services)
eligible

Root Device Type: ebs  Virtualization type: hvm

~ |nstance Type Edit instance type
Instance Type ECUs vCPUs Memory (GiB) Instance Storage (GB) EBS-Optimized Available Network Performance
t2.micro Variable 1 1 EBS only - Low to Moderate -

Cancel  Previous

=
” e - o x
i 2 on: x \ @ ch el % A& SparkandPythonfors: x (= Home x ' (@ Fournewannotationsy, x | &% B x
<« c ‘ 8 =2 | https/us-east-2.console.aws.amazon.com/ec2/v2/hame?region=us-east-2#LaunchinstanceWizard: QB W@ ¢ Q :
srEgnzas - B EAERSRR (T BOBESMESE - G SearchResultschi [ GraphComputing! 3 SEER36ENDE € WhatisPythonUse ) Top 10 Programmir

Select an existing key pair or create a new key pair

A key pair consisis of a public key that AWS stores, and a private key file that you store. Together,
they allow you to connect to your instance securely. For Windows AMIs, the private key file is required to
obtain the password used to log into your instance. For Linux AMIs, the private key file allows you to
securely SSH into your instance.

Note: The selected key pair will be added to the set of keys authorized for this instance. Learn more
about remeving existing key pairs from a public AM|

}Chaose an existing key pair

Choose an existing key pair
Create a new key pair

Proceed without a key pair

Cancel
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Launch Status

@ Yourinstances are now launching
The following instance launches have been initiated: i-0e855cd36af5ff78d  View launch log

©  Get notified of estimated charges
Create billing alerts to get an email notification when estimated charges on your AWS bill exceed an amount you define (for example, if you exceed the free usage tier)

How to connect to your instances

Your instances are launching, and it may take a few minutes until they are in the running state, when they will be ready for you to use. Usage hours on your new instances will start immediately and
continue to accrue until you stop or terminate your instances.

Click View Instances to monitor your instances' status. Once your instances are in the running state, you can connect to them from the Instances screen. Find out how to connect to your instances.
¥ Here are some helpful resources to get you started

+ How to connect to your Linux instance + Amazon EC2: User Guide

« Learn about AWS Free Usage Tier « Amazon EC2: Discussion Forum

Resource Groups

Launch Status

How to connect to your instances

‘Your instances are launching, and it may take a few minutes until they are in the running state, when they will be ready for you to use. Usage hours on your new instances will start immediately and
continue to accrue until you stop or terminate your instances

Click View Instances to monitor your instances' status. Once your instances are in the running state, you can connect to them from the Instances screen. Find out how fo connect to your instances.
~ Here are some helpful resources to get you started

» How to connect to your Linux instance * Amazon EC2: User Guide

» Learn about AWS Free Usage Tier * Amazon EC2: Discussion Forum

While your instances are launching you can also

« Create status check alarms to be notified when these instances fail status checks. (Additional charges may apply)
+ Create and attach additional EBS volumes (Additional charges may apply)

« Manage security groups

SERCS AWS F¥Bd 1 & ubuntu

Resource Groups

U i :
Launch Instance Connect Actions v
‘ o % e

Events

Tags Q Fitter by tags and atiributes or search by keyword (2] 1to 2 of 2

Reports ~

Name - Instance ID + Instance Type - Availability Zone - Instance State - Status Checks - Alarm Status Public DNS (IPv4)
Limits
[ ] -07¢d952a093912e94 12.micro us-east-2¢c @ running & 22 checks . None ‘n €c2-18-220-236-36.U

oy 1-0e855c036af5178d t2.micro us-gast-2a @ running Z Inmatizing None Y €c2-18-219-73-127.u

Instances

Launch Templates

Spot Requests

Reserved Instances

Dedicated Hosts

AMIs Instance: || i-07cd952a2093972¢94 Public DNS: ec2-18-220-236-36.us-east-2.compute.amazonaws.com _B -l ==

Bundle Tasks
Description | Status Checks = Monitoring = Tags

Instance ID  -07cd952a093912e94 Public DNS (IPv4)  ec2-18-220-236-36.us-east-
Volumes 2 compute.amazonaws com
Instance state  running IPv4 Public IP 18.220.236.36
Snapshots
Instance type  tZ.micro 1Pv6 IPs
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Connecting to Your Windows Instance - Amazon Elastic Compute Cloud

hitps://docs.aws.amazon.com/AWSEC2/.../WindowsGuide/connecting_to_windows_in... »
Amazon EC2 instances created from most Windows Amazon Machine Images (AMIs) enable you to
connect using Remote Desktop. Remote Desktop uses the Remote Desktop Protocol (RDP) and
enables you to connect to and use your instance in the same way you use a computer sitting in front of
you. It is available on ..
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Get the public DNS name of the instance

You can get the public DNS for your instance using the Amazon EC2 console (check the Public

DNS (IPv4) column; if this column is hidden, choose the Show/Hide icon and select Public DNS
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PuTTY: a free SSH and Telnet client

Home | EAQ | Feedback | Licence | Updates | Mirrors | Keys | Links | Team
Download: Stable - Snapshot | Docs | Changes | Wishlist

PuTTY is a free implementation of SSH and Telnet for Windows and Unix platforms, along with an xterm terminal emulator. It is written and maintained primarily by Simon Tatham

The latest version is 0.70. Download it here

LEGAL WARNING: Use of PuTTY. PSCP. PSFTP and Plink is illegal in countries where encryption is outlawed. We believe it s legal to use PuTTY. PSCP. PSFTP and Plink in England and Wales and in many
other countries, but we are not lawyers, and so if in doubt you should seek legal advice before downloading it. You may find useful information at cryptolaw org, which collects information on cryptography laws in
many countries, but we can't vouch for its correctness

Use of the Telnet-only binary (PuTTYtel) is unrestricted by any cryptography laws

Latest news

2017-07-08 PuTTY 0.70 released, containing security and bug fixes

PuTTY 0.70, released today, fixes further problems with Windows DLL hijacking, and also fixes a small number of bugs in 0.69, including broken printing support and Unicode keyboard input on Windows
2017-04-29 PuTTY 0.69 released, containing security and bug fixes

PuTTY 069, released today, fixes further problems with Windows DLL hijacking, and also fixes a small number of bugs in 0.68. including broken MIT Kerberos support and the lack of jump lists on the Start Menu
2017-02-21 PuTTY 0.68 released, containing ECC, a 64-bit build, and security fixes

PuTTY 0.68, released today. supports elliptic-curve cryptography for host keys, user authentication keys, and key exchange. Also, for the first time. it comes in a 64-bit Windows version.

0.68 also contains some security fixes: a vulnerability in agent forwarding is fixed, and Windows DLL hijacking should no longer be possible

2017-01-21 Win64 builds and website redesign

We're now offering 64-bit Windows builds of PuTTY, alongside the 32-bit ones we've always provided.

Right now, the 64-bit builds work as far as we know, but they haven't had as much testing as the 32-bit ones. So we're still considering the 32-bit builds to be more likely to be stable. However, if you have any reason
fo want fo use a 64-bit build (e.2. it needs 1o load a 64-bit supporting DLL for something like GSSAPD), or if you just feel like trying out the new builds, then please let us know if you have any trouble
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MISI( Windows Installer’) =
32-bit: putty-0.78-instsller.msi (or by FTP. (signature)
64-bit: utty-64bit-.70-installer.msi (o1 by FTP (signature)
Unix source archive
.tar.gz putty-8.70.tar.gz (or by FTP (signature)
Ve
Alternative binary files
The installer packages above will provide all of these (except PuTTYtel), but you can dewnload them one by one if you prefer.
(Not sure whether you want the 32-bit or the 64-bit version? Read the FAQ entrv )
putty.exe (the SSH and Telnet client itself)
32-bit: putty.exe (or by FTP. (siznature’
64-bit: putty.exe (or by FTP. (signature)
pscp.exe (an SCP client, i.e. command-line secure file copy)
32-bit: pscp.exe (or by FTP. (siznature’
64-bit: pscp.exe (or by FTP' (signature)
psftp.exe (an SFTP client, i.e. general file transfer sessions much like FTP)
32-bit: psftp.exe (or by FTP. (signature’
64-bit: psftp.exe (or by FTP' (signature)
puttytel.exe (a Telnet-only client)
32-bit: puttytel .exe (or by FTP. (signature)
64-bit: puttytel.exe (o1 by FTP (signature)
plink.exe (a command-line interface to the PuTTY back ends)
32-bit: plink.exe (or by FTP. (signature) -
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The installer packages above will provide all of these (except PuTT Ytel). but vou can download them one by one if you prefer.

{Not sure whether you want the 32-bit or the 64-bit version? Read the FAQ entryv )

putty.exe (the SSH and Telnet client itself)

32-bat: putty.exe {or by FTE) signature
64-bit: putty.exe {or by FTP) signature)
pscp.exe (an SCP client, i.e. command-line secure file copy)

32-bat: psco.exs (or bv FTE) signature
64-bit: pscp.exs (or bv FTP) signature)
psfip.exe (an SFTP client, i.e. general file transfer sessions much like FTP)

32-bat: psftp.exs (or by FTP) signature)
64-bat: peftp.exs (or by FTP) (signature)
puttytel.exe (a Telnet-only client)

32-bat: puttytel .exe {or by FTP) signature)
64-bit: puttytel .exe {or by FTP) (signature)
plink.exe (a command-line interface to the PuTTY back ends)

32-bat: plink.exe (or bv FTP) (siznature)
64-bat: plink.exe {or bv FTE) signature
pageant.exe (an SSH authentication agent for PuTTY, PSCP, PSFTP, and Plink)

32-bat: sgeant.exe {or by FTE) signature
64-bat: sgeant.exe (or by FTR) stgnature)
puttygen.exe (a RSA and DSA key generation utility)

32-bat: puttygen.exe (orbv FTE) signature
64-bit: puttygen.sxe (or bv FTE) signature)

T puttygen.exe FEA .ppk fE - SRAIPD BREERS AR -
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#2 PuTTY Configuration P4

Category:

Features ~ Basic options for your PuTTY session
= Winizw Specify the destination you want to connect to
- Appearance
P ) Host Name (or IP address) Port
- Behaviour

-~ Translation | ubuntu@ &i A =R ubuntufdD \IHZZ |
- Selection Connection type:

- Colours (O Raw (O Telnet (O Rlogin @ 55H (O Serial
= Connection
- Data

Load, save or delete a stored session
Saved Sessions

Default Settings

Delete

Sl Close window on exit:

gunmh (O Aways (JNever (@) Only on clean exit
Lgs

~More bugs v

) s @ o o @

<
Tags Q Filter by tags and attribu search by keyword o 1to20r2
Reparts
¥ Name -~ instance ID -~ Instance Type Avallability Zone - Instance State Status Checks - Alarm Status Public DNS (IPvd)
Limiits
1-07c0952a093912894  12.micro us-sast-2¢ @ running & 2/2 cnecks None %  ec2-18-220-236-36.Us
3 - 1HOeB55CAAGarsTEd @ micro us-east-za @ running & 2/2 checks Wane Se  ©C2-18-219-73-127 us-
Instances
Launch Templates
Spot Reque:
Reserved Instances
Dedicated Hosts
AMs
Bundie Tasks
Instance: | i-08855cd36a15M78d  Public DNS: 8c2-18-219-73-127.Us-2a5E-2.COMPULE.AMAZONAWS.COM - -
Deseription s Checks | Meniloring Tags
Volumes = g B
Snapshots instance D |-0eBSSCA3GATS 7

5 stance state  running IBv4 Bublic 1B 18 218,73 127

ance type 12 micro IPV6 1Ps

O (19 [ EEC (pd sk (@ chor Kl mac (KA mac (KA Z@ (5 {k Ma f Dar (0 Blog (3 Blor () W& (G big (i cor e
2 | https:/us-east-2.console.aws.amazon.com/ec2/v2/hamePreglon - us-sast-2 #instances:sart=instanceld amw e DS @0 i
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Resource Group

o —— 5 o b

Events
Tags Q Filter by lags and attribules arch by keyword [>] 1to20f2
Reports
Name Instance ID = Instance Type Avallability Zone - Instance State Status Checks Alarm Status Public DNS (IPv4)
Limits
07c09524093912694 12 micro us-east-2¢ @ running @ 202 checks None Y ©c2-18-220-236-36.Us-
# ] I-0eB55cd36af578d t2.micro us-east-2a @ running & 2/2checks ... None S ec2-18-219-73-127.us-.
= = BB Soloct private kay fle -
AMIs e
e T woecz » BEFM—E. oo | e R FR-subunt »
aaiaT feaume  m Optons controting SSH autherication
4 Windaw R
Appearance [ Dvaolay pr-athantic ation banner (55H-2 only) SISl v AR
LasTic 4 B ] Bypaas suthertiation ertreky (SSH-2 o) T - =
~ E - o B
‘ T Aartcaion nehode — i -
Volumes Sy ] Attermot authertication using Pagsant S n g
& Connection ) Atempt T1S or CoyptoCand auth (S5+1) ownl 018/273 £ 08
Snapsholl Data 1 tempt "kepboand-eractve” auth (SSH2) ‘ erdlb_ap B )
= bew Austartcaton parsmeten fuc2018 0, .
=l gEcuRT Riogn ] Afow agent fanwaring iD = _J_R-!
security @] 5 [T Aiow etenoted chariaes of ussmana in $5H-2 mmEn. | < [PuTTY Private Key Files (- ppk
Security | Kex Private key film for authentication
| e =
ot ks i
castie )| | froties B | | G L=
Placemen L ™ Ed3BarsI78d Public DNS (IPvd)  BE218-218-73127 us-8asi-
Key Pairs foxil 2 compute amazonaws com &)
I g::;mh IPv4 Public IP 18.219.73.127
Newioriky Morebuga IPVG IPs -
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BE#DRshbos [EHEARESRE R Connect | Actions v
Q@ o # |
Events
Tags ) 1t020f2
Reports
Name Instance ID = Instance Type Availability Zone Instance State Status Checks Alarm Status Public DNS (IPv4)
Limits
-07¢0d952a0939f2e94 2 micro us-east-2¢ @ running & 2/2checks None \,6 €c2-18-220-236-36.us
- = 1-0e855ca36af578d 12.micro us-east-2a & running & 2/2 checks None "  ec2-18-219-73-127.us
- P ubuntu@ip-172-31-8-234: ~ - [m] x
AMis
Bundle Tasks
Volumes
Snapshots
= azonaws.com B =R=}
Security Groups
Elastic IPs
Placement Groups Public DNS (IPv4)  ec2-18-219-73-127 us-east-
2 compute amazonaws.com
Key Pairs
- IPv4 Public 1P 18.219.73.127

sudo apt ingtall pythond-pip ¥
pip3 inztall jupyter

ando apt-zet ingtall defanlt-jre v
java -version

audo apt-zet install scala v .
scala -verzion

pip3 inztall pydi

wget http://archive.apache,orgfdiafspark/epark-2.1. Wepark-2. 1. -bin-hadoop2.7. ez

sudo tar -zuvl spark-2. 1. 1-bin-hadoop?.tez

pip3 inztall findspark

jupyter notehook --generate-config
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