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o F12H2 Jazz Yao-Tsung Wang

e Hadoop.TW F[EAI#HEA

e Hadoop The Definitive Guide =&

e Hadoop Operations =&

o BEHUEEHSE /RS / HEAE

e http://about.me/jazzwang - slideshare, github, etc.
e http://trac.3du.me/cloud - | http://trac.nchc.org.tw/cloud



http://www.cns11643.gov.tw/AIDB/fm_view.do?font=cns_0000&id=77771
http://www.cns11643.gov.tw/AIDB/fm_view.do?font=cns_0000&id=76913
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3 Buzzwords in 2013
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Mmi%IRN : Gartner Hype Cycle 2013
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Consumer 3D Printing
expectations amification
‘ Big Data Wearable User Interfaces
Complex-EventProcessing

Natural-Language

' Internet of Things Content Analytics
Speech-lo-Speech Translation In-Memory Database Management Systems
Mobile Robots Virtual Assistants
3D Scanners
Neurobusiness
Blochips

Autonomous Vehicles

Augmented Reality
Machine-to-Machine Communication Services

Prescriptive Analytics
Predictive Analytics

' eg:;(;:r:::;::o MO Mo Speech Recognition
NFC : '
Volumetric and Holographic Displays . LocationIntelligence
Human Augmentation Mesh Networks: Sensor Consumer Telematics

Biometric Authentication Methods

Enterprise 3D Printing
Activity Streams

Cloud
Computing

Brain-Computerinterface
3D Bioprinting Quantitied Self

uanmCompuing Gesture Control
In-Memory Analytics
Smart Dust Virtual Reality
Bioacoustic Sensing
‘ | Asof July2013
‘ Peak of
Innovation Trough of : Plateau of
. Inflated Slope of Enlightenment
Trigger Expectations Disillusionment Productivity
time >
Plateau will be reached in: obsolete

Olessthan2years ©2toSyears @5to10years A morethan 10 years @ before plateau



ESERAIEN ...
Current Status of Big Data .....

"' Big data is like teenage sex:

everyone talks about it,

nobody really knows how to do it,
everyone thinks everyone else is doing it,
so everyone claims they are doing it .. "

— Dan Ariely, professor at Duke University
and Professor at Center for Advanced Hindsight

| 1
ﬁ Dan Ariely
' ' ~Eg

Big data is like teenage sex: everyone talks about it, nobo dy ally knows how to
do it, everyone thinks everyone else is doing it, so everyone claims they are doing
it...



1852200789 " ERXRIE . 51X Data Explosion!!

Information Versus Available Storage

1,000,000 /
800,000 ———

- [nformation /

800,000 — —#— Available Storage /
700,000

X
500:000 / /.

Petabytes

- pream

200,000 /
100,000

0 ‘
2005 2006 2007 2008 2008 2010

4 Z : The Expanding Digital Universe,

A Forecast of Worldwide Information Growth Through 2010,

March 2007, An IDC White Paper - sponsored by EMC
http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf

Information Created, Captured and Replicated

6-Fold Growth
in Four Years

o

2006 2010
161 Exabytes 988 Exabytes

20074 - IDCHafh
2010F R/ E |
( tHER20064F )

2006 161 EB
2010 988 EB (F&Al)
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UNIVERSE ot |helnaressing
OPPORTUNITIES INTERNET OF THINGS

I'he Digital
Universe

s Huge
And Growing
Exponentially

memory A Stack of
abiets, n 2013 1t would

& : The Digital Universe of Opportunities
http://www.emc.com/infographics/digital-universe-2014.htm

BHEFRIDCEIE

2006 161 EB
2007 281 EB

2010 988 EB (F&HI)
2010 1227 EB (1.2 ZB)
2011 1773 EB (7&85)
2011 1800 EB (1.8 ZB)
2012 2837 EB (2.8 ZB)
2013 4400 EB (4.4 ZB)
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o The accelerating pace of change... 5 2045
10 —— Surpasses
Ay R brainpawer
Agricultural Boo0 | Industrial o |, Lieht = 1 Moon o = equivalent
T e 120 yEars M) pars e I} A Wide =— 9jycus —e  gonome 1o that of
Revolution i | Revolution Sl betaited] bulb landing Web L | sequenced wil Kk
prains
conmtsined
£}
10 Surpasses
- — - bradnpower
€) ... and exponential growth €) ... willlead of human
in computing power... to the
Computer technology, shown — ﬁlngu Iﬂ“t}' —
here climbing dramatically ‘ 10"
by powers of 10, is now
progressing more each Apple Il
hour than it did in ts kiR pe—— .
entire first 90 years the conipaet G & AL
maching was one of
UNIVAC 1 the first massively Surpasses
The first commer- popular personal 000 CHOe D00 brainpower of
i cially marketed computers mouse in 2015
Co computer, used Lo Dsmension
lossus HaD
COMPUTER RANKINGS i AEONRNS. I L2,
By calculations per second et Canaus, occupled
per $1.000 conmpiter, with 243 cu. fu.
3 1,500 vacuum
tubes, helped the L 100,000
Analytical engine g;';?"jfﬂ_“ Gv:-:q"':"" oee WM Mom Deskpeo 366
Newver Tully built, e5 during popg 1130
Charies Ea_hh e s L -' Intelles-B
invention was Whirtwing il e
designed o sobvwe e L ] . POF-10 Power Mac G4
computational and . : . .IBH 1620 The first personal
logical protlems ENLAC s @ computer to deliver 1
BU EOWC ?t'gﬂm more than 1 billion
Woes  S5EC floating-point
1EM Tatelatar Tuse 2 operations per
'I.Tt:i:ll.lx:r ® W National second
. Elbs 35600
B.00001
ELECTROMECHANICAL ~RELAYS =——VACUUM TUBES —= «—TRANSISTORS — = INTEGRATED CIRCUITS ——————
T T T T T T T T T
1900 1920 1040 1960 1980 B0 2011 2030 2045

Source : TIME Magazine, “2045: The Year Man Becomes Immortal”, Feb. 10, 2011
http://content.time.com/time/magazine/article/0,9171,2048299,00.html
Image Source : http://trickvilla.com/wp-content/uploads/Moores-law-graph.gif



Trend of Computing
- Moore's Law
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Source: Moore's Law, Wikipedia
http://upload.wikimedia.org/wikipedia/commons/c/c5/PPTMooresLawai.jpg



Trend of Network
— Nielsen's Law of Internet Bandwidth

= o = = 10 Gbps 10 Gbps e
ERAZTEEZ1998 . e e
F B Jakob Nielsen 2sombps > &

=] o 100 Mbps -

¥
31 Mbps Cable Modem

10 Mbps /
1 Mbps 0/0

100 Kbps
P
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INTERMET CONMECTIVITY

& Fedstone Mobile Gigabit

& Wired Internet

1983 1987 1991 19985 1999 2001 2007 2011 2015 2019

Source: “Nielsen's Law of Internet Bandwidth”, April 5, 1998
http://www.nngroup.com/articles/law-of-bandwidth/

Image Source: “Nielsen's Law”, May 31, 2013
http://redstone.us.com/2013/05/31/subject-nielsens-law/



Trend of Storage
— Kryder's Law
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Source: AL EE 0 FLE A feik > 200597 L %434
http://203.68.243.199/saweb/read.asp?docsn=2005092489

Image Source: “Hard drive capacity over time following Kryder's Law (1980-2011)”, Wikepedia
http://en.wikipedia.org/wiki/File:Hard_drive _capacity _over_time.svg



Moore's Law , Nielsen's Law , Kryder's Law
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UC BERKELEY

For Big Data, Moore’s Law Means Better Decisions
Posted on February 7, 2013 by lon

Data Drives Decisions

Today, more and more organizations collect more and more data, and they do so with one
goal in mind: extracting value. In most cases, this value comes in the form of decisions.

Th&r‘ﬂﬂl H | | ol oot o Sloie g =l HSH LAY H ks Lo b klio &

detecta
PErsona
optimize

decide v

““Moore's Law
=#=Data
“®CError

While making decisions based on this hu
the data grows faster than the Moores |
some categories of data, such as the da
This means that, in the future, we will nec

Approximate Answers, Sampling, «

2012 2014 2016 2018 2020

https://amplab.cs.berkeley.edu/2013/02/07/for-big-data-moores-law-means-better-decisions/



Paradigm Shift in Architecture
from Computing Center to Data Center

| | | | | | | |
High Density Server Commodity Hardware
L e = || e
. /! /’ Daltzf':\e?'?;r:esfer
InfiWork S S I W
J J S R e
% 7 i RIS Distributed File System
|| 23 || O g
Energy-
Cluster File System Efficiency Gigabit Ethernet
R LT K
Computing Center | Data Center
Move Data High- Move Compute
Scalability P
To Compute To Data

Message Passing Share Noting



ESEERNNIZEEESE What is Big Data+

BEERZIEERNAN/NSHEAR—REGERE - E1EHEERE ;
B -BREXNNTRETTBEEPBHNER -

'Big Data' = few dozen TeraBytes to PetaBytes in single data set.

Definition [edit]

Big data is a term applied to data sets whose size is beyond the ability of commonly used software tools to capture,
manage, and process the data within a tolerable elapsed time. Big data sizes are a constantly moving target
currently ranging from a few dozen terabytes to many petabytes of data in a single data set.

In a 2001 research report[”] and related conference presentations, then META Group (now Gartner) analyst, Doug
Laney, defined data growth challenges (and opportunities) as being three-dimensional, i.e. increasing volume
(amount of data), velocity (speed of data infout), and variety (range of data types, sources). Gartner continues to use

- bing bi [15]
this model for describing big data. > & : http://en.wikipedia.org/wiki/Big_data
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ESE R =XKPkE Challenges - 3 Vs of Big Data

T— B3 =53 i W BB P S
_E E ﬁ il-\zl' E’\J ?JE Et E Bg yu 1@ E EE [1] Lane\i Douglas. "3D Data Management: Controlling
Data Volume, Velocity and Variety" (6 February 2001)
r = “~ r tﬁlfl ? @. r 9 *i [l E [2] Gartner Says Solving 'Big Data' Challenge Involves More Than Just
E J =] I] L|_\ .I s~ 5 2K J Managing Volumes of Data, June 2011

Volume args
(amount of data)

+ EB Structured

St ER
Batch (#ER1EZE)
Semi-structured

FAEBIEER
Realtime (BN E )

Unstructured

JEERIEER

Variety sihizsi

(data types, sources) Velocity =inium=

(speed of data in/out)
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http://www.cns11643.gov.tw/AIDB/fm_view.do?font=cns_0000&id=38552
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BERNF4L)ER  Life of Big Data

- Public Data Hub |
Sensor AUST TAH PO Data as a Service ~ //
Newark 2\ RERE MK TR

Oper}_’[:)_ata

J Web2.0 | [

Sm/e Sy supndwo) pnopd -

P
Query e
e
Map Reduce e
O '
Storage :
Smart > g

zEE S3UIYL JO IDUIU]

Grid BigData ./ Mobile Computing
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BRI AARKEmBEY 5 Stage of Big Data Life Cycle

';_F’ Public Data Hub ‘,
Sensor AT 'AH PO Data as a Service ~ /

Newark 2\ RERA MK TR
- Open Data

Query

Map Reduce

Storage

Sm/e Sy supndwo) pnopd -

zEE SSUIYL JO IDUINU]

Big Data .,//' Mobile Computing



ENRET £ Data Science Workflow

ent tasks. Data scientists tend to use a variety of tools, often across
different programming languages. Workflows that involve many dit-
ferent tools require a lot of context-switching, which affects produc-
tivity and impedes reproducability.

R el >
ey BORMEEL/ET
Acquire Ingest/ Store/ Featurize Analysis Modeling Story-telling
Clean Manage &rzfr % o Present
;\L’:HQ ¥E%'ﬂ:§j\7‘ﬁ EER——— Disseminate
=i =i =i W_'r;ngle Interactive 6y
+ P : Queries Monitor/Maintain AT

HREY =27 Ee Model Deploy Model + T
e — e A EREE
B £ FE =3 & &5 ~

“Data Analysis: Just One Component of the Data Science Workflow”,
By Ben Lorica, 'Big Data Now 2013', OR'eilly
http://www.oreilly.com/data/free/files/bigdatanow2013.pdf



Ex. Data Flow of Log Analysis

© 06 © OO0

ETL Cluster Datawarehouse Analytics Server

Web Server Farm Storage ( NAS | SAN) (Compute) (Database) (Compute)
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Unstructure Data ) ( Structured Data )
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Knowledge is from the PAST, Wisdom is for the FUTURE.

ERNSETE
L

IJ__—I =0 IJ__—I DECISIONS FUTURE
==mH AE change, WHAT ACTION?
?‘Z, 1F|ﬁ EE —>‘t H— movement reveals direction
A 2 T given purpose,
becomes m WHAT IS BEST?
1_|_ F{th 15\ 1E ])E understanding, g;tegrated, reveals principle's
actionable
:\t §Q /E|\ E@ ]}}-_ﬁl_-rl : ghi)en insight,

. ecomes

Ry ZN & IR i ? KNOWLEDGE PAST

| contextual, synthesized, WHY?
learning reveals

It does not matter how 9L TERI e ISR patterns
big is your data. The goal

: S INFORMATION

Is to Creglte \_/ALUE V\_”tdhm | useful, erganized, structured WHAT’?
reasonable tlmef perio given context, relatigﬁgﬁ.%g
and totﬁl_ cost o becomes

ownership. |

LIATAN
siejeizils, JloY~rioirtligie)

http://www.pursuantgroup.com/blog/tag/dikw-model/
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http://www.books.com.tw/products/0010567254
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Business Model of Cloud Computing

FRIRZ® (Economies of Scale)
TRAHAERPLNEBIEEER - REAFTERA

SilBNRFS (Data as a Service)
HARMMPER - S EREREA - ABEAE - ReIEIE |

4iZBN#@E s (Network as a Channel)
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EEENEENENZEE
The SMAQ stack for big data

PN R o S s £ RV ot ]
You will need a big data stack called
SMAQ (Storage, MapReduce and Query)

LAMP is for Web Services.

i '
- fPerl Qe
@ python
J Map Reduce
APACHE L
LAMP?Y
Linux Apache MySQL PHP,Perl,Python b F

%% %k ¢ The SMAQ stack for big data > Edd Dumbill » 22 September 2010 -

Bl kiR


http://radar.oreilly.com/2010/09/the-smaq-stack-for-big-data.html
http://radar.oreilly.com/2010/09/the-smaq-stack-for-big-data.html
http://radar.oreilly.com/2010/09/the-smaq-stack-for-big-data.html
http://radar.oreilly.com/2010/09/the-smaq-stack-for-big-data.html
http://radar.oreilly.com/2010/09/the-smaq-stack-for-big-data.html
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http://radar.oreilly.com/2010/09/the-smaq-stack-for-big-data.html
http://radar.oreilly.com/2010/09/the-smaq-stack-for-big-data.html
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
http://smashingweb.ge6.org/wp-content/uploads/2011/10/apache-php-mysql-ubuntu.png
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Potential Use Cases for Big Data Analytics

Credit & Market Risk in Banks
Fraud Detection (Credit Card) & Financial Crimes (AML) in Banks

(including Social Network Analysis

Event-based Marketing in Financial Services and Telecoms

Markdown Optimization in Retail

—
Claims and Tax Fraud in Public Sector

— ' TSENRNINI——

_Predictive‘QJ- !

: ; Social Media
Maintenance in p .
Aerospace Sentiment Analysis '
1

Disease Analysis
on Electronic Health
Records

1

Demand Forecasting
in Manufacturing

4

Video Surveillance/
Analysis

Traditional Data

Warehousing Text Mining

4

—

Structured Semi-structured Unstructured

£EKJR : Big Data is the Answer - What was the Question? Data Varlety
http://www.saama.com/blog/bid/76211/Big-Data-is-the-Answer-What-was-the-Question



PAST: Big Data at Rest

Can gigabytes predict
the next Lady Gaga?

By Stacey Higginbotham

Want to know how playing on Jimmy
Kimmel Live will boost the sales of an
artist’s album? Or how about figuring out
where fans go to find artists after they hit the evening news? What about the effect
Whitney Houston’s death had on her YouTube and Vevo plays? They shot up 4,525
percent, by the way.

How big data can curb
the world’s energy
consumption

One hospital’s
Source: 10 ways big data changes everything, embrace Ofbfg data



http://www.openpdc.com/
http://gigaom.com/2012/03/11/10-ways-big-data-is-changing-everything
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http://nextbigsound.com/
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Data at Rest — MapReduce Framework
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Realtime
Unstructured

Variety Velocity




SERBSEREIEYS Hadoop
Key Concept : Data Locality

Hadoop f| - [0~ | H m P i
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HRIEENERIGE
Processing Time of Batch Jobs

____________________________________________________________________________________________________________________

- I
R ; Scheduler %
User Program : (T2)
- s i ‘
ENEOR i GoBfEr)
" Unstructure A Fasi# ¥ BHERE BRI EH iR
' Data Source Storage i Computer SQL Database ¥ Event Handling
A Disk 1 —+—» RAM 1 CPU 1
B Disk 2 *-J—P RAM2 —» CPU2 DB Disk 1
C Disk 3 —-—> RAM3 — CPU3 DB Disk 2
D Disk 4 —-—b RAM4 —» CPU4 DB Disk 3
E Disk 5 —-—P RAMS — CPUS5
FATRA TENARER TEHEE FATEA FHiEE
Parallel Write Local Read Computing Parallel Write Event Trigger
(T1) (T3) (T4) (T5) (T6)
B SRR BRI ER F R IEFEER

Phase 1 : Data Collection Phase 2 : Data Processing Phase 3 : Event Handling



NOW: Big Data in Motion

SSSSS
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69°
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Disaster Prevention
Tsunami Forecast

[Faliss wmEr TEAEL - B
Realtime Data Center Power Usage
and related notifications
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RIBE BRI = BRI (2)

Data in Motion — In-Memory Processing

Volume

Structure

Batch d
HBase / Drill
PB

E Spark / Impala

Realtime
Unstructured

Variety Velocity



GoogleByFflTiEE vs
Apache B2

Big Query Dremel Apache Drill
(JSON, SQL-like) (2010) (2012)
Incremental Index Update Percolator
(Caffeine) (2010)
Pregel Apache Giraph
D
Graph Database (2009) (2011)
-~ “«.
BigTable Apache HBase
Query (2006) (2007)
MapReduce Hadoop MapReduce
mapiedace (2004) (2006)
Google File System HDFS
Storage
| g (2003) (2006)
o
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NoSQL vs NewSQL

Non-relational ~ Analytic  Mapr
Piccolo  Hadooc Teradata emc Calpont IBM InfoSphere
Dryad sk Hadapt Aster Data Greenplum VectorWise HP Vertica
Operational I\‘ Orade IMBDB2 SQL Server lustOne\
InterSystems Progress \— : PR A R
Objectivity  (Document | arklogic MySQL Ingres PostgreSQ)
Versant Lotus Notes McObject SAP Sybase ASE EnterpriseD8
/NoSQL|  cocioe i O\|/ NewsQL Handersocket |
J n/ 9.’ -
Mongore ‘as-a-Service'|||| Amazon ROS MySQL Cluster
K:{ RavenDB :
Value Cloutant  App Engine SQL Azure _ Clustrix
Coodhbase Datastore Database.com Drizzle
Riak ) GenleDB
Reds B. bl SlmpleDB Xeround FathomDB ScalArc
Membrai ig tables
'C‘;m d,? Graph Schooner MySQL  CodeFutures
Voldemort Hypertable 'nﬂrn'«eGJfaph Tokutek ScaleBase  NimbusDB
o Neod ‘ 2
BerkeleyDB . (;va;hug oot VoitD8
& SPRAIN
/ -
Data Grid/Cache Terracotta  GigaSpaces Oracle Coherence mamcached
IBM eXtreme Scale GridGain ScaleOut Vmware GemFire InfiniSpan CloudTran

/Relational \
Infobright  Netezza ParAccel SAPSybase'Q\-

http://www.infoq.com/news/2011/04/newsq|
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Disk 5
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Parallel Cache Event Trigger Local Write
(t1) (t2) (t3)
BRI B RHE RS {4 TR e
Phase 1 : Data Collection Phase 2 : Data Processing Phase 3 : Event Handling
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Streaming Data Collection , Data Cleaning

Volume
-+ EB Structure
Batc\ d
PB z
Realtime
Unstructured
1 TB
Variety Velocity
Message
Queue

Storm /| Kafka



Twitter Storm
+ Apache Kafka

1 Flexible 2 Data failover 3 Real-time, fault-tolerant,
data input

snapshots scalable, in-stream processing
AN

BATCH UPLOAD

CUSTOM
CONNECTORS

http://blog.infochimps.com/2012/10/30/next-gen-real-time-streaming-storm-kafka-integration/
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Guaranteed
data delivery

APPLICATION

NOSQL
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HADOOP
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Lambda Architecture for Big Data after 2013

New data
HBase [ stream }

Storm

Batch layer (Hadoop)

Speed layer (Storm)

= Or

Serving layer

Source: Lambda Architecture, 8. March 2013


http://www.ymc.ch/en/lambda-architecture-part-1
http://www.ymc.ch/en/lambda-architecture-part-1
http://www.ymc.ch/en/lambda-architecture-part-1
http://www.ymc.ch/en/lambda-architecture-part-1
http://www.ymc.ch/en/lambda-architecture-part-1
http://www.ymc.ch/en/lambda-architecture-part-1
http://www.ymc.ch/en/lambda-architecture-part-1
https://github.com/nathanmarz/elephantdb
http://www.project-voldemort.com/voldemort/
http://www.project-voldemort.com/voldemort/

Future: Big Data Security

Perishability . Fidelity

..--"'"_.___-_'""--.._

ol - o AT R e

* Qualification and Assurance ¥R E P A Tweeter

FAEAR S Frs R

pe— e ———
Validation Linking
7% > ¢ 2 IPRISM:* 3|
Classification Contracts (FIX1RE 4.0 )
A8 £
e gde® T RAPT ?
[ ] T’ )
Access Enablement and Control Big Data = - & & % 2427
m— e
Technology Pervasive Use § X5 R RS R |
Velocity Volume
TA )
S BB 45 Bi
— & == Source: Gartner (March 2011), 'Big
* Quantification Data’ Is Only the Beginning of
. / Extreme Information Management,
S — April 2011,

Variety Complexity


http://www.gartner.com/id=1622715
http://www.gartner.com/id=1622715
http://www.gartner.com/id=1622715
http://www.gartner.com/id=1622715
http://www.gartner.com/id=1622715
http://www.gartner.com/id=1622715
http://www.gartner.com/id=1622715
http://www.gartner.com/id=1622715

Future: Better Hadoop

Ecosystem

“ Workflow
0 @ ¥ coeBo
Unstructured
Data

ovs 26 ¢ Engine + Logic
Y 9
@hacdmmm

=Jo)lal=le0=

F/Ie system

Structured Data

OLTP
RDBMS m -
9

HBASE

Sqoop

"g, Support
lx More High
@E’ Level
Interfaces m
High Level
Interfaces —
<< amazon
ﬂ ' ¢ webservices

uln

Monitor/manage

/ @
< [ENPT

Xmmuubchbord

4§ Hadoop ecosystem

‘*\-

Karmasphere
Gangliaj

http://rationalintelligence.com/wp_log/?p=104



Evolution of

Core
Hadoop
as % of —
New
Patches

Relevant
Projects

Apache Hadoop Ecosystem

100% 100%
58%
S 37% 31%
I I
2006 2007 2008 2009 2010 2011
« Core Hadoop + Core Hadoop « Core Hadoop  + Core Hadoop | « Core Hadoop + Core Hadoop
» HBase » HBase » HBase * HBase
» Zookeeper  Pig * Pig * Pig
* Mahout » Zookeeper « Zookeeper « Zookeeper
* Mahout » Mahout * Mahout
* Hive * Hive « Hive
* Avro * Avro
* Whirr * Whirr
« Sqoop « Sqoop
« HCatalog
* Mrunit
* Bigtop
« Oozie

Hadoop World 2011: The Hadoop Stack - Then, Now and in the Future



http://www.slideshare.net/slideshow/embed_code/10110006

Complexity of
Apache

Big Data Stack

Bacsbsibaibon Hue Apache Pig, Apache S4 X-_Rime Apache JDBC /
Hive, Mahout Storm Glrlaph Oc;2|e ODEC
— Web, P : Shell / QLI Drivers
Sgggpe %\ nguage Librari orkflow Scheduli
apReducel] Strea Graph MPI Other
N Resource Management »
Apache Hive, = Metadata storage |
HCatalog (Ros ¢ Time Serie RM OLAP OLTP
OpenTSDB - < ecord storage
File storage
Apache — 4 ogs & Coordination
s /F(ormats RIfC Authentication Comprq’ssion
Apache « Apache Apache J
Flume Zookeeper Avro Gora Omid

Hadoop World 2011: The Hadoop Stack - Then, Now and in the Future
http://www.slideshare.net/slideshow/embed _code/10110006
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What is Hadoop ?

liecoopn o - software platform
thatletsioneeasilpwriterancun
Sl asrone sl process vast
amounts of data.

Hadoop ~— 1834 Rl A 585 i
PATRE BT EAERARNGREFE -

T ARG R—BRZES ARG LEL » RA
24T & map 3k reduce LAk G ML FF o
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# & Vast Amounts of Data

- B ALK F A

— Capability to STORE and PROCESS vast amounts of data.
&7 Cost Efficiency

— TR LG —ZPCAIRZGRERRA

— Based on large clusters built of commodity hardware.
% % Parallel Performance

- FROHABEALOFEY > ABUFF iR E

— With the help of HDFS, Hadoop have better performance.
T3 Robustness

— FRMEBE AR R BRI ED BN AGFEL TR

— Robustness to add and remove computing and storage
resource without shutdown entire system.
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Doug Cutting Talks About The Founding Of Hadoop
clouderahadoop 988N [z EHITHER

roldar of rlzidoog — Doty Slpnile
I, r

'_

-2
I

L J T L S
) | 001149 i CC e LS

Doug Cutting Talks About The Founding Of Hadoop
http://www.youtube.com/watch?v=qxC4urJOchs


http://www.youtube.com/watch?v=qxC4urJOchs
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* Lucene
— http://lucene.apache.org/

— FlJava 3% 3T 89 & 2L ae UM % 31 5] FAPI

—a high-performance, full-featured text search
engine library written entirely in Java.

— &5 T F éﬁv@t-—- F o0 R F R R &
W R R 50 %
—Lucene create an inverse index of every word |

n different documents. It enhance performance
of text searching.



http://lucene.apache.org/
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— http://mutch.apache.org/

— Nutch & &7 B 3R 46 75 PT B 25 09 58 55 44 3 5] %
— Nutch is open source web-search software.
— #] Fl Lucene & 3\ & B 2

— It builds on Lucene and Solr, adding web-
specifics, such as a crawler, a link-graph
database, parsers for HTML and other
document formats, etc.



http://nutch.apache.org/
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Nutch & K& 2164 & K & #8135 AR
Nutch encounter storage issue GO Ugle
Google /& — ¥ g%k 5 F A 69 = K B 4& B g
Google shared their design of web-search engine

— SOSP 2003 : “The Google File System”
— http://labs.google.com/papers/gfs.html

— OSDI 2004 : "MapReduce : Simplifed Data Processing on
Large Cluster”

— http://labs.google.com/papers/mapreduce.html

— OSDI 2006 : “Bigtable: A Distributed Storage System for
Structured Data”

— http://labs.google.com/papers/bigtable-osdi06.pdf

b

LS

—

—


http://labs.google.com/papers/gfs.html
http://labs.google.com/papers/mapreduce.html
http://labs.google.com/papers/bigtable-osdi06.pdf
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« Dong Cutting reference from Google's publication
 Added DFS & MapReduce implement to Nutch

* According to user feedback on the mail list of Nutch ....
« Hadoop became separated project since Nutch 0.8

* Nutch DFS — Hadoop Distributed File System (HDFS)

* Yahoo hire Dong Cutting to build a team of web search
engine at year 2006.

— Only 14 team members (engineers, clusters, users, etc.)
* Doung Cutting joined Cloudera at year 2009.

YaHoO! ‘cloudera

p
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* Yahoo is the key contributor currently.

« IBM and Google teach Hadoop in universities ...

« http://www.google.com/intl/en/press/pressrel/20071008 ibm_univ.html

« The New York Times used 100 Amazon EC2 instances and a
Hadoop application to process 4TB of raw image TIFF data (stored
in S3) into 11 million finished PDFs in the space of 24 hours at a
computation cost of about $240 (not including bandwidth)

— from http://en.wikipedia.org/wiki/Hadoop
 http://wiki.apache.org/hadoop/AmazonEC?2
 http://wiki.apache.org/hadoop/PoweredBy

» ADcom = |BM » Powerset

s ADSDAQ by Contextweb s ImageShack s The New York Times
s EHarmony 5 [S| s Rackspace

s Facebook s Joost s Veoh

» Fox Interactive Media s Lastfm s Metaweb


http://www.google.com/intl/en/press/pressrel/20071008_ibm_univ.html
http://en.wikipedia.org/wiki/Hadoop
http://wiki.apache.org/hadoop/AmazonEC2
http://wiki.apache.org/hadoop/PoweredBy

}JasJ o) 11l orodiletlon £l L.
BT oo 2 L

* February 19, 2008

« Yahoo! Launches World's Largest Hadoop Production Application
http://developer.yahoo.net/blogs/hadoop/2008/02/yahoo-worlds-largest-production-hadoop.html

Number of links between

pages in the index roughly 1 trillion links

_ over 300 TB,
Size of output compressed!
Number of cores used to over 10,000

run single Map-Reduce job

Raw disk used In the

production cluster over 5 Petabytes

10


http://developer.yahoo.net/blogs/hadoop/2008/02/yahoo-worlds-largest-production-hadoop.html

IJEJLJ e

o September 30, 2008

« Scaling Hadoop to 4000 nodes at Yahoo!

0o 1 prodietlon i L.
f L sz ooo B L.

http://developer.yahoo.net/blogs/hadoop/2008/09/scaling_hadoop_to 4000 nodes_a.html

Total Nodes 4000
Total cores 30000
Data 16PB
500-node cluster 4000-node cluster
write read write read
number of files 990 990 14,000 14,000
file size (MB) 320 320 360 360
total MB processes 316,800 316,800 |5,040,000 | 5,040,000
tasks per node 2 2 < =
avg. throughput (MB/s) | 5.8 18 %) 66

11


http://developer.yahoo.net/blogs/hadoop/2008/09/scaling_hadoop_to_4000_nodes_a.html
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[ Sponsor E Google I Yahoo, Amazon
EL Algorithm Method i MapReduce i MapRcducc

EL Resource : open document . open source
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E Search Engine : Google . Nutch
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Search Jobs Browse Jobs LocalJobs Salaries  Employvment Trends

®  Emplioyment Trands
Xen, Hyper-V, Hadoop

Tip: You can compare trends by separating them with commas.

simply

job search made simple

Job Trends for
0.06

Hen = Hyper-y = Hadoop

=
=
i

=
fmm]
=

=
=
b

S

Percentage of Matching Jobs
3

=
=

0
Mow 05  Jan09  Mar 09 May 04

Nov 1, 2008 - May 31, 2010

Jan 10 Mar 10 Kay 10

SimplyHired.com

Jul0s Sep 09 MNov 04

L

Xen, Hyper-v, Hadoop Job Trends

This graph displays the percentage of jobs with your search terms anywhere in the job

listing. Since November 2008, the following has occurred:
+ Xen jobs increased 141%

* Hyper-v jobs increased 551%
+ Hadoop jobs did not change or there is no data available
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Petabytes

Source:

x Multiplier

Sourc

1.000,000

http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf

1%

_ B Genome Data

: http:/

L o

Information Versus Available Storage

—&— Information
800,000 ~#- Available Storage

/

o

600,000

500,000

400,000

300,000

200,000

100,000

a : ' .
2005 2006 2007 2008 2008 2010

. Computational Load

8x Growth | 18 month

Moore's Law
2x Growth | 18 months

27 Dzigz) Zepluis

r)r)

Top 2 sluezu Seuouios="1000 25 /| (22
Tup i Vigtal Pnoius =1U0Y R5a) (2
N9 D Szl (0o Ipzun) = YUY R5a ) 220

id i il
The Worldwide Growth of eMail il The Growth of Images
Trillions per Year 600
30
M Person-to-Person eMails 500 - ‘
5 spamand Alerts W Digital Still Cameras
400 Camera Phones

20
15 300

=}

10 200 +

5

oomm BH : m B
1998 19899 2000 2001 2002 2003 2004 2005 2008 2007 2008 2009 2010 1] —

2002 2003 2004 2005 2006 2007 2008 2009 2010

Wikipedia
(10GB)
100% CAGR

World Wide Web

i Photosas

(1000PB+)
100% CAGR

Annual Email
Traffic, no spam

(300PB+)

Internet Archive

(1PB+)

200 of London’s
Traffic Cams

(8TB/day)

2004 Walmart
Transaction DB

UPMC Hospitals
Imaging Data

(500TB/yr)

Total digital data to be created this year 270,000PB (oc)

Phillip B. Gibbans, Data-Intensive Computing Symposium


http://lib.stanford.edu/files/see_pasig_dic.pdf
http://lib.stanford.edu/files/see_pasig_dic.pdf
http://lib.stanford.edu/files/see_pasig_dic.pdf
http://lib.stanford.edu/files/see_pasig_dic.pdf
http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf
http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf
http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf
http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf
http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf
http://www.emc.com/collateral/analyst-reports/expanding-digital-idc-white-paper.pdf
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Job

— {EF5
Task

— JNITAE
JobTracker
— AEF5 iRk
TaskTracker

— NI ARIATH
Client

— RRETSE B P 35
Map

— JE#t

Reduce

— 4o

Namenode

— LAR B Bh
Datanode

— Bk gk
Namespace

— &Ad e
Replication

— &lA
Blocks

— 1% E B3R (64M)
Metadata

— BMHEEH

17
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DNSE & 8=y %

1 ep 25 NameNode

Cem

aster Node

‘Manage NameSpace of
HDFS

* Control Permission of
Read and Write

* Define the policy of
Replication

* Audit and Record the
NameSpace

K Single Point of Failure

/KL‘

Y

©

i) 75) 5 ) i€ ¥

a j 2 JJ DO J <

- Worker Nodes

* Perform operation of

Read and Write

* Execute the request

of Replication

* Multiple Nodes

X
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JobTracker

v

Master Node

* Receive Jobs from
Hadoop Clients

* Assigned Tasks to
TaskTrackers

* Define Job Queuing
Policy, Priority and
Error Handling

* Single Point of Failure

v

S5 of Joo Senzeiylar
O - I R
i 22 A ey
TaskTracker

- Worker Nodes

* Excute Mapper and
Reducer Tasks

* Save Results and
report task status

* Multiple Nodes
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master slave
task task
tracker tracker

MapReduce
layer

HDFS
layer

multi-node cluster

20
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l Hadoop
Namenode D)oo 5EE poeeeennoes .
|
JobTracker

Java Java Java
Linuux Linuux Linuux
"[ Nodel ]" "'[ Node2 }" "[ Node3 ]'" 2l
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> HTTP Monitoring Ul
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InfroductionforHadoop Distributed File'System
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* Hadoop Distributed File System
— EHRHM Google File System 4 # X4 £ A 4
— Reference from Google File System.
- —A AR T KA E AL > B EHRKET EAET)N
— A scalable distributed file system for large data analysis .
— FEVEARAB LA L LT AR5
— based on commodity hardware with high fault-tolerant.
— & RXENR P REEEERE 5 R
— It have better overall performance to serve large amount of
users.



- BMUMHMRAFX TS Fault Tolerance
~ MR R LT mIERLT
— Failure is the norm rather than exception
— B IR R E PR
— automatic recovery or report failure
« BANE FHAB Streaming data access
- BREESHARAP X LRE
— Batch processing rather than interactive user access.
— 2 Throughput 7 3E1& Latency
— High aggregate data bandwidth (throughput)
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KAEAEHE Large data sets and files

— X 3% Petabytes 3 4 69 # B % ]

— Support Petabytes size

—HMHERH Coherency Model

~ —REXN % RHEI Write-once-read-many

—- #Bfb—EHREHEEAE This assumption simplifies coherency
£ ¥E R Data Locality

— B AR B LA > KA ERARBREHE

— “move compute to data” > “move data to compute”
EHF+E&44 M Heterogeneous

— PP AR B8 R F LT A48 ~ PR A
— HDFS could be deployed on different hardware
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HDFS Architecture

Metadata (Name, replicas, ...):

/home/foo/data, 3, ...
Metadata ops~~ Namenode
Block-Qps
Datanodes Datanodes
L] ] - H B =
Replication
- [j\ B Blocks
J
) ~ % N
Rack 2

Rack 1
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Namenode (the master)
Path and Filename — Replication , blocks

name:/users/joeYahoo/myFile - copies:2, blocks:{1,3}
name:/users/bobYahoo/someData.gzip, copies:3, blocks:{2,4,5}

Priad

Metadata’./,x""
/ Datanodes (the slaves)
I/0
1 2
1 4 2 )
2

3

3 4 4

S 5
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* Increase reliability and read bandwidth
— robustness : read replication while found any failure
— High read bandwith : distribute read ( but increase write bottlenet )

Namenode JobTracker
file1 (1,3 Map tasks TaskTracker
file2 22 4)5) Reduce tasks .

ask for task

Block 1
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Data Corrupt

@ 3 A
A B K 53X

Network Fault
DataNode Fault

L A B BL 4R 2R

NameNode Fault

« A ZEM Data integrity

— checked with CRC32

— @] ABUX 4% E A

— Replcae corrupt block with replication one
 Heartbeat

— Datanode send heartbeat to Namenode

* Metadata
— FSIlmage -~ Editlog & #% < FF %458 & H 3545
— FSImage — core file system mapping image
— Editlog — like. SQL transaction log
Ikt G 0 g L ARy BB R B T A F 48
— Multiple backups of FSImage and Edltlog
— Manually recovery while NameNode Fault

10
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1 E—XMEMEF Coherency model of files
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— NameNode handle the operation of write, read and delete.
E¥ XM AKEEMS Large Data Set and Performance

- AR EEER KA GAMB B Eix

— By default, the block size is 64MB

- RERTRZHHIIER

— Bigger block size will enhance read performance

- WEA TR KB — R

— Single file stored on HDFS might be larger than single
physical disk of DataNode.

- BERBDGBRHEESHBUFRBRAE
— Fully distributed blocks increase throughput of reading.

U
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jazzfihadoop:~% hadoop fs
Usage: java FsShell

[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-
[-

-1s =path>]

-lsr «=path=]

-du =path>]

-dus <=path>]
count[-q] <path=]
mv <src> <dst>]
Ccp <src> <dst>]

rm <path>=]

rmr <path>]

eXpunge]

put <localsrc> ... <dst>]
copyFromLocal =localsrc> ... =dst>]
-moveFromLocal <localsrc> ... =dst>]

get [-ignoreCrc] [-crec] <src> <localdst>]
getmerge <src> <localdst> [addnl]]

-cat «src>|

-teXt <src>]

copyToLocal [-ignoreCrc] [-crc] =src> =localdst>]
-moveToLocal [-crc] =src> <localdst>]

-mkdir =path>=]

setrep [-R] [-w] <rep> <path/file>]

-touchz <path>]

-test -[ezd] <path>]

-stat [format] <path>]

-tail [-T] «=file>]

-chmod [-R] <MODE[,MODE]. | OCTALMODE=> PATH...]
-chown [-R] [OWNER][: [GRDUP]] PATH. ..]

chgrp [-R] GROUP PATH...]

help [cmd]]

12
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VAT rJ JJIJ 'J'J—‘f AJJJIJ NS

Example 1: Example 2:
II| IIIIIII|.II} ,.-" “““-—HH III'*
f,x’
f_,,f“
\ B Tl 4|_)
HH“H-__,_'_‘_ )l -
IS L > Example 3:
sgrt{2)
Example 4: The way to climb m
5 steps stair within 2 steps —

each time. BRarH AEER
R TH E—F X LRI - A

JRR T A A KA XY

Ex: (1,1,1,1,1) or (1,2,1,1)



Yrze 1S Mlzioiladiyea ¥Y

frid 7 Uz oidadyes 77
MapReduce & Google Y #H M KB &F » TZARREKRE XA

MapReduce is a patented software framework introduced by
Google to support distributed computing on large data sets on
clusters of computers.

AE A RBEHETE ALY map £ reduce R o

The framework is inspired by map and reduce functions commonly
used in functional programming, although their purpose in the
MapReduce framework is not the same as their original forms

- Map() : Source: http://en.wikipedia.org/wiki/MapReduce
e Ex.[1,2,3,4]— (*2)->[2,4,6,8]
— Reduce(...):

«[1,2,3,4]- (sum)->10
Logical view of MapReduce
« Map(k1, v1) -> list(k2, v2)
* Reduce(k2, list (v2)) -> list(k3, v3)


http://en.wikipedia.org/wiki/MapReduce

Soosgla’s Nlzioidadues Dz Z1¢)r2110)
Googla iy Yz 089 e s B i

Input

Intermediate | kl:v kl:v k2:v kl:v k3:v kd:v kd:v k3:v kd:v

Grouped |kl:v,v,v,v [K2:iv |kK3:v,v | kdiovovov (K3

S S SRR T

Output




Soogla’s Nlzioidaducz 10 Pzirzll=]

22 b A= Jn’ l?—-’.] ”'fj

fjouj +Y J'/'/"J_IJ-,K-JJ-*-/ oD T el 2 e

: Map Task 1 -: Ir Map Task 2 | : Map Task 3

| L L

| L L

| L L

| L L

| L L

| L L

| klowv klow k2w | || k3w kdw kdw kv | | ke v lelov k3w
| Fartitioning Funetion I | Fartitioning Function | | Fartitioning Funection

Sort and Group
klvwvwvwy | k3w

<0

Reduce Task 2

Sort and Group
ke ov v v

§<@@@

Reduce Task 1
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rlovy dJozs llzioidzdilcs Woriin rlzidooy
Hzdooy Ulzpidzdycs E1E

input . ' output
HDFS A map | | ; 5 HDFS
D EnCLEET TR TR R, ; > » reduce > part0
map |7 N
: > » reduce — »  parti
] me =T
JobTracker §¥ JobTracker % #c # JobTracker #-¢ FF¥ JobTracker reduce % {$ i &
NameNode 2~ # TaskTracker * i® WEEEEE© e JobTracker ##
TREFY N Map &% » &2 4 A EDZ R TaskTracker Namenode 7 &

blocks U L TaskTracker 2 % reduce 4 output



VlzioRzduca 0y 2.cunola ()
Uz d ey ELETH ()

| am a tiger, you are also a

tiger
am I
ma

a P/ lam,1 a (1,1)

a,1 also (1)
tiger tiger,1 am, 1

2 sort

you map you 1 > & are (1) > reduce
are :

are,1 shuffle 1,1

tiger(1,1)

also also,1 you (1) J)
g map ) a1
tiger :

tiger,1 1)
JobTracker /2% T =18 Map % 4% » hadoop EAT JobTracker # 1% — 18

Tracker # map P EOR A F AL TaskTracker 1F reduce

a,2
also,1
am,1
are,1
1,1
tiger,2
you,1




Mzloidadies 0y 2. JmJ)JA (Z)
Wzt 2 s LD (2

sqrt(a + b)
sqrt(c + d)

Bl g

10 00 3.0
32 0.8 32.0 $ ?

1.0 14.0 1.0 (0,sqgrt (1.0 + 0.0 + 3.0))
- ] (1,sqrt (3.2 + 0.8 + 32.0))
. 2,sqrt (1.0 + 14.0 + 1.0
Input File (s sare )
001.0 // A[0][1l] = 1.0 (0,1.0)
010.0 // A[O][1l] = 0.0 (0,0.0) ediEe
02 3.0 // A[0][2] = 3.0 map »(0,3.0)
10 3.2 // A[1][0] = 3.2 (1,3.2)
110.8 // A[1][1] = 0.8 (1,0.8) | sort/ (0,{1.0,0.0,3.0})
(1,{3.2,0.8,32.0})
12 32.0 // A[1]1[2] = 32.0 (1,32.0) NELEE 77 (2, (1.0,14.0,1.0})
2 0 1.0 // A[2]1[0] = 1.0 (2,1.0)
21 14.0 // A[2][1] = 14.03@P 7 » 14 0
22 1.0 // A[2]1[2] = 1.0 (2,1.0)
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KRB THE
Large Data Set
T ¥ A&

Parallelization

Text tokenization
Indexing and Search
Data mining
machine learning

*_http://www.dbms2.com/2008/08/26/known-applications-of-mapreduce/

*_http://wiki.apache.org/hadoop/PoweredBy



http://www.dbms2.com/2008/08/26/known-applications-of-mapreduce/

N-N-N-N-

Hadoop 74 H >t =

)

\\\\\ﬁ
)

Hadoop Ecosystem
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Hadoop R it A Java B &% ?
Is Hadoop only support Java ?

KT AL AR EATRTE ? e TR E AR 7
Can Hadoop work with existing software ?

AR B R R & A 7
Can Hadoop work with Databases ?

P M AIRB KRG FR .. ...
Yes, we hear the feedback of developers ...




Is Fladooo only suooort Jepye 7

 Although the Hadoop framework is implemented

in Java™, Map/Reduce applications need not be
written in Java.

« Hadoop Streaming is a utility which allows users
to create and run jobs with any executables (e.g.
shell utilities) as the mapper and/or the reducer.

 Hadoop Pipes is a SWIG-compatible C++ API to

implement Map/Reduce applications (non JNI™
based).



rlaidooo Ploes (C+F, Pyinor))

Hadoop Pipes allows C++ code to use Hadoop
DFS and map/reduce.

The C++ Interface is "swigable" so that interfaces
can be generated for python and other scripting
languages.

For more detail, check the APl Document of
org.apache.hadoop.mapred.pipes

You can also find example code at
hadoop-*/src/examples/pipes

About the pipes C++ WordCount example code:
http://wiki.apache.org/hadoop/C++WordCount


http://hadoop.apache.org/common/docs/current/api/org/apache/hadoop/mapred/pipes/package-summary.html
http://wiki.apache.org/hadoop/C++WordCount

rlaicdlooo Sirearririg

Hadoop Streaming is a utility which allows users
to create and run Map-Reduce jobs with any
executables (e.g. Unix shell utilities) as the
mapper and/or the reducer.

It's useful when you need to run existing program
written in shell script, perl script or even PHP.

Note: both the mapper and the reducer are
executables that read the input from STDIN (line
by line) and emit the output to STDOUT.

For more detail, check the official document of
Hadoop Streaming



http://hadoop.apache.org/common/docs/current/streaming.html

)

Funning rladogoo Sirsarrling

jazzlhadoop:~5 hadoop jar hadoop-streaming.jar -help
10/08/11 00:20:00 ERROR streaming.StreamJob: Missing required option -input
Usage: S$SHADOOP HOME/bin/hadoop [--config dir] jar \

SHADOOP HOME/hadoop-streaming.jar [options]

Options:
—-input <path> DFS input file(s) for the Map step
—output <path> DFS output directory for the Reduce step
-mapper <cmd| JavaClassName> The streaming command to run

—combiner <JavaClassName> Combiner has to be a Java class

—reducer <cmd|JavaClassName> The streaming command to run

-file <file> File/dir to be shipped in the Job jar file

-dfs <h:p>|local Optional. Override DFS configuration

-Jjt <h:p>|local Optional. Override JobTracker configuration

—additionalconfspec specfile Optional.

—inputformat TextInputFormat (default) | SequenceFileAsTextInputFormat |
JavaClassName Optional.

—outputformat TextOutputFormat (default) |JavaClassName Optional.

. More ..



rlaidooo Sirsarning witn snell cornemearnds (7))

hadoop:~$ hadoop fs -rmr input output
hadoop:~$ hadoop fs -put /etc/hadoop/conf input

hadoop:~$ hadoop Jar hadoop-streaming.jar -input
input -output output -mapper /bin/cat
-reducer /usr/bin/wc



rladooo Sirezimning witn snell cornerzarids (2)

hadoop:~$ echo "sed -e \"s/ /\n/g\" | grep ." >
streamingMapper.sh

hadoop:~$ echo "unig -c | awk '{print \$2 \"\t\"
\S1}'" > streamingReducer.sh

hadoop:~$ chmod a+x streamingMapper.sh
hadoop:~$ chmod a+x streamingReducer.sh
hadoop:~$ hadoop fs -put /etc/hadoop/conf input

hadoop:~$ hadoop jar hadoop-streaming.jar -input
input —-output output -mapper streamingMapper.sh
-reducer streamingReducer.sh —-file
streamingMapper.sh —-file streamingReducer.sh



'-

:)

Top oMo Chuliwa HBase HOFS Hive MapReduce Fig Zookeeper

+ About

i
* Wl W (s Welcome to Apache Hadoop!

o Mailing Lists

Hadoop Common: The common utilities that support the other
Hadoop subprojects.

HDFS: A distributed file system that provides high throughput
access to application data.

MapReduce: A software framework for distributed processing of
large data sets on compute clusters.




Otrier rladooo relziied oroject

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

HBase: A scalable, distributed database that
supports structured data storage for large tables.

live: A data warehouse infrastructure that
provides data summarization and ad hoc
guerying.

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

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

10



rlaidooo =cosysiar)

Pig Chukwa Hive HBase
MapReduce HDFS ZooKeeper
Hadoop Core Avro

(Hadoop Common)

Source: Hadoop: The Definitive Guide

11



AVIo

Avro Is a data serialization system.

It provides: W
— Rich data structures.

— A compact, fast, binary data format.
— A container file, to store persistent data.

— Remote procedure call (RPC).

— Simple integration with dynamic languages.

Code generation is not required to read or write data files
nor to use or implement RPC protocols. Code generation
as an optional optimization, only worth implementing for
statically typed languages.

For more detail, please check the official document:
http://avro.apache.org/docs/current/

12
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 http://hadoop.apache.org/zookeeper/ l £y

« ZooKeeper is a centralized service for maintaining
configuration information, naming, providing distributed
synchronization, and providing group services. All of
these kinds of services are used in some form or another
by distributed applications.

 FEach time they are implemented there is a lot of work that goes into
fixing the bugs and race conditions that are inevitable. Because of the
difficulty of implementing these kinds of services, applications initially
usually skimp on them ,which make them brittle in the presence of change
and difficult to manage. Even when done correctly, different
implementations of these services lead to management complexity when
the applications are deployed.

13


http://hadoop.apache.org/zookeeper/
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http://hadoop.apache.org/pig/

Pig is a platform for analyzing large data sets that
consists of a high-level language for expressing data
analysis programs, coupled with infrastructure for
evaluating these programs.

Pig's infrastructure layer consists of a compiler that
produces sequences of Map-Reduce programs

Pig's language layer currently consists of a textual
language called Pig Latin, which has the foIIowmg key
properties: -

— Ease of programming
— Optimization opportunities
— Extensibility

14


http://hadoop.apache.org/pig/

rlive

» http://hadoop.apache.org/hive/

 Hive is a data warehouse infrastructure built on top of
Hadoop that provides tools to enable easy data
summarization, adhoc querying and analysis of large
datasets data stored in Hadoop files.

« Hive QL is based on SQL and enables users familiar with
SQL to query this data.

15


http://hadoop.apache.org/hive/

Criuyyel

http://hadoop.apache.org/chukwa/

Chukwa is an open source data collection system
for monitoring large distributed systems.

built on top of HDFS and Map/Reduce framework

includes a flexible and powerful toolkit for
displaying, monitoring and analyzing results to
make the best use of the collected data.

/}N
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.-}“-‘.ff?lf F}w{

J‘ v
L&%

chubkwa

16


http://hadoop.apache.org/chukwa/

Mainout

http://mahout.apache.org/
Mahout is a scalable machine learning libraries.

iImplemented on top of Apache Hadoop using the
map/reduce paradigm.

Mahout currently has

— Collaborative Filtering
— User and Item based recommenders
— K-Means, Fuzzy K-Means clustering
— Mean Shift clustering
— More ...

17
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Pig Script Example

e Top sites visited by users aged 18 to 25

Users = LOAD'users.in’ AS (name, age);
Fltrd = FILTER Users by age >= 18 and age <= 25;

Pages = LOAD'pages.in’ AS (user, url);

Jnd =  JOIN Fltrd BY name, Pages  BY user;

Grpd = GROUBNd by url;

Smmd = FOREACHsrpd GENERATEroup, COUN®Nd) AS

clicks;

Srtd = ORDERSmmMd BY clicks:
Topl00 = LIMIT Srtd 100;

STORET0op100 INTO ‘topl00sites.out’;




Pig script — Map/Reduce

o 7 I%’ﬁ[]a“fa* Map-

UCeE )’E’. Iﬁ: automatic
rewrite +.

O P|g H[Eﬁﬁﬂﬁ optimize
Logical Plan

l

Physical Plan

M/R Plan




Pig Performance vs Map-Reduce
go |1 /6

5ep 1108 Nov 1108 Jan 2009 Feb 2308 Apr 2009 Jun 2809 Aug2309




How to execute

e Local:
pig -Xlocal foo.pig

e Hadoop (HDFS):

pig foo.pig
pig -Dmapred.job.queue.name=xxx foo.pig
o hadoop queue -showacls




How to execute

e Interactive pig shell
$ pig
grunt>




Load Data

Users = LOAD'users.txt
USING PigStorage(',') AS (name, age);

e LOAD ... AS ...
e PigStorage(’,’) to specify separator

name age
John 18

John,18
Mary,20

Bob.30 Mary 20
Bob 30




Fltrd= FILTER Users
BY age >= 18 AND age <= 25;

o FILTER ... BY ...
constraints can be composite

name | age name

John 18 John

Mary 20 Mary
Bob 30




Generate / Project

Names = FOREACHFItrd GENERATHame;

e FOREACH ... GENERATE




Store Data

STORENames INTO 'names.out’;

e STORE ... INTO ...

PigStorage(’,’) to specify separator if multiple
fields




Command - JOIN

LOAD‘users’
LOAD'pages’
JOIN Users

AS (name, age);
AS (user, url);
BY name, Pages

Users =
Pages =

Jnd = BY user:

name

age

John

18

Mary

20

Bob

30

user

John

Mary

Bolb

DINg




Command - GROUP

Grpd = GROUBNd by url;
describe  Grpd,;

name | age url yhoo |(John, 18, yhoo)
(Dee, 25, yhoo)

John |18 yhoo

Mary |20 |goog (Mary, 20, goog)

Dee |25 yhoo

(Kim, 40, bing)

Kim |40 |bing (Bob, 30, bing)

Bob |30 bing




Other Commands

e PARALLEL- controls #reducer
e ORDER- sort by a field

® COUNT- eval: count #elements
e COGROUR structured JOIN

e More at
http://hadoop.apache.org/pig/docs/r0.5.0/
piglatin_reference.html




e http://hadoop.apache.org/pig/docs/r0.3.0/udf.html
e http://hadoop.apache.org/pig/javadoc/docs/api/

e PiggyBank
Pig users UDF repo

http://wiki.apache.org/pig/PiggyBank




References

o FAQ
http://wiki.apache.org/pig/FAQ

e Documentation
http://hadoop.apache.org/pig/docs/r0.5.0/

e Talks & papers
http://wiki.apache.org/pig/PigTalksPapers

http://www.cloudera.com/hadoop-training-pig-
Introduction




