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- WikiEB#}: big data is a collection of data sets so large and
complex that it becomes difficult to process using on-hand
database management tools

RK¥IE=E /\Ej(ﬂ'] LRI A EANEEEEIERAR
AT EAMERYE R

*IDCH#z & : Big data technologies describe a new generation
of technologies and architectures, designed to economically
extract value from very large volumes of a wide variety of data,
by enabling high-velocity capture, discovery, and/or analysis.
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nature International weekly journal of science

Home ‘ News & Comment | Research | Careers & Jobs ‘ Current Issue | Archive | Audio & Video | For 4

Specials & supplements archive

SPECIALS

» See all specials

D
’ ~ _
D ¢ :
L == — < -
BIG DATA

v Special Report l ¥ Column: Party Of One
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EDITORIAL

Community cleverness required

Researchers need to adapt their institutions and practices in response to torrents of new data
— and need to complement smart science with smart searching

(3 September 2008 )

21
DAT

SPECIAL REPORT

The next Google

Ten years ago this month, Google's first employee tumed up at the garage where the search
engine was originally housed. What technology at a similar early stage today will have
changed our world as much by 20187 Nature asked some researchers and business people
to speculate — or lay out their wares. Their responses are wide ranging, but one common
theme emerges: the integration of the worlds of matter and information, whether it be by the
blurring of boundaries between online and real enviranments, touchy-feely feedback from a
phone or chromosomes tucked away on databases.

(3 September 2008 )

COLUMN: PARTY OF ONE

Data wrangling
& Collecting and releasing environmental data have stirred up controversy in Washington, says
« David Goldston, and will continue to do so.
(3 September 2008 )

FEATURES

8 Welcoma to the petacentra

What does it take to store bytes by the tens of thousands of trillions? Cory Doctorow meets
% the people and machines for which it's all in a day's work.
(3 September 2008 )

Wikiomics
Pioneering biologists are trying to use wiki-type web pages to manage and interpret data,

. reports Mitch Waldrop. But will the wider research community go along with the experiment?
(3 September 2008 )

COMMENTARY
How do your data grow?
" Scientists need to ensure that their results will be managed for the long haul. Maintaining
> data takes big organization, says Clifford Lynch.

W (2 september 2008

BOOKS & ARTS

MM Distilling meaning from data
- ""_"'-q Buried in vast streams of data are clues to new science. But we may need to craft new
'q et lenses to see them, explain Felice Frankel and Rosalind Reid.

o (3 September 2008 )
ESSAY
) 5| The Harvard computers

The first mass data crunchers were people, not machines. Sue MNelson looks at the
discoveries and legacy of the remarkable women of Harvard's Observatory.
( 3 September 2008 )

REVIEW

~ The future of biocuration

© To thrive, the field that links biologists and their data urgently needs structure, recognition and
support.
( 3 September 2008 )

PODCAST EXTRA

§ Podcast Extra: Big Data
As Google celebrates its 10th anniversary, we find out how science is coping with massive
datasets generated by unprecedented computing power. BoingBoing blogger Cory Doctorow
tells us about his visits to the LHC data storage facility and the genome sequencing Sanger
Centre.
( 3 September 2008 )
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As the Economy Contracts, the Digital

Universe Expands

May'
By John Gantz and David Reinsel
Sponsored by EMC Corporation

Extracting Value from Chaos

ey donn Gants and Dava Feie!
Sponsored by EMC Corporation

Gortent for thz paper i excerpted dmecuy !mm tre mc B
June 2011, sponsored by EM
hitp v, eme. com/digital_univers

[Etracing Value fom Ghaos,”

State of the Universe: AR xecullve Snmmary
As we mark the fith anniversary of our annual study of the digital universe, it behooves Us to take
‘stock of what we have learmed about it over the years. We aways knew it was. big — in 2010 eracking
he zettabyte barier. In 2011, the amount of information created and replicaed will surpass 1.8
zettabytes (1.6 rilion gigabytes) - growing by a factor of 9in just five years

But, as digital universe cosmologists, we have also uncovered a number of other things — some
predictable, some astounding, and some just plain disturbing.

‘While 75% of the information in the digital universe is generated by individual, enterprises have
‘some fiability for 80% of information in the digital universe &t some point in s digitallfe.

The number of "fles,” or containers that encapsulate the information in the digital universe, is growing
‘even faster than the information itself as mare and more embedded systems pump their bits into the
digital cosmos. In the next five years, these fles will grow by a fastor of 8, while the pool of IT
‘available to manage them wil grow only sighty.

Less than a thed of i iformation n e cigtaluniverse can be said to ave atleast minimal
‘securty or protection; only about that should be

The amount of information individuals create themselves — writing documents, taking pictures,
downloading music, etc. — is far less than the amount of information being created about them in the
digital universe.

The growth of the digital universe eontinues to outpace the growth of storage capacity. But keep in
mind that a gigabyte of stored petabyte or data that we.
typically don't store (e.g., digital TV signals we watch but don't record, voice calls that are made
digital in the network backbone for the duration af a call).

o, like our physical universe, the digital universe is something to behold — 1.8 trilfion gigabytes in
500 quadrilion “files” — and more than doubling every two years. Thats nearly as many bits of
information in the digital universe as stars in our physical universe.

IDC 1142

—

The Digital Universe Decade — Are You Ready?

&y John Ganiz 2
Sponsored by EMC Corporation

Contentfor this paper is excerpted directly from the IDC Mutimedia White Paper, "As the
Economy Contacts,the Digta Universe Expands,” May 2009, sponsored by EWC. The
tent can be viewed at http:/www. [_universe

Video transcription for John Gantz

For most of us sitting here in the middle of a global economic crisis there are only
two numbers that matter, and both are mind-numbing. The firstis the amount of
money being spent to bail out the banks and get the economy going again, and thi
second is the amount of money we've lost in our 401(k)s, pension funds, or home
equity. Ouch

But we would like to tell you about some other mind-boggling numbers. How aboul
this one: 3,892,179,868,480,350,000,000?

That number is the number of bits added to what we call the Digital Universe in
2008. 8 bits is a byte, a million bytes a megabyte, and million megabytes a terabyt
and so on. 487 exabytes, or 487 billion gigabytes, in 2008.

Here is one more mind boggling number. Five. In 2012, there will be five times as
many bits created or captured and added to the Digital Universe as in 2008.

Like the physical universe, the Digital Universe is expanding. In fact, exploding.
Unfortunately, thanks to the economic crisis, the technology universe - the softwar
tools, the new techniques and business practices, and the people - is not expandf
At leastin comparison to the Digital Universe.

For three years now, IDC has been adding up the number of bits pumped into the.
Digital Universe each year.

We come up with the number by taking all the digital devices and applications IDG
fracks - from digital cameras and supercomputers to emails and web searches, frg

i sl o ot dnaia s o | £ 2

A

Content for this paper is excerpted directly from the IDC (View, “The Digital Universe
Decade — Are You Ready?" May 2010, sponsored by EMC. The mulimedia content can be
viewed at hitp./#sww. emc.com/digital_universe

The Digital Universe De,

“You Ain't Seen Nothing Yet * The fitle of that track from the 1974 Bachman-Turner
Overdrive aloum Not Fragile aptly deseribes the state of today's Digital Universe. Between
now and 2020, the amount of digital information created and replicated in the worid will grow
1o an almost inconceivable 35 trillion gigabytes as all major forms of media — voice, TV,
radio, print — complete the jourmey from analog to digital

Atthe same time, the influx of consumer technologies into the workplace will create stresses
and strains on the organizations that must manage, store, protect, and dispose of all this
electronic content. So, If you have ever suffered from information overload of been
bombarded with emails, texts, instant messages, documents, pictures, videos, and social
netwark invitations, get ready, this is just the beginning.

Since 2007, on behalf of EMC Gorporation, IDG has been sizing what it calls the Digital
Universe, of the amount of digital information created and replicated in a year.

Here are just a few points to whet your appetite for the fest of the tabs in this IDC iView:

0 Last year, despite the global recession, the Digital Universe set a record. It grew by
62% to nearly 800,000 petabytes. A petabyte is a million gigabytes. Picture a stack
of DVDs reaching from the earth to the moon and back

This year, the Digital Universe wil grow aimost as fast o 1.2 million petabytes, or 12
zettabytes. (There's a word we haven't had to use until now

This explosive growth means that by 2020, our Digital Universe will be 44 TIMES AS
BIG as itwas in 2009 (Figure 1). Qur stack of DVDs would now raach halfway to
Mars.

o

o
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Figure 1: The Digital Universe 2009 — 2020
Growing by a Factor of 44
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Big Data is a Big Deal

Posted by Tom Kalil on March 29, 2012 at 09:23 AM EDT

24 £-Mmail || JpTweet || [ share || &

ebcast today af 2om ET ¢

Teday, the Obama Administration is announcing the “Big Dalg
improving our ability to extract knowledge and insights from I3
initiative promises to help accelerate the pace of discovery in}
security, and fransform teaching and learning

Ta launch the initiative, six Federal depariments and agencieg
commitments that, together, promise to greatly improve the @
and glean discoveries from huge volumes of digital data. Leal
programs that address the challenges of, and tap the opporiu
Data Fact Sheet.

We also want to challenge industry, research universities, ang
the most of the opportunities created by Big Data. Clearly, the
whatthe President calls an “all hands on deck effort.

Some companies are already sponsoring Big Data-related cg
research. Universities are beginning to create new courses—
generation of “data scientists.” Organizations like Data Withal
bano data collection, analysis, and visualization. OSTP would
forum to highlight new public-private partnersnips related to 8
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ISSUES

Get Email Updates Contact Us

RNMENT

Office of Science and Technology Policy
Executive Office of the President

Mew Executive Office Building
Washington, DC 20502

FOR IMMEDIATE RELEASE
March 29, 2012

Contact: Rick Weiss 202 456-6037 nweissi@ostn eop.gov
Lisa-Joy Zgorski 703 292-8311 lisajov@E@nsf.gov

OBAMA ADMINISTRATION UNVEILS “BIG DATA” INITIATIVE:
ANNQUNCES $200 MILLION IN NEW R&D INVESTMENTS

Aiming to make the most of the fast-growing volume of digital data, the Obama
Administration today announced a “Big Data Research and Development Initiative.” By
improving our ability to extract knowledge and insights from large and complex
collections of digital data, the initiative promises to help solve some the Nation's most
pressing challenges.

To launch the initiative, six Federal departments and agencies today announced more
than $200 million in new commitments that, together, promise to greatly improve the
tools and techniques needed to access, organize, and glean discoveries from huge
volumes of digital data.

“In the same way that past Federal investments in information-technology R&D led to
dramatic advances in supercomputing and the creation of the Internet, the initiative we
are launching today promises to transform our ability to use Big Data for scientific
discovery, environmental and biomedical research, education, and national security,”
said Dr. John P. Holdren, Assistant to the President and Director of the White House
Office of Science and Technology Policy.

To make the most of this opportunity, the White House Office of Science and
Technology Policy (OSTP)—in concert with several Federal departments and
agencies—created the Big Data Research and Development Initiative to:
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Variety: %1% =~
Velocity: B384 |

Veracity: 4ERf 14 |

Velocity:

Volume:

. Veracity:

Manage and benefit from diverse
data types and data structures

Analyze streaming data and large
volumes of persistent data

Scale from terabytes to zettabytes

Establish confidence in data,
information and solutions




PN ¢ e

o ZEFYFIE
— ZEH L AR
— JEE R/ F B B IR
o« FREXAFNALIE 5 R
— S CRIV/IBETN /% L) /SERTEUIE
— 5P (2 TN 8HRE) /dESERTELIR

o RELYFIE

[ -

— ok BL/ B B R BAEIE R E ISR B
— B 2L B HUHE (B EHR)

LY




WRREMXKESE

A

Data size

Disk-based Key-value Store

Column Store

7 ®
A

Typical RDBMS

ocument Store

Graph DB

SQL Comfort Zone

‘..}. ~ i\ sk Data CON
>

3 BRI, T

':‘" | /(“))JI 4 L ik e

. {4 \ N l‘ 2 VK
"'- ISR AN BT TR R AL e YT
AW TRy i’r’,\kh,% wheq) 8 VAT



A S0 478 ) R ) At A0 T 5 IR

° j(%'f&:]

E 0] el fy 2 letl:%, ™

K% 1%55{2

— K

— B4R

£ i

IR K,
FE R G HIAL

— K-

11T

r, BEWIEAIT

1 \y

B KEFIE

Ji:?'JPBEt FEBE%, BUEE%

I e

o KR

- B

TR AFE]

— GBI X AR
- HERARAZE

)

BUSELRE- i)

7= 0B Y

LIRSt AR KRR AR, KM%
GEIAEERAH:

@, FEES




AYB/ARNARNEFEE

N

- R

!

° j(%'&}

MNE

_ YR

R ks 854
—- HEANESEEUNTTEFETES

— WIERIESE B R EE AR
B AR REMSHESERENITE

MRERIER

ZSELEE

SHMBEARRITE S 2

B 1&/\#&1 Rlly ﬂ'fHZ?&

= ANHUE

(T L AL TE

1

i

=

)ﬁ)ﬁ

N

TXEE

P =T:~_Q~n~



AYW/ARARENEXIRE

» REBEMHRBEREEZ

FhEE

)

N ?52 ?ﬁ 5

E?kz

I

Hi1Ti
vallip=pd

&

AT TE

L/

‘;V )

3}

PEIRR
FHRBIR
REFx
Z ), ITNE L

)f

& 4



g -8 5
AKUBEMREASFERRAS

5%y
3

AW DAY DA T

\ v !
Ry

I\, :\f/:

A L



AUBARBEEANERZEAR e oo

1S/ N R/FE /& BB RIEN /B R/ EED..... ssgigimy | TR
T R/ RS B R AT B R BR/BEE | e

1Tk N1 R EETT & MRAALZE |NAFA.E

HARG SRS BLEEBRBELRENER |
RS TRE, WebB EESRER, 3 RMETALIE. | V145

HTLNBEE T SREREE T ol PPy
— THEHEA
MapReduce, BSP, MPI, CUDA, OpenMP, E =X, HITHRIZER | 3T
BE I (BMapReduce+CUDA, MapReduce+MPI) = SHEERE| A%&
%
2 | AEE
FHEERE

£/ 2, GPU, BEETNMZE (NEE+Z#, £E+GPU)
CIHERBEEXEFA

RINIDSS




KBTI SR
o 1T HEREZFRSS
— 1T -2%2573
BEE. A
:BTE\ _%§gl] ......
— 17 ll 7 A AR 55 o B 4
. SR /R 5 TR A B AR R
— Suisi R A (o) & AN FE oK
— Souisi v F [e) R T AR B

Al ZRE. ERGEN. HEES



N
i
1
-
Sy

i

?”@%%Aiz
. ’%%T:ifnﬂlﬁﬂ

Cl
5\\

HERIMEFMTE

.%nﬂlﬁ & AHEZR FNfE

AR TR

mmmm

| XM MEITIMNE




N

BREZE/BAREMRAE

» IS

2 5EFERS

o Tl E BE

« WIXDIhIQE

» WebiZife SR E

s 3EEESHFIHERAIL
° :_%1;“._,\

« BIRIE m&\IEg

((.

o
iR




T%'% = % | s:éfTi/\ ESY

AW RTIZE, BABEETEREXBEIRKERAIMITE
,ﬁmﬁ$1ﬁﬂﬂﬁ%ME%ME FFIRE S, &8

%ﬁﬁ%?%ﬁ BREUERE. EEEXANIRHES

il
Google Knowledge Graph

R RIS X ERAME R XN E ’ﬁﬁﬂﬁi%lﬂﬁ‘é, ClEratii A
SR KBLEE Iiiﬂly’l‘iﬂdn (XFEMBEHREER) . FRIFIERKLKS
%&F_“ZFHEZ*EI’J* BN

® —7r¢/mf?§2%iiiﬂ<

® E T &N i fR

® HTIEEXBAME DI

® LI LHIR SR

o ETEIFREMER

B A Google Knowledge Graph EZEFRHIZMER “XMR” BIF35 121
MFEEXR; BEEEIRXHFEX, AXEFFX




NBEE/BREHGRAS

-

» GRAENH RS

s howard carer =

Search
Eventheg News for howard carter
— Howard Carter colobrated n Google doodle Howard Carter mat 0 EAQaN achaesugnt and
. The Guartian & Sors agn Lgystologhet. noted as & prmary Sscoveost of Se
Vace Google Morresege raghic parys 1ute % archaecioga! who Gscoversd 1o of Tisaretamun Read mare or Wikgeos
Titarkharmun's tomb n W02
Videon Borm May & W Harsrgior
Hewaed Coarter cemanslired win 3 Googls deode
Norws Times of india « 52 monies ago Died: March 2, TI0R, Marnington
ne Duried Putrwy Vs Corwtery
hcppnrg IBNLive oo - 1 hour ago
Bocks Cavne of death. Lyrmproma
a8 O DowWArd CAMEr  “acor ima Parents: Sarmusl Carner. Marng Joyte Cores
Chawiar, UK
Charge ocaton
The wshi
Pages from the UK Howard Canter - Yikpodia, he froe encyclopeda
o W geda org'we Howard_ Canter
- Hewerd Canter (9 May 1874 « 2 Marcs 1509 was s Englan srchasciogivl and
Asy ima Egyptcioget known for having @ prmary roie in e decovery of the tomd of .
Past howr ¢+ Bogirnrg of career - Tularkhamun's 1000 - Later work ard Gesth



http://cn.engadget.com/2012/05/17/google-launches-knowledge-graph-today-wants-to-understand-real/

I
>

R
Google HmiE &

-

YA AS

<

5

S
SEEH
= IhEE

Sony DSC-TX55

Google

Sign in

‘You are now visiting Google
Shopping. a commercial site

Sony Cyber-shot DSC-TX55 16.2 MP Digital Camera (Black) in the United States.

Learn more | Dismiss

$259 online

dokokokok greviews g Write a review

July 2011 - Sony - Point & Shoot - 16.2 megapixel - Compact Sensor - 5 x optical zoom - CMOS - Memory Stick - microSD
- microSDHC

See pictures in a whole new way with the Sony DSC-TX55 camera. Viewing on the 3.3" OLED touch screen with vivid
colors brings photos to life. With features like 30 still image. amazing Intelligent Sweep Panorama HR mode. superb low
light function and full HD video, viewing your ... more »

Black- 5259 & Browse Digital Cameras »

Online stores Related items Reviews Details  Accessories
Online stores set your location
¥ Google Wallet Free shipping Refurbished / used
Sponsored @
Sellers ~ Seller Rating Details Base Price Total Price
ExportPrive.com + Show all 2 16 ratings $316.13
Ashly Shop No rating $363.72
Rapid Ship Ohio W Mo rating Free shipping $372.44
TristateCamera.com ek (273) $200.99
eBay Mo rating Free shipping. No tax $417.46 $417.46
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—#1[#H &I ( Community Detection )
— 2% Z = (Network Modeling )

— L A FORZ 0N JIEE AR (Centrality
Analysis and Influence Modeling )

— 57 R IHEFF (Classification and
Recommendation )

—B2FAZR £3F (Privacy, Spam and Security )




MBS E/SfREHR

- HIREHEFRS
— B AHER (Ranking)

— 1M HEA (Diversified Ranking)

— ETHABHIHEFF (Content-based
Recommendation )

- BT FRERIHETF (Tag-based
Recommendation )

— 1 [E)LEIELE (Collaborative Filtering
Recommendation )
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o HIRDITIRER
— RAIRE SRS ZE (Image Retrieval)
— KR E1% 5328 (Image Classification)

Fr#a 0 (Object Recognition)

— S E1T RN
(Abnormal Event Detection)




e Web¥E R 5HIEIZHR
& Web?¥ 22 (Deep Web Search, 1Fi1L.
R, E5HEEREER)

1732 (Document Classification)

N 2228 (Document Cluster)

X D142 (Document Automatic
Summarization)
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— F85 &% (Machine Translation)
— [§R% 53 ¥ (Sentiment Analysis )
1|5 47 % (Public Opinion Analysis)

_%ﬂ‘ﬁ*‘giﬁ“)\ (Smart Input)
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IBM Watson

IBM Watson is a breakthrough in analytic innovation, but it is only successful
because of the quality of the infgrmation from which it is WorEing.

©2011 BW@ I1BM Corporation
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|BMES 1712] & #1838 AWatson

WatsonU& &€ 7 212 TTEIR ST AR
#¥E, FHETHadoop
MapReduceFF1TAN IR EEBF 11T
B, KB THREEH
ITIR R EFN AL B EMIR AN
BIAESIBRE L, AIE1R
AR KEIEEHHER

A ER, FERTEIFIRSE

|

Big Data technology is used to build
Watson’s knowledge base

Watson used the Apache Hadoop open
framework to distribute the workload for
loading information into memory.
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Approx. 200M pages of text
{To compete on Jeopardy!)
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10 racks of P750s,
2870 processor cores

e Watson’s Memory
(15TB)
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» SHEEBRS KEIREAMMITE

—~ MW FRERS 57347 (Geological Modeling and
Analysis)

— E 284 (Movie Rendering )

— RARHIRAT R ITE S 57547 (Scale
Visual Analytics)
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- SR EE R FFHF (High-Throughput
Genomic Sequence Assembly)

— =SB EEEFFIEEXT (High-Throughput
Genomic Sequence Alignment )

— £ YIM 2 EZEFR S 534 (Biological Network
Modeling and Analysis)
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Figure 1. Learning Curves for Confusion Set
Disambiguation
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* M. Banko and E. Brili (2001). Scaling to very very large corpora for natural language disambiguation. ACL 2001
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2007, Google/Zy A]Brants *ZF & T
MapReduceffizR T —1MNET2 /512
MNERIENIGHIBEEESIRE,
Eb 3% T LBt s Fe i AIKneser-Ney
smoothing BIES5 M 1F Rz A
“stupid backoff “BY B R E L, &5
AW, EEENIEEFNYRAN
£, BEXBIEER, ZB/EixH
RERFFE T EFHIBESRE!
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+051BPX2, 4 -ttt
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Figure 5: BLEU scores for varying amounts of data
using Kneser-Ney (KN) and Stupid Backoft (SB).

*T. Brants, A. C. Popat, et al. Large Language Models in Machine Translation. In EMNLP-CoNLL 2007 - Proceedings of the 2007 Joint
Conference on Empirical Methods in Natural Language Processing and Computational Natural Language Learning
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— j(%)u*%i'iﬁﬁgm (Large Scale SVM)
— FHZZ 2% (Neural Network)

— ¥ Z DI HR (Naive Bayes)
— JRIEHY (Decision Trees)
o B2 (Clustering)
o REXANIZ e
o S¥{hTT (Parameters Estimation)
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2 [F B AE[EZE (Dimension Reduction)
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* >] (Ensemble Learning )
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* MapReduce
—Hadoop ™ gefiL1L

o $TXHEML . (XS FOSlot=IRAEE ML
(IBMBEYJAMapReduce, FacebookHYCorona)

« §XT1/089L 1L TR S FIARFZBIRKL
(BerkeleyHSpark)

o STXRIZRIMMAL (L1 Shuffleld 2 « SHadoop)

—MapReduceF I TITEEZR Xi#H
« 12X I MapReduce 1 THEZS

e i T\MapReduce\ 1 THESS

(Twister, HaLoop)
(Hadoop Online)
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* MapReduce

—MapReduceE A [E]F9 28 _EAYSCER
o T X ZHZERYMapReduce (StanfordAY

Phoenix, £i83ZX)
« T GPUHIMapReduce (FAERIK. LB
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— GoogleAYPregel
— WER A Trinity
 CUDA. MPI, OpenI\/IP
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— MapReduce+CUDA3
— MapReduce+MPIFlMapReduce+BSP3

\}'L \ .
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* A Survey of Parallel Programming Models and Tools in the Multi and Many-Core Era
Javier Diaz, Camelia Mun~oz-Caro, and Alfonso Nino. IEEE TRANSACTIONS.ON

]

PARALLEL AND DISTRIBUTED SYSTEMS, VOL. 23, NO. 8, AUGUST 2012
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H B EZE 18R E S HIHadoop R Gt T REL 1L
o Hadoop R NITATERZ IR T S EMLRAYIFENLIE, 7+
(AT RBE E AN SIRAE, X SeRdin M KBS BRI
Bl LU EEK .
A TRITAE:
1. B TR ES ARG
2. BT Eh7Ss otiHERIMEREM L
I8 : BigDataMR2012, HEMMRS AR, IPDPS2013
SHadoop: Optimizing Execution Performance of Short MapReduce Jobs
Rong Gu, Xiaoliang Yang, Jinshuang Yan, Chunfeng Yuan, and Yihua Huang

Performance Optimization for Short MapReduce Job Execution in Hadoop
Jinshuang Yan, Xiaoliang Yang, Rong Gu, Chunfeng Yuan, and Yihua Huang




Hadoop ARG it SR

E TR (EWAES A E RIHadoop R G [ REMLIL

mB $T\/’EMapReduce1’ElL%)J!l‘*ﬂﬁﬂitﬁﬁ‘f =B R BT EHRE, {El
HATHS, mapFreducefEZHYIEE EMKRIT OB BIHITIES BEEREER
FigFgE, EmESARREFERAN, MERK
FRRTF %
1. we optimize the setup and cleanup tasks to reduce the time cost during the
initialization and termination stages of a job

BATHAL T AR AR 1L F{E AL Z5 R B B B setup Fllc | eanup B 4R {E S5 HY
AR, EBRTLEIREELESFEEZRRNTILF E T E

2. we design and implement an instant messaging model into the standard Hadoop
for task scheduling event notifications between the JobTracker and TaskTrackers,
instead of using the original heartbeat-based communication mechanism

1 17EJobTracker fTaskTracker Z [B]1& TTS2H] T —HENET H 2 & 1B HLHI,
X TEANOCEEENE, 2455 TIELRESHIEERE
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AZTLEBT T EFMapReduce FUS B TN EE IS HE B AT 5T

EAREREET RS Aprior i BIAFSONF L, fEHH

T — 1N HITIRI SN E N EIZHEE jAPSON, A%
MapReduce=LI T KA AR INE N EIZTR 1 TIHE

MRILL, B A FTTPAAP2011
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PFREIl

PSON: A Parallelized SON Algorithm with MapReduce

for Mining Frequent Sets

Tao Xiao, Shuai Wang, Chunfeng Yuan, Yihua Huang
The Fourth International Symposium on Parallel Architectures, Algorithms and
Programming (PAAP 2011), Tianjin, Dec.9-11, 2011
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Frequent sets

e Suppose | is an itemset consisting of items from the transaction database D
» Let N be the number of transactions D
» Let M be the number of transactions that contain all the items of |
» M /N is referred to as the support of I in D

TID [Items Example

Ti00/, 12, 15 Here, N =4, let | = {11, 12}, than M = 2

ggg ﬁ ﬁ’ - because | ={l1, 12} is contained in transactions T100 and T400
T400 11: 12,13, 14 so the support of | is 0.5 (2/4 = 0.5)

* If sup(l) is no less that an user-defined threshold, then | is referred to as a
frequent itemset

* Goal of frequent sets mining
» To find all frequent k-itemsets from a transaction database (k=1, 2, 3, ....)

M EEAES. 0, 0B onflBH, MR
- tEE M ransactionEHEEET | tem#f |

b R R g > k' o) ¥ ,‘A‘_;l‘v‘.,.‘ AL RPN, e ol A1) WO Nt p 45, NdaNs
.\' “u“." *!'\"ll‘.'f".f.q) ‘DA‘ AR ST SN Y| 'y'.‘\i."‘ INENT TR 'y LTI B ".'\l.‘I e iN/ NS SV | AP ANTEARS AT




The 1t MapReduce Job

* Map phase
» Each map node takes in one partition and generates local frequent itemsets for that partition
using Apriori algorithm.
» For each local frequent itemset F, emits key-value pair <F, 1>. Here, the value 1 is only to
indicate that F is a local frequent itemset for that partition.

e Shuffle and Sort phase ( Transaction Database
» The same local frequent itemsets , , ,
are sent to one reduce node. maiper maner ma'Iper
* Reduce phase <F, 1= <F, 1= <F3, 1>
» Each reduce node emits one and - 1= F 1>
only one key-value pair <F, 1> to DFS 1~ Fo 1~ <Fy 1>
¢ Fina I Iy [ Shuffle and Sort: aggregate values by keys
» Merging all the pairs in DFS gives us reducer reducer
all global candidate itemsets ] |
<F,, 2> <F, 2=
N —— e <Fy. 2> <Fs 1>
<F;, 3>




The 2" MapReduce Job

* Assumption

» Each node is given a full duplicate of the global candidate itemsets generated by the 1%

MapReduce job beforehand

* Map phase
» Each map node counts for each of
the global candidate itemsets in the
partition the map node is assigned
» Then emits pairs like <C, v> where
Cis a global candidate itemset and
vis the count of it in that partition

e Shuffle and Sort phase
» Each global candidate itemset and

its counts in all the partitions are
sent to one reduce node

* Reduce phase
» For each global candidate itemset C,

]

Transaction Database

r

Global Candidate Itemsets

reduce node adds up all the

associative counts for € and emits

only the actual global frequent

[

mapper

!

<Cy, 1=

<(C,, 3>

<(C;, 9=

Y

A 4

mapper

!

<(Cy,3>

<(y, 2>

<Cy, 3>

y

mapper

h 4

!

<C;, 4=

<Cy, 1=

<Cs, 2>

Shuffle and Sort: aggregate values by keys

reducer

l

reducer

l

<C, 4=

<C,, 3>

<Cy, 4>

<Cs, 2>

<Cy,15>

itemsets to DFS o
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Time (Hour)

Experimental Results

The transaction database size varies from 6GB to 60GB,

transactions varies from 1 million to 500 billion

A

-

[

6 12 18 24 30 36 42 48 54 60
Transaction Database Size (GB)

Conclusion:

When the size of the database reaches a threshold of hundreds of GB, PSON
can finish running in an acceptable period of time, achieving a good
performance in scale-up

Time (Hour)

9

Stk

[=)} ~
T T

1 1 1 1 1 1 1 1 1
50 100 150 200 250 300 350 400 450
Transaction Database Size (GB)

Time (Hour)

"¢ 'PSON can achieve a good performance in speed-up
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User

(1) send a job request
with its configuration

(7) show training
status or results

Client Node

client program

(2) submit a
training job

1"

(6)| return training status

cNeural

or results

Computing Node 1

— Training
Training Subset 1

Parameters

Master Node

Training Parameters

(weights etc.)

Computing Node 2

Training

_-  Training Subset 2

Parameters

K Storage

\

Computing Node n

— . Training
Training Subset n

Parameters

Cache W

Storage

Node 2 -

i Cache W
the inner
HBase
Storage
Node m -
Cache /
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