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Data everywhere

A Opportunities
Real-time access to content
Richer context from users and hyperlinks
Abundant training examples
NBrfibeceo met hods may

A Challenges
ADirtiero data
Efficient algorithms
Scalability (with reasonable cost)
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This tutorial

A Is not about cloud computing
A But about large scale data processing

Data + Algorithms
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Tutorial overview

A Part 1 (Spiros): Basic concepts & tools
MapReduce & distributed storage
Hadoop / HBase / Pig / Cascading / Hive

A Part 2 (Jimeng): Algorithms
Clustering (canopy, k-means)
Classification (k-NN, nafe Bayes)

Graph algorithms

A Part 3 (Rong): Applications
Text processing
Data warehousing
Machine learning
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Outline

A Introduction
A MapReduce & distributed storage

A Hadoop
HBase
Pig
Cascading
Hive

A Summary
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What Is MapReduce?

Aprogramminn mndal?
AMapReduceo (this tal

A EXecuti¢ Distributed computation — +
distributed storage +

scheduling / fault tolerance .
A Software\pHCKage 4

| t 6s al |l of those things, depe
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Example I Programming model

| txt mapper
employees.Ix def gétName (line):
TR o $90.000 return | i nel\ts@)I[ilt]( O
Brown David $70,000 _
Johnson George  $95,000 def addCounts (hist, name):
Yates John $80,000 histiname] = \
Miller Bill $65,000 hist.get(hame,default=0) + 1
Moore Jack $85,000 hi
Taylor Fred $75,000 return hist
Smith David $80,000
Harris John $90,000 input = open(6empl oyees.
intermediate = map(getName, input )
7 result = reduce(@ddCounts, \
intermediate  , {})
Q: AnWhat is the frequency

of each first name?o
10



Example I Programming model

employees.txt

Smith John $90,000
Brown David $70,000
Johnson George  $95,000
Yates John $80,000
Miller Bill $65,000
Moore Jack $85,000
Taylor Fred $75,000
Smith David $80,000
Harris John

$90,000

4

Q: AWhat i1 s the
r st

of each fi
11

mapper
def getName (line):

return (1l inelts@)I[ilt](,0
def addCounts (hist, (name, c)):

histiname] = \

hist.get(name,default=0) + ¢

return hist

input = open(o6empl oyees.

intermediate = map(getName, input )
result \\ = reduce(addCounts, \
intermediate  , {})

Key-value iterators
name?o
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Example T Programming model
Sneak-peek: Hadoop

typedeée

firsthname . set (value.toStri ngd))][.1s
output.collect( firstname , ONBE;

]}))I;i t (i

non - boilerplate
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Example T Programming model
Sneak-peek: Hadoop

(Iong s=0;
while (vals.hasNext())
s += vals.next().get();
sum.set(s);
_output.collect(key, sum);

13
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Example T Programming model
Sneak-peek: Hadoop

~ 30 lines = 25 boilerplate (Eclipse) + 5 actual code
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MapReduce for é

‘ Distributed clusters

Googl eds original
Hadoop (Apache Software Foundation)

15
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Recap

Quick-n-dirty script < Hadoop

~5 lines of (non-boilerplate) code

Single machine, Up to thousands of
local drive machines and drives

What is hidden to achieve this:

A Data partitioning, placement and replication
A Computation placement (and replication)

A Number of nodes (mappers / reducers)

As a progr amme rneedytmkoowd on 6t

what | 6m about to show you ne
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Execution model: Flow

Input file | Key/value
Smith John $90,000 John 1 l l iterators
SPLIT O ]
7 Output file
SPLIT1 ] PART O
Yates John $80,000
SFLII 2 0 PART 1
SPLIT 3 N

—Sort -merge

All-to -all, hash partitioning

—Sequential scan
17
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Execution model: Placement

HOST 1
- ~ HOST 2
("

SPLITO || SPLIT 4 )
SPLIT 2
MAPPER :

MAPPER HOST 3
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Computation co-located with data (as much as possible)

SPLIT 3




Execution model: Placement

HOST 1
- HOST 2
SPLITO || SPLIT4 || (] )
SPLIT3 || SPLIT2
MAPPER <
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- \ - SPLITO SPLIT2 || SPLIT1
SPLITO || SPLIT1 J

J

el 7 MAPPER
MAPPER e
S SPLIT 4
SPLIT 3
g
S I 4

J
o HOST 5

HOST 6 HOST 4
( N\ J
— @

L 7
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Rack/network -aware
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MapReduce Summary

A Simple programming model
A Scalable, fault-tolerant
A ldeal for (pre-)processing large volumes of

estrcon o iWh s
Instruction MapRedtree IS the st
I nstruction of the ndata clercter

20
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Outline

A Introduction
A MapReduce & distributed storage

A Hadoop
HBase
Pig
Cascading
Hive

A Summary
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Hadoop




Who uses Hadoop?

A Yahoo!
—acebook
_ast.fm
Rackspace

DIgQ

T > I

T

A Apache Nutch

Aeé more I n part 3
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Hadoop










