
Large-scale Data Mining: 

MapReduce and beyond
Part 1: Basics

Spiros Papadimitriou, IBM Research

Jimeng Sun, IBM Research

Rong Yan, Facebook



2

Data everywhere

ÂFlickr (3 billion photos) 

ÂYouTube (83M videos, 15 hrs/min)

ÂWeb (10B videos watched / mo.)

ÂDigital photos (500 billion / year)

ÂAll broadcast (70,000TB / year)

ÂYahoo! Webmap (3 trillion links, 

300TB compressed, 5PB disk)

ÂHuman genome (2-30TB uncomp.)

So what ??

more is:

different! 

more is:

more é
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Data everywhere

ÂOpportunities

ÃReal-time access to content

ÃRicher context from users and hyperlinks 

ÃAbundant training examples

ÃñBrute-forceò methods may suffice

ÂChallenges

ÃñDirtierò data

ÃEfficient algorithms

ÃScalability (with reasonable cost)
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ñThe Google Wayò

ñAll models are wrong, but some are usefulò   

ïGeorge Box

ñAll models are wrong, and increasingly you 

can succeed without them.ò ïPeter Norvig

ÂGoogle PageRank

ÂShotgun gene sequencing

ÂLanguage translation

Âé

Chris Anderson, Wired (July 2008)
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Getting over the marketing hypeé

Cloud Computing

= 

Internet 

+

Commoditization/

standardization óItôs what I and many others have worked towards our entire 
careers.  Itôs just happening now .ô

ïEric Schmidt
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This tutorial

Â Is not about cloud computing

ÂBut about large scale data processing

Data + Algorithms
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Tutorial overview

Â Part 1 (Spiros): Basic concepts & tools

ÃMapReduce & distributed storage

ÃHadoop / HBase / Pig / Cascading / Hive

Â Part 2 (Jimeng): Algorithms

ÃClustering (canopy, k-means)

ÃClassification (k-NN, naïve Bayes)

ÃGraph algorithms

Â Part 3 (Rong): Applications

ÃText processing

ÃData warehousing

ÃMachine learning
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Outline

Â Introduction

ÂMapReduce & distributed storage

ÂHadoop

ÃHBase

ÃPig

ÃCascading

ÃHive

ÂSummary
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What is MapReduce?

ÂProgramming model?

ÂExecution environment?

ÂSoftware package?

Itôs all of those things, depending who you aské

ñMapReduceò (this talk)
==

Distributed computation + 
distributed storage + 

scheduling / fault tolerance
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Example ïProgramming model

# LAST FIRST SALARY

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

... ... ...

... ... ...

employees.txt

Q: ñWhat is the frequency 
of each first name?ò

mapper

reducer

def getName (line):

return  line.split(ó\ tô)[1]

def addCounts (hist,  name):

hist[name] = \

hist.get(name,default=0) + 1

return hist

input = open(óemployees.txtô, órô)

intermediate = map(getName, input )

result = reduce(addCounts, \

intermediate , {})
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def getName (line):

return (line.split(ó\ tô)[1], 1)

def addCounts (hist, (name, c)):

hist[name] = \

hist.get(name,default=0) + c

return hist

input = open(óemployees.txtô, órô)

intermediate = map(getName, input )

result = reduce(addCounts, \

intermediate , {})

Example ïProgramming model

# LAST FIRST SALARY

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

... ... ...

... ... ...

employees.txt

Q: ñWhat is the frequency 
of each first name?ò

mapper

reducer

Key-value iterators
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public class HistogramJob extends Configured implements Tool {

public static class FieldMapper extends MapReduceBase

implements Mapper<LongWritable,Text,Text,LongWritable> {

private static LongWritable ONE = new LongWritable(1);

private static Text firstname = new Text();

@Override

public void map (LongWritable key, Text value,

OutputCollector<Text,LongWritable> out, Reporter r) {

firstname .set(value.toString().split(ñ\ t ò)[1]);

output.collect( firstname , ONE);

}

} // class FieldMapper

Example ïProgramming model
Sneak-peek: Hadoop

non -boilerplate

typedé
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Example ïProgramming model
Sneak-peek: Hadoop

public static class LongSumReducer extends MapReduceBase

implements Mapper<LongWritable,Text,Text,LongWritable> {

private static LongWritable sum = new LongWritable();

@Override

public void reduce (Text key, Iterator<LongWritable> vals,

OutputCollector<Text,LongWritable> out, Reporter r) {

long s = 0;

while (vals.hasNext())

s += vals.next().get();

sum.set(s);

output.collect(key, sum);

}

} // class LongSumReducer



14

Example ïProgramming model
Sneak-peek: Hadoop

public int run (String[] args) throws Exception {

JobConf job = new JobConf(getConf(), HistogramJob.class);

job.setJobName(ñHistogramò);

job.setInputPath(args[0]);

job.setMapperClass(FieldMapper. class );

job.setCombinerClass(LongSumReducer. class );

job.setReducerClass(LongSumReducer. class );

JobClient. runJob (job);

return 0;

} // run()

public static main (String[] args) throws Exception {

ToolRunner. run (new Configuration(), new HistogramJob(), args);

} // main()

} // class HistogramJob

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

ÂDistributed clusters

ÃGoogleôs original

ÃHadoop (Apache Software Foundation)

ÂHardware

ÃSMP/CMP: Phoenix (Stanford)

ÃCell BE

ÂOther

ÃSkynet (in Ruby/DRB)

ÃQtConcurrent

ÃBashReduce

Ãémany more
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Recap

What is hidden to achieve this:

ÂData partitioning, placement and replication

ÂComputation placement (and replication)

ÂNumber of nodes (mappers / reducers)

Âé

Quick-n-dirty script Hadoop

~5 lines of (non-boilerplate) code

Single machine, 

local drive

Up to thousands of 

machines and drives

vs

As a programmer, you donôt need to know 
what Iôm about to show you nexté
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Execution model: Flow

SPLIT 0

SPLIT 1

SPLIT 2

SPLIT 3

MAPPER

REDUCER

MAPPER

MAPPER
REDUCER

PART 0

PART 1

MAPPER

Sequential scan

Key/value 
iterators

All - to -all, hash partitioning 

Sort -merge

Smith John $90,000

Yates John $80,000
John   1

John   1

John   2

Input file

Output file
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Execution model: Placement

HOST 0

SPLIT 0
Replica 1/3

MAPPER

SPLIT 1
Replica 2/3

SPLIT 3
Replica 2/3

HOST 1

SPLIT 0
Replica 2/3

SPLIT 4
Replica 1/3

SPLIT 3
Replica 1/3

HOST 2

SPLIT 3
Replica 3/3

MAPPER

SPLIT 2
Replica 2/3

SPLIT 0
Replica 3/3

HOST 3

SPLIT 2
Replica 3/3

MAPPER

SPLIT 1
Replica 1/3

SPLIT 4
Replica 2/3

MAPPER

HOST 4

HOST 5

HOST 6

Computation co- located with data (as much as possible)
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Execution model: Placement

HOST 0

SPLIT 0
Replica 1/3

MAPPER

SPLIT 1
Replica 2/3

SPLIT 3
Replica 2/3

HOST 1

SPLIT 0
Replica 2/3

SPLIT 4
Replica 1/3

SPLIT 3
Replica 1/3

HOST 2

SPLIT 3
Replica 3/3

MAPPER

SPLIT 2
Replica 2/3

SPLIT 0
Replica 3/3

HOST 3

SPLIT 2
Replica 3/3

MAPPER

SPLIT 1
Replica 1/3

SPLIT 4
Replica 2/3

MAPPER

HOST 4

HOST 5

HOST 6

REDUCER

Rack/network -aware

C

C

C

C

C COMBINER
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MapReduce Summary

ÂSimple programming model

ÂScalable, fault-tolerant

Â Ideal for (pre-)processing large volumes of 

dataóHowever, if the data center is the computer, it leads to the even 
more intriguing question ñWhat is the equivalent of the ADD 
instruction for a data center?ò [é] If MapReduce is the first 
instruction of the ñdata center computerò, I canôt wait to 
see the rest of the instruction set, as well as the data center 
programming language, the data center operating system, the 
data center storage systems, and more.ô

ïDavid Patterson, ñThe Data Center Is The Computer ò, 
CACM, Jan. 2008
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Outline

Â Introduction

ÂMapReduce & distributed storage

ÂHadoop

ÃHBase

ÃPig

ÃCascading

ÃHive

ÂSummary
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Hadoop

HBase

MapReduce

Core Avro

HDFS
Zoo

Keeper

HivePig Chukwa

Hadoopôs stated mission (Doug Cutting interview):

Commoditize infrastructure for web -scale,
data - intensive applications
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Who uses Hadoop?

ÂYahoo!

ÂFacebook

ÂLast.fm

ÂRackspace

ÂDigg

ÂApache Nutch

Âé more in part 3
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MapReduce

Avro

HDFS

Hadoop

HBase

Core

Zoo

Keeper

HivePig Chukwa

Filesystems and I/O:

Â Abstraction APIs

Â RPC / Persistence
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Core

Zoo

Keeper
MapReduce HDFS

Hadoop

HBase HivePig Chukwa

Cross-language serialization:

Â RPC / persistence

Â ~ Google ProtoBuf / FB Thrift

Avro
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HBase HivePig

Core

Zoo

Keeper
HDFS

Hadoop

Chukwa

Distributed execution (batch)

Â Programming model

Â Scalability / fault-tolerance

Avro

MapReduce




