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DADO NAO ESTRUTURADO
(TEXTO)

-~

ba

-

peixe baleia tartaruga

~

leia baleia baleia

tartaruga peixe polvo l
polvo tartaruga polvo

polvo polvo polvo polvo
tartaruga tartaruga

W,

UNIVERSIDADE FEDERAL DO PARANA

SEPARAR LINHAS
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MapReduce

MapReduce € um modelo de
programacao para simplificar o
processamento de dados distribuidos.
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Abstract

MapReduce is a programming model and an associ-
ated implementation for processing and generating large
data sets. Users specify a map function that processes a
key/value pair to generate a set of intermediate key/value
pairs, and a reduce function that merges all intermediate
values & d with the same i diate key. Many
real world tasks are expressible in this model, as shown
inthe paper.

given day, etc. Most such computations are conceptu-
ally straightforward. However, the input data is usually
large and the computations have to be distributed across
hundreds or thousands of machines in order to finish in
arcasonable amount of time. The issues of how to par-
allelize the computation, distribute the data, and handle
failures conspire to obscure the original simple compu-
tation with large amounts of complex code to deal with
these issues.

As a reaction to this complexity, we designed a new

Programs written in this fi 1 style are

cally parallelized and executed on a large cluster of com-
modity machines. The run-time system takes care of the
details of partitioning the input data, scheduling the pro-
gram's execution across a set of machines, handling ma-
chine failures, and ing the required int: hi
communication. This allows programmers without any
experience with parallel and distributed systems to eas-
ily utilize the resources of a large distributed system.

Our implementation of MapReduce runs on a large
cluster of commodity machines and is highly scalable:
a typical MapReduce comp ion p many ter-
abytes of data on thousands of machines. Programmers
find the system casy to use: hundreds of MapReduce pro-
grams have been implemented and upwards of one thou-
sand MapReduce jobs are executed on Google's clusters
every day.

1 Introduction

Over the past five years, the authors and many others at

H

that allows us %o express the simpk computa-
tions we were trying o perform but hides the messy de-
tails of parallelization, fault-tolerance, data distribution
and load balancing in a library. Our abstraction is in-
spired by the map and reduce primitives present in Lisp
and many other functional languages. We realized that
most of our computations involved applying a map op-
eration to each logical “record” in our input in order to
compute a set of intermediake key/value pairs, and then
applying a reduce operation to all the values that shared
the same key, in order to combine the derived data ap-
propriately. Our use of a functional model with user-
specified map and reduce operations allows us to paral-
kelize large computations casily and to use re-execution
as the primary mechanism for fault tolerance.

The major contributions of this work are a simple and
powerful interface that enables automatic parallelization
and distribution of large-scale computations, combined
with an implementation of this interface that achieves
high performance on large clusters of commodity PCs.

Section 2 describes the basic programming model and
gives several examples. Section 3 describes an imple-

Google have impl dh ds of special-pury

computations that process large amounts of raw data,
such as crawled documents, web request logs, etc., to
compute various kinds of derived data, such as inverted
indices, various representations of the graph structure
of web documents, summaries of the number of pages
crawled per host, the set of most frequent queries in a

To appear in OSDI 2004 |

of the MapReduce interface tailored towards

our cluster-based computing environment. Section 4 de-
scribes several refinements of the programming model
that we have found useful. Section 5 has performance
of our impl ion for a variety of

tasks. Section 6 explores the use of MapReduce within
Google including our experiences in using it as the basis




MapReduce

MapReduce € um modelo de
rogramacao para simplificar o
roces

Esconde problemas

de distribuicao da
computacao

POS ENGENHARIA INDUSTRIAL 4.0

UNIVERSIDADE FEDERAL DO PARANA

amento de dados distkibuidos.

Baseado em 2

primitivas Map
(varredura) e Reduce

ge Clusters

(ou agrupamento)

Abstract

MapReduce is a programming model and an associ-
ated implementation for processing and generating large
data sets. Users specify a map function that processes a
key/value pair to generate a set of intermediate key/value
pairs, and a reduce function that merges all intermediate
values associated with the same intermediate key. Many
real world tasks are expressible in this model, as shown
inthe paper.

Programs written in this functional style are automati-
cally parallelized and executed on a large cluster of com-
modity machines. The run-time system takes care of the
details of partitioning the input data, scheduling the pro-
gram’s execution across a set of machines, handling ma-
chine failures, and managing the required inter-machine
communication. This allows programmers without any
experience with parallel and distributed systems to cas-
ily utilize the resources of a large distributed system.
Our_implementation of MapReduce runs on a large
odity machines and is highly scalable:
Reduce computation processes many ter-
jon thousands of machines. Programmers
casy to use: hundreds of MapReduce pro-
nimplemented and upwards of one thou-
ce jobs are executed on Google's clusters

Permite escalar o
processamento para
milhares de nodos

tion

e years, the authors and many others at
plemented hundreds of special-purpose
at process large amounts of raw data,
d documents, web request logs, ete., to
SOTAp Mous kinds of derived data, such as inverted
indices, various representations of the graph structure
of web documents, summaries of the number of pages
crawled per host, the set of most frequent queries in a
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given day, ctc. Most such computations are conceptu-
ally straightforward. However, the input data is usually
large and the computations have to be distributed across
hundreds or thousands of machines in order to finish in
arcasonable amount of time. The issues of how to par-
allelize the computation, distribute the data, and handle
failures conspire to obscure the original simple compu-
tation with large amounts of complex code to deal with
these issues.

As a reaction to this complexity, we designed a new
abstraction that allows us o express the simple computa-
tions we were trying o perform but hides the messy de-
tails of parallelization, fault-tolerance, data distribution
and load balancing in a library. Our abstraction is in-
spired by the map and reduce primitives present in Lisp
and many other functional languages. We realized that
most of our computations involved applying a map op-
eration to each logical “record” in our input in order to
compute a set of intermediake key/value pairs, and then
applying a reduce operation to all the values that shared
the same key, in order to combine the derived data ap-
proprigtely. Our use of a functional model with user-
specified map and reduce operations allows us to paral-
klize large computations easily and to use re-execution
as the primary mechanism for fault tolerance.

The major contributions of this work are a simple and
powerful interface that enables automatic parallelization
and distribution of large-scale computations, combined
with an implementation of this interface that achieves
high performance on large clusters of commodity PCs.

Section 2 describes the basic programming model and
gives several examples. Section 3 describes an imple-
mentation of the MapReduce interface tailored towards
our cluster-based computing environment. Section 4 de-
scribes several refinements of the programming model
that we have found useful. Section 5 has performance

of our impl for a variety of
tasks. Section 6 explores the use of MapReduce within
Google including our experiences in using it as the basis
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C\qster Hadoop_ na Yahoo
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https://wiki.apache.org/hadoop/PoweredBy#Y

Visao geral do MapReduce

- Recebe entrada de dados (geralmente grande)
- Map: extrai “algo” linha por linha

- Embaralha e ordena

- Reduce: agrega, sumariza, filtra

- Escreve o resultado
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MapReduce (Job)

OUTPUT
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MapReduce: Conta palavras completo

INPUT SPLIT MAP SHUFFLE REDUCE RESULTADO
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MapReduce: Conta palavras completo

public static class TokenizerMapper
extends Mapper<Object, Text, Text, IntWritable>{

peixe, 1
baleia, 1 . . . o )
tartaruga, 1 private final static IntWritable

balein. 3 private Text word = new Text();

tartaruga, 1 public void map(Object key, Text value,
peixe, 1

polvo, 1 ) throws I10Exception,
StringlTokenizer itr = new String

tartaruga, 1
polvo, 2

polvo, 4

tartaruga, 2
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MapReduce: Conta palavras completo

REDUCE RESULTADO

public static class IntSumRed
extends Reducer<Text,

peixe,2
baleia, 4 baleia,5
tartaruga,5
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MapReduce: mecanismo de execucao
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... fTunciona mesmo com falhas!!
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JobTracker

NameNode

DataNode + TT DataNode + TT

DataNode + TT 4 DataNode + TT

DataNode + TT DataNode + TT 4
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MapReduce: mecanismo de execucao

DataNode + TT DataNode + TT DataNode + TT

Local File System Local File System Local File System

HDFSE‘ -=- | -=

FONTE: EXPRESSMAGAZINE.NET




MapReduce: mecanismo de execucao

aNode + TT

peixe, 1
baleia, 1

cal File System
tartaruga, 1

BLOCO HDFS FONTE: EXPRESSMAGAZINE.NET
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MapReduce: mecanismo de execucao

DataNode + TT DataNode + TT DataNode + TT

Local File System Local File System
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MapReduce: mecanismo de execucao

DataNode + TT DataNode + TT
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MapReduce: mecanismo de execucao
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Qual linguagem programar em MR?

JAVA-LIKE SQL-LIKE

SELECT
T2.UF, AVG(T1.IDADE)

FROM T1 JOIN T2 ON (T1.1D =T2.ID)
GROUP BY T2.UF;
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SQL-on-Hadoop

INPUT SPLIT MAP SHUFFLE  REDUCE ~ RESULTADO

“““““ peixe —>,->
r \ aleia
peixe baleia —p halaia
tartaruga

balei

a
baleia
\_ J

SELECT
T2.UF, AVG(T1.IDADE)

FROM 11 JOIN T2 ON (T1.1D =T2.ID)
GROUP BY T2.UF;

} Spaik’ SQL Big sar

cloudera
IMPALA

UNIVERSIDADE FEDERAL DO PARANA



(

IVE
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Y= MAP
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SQL-on-Hadoop

R

Y= MAP

"
I = renuce
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SELECT T1.IDADE
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SQL-on-Hadoop

SELECT T1.IDADE

TION T, T2

= MAP

3= reouce
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SQL-on-Hadoop 174 %;

SELECT T1.IDADE

JOIN T, 12
UPB

Y= MAP

"
8- reouce




Varias linguagens sao tambem
ofertadas:

- Python
PR PR

- Scala o R e ;
HORTONWORKS  cice s, SPGIK
- Java Jroe
am T
- C webservices™ ! !-_' .’;'
- PIG Latin B
] Big SQL )
= cloudera
IMPALA
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