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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 associated with the same intermediate key. Many
real world tasks are expressible in this model, as shown
in the 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
a reasonable 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
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i Google Al Blog

The latest news from Google Al

Somng PetabyTes with MapReduce - The Next Episode

Wednes eptember 7,2011 Qs hog
i, Marian Dvor erry Zhao, and Michael Conl
@ Labels -
Almost three years ago we announced res! f the etasort’ (sorting a petabyte-worth
of 100-byte records, following the Sort Benchrr ru}es) I( completed in just over six hours on B Achive
4000 computers. Recently we repeated the experiment using 8000 computers. The execution time
was 33 minutes, an order of magnitude improvement.
Feed
Our sorting code is based on MapReduce, which is a key framework for running multiple processes
simultaneously at Google. Thousands of applications, supporting most services offered by
Google, have been expressed in MapReduce. While not many MapReduce applications operate at a W Follow @googleai
petabyte scale, some do. Their scale is likely to continue growing quickly. The need to help such
applications scale motivated us to experiment with data sets larger than one petabyte. In
particular, sorting a ten petabyte input set took 6 hours and 27 minutes to complete on 8000 Give us feedback in our Produ
computers. We are not aware of any other sorting experiment successfully completed at this Forum
scale.

We are excited by these results. While internal improvements to the MapReduce framework
contributed significantly, a large part of the credit goes to numerous advances in Google's
hardware, cluster management system, and storage stack.

What would it take to scale MapReduce by further orders of magnitude and make processing of
such large data sets efficient and easy? One way to find out is to join Google’s systems
infrastructure team. If you have a passion for distributed computing, are an expert or plan to

become one, and feel excited about the challenges of exascale then definitely consider applying for
a soft gineering position with Google.

A <« >
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