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Spark: Cluster Computing with Working Sets

Matei Zaharia, Mosharaf Chowdhury, Michael J. Franklin, Scott Shenker, lon Stoica
University of California, Berkeley

Abstract

MapReduce and its variants have been highly successful
in implementing large-scale data-intensive applications
on commadity clusters. However, most of these systems
are built around an acyclic data flow model that is not
suitable for other popular applications. This paper fo-
cuses on one such class of applications: those that reuse

MapReduce/Dryad job, each job must reload the data
from disk. i ing asigni ¥ penalty.
o Interactive analytics: Hadoop is often used to run
ad-hoc exploratory queries on large datasets, through
SQL interfaces such as Pig [21] and Hive [1]. Ideally,
a user would be able to load a dataset of interest into
memory across a number of machines and query it re-

a working set of data across multiple paralle] op
This includes many iterative machine leaming algorithms,
as well as interactive data analysis tools. We propose a
new framework called Spark that supports these applica-
tions while retaining the scalability and fault tolerance of
MapReduce. To achieve these goals, Spark introduces an

b ion called resil distributed datasets (RDDs).
An RDD is a read-only collection of objects partitioned
across a set of machines that can be rebuilt if a partition
is lost. Spark can outperform Hadoop by 10x in iterative
machine leaming jobs. and can be used 1o interactively
query a 39 GB dataset with sub-second response time.

Zaharia M,
Chowdhury M,
Franklin M J, et
al. Spark:

cluster
computing with
working sets[J].
HotCloud, 2010,
10: 10-10.

P dly. However, with Hadoop, each query incurs
significant latency (tens of seconds) because it runs as
a separate MapReduce job and reads data from disk.

This paper presents a new cluster computing frame-
work called Spark, which supports applications with
working sets while providing similar scalability and fault
tolerance properties to MapReduce.

The main abstraction in Spark is that of a resiliens dis-
tributed dataser (RDD), which represents a read-only col-
lection of objects partitioned across a set of machines that
can be rebuilt if a partition is lost. Users can explicitly
cache an RDD in memory across machines and reuse it

An Architecture for Fast and General Data Processing
on Large Clusters

Electrical Engingering and Computer Sciences
University of California at Berkeley

Technical Repori Mo UCHEECS-2014-12
wep:

February 3, 2014
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