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ABSTRACT
The proliferation of big data processing platforms has led to radically different system designs, such as MapReduce and the newer
Spark. Understanding the workloads of such systems facilitates tuning and could foster new designs. However, whereas MapReduce
workloads have been characterized extensively, relatively little public knowledge exists about the characteristics of Spark workloads in
representative environments. To address this problem, in this work
we collect and analyze a 6-month Spark workload from a major
provider of big data processing services, Databricks. Our analysis
focuses on a number of key features, such as the long-term trends
of reads and modifications, the statistical properties of reads, and
the popularity of clusters and of file formats. Overall, we present
numerous findings that could form the basis of new systems studies
and designs. Our quantitative evidence and its analysis suggest
the existence of daily and weekly load imbalances, of heavy-tailed
and bursty behaviour, of the relative rarity of modifications, and of
proliferation of big data specific formats.
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INTRODUCTION

Big data is at the core of many different applications relevant to
our society, for example, in healthcare [19] [22], finance [24], and
gaming [7]. To address more diverse and sophisticated uses of big
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data, system designers are creating radically different systems designs. For example, Spark [27] emerged at the beginning of the
2010s, as a response to changes in the needs previously addressed
by MapReduce [8] and related systems in the 2000s. Understanding
the workload of Spark-based ecosystems is important not only for
computer systems research, but also for ecosystem tuning, for exploring new system designs [26], for tuning techniques [12], and for
taking business operations decisions [14]. However, relevant Spark
workloads are difficult to find, and so far relatively little is known
about them outside the companies deploying such ecosystems. To
address this problem, in this work we collect and characterize a
detailed trace of Spark running in a prominent deployment, at
Databricks.
The difference between designs is significant, even radical. For
example, Spark addresses the current need of many users to run
their big data workloads on-demand, by building an ecosystem
that runs commonly in small clusters of virtual machines (VMs),
provisioned from clouds, and attached to remote object storage
systems. In contrast, the MapReduce and GFS [10] ecosystem champions statically deployed [11], tightly coupled physical clusters,
with integrated storage.
The radical change in system designs is not arbitrary. Until the
mid-2000s, large organizations alone could afford to operate large
compute clusters containing tens of thousands of computers, shared
between the multiple organizational units; small- and medium-scale
organizations could not access easily such resources. Through the
advent of cloud computing, individual organizational units in both
large and small organizations can lease resources on-demand from
a cloud provider. Cloud computing has reduced the barrier to computation by enabling many to access significant compute resources
for only a short period of time, at accessible cost. After overcoming
initial performance-related [16] and technical challenges, cloud
computing resources are now used in many fields, including for big
data processing [15].
For big data processing, the use of clouds introduces many new
parts, in contrast to traditional data processing. A key difference
resulting from the transition between self-hosting and cloud computing infrastructure is the architecture used for persistent storage,
where data gets stored and from which it is retrieved. In the cloud, a
common storage medium for large amounts of data is the object store
provided by the cloud vendor. Examples of storage sub-systems operating as object stores and available in the cloud include Amazon

