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ABSTRACT
Spark has been increasingly adopted by industries in recent years
for big data analysis by providing a fault tolerant, scalable and easy-
to-use in memory abstraction. Moreover, the community has been
actively developing a rich ecosystem around Spark, making it even
more attractive. However, there is not yet a Spark specify bench-
mark existing in the literature to guide the development and cluster
deployment of Spark to better fit resource demands of user applica-
tions. In this paper, we present SPARKBENCH, a Spark specific
benchmarking suite, which includes a comprehensive set of ap-
plications. SPARKBENCH covers four main categories of applica-
tions, including machine learning, graph computation, SQL query
and streaming applications. We also characterize the resource con-
sumption, data flow and timing information of each application and
evaluate the performance impact of a key configuration parameter
to guide the design and optimization of Spark data analytic plat-
form.

General Terms
Performance; Evaluation.

Keywords
Cloud computing; In memory Data Analytics; Spark; Benchmark-
ing.

1. INTRODUCTION
The popularity of large-scale data processing frameworks, such

as MapReduce [10], Giraph [8], Spark [32], has grown rapidly in
recent years. This trend continues as the amount of data created by
web search engines, social networks, business web click streams,
and scientific research keep increasing at an unprecedented rate.
Among the various types of big data programming models, Spark
has attracted considerable attention because of the concept on Re-
silient Distributed Datasets (RDD). RDD is an easy-to-use, in-
memory abstraction of data sets. It allows programmers to easily
cache intermediate data into memory between computation tasks,
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eliminate significant amount of disk IOs and thus reduce data pro-
cessing time. Moreover, Spark community is actively building an
ecosystem on top of Spark by supporting various types of com-
putations [4]. For example, Spark currently supports four types
of commonly used workloads, including machine learning, graph
computation, SQL query and streaming applications.

While Spark has been evolving rapidly, the community lacks a
comprehensive benchmarking suite specifically tailored for Spark.
The purpose of such a suite is to help users to understand the trade-
off between different system designs, guide the configuration opti-
mization and cluster provisioning for Spark deployments. Existing
big data benchmarks [1–3, 5–7, 9, 12, 13, 15, 23, 25, 27, 28, 31] are
either designed for other frameworks such as Hadoop or Hive, or
are too general to provide enough insights on Spark workload char-
acteristics.

This paper aims to provide a Spark specific benchmarking suite
to help developers and researchers to evaluate and analyze the per-
formance of their systems and the optimization of workload config-
urations. To this end, we design SPARKBENCH by carefully choos-
ing a comprehensive and representative set of workloads that cover
different application types currently supported by Spark. Since var-
ious jobs can put pressure on different resources, a complete set of
typical workloads can stress all computing resources of the whole
cluster. That enables SPARKBENCH users to test extreme cases for
a provisioned system. To help researchers and developers under-
stand the Spark application behaviour and guide the Spark opti-
mization and cluster provisioning, we characterize all the applica-
tions in SPARKBENCH through extensive experiments on synthetic
data sets. We quantitatively analyze the workloads with respect to
the CPU, memory, disk and network IO consumption during job
execution, the data access patterns and task statistics. We then
identify and evaluate a critical Spark configuration parameter that
impacts the workload performance to help guide the Spark job pa-
rameter tuning.

Our main contributions are as follows:
• We propose SPARKBENCH, which covers a comprehensive

set of workloads for Spark including four types of represen-
tative applications on synthetic data sets.

• We identify the distinct features of each application in terms
of the resource consumption, the data flow and the com-
munication pattern that can impact job execution time. We
also explore the impact of a key Spark parameter, task paral-
lelism, on Spark performance.

The rest of the paper is organized as follows. In Section 2, we
discuss the difference between Spark and Hadoop and explain in
more detail why Spark is increasingly adopted by industry. Then,
Section 3 presents SPARKBENCH and describes the chosen work-
loads. We characterize all chosen workloads and summarize the



observed application characteristics in Section 4. In Section 5, we
evaluate the performance impact of a key Spark system parame-
ter. Finally, we differentiate related work from SPARKBENCH in
Section 6 and discuss the future plan of our work in Section 7.

2. BACKGROUND
Apache Spark [4, 32] is a new programming model for process-

ing big data which offers up to two orders of magnitude perfor-
mance increase compared to MapReduce Hadoop. The signifi-
cant performance increase comes from the way data is accessed
and moved during processing, making repeated accesses to the
same data much faster. Spark programming model is rapidly be-
ing adopted by many companies [22].

In Spark, there are four major differences from MapReduce
Hadoop. Firstly, Spark provides an easy-to-use memory abstrac-
tion implemented as various resilient distributed datasets (RDDs).
A RDD is a collection of objects partitioned across a set of ma-
chines that can be rebuilt if a partition is lost. RDDs allow pro-
grammers to store intermediate data into memory instead of storing
it into disks, and retrieving it from disks, as it is implemented in the
map and reduce processing phases of MapReduce. This approach
avoids significant portion of slow disk IOs that incur in MapReduce
framework. This is one of the fundamental reasons why Spark in
many cases outperforms Hadoop. Big data Sort Benchmark [23]
results comparing Spark and MapReduce demonstrated three times
performance advantage for Spark [30].

Secondly, Spark supports directed acyclic graph (DAG) schedul-
ing. In contrast to the simple programming model of map phase and
reduce phase in MapReduce framework, a Spark job usually con-
sists of multiple stages. That makes the resource provisioning of
Spark jobs much more difficult than provisioning for MapReduce
jobs. The stages within a Spark job can be scheduled simultane-
ously as long as they do not have any dependencies. Moreover,
each stage can exhibit different resource consumption characteris-
tics and more complicated shuffling patterns. In Spark, in addition
to all-to-all shuffle, other communication patterns are supported
such as union, group By Key, join with input co-partitioned, join
with input not co-partitioned etc.

Thirdly, allowing data residing in memory through RDDs makes
Spark more sensitive to the data locality compared with MapRe-
duce framework since accessing data from remote memory can be
10 times more expensive in Spark while accessing data from remote
disk can be 1− 3 times more expensive in Hadoop.

Finally, unlike MapReduce, Spark supports a wider range of ap-
plications, from graphs processing and machine-learning libraries,
enabling usage of one platform to meet data analytics needs in-
stead of using different platforms through out the data processing
process.

In this paper, we characterize the performance impact of the im-
portant system design factors of Spark on a representative set of
workloads. A significant momentum in adoption of Spark program-
ming model, and rapid development of new applications surface the
need for a new Spark-specific benchmark. The benchmark can help
both Spark developers and users to compare applications in a stan-
dardized application scenario.

3. THE SPARKBENCH BENCHMARKING
SUITE

In this section, we present the SPARKBENCH benchmarking
suite that incorporates a diverse set of applications to stress dif-
ferent cluster resources and the performance metrics reported by
SPARKBENCH which enable SPARKBENCH users to quantitatively

Application Type Workload
Machine Learning Logistic Regression

Support Vector Machine
Matrix Factorization

Graph Computation PageRank
SVD++
TriangleCount

SQL Queries Hive
RDDRelation

Streaming Application Twitter
PageView

Table 1: SPARKBENCH Workloads

compare between different Spark implementation, different cluster
environments or configurations. It comprehensively covers the rep-
resentative workloads currently supported by Spark. More specifi-
cally, as shown in Table 1, we classify the workloads into four cat-
egories including machine learning applications supported by ML-
Lib of Spark, graph computation applications supported by GraphX
of Spark, SQL applications supported by Hive on top of Spark as
well as Spark native SQL service, and streaming applications sup-
ported by DStream of Spark.

Machine Learning: We choose three workloads including lo-
gistic regression [18], support vector machines (SVMs) [18] and
matrix factorization (MF) [14]. They are widely used regression,
classification and recommendation algorithms for machine learning
applications. Logistic regression, as a machine learning classifier,
can be used to predict continuous or categorical data. For example,
it is used to predict whether a patient has a given cancer based on
measured characteristics such as various blood test, family disease
history, age and gender. The algorithm uses the stochastic gradient
descent to train the classification model. The input data set is kept
in the memory through RDD abstractions and the parameter vec-
tor is calculated, updated and broadcast in each iteration. SVMs
train models by constructing a set of hyperplanes in a high, or even
infinite, dimension space for classification. Compared with linear
and logistic classification, SVMs can implicitly map inputs into a
high dimensional feature space and efficiently conduct non-linear
classifications. MF, typically used by recommendation systems, is
a collaborative filtering technique that fills in the missing entries
of a user-item association matrix. MF in Spark currently supports
model based collaborative filtering and can be configured to use
either explicit or implicit feedback from users.

Graph Computation: PageRank [24], SVD++ [20] and Trian-
gleCount [19] are representative and popular graph computation
algorithms. The intensive resource consumption of these three
algorithms can also help explore Spark performance bottlenecks.
PageRank is the first algorithm used by Google web search engine
to rank pages by measuring the importance of website pages based
on the number and quality of links to a page. SVD++ is a collabo-
rative filtering model that takes both explicit and implicit feedback
by users into account and improves the quality of recommendation.
The algorithm updates bias terms and weight vectors of every edge
during each iteration. TriangleCount is a fundamental graph ana-
lytics algorithm that counts the number of triangles in a graph. It is
commonly used in complex real world graph applications, e.g. de-
tecting spam and unveiling the hidden thematic structures in graphs
of web pages and links. Due to the intensive computation load, it
can be used to exercise the system performance boundary. Both
machine learning and graph computation algorithms consist of var-
ious number of stages depending on the number of iterations each



Workload Input Shuffle R/W Stages/Tasks
Logistic Regression 51 G 0 G/0 G 10/4399
Support Vector Machine 48 G 34 G/32 G 17/7842
Matrix Factorization 275 G 83 G/92 G 865/39802
PageRank 5 G 17 G/20 G 13/5224
SVD++ 51 M 46 G/29 G 15/12000
TriangleCount 113 M 26 G/29 G 8/6400
Hive 7.5 G 10.2 G/11.3 G 12/9805
RDD Relation 7.5 G 2.0 G/2.0 G 12/9805
Twitter 0 4 M/4 M 3451/8109
PageView 0 78 M/86 M 475/22532

Table 2: Data Access Pattern of SparkBench Workloads

algorithm performs. Spark caches the data in RDDs to avoid disk
IOs. However, configuring the right memory size for RDDs is not
an easy task and the optimal values vary with applications.

SQL Engine: We have written two SQL query applications to
query the E-commerce data set [27] which includes two tables that
record orders and order-product information for an E-commerce
website. The two SQL query workloads uses Hive on Spark and
the Spark native SQL query support accordingly. We perform three
common actions that are widely used operations with SQL lan-
guage, namely select, aggregate and join [25]. More specifically,
we select orders that have sale price larger than a certain amount.
Then, we aggregate, count the number of orders that happened
within a certain duration, and join the two tables with the same
order ID to exercise the system performance of Spark in terms of
SQL query support.

Streaming Applications: Streaming is a major representative
use case that differs Spark from Hadoop framework. We choose
two streaming applications, Twitter popular tag and PageView.
Twitter popular tag retrieves data from the Twitter website through
a Twitter Java library, Twitter4j [26], and calculates the most pop-
ular tags every 60 seconds. PageView is a streaming application
that receives synthetically generated user clicks and counts various
statistics such as active user counts and the page view counts every
60 seconds.

In addition to the carefully chosen ten workloads, SPARKBENCH
defines a number of metrics facilitating users to compare between
various Spark optimizations, configurations and cluster provision-
ing options. SPARKBENCH currently reports job execution time
(seconds) measuring the job execution time of each workload, data
process rate (MB/second) defined as input data size divided by job
execution time. Job execution time is the most important perfor-
mance indicator of Spark system. Any Spark optimization should
lower down the average job execution time of Spark workloads in
order to claim performance improvement. Data process rate re-
flects the data processing capability of Spark system. In the future,
SPARKBENCH plans to report additional metrics such as the shuf-
fle data size, input / output data size, average resource consumption
enabling users to have in-depth understanding of workloads.

4. APPLICATION CHARACTERIZATION
In this section, we characterize the applications with respect to

the data access pattern, job execution time, and resource consump-
tion using SPARKBENCH. We conduct our experiments on a 11-
node VM cluster hosted on one of SoftLayer [17] data centers.
Each node on our 11-node cluster has 4 VCPU cores, 8G memory,
two locally attached 100G virtual disk, connected through 1Gbps
network. One node is configured to work as the master node and
the others work as slaves for both HDFS and Spark. One of the two
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Figure 1: Workload execution time. LogRes denotes logistic regres-
sion.
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Figure 2: The ratio of execution time of shuffle tasks to regular tasks.

virtual disks is only used by HDFS and the other is used for spark
local temporary files. Without mentioning explicitly, we configure
each slave node to have one executor, with each executor having
6 G memory and leaving other memory space for the OS caches
and data node of HDFS. Moreover, for the iterative machine learn-
ing and graph computation algorithms, we set the iteration limit to
three in order for the experiments to finish in a reasonable amount
of time without sacrificing the accuracy of application character-
ization. Except Hive and RDDRelation SQL query applications,
we generate the input data sets for chosen workloads using built-in
Spark data generator. We run each experiment for four times and
report the average value for job execution time of each workload.
Although we ran the experiments on a virtual machine cluster, we
observed that the variation of results such as job execution time was
usually within 5%.

Table 2 shows the data access patterns of all applications with
respect to the total size of input data, shuffle write and read data
and the number of stages and tasks. Note that the size of input data
counts for the amount of data read by all the stages from HDFS
thus it can be much larger than the size of the input data set of
each workload. Figure 1 illustrates the average execution time of
all workloads. We use synthetic data generator to control the size
of the input data sets and finish each workload within 2 to 15 min-
utes. The average spark workload execution time is 549 seconds
(9.1 minutes) across all the workloads.

Spark has two task types, namely the ShuffleMapTask and Re-
sultTask. ShuffleMapTasks are generated by Spark DAG sched-
uler whenever the shuffle dependencies between stages are de-
tected. Shuffle dependencies are established when operators such
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Figure 3: Resource Consumption of LogisticRegression.
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Figure 4: Resource Consumption of SVM.

19:35 19:40 19:45 19:50

  20

  40

  60

  80

CPU

  User   System   Wio

19:35 19:40 19:45 19:50

 2.0 G

 4.0 G

 6.0 G

 8.0 G

Mem

  Used   Cached   Swap

19:35 19:40 19:45 19:50
   0  

   5 M

  10 M

  15 M

  20 M

  25 M

Disk I/O

  Read   Write   ReadLocal

  WriteLocal

19:35 19:40 19:45 19:50
   0  

   5 M

  10 M

  15 M

  20 M

  25 M

  30 M

  35 M

  40 M

Network I/O

  Receive   Send

Figure 5: Resource Consumption of MatrixFactorization.

as repartition, combineByKey, GroupByKey are used. A shuffle
operation in Spark is expensive since it usually involves data par-
titioning, data serialization and deserialization, data compression
and disk IOs. Understanding the percentage of time the applica-
tions spend on shuffling helps to understand the application be-
haviour. ResultTask is similar to reduce task of the MapReduce
framework, but it does not perform any shuffling and only outputs
data to storage if there is any. Figure 2 shows the ratio of Shuf-
fleMapTasks to the ResultTasks in terms of the number of tasks
and the execution time. We observe that except logistic regres-
sion, all other workloads spend more than 50% of the total exe-
cution time for ShuffleMapTasks. Especially for MF, Hive, RD-
DRelation and PageView, nearly 100% of the tasks are MapShuf-
fleTasks. This is because the operations of selection, aggregation
and join of Hive and RDDRelation all incur the shuffle dependen-
cies between stages. MF spend 99% of execution time computing
user feature vectors by first joining products with out-links, gen-
erating messages to each destination user block, then grouping the
messages by destination and joining them with in-link information.
PageView summarizes and reports user statistics through “group-
ByKey” RDD operations thus producing 98% MapShuffleTasks.

Figure 3,4,5, 6,7, 8,9, 10, 11,12 illustrate the resource consump-
tion of each application in terms of CPU, memory, disk and net-
work IO utilization. For CPU resource consumption, we depict the
CPU utilization of Spark tasks, system processes and CPU usage
of waiting IOs (Wio). For memory utilization, we demonstrate the
memory usage of Spark tasks, OS buffer cache and page cache and
the memory size that has been swapped. Note that the disk IO in-
cludes the amount of data accesses to and from HDFS denoted by
“Read”, “Write” legends while the amount of disk IOs generated
by MapShuffleTasks are denoted by “ReadLocal” and “WriteLo-
cal” legends. We also record the send and receive network IO for
each slave node. All the number are calculated as the average of all
ten worker nodes.

As shown in Figure 3 and Table 2, logistic regression consists of
10 stages with 4399 tasks, inputs a total amount of 51 G data, and
shuffles 4 G read data and 0 G write data. It trains a classification
model for the input data set using stochastic gradient descent. This
job has an average of 63% CPU utilization and an average of 5.2G
memory usage. It also has a high disk IO utilization at the begin-
ning of the workload execution and relatively low network utiliza-
tion since only the parameter vectors are been shuffled during the
iteration.

SVM possesses 17 stages with 7842 tasks, reads 48G data from
HDFS, and incurs 34G shuffle reads and 32G shuffle writes. SVM
maintains a bimodal resource usage pattern , an average memory
utilization of 7.5 G during the execution and high Disk IOs at the
beginning and high network IO accesses at the end at the end of
execution.

Figure 5 depicts the resource usage of MF workload. MF con-
sists of 865 stages with a total of 39802 tasks. It reads 275 Gdata
from HDFS and shuffles a large amount of data (83 G shuffle read
and 92 G of shuffle write). The significant portion of shuffle IOs
can also be observed from the high disk and network IO utilization
of Figure 5. The memory usage stays at 2.7G during the job execu-
tion. The SPARKBENCH user can use this workload to exercise the
shuffle performance of Spark framework. Although, this workload
consumes high CPU memory and IO utilization, the utilization can
be further increased by increasing the parallelism of the tasks until
one of the resources is saturated.

PageRank incurs 5 G HDFS IOs, 17 G shuffle reads and 20 G
shuffle writes . It involves 13 stages with a total of 5224 tasks. It
also achieves an average of 30% CPU utilization despite that there
are some CPU peaks through out the job execution. While PageR-
ank demands fewer CPU and IO resources, it saturates the mem-
ory resource during the execution. The stable usage of memory is
because PageRank caches the vertices and edges in the memory,
serving as the input for each algorithm iteration.
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Figure 6: Resource Consumption of PageRank.
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Figure 7: Resource Consumption of SVDPlusPlus.
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Figure 8: Resource Consumption of TriangleCount.

As illustrated in Figure 7, SVD++ contains 15 stages with
12000 tasks, reads 51 M , shuffle reads 46 G and shuffle writes
29 G of data. IO utilization exhibits three peaks at run time while
the memory usage steadily and slowly increases.

TriangleCount includes 8 stages with 6400 tasks, reads 113 M
HDFS data, shuffle-reads 26 G and shuffle-writes 29 G data, as
listed in Table 2. TriangleCount has bursty resource consumption
behaviour. It reaches 100% CPU utilization in the beginning then
drops down later. Disk and network IOs show peaks in the middle
of workflow execution.

Hive and RDDRelation workloads have similar resource con-
sumption patterns. As show in Figure 9,10 and Table 2, both work-
loads comprise 12 stages with 9805 tasks and both consume 7.5 G
input data. They have 10.2 G, 2 G shuffle read and 11.3 G, 2 G
shuffle write data respectively. They hit nearly 100% utilization at
the end of job execution since this is a join operation of two data
tables. Spark computes the match of the two order IDs in the two
tables and counts the number of the joined entries. The selection
and aggregation operations use less CPU resources, but instead take
up all the available memory.

The two streaming applications demonstrate similar resource us-
age patterns in Figure 11,12 as well as Table 2. We run both work-
loads for around 10 minutes and collect the statistics. Note that the
two applications read zero data from HDFS since the Twitter work-
load retrieves input data through Twitter4J while the PageView
workload receives data from a PageView Generator. The number of
stages and tasks increases as the workloads keep running. However,
majority of the tasks are light weight consuming less resources than
other types of workloads. Except memory, both applications have
light CPU, Disk, Network IO consumption. The memory usage
is steadily increased at run time. Below are the differences be-
tween the two workloads. PageView consumes more memory as
the workload keeps running and there are some local disk IOs at
the beginning of job execution. Based on the resource consump-

tion graph, we can scale down the cluster without sacrificing the
performance because none of the resources is saturated.

Based on the above workload characterization, we derive some
interesting observations across all the workloads. Memory be-
comes a precious resource for Spark framework due to the exten-
sive use of the RDD in memory abstraction. It is also important for
Spark to optimize the shuffle operations since the majority of work-
loads spend more than 50% of execution time for ShuffleMapTasks.
Although the resource consumption and data access patterns of the
workloads can vary with respect to cluster setup and Spark platform
parameter configuration, program parameter configuration, the in-
put data content and data size, the provided characterization can
still be valuable in that it reflects the resource demand of a given
workload is usually stable and the exhibited resource consumption
can be inferred based on our provided profiles.

5. IMPACT OF PARAMETER CONFIGU-
RATION

We identify three key Spark system parameters that impacts the
application resource utilization and workload execution time. In
this section, we present the quantitative result of the impact of the
number of concurrently executed tasks on application performance.
We choose three applications, logistic regression, PageRank and
Hive from SPARKBENCH each belongs to a different application
type. We also plan to quantitatively study the impact of RDD cache
size, and the executor configurations in the near future.

We configure each VM to possess one executor, each with 6 G
memory, varying the number of allocated virtual CPU cores from
1 to 6. Since we only have 4 virtual CPU cores, assigning 6 virtual
CPU cores per executor means the CPU resources are over provi-
sioned and CPU intensive Spark workloads might compete CPU
resources. Controlling the assignment of number of virtual cores
enables us to control the number of concurrent tasks running si-
multaneously. Spark framework launches tasks whenever there are
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Figure 9: Resource Consumption of HiveSQL.
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Figure 10: Resource Consumption of RDDRelation.
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Figure 11: Resource Consumption of TwitterStreaming.
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Figure 12: Resource Consumption of PageViewStreaming.
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Figure 13: The impact of task parallelism on average job execution
time. Y-axis shows the speed-up normalized to the job execution time
with task parallelism of 1-vcore.

free virtual CPU cores and by default each task consumes one CPU
core. We ran this experiment for four times and report the average
results. Figure 13 illustrates the average job execution time under
different number of virtual CPU cores per executor. The job exe-
cution time decreases as the number of virtual CPU cores increases
up to 4 cores since Spark can be able to launch more tasks con-

currently. We also observe a corresponding rise on resource con-
sumption as the number of concurrent tasks increases. However,
over-committing CPU resources might not necessarily lead to per-
formance improvement. When the CPU is a bottleneck resources,
over-committing CPU actually lead to performance degradation.

6. RELATED WORK
Developing benchmarks for big data frameworks plays an impor-

tant role in understanding the system performance, validating de-
sign choices, and optimizing parameter configurations [5–7,15,25].
The work on benchmarks can be classified into two categories:
framework specific benchmarks and multiple-framework bench-
marks that include workloads for various frameworks. Framework
specific benchmarks refer to benchmarks that are tailored to a par-
ticular framework and investigates the characterization of typical
applications using this framework.

SparkBench belongs to the first category. Other Hadoop spe-
cific benchmarks, which also belong to first category, include Hi-
Bench [15], GridMix [5], PigMix [6], Hive performance bench-
marks [25], LinkBench [7] etc. These benchmarks cannot be used
directly on Spark without any modifications. On the other hand,
SPARKBENCH provides a diverse and representative set of Spark
workloads that help guide the optimization and deployment of
Spark.



Multiple-framework benchmarks usually provide one to multi-
ple workloads that can run on different software stacks. Listed
below are some typical benchmarks, including Gray sort , cloud
sort, terabyte sort etc [23], BigDataBench [27, 28], AMP Lab Big
Data Benchmark [3], CloudSuite [12], YCSB [9], BigBench [13].
While these benchmarks aim to provide comparisons between dif-
ferent data analytic frameworks SPARKBENCH targets to deliver
in-depth insights of Spark performance implications.

7. DISCUSSION AND FUTURE WORK
In this paper, we present SPARKBENCH, a Spark specific bench-

marking suite that comprises diverse types of workloads using syn-
thetic data sets. We then characterize all the workloads to shed
lights on various application behaviours running on Spark. We ob-
serve that memory becomes a precious resource due to the use of
RDD abstraction. In addition, all chosen machine learning work-
loads have intensive resource demand for CPU. While resource de-
mand of graph computation workloads varies, the streaming ap-
plications have relatively light resource demand. In addition, we
study the impact of a key configuration parameter, the parallelism
of workloads, on application performance. Our evaluation shows
that while increasing task parallelism to fully leverage CPU re-
sources can reduce the job execution time, over-committing CPU
resources can lead to CPU contention and adversely impact the ex-
ecution time. We have open sourced SPARKBENCH, which is pub-
licly available [21].

We are currently working on characterizing SPARKBENCH ap-
plications using real world data sets such as Wikipedia data set [29]
and Facebook social graph [11]. Although synthetic data sets in
some extend help to understand the resource demand of each appli-
cation, they might not accurately reflect the actual resource demand
and usage patterns in real world. The workload characteristics can
vary with input data set content. Using real world data sets allows
SPARKBENCH to provide more useful and meaningful evaluation
results since the veracity of 4V properties of big data [16] is being
preserved.

Moreover, we plan to use SPARKBENCH workloads to study
more performance related Spark configuration parameters. For
example, we plan to quantitatively study how different memory
sizes used by RDDs impact performance of workloads by changing
“memoryFaction” ratio and how different executor configurations
impact performance by changing resource configuration of Spark
executors.
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