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Abstract

Big Data frameworks have received tremendous attention from the industry and
from academic research over the past decade. The advent of distributed computing
frameworks such as Hadoop MapReduce and Spark are powerful frameworks that
offer an efficient solution for analysing large-scale datasets running under the Hadoop
cluster. Spark has been established as one of the most popular large-scale data
processing engines because of its speed, low latency in-memory computation, and
advanced analytics.

Spark computational performance heavily depends on the selection of suitable pa-
rameters, and the configuration of these parameters is a challenging task. Although
Spark has default parameters and can deploy applications without much effort, a
significant drawback of default parameter selection is that it is not always the best
for cluster performance. A major limitation for Spark performance prediction using
existing models is that it requires either large input data or system configuration
that is time-consuming. Therefore, an analytical model could be a better solution
for performance prediction and for establishing appropriate job configurations.

This thesis proposes two distinct parallelisation models for performance predic-
tion: the 2D-Plate model and the Fully-Connected Node model. Both models were
constructed based on serial boundaries for a certain arrangement of executors and
size of the data. In order to evaluate the cluster performance, various HiBench
workloads were used, and workload’s empirical data were fitted with the models for
performance prediction analysis. The developed models were benchmarked with the
existing models such as Amdahl’s, Gustafson, ERNEST, and machine learning. Our
experimental results show that the two proposed models can quickly and accurately
predict performance in terms of runtime, and they can outperform the accuracy of
machine learning models when extrapolating predictions.
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Chapter 1

The content of this chapter presents the thesis introduction, and chapter
overview in association with objectives, thesis questions, research scope, list

of publications based on contributions.

1.1 Introduction

In the 21st century, data science has attracted tremendous attention in the in-
dustry and academic areas [1]. It has been an attractive multidisciplinary re-
search area associated with every domain such as Computer Science, Mathe-
matics, Engineering, Biology, Statistics, Medicine, Transport, Manufacturing
etc [2]. With the rapid growth of digital technology, massive amounts of data
are generated from every sector: social media platform, smartphone, online
shopping, industrial processes, scientific experiments, health care records,
sensory, business transactions and many more. Usually, the collection of this
data is extensive in volume. In principle, this large volume of data is called
big data. It is called big data, but there is no proper definition. There are
several big data definitions and terminology that have been proposed by the
literature. Among these, a popular terminology is “big data problem”. Many
researchers, data scientists, and experts have defined four main characteris-
tics that are referred to as 4V’s or dimensions: Volume, Variety, Veracity,

and Velocity [3].

Due to the explosion of big data, it has been a challenging task to store

the data in a single machine and analyse them efficiently. Therefore, big



data requires a system with large storage, fast processing, quick decision
making, better analytic, and optimisation ability. Distributing computing is
a promising paradigm that is capable of solving these problems. Big data
frameworks are developed based on distributed computing concepts, which
plays a vital role in large-scale data processing. Apache Hadoop [4] and
Apache Spark [5] are popular platforms to handle large data sets. Over the
years, Apache Hadoop has become a popular data processing framework for
all data sizes. Apache Hadoop consists of two core components: Hadoop
Distributed File System (HDFS) and the MapReduce programming model.
HDFS is used for data storage and MapReduce [6] to process the Map and

Reduce function.

Recently, Apache Spark was launched, which offers numerous advantages
for developers to build big data applications that support fast and quick data
processing. The Resilient Distributed Datasets (RDD) and Directed Acyclic
Graph (DAG) techniques work jointly and accelerate Spark much more faster
than Hadoop (MapReduce) under certain circumstances. As a unified engine
of big data analytics, Apache Spark [5] provides high scalability and fault
tolerance with its unique memory engine. In Apache Spark, there are more
than 150 configurable parameters. Default values are assigned to each pa-
rameter. The default values, however, are not always suitable settings for
individual workloads. Spark is a relatively new data processing framework,
hence, essential research gaps remain. In particular, the system runtime per-
formance improvement is based on various HiBench workloads [7]. A typical

Hadoop eco-system works with Spark and HDFS as shown in Figure 1.

Researchers have proposed various Spark performance prediction tech-



niques namely; trial-and-error [8], black-box [9], cost-based [10], and machine
learning models [11] [12]. All these techniques have identical limitations; for
example, they are time consuming or require large amounts of training data.
This study found that a number of existing limitations can be overcome
by developing a simple and generic analytical models utilizing the existing
parallel computing methods. An efficient analytical model can significantly
reduce the prediction time and required data. Investigation into the liter-
ature suggests that new models based on communication patterns that are

similar to Amdahl’s, Gustafson and others could be created for significant

improvements.
Storage Sources Input Data
Spark
Streaming
Resource
Allocation
Sequence s
File Loae -———
HDFS |, Spark R, ____ | YARN
Avro Output Data
T A
1 1
. 1
Parquet ; | B
1 =4 o =y
I___ »/ MapReduce| __ _,
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Figure 1: A typical Hadoop eco-system works with Spark and HDFS [13].



1.2 Objectives

The main goal of this research is to develop a generic tuning model to predict
Spark runtime performance based on HiBench workloads. The objectives of

this research are as follows:

1. To identify and explore the most important parameters of Hadoop and

Spark frameworks by configuring jobs with different parameter settings.

2. To investigate the Trial-and-Error tuning technique for better tuning

efficiency of Hadoop and Spark benchmarks.

3. To develop and design generic models to predict Spark runtime perfor-

mance quickly and accurately.

4. To compare the feasibility and the accuracy of the new models with

the existing analytical and machine learning regression models.

1.3 Research Questions

Prediction of cluster performance is a complex and tedious work. Spark
framework runtime performance was analysed in detail. From the study,
it was observed that performance predictions are either time-consuming or
require large amounts of training data. In this context the following questions

were answered:

1. How does a large number of parameters affect the system performance

and what are the ideal parameters for individual workloads?



2. How quickly system administrators, architects, and data engineers can
tune the possible system parameters, considering the number of execu-

tors and data sizes, for any Spark job running on Hadoop cluster?

3. What parallelisation model for a Hadoop cluster can be found and im-
plemented quickly and efficiently to improve the performance prediction

of a job?

4. How can the practitioners predict system performance can be achieved
by running a few jobs, short runtimes, limited empirical data, and be

able to predict the runtime of longer untested data set sizes?

1.4 Scope of the Research

The main scope of this research is to develop a general tuning model to
help the administrators, users, operators, and researchers with the Spark
framework to predict the overall system performance. This research is based
on HiBench workloads, and thus the implementation of this work is suitable
not only for Hadoop based clusters but also other clusters. The scope of this

research has been limited to:

e The cluster size is composed of nine slave nodes and one master node.

e Constrained to only using HiBench workloads and considered parame-

ters from resource utilization, input splits, and shuffling categories.

e The experimental input data is generated randomly and the maximum

data size is limited to 600GB.



e Employing the number of executors and the data size parameters for
the function of the models and compared with analytical and machine

learning models.

e The regression machine learning models were considered for the com-
parison with analytical models due to the small sample size (limited

number of experiments for one workload).

1.5 List of Publications based on Contributions

This thesis makes 5 contributions based on publications in peer reviewed

journals and conference:

e N. Ahmed, Andre L.C. Barczak, Mohammed A. Rashid and Teo Susn-
jak, “Runtime Prediction of Big Data Jobs: Performance Comparison

of Machine Learning Algorithms and Analytical Models”, Journal of
Big Data 9, 67, SpringerLink, Q1 , SJR. I.LF.: 1.025, 2022.

e N. Ahmed, Andre L.C. Barczak, Mohammed A. Rashid and Teo Sus-
njak, “An Enhanced Parallelization Model for Performance Prediction
of Apache Spark on a Multinode Hadoop Cluster”, 5(4), pp. 1-25,
Journal of Big Data and Cognitive Computing, MDPI, Q1, SJR. L.F.:
0.551, 2021.

e N. Ahmed, Andre L.C. Barczak, Mohammed A. Rashid and Teo Sus-

njak, “A Parallelization Model for Performance Characterization of



Spark Big Data Jobs on Hadoop Clusters”, vol 8, pp. 1-28, Journal of
Big Data, SpringerLink, Q1, SJR. I.F.: 1.025, 2021.

e N. Ahmed, Andre L.C. Barczak, Teo Susnjak, and Mohammed A.
Rashid, “A Comprehensive Performance Analysis of Apache Hadoop
and Apache Spark for Large Scale Data Sets Using HiBench” Journal
of Big Data, SpringerLink (DOI: 10.21203/rs.3.rs 43526/v1, SJR. L.F.
1.025, Q1, 2020.

e N. Ahmed, Andre L.C. Barczak, Sibghat Ullah Bazai, Teo Susnjak, and
Mohammed A. Rashid, “Performance Analysis of Multi Node Hadoop
Cluster based on Large Data Sets” The 7th IEEE CSDE 2020, The
Asia Pacific Conference on Computer Science and Data Engineering
(CSDE, IEEE ), DOI: 10.1109/CSDE50874.2020.9411587, December
2020, Gold Coast, Australia.

1.6 Thesis Overview

Since the current state of the literature shows the significant research gap
relating to the Spark performance prediction, this thesis will explore how
quickly and efficiently Spark performance prediction can be achieved. In this
study, the distinct parallelisation models were developed for performance
prediction of Spark jobs on the Hadoop cluster. Each model is based on a
different communication pattern between the nodes of a Hadoop cluster. In-
deed, the proposed models significantly help researchers, cluster users, oper-

ators, and system administrators in their research and cluster infrastructures



development. This research contains some interesting, comprehensive com-
parative performance studies between Apache Hadoop and Apache Spark,
which is a significant gap in the literature. An effective model was developed
that can explain various HiBench jobs’ performance patterns as a function
of the number of executors. This model was implemented as a black-box
approach, i.e., without knowing the internal workings of communication be-
tween the executors or the I/O involved in running the jobs (via HDFS).
Models were further developed based on two main parameters, the number
of executors and the amount of data for each job. The models are based on a
different communication pattern between the nodes of a Hadoop cluster. The
performance accuracy of the model’s were compared with several analytical

and machine learning models and analysed their efficiency.

Chapter 1 presents the introductory topics of the thesis covering objectives,
thesis questions, research scope, list of publications based on contributions.
Chapter 2 demonstrates and accomplishes a comprehensive empirical perfor-
mance analysis between Apache Hadoop and Apache Spark frameworks by
correlating system resources. Both system performances were explored by
utilising large scale datasets (600 GB). A novel model based on the black-
box approach was proposed and presented the HiBench jobs’ performance in
Chapter 3. Chapter 4 proposed two distinct models based on different com-
munication patterns between the nodes and the Hadoop cluster, which extend
the first model in Chapter 3. Chapter 5 investigates the proposed model per-
formance with various analytical and machine learning models. Appendix 1
reports the extension work of comprehensive empirical performance analysis

between Apache Hadoop and Apache Spark frameworks. In this thesis, there



is no traditional literature review. Every chapter and the appendix presents
a peer reviewed research publication, which has self-contained literature re-

view. Next, a brief summary of each chapter is presented.

1.7 Chapter Overview and Contributions

Chapter 1 of this thesis presents thesis introduction, objectives, research

questions, research scope, and a list of publications based on contributions.

Chapter 2 presents comprehensive performance analysis between Apache
Hadoop and Apache Spark for large scale datasets (600 GB). The experi-
ment was performed on a 9 node Hadoop cluster. Both system performance
is evaluated based on HiBench workloads such as WordCount and Terasort.
In this investigation, the well-known approach called trial-and-error is taken
into account for parameter configuration. In response to the parameters’ con-
sideration, this study considered various combinations and their correlation
which includes resource utilisation, split size, and shuffle behaviour. Experi-
ment confirmed that both system performance heavily depends on input data
size and selection of right parameters. Trial-and-error approach found that
Apache Spark process data faster than Apache Hadoop when input data size
is smaller. In special cases, Apache Hadoop can processes large data sets
faster than Apache Spark. Insight from this study indicates that Spark is
more stable and faster than Hadoop because of Spark data processing ability
in memory instead of stored in disk. Primarily, this extensive study guides us
to choose the best data processing framework for further investigation. The

findings of this study were published as a peer reviewed journal (Journal



of Big Data, SpringerLink) article included in Chapter 1, and a conference
paper included in Appendix 1.

Chapter 3 reports the development of a new parallelisation model (2D-
Plate) for quick prediction of Spark jobs. The model was constructed to find
a pattern for the parallelisable and non-parallelisable portions of a generic
job. The proposed model mitigate various issues that have been addressed in
the literature. This model offers excellent accuracy for various types of Hi-
Bench workloads. The proposed 2D-Plate model acts as a black-box approach
without knowing any specific communication pattern between the executors
and input/output involvement running through HDFS. It has demonstrated
the limitations of the 2D-Plate model concerning executors and data size.
The limitations were solved in Chapter 3. This work was published in a

peer-reviewed journal (Journal of Big Data, SpringerLink).

In Chapter 4 two distinct models (2D-plate model and Fully-Connected
Node Model) were proposed; where each models are based on a different
communication pattern between cluster nodes. In this development, the
previous model is extended and introduced new parallelisation models that
simultaneously consider the executors and input data size. These model
do not require large experimental data like machine learning. These models
significantly reduce overall cluster configuration time. These models are more
accurate than existing analytical and machine learning models and they solve
the limitation of performance prediction of Spark job on the Hadoop cluster.
This work was published in Journal of Big Data and Cognitive Computing,
MDPI.

10



Chapter 5 investigates the prediction accuracy between the proposed mod-
els with other well-known analytical and machine learning models. Machine
learning models usually require either large training data or have poor data
fitting accuracy while the proposed models successfully overcome those lim-
itations especially for extrapolated data. To the best of the author’s knowl-
edge this is the first reported performance comparison work with minimum
experimental input data where models are effective and accurately predict
the system performance. In this analysis, various methods such as interpo-
lation, extrapolation, and k-fold cross-validation were used for the model’s
accuracy validation. This work was published in a peer-reviewed journal

(Journal of Big Data, SpringerLink).
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Massey University, Albany, become an essential tool for the industry. Th_e advent_of distributed computing frame-
Auckland 0745, New Zealand works such as Hadoop and Spark o erse cient solutions to analyze vast amounts of
Fulllist of author information data. Due to the application programming interface (API) availability and its perfor-

is available at the end of the

article mance, Spark becomes very popular, even more popular than the MapReduce frame-

work. Both these frameworks have more than 150 parameters, and the combination

of these parameters has a massive impact on cluster performance. The default system
parameters help the system administrator deploy their system applications without
much e ort, and they can measure their specific cluster performance with factory-

set parameters. However, an open question remains: can new parameter selection
improve cluster performance for large datasets? In this regard, this study investigates
the most impacting parameters, under resource utilization, input splits, and shu e,

to compare the performance between Hadoop and Spark, using an implemented
cluster in our laboratory. We used a trial-and-error approach for tuning these param-
eters based on a large number of experiments. In order to evaluate the frameworks of
comparative analysis, we select two workloads: WordCount and TeraSort. The perfor-
mance metrics are carried out based on three criteria: execution time, throughput, and
speedup. Our experimental results revealed that both system performances heavily
depends on input data size and correct parameter selection. The analysis of the results
shows that Spark has better performance as compared to Hadoop when data sets are
small, achieving up to two times speedup in WordCount workloads and up to 14 times
in TeraSort workloads when default parameter values are reconfigured.

Keywords: HiBench, BigData, Hadoop, MapReduce, Benchmark, Spark

Introduction

Hadoop [1] has become a very popular platform in the IT industry and academia
for its ability to handle large amounts of data, along with extensive processing and
analysis facilities. Di erent users produce these large datasets, and most of data are
unstructured, increasing the requirements for memory and 1/0O. Besides, the advent
of many new applications and technologies brought much larger volumes of com-
plex data, including social media, e.g., Facebook, Twitter, YouTube, online shopping,

. © The Author(s) 2020. This article is licensed under a Creative Commons Attribution 4.0 International License, which permits use, sharing,
@ Sprlnger O pen adaptation, distribution and reproduction in any medium or format, as long as you give appropriate credit to the original author(s) and
— the source, provide a link to the Creative Commons licence, and indicate if changes were made. The images or other third party material
in this article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the material. If material
is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or exceeds the
permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://creativeco

mmons.org/licenses/by/4.0/.
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machine data, system data, and browsing history [2].  is massive amount of digital
data becomes a challenging task for the management to store, process, and analyze.

e conventional database management tools are unable to handle this type of data
[3]. Big data technologies, tools, and procedures allowed organizations to capture,
process speedily, and analyze large quantities of data and extract appropriate infor-
mation at a reasonable cost.

Several solutions are available to handle this problems [4]. Distributed computing
is one possible solution considered as the most e cient and fault-tolerant method for
companies to store and process massive amounts of data. Among this new group of
tools, MapReduce and Spark are the most commonly used cluster computing tools.

ey provide users with various functions using simple application programming
interfaces (API). MapReduce is a framework used for distributed computing used for
parallel processing and designed purposely to write, read, and process bulky amounts
of data [1, 5, 6].  is data processing framework is comprised of three stages: Map
phase, Shu e phase and Reduce phase. In this technique, the large files are divided
into several small blocks of equal sizes and distributed across the cluster for storage.
MapReduce and Hadoop distributed file systems (HDFS) are core parts of the Hadoop
system, so computing and storage work together across all nodes that compose a clus-
ter of computers [7].

Apache Spark is an open-source cluster-computing framework [8]. It is designed
based on the Hadoop and its purpose is to build a programing model that “fits a wider
class of applications than MapReduce while maintaining the automatic fault toler-
ance” [9]. It is not only an alternative to the Hadoop framework but it also provides
various functions to process real streaming data. Apart from the map and reduce
functions, Spark also supports MLib1, GraphX, and Spark streaming for big data
analysis. Hadoop MapReduce processing speed is slow because it requires access-
ing disks for reads and writes. On the other hand, Spark uses memory to store data
reducing the read/write cycle [1]. In this paper, we have addressed the above men-
tioned critical challenges. According to our knowledge, none of the previous works
have addressed those challenges. Our proposed work will help the system administra-
tors and researchers to understand the system behavior when processing large scale
data sets. e main contributions of this paper are as follows:

e We introduced a comprehensive empirical performance analysis between MapRe-
duce and Spark frameworks by correlating resource utilization, splits size, and
shu e behavior parameters. As per our knowledge, few previous studies have
presented information regarding that. Considering this point, the authors have
focused on a comprehensive study about various parameters impact with large
data set instead of a large number of workloads.

e We accomplished comprehensive comparison work between Hadoop and Spark
where large scale datasets (600 GB) are used for the first time. e experiments
present the various aspects of cluster performance overhead. We applied two
Hibenchmark workloads to test the e ciency of the system under MapReduce
and Spark, where the data sets are repeatedly changing.
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« We selected several parameters covering di erent aspects of system behavior. Multi-
ple parameters are used to tune job performance. e results of the analysis will facil-
itate job performance tuning and enhance the freedom to modify the ideal param-
eters to enhance job e ciency.

* We measured the scalability of the experiment by repeating the experiment three
times, getting the average execution time for each job. Besides, we investigate the
system execution time, maximum sustainable throughput and speedup.

« We used a real cluster capable of handling large scale data set (600 GB) with bench-
marking tools for a comprehensive evaluation of MapReduce and Spark.

e remainder of the paper is organized as follows: “Related work” section presents a
critical review of related research works, and then describes Hadoop and Spark systems.

e di erence between Hadoop and Spark is explained in “Di erence between Hadoop
and Spark” section. e experimental setup is presented in “Experimental setup” sec-
tion. In*“ e parameters of interest and tuning approach” section, we explain the chosen
parameters and tuning approach. “Results and discussion” section presents the perfor-
mance analysis of the results and finally, we conclude in “Conclusion” section.

Related work

Shi et al. [10] proposed two profiling tools to quantify the performance of the MapRe-
duce and Spark framework based on a micro-benchmark experiment. e comparative
study between these frameworks are conducted with batch and iterative jobs. In their
work, the authors consider three components: shu e, executive model, and caching.

e workloads, Wordcount, k-means, Sort, Linear Regression, and PageRank, are cho-
sen to evaluate the system behavior based on CPU bound, disk-bound, and network
bound [11]. ey disabled map and reduce function for all workloads apart of a Sort. For
the Sort, the reduce task is configured up to 60 map tasks, and the reduce task conFig-
ured to 120. e map output bu er is allocated to 550 MB to avoid additional spills for
sorting the map output. Spark intermediate data are stored in 8 disks where each worker
is configured with four threads. e authors claim that Spark is faster than MapReduce
when WordCount runs with di erent data sets (1 GB, 40 GB, and 200 GB). e TeraSort
is used by sort-by-key() function. ey have found that Spark is faster than MapReduce
when the data set is smaller (1 GB), but Mapreduce is nearly two times faster than Spark
when the data set is of bigger sizes (40 GB or 100 GB). Besides, Spark is one and a half
times faster than MapReduce with machine learning workloads such as K-means and
Linear Regression. It is claimed that in a subsequent iteration, Spark is five times faster
than MapReduce due to the RDD caching and Spark-GraphX is four times faster than
MapReduce.

Li et al. [12] proposed a spark benchmarking suite [13], which significantly enhances
the optimization of workload configuration.  is work has identified the distinct fea-
tures of each benchmark application regarding resource consumption, the data flow,
and the communication pattern that can impact the job execution time. e applica-
tions are characterized based on extensive experiments using synthetic data sets.  ere
are ten di erent workloads such as Logistic Regression, Support Vector Machine, Matrix
Factorization, Page Rank, Tringle Count, SVD++, Hive, RDD Relation, Twitter, and
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PageView used with di erent input data sizes. An eleven nodes virtual cluster is used
to analyze the performance of the workloads. e workload analysis is carried out con-
cerning CPU utilization, memory, disk, and network input/output consumption at the
time of job execution. ey have found that most of the workloads spend more than 50%
execution time for MapShu e-Tasks except logistic regression. ey concluded that the
job execution time could be reduced while increasing task parallelism to leverage the
CPU utilization fully.

iruvathukal et al. [14] have considered the importance and implication of the lan-
guage such as Python and Scala built on the Java Virtual Machine (JVM) to investigate
how the individual language a ects the systems’ overall performance. is work pro-
posed a comprehensive benchmarking test for Massage Passing Interface (MPI) and
cloud-based application considering typical parallel analysis. e proposed benchmark
techniques are designed to emulate a typical image analysis.  erefore, they presented
one mid-size (Argonne Leadership Computing Facility) cluster with 126 nodes, which
run on COOLEY [14] and a large scale supercomputer (Cray XC40 supercomputer)
cluster with a single node which runs on THETA [14]. Significantly, they have increased
some important Spark parameters (Spark driver memory, and executor memory) val-
ues as per the machine resource. ey have recommended that COOLEY and THETA
frameworks are be beneficial for immediate research work and high-performance com-
puting (HPC) environments.

Marcue et al. [15] present the comparative analysis between Spark and Flink frame-
works for large scale data analysis.  is work proposed a new methodology for itera-
tive workloads (K-Means, and Page Rank) and batch processing workloads (WordCount,
Grep, and TeraSort) benchmarking. ey considered four most important parameters
that impact scalability, resource consumption, and execution time. Grid 5000 [16] has
used upto 100 nodes cluster deploying Spark and Flink. ey have recommended that
Spark parameter (i.e., parallelism and partitions) configuration is sensitive and depends
on data sets, while the Flink is highly extensive memory oriented.

Samadi et al. [7] has investigated the criteria of the performance comparison between
Hadoop and Spark framework. In his work, for an impartial comparison, the input data
size and configuration remained the same.  eir experiment used eight benchmarks of
the HiBench suite [13]. e input data was generated automatically for every case and
size, and the computation was performed several times to find out the execution time
and throughput. When they deployed microbenchmark (Short and TeraSort) on both
systems, Spark showed higher involvement of processor in 1/0s while Hadoop mostly
processed user tasks. On the other hand, Spark’s performance was excellent when deal-
ing with small input sizes, such as micro and web search (Page Rank). Finally, they con-
cluded that Spark is faster and very strong for processing data in-memory while Hadoop
MapReduce performs maps and reduces function in the disk.

In another paper, Samadi et al. [9] proposed a virtual machine based on Hadoop and
Spark to get the benefit of virtualization. is virtual machine’s main advantage is that
it can perform all operations even if the hardware fails. In this deployment, they have
used Centos operating system built a Hadoop cluster based on a pseudo-distribution
mode with various workloads. In their experiments, they have deployed the Hadoop
machine on a single workstation and all other demos on its JVM. To justify the big data

17



Ahmed et al. J Big Data (2020) 7:110 Page 5 of 18

framework, they have presented the results of Hadoop deployment on Amazon Elastic
Computing (EC2). ey have concluded that Hadoop is a better choice because Spark
requires more memory resources than Hadoop. Finally, they have suggested that the
cluster configuration is essential to reduce job execution time, and the cluster parameter
configuration must align with Mappers and Reducers.

e computational frameworks, namely Apache Hadoop and Apache Spark, were
investigated by [17]. In this investigation, the Apache webserver log file was taken into
consideration to evaluate the two frameworks’ comparative performance. In these
experiments, they have used Okeanos’s virtualized computing resources based on infra-
structures as a Service (laaS) developed by the Greek Research and Technology Network
[17]. ey proposed a number of applications and conducted several experiments to
determine each application’s execution time. ey have used various input files and the
slave nodes to find out the execution time. ey have found that the execution time is
proportional to the input data size. ey have concluded that the performance of Spark
is much better in most cases as compared to Hadoop.

Satish and Rohan [18] have shown a comparative performance study between Hadoop
MapReduce and Spark-based on the K-means algorithm. In this study, they have used
a specific data set that supports this algorithm and considered both single and double
nodes when gathering each experiment’s execution time. ey have concluded that the
Spark speed reaches up to three times higher than the MapReduce, though Spark perfor-
mance heavily depends on su cient memory size [19].

Lin et al. [20] have proposed a unified cloud platform, including batch processing abil-
ity over standalone log analysis tools. is investigation has considered four di erent
frameworks: Hadoop, Spark, and warehouse data analysis tools Hive and Shark. ey
implemented two machine learning algorithms (K-means and PageRank) based on this
framework with six nodes to validate the cloud platform. ey have used di erent data
sizes as inputs. In the case of K-means, as the data size increased and exceed memory
size, the latency schedule and overall Spark performance degraded. However, the over-
all performance was still six times higher than Hadoop on average. On the other hand,
Shark shows significant performance improvement while using queries directly from
disk.

Petridis et al. [21] have investigated the most important Spark parameters shown in
Table 4 and given a guideline to the developers and system administrators to select the
correct parameter values by replacing the default parameter values based on trial-and-
error methodology.  ree types of case studies with di erent categories such as Shu e
Behavior, Compression and Serialization, and Memory Management parameters were
performed in this study. ey have highlighted the impact of memory allocation and
serialization when the number of cores and default parallelism values change.  ere-
fore, there are 12 parameters chosen with three benchmarking applications: sort-by-key,
shu ing, and k-means. e sort-by-key experiments used both 1 million and 1 billion
key-values of lengths 10 and 90 bytes and the optimal degree of partition is set to 640.

e Hash performance is increased to 127 s, which is 30 s faster than the default param-
eter, and shu efile.bu erisincreased by 140 s. e rest of the parameters do not play
any important role in improving the performance. For another Shu ing experiment,
they used a 400 GB dataset. e Hash shu e performance is degraded by 200 s, and
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Tungsten-Sort speed is increased by 90 s. By decreasing the bu er size from 32 to 15 KB,
the system performance was degraded by about 135s, which is more than 10% from
the primary selection. For K-means, they used two sizes of data input (100 MB and 200
MB). ey have not found significant k-means performance improvement by changing
the parameters.  erefore, they have concluded that based on their methodology, the
speedup achievement is tenfold. However, the main challenges of tuning Hadoop and
Spark configuration parameters are due to the complicated behavior of distributed large
scale systems while the parameter selection is not always trivial for the system admin-
istrators. Inappropriate combination of parameter values can a ect the overall system
performance. Inappropriate combination of parameter values can a ect the overall sys-
tem performance.

e published literature in Table 1 presents some empirical studies. None of these
studies have considered larger data sizes (600 GB), more parameters, and real clusters.
In our study, we chose a conventional trial-and-error approach [21], larger data set, and
18 important parameters (listed in Tables 3 and 4) from resource utilization, input splits,
and shu e category.

Di erence between Hadoop and Spark

Hadoop [22] is a very popular and useful open-source software framework that ena-
bles distributed storage, including the capability of storing a large amount of big data-
sets across clusters. It is designed in such a way that it can scale up from a single server
to thousands of nodes. Hadoop processes large data concurrently and produces fast

Table 1 Published related work

Author’s Date Workloads Data size Parameters Hardware
Lin et al. [20] 2013 K-means PageRank 10,000 to 20 mil Log analysis Nodes—6, 2 CPU
points cores 4 GB memory
1 mil to 10 mil per node
points Nodes—4, 16 CPU
cores 48 GB memory
per node
Satish and Rohan 2015 K-means 62-1240 MB Default Virtual machine
[18] Nodes—2, 4 GB RAM
and 500 GB (HD)
Yasir Samadi etal. [7] 2016 Micro Benchmarks 18-328 MB 3 Virtual machine Disk
Web Search SQL 5000 to 12 * 10e4 (SDD)—40 GB
Machine Learning pages
Petridis et al. [21] 2017 K-meansshu ing 400 GB 12 Barcelona supercom-
and sort-by-Key puting center
Mavridis et al. [17] 2017 Spark SQLand Spark 1.1GB,15 GBand  Loganalysis Virtual machine—6
Hive 11 GB Memory—8 GB

Master node—S8 cores
Salve node—4 cores

Yasir Samadi etal. [9] 2018 MicroBenchmarks 1 GB,5GBand8GB 3 Virtual machine
Web Search SQL Disk(SDD)—40 GB
Machine Learning
Proposed experi- 2020 WordCount and 50-600 GB 18 SNCC, Production
ments TeraSort Cluster

CPU cores—380

Total Storage—60 TB
Master node—1

Slaves nodes—9
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results. With Hadoop, the core parts are Hadoop Distributed File System (HDFS) and
MapReduce.

HDFS [23] splits the files into small pieces into blocks and saves them into di erent
nodes. ere are two kinds of nodes on HDFS: data-nodes (worker) and name-nodes
(master nodes) [24, 25]. All the operations, including delete, read, and write, are based
on these two types of nodes. e workflow of HDFS is like the following flow: firstly, the
name-node asks for access permission. If accepted, it will turn the file name into a list
of HDFS block IDs, including the files and the data-nodes that saved the blocks related
to that file. e ID list will then be sent back to the client, and the users can do further
operations based on that.

MapReduce [26] is a computing framework that includes two operations: Mappers and
Reducers. e mappers will process files based on the map function and transfer them
into the new key-value pairs [27]. Next, the new key-value pairs are assigned to di er-
ent partitions and sorted based on their keys. e combiner is optional and can be rec-
ognized as a local reduces operation which allows counting the values with the same
key in advance to reduce the 1/O pressure. Finally, partitions will divide the intermediate
key-value pairs into di erent pieces and transfer them to a reducer. MapReduce needs
to implement one operation: shu e. Shu e means transferring the mapper output data
to the proper reducer. After the shu e process is finished, the reducer starts some copy
threads (Fetcher) and obtains the output files of the map task through HTTP [28]. e
next step is merging the output into di erent final files, which are then recognized as
reducer input data. After that, the reducer processes the data based on the reduced
function and writes the output back to the HDFS. Figure 1 depicts a Hadoop MapRe-
duce architecture.

Spark became an open-source project from 2010. Zahari has developed this project at
UC Berkely’s AMPLab in 2009 [4, 29]. Spark o ers numerous advantages for developers
to build big data applications. Spark proposed two important terms: Resilient Distrib-
uted Datasets (RDD) and Directed Acyclic Graph (DAG). ese two techniques work
together perfectly and accelerate Spark up to tens of times faster than Hadoop under
certain circumstances, even though it usually only achieves a performance two to three
times more quickly than MapReduce. It supports multiple sources that have a fault tol-
erance mechanism that can be cached and supports parallel operations. Besides, it can
represent a single dataset with multiple partitions. When Spark runs on the Hadoop
cluster, RDDs will be created on the HDFS in many formats supported by Hadoop, like-
wise text and sequence files. e DAG scheduler [30] system expresses the dependencies
of RDDs. Each spark job will create a DAG and the scheduler will drive the graph into
the di erent stages of tasks then the tasks will be launched to the cluster. e DAG will
be created in both maps and reduce stages to express the dependencies fully. Figure 2
illustrates the iterative operation on RDD.  eoretically, limited Spark memory causes
the performance to slow down.

Experimental setup

Cluster architecture

In the last couple of years, many proposals came from di erent research groups
about the suitability of Hadoop and Spark frameworks when various types of data
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of di erent sizes are used as input in di erent clusters. erefore, it becomes nec-
essary to study the performance of the frameworks and understand the influence of
various parameters. For the experiments, we will present our cluster performance
based on MapReduce and Spark using the HiBench suite [23, 23]. In particular, we
have selected two Hibench workloads out of thirteen standard workloads to repre-
sent the two types of jobs, namely WordCount (aggregation job) [32], and TeraSort
(shu e job) [33] with large datasets. We selected both the workloads because of their
complex characteristics to study how e ciently both the workloads analyze the clus-
ter performance by correlating MapReduce and Spark function with a combination of
groups of parameters.
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Table 2 Experimental Hadoop cluster
Server configuration Processor 29 GHz
Main Memory 64 GB
Local Storage 10TB
Node configuration CPU Intel(R) Xeon(R) CPU
E3-1231v3 @ 340GHz
Main Memory 32GB
Number of Nodes 10
Local Storage 6 TB each, 60 TB total
CPU cores 8 each, 80 total
Software Operating System Ubuntu 16.04.2
(GNU/Linux
4.13.0-37-genericx 86
64)
JDK 170
Hadoop 240
Spark 210
Workload Micro Benchmarks WordCount, and TeraSort

Hardware and software speci cation

e experiments were deployed in our own cluster. e cluster is configured with 1
master and 9 slaves nodes which is presented in Fig. 3. e cluster has 80 CPU cores
and 60 TB local storage. e implemented hardware is suitable for handling various
di cult situations in Spark and MapReduce.

e detailed Hadoop cluster and software specifications are presented in Table 2.

All our jobs run in Spark and MapReduce. We have selected Yarn as a resource man-
ager, which can help us monitor each working node’s situation and track the details
of each job with its history. We have used Apache Ambari to monitor and profile
the selective workloads running on Spark and MapReduce. It supports most of the
Hadoop components, including HDFS, MapReduce, Hive, Pig, Hbase, Zookeeper,
Sqoop, and Hcatalog” [34]. Besides, Ambari supports the user to control the Hadoop
cluster on three aspects, namely provision, management, and monitoring.
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Table 3 Hadoop con guration parameters

Con guration parameters

category

Hadoop

Tuned values

Resource utilization

Input split

Shu e

mapreduce.reduce.memory
mapred.reduce.task
mapreduce.reduce.cpu.vcores
mapred.min.splitsize, mapred.max.split.size

i/o.sortmb
i/o.sort.factor
mapreduce.reduce.shu e.parallelcopies

8GB
16,384 MB, 25,600 MB
4

128 MB (default),
256 MB, 512 MB,
1024 MB

25,50, 75,100
512,1024, 1536, 2047
50, 100, 150, 200

mapreduce.task.io.sort.factor 15, 30, 45, 60

Table 4 Spark con guration parameters

Con guration parameters Spark Tuned values

category

Resource utilization num-executors 50
executor-cores 4
executor-memory 8 GB

Input split spark.hadoop.MapReduce.input filein- 128 MB (default), 256MB, 512MB, 1024MB

putformat.splitminsize

Shu e sparkshu efilebu er 16 k, 32 k (default), 48 k, 64 k
spark.reducermaxSizelnFlight 32 M, 48 M (default), 64 M, 96 M
spark.hadoop.dfs.replication 1
spark.default.parallelism 80, 100, 200, 300

Workloads

As stated above, in this study we chose two workloads for the experiments [32, 33]:

WordCount: e wordCount workload is map-dependent, and it counts the number
of occurrences of separate words from text or sequence file. e input data is pro-
duced by RandomTextWriter. It splits into each word by using the map function and
generates intermediate data for the reduce function as a key-value [35]. e interme-
diate results are added up, generating the final word count by the reduce function.

TeraSort: e TeraSort package was released by Hadoop in 2008 [36] to measure the
capabilities of cluster performance. e input data is generated by the TeraGen func-
tion which is implemented in Java. e TeraSort function does the sorting using the
MapReduce, and the TeraValidate function is used to validate the output of the sorted
data. For both workloads, we used up to 600 GB of synthetic input data generated
using a string concatenation technique.

The parameters of interest and tuning approach

Tuning parameters in Apache Hadoop and Apache Spark is a challenging task. We

want to find out which parameters have important impacts on system performance.
e configuration of the parameters needs to be investigated according to work-load,
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data size, and cluster architecture. We have conducted a number of experiments
using Apache Hadoop and Apache Spark with di erent parameter settings. For this
experiment, we have chosen the core MapReduce and Spark parameter setting from
resource utilization, input splits and shu e groups.
with their respective tuned values on the map-reduce and Spark category are shown

(2020) 7:110

in Tables 3 and 4.

Results and discussion

In this section, the results obtained after running the jobs are evaluated. We have used
synthetic input data and used the same parameter configuration for a realistic compari-
son. Each test was repeated three times, and the average runtime was plotted in each
graph. For both frameworks, we show the execution time, throughput, and speedup
to compare the two frameworks and visualize the e ects of changing the default

parameters.

Execution time

e execution time is a ected by the input data sizes, the number of active nodes, and
the application types. We have fixed the same parameters for the fair comparative analy-
sis, such as the number of executors to 50, executor memory to 8 GB, executor cores to

4.
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Fig. 4 The performance of the WordCount application with a varied number of input splits and shu e tasks
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Figure 4a, b show how MapReduce and Spark execution time depend on the data-
sets’ size and the di erent input splits and shu e parameters. e execution time of
MapReduce WordCount workload with the default input split size (128 MB) and shuf-
fle parameter (sort.mb 100, sort.factor 2047) obtained better execution time for entire
data sizes compared to other parameters. Hadoop Map and Reduce function behave
better because of their faster execution time and overlooked container initialization
overhead for specific workload types. s result suggests that the default parameter
is more suitable for our cluster when using data sizes from 50 to 600 GB.

In Fig. 4c the default input splits of Spark is 128 MB. Previously, we have men-
tioned that the number of executors, executor memory, and executor cores are fixed.
From the above Fig. 4c, we see that the execution time of input split size 256 MB
outperforms the default set up until 450 GB data sizes. In fact, the default splits size
(128 MB) is more e cient when the data size is larger than the 450 GB. Notably, we
can see that the default parameter shows better execution performance when the data
set reaches 500 GB or above. e new parameter values can improve the process-
ing e ciency by 2.2% higher than the default value (128 MB). Table 5 presents the
experimental data of WordCount workload between MapReduce and Spark while the
default parameters are changing.

For the Spark shu e parameter, we have chosen the default serializer, the (JavaSeri-
alizer) because of the simplicity and easy control of the performance of the serializa-
tion [37]. In this category, the serializer is PL100 object [37]. We can see from Fig. 4d
that the improvement rate is significantly increased when we set the PL value to 300.
It is evident that the best performance is achieved for sizes larger than 400 GB. Also,
it shows that when tuning the PL value to 300, the system can achieve a 3% higher
improvement for the rest of the data sizes. Consequently, we can conclude that input
splits can be considered an important factor in enhancing Spark WordCount jobs’
e ciency when executing small datasets.

Figure 5a is comparing MapReduce TeraSort workloads based on input splits that
include default parameters. In this analysis, we have set (Red_Task and InSp) value
fixed with default split size 128 MB. We have changed the parameter values and tested
whether the splits’ size can keep the impact on the runtime. So, for this reason, we have
selected three di erent sizes: 256 MB, 512 MB, and 1024 MB. We have observed that
with a split size of 256MB, the execution performance is increased by around 2% in data-
sets with up to 300 GB. On the contrary, when the data sizes are larger than 300 GB, the
default size outperforms split size equals 512 MB. Moreover, we have noticed that the
improvement rates are similar when the data sizes are smaller than 200 GB.

Table 5 The best execution time of MapReduce and Spark with WordCount workload

Split sizes (MB) Execution
time (s)
MapReduce input splits (WordCount) 128 2376
Spark input splits (WordCount) 256 1392
MapReduce shu e (WordCount) 100 2371
Spark shu e (WordCount) 300 1334
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Fig. 5 The performance of the TeraSort application with a varied number of input splits and shu e tasks

Figure 5b illustrates the execution performance with the MapReduce shu e param-
eter for the TeraSort workload. We have seen that the average execution time behaves
linearly for sizes up to 450 GB when the parameter change to (Reduce_150 and task.
io_45) as compared to the default configuration (Reduce_100 and task.io_30). Besides,
We have also noticed that the default configuration is outperforming all other settings
when the data sizes are larger than 450 GB. So, we can conclude that by changing the
shu ed value, the system execution performance improves by 1%. In general, this is very
unlikely that the default size has optimum performance for larger data sizes.

Figure 5¢ illustrates the Spark input split parameter execution performance analysis
for the TeraSort workload. e Spark executor memory, number of executors, and exec-
utor memory are fixed while changing the block size to measure the execution perfor-
mance. Apart from the default block size (128 MB), there are 3 pairs (256 MB, 512 MB,
and 1024 MB) of block size is taken into this consideration. Our results revealed that the
block size 512 MB and 1024 MB present better runtime for sizes up to 500 GB data size.
We have also observed a significant performance improvement achieved by the 1024
block size, which is 4% when the data size is larger than 500 GB.  us, we can conclude
that by adding the input splits block size for large scale data size, Spark performance can
be increased.

Figure 5d shows Spark shu e behaviour performance for TeraSort workloads. We
have taken two important default parameters (bu er = 32, spark.reducer.maxSizeln
Flight = 48 MB) into our analysis. We have found that when the bu er and maxSizeln-
Flight are increased by 128 and 192, the execution performance increased proportionally
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Table 6 The best execution time of MapReduce and Spark with Terasort workload

Split sizes (MB) Execution time (s)
MapReduce input splits (TeraSort) 256 21,014
Spark input splits (TeraSort) 512 & 1024 3780 & 3439
MapReduce shu e (TeraSort) 150 & 45 24,250
Spark shu e (TeraSort) 128 & 192 6540
MapRed vs Spark_InputSplit(WordCount)
k- MapRed-256MB. MapRed vs Spark_InputSplit(Terasort)
30001 - e e

~de— Spark-512MB. Spark-256MB
3190 1 <4 MapRed-1024MB 35147 { ~*— MapRed-512MB
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Fig. 6 The comparison of Hadoop and Spark with WordCount and TeraSort workload with varied input splits
and shu e tasks

up to 600 GB data sizes. Our results show that the default execution is equal, with a
tested value of up to 200 GB data sizes. e possible reason for this performance
improvement is the larger number of splits size for di erent executors. Table 6 presents
the experimental data of the TeraSort workload between MapReduce and Spark, while
the default parameters are changing.

Figure 6a illustrates the comparison between Spark and MapReduce for WordCount
and TeraSort workloads after applying the di erent input splits. We have observed that
Spark with WordCount workloads shows higher execution performance by more than 2
times when data sizes are larger than 300 GB for WordCount workloads. For the smaller
data sizes, the performance improvement gap is around ten times. Figure 6 shows a
TeraSort workload for MapReduce and Spark. We can see that Spark execution perfor-
mance is linear and proportionally larger as the data size increase. Also, we noticed that
the runtime for MapReduce jobs are not as linear in relation to the data size as Spark
jobs. e possible reason could be unavoidable job action on the clusters and as a result
that the dataset is larger than the available RAM. So, we conclude that MapReduce has
slower data sharing capabilities and a longer time to the read-write operation than Spark

(41

Throughput

The throughput metrics are all in MB per second. For this analysis, we only con-
sidered the best results from each category. We have observed that MapReduce
throughput performance for the TeraSort workload is decreasing slightly as the data
size crosses beyond 200 GB. Besides, for the WordCount workload, the MapReduce
throughput is almost linear. For the Spark TeraSort workload, it can be observed that
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the throughput is not constant, but for the WordCount workload, the throughput is
almost constant. In this analysis, the main focus was to present the throughput dif-
ference between WordCount and TeraSort workload for MapReduce and Spark. We
found that WordCount workload remains almost stable for most of the data sizes,
and concerning the TeraSort workload, MapReduce remain stable than Spark (see

Fig. 7).

28

Page 15 of 18



Ahmed et al. J Big Data (2020) 7:110 Page 16 of 18

Speedup

Figure 8a—c show the Spark’s speed up compared to MapReduce. Figure 8a, b depicts
individual workload speedup. e best results are taken into this consideration from
each category in order to get a speedup. From the above figures, we can see that as the
data size increases, WordCount workload speedup decreases with some non-linearity.
Besides, we can see that the TeraSort speedup decreases when data reaches sizes larger
than 300 GB. Notably, as the data size increases to more than 500GB for both workloads,
the speedup starts to increase. Figure 8c illustrates the speedup comparison between the
workloads. It can be seen that the TeraSort workload outperforms WordCount workload
and achieves an all-time maximum speedup of around 14 times. e literature presents
that Spark is up to ten times faster than Hadoop under certain circumstances and in
normal conditions, and it only achieves a performance two to three times faster than
MapReduce [38]. However, this study found that Spark performance is degraded when
the input data size is big.

Conclusion
is article presented the empirical performance analysis between Hadoop and Spark

based on a large scale dataset. We have executed WordCount and Terasort workloads
and 18 di erent parameter values by replacing them with default set-up. To investigate
the execution performance, we have used trial-and-error approach for tuning these
parameters performing number of experiments on nine node cluster with a capacity of
600 GB dataset. Our experimental results confirm that both Hadoop and Spark systems
performance heavily depends on input data size and right parameter selection and tun-
ing. We have found that Spark has better performance as compared to Hadoop by two
times with WordCount work load and 14 times with Tera-Sort workloads respectively
when default parameters are tuned with new values. Further more, the throughput and
speedup results show that Spark is more stable and faster than Hadoop because of Spark
data processing ability in memory instead of store in disk for the map and reduced func-
tion. We have also found that Spark performance degraded when input data was larger.

As future work, we plan to add and investigate 15 HiBench workloads, consider more
parameters under resource utilization, parallelization, and other aspects, including prac-
tical data sets. e main focus would be to analyze the job performance based on auto-
tuning techniques for MapReduce and Spark when several parameter configurations
replace the default values.
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Auckland 0745, New Zealand predict the runtime for generic workloads as a function of the number of executors,
Full list of author information without necessarily knowing how the algorithms were implemented. For a certain
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article problem size, it is shown that a model based on serial boundaries for a 2D arrangement

of executors can fit the empirical data for various workloads. The empirical data was
obtained from a real Hadoop cluster, using Spark and HiBench. The workloads used in
this work were included WordCount, SVM, Kmeans, PageRank and Graph (Nweight).

A particular runtime pattern emerged when adding more executors to run a job. For
some workloads, the runtime was longer with more executors added. This phenome-
non is predicted with the new model of parallelisation. The resulting equation from the
model explains certain performance patterns that do not fit Amdahl’s law predictions,
nor Gustafson's equation. The results show that the proposed model achieved the

best fit with all workloads and most of the data sizes, using the R-squared metric for
the accuracy of the fitting of empirical data. The proposed model has advantages over
machine learning models due to its simplicity, requiring a smaller number of experi-
ments to fit the data. This is very useful to practitioners in the area of Big Data because
they can predict runtime of specific applications by analysing the logs. In this work, the
model is limited to changes in the number of executors for a fixed problem size.

Keywords: Big Data, Performance prediction, System configuration, HiBench, Spark

Introduction

Apache Spark [1] is an alternative open-source distributed computing platform of
MapReduce [2] for large-scale data processing. Spark introduces Resilient Distributed
Data set (RDD) [3] with high fault-tolerance, fast processing speed, and scalability
to improve real-time performance. Moreover, Spark o ers various data analysis tools
and modules such as Spark SQL, MLIib, and Graphs [4]. e execution time of Spark
application is a significant factor in measuring real-time processing. Users need to
allocate multiple resources, e cient memory allocation, adequate data partition, and
an optimized cluster configuration based on the desired execution time. Cluster users
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rial. If material is not included in the article’s Creative Commons licence and your intended use is not permitted by statutory regulation or
exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://
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and administrators can benefit from accurate models, which provide a quick predic-
tion for runtime of a certain job.

In recent years, researchers have published works on the prediction of the perfor-
mance of big data processing platforms such as Spark [5—12]. Virtually all the publica-
tions make use of machine learning models to predict runtime and other performance
characteristics. However, machine learning models require large sampling sets to
work accurately. Moreover, these models are not very good at interpolating perfor-
mance data if the samples are not dense enough. Also, even though machine learning
models can be very e ective, they do not necessarily explain why the performance
shows a certain pattern [13].

In order to mitigate these issues, we propose a new parallelisation model based on
finding a pattern for the parallelisable and the non-parallelisable portions of a generic
job. Any algorithm can be parallelised, but not all algorithms can run e ciently in
parallel machines such as a cluster. e parallel performance depends mostly on how
the algorithm operates.

For example, some algorithms are embarassingly parallel (a term coined in the 90s)
[14], meaning that no extra work is needed when the job is parallelised. In this case,
the speedup is proportional to the number of processors available. In other cases, the
speedup can be superlinear, as in the case of searching algorithms running in parallel.
Unfortunately, there are also groups of algorithms that do not present this optimistic
speedup.

e main reason for a degraded performance is the fact that the nature of the algo-
rithm requires extra communication and 1/O operations that are inherently serial in
nature. is was understood by Amdahl in the 60s, when he published his findings
with an equation that became known as Amdahl’s law [15]. Later, in the 80s, Gustaf-
son observed that Amdahl’s law was a special case of performance because Amdahl’s
assumption was that any job needs a fixed portion of serialised work that cannot
be parallelised [16]. Gustafson came up with an alternative assumption that could
explain why some of the jobs he was running were performing better (better speedup)
than what Amdahl’s equation was predicting.

Both Amdahl and Gustafson did not generalised their models to predict the per-
formance for any job, but only for jobs for which their assumptions are true. In this
paper, our main target is to understand the relationship between execution time
(runtime) and the number of executors used in Spark jobs. To the best of our knowl-
edge, none of the previous studies have come up with a simple model that can fit the
data for di erent workloads. Indeed, the proposed technique will significantly help
researchers, cluster users, operators, and system administrators. Moreover, the pro-
posed model can be implemented in any large scale Hadoop physical cluster, either
in industries or academic research. is would be helpful for system administrators,
system architects, and data engineers to predict the possible system parameters, spe-
cifically the number of executors, for any Spark job on Hadoop physical cluster. In
particular, the model can help to find insights about the pattern for the parallelisable
and non-parallelisable portions of a generic jobs. e model will present a precise
generic equation for a cluster relying on a very limited number of experiments. e
key contributions of this paper are as follows:
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e A very e ective model is introduced that can explain various HiBench jobs' per-
formance patterns as a function of the number of executors. e model achieves a
good accuracy for di erent workloads, treating the implementation as a black box,
i.e., without any knowledge of the internal workings of communication between the
executors or the 1/0 involved in running the jobs (via HDFS).

< Accomplished extensive experimental work of Spark application on the physical clus-
ter environment. e experiments present the various aspects of cluster performance
overheads. We considered five HiBenchmark workloads for testing the system's e -
ciency, where the fixed data sets are changed with di erent executors.

< Using the proposed model, we consider the problem and determine the experiment’s
scalability by repeating the experiment three times, getting the average execution
time for each job.

e paper is organised as follows. "Apache Spark environment" section describes the
Apache Spark environment. In "Related work" section we review a number of works
that are related to the performance prediction of Spark running on a Hadoop cluster. In
"Modelling of a 2D plate parallel application" sectiom we propose our model based on
a 2D configuration of executors, and discuss the motivation for this model. In "Experi-
mental setup" section the experimental setup is discussed, detailing how we obtained the
empirical data. "Findings from the analytical model” section presents several workloads
and show how the main equation for the model fits the data. Finally, in "Conclusion" sec-
tion we present our conclusions with a discussion on the future developments for the
model.

Apache Spark environment

Spark o ers numerous advantages for developers to build big data applications. Apache
Spark proposed two important concepts: Resilient Distributed Datasets (RDD) and
Directed Acyclic Graph (DAG) [3]. A new abstraction method called Resilient Distrib-
uted Datasets (RDD) is used to increase the data uses e ciently for a wide range of
applications. e RDD is designed in such a way that it can provide e cient fault toler-
ance. For fault tolerance, RDD is used as an interface based on coarse-grained transfor-
mations (i.e., map, filter, and join) for various data items. e DAG scheduler [17] system
expresses the dependencies of RDDs. Each spark job will create a DAG, and the sched-
uler will drive the graph into the di erent stages of tasks, then the tasks will be launched
to the cluster. e DAG will be created in both maps and reduce stages to express the
dependencies fully.  ese two techniques work together perfectly and accelerate Spark
up to twenty times with iterative application and ten times faster than Hadoop under
certain circumstances. In normal conditions, it only achieves a performance two to three
times faster than MapReduce. It supports multiple sources that have a fault tolerance
mechanism that can be cached and supports parallel operations. Besides, it can rep-
resent a single data set with multiple partitions. Spark consists of master and worker
nodes where it can hold either single or multiple interactive jobs. When Spark runs on
the Hadoop cluster, RDDs will be created on the HDFS in many formats supported by
Hadoop, as well as text and sequence files. In Spark, a job is executed into one or mul-
tiple physical units, and the jobs are divided into a smaller set of tasks that are on the
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stage. A single spark job can trigger a number of jobs that are dependent on the parent
stage. So, the submitted job can be executed in parallel. Spark executes submitted jobs in
two stages: Shu eMapStage and ResultStages. e Shu eMapStage is an intermediate
stage where the output data is stored for the input data for the following stages in the
DAG. e ResultStages is the final stage of this process that assigns a function on one or
multiple partitions of the target RDD. In Spark, executors run on a worker node in the
cluster. e executors start their processes once the system receives the input file and
continue until the job is completed. In this case, the executors keep themselves active
for the entire workload time and use multiple CPU threads for the task parallelly. For
any given work, the executor size, numbers, and threads play a vital role in the perfor-
mance [18]. e block manager acts as a cache storage for a user’s program when execu-
tors allocate memory storage for the RDDs. Spark runs on Hadoop cluster with Apache
YARN (Yet Another Resource Negotiator) [19] as a framework for resource manage-
ment and job scheduling or monitoring into separate demons and Apache Ambari, an
open source tool which manage, monitor and profile the individual workloads running
Hadoop cluster. Figure 1 shows a typical Spark cluster architecture.

Related work

In this section, we discuss relevant published works in the area of performance predic-
tion for Hadoop clusters running Spark. A simulation-based prediction model is pro-
posed by Kewen Wang [20]. e model simulates the execution of the main job by using
only a fraction of input data and collects execution traces to predict job performance for
each execution stage separately. ey have proposed a standalone cluster mode on top
of the Hadoop Distributed File System (HDFS) with default 64 MB block settings. ey

Master Node

i Driver Programme

SparkContext

Cluster Manager

}
! |

Slave Node Slave Node Slave Node
Executor Executor Executor
Task | Task || | 7T Task Task | | | Task | | Task
Task Task Task Task Task Task

Fig. 1 Atypical Spark cluster architecture
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have evaluated this framework using four real-world applications and claimed that this
model is capable of predicting execution time for an individual stage with high accuracy.

Singhal and Singh [21] addressed the Spark platform’s challenges to process huge
data sizes. ey found that as the data size increases, the Spark performance reduces
significantly. To overcome this challenge, they ensured that the system would perform
on a higher scale. ey proposed two techniques, namely, black box and analytical
approaches. In the black-box technique, the Multi Linear Regression (MLR- Quadratic)
and Support Vector Machine (SVM) are used to determine the accuracy of the predic-
tion model and the analytical approach to predict an application execution time. ey
found that Spark parameter selection is very complex to identify the suitable parameters
which impact an application execution time for varying data and cluster sizes.  erefore,
they carefully selected parameters that could be changed during an application execu-
tion time and analyze the performance sensitivity for several parameters, which are very
important for the feature selection. In the integrated performance prediction model with
an optimization algorithm, the system performance improvement showed 94%. Finally,
they summarized that machine learning algorithm requires more resources and data col-
lection time.

Maros [22] conducted a cost-benefit analysis of a supervised machine learning model
for Spark performance prediction and compared their results with Ernest [23]. In this
investigation, they considered the black box and gray box techniques. For the black box
technique, they considered four ML algorithms such as Linear Regression (LR), Decision
Tree (DT), Random Forest (RF), and L1-Regularized Linear Regression (RLR). e gray
box technique is used to capture the features of the execution time. In this approach, not
a single machine learning algorithm outperforms others. To chose the best model, di er-
ent techniques are required to evaluate the individual scenario.

Hani et al. [24] proposed a methodology based on gray box model for Spark runtime
prediction. is model works with white box and black box models, and the models
focus not only on impact data size but also on platform configuration settings, 1/0 over-
head, network bandwidth, and allocated resources. is model methodology can pre-
dict the runtime by taking the consideration both the previous factors and application
parameters. ey achieved a high matching accuracy of about 83—94% between average
and actual runtime applications. Based on this model methodology, the Spark runtime
would be predicted accurately.

Cheng [25] proposed a performance model based on Adaboost at stage-level for Spark
runtime prediction. ey considered a classic projective sampling and data mining tech-
nique such as projective sampling and advanced sampling to reduce the model’s over-
head. ey claimed that projective sampling would o er optimum sample size without
any prior assumption between configuration parameters, thus enhancing the entire pre-
diction process’s utility.

Gulino [26] proposed a data-driven workflow approach based on DAGs in which the
execution time is predicted of Spark operation. In this approach, they combined ana-
Iytical and machine learning models and trained on small DAGs. ey found that pre-
diction accuracy of the proposed approach is better than the black box and gray box
technique. Nevertheless, they did not present how this approach will work for iterative
and machine learning workloads. s approach only considers SQL type queries.
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Gounaris et al. [6] proposed a trial-and-error methodology in their previous work, but
in this paper [27], they considered shu ing and serialization and investigated the impact
of Spark parameters. ey addressed that the number of cores of Spark executor has
the most impact on maximising performance improvement, and the level of parallelism,
for example, the number of partitions per participating core, plays a crucial role. ey
focused on 12 parameters related to shu ing, compression, and serialization. It is an
iterative technique; the lower parts’ configurations can be tested only after the upper
parts’ completion.  ree real-world case studies are considered to investigate the meth-
odology e ciency. Due to no-iterative methodology, the run time decreased between
21.4% and 28.89%. ey also found that the significant speed-up achievement yields at
least 20% lower running times. ey concluded that the methodology is robust concern-
ing the changes of its configurable parameters.

Amannejad et al. [28] proposed an approach for Spark execution time prediction with
less prior executions of the applications based on Amdahl’s law [15]. is approach is
capable of predicting the execution time within a short period.  is approach requires
two reference files at the same data size and di erent resource settings to predict the
execution time. ey considered relatively small data sets and a limited application setup
which do not have complex dependencies and parallel stages. ey found that the pro-
posed technique shows good accuracy. e average prediction error of the workloads is
about 4.8%, except Linear Regression (LR) which is 10%. One of the limitations of this
work is that they validated this approach only with a single node cluster, not on a real
cluster environment. Amannejad and Shah extended their previous work [28] and pro-
posed an alternative model called PERIDOT [29] for quick execution time prediction
with limited cluster resource settings and a small subset of input data. ey analysed the
logs from both of the executions and checked the internal dependencies between the
internal stages. Based on their observations, the data partitions, the number of execu-
tors’ impact, and data size play a critical role.  erefore, they used eight di erent work-
loads with a small data set and claimed that apart from naive prediction techniques, the
models show significant improvement by overall mean prediction error by 6.6% for all
the workloads.

Amdahl’s law and Gustafson’s law

It is important to determine the benefits of adding processors to run a certain job. In
this section, we will use the words processor and executor as synonymously, although
there is a distinction when considering a certain context. In Spark for example, the word
executor is used to indicate that CPU resources are allocated via a certain physical node.
Generally, a single executor is launched in the physical nodes and stays with the physical
node. Each of the CPU cores are aligned with the physical nodes [30].

e executor can use one or several cores, which would be analogous to say that sev-
eral processors are being used per executor. However, as the executors only use cores
within a physical node, we consider the number of executors as the variable for our
model. In section 5, the experiments were carried out with each executor using three
cores. Changing the number of cores obviously changes the parameters of the equation,
but the family of equations remain valid for the model. is simplification of the terms
is valid because the executors within a node share memory, and any communication
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between them would be much faster than any communication between executors run-
ning in di erent physical nodes.

If no communication between the various executors is needed to run a job, the job is
called “embarassingly parallel” [14]. e implication of having no need to communicate
between di erent executors is that the speed up is proportional to the number of execu-
tors, i.e., if one executors takes time t, then n executors will take time % However, any
small portion of the job that is not parallelisable can bring major consequences for paral-
lel performance.In this case, the linear speedup achieved by adding more executors (in
the form of CPUs or cores, or separate node) declines sharply.

Amdahl came up with a generic equation to predict the speedup factor of a parallel
application as a function of the number of processors [15]. e equation considers that
parts of the application (or job, or workload) would be inherently serial in nature and
would not be parallelisable. He arrived at the following equation for the speedup factor

S():
nexec

S(nexec) = T+ (exeo—D)F o))

where nexec is the number of processors (or executors) and f is the percentage of the job
that cannot be parallelised (because of its serial characteristic). Figure 2 shows that the
speedup gets worse with an increasing factor f.

In practise, an increasing number of executors has to make economical sense, and an
ideal number of executors can be found given a target improvement in the speedup. e
factor f (the serial percentage of the job) depends entirely on the algorithm and on the
platform it is running under. If the serial portion is representing I/O or networking, it
may have di erent influences in percentage f. Perfect linear speedups only happen when
f=0

From Eq. 1, and considering that a single processor takes time t to run a certain work-
load, the predicted runtime running on multiple processors would be:

Amdahl's Law
22

f=0%

Speedup

Number of Executors
Fig. 2 Amdahl's law with various percentages of serial work
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a-nt,
nexec

runtime = t 2)
where t is a hypothetical runtime needed to run a job in a single executor. As an exam-
ple, if the job takes 100 s to run on a single executor, then Fig. 3 shows how the runtime
is going to decrease with the additional executors depending on how much of the job is
serial.

Initially the runtime decreases sharply with the increase of executors, until the runt-
ime converges at some point with infinite executors. It is clear from Figs. 2 and 3 that
this is a very pessimistic view of the potential that parallel systems o er.

A few years after Amdahl’s publication, Gustafson argued that the percentage of the
serial part of a job is rarely fixed for di erent problem sizes [16]. In Amdahl’s even a
small percentage of serial work can be detrimental to the potential speedup after adding
more executors. Gustafson noticed that for many practical problems the serial portion
would not grow with an increase problem size. For example, the serial portion of the
job could be a simple communication to establish the initial parameters for a simula-
tion, or it could be 1/0 to read some data that is independent of the problem size of the

algorithm.
He came up with a scaled version of Amdahl’s speedup equation. Gustafson’s speedup
equation is:
S(nexec) =nexec + (1 — nexec) f )]
. t
runtime = 4

nexec + (1 — nexec) f

e speedup for di erent serial portions f using Gustafson’s law are shown in Fig. 4. In
Fig. 5 several curves were plotted to show the runtime trends considering that for a sin-
gle executor the time would be 100 s.

Amdahl's Law
100 T T T T T T T

f=0%

| f=5% ——
90 K f=10%

Runtime (sec)

Number of Executors
Fig. 3 Amdahl’s law for various percentages of serial work
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Gustafson's Law
22 T T T T T
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18 -
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Speedup
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f=5%
10%

20% //

3 ]

-
o

0 I L 1 I I L
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Number of Executors
Fig. 4 Gustafson'’s law for various percentages of serial work

14 16 18 20

Gustafson's Law

100 T T T T T T

Runtime (sec)

2 4 6 8 10 12
Number of Executors
Fig. 5 Gustafson's law for various percentages of serial work

Gustafson’s law is much more optimistic than Amdahl’s law. Indeed, Gustafson showed
that the speedup for certain algorithms could be achieved with the results based on Eq. 3.
However, for many other applications and algorithm implementations, the true picture can
be even more pessimistic than Amdahls.  at does not mean that we should not attempt
to parallelise these algorithms, but one needs to be aware of the performance consequences
of adding more executors. In the next section we will show that some of the HiBench work-

loads [31] fall into this category.
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Modelling of a 2D plate parallel application

In this section we discuss the modelling of parallel applications where the serial por-
tion of the job grows faster than expected. As discussed in the literature review in
"Related work" section, the performance of every parallel application is dependent on
the number of executors, be that in the form of CPUs or cores, and its communica-
tion pattern.

For many workloads, the behaviour of the runtime can be predicted by Amdahl’s
Law or Gustafson’s Law. For example, WordCount gains performance by adding exec-
utors, until adding more executors makes little di erence and brings no new gains in
performance. is can be clearly appreciated in Fig. 6.

However, many other workloads behave in a very strange way. Initially, adding more
executors results in a better performance. But after a certain number of executors,
the performance degrades to such an extent that the runtime is longer than that using
very few executors. For example, running jobs on the Pagerank (HiBench [31]) for a
certain problem size shows performance as depicted in Fig. 7. After analysing Fig. 7
we realised that a new modelling for the runtime is needed for these applications.

is pattern of getting worse performance by adding executors is not unknown, and
happens when the communication between each parallel portion of a job grows faster
than the benefit of having additional executors.

Finding a model as a function of the number of executors

e serial portion of a job is responsible for the drop in an otherwise perfect speed
up. Among the causes for unparallelizable portions of a job, we can consider the two
most important ones:

Word Count
240

220

200

180 -

140 -

Runtime (sec)

120

100

80 -

Number of Executors
Fig. 6 AWordCount workload running on di erent number of executors
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Pagerank workload
14 — T T T
3.8MB —+—
13
’g 12 +
2
(]
=
=
o
é 11
10 -
9 1 1 Il 1 1 1
2 4 6 8 10 12
Number of Executors
Fig. 7 Page rank workload running on di erent number of executors

< 1/0: in a Hadoop cluster, the data is scattered among the nodes, and sometimes a
node will need to read data only available on other nodes. HDFS is responsible for
this process in a Hadoop cluster.

« Communication: even if there is no additional need for 1/Os, the application may
require that data computed on another node updates its own computations. e
communication performance is driven by the networking infrastructure available
to the cluster. Typically communication between nodes in a parallel computer can
be: one to one, one to all (aka broadcasting), all to all and all to one (aka reduc-
tion) [14].

e distinction between Hadoop cluster 1/0 related to HDFS and the Communica-
tion is important. Every workload will uses the first one to access data, as the location
of the data can be anywhere in some of the nodes. e cluster used in these experi-
ments use a replication factor of 3 (the default). e communication factor in this
scope refers specifically to the application communications, i.e., where the data com-
puted by one node is needed to complete the computation on another node.

For example, an embarassingly parallel application would have no communication
between nodes for its own purpose, but still would need to use the same network
infrastructure to access data via HDFS if portion of data happen to be located on
other nodes. On the other hand, an application that would compute heat flow using
the 2D plate model would require extra communication between certain executors
that is independent of the HDFS access to data. Moreover, in that case a delayed exec-
utor can hold the computation on other executors, as these would be waiting for new
boundary data to be available. We start the building up of the model with the concept
of a 2D plate.  is concept can be used for simulating heat distribution simulations in
parallel machines, as discussed by [14]. In their simulation, each point of a 2D plate
has its temperature computed as a function of its four neighbours. In order to paral-
lelise any job, one needs to consider the serial and the parallel parts of the runtime:

43



Ahmed et al. J Big Data (2021) 8:107 Page 12 of 28

runtime = ﬁ + tserial (5)
where t is the time to run the application in a single executor, nexec is the number of
executors and tgrig IS the extra time needed to make the communication between the
executors and additional 1/O. If tyyiq IS zero, i.e., no extra communication or 1/0 is
needed, then the runtime is inversely proportional to the number of executors.

e crucial aspect of Eq. 5 is the tgria. Without any knowledge about the internal
implementation of the algorithms of the application, it is di cult to model it correctly.
Assuming that the serial part grows as a function of the number of executors, we can
start by approximating the function to that of parallelising a 2D plate algorithm. We can
make some assumptions about the communication and I/0O boundaries.

Figure 8 shows a 2D plate that has 256 points (N = 16). For this 2D plate, each point
has to be computed iteratively. Each point's computation is interdependent with its four
neighbours, as it needs the current state from each neighbour.

No communication is needed when the entire set of points is computed by a single
executor. As soon as more executors are used, then some communication activity needs
to be carried out between the boundaries. Figure 9 shows the idea of the boundaries
when using 4 executors. Now there is a communication boundary that adds extra runt-
ime due to networking communication between two di erent nodes. In this case, the
boundary size is proportional to 2N.

In Fig. 10 two cases are shown, one with 4 executors, and another with 16 executors.

e sum of the boundary in the 4 executors job is 2N, and in the 16 executors it is 6N.
We could try to generalise it for any number of executors. However, to get a smooth
growth we should only use square divisions of the 2D plate contained NxN points.

erefore, nexec is restricted to the sequence 1, 4, 9, 16, 25... Moreover, we assume that
N issu ciently large to o set the di erences between the executors data when N is not
exactly divisible by nexec.

One problem with this simplistic model is that the communication is not necessar-
ily homogeneous among the executors. For example, an executor on the left top corner
of the 2D plate may be carrying out half of the communication that an executor in the

point (5,7) needs information
from its four neighbours
in order to be computed

N=16

Fig. 8 A 2D plate model running on a single executor
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Fig.9 A 2D plate model running on 4 executors

N=16 N=16
1T T [ T 1
executor 1 | executor 2 | executor 3 | executor 4
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T by
z z
executor 9 | executor 10 executor 11 executor 12
[T executor 1 executor 1 ——
executor 13 executor 14 executor 15 executor 16
EEN NN NN RN
4 executors boundary size = 2N 16 executors boundary size = 6N
Fig. 10 Boundaries for di erent number of executors

middle of the plate needs to carry out. One way to consider that possibility is to assume
that every executor has 4 neighbouring executors. It is the equivalent of having the 2D
plate folded like a cylinder over each dimension simultaneously (Fig. 11).

Looking at Table 1, it is apparent that the boundary size grows at a rate of
(2 (" nexec — 1))N. If we consider that all executors have the same boundary, then the
boundary grows as (2 (~ nexec — 1) + 2)N.

We do not know if the serial time is going to be exactly that amount, as the communica-
tion pattern inside the Hadoop cluster can be very complex. For example, executors may
have to communicate between them, but also get data via HDFS from other nodes. Also,
there is some parallelism implied in the communication, as pairs of nodes would be able to
communicate with each other without interfering much with the communication between
other pairs. is could cause the parallel and serial portions of the job in each executor to
be misaligned, causing executors to temporarily stop computing because they are waiting
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Fig. 11 Two (2) extra boundaries per plate for homogeneous communication amongst nodes

Table 1 Boundary versus nexec, showing the size as a function of N

Number of executors (nexec) Boundary size for simple 2D Boundary size for
homogeneous
communication

0 0

2N 4N
9 4N 6N
16 6N 8N
25 8N 10N
36 10N 12N
49 12N 14N

for data from the neighbours or from Hadoop Distributed File System (HDFS). Making the
assumption that the growth of the boundary is proportional to the communication time
and that the serial portion is also proportional to the problem size width N as per Table 1,
Eq. 5 becomes:

T v____
runtime= —— +nN (2( nexec—1)+2
nexec @ ) ) ©)

where n is a constant.
Assuming that the time t is proportional to number of points N2 of the entire plate, we
can simplify Eq. 6 to:

. m N? v
runtime = +2nN ( nexec—1+1) @)
nexec
simplified to:
N? v
runtime = m +2nN ( nexec) (8)
nexec
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For a certain (fixed) problem size 2, we can replace m N2 by a constant a and replace
2 n N by a constant b:

runtime =

VA —
p—— +b nexec 9)
Now we arrived at a model that can explain the strange behaviour of having a peak per-
formance at a certain number of executors, and have a degraded runtime with more
executors being added. One can visualise the e ects of the growth of the serial portion
of the jobs by examining Fig. 12. Depending on the constants a, b, some curves resemble
Amdahl’s, while other curves have the serial portion growing faster, to the point where
adding more executors make the runtime longer than with a single executor. When the
influence of the boundary is smaller (with a corresponding low value for b), then the
curves are more similar to Amdahl’s law or Gustafson’s law. For larger values of b, the
speedup falls rapidly with the addition of more executors.
ere is another aspect to the modelling regarding the problem size. e assumption
for Eq. 9 is that the runtime is proportional to N2, but this would not be the case for
many algorithms, where the complexity would be di erent than linear in relation to the
total number of points (or quadratic if one considers width or height as the problem
size). In fact, the final runtime would depend completely on two functions f(N) and g(N)
that would only be known if one has more information about the internal implementa-
tion of the algorithm running the job. e first function, f(N) would rule the growth of
the runtime t for one executor, analogous to its time complexity for the algorithm, con-
sidering a large N. e second function, g(N), would rule the growth of the communica-
tion needs once more than one executor is used for the job.
Consequently, Eqg. 9 can only predict runtime if the constants a and b are known for
a certain problem size. A separate model has to be found for the growth of the runtime
and the communication boundary as a function of the problem size. Nonetheless, such a
simple model can still be of great value for runtime prediction by running a few jobs and

Equation 9, 1 executor runtime = 100 sec , a=1
100 T T T T T T T T

90 -

cocooo
LU T (A
00000
Hoooo
woowrR

runtime (sec)

2 4 6 8 10 12 14 16 18 20
number of executors

Fig. 12 Equation 9 for various b values
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Table 2 Experimental Hadoop cluster

Page 16 of 28

Server configuration Processor 29 GHz
Main memory 64 GB
Local storage 10TB
Node configuration CPU Specification Intel(R) Xeon(R) CPU
E3-1231v3 @ 3.40
GHz
Main memory 32GB
Number of nodes 10
Local storage 6 TB each, 60 TB total
CPU cores 8 each, 80 total
Software Operating System Ubuntu 16.04.2
(GNU/Linux
4.13.0-37-generic
X86 64)
JDK 170
Hadoop 240
Spark 210
To the : -
Internet Dedicated Switch
Master Node
Slave Nodes
Fig. 13 The Hadoop cluster used in the experiments

forecasting the ideal number of processors for that kind of job. In the next section, we
experiment with various workloads to see whether this model can fit some of the empiri-
cal data.

Experimental setup

e experimental cluster has its dedicated networking infrastructure, with dedicated
switches. e cluster was designed and deployed by a group of experienced academics
who previously built Beowulf clusters with optimised performance [32].  is infrastruc-
ture is isolated from any other machine to reduce unwanted competition for network
resources. e cluster is configured with 1 master node and nine 9-slave nodes. e
cluster hardware configuration is presented in Table 2 and a simple schematic is shown
in Fig. 13.

Performance evaluation applications

HiBench Benchmark suite [31] comes from the Hadoop testing program to evaluate
the cluster’s performance. In the following section, the benchmark workloads that are
used in this experiment for the Spark performances are shown in Table 3. ere are five
benchmark workloads from four di erent categories: Micro Benchmark, Web Search,
Graph, and Machine Learning.
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Table 3 Spark HiBenchmark workload considered in this study

Benchmark categories Application Input data size Input samples
Micro Benchmark WordCount 313 MB, 940 MB, 5.9 GB, 838 -
GB,and 19.2 GB
Machine learning K-means (small job) 1.3 MB, 2.7 MB,4 MB,53 MB, 3000, 5000, 7000 (sample), 1
and 13.3 MB and 3 (million samples)
K-means (large job) 19 GB, 56 GB, 94 GB, 130 GB, 10, 30, 50, 70, and 90 (million
and 168 GB samples)
SVM 34 MB, 60 MB, 1.2 GB, 1.8 GB, 2100, 2600, 3600, 4100, and
and 2 GB 5100 (samples)
Web search PageRank (small job) 3.8 MB, 5.7 MB, 8 MB, 10 MB, 1, 15, 20, 25, and 30 (thousand
and 12.2 MB of samples)
PageRank (large job) 507 MB, 1.6 GB, 2.8 GB, 4 GB, 1,3,5,7,and 9 (million of
and 5 GB pages)
Graph Nweight 37 MB, 70 MB, 129 MB, 155 1,2,4,5,and 7 (million of
MB, and 211 MB edges)

e WordCount workload is a map-dependent, and in the data set, it counts the num-
ber of occurrences of separate words from text or sequence file. e function of Sort
takes the input file as a text by key. Each word in the input data, which is generated using
RandomTextWriter.

NWeight is an iterative graph-parallel algorithm implemented by Spark GraphX and
pregel. e algorithm computes associations between two vertices that are n-hop away.

e input data consist of more than 1 million edges.

PageRank is a search page ranking algorithm where every single page comes with a
numerical value, and each page is ranked as par vote. It counts a vote when one page is
linked with the other page. Normally, a page linked with many other pages considered as
the higher PageRank. e data source is generated from Web data whose hyperlinks fol-
low the Zipfian distribution. We used di erent sets of input data which consist of more
than a million samples.

K-means is a very popular and well-known algorithm which is used to group data
points into clusters. e input data set is generated by GenKMeansDataset based on
Uniform Distribution and Gaussian Distribution. We used di erent sets of input data,
and each set of data contain more than 5 million samples.

Support Vector Machine (SVM) is a standard method for large-scale classification
tasks. is workload is implemented in spark.mllib, and the input data set is generated
by SVM DataGenerator, which consists of more than 1 million samples.

Cluster parameters con guration

Spark parameter selection and tuning is a challenging task. Every single parameter has
an impact on the system performance of the cluster. Hence, the configuration of these
parameters needs to be investigated according to the applications, data size, and cluster
architecture. To validate our cluster, we try to select the most impactful parameters that
have a crucial factor in the system’s performance. Generally, Spark configuration param-
eters can be categorized into 16 classes [33]:

1. Application properties
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2. Runtime environment
3. Shu e behavior
4. Spark user interface (Ul)
5. Compression & serialization
6. Memory management
7. Execution behavior
8. Execution metrics
9. Networking
10. Scheduling
11. Barrier execution mode
12.  Dynamic allocation
13. Streaming
14. SparkSQL
15. SparkR
16. read configuration.

The selected parameters in Table 4 are closely related to the Spark system perfor-
mance. The default and range column presents the system default values and tuned
values used in this experiment. The listed configuration parameters are chosen for
two reasons; firstly, these parameters have a greater impact on the Spark runtime
performance, such as runtime environment, shuffle behavior, compression and seri-
alization, memory management, execution behavior [31], and the performance of
these key aspects ultimately determine the performance of the Spark application.

Generally, the selection extensive parameters and their configurations are based
on memory distribution, I/O optimization, task parallelism, and data compression
[34]. A noteworthy phenomenon is that the input RDD partition and the allocated
memory affect the rate of data spill to disk where the core of assigned executors run
concurrently and share their resources. So, the prediction model would be signifi-
cantly affected without sufficient memory and partitions [24].

Secondly, the impact of these parameters can occupy all available resources, such
as CPU, disk read and write, and memory. The selected Spark HiBench application
characteristics are presented in Table 5. The applications consist of a number of
jobs, number of stages, Directed Acyclic Graph (DAG) architectures and the opera-
tions that are used. Most of the selected applications have covered the pattern com-
munication in Spark such as Collect, Shuffle, Serialization, Deserialization and Tree
Aggregation.

Findings from the analytical model

In this section, we present the results obtained from the experiments that were car-
ried out with five different workloads, different sizes and number of executors. For
accuracy and reproducibility of results, each experiment was repeated three times
and considered the average runtime to produce each graph. In this case, we have col-
lected log files from the Spark history server and execute a script to get the execu-
tion time.
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Table 4 Selected Spark configuration parameters

Parameters Description Default Range

Spark.executormemory Amount of memory to use per executor 1 12
process, in GB

Spark.executor.cores The number of cores to use on each executor  # 2-12

Spark.drivermemory Amount of memory to use for the driver 1 4
process, in GB

Spark.driver.cores The Number of cores to use for the driver 1 3
process.

Sparkshu efilebu er Size of the in-memory bu er foreachshu e 32 48
file output stream, in KB

Spark.reducermaxSizelnFlight Maximum size of map outputs to fetch simul- 48 96
taneously from each reduce task, in MB

Spark.default.parallelism The default number of partitions in RDDs # 8-100

returned by transformations like join,
reduceByKey, and parallelize when not set

by the user

Spark.python.worker.memory Amount of memory to use per python worker 512 512-1024
process during aggregation, in MB

Spark.python.workerreuse Reuse Python worker or not True True

Spark.rdd.compress Whether to compress serialized RDD parti- False True/False
tions

Spark.serializer Class to use for serializing objects that will be  Java Java

sent over the network or need to be cached
in serialized form

Spark.memory.fraction Fraction of heap space used for executionand 0.6 01-04
storage
Spark. memory.storageFraction Amount of storage memory immune to 05 01-04

eviction expressed as a fraction of the size
of the region

Spark.task.maxFailures Number of failures of any particular task 4 5
before giving up on the job
Spark.speculation If set to "true", performs speculative execution False True/False
of tasks
Spark.rpc.message. maxSize Maximum message size to allow in "control 128 256
plane" communication, in MB
Spark.io.compression.codec Compress map output files snappy l|z4/1zf/snappy
Spark.io.compression.snappy.blockSize Block size in Snappy compression, in KB 32 32-128

Table 5 Workload application characteristics

Workloads Stages Parallel Stages Collect Serialization Deserialization Shu e Aggregate

WC 2 Yes Yes - - Yes -
SVYM 209 Yes Yes No Yes Yes Yes
Nweight 9 Yes - No Yes Yes -
K-means 20 Yes Yes Yes Yes Yes -
Pagerank 5 Yes - No Yes Yes -

Fitting and metrics

For every set of data acquired by running the workloads in the Hadoop cluster, we
found which are the best parameters a and b in Eq. 9. In order to find the parameters
for the equation, we used Gnuplot’s fitting function [35] to fit empirical data to the
equation.

51



Ahmed et al. J Big Data (2021) 8:107 Page 20 of 28

Once the parameters a and b are computed for each size series, it is possible to
compute a fitting metric. One can compute what the runtime for the fitted equation
is and compare to the empirical data. We adopted the R-squared values, which is also
known as coe cient of determination. R-squared is computed using the following
equation [36]:

_ SSres

RZ=1
SStot

(10)

where SSys is the sum of the squares of the residuals and SSt is the sum of the squares
relative to the mean of the data. For a perfect fitting, SSyes = 0 and R? = 1. Generally, the
closer R? is to one, the better the fitting.

The results
Firstly, we present how a and b in Eqg. 9 are di erent for each curve with fixed prob-
lem sizes.

In Figs. 14, 15 and 16 the model fits the empirical data reasonably well. For both the
Wordcount and Graphs,the curves are smoothing out the runtime as the number of
executors grows. In the SVM case (Fig. 16), the model fits nicely and it shows that the
performance reaches a peak for a certain number of executors. s is exactly the case
that the model explains. It seems that for these three workloads the serial part growth
follows Eq. 9 very closely.

For workloads Pagerank and Kmeans, the model does not fit very well (Figs. 17 and
18). is is the case when the sizes are too small, and the runtime is relatively short.
For these workloads, the overheads related to the Hadoop cluster overshadows the
model.

Word Count
350

T T
0.313GB  +
0.940GB

5.90GB %

300 8.80GB

19.2GB =

Runtime (sec)

Number of Executors

Fig. 14 Fitting the 2D plate model to Wordcount
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Fig. 16 Fitting the 2D plate model to SYM

For these two workloads, we have experimented with a di erent equation. We have
seen that in Eqg. 9, the boundary grows at a rate proportional to the square root of
nexec. We then adjusted this function to a di erent exponent, making it:

runtime = —=— + b nexec® 11
nexec (11)

It is important to note that Eq. 9 is a special case of Eq. 11, where ¢ = 0.5. Interestingly,
after fitting Eq. 11 via Gnuplot [35], we found that for a value of ¢ = 0.14, the data used
in Fig. 17 fitted much more accurately, as shown in Fig. 19. In this figure, the R-squared
valued achieved a maximum of 0.870 for size 8 MB and a minimum of 0.497 for size 3.8
MB. For the other three sizes 5.7 MB, 10 MB and 12.2 MB, the R-squared values were
0.560, 0.744 and 0.619 respectively.
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Fig. 17 Fitting the 2D plate model to Pagerank
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Kmeans Small Jobs
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1.37MB
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Fig. 18 Fitting the 2D plate model to Kmeans

is shows that an exponential function explains the same behaviour that we targeted
in this work, i.e., the runtime reaches a peak performance for a certain number of execu-
tors, and then the runtime keeps growing, degrading the performance even when more

executors are added to run the job.

For Pagerank and Kmeans, we repeated the experiments with larger problem sizes. For
larger sizes, Pagerank fits the original Eq. 9 (Fig. 20). Kmeans also shows a better fit to

Eqg. 9 (Fig. 21).

is shows that the relationship between the serial part and the problem size can also
vary. It seems that the constant ¢ works well for Wordcount, SVM and NWeight for

¢ = 0.5 (which is the ¢ value in the original Eq. 9).
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Pagerank Small Jobs
20 T T

Runtime (sec)

10 -

8 1 1 1 1 1 1
2 4 6 8 10 12
Number of Executors

Fig. 19 Fitting Eq. 11 to Pagerank jobs, with c=0.14
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Fig. 20 Fitting the 2D plate model to Pagerank with larger problem sizes

For Pagerank and Kmeans it shows that the constant ¢ can vary with the problem
size. e explanation is that the unpredictable overheads may overshadow the pattern
of the runtime when the sizes are too small, and the jobs run in just a few seconds.
Longer jobs are more stable, and the pattern of the growth of the boundaries (serial
part) can be found more easily. More work needs to be done for the other workloads.

Fitting errors and comparison with Amdahl’s and Gustafson’s laws

e figures in "Findings from the analytical model" section showed the fitting results
for the proposed model. Although we have compared each one of the curves with
Amdahl’s and Gustafson’s Laws, in this section we only show three examples. In the
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Fig. 21 Fitting the 2D plate model to Kmeans with larger problem sizes

majority of the curves, the proposed model fits the empirical data more accurately.
However, in a few cases Amdahl’s or Gustafson’s fit better. Figure 22 shows three
graphs.

e first graph shows that the empirical data fits accurately for all three models. e
R-squared value for the proposed model is 0.999, for Amdahl’s is 0.998, and for Gustaf-
son’s it is very close, 0.997.

e second graph in Fig. 22 shows that Gustafson’s Law has the best fit, but with a
low R-squared of 0.849. e R-squared values for the proposed model and Amdahl’s are
0.649 and 0.840 respectively.

Finally, the third graph in Fig. 22 shows that the proposed model achieved the best fit.

e R-squared values were 0.962 for the proposed model, 0.611 for Amdahl’s model and
0.198 for Gustafson’s model. We can state that in applications where the runtime goes
down and up again with increasing executors, our model will work better than Amdahl’s
or Gustafson’s. For the cases where the runtime keeps going down until it converges to a
fixed value, all three models may work.

e R-squared values for all the curves fitted from Figs. 14 to 21 are shown in Table 6.

ese results show that generally our model fits the data better than Amhdal’s or Gustaf-
son’s equations. Among the 35 rows in Table 6, 25 indicate that our model worked better,
while 4 rows worked better for Amdahl’s equation and 6 worked better for Gustafson’s
equation.

Conclusion

is paper has proposed a new parallelisation model for di erent workloads of Spark
Big Data applications running on Hadoop clusters. e proposed model can predict the
runtime for generic workloads as a function of the number of executors without neces-
sarily knowing how the algorithms were implemented, with a relatively small number of
experiments to determine the parameters for the model's equation. e main focus is
to provide a quick insight into the system’s parameters and reduce the runtime to help
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Fig. 22 Comparison for the fitting accuracy using the proposed model, Amdahl’s law and Gustafson'’s law
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Table 6 R-squared estimates for all the workloads

Workloads Size (MB/GB) R-squared R-squared R-squared
proposed model Amdahl Gustafson
WordCount (Fig. 14) 313.6 MB 0.945 0.743 0.344
940 MB 0.874 0.937 0.641
59GB 0.999 0.992 0.956
88GB 0.996 0.995 0.981
19.2GB 0.997 0.997 0.995
SVM (Fig. 16) 34 MB 0.958 0.586 0.175
60 MB 0.962 0596 0.184
12GB 0.971 0.662 0.249
18GB 0.962 0611 0.198
2GB 0.956 0.925 0.827
NWeight (Fig. 15) 37MB 0.823 0.912 0.706
73MB 0973 0.997 0917
119 MB 0.886 0.936 0.970
155 MB 0.893 0.890 0.843
211 MB 0.967 0.966 0934
K-means (large job) (Fig. 21) 19GB 0.943 0912 0.974
56 GB 0.999 0.998 0.979
94 GB 0.999 0.999 0.986
130 GB 0.997 0.997 0971
168 GB 0.999 0.998 0.997
K-means (small job) (Fig. 18) 13 MB 0.670 0.233 0.007
273 MB 0.941 0.338 0.024
4 MB 0.803 0.750 0.425
530 MB 0.087 0.346 0.400
133 MB 0.649 0.840 0.849
Pagerank (large job) (Fig. 20) 507 MB 0.992 0.994 0.997
16 GB 0974 0.983 0.997
28GB 0.991 0.990 0.990
4GB 0.995 0.995 0.995
5GB 0.996 0.996 0.990
Pagerank (small job) (Fig. 17) 3.8 MB 0.664 0.137 0.001
5.7 MB 0.535 0372 0.105
8 MB 0.897 0.670 0.253
10 MB 0541 0.730 0474
12.2 MB 0.668 0.144 0.000

users, operators, and administrators to optimise the application performance. We have
used a physical cluster and various HiBench workloads of Spark applications on the pro-
posed performance model.

e results show that a particular runtime pattern emerged when adding more execu-
tors to run a certain job. is pattern is driven by a growth of the serial portion of jobs,
found to be proportional to the square root of the number of executors.

For some workloads, the runtime reached a low point, growing again despite the
fact that more executors were added. is phenomenon is predicted by the proposed
model of parallelisation. We have found that for three workloads, WordCount, SVM
and Nweight, the runtime versus executors fit the model’s equation very well. However,
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for the workloads Pagerank and Kmeans the model only works well for large data jobs.
Finally, we can conclude that the results are satisfactory, considering the job sizes and
parameters we chose. e proposed model can give precise recommendations for the
number of executors for a certain problem size, so it is beneficial in terms of perfor-
mance tuning.

For future work, the model will be tested for most of the HiBench workloads to deter-
mine which one works well with the model, or to find an alternative equation that can fit
the data. For each workload, larger problem sizes should be used, with a wider range of
sizesas well.  is would allow for a more accurate prediction of the runtime for a certain
physical cluster, with a minimum number of experiments to determine the two most
important parameters for runtime, number of executors and problem sizes.
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Abstract: Big data frameworks play a vital role in storing, processing, and analysing large datasets.
Apache Spark has been established as one of the most popular big data engines for its ef ciency and
reliability. However, one of the signi cant problems of the Spark system is performance prediction.
Spark has more than 150 con gurable parameters, and con guration of so many parameters is
challenging task when determining the suitable parameters for the system. In this paper, we proposed
two distinct parallelisation models for performance prediction. Our insight is that each node in a
Hadoop cluster can communicate with identical nodes, and a certain function of the non-parallelisable
runtime can be estimated accordingly. Both models use simple equations that allows us to predict the
runtime when the size of the job and the number of executables are known. The proposed models
were evaluated based on ve HiBench workloads, Kmeans, PageRank, Graph (NWeight), SVM, and
WordCount. The workload’s empirical data were tted with one of the two models meeting the
accuracy requirements. Finally, the experimental ndings show that the model can be a handy and
helpful tool for scheduling and planning system deployment.

Keywords: big data processing; Apache Spark; execution time prediction; performance prediction;
modelling

1. Introduction

An increasing amount of data is coming from many applications, and it has become a
challenging task to store and process big data ef ciently [ 1]. In the last decade, researchers
proposed and developed ef cient distributed parallel le systems, such as MapReduce [ 2]
and Spark [3], which provide various functions, including fault-tolerant, high scalability,
open access §], and simple application programming interfaces (APIs). Spark got prompt
attention from professionals and researchers because of those features and fast data process-
ing [5]. Spark can support of a wide range of data processing libraries, such as SQL spark
for structured data processing; MLIib; and GraphX for machine learning, image processing,
and streaming [6]. Besides, it can also store batch and streaming data and process this data
using the applications and store the results in HDFS.

Spark introduced a new data abstraction technique called resilient distributed dataset
(RDDs) [3] that improves multiple applications’ performances. Its application execution time
is an essential factor in measuring real-time processing where the optimum execution time can
be obtained based on accurate resource allocation. Spark’s performance expansively depends
on the suitable selection of parameters, as this system has more than 150 parameters, and
the selection and configuration of these parameters are challenging. The users need to adjust
the configuration parameters as per the cluster resources; else, the cluster’s performance
degrades significantly. Indeed, it is essential to select and configure the parameters that
play an important role in system’s performance [ 7]. In the recent past, researchers proposed
number of techniques, such as trial-and-error [ 8], cost-based (analytical) [9], and machine
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learning modelling [ 10,11]. However, all these techniques are either time-consuming or
require large amounts of training and test data [ 12]. There are many issues practitioners may
encounter when trying to model the performance of a cluster. One standard option to create a
model is the use of machine learning algorithms, but this requires that enough sample runs

are acquired, and this can take time. If not enough samples are acquired, capturing diverse
data points, the accuracy of the model may suffer. Furthermore, machine learning can be

a black box for the practitioner, and finding a simple model would be very useful because

that would minimise the need to run workloads repeatedly too many times.  Therefore, the
following research question arises: What parallelisation model for a Hadoop cluster can be
found and implemented quickly and ef ciently in order to improve the performance prediction of
ajob?

Any algorithm can be parallelised, but not all algorithms can run ef ciently in par-
allel machines such as a Hadoop cluster. It is a common phenomenon that the parallel
performance depends mostly on how the algorithm operates and how nodes communicate
to one another. In any parallel system, two of the most important parameters that will
determine the runtime are the size of the job and the number of available executors (here
executors can be interpreted as CPUs, or nodes of a cluster). Other parameters can drag the
performance down, but they will not necessarily increase the performance. For example,
if not enough memory is available to a job, this will increase runtime. If the minimum
amount of memory is available, more memory will not make the job run faster. The number
of available executors is very important, especially when the algorithm being parallelised
requires communication that is not needed when the same algorithm is implemented and
run on a single executor. For example, some algorithms are embarrassingly parallel (a
term coined in the 90s), meaning that no extra work is needed when the job is parallelised.
In this case, the speed-up is proportional to the number of processors available. In other
cases, the speed-up can be super-linear, as in the case of searching algorithms running
in parallel. Unfortunately, there are also groups of algorithms that do not present this
optimistic speed-up [ 13]. One important factor that causes the degradation of performance
is the fact that the algorithm may require extra communication and I/O operations that are
inherently serial in nature.

The motivation for this paper was to extend our previous work, where we proposed a
simple model to predict runtime as a function of number of executors [ 14]. The novelty
of that work was the consideration of the importance of the amount of data in such
performance prediction models. Accordingly, we extend the previous model and propose
new parallelisation models that consider the number of executors and the the amount of
data simultaneously. To the best of the authors’ knowledge, such models have not been
published in the literature before. These new runtime performance prediction models rely
on simple equations. They can potentially be as fast and as accurate as models created using
machine learning. The authors have experimentally con rmed that the proposed ideas can
be very useful for the runtime performance prediction of Spark jobs on the Hadoop cluster
because they require minimum training data to achieve good predictions in less time.

The key contributions of this paper are as follows:

We introduced two distinct parallelisation models for performance prediction of Spark
jobs on Hadoop cluster. Each model is based on a different communication pattern
between the nodes of a Hadoop cluster.

We accomplished extensive experimental work. The authors analysed and veri ed
the performance pattern based on two main parameters, the number of executors and
the amount of data for each job. The data reliability was veri ed by running each
workload at least three times.

We evaluated our models on ve HiBench workloads in order to test the data tting
accuracy. Our results show that the experimental data tted one of the models
accurately, and the tness was compared with Amdhal’s law, Gustafson’s law, and
Ernest’s model. The data tness was compared based on two criteria, Rsquared
and RRSE.
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The remainder of this paper is organised as follows: Section 2 provides a brief overview
of Apache Spark. Section 3 presents some interesting Spark performance prediction based
on a recently published Hadoop cluster-related study. In Section 4, we discuss existing
models for runtime prediction for a Hadoop cluster. In Section 5, we describe a parallel
model based on a fully connected network, and discuss the motivation for this model. In
Section 6, we explain the experimental setup and present the workload execution and show
the DAG of stages. Section 7 presents the results and analysis; in particular, it shows how
the different equations t the data. Finally, in Section 8 we present our conclusions with a
discussion on the future developments for the model.

2. Apache Spark Platform

Matei Zahari developed Apache Spark at UC Berkely’s AMPLab in 2009 [ 3]. In 2010,
Spark became an open-source project. Spark has since been very popular and serves as an
alternative to the MapReduce model for open access, high-performance [4], and real-time
data processing [15]. Spark presents a new way to process data faster, and its uses are in
data analytics, big data processing, and machine learning. The major advantage of Apache
Spark for machine learning is its end-to-end capabilities. As per the Datanyze market
research [L6], Apache Spark’s market share is almost 6.40% with more than 2770 companies
globally. As per enlyft data[ 17], 59% of customers of Apache Spark are in the United State,
6% are in the United Kingdom, and 6% are in India.

Many programming languages, such as Python, Scala, Java, and SQL APIs, are em-
bedded within this technology for use and development purposes. Compared to Hadoop,
Spark offers a hundred times faster memory and ten times faster performance on disk.
Due to its memory, Spark increases the performance of the application. Spark is an ecosys-
tem which consists of various components, such as Spark SQL, Spark Streaming, Mllib,
GraphX, and core APl components. These components are designed to work closely to
the core, and an application can be developed based on their libraries. Apache Spark
offers well-de ned architecture. In this architecture, the two main abstractions are Resilient
Distributed Datasets (RDDs) and Directed Acyclic Graph (DAG). Generally, in the Spark
cluster, an RDD collects the data and splits the data into partitions; then, this partitioned
data are stored in the memory on worker nodes and parallel operations are performed.
Spark’s RDD supports two types of operations, transformations and actions. A transfor-
mation uses the existing data to create a new dataset, and actions perform computations
on the dataset and return their values to the driver program [ 18]. In Apache Spark, DAG
consists of sequences of vertices and edges. Any job submitted in Spark creates a DAG
and forwards the job into the stage level, where every stage is comprised of tasks based on
input data and the RDD patrtition.

Apache Spark architecture uses master slave systems with driver programs. The
driver program runs as a master node, and the executors run as slave nodes. The executors
start their processes once they receive the input le and continue until the job is completed.
In this case, the executors keep themselves active the entire time and use multiple CPU
threads for the task in parallel. The driver program creates the SparkContext and stores all
the components. Spark driver and SparkContext look after the job execution in the cluster.
In Spark, a job is executed in one or multiple physical units, and the jobs are divided
into smaller sets of tasks at this stage. A single spark job can trigger many jobs that are
dependent on the parent stage. Thus, the submitted job can be executed in parallel. Spark
runs submitted jobs in two stages: Shuf eMapStage and ResultStages. Shuf eMapStage
is an intermediate stage where the output data are stored for the following stages in the
DAG. The ResultStages is the nal stage of this process that applies a function to one or
multiple partitions of the target RDD.

For any given work, the number of executors, the amount of data, and the number
of threads play vital roles in the performance [ 19. The block manager acts as a cache
storage for a user’s program when executors allocate memory storage for the RDDs. Spark
runs on a Hadoop cluster with Apache YARN (Yet Another Resource Negotiator) [ 20]
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as a framework for resource management and job scheduling or monitoring, in separate
domains; and Apache Ambari manages, monitors, and pro les the individual workloads
running the Hadoop cluster. Figure 1 shows a typical Spark cluster architecture.

Master Node

SparkContext

Cluster Manager

I

Slave Node Slave Node Slave Node
Executor Executor Executor
Task | |Task || |77 Task | [Task || |77 Task | | Task
Task Task Task Task Task Task

Figure 1. A typical Spark cluster architecture.

3. Related Work

The current state-of-art in Spark performance predictions of big data has received
widespread attention from researchers. Researchers have proposed several exciting works
based on trial-and-error [ 8], grey-box modelling [ 21], black-box modelling [ 12], and ma-
chine learning approaches [22,23]. In this section, we present a review of the literature
published in the recent past.

Petridis et al. [8] presented a trial-and-error methodology to predict the execution
time of a Spark job. This work highlighted how the number of cores and parallelism play
signi cant roles in the performance. There were twelve parameters considered with three
benchmark applications sort-by-key, shuf ing, and Kmeans. They obtained signi cant
performance improvements by using KryoSerializer rather than using the default Java Seri-
alizer, and the speed-up achievement was 10-fold. In their second work [ 24], they proposed
an alternative systematic methodology for parameter tuning which can be applied to any
computing infrastructure. They identi ed that the number of cores of the Spark executor
has most impact; and the level of parallelism for example, the number of partitions per
participating core plays a signi cant role in maximising the performance improvement.

Muhammad Usama Javaid et al. [25] proposed a robust performance model based on
a machine learning (ML) algorithm. In order to train the ML algorithm, they used various
amounts of input data, sets of spark parameters, and features.

A complex data-driven work ow application was proposed by Gulinoetal. [  26] where
they combined ML and an analytical model to predict the execution times of arbitrary
complex work ow applications.

Cheng et al. [27] proposed a machine-learning-based, ef cient, performance prediction
model for Apache Spark. This technique was capable of predicting the execution times
accurately for the given application and con gurations. At the stage level, Adaboost was
used to build the model. They used projective sampling and data mining techniques to
mitigate the modelling overhead. They claimed that the proposed model offers three
advantages: no prior assumption of con guration parameters, stand-out robustness and
stability, and less overall cost for the modelling process. They found that the average
prediction error of the model was only 9% as compared to the other techniques.
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In their second work, Cheng [ 11] proposed combined multi-object optimization (MOP)
and an Adaboost algorithm to nd the optimal con guration of parameters and predict
the model’s performance. They evaluated the system with six Spark benchmarks. Five
different datasets were used to analyse the performance. They claimed that the model can
nd the appropriate con guration setup and minimise the time and computational cost.
The average improvement in computational cost was about 35% to 40%.

Aziz et al. [ 28] presented the resource management and data processing, the system
processing time and speed-up, and the impact of persistence of resilient distributed datasets
(RDDs) in Spark based on machine learning algorithms. In this analysis, the appropriate
storage level of execution time was presented for Spark using a machine learning algorithm
in RDD. They found that the speed-up does not improve by adding additional nodes, and
the performance is degraded; and the total processing time increased signi cantly. There
were many factors behind this degradation: among them, the most signi cant reason was
the 100% allocation of cores to executors.

Boden [29] proposed a representative set of machine learning algorithms (supervised
and unsupervised) to investigate large-scale datasets. The mathematical variation and
appropriate system parameters were tuned for the amount of data and dimensionality of
the data. The author reported that machine learning algorithm problems exhibit very high
dimensionality due to data scaling and model size scaling. Therefore, they focused on
the aspects likely affecting scaling the data and scaling the model’s dimensionality. Their
study found that as the the amount of data was increased, the system exhibited linearly
increments in time consumed.

A cost bene t Spark performance prediction model based on a machine learning
algorithm was proposed by Maros [ 30]. They have proposed both black-box and grey-box
models based on four machine learning algorithms. They considered three different aspects:
the amount of training data, platform con gurations, and workloads. They compared their
model with Ernest [ 31]. They found that the performance estimation error was better than
Ernest when the dataset extrapolation was required. Mustafa [ 10] proposed a new platform
to predict the execution time for SQL queries and machine learning applications. This
technique is very similar to the grey-box model. They applied three different approaches
which used existing methods to predict the execution times of the queries. The authors
claimed that the SQL query workload produced less than 10% error, whereas the machine
learning workload produced less than 25%.

An exciting system was proposed by Amannejad et al. [ 32], which can predict the
execution time in a short time. In this method, minimum resource settings are considered,
which do not have complex dependencies and parallel stages. An application is used
to analyse the work log les. This method requires two reference les, and the les are
relatively small. This method had excellent accuracy regarding execution time, where
the average prediction error of the workloads was about 4.8%. Unlike this work, they
considered only a single node cluster, not a real cluster environment.

In a related but alternative model, PERIDOT was presented by Amannejad et al. in
their second paper [33]. A small subset of input data and xed limited cluster resources
settings were considered to get quick execution time. They analysed the logs from both the
executions and checked the internal dependencies between the internal stages. There were
eight HiBench workloads used this experiment. They reported that the data partitions and
the number of executors had signi cant impacts on execution time. This method had an
overall mean prediction error of 6.6%, except for naive prediction techniques.

We summarise the different approaches in Table 1.

Unlike our approach, other approaches described in the literature may require time
to modify several default parameters, which are very complex and tedious to work with.
Apart from this, machine learning models usually require a large number of experiments
in order to generate enough data for model training. Our proposed models need very
few experiments, tting the data obtained into simple equations. The equations can also
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give some insights into the pattern of communication between the nodes when running

Spark jobs.

Table 1. The recent approaches to Spark performance prediction.

References

Approach/Method

System/Environments

Cheng et al. [27]

Machine Learning

Ef cient performance prediction
for Apache Spark.

Ahmed et al. [34]

Comprehensive
Trial-and-Error

Apache Hadoop and Apache Spark
for large scale datasets.

Al-Sayeh et al. [21]

Gray-box modelling

Runtime prediction of Spark jobs.

Shah et al. [33]

PERIDOT

Quick execution time predictions
for Spark applications.

Aziz et al. [28]

Machine Learning

Resource management for
ef cient performance of Apache Spark.

Gounaris et al. [24]

Alternative
Systematic

Spark parameter tuning.

Mustafa et el. [10]

Machine Learning

Predicting execution time of Spark jobs.

Chao et al. [35]

Gray-box modelling
(Machine Learning)

Spark performance model for
accuracy improvements.

Petridis et al. [8]

Trial-and-Error

Spark parameter tuning.

4. Parallelisation Models
4.1. Amdahl’'s Law and Gustafson’s Law

If no communication between the various executors is needed to run a job, the job is
called embarrassingly parallel [ 13]. The implication of having no need to communicate
between different executors is that the speed-up is proportional to the number of executors;
i.e., if one executor takes time t, then n executors will take time % However, any small
portion of the job that is not parallelisable can bring major consequences for parallel
performance. In this case, the linear speed-up achieved by adding more executors (in the
form of CPUs or cores, or separate nodes) may decline sharply.

Amdahl came up with a generic equation to predict the speed-up factor of a parallel
application as a function of the number of processors [ 36]. The equation considers that
parts of the application (or job, or workload) are inherently serial in nature and would not
be parallelisable.

nexec

S(nexe} = 1+ (nexec 1) fnp

1)

where S(nexeg is a function that represents the speed-up as a function of the number of
executors, nexeds the number of executors (often interpreted and nodes or CPUs available
in the infrastructure), and fnp is the factor of non-parallelisable portions of a job. f,p = 0
represents a perfectly parallelisable job that will yield full speed-up (e.g., if there are 10
executors available, the job will run 10 times faster, or S(10) = 10).

From Equation (1), and considering that a single processor takes time t to run a certain
workload, the predicted runtime running on multiple processors would be:

nexec

where t is a hypothetical runtime needed to run a job in a single executor.
If we consider the size of the job, we can modify Equation (2) to:

runtime = + fopt (2)
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(1 fap)

runtime = a f(Size + fnp 3
where ais a constant coef cient, and f(Siz8 is a function that re ects the growth of the
runtime with increasing sizes (an approximation of the algorithm complexity). As most
of the workloads implemented in HiBench are either linear or quadratic, f(Sizé can be
replaced by either Sizeor Sizé.

An example of what Amdahl’s law means for different serial factors and numbers of
executors is shown in Figure 2. It shows the in uence of both parameters on the runtime of
a simulated job with a xed dataset size.

Figure 2. Amdahl’s law for various serial factors and numbers of executors.

A few years after Amdahl’'s publication, Gustafson argued that the percentage of the
serial part of a job is rarely xed for different problem sizes [ 37]. In Amdahl’s law even a
small percentage of serial work can be detrimental to the potential speed-up after adding
more executors. Gustafson noticed that for many practical problems the serial portion
would not grow with an increase in problem size. Gustafson’s speed-up equation is:

S(nexe¢ = nexect (1 nexeg fnp 4
Additionally, the runtime equation as a function of ~Sizeand nexeacan be written as:

a f(Size
nexect (1 nexeg fnp

(®)

runtime =

Both Amdahl’'s and Gustafson’s equations show that runtime will always go down
as the number of executors increases. However, often in practice the communication
can impose an overhead, so runtime might increase after a certain limit on the number
of executors. We compare Equations (3) and (5) to our own model of parallelisation, as
discussed in the next section.

An example of what Gustafson’s equation (5) means for different serial factors and
numbers of executors is shown in Figure 3. It shows the in uences of both parameters on
the runtime of a simulated job with a xed dataset size.
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4.2. A Model Using a 2D Plate Communication Pattern

In our previous work [ 14] a model using a 2D plate communication pattern based
on a description by [ 13] was proposed and tested. In that work, we used the following
equation, which is a function of nexeonly ( xed problem sizes):

. a —
runtime = + b P nexec (6)
nexec

where aand b are coef cients, and nexeds the number of executors.

Figure 3. Gustafson’s law for various percentages of serial work.

The equations were based on a communication model where each node has to ex-
change information with certain neighbours, but not all. Figure 4 shows an example of the
boundaries of communication between nodes for this model.

-

/

i o
_

Figure 4. A 2D plate’s homogeneous node communication.
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The second part of Equation (6) is a function of sqrt(nexeg. We have also experimented
with a different function, nexeé€, where c <= 1, and found that for some data it worked
even better. Furthermore, based on [31], we added a constant term d to the equation to
improve the tting. Therefore, Equation (6) can be rewritten as:

af(Size
exec
where f(Siz8 is a function representing the time complexity of the workload when it runs
on one executor, and g(Siz§ is a function that indicates the growth of the communication
and overhead when parallelising the job. After preliminary experiments, we found that
g(Size = Sizeworks well.
For linear algorithms, f(Size = Size so we can rewrite Equation (7) as:

runtime = + b o(Sizé nexe€+ d )

aSize
nexec

runtime = + b Size nexéer d (8)
If the workload is quadratic, f(Siz8 = Sizé&, and Equation (7) can be rewritten as:

aSizé
nexec

runtime =

+ b Size nexéer d 9)

5. An Enhanced Model for Runtime Prediction

The model described in Section 4 has its limitations, as it assumes that each node
would only communicate with a small number of neighbour nodes. We observed that
although the model ts the data well for some workloads, it still may not re ect the
communication that may be required when using HDFS, where copies of the data may
be anywhere in the cluster. It is a known issue that for different algorithms, different
communication patterns emerge [13], as the algorithm itself may require data located
elsewhere or computations carried out by other nodes. In the proposed models, we took
communication as a single factor, as this simpli es the model.

In order to expand the model to include both the number of executors and job sizes, we
decided to reformulate the model. Thus, we considered that a node (where the executors
have CPU resources) can communicate with any other node in the cluster. Although the
communication pattern is not known for a black box implementation, we can infer what is
happening through the empirical data acquired by running the same workload with many
sizes and numbers of executors.

The communication pattern is assumed to be of the shape of a fully connected graph
(see Figure 5). The assumption is that a function (unknown) of the size and number
of executors drives the extra runtime needed to complete the communication between
nodes. The extra runtime is, of course, compensated by the extra nodes involved in the job.
Therefore, two components of the equation drive the runtime in opposite directions: the
extra nodes will divide the processing to run the job, but communication between them
requires extra time. The basic parallel equations start as:

. t
runtime = ——— + tggi 10
nexec serial ( )

where t is the runtime for a job of a certain size to run in a single executor (no communica-
tions involved), nexeds the number of executors, and tserig is the serial portion of the job
that cannot be parallelised, here considered to be communication overheads and any other
overheads required to run the job in parallel.

If the size is added to the model, we need to know the algorithmic complexity of the
implemented code.

f(Size
nexec

runtime =

* tserial (11)
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For simplicity, we assume that each node will communicate with every other node,
and that the communication (be it HDFS or partial computations being exchanged between
nodes) is symmetric and homogeneous. This makes the growth of tgeig a function of both
the size and number of executors. We hypothesise that a good approximation for tgeyial
depends on the number of links between the nodes. This is the same as the number of
edges in a fully connected graph:

nexe¢nexec 1)

nlinks = 12
5 (12)
| -
[
-+
e \ <
* e
\ o~ A
«* ¥ ox
-
- —
Figure 5. Communication model based on fully connected graphs.
Furthermore, the serial portion becomes:
. nexe¢nexec 1)
tserial = 9(Size - (13)
Equation (11) can be rewritten as:
. f (Siz@ . nexe¢nexec 1)
runtime = + g(Siz¢g ———F———— 14
nexec 9(Siz9 2 (14)

In the parallelisable part of the runtime, the function f(Siz€ can be simpli ed to the
complexity of the algorithm implemented for the workload. However, for the serial part,
the g(Sizé function is unknown. The data can t well considering that  g(Size = b Sizé,
where c is a constant exponent less than 1. For better tting, we added another coef cient,
d, representing a constant term for a given dataset (similarly to [31]).

For linear algorithms, f(Size = a Size so we can rewrite Equation (14) as:

. aSize . nexe¢nexec 1
runtime = . + b Sizé nexegnexec 1)

exec 2 *+d (15)

If the workload is quadratic, f(Size = aSiz&, and Equation (14) can be rewritten as:
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aSizé N nexe¢nexec 1)

b Sizé& >

runtime =

+d (16)

6. Experiments
6.1. Experimental Setup

The experimental big data cluster used in this work was designed and developed
by a group of academics at Massey University, Auckland campus [ 38. The hardware
for this experimental big data cluster is similar to a Beowful cluster. The cluster runs on
dedicated network infrastructure with dedicated switches. All other network machines are
kept away from this infrastructure to reduce the network latency and unwanted network
resource utilisation. The cluster was designed and developed with one master node and
nine slave/worker nodes. The Hadoop cluster server and node con guration is presented
in Table 2. The schematic diagram of the cluster is presented in Figure 6.

Table 2. Experimental con guration of the Hadoop cluster.

Server Con guration

Processor 2.9 GHz
Main memory 64 GB
Storage 10TB
Node Con guration
CPU Intel (R) Xeon (R) CPU E3-1231 v3@3.40 GHz
Main memory 32GB
Number of Nodes 9
Storage 6 TB each, 54 TB total
CPU cores 8 each, 72 total
Software
Operating System Ubuntu 16.04.2 (GNU/Linux 4.13.0-37-generic x86 64)
Hadoop 2.4.0
Spark 2.1.0
JDK 1.7.0

Figure 6. Schematic diagram of the Hadoop cluster used in the experiment.

6.2. Experiment Performance Evaluation

HiBench [39] is a popular big data benchmark suite that helps researchers and pro-
fessionals to evaluate big data frameworks’ performances. HiBench offers various char-
acteristics and evaluates cluster deployment through comprehensive benchmarking [ 40].
It consists of various Hadoop programs, namely, synthetic micro-benchmarking and real-
world applications. This experiment used ve workloads from four different benchmark
categories: Micro-Benchmark (WordCount), Machine Learning (Kmeans and SVM), Web
Search (PageRank), and Graph (NWeight). The statistics of the experimental workloads
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are presented in Table 3 and the workload of Spark HiBench'’s characteristics are pre-
sented in Table 4. Our target was to predict the Spark execution time considering the
above workloads, and show how the execution time will be tted with the proposed
models. The individual workload DAG of stages and their execution are presented in the
following section.

WordCount (WC): The WC workload performs the operation based on the Map
function, which transforms the data into various representations. In HiBench, the WC
input data are produced based on RandomTextWriterwhich is contained in the Hadoop
distribution. It counts the occurrences of separate words from the text or sequence le.
An example of a job execution plan and its DAG of stage is presented in Figure 7. As
shown in the gure, WC performed the operation in two stages; ve tasks were involved
in this operation.

Table 3. Spark HiBenchmark workload considered for this study.

Benchmark o .
Categories Application Input Data Size Input Samples
Multiple-Exec. Single-Exec.
Micro WordCount  313MB,940MB, ° B 5CB.7GB,
Benchmark 10 GB, 12.8 GB, -
5.9 GB, 8.8 GB,
and 19.2 GB 14.4 GB, 16 GB,
’ 18 GB, and 21.6 GB
19 GB, 56 GB, 1GB, 38GB, 75GB, 10, 30, 50,
Kmeans 94 GB, 130 GB, 113 GB, 149 GB, 70, and 90
. and 168 GB and 187 GB (million samples)
Machine
Learning 34 MB, 60 MB, 288 mg' ggg mg' 2100, 2600, 3600,
SVM 1.2GB,1.8GB ! ’ 4100, and 5100
and 2 GB 1.35CB, 2GB, (samples)
2.3GB, and 2.5 GB P
507 MB, 1.6 GB, 100 MB, 250 MB,
750 MB, 6 GB, 1,3,5,7,and 9
Web Search PageRank 2.8 GB, 4 GB, o
and 5 GB 7 GB, 8 GB, 9 GB, (million of pages)
and 10 GB
20 MB, 55 MB,
37 MB, 70 MB, 99 MB, 141 MB,
Graph NWeight 129 MB, 155 MB, 175 MB, 214 MB, (1r’nﬁ|'i§r'1 E(’)'fzzd ZS)
and 211 MB 247 MB, 262 MB, 9
and 286 MB

Kmeans: K-means is a well-known clustering algorithm that is commonly used for
knowledge discovery and data mining. The Kmeans input data are a group of samples,
generated by GenKMeansDatasgtvhich is based on uniform and Gaussian distribution.
We used various amounts of input data, such as tiny, small, and large, with the dimensions
of 3 and 20; no of cluster , 5; max-iteration , 5; centroid, 10; and converged, 0.5. The job
was executed in 19 different stages, and a sample of job DAG stages is shown in Figure 8.
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Figure 7. Spark stages DAG of WC.
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Figure 8. Spark stages DAG of Kmeans.

SVM : Support vector machines (SVMs) are used for large-scale data classi cation
tasks. It is considered one of the standard methods of big data classi cation. In Spark,
MLIib is used for SVM workload implementation. Its input data are generated by the SVM
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DataGeneratarWe selected the SVM parameters such as number of iterations, stepSize, and
regParam and modi ed their values to 100, 1.0, and 0.01. The system required 213 stages to
complete the task. Figure 9 shows a sample DAG of SVM.

tI#L S

AT Yo\

! & h ! +
1 1#] $++ o orE $((. 1" # S48
A A8 * A
\, ) /
, Lot I# $8)
-0
- #1'$)

Figure 9. Spark stages DAG of SVM.

NWeight : NWeight is implemented by Spark GraphX library and pregel, and it works
as an iterative parallel algorithm. It enhances the Spark RDD with a directed multigraph,
which consists of properties enclosed with vertices and edges. The input les consist of
millions of edges. It required eight different stages to complete the task. The workload
DAG of stages is shown in Figure 10.

Figure 10. Spark stages DAG of NWeight.

PageRank: PageRank is a well-known page search algorithm where every page has
a unigue number, and an individual page is ranked as per the vote. The vote is counted
when the pages are connected with the other pages. Generally, when a page is linked with
several different pages, it is considered as a higher PageRank. In PageRank, the data source
is generated from Web data. The hyperlinks of those data follow the Zip an distribution.
Various sets of input samples (from thousands to millions) were used in this experiment.
The job was executed in four different stages. Figure 11 shows the workload DAG of stages.
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Figure 11. Spark stages DAG of PageRank.

Table 4. Workload application characteristics.

Workloads Stages Parallel Stages Collect Serialization Deserialization Shufe Aggregate
wC 2 no yes - - yes -

SVM 209 no yes no yes yes yes
NWeight 9 yes - no yes yes -
Kmeans 20 no yes yes yes yes -
PageRank 5 no - no yes yes -

6.3. Con guration of Parameters

One of the challenging jobs of Spark cluster deployment is the parameter selection.
There are more than 150 con gurable parameters [8] in the Spark system, and each pa-
rameter plays a vital role in improving system performance. Spark’s cluster performance
relies on hardware infrastructure and accurate parameter selection. Performance improve-
ments can be achieved by tuning the values of the parameters. The con guration of these
parameters needs to be investigated according to the applications, amount of data, and
cluster architecture. However, some in uential parameters  executorsexecutors corexecu-
tor memory driver memory etc. massively in uence the system’s performance. Besides,
normally the number of parameters used is the default value. We have performed extensive
experiments, selected the impactful parameters, and tuned their crucial factors to validate
our cluster to get optimum performance. In the recent past, some studies [ 35,41] were
carried out which illustrate the impacts and importance of the parameters. The chosen
parameters for our study are listed in Table 5.

The default column in Table 5 presents the system’s default configuration, the range col-
umn presents the tuned values used in this experiment, and the description column presents
parameter information. There were two reasons to choose these parameters: firstly, Spark’s
runtime performance heavily depends on these parameters; secondly, these parameters control
pivotal resources: CPU, disk read and write, and memory [42].
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Table 5. Spark HiBenchmark parameters considered in this study.
Parameters Default Range Description
Spark.executor.memory 1 12 Amount of memory to use per
executor process, in GB.
Spark.executor.cores 1 214 The number of cores to use on
each executor.

. Amount of memory to use for
Spark.driver.memory 1 4 the driver process, in GB.
Spark.driver.cores 1 3 The N.umber of cores to use for

the driver process.
Size of the in-memory buffer for
Spark.shuf e. le.buffer 32 48 each shuf e le output stream,
in KB.
Maximum size of map outputs to
Spark.reducer.maxSizelnFlight 48 96 fetch simultaneously from each
reduce task, in MB.
Spark.memory.fraction 0.6 0.104 Fractlo_n of heap space used for
execution and storage.
Amount of storage memory immune
Spark.memory.storageFraction 0.5 0.1-0.4 to eviction expressed as a fraction
of the size of the region.
. Number of failures of any particular
Spark.task maxFailures 4 5 the task before giving up on the job.
. True/ If setto true performs speculative
Spark.speculation False .
False execution of tasks.
Maximum message size to allow in
Spark.rpc.message.maxSize 128 256 control plane communication,
in MB.
Spark.io.compression.codec snappy Iz4/I1zfIsnappy Compress map output les.
Spark.io.compression.snappy.blockSize 32 32128 Block size in Snappy compression, in KB

7. Results and Analysis

In this part, we present the experimental ndings. We have considered various
amounts of data and systematically increased the number of executors to study the system’s
behaviour. For the results’ reproducibility, each experiment was repeated at least three
times, and the average execution time was taken into consideration in the nal graph. We
have collected the log les from the history server and calculated the job execution time
using a Python script. We found that there is some fraction of the time difference between
Ambari and our Python script. We have considered the most realistic time.

7.1. Procedure to Fit Equations

The procedure for the experiments for the HiBench workloads used for this work is
summarised as follows. Firstly, for a certain workload, we ran a few jobs with different
sizes using only one executor (Section 6.2). We then estimated the function f (Sizé€, which
re ects the time complexity of the implemented algorithm (Section 7.2).

We ran more jobs with similar sizes as above, while varying the number of executors
(Section 6.2). For each workload, we used up to 14 executors and ve different sizes, chosen
appropriately for each workload (Table 3).

Using the multi-parameter tting function available in Gnuplot [  43], each dataset
was tted to the following Equations: (8) (linear) or (9) (quadratic), (15) (linear) or (16)
(quadratic), Amdahl (3), Gustafson (5), and Ernest [31] (Section 7.3).

The best t for each equation above was chosen considering Rsquared and %E asa
criterion, as discussed in Section 7.4.
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7.2. Finding the Approximate Algorithm Complexity ($iz6)

Regarding the nominal time complexity of the algorithms used in HiBench for these
experiments, some are linear and some are quadratic. SVM is typically O(N?2) or even
O(N3) [44]. K-means is usually quadratic [ 45]. The PageRank algorithm can be O(n
m), where n is the number of nodes and m is the number of arcs [46]. WordCount is
usually linear O(N) [47]. The Graph (NWeight) algorithm can be either linear or quadratic,
depending on the graph representation. Using an edge list, it is quadratic O(N?2) [48].

In order to nd the function f(Sizé for Equation (11), we ran several jobs using a
single executor. The results are shown in Figure 12.

Based on the residual standard error (given in Gnuplot [ 43] as the rmsvalue) of the
tting to linear or quadratic trends, it was found that only SVM and NWeight had quadratic
trends. The other methods produced linear trends. The appropriate equations were tted
to the complete data. Dataset size and number of executors were used as parameters for
the model.

The possible complexity for the workloads and the actual data ttings for single
executors are summarised in Table 6.

Table 6. Time complexity for the workloads.

Workload Theoretical Time Complexity Single Executor  Best Fit f (Size)
WordCount O(N) [47] linear
SVM O(N?) [44] quadratic
PageRank O(n m) [46] linear
Kmeans O(N?) or O(N) [45] linear
NWeight O(N?) or O(N) [48] quadratic

7.3. The Full Model Fitting

After running several jobs with different HiBench workloads, we collected runtime
data for various sizes and numbers of executors. The data were tted using equations for
the fully connected model: Equation (14) (replaced by Equation (15) for linear complexity or
(16) for quadratic complexity); and for the special case where ¢ = 1, Amdahl's Equation (3),
Gustafson’s Equation (5), Ernest’s equation [31], and the 2D plate model using Equation (7)
(replaced by Equation (8) for linear complexity or (9) for quadratic complexity). The best
tis shown in the gures below, considering the tting criteria described in Section 7.4.
Table 7 presents the Rsquared results for each equation, and Table 8 presents the RRSE
results for each equation.

Figure 13 shows the graph presentation of the WordCount workload for the amounts
of data between 0.3 and 19 GB. The best t used Equation (8) and there was a draw with
Amdabhl’s equation, yielding an Rsquared of 0.997 and an RRSE of 0.074.
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Figure 12. Single executor runtime complexity with different sizes.
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Figure 13. Fitting the model to WordCount workload for amount of data.

Figure 14 shows the SVM workload for sizes between 0.034 and 2 GB. Equations (9)
and (16) were the best t for the data, with an Rsquared of 0.917 and an RRSE of 0.271. The
relatively high RRSE indicates that the data may be dependent on other factors, which may
be investigated in future works.

Figure 14. Fitting the model to SVM workload with different dataset sizes.

Figure 15 shows the PageRank workload for sizes between 0.057 and 5 GB. Equation (8)
and Amdahl’s were the best fit for the data, with an Rsquared of 0.990 and an RRSE of 0.113.
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Figure 15. Fitting the model to PageRank workload for amount of data.

Figure 16 shows the Kmeans workload for sizes between 19 and 168 GB.Equation (8)
was the best t for the data, with an Rsquared of 0.993 and an RRSE of 0.130.

Figure 16. Fitting the model to Kmeans workloads with different sizes.

Figure 17 shows the Graph (NWeight) workload for sizes between 37 and 211 MB.
Equation (9) was the best t for the data with an Rsquared of 0.966 and an RRSE of 0.189.
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+

Figure 17. Fitting the model to Graph (NWeight) workloads of different sizes.

7.4. Evaluation of the Fitting Errors

The proposed models’ tting results are shown in Section 7. The nominal time
complexities of different implemented algorithms in the HiBench workloads are also
presented. This section illustrates the accuracy error of the proposed models, and shows
the comparison results among the two proposed models and Amdahl’'s and Gustafson’s
laws. In addition, the proposed models offer an improvement over those of Ernest [ 31].
Our results revealed that accuracy and effectiveness of our proposed models are better
than those of the Ernest models. We used both the Rsquared(R?) and the relative residual
standard error R—'\r{'f as metrics for the quality of the tting. Rsquared values (also known
as coef cient of determination) are calculated by the following equation:
SSes
SSot

where SSesis the sum of the squares of the residuals and SSg; is the sum of the squares
relative to the mean of the data. For a perfect tting, SSes= 0and R2 = 1, so the closerR?
is to one, the better the tting.

The residual standard error [49] is:

R2=1

7

s
nsEe i )2

df (18)

where (y; ¥]) is the difference between the observed data and the predicted value using
the model, and df is the degrees of freedom given by the number of samples minus the
number of parameters being tted.

The relative residual standard error is:

RRSE= %E (19)

The RRSEgives a metric for the error or distance between the observed points and
the ones generated by the model. The smaller the RRSE the better the t accuracy.
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Table 7. Rsquared (Equation (17)) values for different models and workloads.

Equations (15)  Equations (15) Amdhal Gustafson Equations (8)

Workload Best Fit or (16) or (16) (c=1) Equation (3) Equation (5) or (9) Emest [31]
Wordcount linear 0.996 0.996 0.997 0.996 0.997 0.995
SVM quadrat. 0.917 0.912 0.906 0.887 0.917 0.847
PageRank linear 0.990 0.989 0.990 0.989 0.990 0.988
Kmeans linear 0.992 0.992 0.992 0.993 0.993 0.992
NWeight quadrat. 0.964 0.964 0.956 0.965 0.966 0.950
Table 8. Relative residual standard error (RRSE Equation (19)) values for different models and workloads.
; Equations (15)  Equations (15) Amdhal Gustafson Equations (8)

Workload Best Fit or (16) or (16) (c=1) Equation (3) Equation (5) or (9) Emest [31]
Wordcount linear 0.083 0.083 0.074 0.082 0.074 0.091
SVM quadrat. 0.271 0.276 0.285 0.313 0.271 0.367
PageRank linear 0.116 0.118 0.113 0.121 0.113 0.127
Kmeans linear 0.138 0.137 0.139 0.131 0.130 0.137
NWeight quadrat. 0.193 0.193 0.212 0.190 0.189 0.226

7.5. Bene ts of the Proposed Models

Our work considered three well-established equations, namely, those of Amdhal [ 3€],
Gustafson [37], and Ernest [31], as comparative models. We limited our analysis to these
models while recognising the existence of alternative models in the published literature, which
we deemed out of scope for the purposes of this study. As shown in Tables 7 and § for every
workload, both proposed models (Equations (8) or (9), and (15) or (16)) had better fitting
results than Ernest. Only in two cases did Amdahl's model Rsquared tie with our models,
Wordcount and PageRank. Only in the case of Kmeans workload did Gustafson’s model tie
with one of the proposed models (Equation (8)). The results show that the two proposed
models either tied with or performed better than the previously published models.

Considering the above results, the proposed models can be used as very effective
tools for performance prediction, as they can offer several bene ts for Spark job run time
prediction using the Hadoop cluster. Several key bene ts differentiate the proposed models
from existing approaches. One of the crucial bene ts is that using one of the proposed
equations, it is possible to estimate the runtime. This can be achieved with a small number
of experiments given the amount of data for the job and the chosen number of executors.
The major advantage of the proposed models is that they do not require any trial-and-error
approach, nor do they require large amounts of training or test data that are usually needed
by machine learning models. Both models can capture the performance characteristics
of a large number of complex workloads and are capable of predicting the runtime with
good accuracy. Finally, the results also show that the models are highly effective, generic,
and platform agnostic. Based on these models, it is possible for the managerial teams of
big-data-driven organisations to minimise the time of their systems’ con guring processes,
plan and schedule large jobs by allocating critical resources for the clusters, and choose
appropriate numbers of executors to maximise resource utilisation.

8. Conclusions

This paper proposed and investigated parallelisation models with enhanced capa-
bilities for predicting the runtime performance of Apache Spark for several workloads
running on Hadoop clusters. The con guration of Spark parameters is a complex and
challenging task for the users. The system’s performance mainly depends on the user’s
choice and targets.

To overcome this challenge, we proposed two models based on a function of the two
most important parameters, the number of executors and the size of the job. A signi cant
contribution of this work is the nding that with limited data points, one can tthe data into
simple equations and understand the pattern of communication between the nodes when
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running Spark jobs in a Hadoop cluster. We have found that the communication patterns
can vary wildly between different workloads. This is expected, as different algorithms
have different requirements from the Hadoop cluster. However, it can be noted that all
the workloads used in the experiments could t one of the two proposed models. The
experimental results show that all the workloads could be tted very accurately using
the models proposed and completely outperformed the Ernest model. For two of the
workloads (SVM and NWeight), the Rsquared values produced were lower than those the
other three, alongside relatively high residual standard error. The two models t the data
better or at least as well as other alternative models (Amdahl, Gustafson, and Ernest).
However, the proposed models should be evaluated with other benchmark workloads,
such as SQL and streaming. Due to time constraints, we considered only ve workloads
and selected a limited number of suitable Spark parameters. As future work, we have a
plan to test the proposed model on the latest version of Apache Spark. Besides, we aim to
add more suitable Spark parameters and workloads, and compare the proposed models
with machine learning models. Furthermore, we intend to expand the experiments to other
HiBench workloads to determine which equations are more suitable for which workloads.
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Abbreviations

The following abbreviations are used in this manuscript:
SVM Support vector machines

API Application programming interface
SQL Structured query language

HDFS Hadoop distributed le system
RDD Resilient distributed datasets
MLIib Machine learning library

CPU Central processing unit

110 input/output

uc University of california

AMP Algorithms, machines and people
DAG Directed acyclic graph

YARN Yet another resource negotiator

PERIDOT Performance prediction moDel fOr Spark applicaTions
NEXEC Number of executor

SQRT Square root

2D Two dimensional

GHz Gigahertz

B Terabyte

RAM Random access memory
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DDR Double data rate

GB Gigabyte

MB Megabyte

wcC WordCount

Exec Executor

MOP Multi-object optimization
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TSchool of Mathematical Due to the rapid growth of avai_lable data, various pla_lt_forms 0 er parallel infrastruc-
and Computational ture thate ciently processes big data. One of the critical issues is how to use these
Sciences, Massey University, platforms to optimise resources, and for this reason, performance prediction has
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Fulllist of author information been an important topic in the last few years. There are two main approaches to the
is available at the end of the problem of predicting performance. One isto t data into an equation based on a
article analytical models. The other is to use machine learning (ML) in the form of regression

algorithms. In this paper, we have investigated the di erence in accuracy for these

two approaches. While our experiments used an open-source platform called Apache
Spark, the results obtained by this research are applicable to any parallel platform and
are not constrained to this technology. We found that gradient boost, an ML regressor,
is more accurate than any of the existing analytical models as long as the range of the
prediction follows that of the training. We have investigated analytical and ML models
based on interpolation and extrapolation methods with k-fold cross-validation tech-
niques. Using the interpolation method, two analytical models, namely 2D-plate and
fully-connected models, outperform older analytical models and kernel ridge regres-
sion algorithm but not the gradient boost regression algorithm. We found the average
accuracy of 2D-plate and fully-connected models using interpolation are 0.962 and
0.961. However, when using the extrapolation method, the analytical models are much
more accurate than the ML regressors, particularly two of the most recently proposed
models (2D-plate and fully-connected). Both models are based on the communication
patterns between the nodes. We found that using extrapolation, kernel ridge, gradient
boost and two proposed analytical models average accuracy is 0.466, 0.677, 0.975, and
0.981, respectively. This study shows that practitioners can bene t from analytical mod-
els by being able to accurately predict the runtime outside of the range of the training
data using only a few experimental operations.

Keywords: Big data, Performance prediction, Machine learning, System con guration,
HiBench, Apache Spark, Extrapolation and interpolation

Introduction

Due to the massive amount of data generated by social media [1], public health [2],
industry and natural language processing [3], data storing and processing becomes a
challenging task for organisations [4]. e organisations require a fast processing and
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exceeds the permitted use, you will need to obtain permission directly from the copyright holder. To view a copy of this licence, visit http://

creativecommons.org/licenses/by/4.0/.
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intelligent system that can quickly process and present the insights of the data. Big data
applications have become an ultimate choice in every organisation.  ere is a number of
big data applications available, either in the form of physical clusters or cloud comput-
ing. In recent times cloud computing such as Amazon EC2, Google Cloud, Microsoft
Azure has attracted tremendous attention. All these platforms allow the users to deploy
their cluster virtually where they can choose and allocate resources according to their
requirements. is virtualised platform also o ers resources at very minimal prices.
However, the enterprise needs to consider some data security concerns before select-
ing cloud computing services. On the other hand, the deployment of the physical Spark
cluster is complex and expensive [5]. e physical cluster infrastructures o er numerous
bene ts and mitigate security concerns.

e deployment of these types of cluster infrastructures heavily depends on distrib-
uted parallel computing such as Apache Hadoop and Apache Spark. Due to the open-
source, real-time data processing, and fault tolerance [6], Apache Spark has become an
attractive framework after Hadoop. Spark supports various components, namely, MLIiB
for machine learning (ML), GraphX for image processing and Spark SQL [7] for struc-
tured data processing. More than 180 con gurable Spark parameters play an essential
role to support various types of jobs.  ough the primary deployment of this cluster
depends on the default parameters, however; Sparks performance heavily depends on
its correct parameter selection and their con gurations. e user must understand the
relationship between the parameters and the cluster hardware availability and require-
ments because the parameter con guration and achieving optimum performance are
always challenging and complex. e cluster parameter con guration is tedious work for
the users because it requires a vast amount of time to con gure and process data.

Due to this limitation, the performance prediction of this system is very challenging.
In order to mitigate these challenges, several prediction models such as trial-end-error
[8, 9], analytical [10], machine learning [11 14] were proposed by researchers but all
these models have limitations; hence, in order to predict runtime for a certain job to run
in a Hadoop cluster, one can use machine learning regression algorithms or equation

tting. Both methods need a certain amount of empirical data because there is no gen-
eral analytic method that would cover di erent hardware and di erent con gurations
for a given cluster. In general, ML regression methods need more data to be accurate,
specially if the predictions are made by extrapolation. On the other hand, equation t-
ting can be very accurate with very little data, but only if the equation re ects the true
patterns of inter-node communication that emerges from the job execution. It is di -
cultto nd ageneric equation for a cluster because even speci c algorithm implementa-
tions can in uence the communication between nodes, and therefore a given forecasting
equation can completely break down for a certain application.

In our previous works [15, 16], we have concluded that two parameters are crucial
when determining the runtime: the size of the workload, and the number of executors
available to run the job. We have tested two main models to generate equations that
can tempirical data. e rst model assumed that limited communication happens
between the nodes, working only with a certain number of neighbouring nodes. e sec-
ond model assumed that a fully-connected graph between the nodes re ects the com-
munication pattern. Also, in these models the complexity of the algorithm was taken

89



Ahmed et al. Journal of Big Data (2022) 9:67 Page 3 of 31

into consideration. Only two types of workloads were tested in terms of complexity of
the algorithms, either they were linear or quadratic when considering the growth of the
runtime as a function of the workload size.

e motivation and the key contribution of this paper are as follows:

We accomplished extensive performance prediction accuracy comparison based on
machine learning and existing analytical models. We achieved very good accuracy
when only limited empirical data is available. Our underlying intention is that prac-
titioners would run a few jobs, preferably with short runtimes, and be able to predict
the runtime of longer untested dataset sizes.

We investigated KRR regression parameter relationship between alpha and degree.
Our analysis found that, for most of the workloads, the best R-squared can be
achieved by selecting the small degree with alpha. Our analysis also found higher
degrees can produce best R-squared but the data over tting can be a major limita-
tion. For the GBR regression, we kept all the parameters default.

We extensively measured the analytical and ML regression models accuracy based
on interpolation and extrapolation methods using k-fold cross validation. ML meth-
ods are not accurate when one tries to extrapolate predictions from small amounts of
data. However, ML methods are much better at making adjustments to existing data,
and can do interpolation very well [17]. e equations are derived to t data well, and
using the correct one can yield more accurate extrapolations of runtime forecasts
than ML methods.

e remainder of the paper is organised as follows: Apache Spark architecture section
provides a brief overview of the Apache Spark architecture. Related work section dis-
cusses some notable recent advances on Spark performance prediction using machine
learning algorithms. Prediction methods section explains evaluation methods of both
the analytical models and the ML regressors. Experimental setup section discusses the
experimental setup while Performance evaluations and analysis section presents the
performance analysis for the two approaches using interpolation method with cross-val-
idation technique. Performance analysis using extrapolation section shows a detailed
analysis of the extrapolation method, splitting the data into two categories, size and
number of executors. Discussion section discusses the limitations of each approach,
and the consequences of extrapolating data with a small number of experiments. Finally,

Conclusion section concludes the paper with hints for extending the work in future.

Apache Spark architecture

Apache Spark is a parallel data processing framework that can rapidly process large
amounts of data, often in real-time [18]. It can also perform data processing in the dis-
tributed cluster platform. Apache Spark has become an open access [6] project, and a
popular data processing engine in many organisations. Its development has centred at
the University of California, Berkeley s AMPLAB by the group of researchers that Matei
Zahari led in 2009 [19]. e Spark codebase is donated to the Apache foundation as an
open-source tool and has been maintained since then. In 2010, Spark proposed a Resil-
ient Distributed Dataset (RDD) [20] that mitigates the limitation of the MapReduce
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cluster computing paradigm. It works as an immutable collector of the objects. RDD
splits the input data set into logical partitions and the partition data stored in the mem-
ory where worker nodes compute parallel operations. Spark RDD has two operations:
transformation and actions. e transformation function uses the existing RDD as input
and produces the new RDD from the existing one. Whenever the transformation func-
tion becomes active, it creates a new RDD. e action operation activates when it works
on the actual dataset. A typical Apache Spark architecture representation is shown in
Fig. 1.

e Spark application has three important components: the spark driver program,
Spark executor, and the resource manager, where the action operation is forwarded from
the executor towards the driver. e driver converts the user code in most tasks, and
the executors run the code among the nodes. In this operation, the cluster manager is
responsible for the resource allocation in the cluster. e cluster manager allocates the
resources whenever the Spark driver program [21] requests and shares the information
with the worker nodes. In Spark, the work ow is managed by a directed acyclic graph
(DAG) [22]. e DAG consists of sequences of vertices and edges. e vertices repre-
sent the RDDs, and the edges represent the operation of the RDD. e DAG forwards
the new job towards the stage level. e task consists of the initial input data and the
RDD partition at each stage level. Spark creates two stages with the submitted job; rstly,
Shu eMapStage and secondly, ResultStages. At the Shu eStage, the output data is
stored for the following stages in the DAG. At the ResultStage, either single or multiple
partitions functions are targeted the RDD. Spark can operate with many programming
languages, such as Java, Scala, Python and R, and supports Spark SQL, ML, GraphX pro-
cessing, and Spark Streaming.  ese programming language libraries o er comprehen-
sive bene ts for the user to develop applications. Spark allows the integration of various
tools from the Hadoop technology ecosystem, where the resource management and job
scheduling is maintained by Apache YARN (Yet Another Resource Negotiator) [23]. A
cluster monitoring tool like Ambari assists with the monitoring the workloads running
in the cluster.

Step 4

Instruction to Available Nodes
Step3 e v Cluster ¢

Resource Negotiation . -t

EXECUTORS

Step 5 Executors registers with driver

Spark Driver g
Step 6 Driver monitors and plans for future task

Spark Context

Task Scheduler
DAG Scheduler

— Prepare
Physical Plans

Physical
Plan

| Spark SQL Catalyst Optimizer

Unresolved
Query Plan

Fig.1 A typical Apache Spark architecture modi ed from [21]
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Related work

e runtime performance prediction of big data processing on a cluster is a challenging
task. In the recent past, many prediction techniques [8 10, 24], Gray-Box techniques
[25 27] and auto tuning techniques [12, 13, 28 30] have been proposed by researchers.
However, the ML approach has become very popular and has received signi cant atten-
tion. In the following section, we will present recently published works based on ML
techniques.

Prediction using machine learning
Douglas de Oliveira et al. [31] proposed an interpretable predictive ML model based
on decision trees from which patterns are extracted. e decision tree model is used
to classify the parameter performance by considering the training data. ey used the
extracted patterns and con gured the system parameters for the work ow execution
that signi cantly improved the system performance. Besides, they also considered two
essential aspects: input data partitions and distributed data partitions through nodes.
ey found that the proposed predictive model can achieve 70% accuracy, and the accu-
rate data partitioning knowledge can help choose the work ow function.

Christoph Boden et al. [32] presented an interesting work using ML algorithms for
a large-scale distributed settings of Apache Spark and Flink performance. ey imple-
mented analytical models which are similar to ML algorithms and tuned the parameters
to assess the scalability of the system concerning the data size and dimensionality of the
data. ey carried out a comprehensive investigation based on a single-node implemen-
tation with data size and data dimensionality. ey found that several ML algorithm
problems exhibit high dimensionality due to data scaling and model size scaling. So, they
employed both supervised learning algorithms (batch gradient descent and TreeAggre-
gate) for Flink and Spark, respectively. For the unsupervised learning algorithm, kmeans
clustering was used. e proposed benchmark algorithm was placed on top of Apache
Flink and Apache Spark and analysed the performance using non-representative work-
loads such as Wordcount, Grep, and Sort. ey found that when the data size increased,
the system behaviour exhibited a linear increment. ey concluded that the system can
perform robustly with the increasing data size of both Flink and Spark with 4.6 billion
data points. Spark fails to train when the data size is beyond 6 million dimensions for
scaling the model dimensionality. ey concluded that current data ow systems could
process an increased amount of data points but are incapable of coping with high dimen-
sional data, which is a key requirement for large scale ML algorithms.

Christoph Boden et al. [33] proposed a novel data processing system based on a ML
algorithm in their second work. is work categorized the proposed data processing
system into three major groups: Clustering, Classi cation, and Recommender Systems.

e raw data is transformed into extracted features for the data pre-processing, and the
training data set is represented by a numerical data matrix. For this implementation, they
have used kmeans, Batch Gradient Descent, and Matrix Factorization algorithms. As per
their suggestion, logistic regression is a compelling choice for the prediction problem
that can easily handle many data sets. ey concluded that the latest data processing sys-
tem requires more hardware resources to obtain a comparable prediction quality.
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Ali Mostafaeipour et al. [34] presented an empirical analysis of the Hadoop and
Spark frameworks that considers three criteria such as runtime, memory, and network
usages. ey implemented the K-nearest neighbour (KNN) algorithm on various data-
sets for both frameworks. is analysis demonstrated that with small data sets, Spark
o ers faster data processing than Hadoop. ey also found that Spark is suitable for
quick data processing because it processes the data in-memory. As for memory utili-
sation, Hadoop requires less memory than Spark, and Spark requires fewer network
usages than Hadoop. Another empirical study of Apache Spark performance prediction
based on ML algorithms is proposed by Mehdi Asse etal. [35]. e authors have exam-
ined both qualitative and quantitative attributes of the framework. is study leverages
the Apache ML library to handle big data analytics and evaluate the impact of multiple
big data ML models such as classi cation and clustering on the di erent hardware and
software con gurations with big data analysis tasks. Some ML algorithms such as Sup-
port Vector Machine, Decision Tree, Na ve Bayes, Random Forest, kmeans are evaluated
to analyse the ability of MLIlib 2.0. ey found that Apache Spark MLIlib demonstrates
better performance; in particular, this presented a noteworthy performance in terms of
execution time.

Javaid [36] proposed a robust Spark performance prediction model based on ML
algorithms. In this analysis, authors o ered substantial experimental works and their
applications with various data features. In order to build the performance model, they
implemented four ML algorithms. ey found that the gradient boost and Random For-
est algorithm showed a better performance than the other algorithms on their datasets.
In [37], the authors proposed a tool to predict the Spark application runtime before the
deployment of the cluster. ey claimed that the tool can be used for extensive Spark job
pro ling, determining the prior execution time and the system bottleneck. ey claimed
that the tool could predict a 20% error bound for the selected workloads. In [38], the
authors proposed a ML-based auto-tune model for cluster parameter selection based
on the Support Vector Regression (SVR) model and a practical end-to-end auto-tuning
model by combining existing models with a smart search algorithm. ey found that the
overall performance of ML is much better than the traditional models. In particular, the
SVR displayed the best performance for Sort. ey concluded that the proposed model
is robust and exible, and adaptable to any changes.

Guoli Cheng [12] proposed a model based on the Adaboost ML algorithm. Adaboost
is implemented at the stage level, and the classic projective sampling, including the data
mining technique was applied to predict the Spark performance accurately. ey used
six benchmark workloads and ve di erent data sizes. ey concluded that the pro-
posed model minimizes 9% runtime cost as compared to the previous model. In their
recently published work [13], they stated that the performance trade-o heavily depends
on the optimum con gurations where the cost is an in uential factor. So, they proposed
a multi-object optimization algorithm model based on the Adaboost ML algorithm for
Spark performance prediction. ey applied six benchmark workloads and ve di erent
data sizes to evaluate the system performance. ey claimed that the model can nd the
appropriate con guration setup and minimize the time and cost. ey also concluded
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that the proposed method can improve execution time performance by 30% and cost by
40%.

Table 1 summarises some notable studies by considering the models used and their
performance based on selected workloads. It can be noted that most of the works used
ML and very few works proposed analytical models, but the workloads and model
performance metrics are not similar in these works, which make it di cult to com-
pare the accuracy between them. To the best of the authors knowledge, the literature
has not presented any comparative performance analysis based on standard perfor-
mance metrics because no standard performance metrics have been recommended.

Unlike the reviewed ML models described in the related work section, we compare
analytical models [15] with ML (kernel ridge regression (KRR) [39] and Gradient
Boost Regression (GBR) [40]), ERNEST [41], Amdahl [42] and Gustafson [43] models.

e runtime prediction based on ML models shows satisfactory performance as per
the published work, but all ML models require large input data. On the other hand,
we have seen that our published models 2D-plate model (4) and fully-connected (5)
model are very e ective and can predict runtime accurately with limited data points.

Table 1 Various models on Spark performance prediction

Published work Workloads and data sets Models Metrics (error and accuracy)
Cheng [12] WordCount, Kmeans, Tera- Adaboost, ensemble learners, Average accuracy error:
Sort, PageRank, Bayes, and multiple learners, and projec- Adaboost (30 cases): 9.02%,
Nweight tive sampling ensemble learners: 18.63%,

multiple learners: 21.98%, pro-
jective sampling: 14.09%

de Oliveria[31]  Data sets: astronomy and Decision tree (DT) Prediction accuracy: best 3
bioinformatics scenario out of 7: SC1: 90.4%,
Data partitions: 3 88.8%, and 86.5%
Boden [32] WordCount, Grep, and Sort  Logistic regression (LR),and  High data dimensionality
Kmeans
Boden [33] Data set: CriteoClick Logs and Kmeans, logistic regression MF: required more time than
Net ix Prize Kmeans, logistic  (LR), matrix factorization (MF), single LibMF, LR: Spark MLIib
regression (LG), matrix fac- and gradient boost regres- required more hardware
torization (MF), and gradient  sion (GBR) resources, GBR: better than LR
boost regression (GBR)
Asse [35] Data sets: HEPMASS, SUSY, Support vector machine t-test. p<0.01
HIGGS, LIGHT, HETROACT | (SVM), decision tree (DT),
and Il Kmeans, Na veBayes (NB),
Weka, and random forest (RF)
Javaid [36] KMeans, PageRank, sorting,  Linear regression (LR), Average accuracy error: LR,

WordCount, binomial logistic random forest (RF) gradient ~ GBM, RF, and NN 10% (approx)
regression, linear regression,  boost machine (GBM), and

groupby decision tree clas-  neural networks (NN)

si er, single source shortest

path, and breadth rst search

Singhal [37] Wordcount, Terasort, Kmeans Multi linear regression (MLR),  Prediction accuracy error: MLR,
and SQL MLR-quadratic (MLRQ), sup-  SVM, and, MLRQ: MAPE 22%,
port vector machine (SVM),  analytical models: 80%
and analytical model

Cheng [13] WordCount, Kmeans, Tera- AB-MOEA/D, random forest  Prediction error. AB-MOEA/D:
Sort, PageRank, Bayes, and (RF), and two-stage tree (TSt) 3.6%, RF: 8.97%, TSt:14.57%
Nweight
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Prediction methods

Machine learning algorithms

Many studies have explored supervised ML models for runtime performance predic-
tion of large systems.  ese techniques are known as black box solutions because they
can make predictions on previously collected data. In this supervised ML model, the
training phase uses the experimental data that comes according to system con gura-
tion parameters. Indeed, the collection of these data is tedious and requires signi cant
time resources. In this paper, we used two regression algorithms, kernel ridge regression
(KRR) and Gradient Boost Regression (GBR), and implemented them based on Sklearn
implementation. We choose gradient boost algorithm because it is a popular method
for a large cluster setup [44], whereas the kernel ridge regression can perform cross-
validation and predictive variance more e ciently on small and large data [45]. In this
implementation, the Python programming language is used to evaluate the models per-
formance. We introduce the algorithms and their model operation principles in the fol-
lowing section.

1. Kernel ridge regression

In 2000, Cristianini and Shawe-Taylor [39] proposed the kernel ridge regression
(KRR) algorithm. KRR combines ridge regression with the kernel trick. For the linear
kernel, this communicates with the linear function in the space induced by the
respective kernel and data but for the non-linear kernel, this communicates with the
non-linear function. e KRR isasimpli ed version of the Supervised Vector Regres-
sion (SVR), and it is also known as the least square support vector machine (LS-
SVM). It uses di erent loss functions and twelve regularisations. Regularisation
always uses positive oating point values, improves the problem complexity, and
minimises the estimates variance. In KRR, the kernel mapping works internally, and
the parameters are passed through the pairwise kernel. A kernel function expressed
as: , is a function that is symmetric to and posi-
tive de nite. In this study, we employed the Polynomial kernels from the Sklearn
implementation [46]. In the Polynomial kernel [47], the assigned values and its dis-
tance calculate as per their assigned values where the parameter values must be posi-
tive. We can express the polynomial kernel expression as follows:
and the kernel function:

2. Gradient boost regression

e Gradient Boost Regression (GBR) algorithm is a popular algorithm used for
building predictive models and for large cluster setups [44]. In 2002, Friedman [40]
proposed a modi ed version of the GBR algorithm based on a regression tree of xed
sizes. At the regression problem, the boosting approach works as a form of func-
tional gradient decent. e boosting approach is an optimisation technique that
minimises the loss function of the training data. In this case, the loss function meas-
ures the di erence between the predicted values and training data. GBR algorithm
generates the learners iteratively by combining the weak learners into a single strong
learner. e xed size of multiple decision trees is used as a weak learner to build
the GBR. In this study, GBR is used the default parameters within the sklearn [48]
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implementation to evaluate the results. e GBR can be used in two ways, either as a
regressor or classi er, with the former used in this study to predict the system runt-
ime data.

Prediction models based on speci ¢ equations for parallel systems

For any parallel system, including Hadoop clusters running Spark, two parameters are
the most in uential in determining runtime: size and number of executors. In Spark,
other parameters can deteriorate the performance. However, once these parameters
relinquish enough resources for running a certain job, they do not have the ability to
speed up the execution of that job.  erefore, while most parameters have a minimum
threshold for the job to use the cluster s resources appropriately, one cannot improve
the performance of a job beyond a certain point, limited by other factors such as size
and number of executors available [9].

Also, in any parallel system the runtime has two components: parallelisable and non-
parallelisable portions of time [49]. e parallelisable portion can be found as a function
of the size of the job and the number of executors used. e non-parallelisable portion
is more di cult as it depends on implementation and communication between nodes.

Since the early days of parallel systems, several models have been proposed for
equations that can drive the runtime. ree important ones are Amdahls law, Gus-
tafson and Ernest. In our previous works, we have proposed two new models [15, 16]
and have tested them against Amdahl [42], Gustafson [43] and ERNEST [41]. In order
to compare the models, we adapted Amdahls law and Gustafsons law as equations
that determine runtime given the size and number of executors. ese models use
simple equations that can t experimental data, and can be used to predict the runt-
ime of jobs for di erent clusters, with speci ¢ hardware.

For completion, we summarise each model and the corresponding equations. For all
the equations in this section, the following notations apply:

S is the size of the workload (usually in GB),

f(S) is the function that expresses the runtime complexity of the algorithm,

E is the number of executors, and

a, b, ¢, d are the coe cients of the equations that need to be found via data tting.

For f(S), all the workloads used in this work were either linear or quadratic.  erefore,
either or . If the time complexity of the algorithm is known, its
equation can replace f(S).

Amdahl’s law

In the early days of parallel systems, Amdahl proposed a performance model where
the number of executors and the percentage of the non-parallelisable time drives the
speedup of a job running with multiple executors when compared to the same job
running on a single executor [42]. e equations can be modi ed to predict runtime
given Sand E:
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E— o))

Gustafson’s law
Gustafson proposed an alternative model to that proposed by Amdahl [43]. e modi-
ed equation to predict runtime is:

O]

ERNEST
More recently, Venkataraman et al. [41] proposed a model speci cally for big data clus-
ters called ERNEST.  eir equation to predict runtime is:

— ®)

2D-plate model

We proposed a 2D-plate model where the nodes communicate only with its direct
neighbours [16]  is model was based on insights by Wilkinson and Allen [49] that can
be found in chapter 6, sections 6.3.2 and page 180. e details of how we derived equa-
tion (4) are in [16]. e equation is:

— 4)

Fully-connected node model

We also proposed an alternative model where the communication between nodes is
assumed to work like a fully-connected graph. Both the 2D-plate and the fully-connected
models were as accurate or more accurate than alternative models [15]. e equation for
the fully-connected model is:

E— - (®)

A special case of this equation was considered when the communication growth is lin-
ear in relation to the size S, i.e.,

E— — (6)

Experimental setup

All our experiments have been conducted on a high-end Hadoop cluster. In 2016, the
group of academicians and researchers designed and developed the cluster at Mas-
sey University, Auckland campus. s cluster is designed with a dedicated switch and
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IT0 the Dedicated Switch
nggrnet
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=
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Slave Nodes
Fig. 2 A schematic diagram of the Hadoop cluster master and slave nodes used in the experiment

Table 2 Experimental con guration of the Hadoop cluster

Server con guration

Processor 29 GHz
Main memory 64 GB
Storage 10TB
Node con guration
CPU Intel (R) Xeon
(R) CPU E3-1231
v3@3.40 GHz
Main memory 32GB
Number of nodes 9
Storage 6 TB each, 54 TB total
CPU cores 8 each, 72 total
Software
Operating system Ubuntu 16.04.2
(GNU/Linux
4.13.0-37-generic
x86 64)
Hadoop 240
Spark 210
JDK 170

di erent network infrastructures, similar to a Beowulf cluster [50]. In order to reduce
the network latency and unwanted network resource utilization, all other network
machines were isolated from this infrastructure.

A schematic diagram of the cluster is presented in Fig. 2, and the speci cations for the
servers and nodes are presented in Table 2.

HiBench workloads

It is a challenging task to evaluate the performance of a cluster. In the recent past,
researchers presented CloudSuite [51] and CloudStone [52] benchmarks for cluster per-
formance. Intel also proposed a Hibench suite under Apache Licence HiBench suite [53].
Since then, this has become a heavily used cluster performance testing tool, especially
for Hadoop and Spark frameworks. e existing benchmark can be divided into three
categories, such as Micro-Benchmarks, End-to-End benchmark, and Benchmark suite
[54]. e Hibench suite has also been categorised into four categories: Micro-Bench-
mark, Web Search, SQL, and ML. In this experiment, there are ve di erent workloads,
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Table 3 Spark HiBenchmark workload considered for this study

Benchmark Application Input data size Input samples
categories - -
Multiple-Exec. Single-Exec.
Micro benchmark WordCount 313 MB, 940 MB, 3GB,5GB, 7 GB,
59 GB, 88 GB,and 10 GB, 12.8 GB,
19.2 GB 14.4 GB, 16 GB, 18 GB,
and 21.6 GB
Machine learning kmeans 19 GB, 56 GB, 94 GB, 1GB, 38 GB, 75 GB, 10, 30, 50, 70, and 90
130 GB, and 168 GB 113 GB, 149 GB, and (million samples)
187 GB
SVM 34 MB, 60 MB, 1.2 GB, 200 MB, 400 MB, 2100, 2600, 3600, 4100,
18GBand 2GB 600 MB, 800 MB, and 5100 (samples)
1.35GB, 2 GB, 2.3 GB,
and 2.5 GB
Web search Pagerank 507 MB, 1.6 GB, 2.8 GB, 100 MB, 250 MB, 1,3,5,7,and 9 (million
4 GB,and 5 GB 750 MB, 6 GB, 7 GB, of pages)
8 GB, 9 GB, and 10 GB
Graph NWeight 37 MB, 70 MB, 129 MB, 20 MB,55MB,99 MB, 1,2, 4,5,and 7 (million
155 MB, and 211 MB 141 MB, 175 MB, of edges)

214 MB, 247 MB,
262 MB, and 286 MB

Table 4 Workload application characteristics

Workloads Stages Parallelstages Collect Serialization Deserialization Shu e Aggregate

WC 2 No Yes Yes
SVM 209 No Yes No Yes Yes Yes
Nweight 9 Yes No Yes Yes
kmeans 20 No Yes Yes Yes Yes
Pagerank 5 No No Yes Yes

comprising WordCount, kmeans, SVM, Pagerank, and NWeight. From four categories:
Micro-Benchmark, ML, Web Search and Graph were taken into consideration. Table 3
presents the Spark Hibench workloads while Table 4 presents the workload application
characteristics.

Cluster parameters con guration

In this work, a set of con guration parameters are considered to evaluate the perfor-
mance of the system. Spark has more than 150 con gurable parameters [8, 9] where the
system performance heavily depends on the correct parameters selection.  erefore, we
have judiciously selected only the parameters that are closely bound to system perfor-
mance for evaluation purposes. However, cluster performance depends not only on the
right parameters selection but also on tuning the parameters to achieve optimum system
performance. We have seen the con guration of these parameters heavily depends on
the cluster hardware, workload characteristics and size of the workloads. Out of numer-
ous parameters, the most important parameters are the number of executors, execu-
tor memory, executor core size, and the driver memory. is experiment has therefore
chosen a subset of only impactful parameters and tuned their values to achieve the best
cluster performance.
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Recently, several notable studies [26, 55] presented the importance and e ective-
ness of the outlined tunable parameters. Our study revealed that the right param-
eters selection is the primary requirement to get the best cluster performance. In our
work, the chosen parameters are listed in Table 5. It can be seen from Table 5 that the
default column presents the system default parameters, we tuned several parameters
values including the default values that are listed in the range columns. Our investi-
gation found that in most of the cases, the default values are not appropriate for our
cluster performance. In some cases, for example Spark.memory.fraction and Spark.
memory.storageFraction, there is no performance di erence even if we use lower than
the default values. On the other side, for example, Spark.driver.memory, Spark.driver.
cores, Spark.shu e. le.bu er, Spark.reducer.maxSizeFlight, the higher values showed
better performance than the default values.  erefore, we have considered only those
tuned values that are listed in the column of value used in the experiment column.

e description of the parameters is presented in the description column. Our insight
on the cluster performance, the selection of these parameters and their values are

rstly based on the fact that the spark performance heavily depends on the available
resources of the hardware. Secondly, these parameters and their values were chosen

Table 5 Description of selected Spark con guration parameters selected as the input of the
proposed model

Parameters Default Range Value used Description
inthe
experiment
Spark.executor.memory 1 112 12 Amount of memory to use per
executor process, in GB
Spark.executor.cores 1 214 214 The number of cores to use on
each executor
Spark.drivermemory 1 14 4 Amount of memory to use for the
driver process, in GB
Spark.driver.cores 1 13 3 The number of cores to u for the
driver process
Sparkshu e. lebu er 32 32 48 48 Size of the in-memory bu er for
eachshu e le output stream,
inKB
Sparkreducer. maxSizelnFlight 48 48 96 96 Maximum size of map outputs to

fetch simultaneously from each
reduce task, in MB

Spark. memory.fraction 0.6 0104 04 Fraction of heap space used for
execution and storage
Spark. memory. storageFraction 05 01 04 04 Amount of storage memory

immune to eviction expressed as
afraction of the size of the region

Spark.task. maxFailures 4 45 5 Number of failures of any par-
ticular task before giving up on
the job

Spark.speculation False True/false If setto true, performs specula-
tive execution of tasks

Spark.rpc.message. maxSize 128 128 256 256 Maximum message size to allow
in control plane communication,
in MB

Spark.io.compression. codec Snappy lz4/Izf/snappy Snappy Compress map output les

Spark.io.compression. snappy. 32 32 128 32 Block size in snappy compression,

blockSize in KB
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since they control pivotal resources such as CPU, disk read and write, and memory.
[56].

Performance evaluations and analysis

In this section, we present the comparative results between the analytical and ML
models. To validate the system performance, we used ve HiBench workloads with
various data sizes. e system runtime characteristics are obtained by running jobs
for ve workloads using di erent number of executors and data sizes.

e proposed work is categorised into six stages: loading runtime data, data pre-
processing, cross-validation and extrapolation methods, proposed models, ML mod-
els, and lastly, performance measurements (Fig. 3). To avoid over tting and selection
bias, a threefold cross validation process was used. e workload execution time is
extracted from the Ambari history server log les, where a Python script is used to
calculate the workload execution times. For the nal graph presentation, each experi-
ment was repeated at least three times, and the average time is considered as a nal
result.

We calculate the job execution time based on the job log les. We have collected
all job log les from the Ambari history server and used a Python script to calcu-
late the execution time. We found a fraction of time di erence between the Python
script and the Ambari server. One of the possible reasons for this time di erence,
Python scripts calculate log les independently while Ambari saves the execution
time into the server, where the network latency can play an important role. In stage
two of Fig. 3, data prepossessing is an essential step to achieve the best results from
the models.  erefore, well-structured data is required to get the best performance
from the models.

In stage three of Fig. 3 two types of data split were used. For the threefold cross-
validation, a balanced split was used, where in both training and test data all sizes and
number of executors are present in the data. For the extrapolation split, the training
data receives all measured points in the middle of the range for either size or number
of executors, also using the same proportion of data for the training set, with 66% of
the data, and the test set, which uses the remaining 34% of the data.

In stage four, we applied the tting to the equations of the analytical models (pro-
posed and from the literature), and use two ML regression algorithms, namely KRR

| Cross Validation Equation Fitting

Interpolation

Machine Learning
Models

4
Lo_ading Da_ta Pre-process_ing Computing
Runtime Data Using Python Scripts Metrics

A
Equation Fitting
Machine Learning
Models

.| Cross Validation
Extrapolation

Fig. 3 The work ow of the performance analysis
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and GBR. Finally, the performance of the models and ML regression is measured
based on R-squared and Residual Relative Square Error (RRSE). Only the most accu-
rate results have been used to present the graphs in Figs. 6, 7, 8, 9, 10.

Evaluation metrics

e choice of model evaluation metrics is an important factor for conducting compara-
tive analysis. To verify performance in literature, researchers lean on a variety of metrics.
In this study, the R-squared and relative residual standard error (RRSE) are used.
R-squared is used as a dominant index in regression algorithm to verify the predicted
results accuracy, and RSE is used to determine the goodness-of- t. e  values (also
known as Correlation Coe cient(R)) are presented as follows.

U]

where is the sum of the squares of the residuals and and is the sum of the
squares relative to the mean of the data. R-squared value is between 0 and 1. Higher
values indicate a more optimal t. e residual standard error is represented as follows:

®)

where is the di erence between the observed data and the predicted value using
the model, and df is the degrees of freedom given by the number of sample size minus
and the number of parameters being tted. e relative standard error (RSE) is:

— 9)

e Residual Relative Standard Error (RRSE) metric allows us to distinguish the error
between the observed points and the ones generated by the model. e smaller the
RRSE, the better the taccuracy.

Kernel ridge models

We used KRR from scikit-learn [46] implementation where only the polynomial kernel is
considered, and others are ignored. For the model simplicity, we kept the coe cient and
gamma parameter as a , and no other parameters but the di erent degrees
and alpha values are examined to improve the models accuracy. It can be noted that the
proposed model produced the best R-squared results when . Table 6 presents
the best results of the individual workloads by measuring , standard deviation and rel-
ative residual standard values (RRSE). Our study found that except for the Kmeans and
Graph workloads, all three workloads produce the best results with degree 70 and alpha
1. In contrast, the Kmeans and Graph show the best results with and alpha
value always achieves a better performance with . Our study also revealed that
the small values of alpha improves the model performance and reduces the variant of the
estimates for three workloads. We noticed that the model performance for the individual
workloads is satisfactory. e R-squared comparison of KRR algorithm across di erent
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degrees and alphas on the performance of selected HiBench workloads are shown in
Fig. 4.

Despite showing a better R-squared value for higher degrees, polynomial regression
has a known issue related to over tting [57]. We showed the results of higher degrees
to make the point that ML approaches using polynomials and easily over t. One can
see that the tting follows the experimental data very well, and it can encompass the
full range of the parameters. However, when showing an example of tting, one can see
that the higher degree polynomial can create instability in the model. In Fig. 5 four KRR

ttings show values interpolated between the experimental data for di erent sizes. e
interpolation points are in the middle of the measured data points. What can be clearly
seen in the higher degree polynomials is that the interpolated data extends out of the
value range of the plot, even though the training and test data are still well within the
model prediction. is means that even with a high R-squared value, the prediction of
new sizes can be very inaccurate. For this reason, we kept the degree to a maximum of 4
in the experiments in Performance comparison of ML and analytical models and Per-
formance analysis using extrapolation sections.

Wordcount SVM
Measured Rquared  + Measured Rquared  +

3
Degree 5

Degree

Kmeans SVM
Measured Rquared ~ + Measured Rquared ~ +

3

Degree

Degree

Graph
Measured Rquared ~ +

Rsquared

Degree

Fig. 4 Performance comparison of KRR algorithm across di erent degrees and alphas on the performance of
selected HiBench workloads
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Gradient boost models
GBR algorithm is a popular technique used for building prediction models. GBR uses
the forward stage-wise fashion technique with the optimization of arbitrary di eren-
tiable loss functions. In this experiment, we used GBR from scikit-learn [48] with the
default parameters. We obtained the best results with default random state 1 for all
ve workloads. However, we further investigated the model by increasing the random
state, but the results were unsatisfactory and out of scope for inclusion in this study.
In Table 7, the statistical results are shown based on , standard deviation, and RRSE
scores.

Performance comparison of ML and analytical models

is section illustrates the proposed model accuracy in terms of , standard deviation
and the RRSE values. It shows the performance comparison results between well-known
parallelisation models (Amdahls and Gustafson, ERNEST) and ML algorithms such as
KRR and GBR where KRR algorithm parameters were optimised. e KRR optimised
parameters assist the model to maximise the performance accuracy of the model. e
k-fold cross-validation technique was applied with all the models to achieve highest pre-
diction accuracy. We obtained all the table results and gures using cross-validation with
k 3. e individual workloads best results obtained by the proposed models against
the ML models are described in the following section.

Wordcount

e wordcount workload comparative statistical results between ML and analytical
models with cross validation, are presented in Table 8. From this analysis we can see
that except ERNEST, all analytical models accuracy is 0.995, which is better than the
KRR algorithm of 0.974. e GBR algorithm shows better performance as compared to
others, where the accuracy is 0.998. e best analytical results and GBR results are pre-
sented in Fig. 6. e RRSE results in Table 9 show very low accuracy of GBR algorithm
presenting the best tin the results.

SVM

e comparison between ML and analytical models with cross validation for SVM
workloads runtime prediction results are shown in Table 8. In this workload, both ML
algorithms show signi cantly better results than the analytical models where the GBR
algorithm completely outperforms the KRR algorithm. It may be noted that the GBR
accuracy and RRSE is 0.995 and 0.064 respectively with corresponding standard devia-
tions of 0.001 and 0.010. e comparative best results are plotted in Fig. 7.

Pagerank

e Pagerank performance evaluated in terms of ML algorithms and analytical models
with cross-validation approach in Tables 8 and 9. Our results revealed that the model
(Eq. 4) either outperforms or equal to all analytical models and KRR algorithms, but the
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GBR algorithm achieves the best results among models. In Fig. 8, the best results are
plotted from GBR and Eq. (4).

Kmeans

e comparative performance measurement results of ML algorithm and analytical
model for kmeans workload are presented in Table 8. e GBR algorithm is the most
e ective model that shows the best accuracy and produces low RRSE among all the
models. It can be noted that analytical models outperform KRR algorithms where the
accuracy is 0.981, but analytical models are better with a higher margin of accuracy of
0.992. Among the analytical models, their performance is either equal or slightly dif-
ferent. For example, the Gustafson accuracy is equal among analytical models, but the
RRSE is slightly better, as shown in Table 9. e best-obtained results among models are
shown in Fig. 9.

Graph

e ML algorithms (KRR and GBR) show excellent results using Graph workload. From
the statistical results shown in the Tables 8 and 9, the GBR algorithm records the best
results among analytical models and outperforms KRR. Equation (4) indicates a sig-
ni cant performance improvement among the analytical models where other equations
previously proposed by us clearly defeat ERNEST, Amdahl and Gustafson models. e
best results from the ML model and an analytical model is shown in Fig. 10.

In summary, the above results demonstrate model performances for the selected work-
loads. e GBR algorithm achieves an excellent performance in comparison to all mod-
els. On the other side, Egs. (4) and (5) show excellent results among analytical models
and both equations are better than KRR for WordCount, SVM, PageRank and Kmeans
workload. For the graph workload, both ML algorithms demonstrated the best results.

e above analysis shows the e ectiveness of the analytical models over ML approaches.

Performance analysis using extrapolation
Data obtained from the results in Performance comparison of ML and analytical mod-
els section is used for the performance analysis using extrapolation in this section.
However, rather than carrying out cross validation on the entire dataset, we reserved
part of the data set to test how well each model can deal with extrapolation. isisa
very important aspect of the prediction models, as extrapolation would allow practition-
ers to make accurate predictions with a very small number of experiments when using
a speci c cluster and workload. Our hypothesis was that despite the better results for
the models using ML presented in Performance comparison of ML and analytical mod-
els section, equations that can represent the cluster behaviours could be more accurate
for extrapolation. In other words, ML is an e ective approach for predictions that fall
within the range of values captured in the existing data, but can yield poor results if not
enough data is available to describe runtimes beyond a given range. In these scenarios,
ML methods may not be able to predict the actual pattern of communication that drives
the runtime.

Due to limited data points, we employed the linear extrapolation approach to esti-
mate the data values that are close to the existing data. Generally, it has been proven
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that nonlinear model accuracy is higher than the linear models because it is more likely
to over t the training data set, which shows the poor performance of the models [58].
In contrast, the linear models t the data more accurately; thus, better tting can be
achieved from the unseen data. We observe from the presented results in Table 10 that
the performance of the linear workloads is better than the quadratic workloads. Two
extrapolation scenarios were considered: extrapolation by size, and extrapolation by
number of executors.

Extrapolation by size

Wordcount

Figure 11 presents the Wordcount workload results using the extrapolation approach.
In this case, the extrapolation by size yielded the best results among analytical and ML
models. e model accuracy is measured by nding the accuracy of the models. e
comparative results are presented in Table 10, and it can be noted that Eq. (1) shows the
best t of the data compared to other models. By using the ML algorithm, the data t-
ting accuracy decreases. Our analysis concludes that the performance of the proposed
equations are better than ML when the data are extrapolated.

SVM

For SVM workloads, the extrapolation by size found the best results using Eq. (5), where
the model accuracy is 0.981, but the KRR and GBR accuracy is lower than that of all the
analytical equations. We used 3D charts to illustrate the relationship between size, num-
ber of executors and runtime. We chose the 3D charts because it is easier to show their
relationship more accurately. We select the best analytical and ML results that are plot-
ted in Fig. 12. In this case, we found that KRR shows better performance as compared to
the GBR algorithm.

Pagerank

In the case of Pagerank workload, analytical models completely outperform KRR and
GBR. Equations (5) and (6) have low accuracy and prove the models e ectiveness over
ML when the data is extrapolated by size. e maximum accuracy of the analytical mod-
els is 0.996, whereas ML is 0.875. e in uence of the extrapolation is less e ective for
KRR and GBR. For the comparison, Fig. 13 shows the tting for Eq. (5) and for GBR.

Kmeans

In the case of the Kmeans workload, when the data is extrapolated by size, Eq. (6) and
ERNEST show an equally excellent performance, and other analytical models demon-
strate better performance over ML models. As shown in Table 10, Eq. (6) achieved nota-
ble accuracy at 0.998, but KRR and GBR accuracy proved to be relatively poor at 0.836
and 0.875 respectively. We can conclude from these results that Eq. (6) is a very e ective
model on the unseen data points. For comparison, Fig. 14 shows the tting for Eq. (6)
and for GBR.
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Graph

In the case of Graph workload when data is extrapolated by size, Eq. (4) is either at
par or higher among the analytical models, and both ML algorithms appear to be less
e ective. We found that equation 4 and KRR performance is better than other models
where the Eqg. (4) and KRR accuracy is 0.940 and 0.904, respectively. For comparison,
Fig. 15 shows the tting for Eq. (4) and for KRR.

Extrapolation by number of executors
Wordcount

e results of extrapolation by a number of executors based on Wordcount workload
are presented in Table 11. As expected, ML performance is considerably lower than
that of the analytical model. e performances of the Egs. (4), (6), and (1) (Amdahl)
are equal or the same as the other models. e best accuracy achieved by both the
equations is 0.997, whereas the accuracies for ML algorithms KRR and GBR are 0.786
and 0.535, respectively. We compared all the results and plotted the best results in
Fig. 16 and (6).  ese results demonstrate that the extrapolation by a number of exec-
utors yielded the best results using equations while the results for ML algorithms
were less accurate.

SVM

In the case of SVM, the extrapolation by the number of executors yielded the best results
using Eq. (4). e KRR and GBR regression performance is poor as expected. ee ec-
tiveness of Eq. (4) is excellent, where the accuracy is 0.893. e best comparative per-
formance in Fig. 17 shows the tting for Eq. (4) and for KRR.  ese results demonstrate
that the extrapolation by a number of executors yielded the best results using equations
while the results were less accurate for the ML algorithms..

Pagerank

Equations (4), (5), (6) and Amdahl (1) show remarkable performance improvement for
the Pagerank workload where the number of executors extrapolates the data. All four
equations obtained the accuracy of 0.994 while KRR and GBR regression showed rela-
tively demonstrated a poor accuracy which was 0.619 and 0.408 respectively. We exam-
ined (5) and compared the models performance and plotted the best performance in
Fig. 18.

Kmeans

In the case of the Kmeans workload, Egs. (5) and (6) produce better t than all the mod-
els and show a signi cant performance improvement when the data is extrapolated
considering the number of executors. As shown in Table 11 both equations performed
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Table 6 Kernel ridge regression algorithm statistical parameters using set of di erent workloads

Workload Degree Alpha R-squared RRSE
WordCount 70 1 0999 0.000 0.097 0.000
3 (default) 0935 0.002 2039 0.046
SVM 70 1 0999 0.000 0.083 0.003
3 (default) 0860 0.001 2434 0010
Pagerank 70 1 0.999 0.000 6.507 0.025
3 (default) 0932 0001 53885 0.376
Kmeans 30 1 0.999 0.000 7.868 0290
3 (default) 0947 0.008 119551 8875
Graph (NWeight) 30 1 0996 0.000 0239 0010
3 (default) 0900 0015 1242 00411

Kmeans Kmeans
training  + training  +
test
Kernel Ridge Interpolation Size degree 4

Kgtnel Ridge Interpolation Size degree 10

25000
20000
15000
10000

5000

runtime (sec)

-5000

Kmeans Kmeans
training  + training  +

Kefnel Ridge Interpolation Size degree 25

25000
20000
15000
10000

5000

runtime (sec)

-5000

T40

5 140
Fig. 5 Kernel ridge regression models for Kmeans with increasing degrees. Despite better R-squared,
interpolation is very inaccurate for higher degrees

Table 7 GBR algorithm statistical parameters using set of di erent workloads

Workload Random state R-squared RRSE

WordCount 1 0.998 0.000 0348 0.018
SVM 1 0994 0001 0465 0.075
Pagerank 1 0999 0.000 6.132 0550
Kmeans 1 0997 0.000 28086 3.760
Graph (NWeight) 1 0986 0.003 0452 0.015
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Fig. 9 Comparison of ML (GBR) and analytical models Eq. (5) showing best R-Squared for Kmeans
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Fig. 10 Comparison of ML (GBR) and analytical models Eq. (4) showing best R-Squared for Graph

Table 8 R-squared values foradi erent set of workloads and models

Workload f(S) Wordcount linear SVM quadratic Pagerank linear Kmeans linear Graph
(NWeight)
quadratic

Amdhal equation (1) 0995 0.000 0908 0005 0.990 0.000 0992 0002 0901 0012

Gustafson equation  0.995 0.000 0888 0002 0983 0000 0992 0000 0898 0013

@

ERNEST equation (3) 0.994 0.000 0848 0001 0987 0000 0992 0002 0916 0003

2D plate equation 0.995 0.000 0916 0005 0.990 0.000 0992 0002 0918 0.009

@

Connected graph 0995 0001 0918 0005 0989 0000 0992 0002 0911 0005

equation (5)

Con. graph 0995 0001 0914 0005 0989 0000 0992 0002 0911 0005

equation (6)

Kernelridge regres- 0974  0.002 0934 0001 0977 0.000 0981 0005 0945 0.009

sion

Gradient boost 0.998 0.000 0.995 0.001 0.999 0.000 0.997 0.001 0.986 0.003

regression

The bold data in each column indicates the largest R-squared value in the corresponding column

Table 9 Relative mean standard error (RRSE) values for a di erent set of workloads and models

Workload f(S) Wordcount linear SVM quadratic Pagerank linear Kmeanslinear Graph
(NWeight)
quadratic

Amdhal equation (1) 0.085 0.005 0282 0009 0113 0000 0140 0019 0252 0.009

Gustafson equation  0.091  0.004 0311 0003 0120 0.000 0134 0009 0254 0.008

@

ERNEST equation (3) 0.100 0.006 0366 0001 0127 0000 0142 0017 0231 0009

2D plate equation 0.086 0.005 0272 0009 0113 0.000 0141 0019 0226 0.007

@

Connected graph 0.091 0.009 0268 0009 0116 0.000 0141 0018 0244 0.008

equation (5)

Con. graph 0.091 0.009 0273 0008 0118 0.000 0140 0018 0243 0.008

equation (6)

Kernelridge regres-  0.203  0.009 0234 0002 0173 0.001 0207 0024 0178 0.03

sion

Gradient boost 0.058 0.003 0.064 0.010 0.033 0.002 0.062 0.038 0.087 0.004

regression

The bold data in each column indicates the smallest RRSE value in the corresponding column
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Table 10 R-squared values for extrapolation on size

Workload f(S) Wordcount linear SVM quadratic Pagerank linear Kmeanslinear Graph
(NWeight)
quadratic

Amdhal equation (1) 0.998 0.000 0965 0001 0994 0000 0997 0001 0937 0.006

Gustafson equation 0996  0.001 0949 0004 0994 0000 0996 0001 0913 0.008

@

ERNEST equation (3) 0996 0.001 0958 0002 0990 0.000 0998 0001 0921 0008

2D plate equation 0997 0.001 0951 0003 0993 0.000 0997 0001 0.940 0.005

O

Connected graph 0257 0.061 0981 0.001 0.996 0.000 0996 0001 00940 0.006

equation (5)

Con. graph 0997 0.001 0978 0001 0.996 0.000 0.998 0.001 0940 0.006

equation (6)

Kernelridge regres-  0.836  0.011 0745 0004 0836 0011 0836 0011 0904 0043

sion

Gradient boost 0.875 0.005 0690 0003 0875 0.005 0875 0005 0775 0.009

regression

The bold data in each column indicates the largest R-squared values in the corresponding column

Wordcount
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40
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t
Gradient Boost Extrapolation Size

Fig. 11 Extrapolation relationship showing Wordcount workload by size using Eg. (1) and GBR
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Fig. 12 Extrapolation relationship showing SVM workload by Size using Eq. (5) and KRR

SVM
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Kernel Ridge Extrapolation Size

T 2

well where the equation achieved the accuracy of 0.995.

poor accuracy of 0.917 and 0.510 respectively.
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e KRR and GBR achieved

ese results indicate that the ML per-
formance is less accurate when training on limited data and when having to extrapolate
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Fig. 13 Extrapolation relationship showing Pagerank workload by Size using Eqg. (5) and GBR
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Fig. 15 Extrapolation relationship showing Graph workload by Size using Eq. (4) and Kernel Ridge

results beyond the values seen in the training data. We examined and compared the per-
formance of the models and plotted the best performance in Fig. 19 and (6).

Graph

In the case of the Graph workload, the data were extrapolated by size. Equation (4)
shows the best performance among all the models. In this case, the KRR and GBR
performances were inferior. As shown in Table 11, the Eq. (4) accuracy is 0.945, while
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Fig. 16 Extrapolation for Wordcount by Nexec using Eq. (6) and KRR
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Fig. 17 Extrapolation for SYM by Nexec using Eq. (4) and KRR
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Fig. 18 Extrapolation for Pagerank by Nexec using Eg. (5) and KRR

the KRR and GBR accuracies are 0.150 and 0.371 respectively.  ese results indicate
that the selected ML algorithms are not suitable when the extrapolation is required.
Fig. 20 shows this performance comparison results for Eq. (4) and GBR.

Discussion

To evaluate the performance of the prediction models, this paper used the analyti-
cal and ML models and depicted the comparative analysis between them. To predict
Spark runtime performance, several experiments have been performed to evaluate the
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Fig. 20 Extrapolation for Graph by Nexec using Eq. (4) and GBR

Table 11 R-squared values for Extrapolation on Number of Executors

Workload f(S) Wordcount linear SVM quadratic Pagerank linear Kmeans linear Graph
(NWeight)
quadratic

Amdhal equation (1) 0.997 0.000 0878 0002 0.994 0.000 0994 0001 0932 0001
Gustafson equation  0.995 0.000 0728 0000 0988 0.000 0921 0001 0922 0.00
@)

ERNEST equation (3) 0996 0.000 0822 0002 0991 0.000 0992 0001 0930 0.007
2D plate equation 0.997 0.000 0.893 0.004 0.994 0.000 0992 0002 0.945 0.004
4)

Connected graph 0996 0.000 0853 0072 0.994 0.000 0995 0.001 0917 0.002
equation (5)

Con. graph 0.997 0.000 0850 0072 0.994 0.000 0.995 0.001 0916 0.02
equation (6)

Kernel ridge regres-  0.786  0.012 0619 0012 0917 0014 0917 0014 0150 0.060
sion

Gradient boost 0535 0.001 0408 0007 0510 0011 0510 0011 0371 0015
regression

The bold data in each column indicates the largest R-squared values in the corresponding column

performance. e comprehensive comparative study of the results presented in Tables 6,
7,8,9, 10, and 11 inspires us to the following three steps analysis.

Firstly, we present the KRR regression parameter relationship between alpha and
degree. is study found, for most of the workloads, the best R-squared can be
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achieved by selecting the small degree with alpha. Our analysis found higher degree
can produce best R-squared but the data over tting can be a major limitation. For
the GBR, we kept all the parameters default. However, we have examined di erent
random states, but there are no e ects on the accuracy improvement. e detailed
results are presented in Performance evaluations and analysis and Performance
analysis using extrapolation sections.

Secondly, interpolation experiments were carried out. e data split for the cross-val-
idation used data points for all the available sizes and number of executors for both test
and training sets. e presented results showed that analytical models are better than
KRR regression and produce similar accuracy as ERNEST, Amdahl or Gustafson. How-
ever, the GBR model was the most accurate when compared to all other models.

Finally, we used the extrapolation method with the cross-validation technique, and the
analysis was carried out using size and executors. We noticed the performance of ML
models are poor in both cases, but the analytical models are more accurate and e ective.

e presented results in Tables 10 and 11 showed that the linear workloads are more
accurate among the ML models than the quadratic workloads; in fact, the accuracy is
signi cantly poorer. e KRR, GBR, 2D-plate (Eq. 4) or fully-connected (Eq. 5) models
average accuracies are 0.466, 0.677 and 0.950.  ese results indicate that both 2D-plate
model and the fully-connected models are more e ective and accurate when using
extrapolation of data, either over size or number of executors.

Conclusion

is work aimed to compare ve analytical models against ML regression algorithms for
Spark performance prediction. We investigated two ML algorithms, namely KRR and
GBR algorithms, and ve analytical models, namely, 2D-plate, fully-connected, ERNEST,
Amdahl, Gustafson models. e key challenges were how to use limited data points for
generating models that t the data accurately and generalise well when extrapolating.

To address these challenges, we used interpolation and extrapolation methods with
k-fold cross-validation technique for both ML and analytical models. Using the interpo-
lation method, 2D-plate and fully-connected models outperformed the KRR algorithm,
ERNEST, Amdahl and Gustafson, but the GBR showed a better tting accuracy than
all other models.

Due to the limited available input data when using the extrapolation method, ML algo-
rithms proved not to be as accurate as 2D-plate, and fully-connected models. Our exper-
imental ndings con rm that both 2D-plate and fully-connected models reduce the
percentage error signi cantly and can accurately t the data for prediction purposes. For
this reason, 2D-plate and fully-connected models stand out as very e ective approaches
in the presence of limited input data for predicting Spark performance as well as parallel
system performance.

For future work, we plan to study di erent ML algorithms for comparative analysis
as well as perform more robust experimentations with di erent HiBench workloads in
order to yield further conclusive ndings.
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Chapter 6

Conclusion and Future Work

6.1 Conclusion

This study has resulted in four (4) Journal articles (all articles have already been
published in Q1 Journal) and one (1) peer-reviewed conference paper. Each chapter
contained within this thesis clearly outlines the original contribution and the novelty

of the work. A summary of each chapter contribution is listed as follows.

Investigated the HiBenchmark performance of Apache Hadoop and Apache
Spark system considering the large scale (600 GB) datasets.

Identified the influential parameters for individual workloads and configured

the workloads according to the settings.

The comprehensive experimental results have been obtained based on various

resource utilisation and HiBench workloads.

A novel parallelisation model called 2D-Plate was proposed. It can predict
various Apache Spark workloads’ performance patterns as a function of the
executors on the Hadoop cluster. This is the first reported experimental work
that has come up with a simple model that can fit the data accurately for

multiple workloads.

e The 2D parallel model was extended to include the data size as a parameter. A
novel parallelisation model called Fully-Connected Node model was proposed.
It can also predict various Apache Spark workloads’ performance patterns as a
function of the executors and the data size. Both models are based on different

communication patterns between the nodes of a Hadoop cluster.

e An extensive empirical analysis of the two proposed models showed that al-
though machine learning has better accuracy when using interpolation of data,

both proposed models are more accurate when extrapolating data.
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This study has discussed several points and explored different data processing
approaches of existing technology. Number of real-world workloads have been con-
sidered, conducted extensive experiments, and collected a large amount of system
performance data. The key challenges were to develop efficient models that can pre-
dict the performance based on limited training data points and fit the data into the

models accurately.

6.2 Future Work

This section discusses some some future work of the research. Some aspects might

be considered to improve the system performance as follows:

Hadoop cluster benchmark performance heavily depends on the hardware infras-
tructure. Since our cluster is relatively small and has only nine salve nodes with a
single master node, the cluster can process and aggregate the input data between
50 GB to 600 GB. Future work needs to be done to expand the existing hardware

infrastructure, particularly additional slave nodes with large storage.

In this study, seven types of workloads were considered from HiBench. HiBench
provides more than 20 workloads for cluster performance analysis. Thus, future work

can be done to consider more workloads in the experiments.

Literature has shown that the right parameter selection is very important for sys-
tem performance. Spark has more than 150 parameters, and selecting these param-
eters is very challenging. This study has tuned tuned executors, data size including
15 more parameters and reset kept as default. Thus, future work can be done by

considering more parameters to observe their affect on the system’s performance.

The current study has shown that models can simultaneously predict runtime
as a function of the number of executors and data size. Future work also needs
to optimise the models by considering other functions such as executor cores and
memory. Adding extra function into the models may show more insights about the

models.

The current study has considered several analytical models and machine learning

120



regression algorithms for comparative analysis. However, other machine learning

algorithms and analytical models can be taken into account for future investigation.
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Appendix 1
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