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Abstract

Nowadays, more and more enterprises exploit Big Data technologies in or-
der to extract knowledge from huge datasets. Applications can encom-
pass business analytics, can support decision-making, log-analysis, machine
learning. Hence, a reliable and scalable computing solution is highly re-
quired for dealing with the quantity and the complexity of the information
to process. Hadoop is an already widespread technology, implementing the
MapReduce computational model and featuring a resource negotiator, as
well as a distributed file system, thus providing a highly scalable paral-
lel computation, ensuring also distribution, fault-tolerance, reliability, and
monitoring. Tez is a framework built on top of Hadoop that allows to build
applications by setting their workflows as direct acyclic graphs. Even if it is
an extremely important task, still there are no tools that fully support de-
velopers in activities related to the capacity planning of MapReduce or Tez
applications. In order to minimize costs and fulfill the required number of
concurrent users, it is important to properly set computational resources to
avoid wastes and to guarantee a certain level of performance. For this rea-
son, this thesis proposes a tool to optimize the allocation of resources and to
guarantee that execution times of both MapReduce and Tez tasks respect
estabilished deadlines. Having such tool available at design-time enables
operators to make more informed decisions about the technology to use
and to fully exploit the potential offered by the Cloud infrastructure. The
core of this work is the development of a greedy algorithm to optimize the
allocation of resources and the overall cluster cost in private cloud scenar-
ios. It exploits analytical models to evaluate execution time of MapReduce
and Tez jobs and is implemented in three steps: an approximated solution
obtained by a machine learning technique is initially obtained. Then, a
greedy search optimizes the capacity allocation for individual applications
by performing the minimum number of analytical simulations. Finally, a
mixed integer model identifies the cluster of minimum costs and the VMs
to physical machine assignment.






Sommario

Oggigiorno, sempre piu aziende sfruttano tecnologie Big Data per estrarre
conoscenza da enormi dataset. Le applicazioni includono business-analysis
in grado di supportare il processo decisionale, log-analysis, il machine lear-
ning. Una soluzione di elaborazione altamente affidabile e scalabile ¢ ne-
cessaria per elaborare grandi quantita di informazioni complesse. Hadoop e
una tecnologia gia diffusa che implementa il modello di computazione Ma-
pReduce, un negoziatore di risorse e un file system distribuito, fornendo co-
si computazioni parallelizzabili, scalabili, assicurando anche distribuzione,
fault-tolerance, affidabilita e monitoraggio. Tez e un framework costruito su
Hadoop che permette di creare applicazioni basate su direct acyclic graph.
Nonostante sia un aspetto estremamente importante, ancora non ci sono
strumenti che supportano pienamente gli sviluppatori in attivita legate alla
pianificazione delle risorse da assegnare alle applicazioni MapReduce o Tez.
Per minimizzare i costi e supportare un numero di utenti concorrenti, ¢ im-
portante impostare correttamente le risorse, evitando sprechi e garantendo
un certo livello di prestazioni. Per questo motivo, questa tesi propone uno
strumento per ottimizzare 1’allocazione delle risorse e per garantire che i
tempi di esecuzione di task MapReduce e Tez rispettino le scadenze impo-
state. Tale strumento, disponibile in fase di progettazione, consente agli
operatori di prendere decisioni piu consapevoli sulla tecnologia da utilizza-
re e per sfruttare appieno le potenzialita offerte dalle infrastrutture Cloud.
Questo lavoro si basa sullo sviluppo di un algoritmo greedy per ottimizzare
I’allocazione delle risorse e il costo globale dei cluster in scenari cloud priva-
to, sfruttando modelli analitici per valutare il tempo di esecuzione dei task
MapReduce e Tez. Inizialmente, si ottiene una soluzione approssimata con
una tecnica di machine learning. Poi, una ricerca greedy ottimizza 1’asse-
gnazione di capacita alle varie applicazioni, eseguendo il numero minimo di
simulazioni analitiche. Infine, un mixed integer model identifica il cluster
di costo minimo e ’assegnazione delle macchine virtuali su quelle fisiche.






CHAPTER

Introduction

In recent years, data has grown in an explosive way. Every day, 2.5 quin-
tillion bytes of data are created. This is so much that the 90 percent
of the data in the world today were produced within the past two years.
That is why the embracement of Big Data is steadily increasing, it has
moved from an experimental projects to mission-critical, enterprise-wide
deployments providing new insights, competitive advantage, and business
innovation [30]. This ever-increasing number of applications range from
fraud detection to one-to-one marketing, encompassing business analytics
and support to decision making both in private and public sectors. In order
to cope with this unprecedented amount of data that many companies need
to process in a timely way, new technologies are increasingly adopted by
the industry, following the Big Data paradigm.

From the technological perspective, MapReduce programming model
has been for many years the de-facto standard in this field. Indeed, it is
capable of analyzing in a very efficient way large amounts of unstructured
data, thus resulting a viable solution to support both the variety and volume
requirements of Big Data operations [34]. MapReduce has been adopted
in multiple application domains, e.g., machine learning, log analysis, and
data mining [58]. The most common open source implementation of this
computational model, Apache Hadoop, is able to manage large datasets
allowing other applications, built on the top of it, to efficiently elaborate
even Petabytes of data. Further improvements have been introduced with
the Apache Tez framework, in which job tasks are not forced to follow a
strict two-phase order, but tasks can form an arbitrary complex Directed
Acyclic Graph (DAG) and the are no longer 1/O barriers in intermediate
computations.




1. INTRODUCTION

Performance prediction of Big Data applications is extremely impor-
tant, e.g., for correctly planning the required size a cluster (either physical
or in the public cloud) must have to handle a certain workload. However,
the adoption of Hadoop and other Big Data technologies is complex. The
deployment and setup of an implementation is time-consuming, expensive,
and resource-intensive. Nowadays, this problem is getting even worse due
to recent Hadoop and Tez enhancements that increases the situation com-
plexity. Thus, modeling performance of computational paradigms newer
than MapReduce, e.g., Apache Tez, become extremely challenging.

The focus in this thesis is to provide a software tool able to support
system administrators and operators in the capacity planning process of
shared Hadoop 2.x in private clusters, supporting applications with deadline
guarantees and a number of concurrent users. Having such tool available at
design-time enables operators to make more informed decisions about the
technology to use and to fully exploit the potential offered by the Cloud
infrastructure.

This thesis is organized as follows. Chapter 2 will discuss the state of
the art, giving an overview of the technologies under study, in particular
Cloud computing, Hadoop, Tez, MapReduce and its job performance mod-
els. Next, Chapter 3 is going to show how we developed mathematical
programming models to solve the capacity planning problem in a Private
Cloud cluster. After that, in Chapter 4, we will show the architecture of
the implented tool. In Chapter 5, an exploration of the characteristics of
the proposed models is given. In the end, Chapter 6 will wrap up this work
and draws conclusions on the outcomes. Furthermore, it points out relevant
issues that remain open and will be the focus of future work.



CHAPTER

Conclusions and Future Work

Throughout this thesis we investigated the capacity planning problem for
MapReduce and Tez applications running on Hadoop private cloud clusters.
After exploring the technical aspects related to Cloud computing, MapRe-
duce, Apache Hadoop, Tez as well as the application of the SVR Machine
Learning, we focused on the development of a tool that could be exploited
for solving the capacity allocation problem in a scalable way. Then, the
solution methods were validated through empirical analyses.

In particular, this work proposed a tool able to optimize the allocation of
resources and to guarantee the execution times of both MapReduce and Tez
jobs with respect to established deadlines. The core of this tool is a greedy
algorithm able to optimize the allocation of resources and the overall cluster
cost exploiting accurate analytical models. Having such tool available at
design-time enables operators to make more informed decisions about the
technology to use and to fully exploit the potential offered by private cloud
infrastructures.

Building upon the outcomes of this work, it is possible to investigate
further open issues and relevant research questions.

The greedy search technique allows to obtain very accurate predictions
by simulating the whole Hadoop system, at the price of long execution
times. The tool shown a promising direction involving the combination
of analytical models (QN,SWN) and machine learning techniques (SVR).
Through a further use of the existing expensive models it is possible to
generate lots of data that can be used in order to further improve the
training set of the SVR, drastically reducing execution times.

Since the provided tool supports the capacity allocation problem for the
execution of complex DAGs, other big data frameworks that take advantage
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6. CONCLUSIONS AND FUTURE WORK

from them can be investigated. Examples of such frameworks that are
attracting increasing attention in the industry are Spark and Storm.
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