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Abstract

Nowadays the big data paradigm is consolidating its central position in the
industry, as well as in society at large. Lots of applications, across disparate
domains, operate on huge amounts of data and offer great advantages both for
business and research. As data intensive applications (DIAs) gain more and
more importance over time, it is fundamental for developers and maintain-
ers to have the support of tools that enhance their efforts since early design
stages and until run time. The present dissertation takes this perspective and
addresses some pivotal issues with a quantitative approach, particularly in
terms of deadline guarantees to ensure quality of service (QoS).

Technically interesting scenarios, such as cloud deployments supporting a
mix of heterogeneous applications, pose a series of challenges when it comes
to predicting performance and exploiting this information for optimal design
and management. Performance models, with their potential for what if anal-
yses and informed design choices about DIAs, can be a major tool for both
users and providers, yet they bring about a trade-off between accuracy and
efficiency that may be tough to generally address. The picture is further com-
plicated by the adoption of the cloud technology, which means that assessing
operating costs in advance becomes harder, but also that the contention ob-
served in data centers strongly affects big data applications’ behavior. For all
these reasons, ensuring QoS for novel DIAs is a difficult task that needs to be
addressed in order to favor further development of the field.

Over this background, the present dissertation takes two main routes to-
wards facing such challenges. At first we describe and discuss a number of
performance models based on various formalisms and techniques. Among
these, there are both basic models aimed at predicting specific metrics, like
response time or throughput, and more specialized extensions that target the
impact on big data systems of some design decisions, e.g., privacy preserv-
ing mechanisms or cloud pricing models. On top of this, the proposed mod-
els are variously positioned across the spectrum between efficiency and accu-
racy, thus enabling different trade-offs depending on the main requirements
at hand. This is relevant in the second main part of this dissertation, where
performance prediction is at the core of some formulations for capacity allo-
cation and cluster management. In order to obtain optimal solutions to these
problems, in one case at design time and in the other at run time, we adopt
both mathematical programming and several performance models, according
to the different constraints on solving times and accuracy.

More in detail, we propose performance models based on queueing net-
works (QNs), stochastic well formed nets (SWNs), and machine learning (ML).
This variety is justified by the different uses of each methodology. ML pro-
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Abstract

vides algebraic formulas for execution times, which are perfectly fit to be
added as constraints in our optimization problems’ mathematical program-
ming formulations, thus yielding initial solutions in closed form. Since ML
can reliably provide accurate predictions only in regions properly explored
during the training phase, the optimal solution is searched via a simulation-
optimization procedure based on analytical models like QNs or SWNs, which
in contrast are quite insensitive to the parameter range of evaluation, being
devised from first principles. These kind of models boast relative errors be-
low 10 % on average when predicting response times.

In terms of optimization, first of all we consider the design time problem
of capacity allocation in a cloud environment. The design space is explored
via both ML and simulation techniques, so as to choose the best virtual ma-
chine type in the catalog offered by cloud providers and, subsequently, de-
termine the minimum cost configuration that satisfies QoS constraints. We
show also how this optimization approach was applied during the design
phase of a tax fraud detection product developed by industrial partners, i.e.,
NETF Big Blu. Afterwards we also considered the run time issue of finding
the minimum tardiness schedule for a set of jobs when the current workload
exceeds predictions and the deployed capacity is not enough to ensure the
agreed upon QoS. Thanks to the varied efficiency of performance models, it
is possible to solve the design time problem in a matter of hours, whilst run
time instances are solved within minutes, consistently with the different re-
quirements.
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CHAPTER 1
Introduction

Many analysts point out that during these years technologies and methodolo-
gies that fall within the sphere of big data have swiftly pervaded and revolu-
tionized many sectors of industry and economy, becoming one of the primary
facilitators of competitiveness and innovation [63].

IDC reports that big data used to concern highly experimental projects, yet
its market is growing from $130 billion in 2016 to $203 billion in 2020, with
a compound annual growth rate of 11.9 %, with the banking and manufactur-
ing industries leading in terms of investment [128]. Big data applications offer
many business opportunities that stretch across industries, especially to en-
hance performance, as in the case of recommendation systems. Furthermore,
data intensive applications (DIAs) can also help governments in obtaining ac-
curate predictions, for instance quality weather forecasts to prevent natural
disasters and ease the development of appropriate policies to improve the
population’s life quality. To corroborate these considerations, notice that the
Obama government announced $200-million worth of investment to boost big
data related industries and positioned this strategy into the national agenda
in 2012. In addition, big data systems are increasingly exerting a central force
on society, thus requiring the development of intelligent systems providing
quality of service (QoS) guarantees to their users.

This dissertation reckons DIAs’ importance in today’s economy and tack-
les some relevant problems linked to their adoption. Any fruitful approach to
the optimization of big data applications must rely on effective performance
models, which are basic tools needed for the prediction of execution times or
the determination of costs given QoS constraints. For this reason, the initial
part of this dissertation discusses and compares a range of performance mod-
els, based on various formalisms and techniques. Building on top of these,
we also propose novel solutions to optimization problems that play a major
role in DIAs’ design and operation. In particular, we will detail formulations
for the capacity planning problem at design time, as well as for the run time
management of workload peaks.

This chapter proceeds as follows. Section 1.1 presents the main challenges
to face when dealing with DIAs in the cloud. Later on, Section 1.2 introduces

1



1. Introduction

the most relevant big data frameworks, which were studied in the develop-
ment of this dissertation, then Section 1.3 similarly introduces convolutional
neural networks. After that, Section 1.4 motivates the choice to investigate
performance models and summarizes the proposed ones, while Section 1.5
is about the optimization techniques. Section 1.6 acknowledges the interna-
tional research projects that supported this work and Section 1.7 introduces
the main questions that drive the content of this dissertation. The chapter
ends with a list of the relevant publications where I contributed and the the-
sis organization.

1.1 Challenges for QoS Aware Big Data Systems

As DIAs acquire a central position in society, the IT field should shift from
simply building systems to developing intelligent systems that provide QoS.
Yet, predicting the performance of big data applications in scenarios of techni-
cal interest, notably a mix of applications running concurrently in a cloud sys-
tem, is very challenging. Big data applications are characterized by changing
behavior during execution: for instance, they require initially a lot of CPUs,
then a lot of network capacity, to later switch between the two, with some-
times complex patterns. Moreover, to cope with the large amount of data,
such applications often run in parallel stages. The performance (and thus
QoS) of parallel applications is often harder to predict due to synchronization
overheads. In summary, the most relevant challenges are:

Performance prediction via models Designing new models to predict the per-
formance of applications, in terms of execution time, given certain re-
sources, is key to providing QoS to application customers. Such models
should be accurate and efficient, i.e., provide an estimate quickly. The
use of accurate models is beneficial for both cloud providers and end
users: for cloud providers, models can trigger run time adaptations to
provide QoS guarantees; for end users, they can support what if analysis
and enable taking more informed decisions on the resources to use. It
is important that the models run reasonably fast, i.e., provide responses
quick enough to drive run time adaptations. However, model accuracy
and efficiency are two often conflicting objectives. More sophisticated
models, capturing in more details different aspects of the application
execution, are often more accurate, but also very costly to run. Thus
finding the best trade-off between these two goals is a major challenge.

Cost predictability in the cloud Designing new models to estimate the costs
in terms of cloud resources to run big data applications is key. An accu-
rate estimate enables more efficient scheduling of resources, including
cost-effective utilization of data centers.

Ensuring QoS on a budget Big data applications are supported by cloud in-
frastructures that, for resource contention, can be affected by perfor-
mance decline. For this reason, one of the major challenges for big data
applications is to define mechanisms and policies that implement re-
source partitioning and management in a way that cloud data centers’
resources are used efficiently, providing differentiated service levels to
customers according to the price of the resources.

2



1.2. Big Data Frameworks

In relation to the above challenges, at first this dissertation proposes var-
ious performance models and compares the advantages each brings to the
table. Undoubtedly these models give a strong contribution for the predic-
tion of response times and other performance metrics, but they can also be
used to assess DIAs’ resource requirements. Moreover, they are at the core of
the optimization methods presented as the other important part of this dis-
sertation. The choice among a gamut of alternative modeling techniques is
instrumental to face the different issues that arise in the diverse scenarios of
interest. Specifically, the adoption of optimization at design or run time is
characterized by different constraints, for instance in terms of the time taken
to obtain a solution or the required accuracy.

1.2 Big Data Frameworks

One of the pillars on which the big data revolution is based is the MapRe-
duce paradigm, which has allowed for massive scale parallel analytics [76].
MapReduce, a programming model and a scalable and fault tolerant run time
environment [35], is the core of Apache Hadoop, open source framework that
has proven capable of managing large datasets over either commodity clusters
or high performance distributed topologies [130].

The MapReduce framework became the most popular platform for data
analytics because of its simplicity, generality, and maturity [138]. A data pro-
cessing request under the MapReduce framework, called a job, consists of
two types of tasks: map and reduce. A map task reads one data chunk and
processes it to produce intermediate results, then reduce tasks fetch the par-
tially processed data and carry out further computation to generate the final
result [126].

Hadoop is an open source implementation of MapReduce ready for pro-
duction deployments and used for applications like log file analysis, database
(DB) querying, web indexing, report generation, machine learning research,
scientific simulation, bioinformatics, and financial analysis [58, 129]. Hadoop’s
success has been planetary; it attracted the attention of both academia and in-
dustry as it overtook the scalability limits of traditional data warehouse and
business intelligence solutions [76]. For the first time, processing unprece-
dented amounts of structured and unstructured data was within reach, thus
opening up, suddenly, a whole world of opportunities.

From the technological perspective, MapReduce is capable of analyzing
very efficiently large amounts of unstructured data, i.e., it is a viable solution
to support both the variety and volume requirements of big data analyses [74].
Cloud platforms make MapReduce an attractive framework for organizations
that need to process large datasets, but lack the computing and human re-
sources to install and manage a cluster. Moreover, Hadoop 2.x recently intro-
duced a wide set of performance enhancements, such as SSD support, caching,
and I/O barriers mitigation. IDC had estimated that Hadoop touched half of
the world data by 2015 [68], supporting both traditional batch and interactive
data analysis applications [109]. Paradoxically, the MapReduce paradigm,
which has contributed so much to Hadoop’s rise, is steadily declining in favor
of solutions based on more generic and flexible processing models. Among
these, Apache Spark is a framework that is enjoying considerable success and
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that, according to analysts, is expected to dominate the market for the next
decade [40].

The rigid division between map and reduce requires to subdivide a com-
plex application into a directed acyclic graph (DAG) of MapReduce jobs, com-
prising tasks that perform a specific computation on partitions/splits of the
input data. In this case, the MapReduce paradigm forces to store the results
of each intermediate phase on disk, thus being unsuitable for applications re-
quiring a low latency between different phases, along with general application
QoS guarantees. Other frameworks, such as Tez [106] and Spark [135], have
been introduced to address this problem. Although Tez can handle general
DAGs of MapReduce phases, it still requires to write each stage’s results on
disk. On the other hand, Spark can exploit a set of primitives to request the
caching of partial results in memory, thus allowing lower latency and better
performance. Spark has been developed on the resilient distributed dataset
(RDD) concept [134], a novel distributed memory abstraction providing a
restricted form of memory sharing. In practice, Spark can easily obtain a
10x speedup over Hadoop on specific scenarios [135]. This motivates Spark’s
widespread adoption, which made it the leading framework for data science
at scale. Acknowledging its newly acquired importance for big data, the focus
of this dissertation shifted from MapReduce, which in this fast paced field can
now be considered legacy, to Apache Spark.

1.3 Deep Learning Frameworks

Among DIAs, an important role is played also by neural networks (NNs).
Nowadays, convolutional neural networks (CNNs) find application across in-
dustries, most notably for image recognition and classification tasks, which
represented the first successful adoption of the technique [71]. Ranging from
medical diagnosis to public security, deep learning (DL) methods are fruit-
fully exploited in a wide gamut of products. In addition to the established
applications, there is ongoing work on the technique’s adaptation for other
use cases, like speech recognition [107] and machine translation [17]. Over
time, many frameworks have been developed to provide high level APIs for
CNN design, learning, and deployment. Among the most well known, we
recall Torch,1 PyTorch,2 TensorFlow,3 and Caffe.4

Contrasting to big data frameworks, CNNs generally do not process un-
structured data, instead networks themselves are somewhat tailored for the
intended input data. Adopting the image recognition example to support in-
tuition, CNNs are peculiar in that they consist of two main portions: an or-
dinary NN acting as classifier, thus distinguishing different image categories,
constitutes the final end of the structure, while a convolutional part auto-
matically extracts features to feed into the classifier. In layman’s terms, the
learning process enables the convolutional layers to recognize high level fea-
tures such as beaks or paws, which in turn help the classifier in telling cats
from birds.

1http://torch.ch
2http://pytorch.org
3https://www.tensorflow.org
4http://caffe.berkeleyvision.org
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1.4. Performance Modeling for DIAs

Usually DL models are trained relying on GPGPU systems (even in clus-
ters for experimental environments [127]), which allow to achieve from 5 up
to 40x time improvement when compared to CPU deployments [18]. Moti-
vated by the relevance assumed by these applications, in the following we
also propose two performance models specifically tailored for CNNs.

1.4 Performance Modeling for DIAs

In spite of all the fuss around big data technologies, it is still undeniably true
that fully embracing them is a very complex process. Many efforts have been
made to make this technology accessible, but establishing a production ready
deployment is time consuming, expensive, and resource intensive. Not to
mention the fact that fine tuning is still often perceived as a kind of occult art.

It is widely held that there is a clear need for an easy button to accelerate the
adoption of big data analytics [54]. That is why many companies have started
offering cloud-based big data solutions, like Microsoft HDInsight, Amazon
Elastic MapReduce, or Google Cloud Dataproc, while IDC estimates that, by
2020, nearly 40 % of big data analyses will be supported by public clouds [48].
The advantages of this approach are manifold. For instance, it provides an ef-
fective and cheap solution for storing huge amounts of data, whereas the pay
per use business model allows to cut upfront expenses and reduce cluster
management costs. Moreover, the elasticity can be exploited to tailor clusters
capable to support DIAs in a cost-efficient fashion. Yet, provisioning work-
loads in a public cloud environment entails several challenges. In particular,
the space of configurations (in particular, in terms of nodes type and num-
ber) is very large, thus identifying the exact cluster configuration is a complex
task, especially in light of the consideration that the blend of job classes in a
specific workload and their resource requirements may also vary over time.

At the very beginning, MapReduce jobs were meant to run on dedicated
clusters to support batch analyses via a FIFO scheduler [100, 102]. Neverthe-
less, DIAs have evolved and nowadays large queries, submitted by different
users, need to be performed on shared clusters, possibly with some guarantees
on their execution time [139, 140]. This is not a loose requirement, indeed, as
one of the major challenges [80, 119] is to predict the application execution
times with a sufficient degree of accuracy. In such systems, capacity allocation
becomes one of the most important aspects. Determining the optimal number
of nodes in a cluster shared among multiple users performing heterogeneous
tasks is a relevant and difficult problem [119].

Unfortunately, modeling the performance of such systems is very chal-
lenging. Indeed, production Hadoop environments are nowadays very large
massively parallel systems where map and reduce tasks coordinate exhibit-
ing precedence constraints and strict synchronization barriers. Additionally,
in our context, the stakeholders interested in the performance evaluation of
Hadoop processes are its users rather than its developers. Therefore, the com-
plexity and novelty of these systems together with the lack of full knowledge
of their development details make unclear the concepts that should be in-
cluded in a performance model in order for them to be both accurate and
manageable by performance evaluation tools.

Moreover, with Hadoop 2, resources are dynamically allocated between
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the map and reduce stages. While in early Hadoop versions CPU slots and
other resources were separated between mappers and reducers using a static
approach, in Hadoop 2 containers (both for MapReduce and Spark) are dis-
tributed among ready tasks in a dynamic fashion by YARN. On the one hand,
this allows a better cluster utilization, on the other hand performance model-
ing became much more difficult. In Spark, cluster resources are scheduled to
process part of the operations on RDDs: to obtain an RDD, Spark first builds
a DAG with its dependencies, then processes each stage providing a certain
amount of resources, based on data locality.

Because of all these reasons, predicting the execution time of Hadoop or
Spark jobs is usually done empirically through experimentation, requiring a
costly setup [53]. Performance prediction models are extremely useful to aid
development and deployment of big data applications, either for design time
decisions or run time system reconfiguration. Design time models can help,
e.g., to determine the appropriate size of a cluster or to predict the budget
required to run Hadoop or Spark in public clouds. Such models can be used
also at run time, allowing for a dynamic adjustment of the system configu-
ration [11, 101], e.g., to cope with workload fluctuations or to reduce energy
costs.

Analytically modeling DIAs is very challenging due to the great number
of parameters that have to be investigated. To ensure analytical model (AM)
tractability in such complex systems, AM-based performance models typi-
cally rely on simplifying assumptions that reduce their accuracy. On the other
hand, machine learning (ML) deals with the study and construction of algo-
rithms that can learn from data and make predictions on it without a priori
knowledge about the internals of the target system. In recent years, a growing
number of successful researches were done to explore the possibility of using
ML techniques to predict the performance of complex computer systems [61,
73, 132]. To be able to predict accurately, the ML model should be built during
a training phase with a sufficient amount of experimental data from different
workloads, using various parameters and configurations. However, running
several experiments in a cloud environment would be costly and time con-
suming. On top of this, though ML often provides good accuracy in regions
for which it is well trained, it shows poor precision in regions for which none
or very few samples are known.

Gray box modeling [41, 43, 62] is a new approach for performance mod-
eling and prediction that tries to achieve the best of the AM and ML worlds
by mixing the two. Such models can be exploited to support design time de-
cision making during the development and deployment phases of big data
applications. These models can then be also kept alive at run time to conduct
the dynamic adjustment of the system configuration [101]. In this context,
the performance models proposed in the present dissertation span the whole
spectrum from AMs to MLs, also with a hybrid approach aimed at attaining
similar accuracy despite the use of less operational data, which entails savings
on ad hoc experimental deployments.

In spite of the widespread adoption of DL systems, still there are few stud-
ies taking a system perspective that aim at investigating how, for example,
the training time changes when running on different GPGPUs or by varying
the number of training iterations or the batch size [18, 57]. DL applications
are characterized by a large number of design choices that often do not ap-
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ply readily to other domains or hardware configurations, up to the point that
even advanced users with considerable DL expertise fail at identifying opti-
mal configuration settings [57].

1.4.1 Contributions

The originality of this dissertation consists in an array of modeling techniques
capable of catching the system behavior under the dynamic assignment of the
available cluster resources. We assume that the cluster is governed by the
Capacity Scheduler, which partitions the available resources among multi-
ple customers through queues, each queue being regulated by a FIFO policy.
Based on this assumption, we devised several performance models relying on
different formalisms, so as to evaluate their relative accuracy and efficiency
and tailor them to the specific requirements of each use case. In particular, we
investigated queueing networks (QNs), stochastic well formed nets (SWNs),
fluid Petri nets, discrete event simulators (DESs), as well as ML approaches.

When the focus is on model expressiveness rather than fast prediction,
for instance during the design phase, it is possible to estimate DIAs execu-
tion times for multiple users and under unreliable resources. In particular,
we analyze a cloud-based scenario where the cluster, to save execution costs,
includes also spot virtual machines (VMs) [47]. The utilization of spot VMs
offers large discounts in VM prices, with the drawback of a non-guaranteed
availability level. We combine the performance and availability dynamics of
cloud resources in a single performability model that allows for evaluating how
failures caused by a sudden deallocation of VMs by the cloud providers de-
grade system performance.

In this dissertation, we also present a method to learn performance models
for CNNs running on a single GPGPU. The main metrics under investigation
are the forward time, relevant to quantify the time taken for classification
when the trained network is deployed, and the gradient computation time,
which on the other hand is important during the learning phase.

The validation of all the proposed models has been carried out with exper-
iments on real systems, considering a number of target deployments. Namely,
we considered public clouds with Amazon EC2 and Microsoft Azure HDIn-
sight, community clouds with CINECA, the Italian supercomputing center, as
well as on premises deployments with an internal installation, based on IBM
POWER8 processors, at Politecnico di Milano. In order to make the validation
both reproducible and reliable, we chose the TPC-DS benchmark, which is an
industry standard for data warehouse and business intelligence applications.
Alongside these analyses based on the benchmark, we also considered some
case studies proposed by industrial partners, including also ML workloads.
The presented simulation models show, on average, a good accuracy with re-
spect to measurements: their mean relative errors are 14.13 % for QNs and
9.08 % for SWNs.
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1.5 Capacity Planning and Resource Management
Optimization

Given a set of performance modeling techniques, with their pros and cons, the
next step of this dissertation is the development of optimization methods to
solve problems related to the management of DIAs in the cloud. Specifically,
we focused on the issues of capacity planning at design time, while at run
time on the rebalancing of the available resources to meet the requirements
of newly submitted jobs, possibly going beyond the foreseen workload and
associated capacity.

We formulate the design time capacity planning problem by means of a
mathematical model, with the aim of minimizing the cost of cloud resources.
The problem considers multiple VM types as candidates to support the exe-
cution of big data applications from multiple user classes. Cloud providers
offer VMs of different capacity and cost. Given the complexity of virtualized
systems and the multiple bottleneck switches that occur in executing DIAs,
very often the largest available VM is not the best choice from either the per-
formance or performance/cost ratio perspective [53, 139]. Through a search
space exploration, our approach seeks the optimal VM type and number of
nodes considering also specific cloud provider pricing models (namely, re-
served, on demand, and spot instances). The underlying optimization prob-
lem is NP-hard and is tackled by a simulation-optimization procedure able
to determine an optimized configuration for a cluster managed by the YARN
Capacity Scheduler. DIA execution times are estimated by relying on a gamut
of models, including ML and simulation based on QNs, stochastic Petri nets
(SPNs) [9], as well as an ad hoc simulator, dagSim [3], especially designed for
the analysis of applications involving a number of stages linked by DAGs of
precedence constraints. This property is common to legacy MapReduce jobs,
workloads based on Apache Tez, and Spark-based applications.

Analogously, the run time problem of resource reallocation is formulated
as a distinct mathematical programming model whose objective is the min-
imization of tardiness. In this case the focus shifts to private clouds, where
the previously applied pricing model is not relevant. Along the same lines, it
is not possible to choose a different VM type, since this decision was already
taken during the design phase. Exploiting another simheuristic procedure, it
is possible to obtain the optimal reallocation of resources that enables hard
deadline DIAs to meet their service level agreements (SLAs) and loosens the
constraints on soft deadline jobs, in order for them to achieve the minimum
overall weighted tardiness.

1.6 Acknowledgment

This dissertation has been developed within the framework of two H2020
projects: DICE and EUBra-BIGSEA. The former has as main goal a DevOps
framework for designing DIAs and exploiting information extracted from
their deployments to improve on such design, whilst the latter aims at a run
time environment to provide QoS guarantees for big data, both in data centers
and in the cloud.

Relying on the hereby presented performance models and optimization
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methods, we obtained two main outcomes: D-SPACE4Cloud5 and several
modules in the EUBra-BIGSEA ecosystem. D-SPACE4Cloud is a piece of soft-
ware designed to help system administrators and operators in the capacity
planning of shared big data clusters hosted in the cloud, so as to support both
batch and interactive applications with deadline guarantees. We believe that
being able to successfully address this problem at design time enables devel-
opers and operators to make informed decisions about the technology to use,
while also allowing for the full exploitation of the potential offered by the
cloud infrastructure. On the other hand, at run time it is no more possible
to take far reaching choices, yet the EUBra-BIGSEA architecture enables the
optimal management of the available resources, so as to reduce the impact on
QoS of unforeseen workload spikes.

1.7 Research Questions

Overall, this dissertation’s main contributions revolve around four research
questions. These range from the accuracy of performance models and pre-
diction techniques, but also their time efficiency, to the effectiveness of op-
timization procedures, even when applied in time constrained scenarios. It
is also relevant to investigate the impact of different deployment options on
performance, with particular attention to the savings enabled by non-obvious
interactions among workloads and underlying computational capabilities. In
the end, the proposed optimization techniques may allow for design choices
that go beyond simple cluster sizing, then such a possibility should be as-
sessed. The following paragraphs expand with more details the above men-
tioned problematics.

Research question 1. Which performance models can be applied to DIAs in an
accurate and efficient way? In particular, which have fitting characteristics for
design time optimization techniques or, alternatively, for run time management of
big data deployments?

Searching for the optimal configurations to deploy DIAs implies the ba-
sic requirement of predicting with a fair confidence their performance, de-
pending on the amount and type of allocated computational resources. If
design time optimization is less constrained in terms of convergence times,
conversely when operating at run time it is fundamental to shrink the time
taken for the optimization procedure, so as to keep at a minimum the impact
on DIAs execution. Hence, it is relevant to investigate the trade-offs between
accuracy and prediction speed enabled by different alternative techniques,
thus determining which better fit either application scenario and highlight-
ing the compromises that might possibly be needed.

Research question 2. How to identify the minimum cost configuration at de-
sign time and how to manage it at run time under high load conditions? Are the
proposed optimization methods accurate?

One of the major issues when dealing with complex pieces of software,
such as DIAs, is that they provide lots of configuration parameters, a num-
ber of which have effects on the overall performance. This problem is further

5DICE System Performance and Cost Evaluation for Cloud
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worsened by the vast catalog of alternative deployment choices enabled by
the cloud. In a similar setting, it is fundamental to devise appropriate meth-
ods capable of efficiently exploring the state space, since an exhaustive search
would be utterly impossible. Even more so when the goal is the run time man-
agement of DIAs clusters, as the more stringent optimization time constraints
exacerbate the issue. In the end, applicability of the proposed techniques
heavily depends on their accuracy, hence it is important to assess it via an
extensive experimental campaign.

Research question 3. When looking for the minimum cost deployment, are there
any dominant configurations? Is it possible, instead, that different workloads lead
to different minimum cost configurations? What is the impact of providers’ catalogs
on these considerations?

Common practices tend to associate specific classes of instances to appli-
cations based on the matching among VMs’ computational capabilities and
DIAs’ requirements. An immediate example is offered by Apache Spark,
which requires a large central memory on each worker node, so as to achieve
faster processing in iterative applications via the caching of RDDs. Cloud
providers often offer computing and memory optimized instances to satisfy
such needs. The focus in this research question is on investigating whether
such a preliminary choice is always optimal, or if the complex dependen-
cies between frameworks and deployment options enable different minimum
cost configurations based on varying concurrency levels, SLAs, and so forth.
Moreover, it is interesting to assess whether such behavior can be observed
also across various providers.

Research question 4. Are these techniques useful to investigate application ar-
chitectural choices at design time?

Several architectural choices might have an impact on DIAs’ observed per-
formance and this, in turn, affects the optimal configuration for what con-
cerns both the type and number of allocated resources. A natural implication
is the adoption of the devised methods for modeling and optimization at de-
sign time, when it is possible to quantitatively explore several choices and to
assess their effect on the final performance and operational costs.
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1. Introduction

Manuscript Organization

This dissertation is organized as follows. To begin with, Chapter 2 outlines
related work and the state of the art. Then Chapter 3 provides details about
the performance models developed for this research, thus also addressing re-
search question 1. Chapter 4 describes the problem setting and the formu-
lations proposed for optimization, both at design and run time, which en-
tails research question 2. Further on, Chapters 5 and 6 discuss experimental
results that validate both performance models and optimization techniques.
Alongside validating research questions 1 and 2, they also show results and
case studies about research questions 3 and 4. In the end, Chapter 7 draws
the conclusions of this dissertation and hints at possible future work.
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CHAPTER 7
Conclusions and Future Work

Throughout this dissertation we presented several techniques to address a
number of related problems of interest in the field of DIAs. The main goal
pursued in this work was the optimal capacity allocation and management of
big data deployments with performance guarantees, both at design and run
time, yet a lot of attention was dedicated to other aspects that play an enabling
role.

In particular, Chapter 3 focuses on the analysis of various performance
models obtained via a series of formalisms, such as QNs, SWNs, and ML. Ex-
ploring such a wide range of alternatives was made necessary by the varying
requirements of the different optimization procedures, specifically in terms
of execution times of the searches themselves, as well as accuracy. To begin
with, our optimization procedures are initially formulated through mathe-
matical programming. Algebraic models can be easily added as constraints to
the formulation, thus enabling the use of KKT conditions, which provide in
closed form a sensible starting point for the search. In this case ML methods
are perfectly fit for the requirement, as their output is an algebraic formula
involving application parameters and system configurations. However, their
big disadvantage is a lack of reliability when applied outside of the range
covered by the data available at the time of training: since it is not possible to
guarantee that the optimal configuration belongs to that domain, even more
so at design time, we also adopt simulation-based techniques to complement
ML. During the simulation-optimization approach, QNs, SWNs, or dagSim
play their role, thanks to both their insensitivity to the evaluation range and
accuracy, with relative errors settling within 3 % and 10 % on average, as re-
ported in Chapter 5. Such results positively answer to research question 1.

Alongside their exploitation to support optimization, we also discuss the
use of performance models to assess design choices, in line with the topic of
research question 4. For example, Section 3.3.2 extends a basic performance
model for Hadoop by considering the effects of spot instances failures caused
by cloud providers’ decisions to reclaim data center capacity under increased
load. Chapter 5 also reports the results of some analyses based on this SWN,
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with the goal of understanding the possible cost savings and the correspond-
ing performance degradation enabled by this peculiar pricing model.

A further contribution of Chapter 3 is a pair of approaches to performance
modeling of CNN applications deployed on GPGPUs. In this scenario, due
to the extreme level of parallelism that rules out most simulation-based for-
malisms, we opt for two alternative ML models. The first one, the so called
per layer model, is based on the derivation of the computational complexity
of each type of layer used in CNNs, so as to apply linear regression and link
complexity to layer execution times. In this way we obtain a set of models gen-
eral enough to be applied to new CNNs that are not part of the training set.
As a second approach, we also motivate the adoption of an end to end model
based on two fundamental parameters, batch size and number of iterations,
in order to predict performance when an application is already deployed on
a specific system. This method enables a higher accuracy, but at the expense
of decreased generality, since the obtained model is hardwired to a particu-
lar pair CNN-GPU. In both cases, the observed accuracy is good and, along
the lines of research question 1, these performance models may be adopted in
future work at the base of optimization procedures.

After presenting performance models, in Chapter 4 we shifted to the op-
timization methods topic, following research question 2. Thanks to the col-
laboration with two research projects, DICE H2020 and EUBra-BIGSEA, we
investigated both design and run time problems. At first, we focused on de-
sign time issues, such as capacity allocation in cloud environments, with a
design space exploration that considers also the choice among different alter-
native VM types to support the workload. After performing the basic choice
on the instance type via ML models, the optimization proceeds with a search
technique relying on third party simulators and terminates by returning the
minimum cost configuration able to satisfy QoS constraints. Later on, we
turned our attention to run time problems, like minimizing the overall tardi-
ness of a set of jobs when the current workload exceeds what had been fore-
cast, for instance due to an unforeseen peak of requests. In this scenario there
are stringent constraints on the execution time of the optimization procedure,
hence we need to consider only the most performant simulators to support the
search phase. For this reason, in this case we adopt dagSim or Lundstrom, fast
simulators developed by research partners in the frame of EUBra-BIGSEA.

We evaluated these optimization methods in Chapter 6. D-SPACE4Cloud
allows for several considerations at design time, for instance assessing the ef-
fect of QoS constraints or concurrency levels on the costs incurred to support
big data applications. Properly deciding the VM type where to run a work-
load leads to cost savings up to 36.4 %, with the additional consideration that
it is not possible to single out one dominant choice but, as hinted in research
question 3, actual workloads, concurrency levels, and QoS constraints play
a role in determining the optimal configuration. In order to highlight how
D-SPACE4Cloud can be useful during DIA design, we reported the outcomes
of a case study for NETF Big Blu, a tax fraud detection application, showing
how our tool was used to investigate in early stages the possible impact on
costs of different privacy preserving mechanisms: this case study is another
example of application of the proposed techniques in designing DIAs, accord-
ing to the focus of research question 4. Shifting focus to run time aspects, we
also assessed the quality of the proposed solution for the minimum weighted
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tardiness problem. It appears that OPT_JR can sensibly modulate the solu-
tion based on system pressure, with the ability to return it within minutes
also under a heavy load. Further, such solutions show a 21 % relative error
with respect to measurements on a real system.

In the future, the research carried out so far will be extended in various
directions. One of these will be the validation of our performance models
against ML and DL workloads, an appealing scenario given their widespread
adoption in the industry for a range of applications. Furthermore, via extend-
ing the underlying performance predictors, also the optimization methods
will be made compatible with such new workloads. Another interesting re-
search branch to explore is the optimal sizing of GPU-based systems, possibly
not only for CNNs, but also for other applications. Similarly, it will be rele-
vant to extend the investigation beyond one-GPU nodes, taking into account
both multi-GPU machines and clusters of such GPU-enabled installations.
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Acronyms

AES Advanced Encryption Standard. 119–121

AM analytical model. vi, 6, 22, 25, 27, 31, 50–54, 92, 93, 95, 96, 98, 100

API application programming interface. 4, 13, 20, 21, 72

CDF cumulative distribution function. 87

CNN convolutional neural network. xiii, 2, 4, 5, 7, 22, 25, 31, 32, 41–49, 81,
102–107, 134, 135

CPN colored Petri net. 23

CPU central processing unit. 2, 5, 6, 17, 18, 23, 25–27, 32, 61, 63, 64, 72, 82,
91, 92, 95, 103, 126, 129

CV coefficient of variation. 39, 41

DAG directed acyclic graph. xi, 4, 6, 8, 21, 28, 29, 32, 34, 41, 52, 63, 72,
89–91, 100, 101

DB database. 3, 20, 109, 112, 118, 119, 125

DDSM DICE Platform, Technology, and Deployment Specific Model. xi, 58,
60, 61

DES discrete event simulator. 7, 60, 72, 89

DIA data intensive application. v, 1–10, 13, 22, 34, 58–61, 63, 69, 71, 79, 89,
97, 132–134

DL deep learning. 4–7, 18, 25, 41, 135

DPIM DICE Platform Independent Model. 58

DT decision tree. 27

DTSM DICE Platform and Technology Specific Model. 58, 60

FCR finite capacity region. 33, 34

FIFO first in, first out. 5, 7, 18, 32–34, 36

FSPN fluid stochastic Petri net. xi, 37, 38
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GPGPU general purpose graphics processing unit. 5–7, 25, 42, 43, 46–49,
107, 134

GPS Global Positioning System. 123, 124

GPU graphics processing unit. xiii, 18, 25, 26, 28, 43, 46, 48, 81, 103, 104,
107, 134, 135

HDFS Hadoop Distributed File System. xi, 14–17, 21, 23, 82

HQL Hive Query Language. 20, 23

I/O input/output. 3, 18, 24

IaaS infrastructure as a service. 22, 61, 62, 66, 74

ICT information and communication technology. 22

IDE integrated development environment. 58, 59, 79

IT information technology. 2

JSON JavaScript object notation. 20

KB knowledge base. 27, 50, 51, 53, 54, 93, 98

KKT Karush-Kuhn-Tucker. 54, 67, 75, 77, 79, 133

MAPE mean average percentage error. 27, 51, 53, 93, 95, 97, 100, 101, 103–
107

MC Markov chain. xi, 23, 24, 32, 37, 40

MINLP mixed integer nonlinear programming. 60, 66

ML machine learning. v, vi, 6–8, 13, 18–20, 25–27, 31, 32, 50–55, 60, 63, 64,
66, 67, 74, 75, 77, 79, 92, 93, 95–102, 106, 107, 114, 123, 133–135

MVP minimum viable product. 117, 132

NN neural network. 4, 26–28

OS operating system. 14, 15, 24

P8 POWER8. 7, 126

PBS Portable Batch System. 82

PDF probability distribution function. 39, 84, 98

PN Petri net. 23, 25

POSIX Portable Operating System Interface. 15
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Acronyms

QN queueing network. v, vi, xi, xiii, 7, 8, 23–25, 27, 29, 31–34, 52, 54, 55, 60,
81, 83–85, 98, 99, 106, 133

QoS quality of service. v, vi, 1, 2, 4, 8, 9, 26–28, 58–60, 62, 71–74, 112, 115,
125, 132, 134

RAM random access memory. 82, 104, 109, 119, 124, 126

RDD resilient distributed dataset. 4, 6, 10, 20, 21

RL reinforcement learning. 27

SLA service level agreement. 8, 10, 23, 26, 29, 74, 79, 107

SPN stochastic Petri net. 8, 23, 37, 60

SQL Structured Query Language. 19, 20, 24, 89

SSD solid state drive. 3, 126

SVM support vector machine. 49

SVR support vector regression. 26, 52, 53, 60, 67, 92, 93

SWN stochastic well formed net. v, vi, xi, xiii, 7, 31–36, 54, 55, 81, 83–86,
106, 107, 133

TAS Transactional Auto Scaler. 27

UML Unified Modeling Language. 58, 60

vCPU virtual central processing unit. 78, 81, 109, 119, 126

VM virtual machine. vi, 7, 8, 10, 34–37, 50, 59–70, 72–75, 77–79, 81, 85, 86,
91, 109, 110, 112, 115, 116, 119, 123–126, 130–132, 134

YARN Yet Another Resource Negotiator. 6, 8, 17, 18, 20, 28, 33, 36, 38, 51,
61, 63, 71, 86
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