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Abstract

The development of applications is becoming every day more diverse in terms of requirements and ob-
jectives. Considering this, major cloud providers offer a large variety of hardware types to better fit their
customers’ needs. Moreover, a common approach is to design applications in a distributed setup. This
means that applications typically consist of building blocks performing individual tasks and communicat-
ing with each other to achieve a given objective. Similarly, in order to fulfill the overall requirements of
the application, each of its building blocks could feature different instances (e.g., GPUs and FPGAs) as
their individual requirements might differ from each other.

In this work, we add energy efficiency on top of the multiple objectives that an application might have
such as performance or security. Recent studies estimate the already alarming and still increasing energy
consumption in the cloud computing sector, especially coming from data centers. We aim at tackling this
problem from two different perspectives: 1) cloud providers, and 2) application developers.

Looking from the cloud providers point of view, we start by proposing a novel scheduling strategy focused
on single-tenant scenarios which leverages the heterogeneity of both clusters and applications to better
address the trade-off between performance and energy efficiency. Then, we extend this approach to the
multi-tenant scenario where we rely on differential approximation and sprinting to avoid job eviction and
resource waste leading to an overall energy gain.

In the second part of this thesis, we switch the view from cloud providers to the developers of applications.
Here we show that peculiar characteristics of applications can also be leveraged to achieve more energy
efficient approaches while maintaining or even further improving their remaining objectives. For that end,
we use the automatization of parameter tuning for deep learning applications as use case.

We start by characterizing such applications to motivate how relevant the tuning approach taken can
be on the end results for tuning, training, and inference. After that, we propose a novel auto tuning
approach which takes advantage of the high parallelism and recurring characteristics of such application
to simultaneously consider performance, accuracy, and energy efficiency. Once the tuning process is
complete, the final model is typically deployed to be used for inference. Therefore, our next step is to
extend our approach to perform inference-aware tuning. With this complementary step, we additionally
output to the users recommendations on how to deploy their models such that inference-related objectives
are also achieved.

Finally, independent of the perspective taken, security is one of the major concerns in this area. Cloud
providers need to ensure data privacy to their customers, in particular for multi-tenant scenarios where
resources are shared among several users. On the other hand, applications related to deep learning are
often trained on user-sensitive data which also has to be protected. Recently, trusted executed environ-
ments (TEEs) became largely available in server machines as a mechanism to guarantee security. However,
such approaches still have their limitations when it comes to usability and the overhead which could be
added to applications. Considering this, we close this thesis by proposing an approach which can automate
the process of ensuring security in the context of heterogeneous applications and clusters.

In summary, this thesis aims at achieving more energy efficient computing while respecting other applic-
ation requirements such as performance, security, or accuracy. We propose new mechanisms that can be
generally applied during the management of jobs as well as optimizations which are specific to a deep
learning use case application. Finally, we conclude this work by exploring a TEE based strategy for adding
a security layer on top of the proposed approaches.

Keywords: energy efficiency, heterogeneous environments, distributed systems, deep learning.






Résume

Le développement d’applications se diversifie de jour en jour, dans ses objectifs comme ses contraintes.
Pour cette raison, les fournisseurs de service Cloud proposent une grande variété d’offres permettant de
répondre aux besoins de leurs utilisateurs. De plus, il devient fréquent de développer des applications
pour des architectures distribuées. Cela signifie que les applications sont généralement constituées de
blocs qui effectuent des taches et communiquent les uns avec les autres pour atteindre un objectif com-
mun. Aussi, pour répondre aux besoins de ’application, chacun de ses blocs peut étre instancié plusieurs
fois (par exemple, les GPU et FPGA) puisque leurs besoins respectifs peuvent différer d’une instance a
l'autre.

Dans nos travaux, nous ajoutons l'efficacité énergétique comme une contrainte supplémentaire parmi les
objectifs multiples déja assurés par une application, au méme titre que la performance ou la sécurité.
De récentes études ont estimé la consommation d’énergie du secteur du Cloud qui, malgré l'inquiétude
qu’elle souléve, continue d’augmenter, en particulier dans les centres de données. Nous nous attaquons a
ce sujet sous les angles de vue différents de deux acteurs : 1) les fournisseurs de service Cloud, et 2) les
développeurs d’applications.

Du point de vue des fournisseurs de service Cloud, nous commencgons par proposer une nouvelle stratégie
d’ordonnancement dédiée au cas d’un utilisateur unique, qui exploite I'hétérogénéité des centres de calcul
et des applications, afin d’obtenir un meilleur compromis entre performance et efficacité énergétique.
Puis, nous étendons cette approche aux cas d’utilisateurs multiples, pour lesquels nous nous appuyons sur
I’approximation différentielle et la technique de sprint pour éviter 1’éviction de taches et les pertes inutiles
d’énergie qui font augmenter la consommation globale.

Dans la seconde partie de cette these, nous quittons le point de vue des fournisseurs de service Cloud pour
celui des développeurs d’applications. Nous montrons que les caractéristiques particulieres de certaines
applications peuvent étre exploitées afin d’opter pour des approches énergétiquement plus efficaces, tout
en maintenant voire en améliorant d’autres objectifs. Pour cela, nous utilisons une technique de paramé-
trage automatique que nous avons appliqué a des applications d’apprentissage profond.

Nous commengons par caractériser ces applications pour vérifier 'impact que le paramétrage choisi peut
avoir sur les phases de paramétrage, d’apprentissage, et d’inférence. Ensuite, nous proposons une ap-
proche de paramétrage automatisé qui tire profit de la parallélisation et des caractéristiques récurrentes
de ce type d’applications pour prendre en compte simultanément les performances, la précision, et 'ef-
ficacité énergétique. Une fois cette étape de paramétrage effectuée, le modele obtenu est déployé pour
faire de l'inférence. Ainsi, la prochaine étape consiste a étendre notre approche pour prendre en compte
I'inférence durant le paramétrage. Grace a cette étape complémentaire, nous proposons a l'utilisateur des
recommandations pour le déploiement de leurs modeles de maniere que les objectifs liés a l'inférence
soient également atteints.

Enfin, indépendamment du point de vue choisi, la sécurité reste une des préoccupations majeures dans ce
domaine. Les fournisseurs de service Cloud doivent pleinement assurer la confidentialité des données de
leurs utilisateurs, en particulier dans les cas des utilisateurs partageant les mémes infrastructures. D’autre
part, les applications en lien avec I’apprentissage profond sont souvent entrainées avec des jeux de don-
nées sensibles qui doivent également étre protégé. Les environnements d’exécution de confiance (TEESs)
sont devenus des composants fréquemment présents dans l’architecture des serveurs, fournissant ainsi
une garantie de sécurité supplémentaire. Cependant, ces mécanismes ont encore de nombreuses limita-
tions en termes de facilité de mise en ceuvre et de colits supplémentaires en matiére de performances.
Pour cette raison, nous terminons cette thése en proposant une approche permettant d’automatiser les
garanties de sécurité dans le contexte d’applications et de centres de calcul hétérogenes.
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En résumé, cette thése a pour objectif d’apporter davantage d’efficacité énergétique aux centres de calcul,
tout en préservant les contraintes habituelles que sont les performances, la sécurité ou la précision. Nous
proposons de nouveaux mécanismes pouvant étre appliqués lors de I’étape de la gestion des taches, ainsi
que des optimisations spécifiques au cas des application d’apprentissage profond. Enfin, nous concluons
ce travail en proposant 1’ajout d’une couche de sécurité supplémentaire sur ces différentes idées, en se
basant sur les environnements d’exécution de confiance.

Mots clés : Efficacité énergétique, environnements hétérogenes, systemes distribués, apprentissage pro-
fond.
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Zusammenfassung

Betrachtet man die Entwicklung von Anwendungen, so stellt man fest, dass ihre Anforderungen und Ziele
von Tag zu Tag anspruchsvoller werden. Aus diesem Grund bieten die grossen Cloud-Anbieter eine Viel-
zahl von Hardwaretypen an, um den Bediirfnissen ihrer Kunden gerecht zu werden. Dariiber hinaus ist es
ublich, Anwendungen als verteiltes System zu entwerfen. Dies bedeutet, dass die Anwendungen ublicher-
weise aus Bausteinen bestehen, die einzelne Aufgaben ausfiihren und dabei miteinander kommunizieren,
um ein bestimmtes Ziel zu erreichen. Um die Anforderungen an die Anwendungen zu erfullen, konnte
jeder dieser Bausteine unterschiedliche Instanzen aufweisen (z.Bsp. GPU und FPGA), da ihre einzelnen
Anforderungen moglicherweise voneinander abweichen.

In dieser Arbeit wollen wir neben der Vielzahl an Anforderungen, die an Anwendungen gestellt werden
(z.Bsp. Leistung und Sicherheit), ein weiteres Augenmerk auf die Energieeffizienz legen. Neuesten Stu-
dien zufolge nimmt der Energieverbrauch im Bereich des Cloud Computing und besonders in Rechenzen-
tren drastisch zu. Unser Ziel ist es, dieses Problem von zwei Blickrichtungen zu betrachten: 1) Cloud-
Anbieter und 2) Anwendungsentwickler.

Aus der Sicht von Cloud-Anbieter schlagen wir eine neue Planungsstrategie vor, die sich auf Single-Tenant-
Szenarien fokussiert. Hierbei soll die Heterogenitat zwischen Clustern und Anwendungen genutzt werden,
um den Kompromiss zwischen Leistung und Energieeffizienz besser anzugehen. Dann lbertragen wir
unseren Ansatz auf ein Multi-Tenant-Szenario. Dafur stutzen wir uns auf eine differentielle Annaherung
und Sprinting, um eine Job Evakuierung und Ressourcenverschwendung zu vermeiden, was insgesamt zu
einem Energiegewinn fihrt.

Im zweiten Teil dieser Arbeit andern wir unsere Perspektive von den Cloud-Anbietern zu den Anwen-
dungsentwickler. Hier zeigen wir, dass bestimmte Eigenschaften von Anwendungen auch genutzt werden
konnen, um energieeffizientere Ansatze zu erzielen und die tibrigen Zielanforderungen erreicht oder sogar
noch ubertroffen werden. Fiir diesen Zweck nutzen wir die Automatisierung der Paramaterabstimmung
fur Deep-Learning-Anwendungen als Use-Case.

Wir beginnen mit der Charakterisierung solcher Anwendungen um zu verdeutlichen, wie relevant der ge-
wahlte Ansatz fur das Tuning, Training und die Inferenz der Resultate sein kann. Im Anschluss schlagen
wir einen neuartigen Auto-Tuning-Ansatz vor, der die hohe Parallelitat und die wiederkehrenden Eigen-
schaften einer solchen Anwendung nutzt. Hierdurch ist es uns moglich gleichzeitig Leistung, Genauigkeit
und Energieeffizienz zu beriicksichtigen. Sobald der Tuning-Prozess abgeschlossen ist, wird das endgil-
tige Modell in der Regel fiir die Inferenz verwendet. Daher besteht unser nachster Schritt darin, unseren
Ansatz zu erweitern, um eine inferenzbewusstes Tuning durchzufiithren. In diesem erganzenden Schritt
geben wir den Nutzern zusatzlich Empfehlungen, wie sie ihre Modelle so einsetzen konnen, damit auch
inferenzbezogene Ziele erreicht werden.

Unabhangig der gewahlten Perspektive zahlt die Sicherheit zu einem der Hauptanliegen in diesem Be-
reich. Cloud-Anbieter miissen den Datenschutz fir ihre Kunden gewahrleisten, insbesondere in Multi-
Tenant-Szenarien, bei denen Ressourcen zwischen mehreren Nutzern geteilt werden. Andererseits wer-
den Anwendungen im Zusammenhang mit Deep Learning haufig mit benutzersensiblen Daten trainiert,
die ebenfalls geschiitzt werden miissen. Seit einiger Zeit sind Trusted Executed Environments (TEESs) als
Mechanismus zur Gewahrleistung der Sicherheit in Server-Rechnern verfiigbar. Solche Ansatze haben
jedoch immer noch ihre Grenzen, wenn es um die Benutzerfreundlichkeit und den moglichen Overhead
geht. In Anbetracht dessen schlagen wir zum Abschluss dieser Arbeit einen Ansatz vor, der den Prozess
der Gewahrleistung von Sicherheit heterogener Anwendungen und Cluster automatisieren kann.
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Zusammenfassend lasst sich sagen, dass diese Arbeit darauf abzielt, eine energieeffizientere Datenver-
arbeitung zu erreichen, um dabei andere Anwendungsanforderungen wie Leistung, Sicherheit oder Ge-
nauigkeit zu bertucksichtigen. Wir schlagen neue Mechanismen vor, die allgemein bei der Verwaltung von
Auftragen sowie bei der Optimierung von typischen Deep-Learning-Anwendungen eingesetzt werden kon-
nen. Abschliessend untersuchen wir eine TEE-basierte Strategie, um den vorgeschlagenen Ansatzen als
zusatzliche Dimension Sicherheit hinzuzufiigen.

Stichworter: Energieeffizienz, heterogene Umgebungen, verteilte Systeme, Deep Learning.
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Chapter 1

Introduction

Recent studies report alarming numbers regarding energy consumption coming from data centers [1].
In a yearly basis, cloud computing ranked fifth in the list of consumption by countries, consuming more
than entire countries such as India or Germany. Considering this, we leverage characteristics of distrib-
uted systems to design energy efficient computing strategies. However, applications already have other
requirements such as latency, throughput and security. Therefore, this work aims not only at achieving
lower energy consumption but at doing so while still maintaining or improving other relevant requirements
when compared against equivalent approaches.

1.1 Context and Motivation

Cloud providers usually offer diverse types of hardware for their users. Customers exploit this option to
deploy cloud instances featuring GPUs, FPGAs, architectures other than x86 (e.g., ARM, IBM Power8),
or featuring certain specific extensions (e.g., Intel SGX). With containers being the de facto standard for
micro-services, or to execute computing tasks, the underlying container orchestrator (e.g., Kubernetes)
should be designed so as to take into account and exploit this hardware diversity. In addition, besides the
feature range provided by different machines, there is an often overlooked diversity in the energy require-
ments introduced by hardware heterogeneity, which is simply ignored by default container orchestrator’s
placement strategies.

When it comes to multi-tenant scenarios, a common approach is to rely on user’s priority to perform job
placement or decide on which jobs to evict once the system reaches its saturation point. However, the
latency advantage of high-priority jobs comes at the cost of severe latency degradation of low-priority jobs
as well as daunting resource waste caused by repetitive eviction and re-execution of low-priority jobs. An
alternative to that, which we advocate in this work, is to explore the idea of differential approximation to
avoid the eviction of low-priority jobs and applying sprinting techniques to accelerate high priority jobs.
This unique combination avoids the eviction of low-priority jobs and its consequent latency degradation as
well as resource waste.

Considering this, in the first part of this dissertation, we wish to answer the following questions:

* How can the hardware heterogeneity of clusters be combined with the diverse requirements of ap-
plications to achieve a better placement strategy?

* Is there an alternative approach to low-priority jobs eviction in the multi-tenant scenario which leads
to less resource waste?

Now, shifting the perspective from the cluster managing point of view to application developers, the next
question we address in the second part our work is:

* Are there application specific optimizations which can be performed to achieve better energy con-
straints while preserving the application’s requirements?

In order to address this question we explore the problem of Deep Neural Networks (DNNs) parameters
tuning. DNNs have demonstrated impressive performance on many machine-learning tasks such as image
recognition and language modeling, and are becoming prevalent even on mobile platforms. Despite so,
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designing neural architectures still remains a manual, time-consuming process that requires profound
domain knowledge.

Recently, Parameter Tuning Servers (i.e., autotuners) have gathered the attention of industry and aca-
demia. Those systems allow users from all domains to automatically achieve the desired model accuracy
for their applications. However, the iteration between system parameters and hyperparameters is often
still overseen by state-of-the-art autotuners. Moreover, although the entire process of tuning and train-
ing models is performed solely to be deployed for inference, state-of-the-art approaches typically ignore
system-oriented and inference-related objectives such as runtime, memory usage, and power consump-
tion.

Finally, independent of the perspective taken (i.e., clusters or applications), security is a major concern. In
the specific example of tuning DNNs, for instance, both training and inference are often performed using
user’s sensitive data, which makes privacy preserving a top priority for such applications. From the cloud
provider’s perspective, it is crucial to preserve their customer’s privacy - especially in the multi-tenant
scenario where resources are shared among multiple users.

To address this problem, hardware assisted protection mechanisms are becoming a popular solution both
in private and public data centers. However, using such mechanisms may result in energy and perform-
ance overheads. Moreover, the solution does not always come off the shelf for application developers.
Therefore, the last question we wish to answer in this dissertation is the following:

* How can we automate the process of ensuring security to heterogeneous applications and clusters?

1.2 Contributions

The main contributions of this work are as following:

* Design, implementation and evaluation of Heats, a task-oriented and energy-aware orchestrator for
containerized applications targeting heterogeneous single-tenant clusters. We design our system to
allow customers to trade performance vs. energy requirements. First, we learn the performance
and energy features of the physical hosts. Then, we monitor the execution of tasks on the hosts
and opportunistically migrates them onto different cluster nodes to match the customer-required
deployment trade-offs. As a consequence, our approach can yield considerable energy savings and
only marginally affect the overall runtime of deployed tasks.

* Proposal of DiAS, a new resource management design that exploits the idea of differential approx-
imation and sprinting, providing different levels of accuracy and computation frequency to jobs with
different priority levels. Instead of evicting low-priority jobs, differential approximation deflates their
workload, abiding by their minimum accuracy requirements, thereby making resources available for
high-priority jobs. Differential approximation is thus able to reduce resource waste, improve the
latency of low-priority jobs by avoiding evictions and re-executions, and, most importantly, lower
energy consumption.

* We contribute with a thorough characterization of learning applications in the context of para-
meters tuning. We collect and perform an in-depth analysis of workload execution traces to compare
the efficiency of different configuration strategies. We consider tuning only hyper-parameters, tun-
ing only platform parameters, and jointly tuning both hyper-parameters and platform parameters.
This shows the relevance of multi-level parameter configuration to provide better results in terms of
model quality and execution time while also optimizing resource costs.

* PipeTune: a framework for DNN learning jobs that addresses the trade-offs between hyperpara-
meter and system parameter tuning. We take advantage of the high parallelism and recurring char-
acteristics of such jobs to minimize the learning cost via a pipelined simultaneous tuning of both
hyper and system parameters. With that, we not only considerably reduce the energy consumption
but also improve the training and overall tuning performance.

* EdgeTune: a novel inference-aware parameter tuning server. For this approach, we rely on infer-
ence estimated metrics collected from our emulation server running asynchronously from the main
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tuning process. We propose a novel one-fold tuning algorithm that employs the principle of multi-
fidelity and simultaneously explores multiple tuning budgets, which the prior art can only handle as
suboptimal case of single type of budget. Besides of performance and energy improvements, this
approach outputs to the user the optimal inference parameters which should be used for deploying
the final achieved model.

* Finally, to handle the security aspect of applications, SGX-OmpSs is presented. We propose the
unique combination of Intel Software Guard Extension (SGX) and OmpSs programming model to
provide security while requiring minimal effort from application developers. Through OmpSs, our
approach supports asynchronous task based parallelism and hardware heterogeneity by using the
data dependencies between tasks of the application which can be specified by code annotations. Our
approach leads to considerable energy and performance gains in comparison to approaches relying
solely in SGX.

A list of scientific papers including these contributions can be found in Appendix A.

1.3 Owutline

This manuscript is organized in 9 chapters. The first chapter is introduction and the remaining ones are
organized as follows.

In Chapter 2 we present the background and state-of-the-art literature for distributed applications and
clusters. We then focus on the DNN parameter tuning problem, introducing the relevant concepts to
the applications we later consider as use case. Finally, we introduce the concepts of hardware assisted
mechanisms and particularly Intel SGX.

We start exploring the problem from the cloud providers perspective in Chapter 3 by designing and eval-
uating a task-oriented and energy-aware orchestrator for containerized applications targeting heterogen-
eous single-tenant clusters. Then, in Chapter 4, we extend this idea to cover the multi-tenant scenario.
Here we explore the multi-priority concept combined with differential approximation and sprinting to
achieve our objectives.

With both single-tenant and multi-tenant scenarios covered, we shift the perspective to the application
developers and explore how specific characteristics can be leveraged to also achieve energy efficiency.
For that we take as use case the DNN parameter tuning problem which we characterize in Chapter 5.
Here we demonstrate how considering system parameters and performing multi-level tuning can both lead
to energy efficiency and improve application performance.

Once the relevance of the problem is presented, we start introducing our proposals in Chapter 6. After
presenting the design and implementation details of our novel tuning approach, we also perform a thor-
ough evaluation for single-tenant and multi-tenant scenarios. Until now we only consider the training
phase of the DNN applications, however, the main objective of training and tuning such applications is to
deploy the final model for production where it will be used for inference. Therefore, Chapter 7 extends
the idea presented to also consider the inference phase. For that, we explore the concept of batching
inference and the principle of multi-fidelity to simultaneously explore multiple tuning budgets.

Independent of the perspective taken, security is a major concern of this area and, therefore, another
requirement which we have to consider. For that, in Chapter 8 we discuss a novel approach combining
Intel SGX with OmpSs programming model. Here we discuss how this combination can ensure security on
top of exploring the heterogeneity aspects of clusters and applications to be energy efficient.

Finally, Chapter 9 revisits our contributions both from the perspective of cloud providers and applica-
tion developers. Before concluding, we discuss some of the research perspectives opened by this thesis
together with ideas on how to address them.






Chapter 2

Background and Related Work

In the introduction, we proposed two main perspectives from which we can tackle the problem of making
energy efficient applications. The first one assumes that the cloud providers will perform optimizations
based on customers requirements but independent of application details. In the second, application de-
velopers take the optimizers role and uses specific characteristics of their problems to perform the desired
optimizations. In the latter case, cloud providers can also provide engines with such out-of-the-box optim-
izations in the application granularity. Further more, in both cases we assume applications consisting of
building blocks (e.g., tasks) which can be parallelized and distributed across a cluster.

We start this chapter by giving some preliminary concepts about distributed applications and their main
characteristics which are relevant to our context. Then, we discuss the concept of heterogeneous clusters,
the differences between single-tenant and multi-tenant environments, as well as their challenges. Further-
more, as security is a major concern from both sides of this approach (i.e., cloud providers and application
developers), we introduce the concept of hardware-assisted mechanisms which we later rely on to cover
security requirements.

With these general concepts introduced, we then introduce the preliminaries for the parameter tuning
problem, which we later consider as an use case to show how applications characteristics can be leveraged
to achieve energy efficiency. Each of these main points also refer to their respective related work and draw
a parallel between state-of-the-art systems and the solutions we propose here. Finally, we give an overview
of the LEGaTO research project which a significant part of this thesis collaborated with.

2.1 Distributed Task-Based Applications

Throughout this thesis, we consider applications which are parallelizable and distributed across multiple
machines (e.g., on-premise clusters or public clouds). Each composing part of such applications have its
own requirements and characteristics which vary depending on the task being performed. Next, we detail
some of these characteristics, their differences, and ways to automatically handle them.

One of the most relevant characteristics of applications for this work is whether they are stateful or state-
less. The main difference between stateful and stateless applications is that the former requires backing
storage while the later does not. In stateful applications, the server processes requests based on the com-
bination of information 1) embedded in the request, and 2) stored from earlier requests. Considering this,
in the type of application we explore here, the same server must be used to process all requests linked
to the same state information or the state information must be shared with all servers that need it. On
the other hand, in stateless applications different servers can process different requests as the servers
process requests based only on information containing in the request itself.

Independent of the application being stateful or stateless, the tasks consisting of a given application can
also be categorized as synchronous or asynchronous. Asynchronous parallelism [2] is commonly used
for tasks that need to do work independent from the current one but does not need to make the other
tasks wait and be blocked by waiting for a response that is not relevant for them — as it is the case in
synchronous parallelism. In such applications, if more than one task is started then all these tasks will
immediately be started but completed independent of each other.
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For instance, in a matrix multiplication, we split the work into different tasks, each taking care of different
and independent segments of the input matrices. Their outputs do not depend on the completion of each
other. In this example, the application needs to wait until all tasks are completed before returning the
result. However, the computations can run in an asynchronous manner.

A common approach to automatically differentiate synchronous from asynchronous tasks as well as the
dependencies between synchronous tasks is using data dependency graphs. A data dependency is gener-
ated when a program statement (in our context a task) reads from or writes into a value that is written by
the data of a preceding statement. The technique of analyzing this information is used to discover data
dependencies among statements (or tasks).

More specifically, when dealing with this type of applications, we rely on OmpSs [2], a programming model
which is based on the OpenMP with some modifications to its execution model: it uses a thread-pool ex-
ecution model instead of the traditional OpenMP fork-join model. A master thread starts the execution,
while several other threads cooperate executing the work that the master thread creates from work shar-
ing or task constructs. Therefore, there is no need for a parallel region. Nesting of constructs allows other
threads to generate work as well.

OmpSs allows annotating function declarations or definitions with a task directive. In this case, any call
to the function creates a new task that will execute the function body. The data environment of the task is
captured from the function arguments. It integrates the StarSs dependency support and allows annotating
tasks with the three clauses explained earlier: input, output, inout. They allow expressing, respectively,
that a given task depends on some data produced before, that will produce some data, or both. The syntax
in the clause allows specifying scalars, arrays, pointers and pointed data. Data addresses and sizes do
not need to be constant at compile time since they are detected at runtime. Also, the taskwait construct
(used as a barrier after parallel code) is extended as well with the on clause, which allows the encountering
task to block until some data is produced. Finally, the OmpSs environment is built on top of Mercurium
compiler and Nanos++ runtime system which we introduce later.

In our scenario, the task construct allows expressing data dependencies among tasks using the in, out
and inout clauses, standing for input, output and input/output respectively. They allow to specify for each
task in the program what data a task is waiting for and signaling is readiness. Whether the task really
uses that data in the specified way it’s the programmer responsibility. Each time a new task is created, its
in and out dependencies are matched against those of existing tasks. If a dependency (i.e., RaW, WaW or
WaR) is found then the task becomes a successor of the corresponding tasks. This process creates a task
dependency graph at runtime and tasks are scheduled for execution as soon as all their predecessors in
the graph have finished or at creation if they have no predecessors.

Nanos++: parallel runtime library [3] with the aim of enabling easy development of different parts of
the runtime so researchers have a platform that allows them to try different mechanisms. The scheduling
policy, the throttling policy, the dependency approach, the barrier implementations, and work sharing
mechanisms, the instrumentation layer and the architectural dependent level are examples of plugins that
developers may easily implement using Nanos++. This extensibility does not come for free. The runtime
overheads are slightly increased, but they should be low enough for results to be meaningful except for
cases of extremely fine grain applications.

Mercurium: C/C++/Fortran source-to-source compilation infrastructure [4] used, together with the
Nanos++ Runtime Library, to implement the OmpSs programming model. Mercurium has configuration
flags which are used to define which profile to use, i.e., the behavior specifying which phases of Mercurium
to execute or which backend compiler to use.

Listing 1 shows the example of an OmpSs annotated application. The programmer can specify a task by
simply using the task construct. This construct can appear inside any code block of the program, which
still mark the following statement as a task. This statement can contain several task constructs such as
depend, priority, if, and final. In our example we see some of the following two clauses being used:
label and firstprivate. The label clause defines a string literal that can be used by any performance
or debugger tool to identify the task with a more human-readable format, and firstprivate declares one
or more list items to be private to a task (i.e., the task receives a new list item).
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Algorithm 1 Fragment of OmpSs annotated dot product app.

double dot_product (long N, long CHUNK_SIZE, double A[N], double B[N])
{

for (long i = 0; i < N; i += CHUNK_SIZE) {
actual_size = (N - i >= CHUNK_SIZE) ? CHUNK_SIZE : N - i;

#pragma omp task label(dot_prod) firstprivate( j, i, actual_size )
{
Clj1=0;
for (long ii = 0; ii < actual_size; ii++)
Cl[jl+= A[i+ii] = B[i+ii];

}

#pragma omp task label(increment) firstprivate(j)
result += C[j];

J++;

The last major characteristic of applications which we explore in this work is the heterogeneity. Hetero-
geneous programming consists of defining several versions of a given application to support hardware
heterogeneity and define in the application which parts of it should run in each device. In OmpSs, the sup-
port for device heterogeneity comes through the target construct which is to specify that a given element
can be run in a set of devices. The target construct can be applied to either a task construct, which means
that the task can be executed on a device, or a function definition, which means that this function has to
be present in the device code. For instance, if an application consists of tasks with an unbalanced load
then you could designate the more computationally intense tasks to run in accelerators such as FPGAs or
GPUs and the other tasks to run in less powerful devices.

An example of application with these characteristics would be a deep neural network consisting of layers
with different types where some layers are more complex than others. More specifically, a convolutional
layer size 4x4 with 100 filters has many more parameters than a convolutional layer size 3x3 with 50 filters
and is, therefore, also more complex to train. In this case, the former layer could be trained using more
resources or on a more powerful machine than the latter. This approach allows the application to achieve
better performance but also to avoid unnecessary overheads.

2.2 Cluster Management

Whether deployed on-premises clusters or relying on public cloud providers, such types of applications
discussed in Section 2.1 require complex management including scheduling of tasks, orchestration of the
system, and monitoring. In this section we introduce the main concepts related to the perspective taken
throughout this work together with a discussion on the state-of-the-art literature. We start by discussing
the background of priority scheduling, big data processing engines, and computational sprinting.

A number of field studies [5]-[8] from publicly available big data cluster traces show that priority schedul-
ing is widely adopted in production big data systems. Workloads are defined in the unit of jobs that are
in turn composed of multiple tasks. Jobs are divided into multiple classes, each of which is assigned with
a priority level. For example, Google clusters employ 12 priority levels [8]. Performance of high-priority
jobs is typically enforced at the cost of low-priority jobs. Earlier studies [6] show that jobs with the lowest
priority (priority 0) are repetitively evicted by the scheduler, due to the arrival of high priority workloads.
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Figure 2.1: Schematics of priority scheduling for big data jobs.

As the analyzed Google traces show, the unfortunate consequences of eviction in production systems are
two-fold:

1. high amount of resources, i.e., 25% machine time (i.e., including, for instance, waiting for in-
put/output operations) and 30% CPU time (i.e., amount of time the step utilizes CPU resources),
are spent/wasted on subsequent evictions;

2. significant latency degradation for low priority jobs, e.g., the slowdown of priority-0 jobs compared
to the case of no eviction is 3x higher than that of priority-6 jobs.

Considering this, it is of paramount importance to optimize the priority scheduler, especially when en-
countering big data workloads with strong inter- and intra-priority dynamicity [8], [9]. Priority schedulers
typically separate jobs by their priority levels and keep them in separate queues. Then, they determine
when and which job to process next and allocate slots to jobs.

Figure 2.1 depicts the schematics of a big data cluster with multiple slots serving high- and low-priority
jobs in two queues. Jobs arrive with a number of parallel tasks, following MapReduce [10] program-
ming paradigm and having time-varying arrival rates. Jobs with the same priority class stay in the same
queue and are typically served in a first-come-first-served (FCFS) manner. Across priorities, jobs with a
higher priority have precedence over any job with a lower priority. Upon arrival of a high priority job,
the scheduler ensures that it is served quickly by either evicting any lower priority jobs currently being
processed, or by letting the current lower priority jobs to finish and immediately start the incoming job.
The former is called preemptive, whereas the latter is termed non-preemptive priority scheduling. As an
example [6], the Google production systems employ preemptive priority scheduling, causing significant
resource waste due to evictions. After being evicted, low-priority jobs return to the head of the queue
and wait for new scheduling opportunities, i.e., until no high-priority job is queued or processed. These
evictions are completely avoided by differential approximation as it employs non-preemptive scheduling,
with the consequent resource savings.

In the context of our work, a job can comprise multiple map and reduce tasks/stages following the MapRe-
duce parallel programming paradigm to process data at scale. Spark [11] is a popular open source im-
plementation of this paradigm with additional support for fast iterative computations and fault tolerance
mechanisms. A typical MapReduce job processes input data and returns analysis results via parallel tasks
executed in multiple map and reduce stages. The input data are organized as blocks stored in a file system,
such as the Hadoop File System (HDFS) [12], which splits data across the servers in the cluster. During
a map stage, map tasks are spawned to process one input block each. Intermediate results are stored as
key-value pairs. Afterwards, reduce tasks access and aggregate the intermediate key-value pairs for the
final result. Specific policies supported by cluster job scheduler exist to allow one or multiple concurrent
jobs in the engine, respectively for FCFS and weighted fair sharing.

Another common strategy to burst the performance of high priority jobs is to temporarily accelerate the
execution of a job. Computational sprinting allows for bursts of peak performance under a sprinting
budget. The sprinting budget can stem from thermal [13], power [14] or provisioning [15] constraints.
Several sprinting mechanisms exist, from modifying the CPU performance via dynamic voltage and fre-
quency scaling (DVFS) [13] to tuning the job parallelism [16]. Each sprinting mechanism is controlled via
a corresponding sprinting policy which determines what and when to sprint. Time-based policies levering
timeouts to control the sprinting are rather common [17], [18].
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Finally, when it comes to the state-of-the-art systems in this area, there is a large body of literature on
scheduling, deployment and migration policies, mainly driven by the strong momentum on green com-
puting [19]. However, here we focus on energy-related scheduling policies in a container/task-based
deployment setting, leaving out research on optimization problems specifically geared toward reducing
energy costs [20]. We particularly highlight those focused on managing priority, approximation frame-
works and sprinting strategies for Spark-like applications which are the concepts later explored by our
approach. Moreover, we summarize efforts on computational sprinting and modeling that address latency
distribution for multi-priority jobs composed of multiple parallel tasks.

Green Scheduling

Wang et al. [21] proposes two polynomial-time algorithms, one for energy-aware heterogeneous data al-
location and another for task ratio greedy algorithm. The algorithms schedule real-time constrained tasks
of applications on heterogeneous multiprocessor systems using integer linear programming. Simulations
compare these two algorithms against a greedy algorithm on two heterogeneous multiprocessor systems.
GenPack [22] proposes an energy-saving mechanism inspired by the JVM’s garbage collector. It migrates
containers from young (unstable) to old (stable) generations of machines. However, GenPack ignores the
user-demanded trade-offs of the jobs, and containers are migrated across the cluster only by observing the
stability of the jobs. Partial Optimal Slacking (POS) [23] is an energy-efficient scheduling approach based
on the concept of task slacking with the objective to lower the processing speed of a processor executing
a task without affecting other tasks. POS achieves this by using DVFS techniques [24].

Priority systems

Characterization studies [5], [9], [25] on production big data systems show that multi-task jobs are associ-
ated with multiple priorities and exhibit diverse workload characteristics [9]. To ensure the performance
of (particularly high) priority jobs, the scheduler evicts low-priority jobs to make resources available for
high priority ones, resulting in a significant resource waste [25] and latency penalties on the low prior-
ity jobs [5]. Indeed, modern large jobs processing engines as Hadoop [26] and Spark [11] also support
multi-priority job scheduling. For instance, Hadoop’s fair scheduler [27] can assign different weights on
different workloads to achieve soft priority, i.e., higher weights on higher priority and low weights on low
priority. Mesos [28] is a cluster manager that support priorities across and within multiple processing en-
gines with a focus on fairness. Omega [8] is a two-level priority scheduler designed for large-scale system.
Recognizing the need of evictions in priority systems, Natjam [29] develops novel job and task eviction
policies for a scenario of two priorities that have different deadlines.

Approximation big data engines

To process vast and fast amount of data influx, novel approximation-enabled systems are designed to meet
the dual objectives of accurate analysis and resource efficiency. In the context of MapReduce paradigm,
statistical sampling theory is commonly applied to selectively process a subset of data either at the level of
input block [30] or task [31], before or after the execution starts. BlinkDB [30], an approximate query pro-
cessing framework, provides accuracy guards in short response times by leveraging statistical sampling
theory to choose the inputs. ApproxHadoop [32] develops a two-stage sampling strategy for Hadoop [26]
by either dropping the tasks or amount of data per tasks, so as to minimize the overhead of data ac-
cessing. To overcome the accuracy loss of sampling, IncApprox [31] combines the task sampling and
incremental computing, i.e., memorizing intermediate historical result. Grass [33] is a scheduler that pri-
oritizes jobs with higher approximation level over lower levels for approximate analytics engine. While
approximate big data engines effectively trade accuracy for the latency target and resource efficiency,
they only consider single-priority scenarios and often overlook the latency models of complex dependency
of jobs arrival.

Computational sprinting

Computational sprinting enables bursts of peak processing in systems limited by dark silicon (i.e., fraction
of cores on a chip that can be powered on due to thermal limits). Sprinting mechanisms exist nowadays
at all system levels, from processors [13] to computer systems [34], and datacenters [35]. Sprinting
policies decide when and what to sprint, e.g., phases within job executions [36] and particular queries
[37]. Several approaches have been explored in the single priority scenario, from simple heuristics [17],
to queueing [38] and machine learning [18] models.
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Stochastic models for multi-priority jobs

Modeling the latency for multi-priority jobs is a long standing challenge by itself because of the complex
workload dynamics across jobs and the interdependency among tasks. For priority systems, modeling
studies can be categorized into single vs. multi-server setups, preemptive vs. non-preemptive, and resume
vs. non-resume under preemptive scheduling. Some systems [39], [40] employ matrix analytics methods
to analyze the jobs average latency in a non-preemptive multi-server system, whereas others [41] focus on
the state probabilities of preemptive multi-server systems. Horvath [42] derives the latency distribution in
both preemptive and non-preemptive setting for single server system. Jelenkovic [43] derives the stability
conditions for non-resume preemptive systems, highlighting the high risk of instability.

Later in Chapter 3 and Chapter 4 we propose Heats and DiAS, two approaches which also explore the
concepts introduced in this section. Heats leverages software and hardware monitors to gather energy-
related metrics and perform energy-aware scheduling and migration on single-tenant clusters. Frequency
scaling is supported in Heats only during the modeling phase. Then, DiAS covers the multi-tenant scen-
arios by extending the sprinting policies with multi-priority scheduling and approximation schemes such
that the performance of all priorities can be improved.

2.3 Security

On top of the considerations we discussed until now, a major concern for all types of applications and man-
agement systems is security. This is a concern for cloud providers, especially in the multi-tenant scenario
where resources are shared among several users. Moreover, applications such as deep learning often rely
on user sensitive data and, therefore, preserving relevant user information is crucial. Considering this,
next we introduce the general concept of hardware assisted mechanisms and the benefits of using them
to ensure security. Then, we focus on Intel SGX, the hardware-assisted protection mechanism later used
by our proposed solution. Finally, we introduce the state-of-the-art systems related to this problem and
compare them with the approach we propose later in Chapter 8.

Sensitive data processing occurs more and more often on machines or devices out of user control. One well
known example is the Internet of Things (IoT), where data security could be considered as being at risk,
independently of the deployment used, either using edge or cloud services. In these systems, different
categories of attacks exist such as physical bus sniffing [44] and cache side-channel [45]. Considering
this, software-based countermeasures have been proposed. However, the severity and complexity of these
attacks require a level of security that only the hardware support can ensure.

In the last years, major companies released a number of architectural extensions providing hardware-
assisted security to software. These solutions provide security features such as isolated execution, integ-
rity of applications executing within the trusted execution environment (TEE), and confidentiality of their
assets. Some instances of hardware technologies used to support TEE implementations are, for instance,
AMD Platform Security Processor (PSP) [46], Arm TrustZone [47], and Intel Software Guard Extensions
(SGX) [48] which we detail next.

Intel Software Guard Extensions (SGX) is a set of security-related instruction codes that are built into
modern Intel-based processors. With SGX, the root of protections against attacks is a series of memory
access checks which prevents the currently running software from accessing memory that does not belong
to it. A secured memory area, i.e., Enclave Page Cache (EPC), is used by the processor to store enclave
pages when they are a part of an executing enclave. From the application point of view, its entire code
can be encapsulated by a single enclave, or it can be decomposed into smaller components, such that only
security-critical components are placed into an enclave. The latter option is more common, considering
that the limited memory used by SGX was initially limited to 128 MB, of which only 93.5 MB are used by
user applications. More recent versions of SGX extend this limitation to 512 GB.

Multiple SGX threads can execute simultaneously inside an enclave. However, SGX threads cannot be
created or destroyed on the fly. Instead, control pages (i.e., thread control structures—TCSs) must be al-
located and initialized beforehand. These cannot be changed throughout the enclave’s lifecycle. Moreover,
the number of concurrent SGX threads is limited to the number of logical CPUs available on the machine.
This constraint exists because a running SGX thread is mapped to one of the logical CPUs, to which it is
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Table 2.1: State-of-the-art systems related to OmpSs-SGX.

System Security | Parallelism | Task-based | Asynchronous | Data Dependency | Heterogeneity | Legacy Systems Support
Haven [49] v 4 X 4 X X 4

SCONE [52] v

Panoply [54] v v X v X X X
Graphene-SGX [53] v v X X X X X

Occlum [50] v v X X X X v
Occlumency [55] v 4 X X X X X
SGX-OmpSs v v v 4 v v 4

fully dedicated. Next, we give an overview of existing systems on secure, performance and energy efficient
multitasking, with focus on systems relying on Intel SGX for security.

Haven [49] implements shielded execution of unmodified Windows applications by leveraging Intel SGX.
It implements a form of user-level scheduling where a fixed number of threads is created according to the
desired level of parallelism. These operate as virtual CPUs supporting an arbitrary number of application
threads inside the enclave.

Occlum [50] is a system that enables multitasking in a LibOS for Intel SGX. Authors implement the LibOS
processes as SFI-Isolated Processes (SIPs). Software-based fault isolation (SFI) [51] is a software instru-
mentation technique for sandboxing untrusted modules. Occlum designs a SFI scheme named MPX-based,
called Multi-Domain SFI, leveraging it to enforce the isolation of SIPs.

SCONE [52] is a secure container mechanism for Docker that uses the SGX trusted execution support of
Intel CPUs to protect container processes from outside attacks. Similarly to Occlum, it provides a user-
level threading implementation but combines this with an asynchronous system call mechanism in which
OS threads outside the enclave execute system calls, thus avoiding the need for enclave threads to exit
the enclave.

Graphene-SGX is an extension of Graphene, a lightweight library OS, designed to run a single applic-
ation with minimal host requirements. Graphene-SGX [53] ports Graphene to Intel SGX as well and
provides other improvements to make the security benefits of SGX more usable such as integrity sup-
port for dynamically-loaded libraries and secure multi-process support. Regarding threading, it uses a 1:1
model where users specify how many threads the application needs.

Panoply [54] provides an abstraction called a micro-container (i.e., microns) which is a unit of code and
data isolated in SGX enclaves. It gives the abstraction of an arbitrary number of threads dynamically
created by calling the standard p-thread API. Different than SCONE which uses a M:N threading model,
this on-demand threading model spawns new microns in separate enclaves to scale the number of threads.
This way, each thread in the application is associated with a unique thread in the enclave which avoids
multiplexing on a limited number of existing threads in a single enclave but introducing an overhead to
create dedicated enclaves for each thread.

More than security, there are systems which additionally focus on energy-efficiency. An instance of such
systems is Occlumency [55], a cloud-driven solution specifically designed for performing deep learning
inferences. Occlumency also relies on Intel SGX to provide security, but tries to improve performance by
storing model weights outside of enclaves and by implementing a pipeline parallelism approach. Differ-
ently than the approach we later propose (i.e., SGX-OmpSs), it does not rely on any task-based asynchron-
ous parallelization within the code running inside the enclave.

Table 2.1 summarizes the characteristics of each system compared to SGX-OmpSs, the approach we pro-
pose later in Chapter 8. SCONE, Panoply and Graphene-SGX support multitasking with Enclave-Isolated
Processes (EIPs) but suffer from performance and usability issues. Haven and Occlum also support
multitasking in a single-address-space architecture but no asynchronous parallelism like in OmpSs-SGX.
Moreover, none of these systems support hardware heterogeneity or follows a data dependency approach
for task parallelization.
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2.4 Deep Learning Parameter Tuning

In this section we discuss how a parameter tuning job operates and describe the different types of work-
loads, tuning parameters, and tuning budgets typically considered by existing systems. We show, by means
of a motivating example in the domain of image classification, how tuning server providers (e.g., Google
Vizier [56] and Amazon SageMaker [57]) and the final users can both benefit from the tuning phase if
the process considers different types of parameter. Then, we discuss the state-of-the-art literature for the
areas which we later explore in our use case applications and compare their main characteristics.

A tuning deep learning job takes as input a given workload, a set of parameters to be tuned, and outputs
the set of optimal parameters’ values found together with the model which trained these values. Through-
out this work, we refer to workload as a tuple pairing a model and dataset. Typically, DNN workloads
are used for training (i.e., learning) or inference (i.e., prediction). Training is the process of finding the
model parameter’s based on a given algorithm and objective. Once a model is trained, the inference phase
deploys the model to perform prediction of data with the same structure used in the training but with un-
seen values. Here we explore both the training and the inference phase of deep learning workloads.

Before the training phase starts, there are several other parameters that must be configured (e.g., hy-
perparameters and system parameters) and that have high impact on model performance both in terms
of accuracy and runtime. Here we assume that the training phase includes parameter tuning on top of
learning the weights of the model. The process of tuning these parameters is typically done by auto-tuning
tools which rely on training trials to explore the search space of possible parameter configurations.

Tuning a given workload consists of multiple training trials, each divided into epochs. As the training trials
we consider follow the stochastic gradient descent algorithm [58], each epoch involves one forward and
one backward pass on the entire input dataset. Moreover, for ease of processing, the dataset is split into
smaller batches, each one being propagated forward and backward once during an epoch (i.e., iteration).
At the end, the winning trial (i.e., parameters leaving to best solution) is output to the user.

Once the model training is completed, it can be used for evaluation on an unseen chunk of the training
data which is put aside at the beginning of training for this purpose (i.e., 20% of the full dataset in our
case). Finally, if the model training and evaluation performance are satisfied then the user deploys it to be
used on production with unknown data from real applications. In this phase, the user still has to tune the
parameters referent to inference before the final model is deployed. These parameters involve batch size
for multi-image inference as well as system configurations.

In multi-tenant scenarios, it is common that the same model is trained on different datasets, as well as
that different models are trained using the same dataset. We later explore this practice (depicted in
Figure 2.2) to propose a warm start of applications parameters based on model or database similarities.
This idea works under the assumption that the similarity between workloads is also reflected on their set
of optimal parameters.

Hyperparameters
A hyperparameter is a configuration external to the model. Its value cannot be estimated from data, it
is set before the training starts, and does not change afterwards. Choosing the right hyperparameters

HPT job HPT job m m

[Model1 ]l'[,. [Model1 ] [Model2 *] [Model3 ]

{Dataseh @] {Datasetz @] {Datasetg @] <& {Datasetg @]

[g‘ara?r:éters ] [ggrg?r::eters ] [E‘zz/rg?rl;eters ] [g‘ara?r:éters ]
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Figure 2.2: Workloads similarity of hyperparameter tuning jobs on the model and dataset level. Jobs (a)
and (b) consist of the same model. Jobs (c) and (d) consist of the same dataset.
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Figure 2.3: Impact of hyper and system parameters on accuracy, runtime and energy training of LeNet
and MNIST workload.

during the tuning phase is key, as the output accuracy of the trained models can vary significantly. This
phase is typically based on trial-and-error with model selection criteria. The complexity of this phase
sparked several research efforts towards its automation and autotune frameworks [56], [59], [60]. As
a result, hyperparameter optimization outputs a tuple of hyperparameters that yields an optimal model
which minimizes a predefined loss function on given independent data [61].

The selection criterion typically considered is model accuracy. However, the hyperparameters values will
impact model accuracy, its training time and the energy footprint. The first is typically related to the utility
of the trained model, the latter two to its costs. Figure 2.3a shows this behavior by reporting the impact
of varying one hyperparameter (i.e., batch size) for the training of a LeNet model [62] on the MNIST [63]
dataset. On the y-axis we show the measured differences for accuracy, duration and energy observed for 3
possible batch size values (i.e., 64, 256, and 1024), against a default value of 32.

We can observe how larger values of batch size achieve worse accuracy, but shorter training time and
lower energy footprints. However, these observed trends might present considerable variations for dif-
ferent applications as it strongly depends on the workload and the values of the other hyperparameters.
Therefore, these trade-offs are not trivially predicted, making it challenging to handle multidimensional
selection criteria.

System Parameters

We define system parameters as being the configurable resources of the underlying computing infrastruc-
ture where the training will execute (e.g., memory, CPU cores, CPU frequency). Typically, the hyperpara-
meter optimization fixes the same system parameters for each trial, although they might benefit from
different configurations. To highlight this, we train again a LeNet model on the MNIST dataset. We
vary the number of CPU cores used with different batch sizes. Figure 2.3b and Figure 2.3c depict our
findings.

We observe how the increasing number of cores is beneficial for larger batch size values (e.g., 1024),
but not for smaller ones. In fact, for smaller values (e.g., 64) the runtime increases as the number of
cores increases. This behavior is explained by the synchronous mini-batch stochastic gradient descent
(SGD) algorithm used to train the neural network model. Each N iterations, SGD first computes the
gradients using the current mini-batch, and then makes a single update to the weights of the neural
network model.

The batch size hyperparameter is divided by N to form these mini-batches, where N is the number of
cores. When this value is too small, the overhead of model parameters synchronization is too high and
ends up slowing down the training itself. This overhead can be amortized by using techniques such as
the ones implemented by Drizzle [64] which schedules multiple iterations of computations at once, greatly
reducing scheduling overheads even if there are a large number of tasks in each iteration [65].

Regarding the energy observations, we estimate the overall energy consumption of the cluster by calcu-
lating the trapezoidal integral of the power values collected every second during training. We observe a
clear correlation between training runtime’s gains (Figure 2.3b) and the energy variations (Figure 2.3c).
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Figure 2.4: Performance counter events collected during the forward phase of training and inference.

These observations might however vary when the tuning is applied to different set of system parameters,
e.g., CPU frequency, or for different workloads.

In summary, these preliminary results show the delicate trade-offs between hyper and system parameters.
One needs to balance them all towards optimal values, such that the underlying system achieves the best
training performance without compromising the model accuracy.

Inference Parameters

When it comes to inference, there are also some parameters that one has to consider before deploying a
model. First, in a multi-sample inference scenario, the batch size also plays a significant role. In this case,
the batch size refers to how many samples should be aggregated before calling the deployed model. Most
importantly, considering the performance requirements usually related to this phase, properly tuning the
system parameters becomes even more critical.

In order to consider the inference during the process of tuning parameters, one could consider the follow-
ing design options:

1. rely on the forward phase of training;
2. offload the model to inference device and collects; and
3. simulate the inference devices in the tuning server.

In theory, the inference is equivalent to the forward phase of training with the only difference being on
the model weights. However, in practice this is not the case as the memory utilization during training is
much higher than for the inference. In fact, while training, the weights are constantly being updated and
therefore are kept in memory for performance reasons. Instead, during the inference phase the optimal
weights are known and only consist of constant values. Finally, training is performed on relatively large
batches of images, whereas inference is often done on single images.

To show that relying on the forward phase to make predictions about the inference phase is not the best
approach, we profile the different phases using hardware performance counters [66]. These experiments
were repeated in (1) an ARMv7 Processor rev 4 (v71) with 4 cores and 4GB memory, (2) a Raspberry Pi 3
Model B Plus Rev 1.3 also with 4 cores but 1 GB memory, and (3) an Intel(R) Core(TM) i7-7567U CPU with
16GB. Figure 2.4 shows CPU and memory related events for the AlexNet [67] model with CIFAR10 [68]
dataset during the forward phase of training and inference performed with the trained model. By applying
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clustering techniques, we observe how CPU-related events are consistent between the forward phase and
inference. However, memory-related events do not manifest similar patterns.

Hence, one is left with the options of offloading the model to actual edge devices, or simulating such
devices in the tuning server. The first approach gives more precise results, but brings an overhead due the
required data transferring, and limitations on the number of devices which we can try. Considering this,
the approaches we detail later chooses the approach based on simulation of the edge devices for inference.
Doing so, we can quickly try a large search space without adding an overhead as the combination of
optimizations proposed in our approach actually reduces tuning time. Moreover, the error of the simulation
results on inference with respect to the actual measurement in edge devices is really small (at most 20%
according to our experiments).

Tuning Budget

As already mentioned, the general process of tuning parameters consists of evaluating different com-
binations of values and pick the most effective one. To optimize this otherwise costly search process,
techniques such as early-stop [69] and multi-fidelity [70] budgets can greatly reduce the evaluation costs.
With multi-fidelity budget, the promising range of values is identified using a model approximation which
is cheap to evaluate by definition. Typical model approximations include a subset of the training data or
a smaller number of epochs. This technique is able to explore a larger range of values combination, early
identify and stop unpromising configurations, and, therefore, frugally perform tuning.

As explained earlier, a training trial consists of a certain number of epochs runs applied on a given dataset.
These runs are an exploration of the search space and the chosen set of optimal configuration are only
those from the winning trial. Hence, the majority of trials do not lead to useful results, and it is therefore
highly desirable to quickly identify non-promising candidates as soon as possible.

By equally applying the same number of epochs on the full dataset to all the trials, one wastes a significant
amount of time and resources on non-promising configurations. Considering this, trials typically run on a
given budget, defined in terms of

1. number of epochs;
2. portion of training dataset; or
3. duration.

The tuning algorithm defines a minimum and a maximum budget used to set the bounds of resources
allowed for tuning, and a reduction factor which determines the fraction of configuration that continues in
the next iteration. For instance, consider the number of epochs as example. Assume the minimum number
of epochs is 1, the maximum is 16, and the reduction factor is 2. We start tuning with 16 trials initialized
on the minimal budget (i.e., 1 epoch). The next iteration will consist of 8 trials with 2 epochs, then 4 trials
with 4 epochs, 2 trial with 8 epochs and a final iteration containing only one trial with 16 epochs. Similar
reasoning applies for other budgetable parameters, i.e., dataset fraction or time.

When it comes to related work, there is a large body of work behind machine learning in general, and
parameter tuning more specifically. We survey the most prominent ones in Table 2.2. We distinguish
between systems that support CPU or GPU processing nodes, if they support hyper, system, or architecture
parameters, if their objective focus is on tuning, training, or inference, and whether they exploit the multi-
image inference aspect. Table 2.2 also contains PipeTune and EdgeTune, the two systems we propose as
use cases later in Chapter 6 and Chapter 7, respectively. Next, we discuss these related systems in more
detail.

Parameters Tuning

In the context of this thesis, tuning is the process of choosing optimal parameters for a given workload
(i.e., model and workload). The process of tuning parameters is crucial to find the best model performance
of a given application. However, the best model performance can significantly vary depending on the
performance definition, typically based on the interests of users. Moreover, the tuning process itself can
take different perspectives into account such as searching algorithms [88]-[90], supported tools [91], and
type of processing nodes (e.g., GPUs, CPUs, FPGAs). Therefore, there are many proposed approaches and
tools addressing this problem.
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Table 2.2: State-of-the-art systems related to hyper and system parameter tuning.
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Improving Training

GRNN [92] constructs a hybrid performance model that estimates the cost of a configuration according
to the communication and computation needs. It ranks all the configurations and selects the first top-K
to compile and run returning the fastest among them. Hop [77] is a heterogeneity-aware decentralized
training protocol. It relies on a queue-based synchronization mechanism that can implement backup
workers and bounded staleness in a decentralized setting. Optimus [76] uses online fitting to predict
model convergence during training, and sets up performance models to estimate training speed as a
function of allocated resources in each job. It estimates online how many more training epochs a job
needs to run for convergence and how much time a job needs to complete one training epoch given a
certain amount of resources. The speed model is computed based on a small sample set of training data,
with possible combinations of parameter servers and workers.

Moreover, Orion [82] performs static dependence analysis to determine when dependence-preserving par-
allelization is effective and map a loop computation to an optimized distributed computation schedule.
It automatically parallelizes serial imperative ML programs on distributed shared memory. Parallax [84]
combines Hyperparameter Server [93] and AllReduce [94] architectures to optimize the amount of data
transfers according to the data sparsity. It splits between a static phase for graphs with dense variables,
and a sampling phase for fewer iterations. Finally, PipeDream [85] combines inter-batch pipelining and
intra-batch parallelism to improve parallel training throughput, helping to better overlap computation with
communication and reduce when possible the amount of communication.

Hyperparameter Tuning

As the process of tuning hyperparameters is, in most cases, crucial to find the best model performance of a
given application, there are many proposed approaches and tools addressing this problem. Astra [71] is a
framework for online fine-grained exploration of the optimization state space in a work-conserving manner
while making progress on the training trials. STRADS [86] exposes parameter schedules and parameter
updates as separate functions to be implemented by the user. A parameter schedule identifies a subset
of parameters which a given worker should sequentially work on. STRADS-AP [87] extends STRADS to
a distributed ML setting. These approaches leverage a runtime and API comprised of Distributed Data
Structures (DDSs) and parallel loop operators. Moreover, AutoKeras [59] enables Bayesian optimization
to guide the network morphism for efficient neural network architecture search. The framework develops
a neural network kernel and a tree-structured acquisition function optimization algorithm to efficiently
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explore the search space. Similarly, Tune [60] provides a narrow-waist interface between training and
search algorithms.

Finally, we mention two auto-tuning tools used in industry. HyperDrive [78] is a package part of Azure
Machine Learning which supports hyperparameter tuning. It follows POP’s scheduling algorithm which
combines probabilistic model-based classification with dynamic scheduling and early stop techniques.
Amazon SageMaker [57] is a fully managed machine learning service. It supports automatic model tuning
component that finds the best version of a model by running many training trials on the dataset using the
algorithm and ranges of hyperparameters specified by the user. Google Vizier [56] is an internal service
used to optimize machine learning models and other systems. It also provides core capabilities to Google’s
Cloud Machine Learning HyperTune subsystem.

System Parameter Tuning

ByteScheduler [72] is a Bayesian optimization approach. It specifically focuses on auto-tune tensor credit
and partition size for different training models under various networking conditions. ByteScheduler uses
auto-tune algorithms to find the optimal system related configurations. AutoKeras [59] supports a form of
system parameter tuning, by means of an adaptive search strategy for different GPU memory limits.

Inference-Aware Tuning

In the process of tuning, the users define their objective function which is often to maximize model per-
formance in terms of accuracy [95], [96]. However, some users are also interested in model perform-
ance from other perspective such as the inference throughput. In this case, the tuning servers must be
inference-aware, meaning that either empirical or estimated measurements of the inference runtime is
included in the objective optimization function under consideration.

Multi-Objective Tuning

Multi-Parameter Tuning consists of tuning servers which simultaneously consider more than one dimen-
sion in their objective optimization functions [97], [98]. For instance, when both the model accuracy and
inference throughput are equally relevant, then the optimization must follow a multiple criteria decision
making strategy [99]. Sometimes these objectives are conflicting, which makes the decision making pro-
cess not trivial and leading to multiple possible Pareto optimal solutions [100].

Neural Architecture Search (NAS)

Neural architecture search (NAS) [101] is a technique for automating the design of artificial neural net-
works (ANN), a widely used model in the field of machine learning. NAS has been used to design net-
works that are on par or outperform hand-designed architectures. Methods for NAS can be categorized
according to the search space [102], search strategy [103], [104] and performance estimation strategy
used [105].

Multi-Image Inference

When the model has all parameters tuned, it is deployed to be used for inference on unseen data. Data
arrives in batch or streaming form [106]. Although the most common approach for the inference phase
is to apply the model for one data point at a time, this phase considers the hyperparameter batch size
which determines how many data points can be aggregated before performing model inference. When the
inference batch size is set to a value higher than one, then multi-image inference is being performed.

2.5 LEGaTO Project

A considerable part of this work was done in the context of the project Low Energy Toolset for Heterogen-
eous Computing (LEGaTO) [107], whose mission was to develop a software toolchain for heterogeneous
hardware with energy efficiency as the main focus. Besides of that, the project also considers fault-
tolerance, security and programmability. Led by Barcelona Super computing Center (BSC), LEGaTO con-
sisted of 10 partners, including universities, industries, and research institutes (viz., Chalmers Tekniska
Hoegskola AB (CHALMERS), Christmann Informationstechnik + Medien GmbH & Co. KG (CHR), Machine
Intelligence Sweden AB (MIS), Helmholtz Centre for Infection Research (HZI), Technische Universitaet
Dresden (TUD), Maxeler Technologies (MAXELER), Israel Institute of Technology (TECHNION), Bielefeld
University (UNIBI), and University of Neuchatel (UNINE)).

Figure 2.5 shows an overall view of the various components used in the project, including the use cases
(e.g., smart home, smart city), programming model, compiler and high level synthesis languages, runtime,

17



Chapter 2. Background and Related Work

SmartHome SmartCity Machine Learning Healthcare
USE 1
equential Tas} OmpSsprogfams

CASES H Secure [OTGateway

MODEL
C and HLS SourceCode
COMPILER
&HLS C Source Code 1 RTL l

‘ Native compiler and Linker ‘ ‘ FPGASynthesis ‘

CPU/GPU Binaries Bitstream

| !

MIDDLEWARE ’ SGX+ OmpSs ‘ OpenstackMiddieware ‘

1 """"" Deployment, Monitoring, Control I

Lz _ _

HARDWA Hardware

EG aT LEGaTO
aspects Energy- Eficiency Fault -tolerance Programmability Security

Figure 2.5: LEGaTO platform architecture.

middleware and hardware. In the runtime level we contributed with Heats introduced in Chapter 3 and its
follow-up approach DiAS introduced in the Chapter 4. Moreover, the two use cases presented in Chapter 6
and Chapter 7 are part of the machine learning use cases. Finally, the security approach introduced in
Chapter 8 is part of the programming model and compiler levels of this architecture.

Besides of the work presented here, the LEGaTO project produced a number of relevant scientific contri-
butions. TZ4Fabric [108], for instance, is an extension of Hyperledger Fabric to leverage ARM TrustZone
for the secure execution of smart contracts. Hermes [109] is an application-level protocol for the data-
plane that can operate using generalized deduplication as well as classic deduplication. SpecFuzz [110] is
the first tool that enables dynamic testing for speculative execution vulnerabilities (e.g., Spectre). More
information regarding the project, including deliverables, use case details, related work with list of pub-
lications can be found in the website [111].

2.6 Summary

In this chapter, we presented the main concepts of distributed applications and clusters which we use
throughout this thesis. Special emphasis was given to the energy efficiency, security and heterogeneity
aspects which we later leverage in our proposed approaches.

To contextualize the types of applications we focus in this work, we detailed the characteristics of dis-
tributed applications and introduced the differences between stateful and stateless applications as well
as synchronous and asynchronous parallelism. Then, we presented the perspective of clusters which host
such applications and the challenges laying behind doing so.

We discussed the security dimension of the problems we consider here and introduced the concept of TEEs
to ensure security both for applications and clusters. More precisely, we have given focus to Intel SGX
which is the TEE technology we further explore in one of our proposed approaches.

As we use the parameter tuning of learning applications as use cases of our work, we also introduced the
main concepts of this area as well as a thorough analysis of the related state-of-the-art systems available.
Finally, we have given a brief overview about the LEGaTO project to show part of our work motivations
and achievements.
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Chapter 3

Cloud Providers: Single-Ienant

In this chapter we start tackling the problem of making distributed applications more energy efficient
from the perspective of cloud providers. To this end, we introduce Heats, a task-oriented and energy-
aware orchestrator for containerized applications targeting heterogeneous single-tenant clusters. First,
our system learns the performance and energy features of the physical hosts. Then, it monitors the
execution of tasks on the hosts and opportunistically migrates them onto different cluster nodes to match
the customer-required deployment trade-offs.

3.1 Introduction

Customers of cloud providers have access to a wide range of heterogeneous resources. The diversity of
resources encourages application developers and deployers to program for, and offload even more work-
loads to the cloud. There, specialized hardware (e.g., GPU, FPGA) can be rented for limited time, reducing
upfront costs and allowing for better scalability. Moreover, applications designed to run distributed of-
ten consist of different building blocks each with its own requirements. These requirements vary from
resources specification up to minimum latency or throughput. Applications with these characteristics can
take advantage of a diverse infrastructure to frugally meet their goals.

To illustrate this diversity, Table 3.1 shows an overview of the commercial offering of heterogeneous re-
sources at 6 major public cloud providers. For each, we list the CPU architecture (x86, IBM Power, ARM),
and the availability of GPU, FPGA or ASIC units. We further indicate if such resources can be accessed
using bare metal (BM) or virtual machine (VM) instances. Additionally, we show whether the operating
frequency of the processor can be dynamically scaled up or down, a feature that could be leveraged to re-
duce the generated energy costs of a node. This quick survey reveals that it is possible to combine a large
and heterogeneous ensemble of machines, each offering specific hardware feature sets. This capability
represents the ideal case for applications that have different resource demands, as it is sometimes better
to migrate the execution from a machine of one kind to a different one, in order to more closely match the
expected trade-off between energy consumption and performance requested by the customer. Resource
diversity can also be exploited to deploy applications and workloads of different nature.

Table 3.1: Heterogenous resources available at public cloud providers via bare metal (BM) or virtual
machines (VM). * = frequency scaling enabled. v'= feature available from VM or BM. X= not available.

Provider x86-64 POWER ARM GPU FPGA ASIC
BM VM BM VM BM VM BM VM BM VM BM VM

Amazon [112] vV* v X X X X X v X 4 X X
Microsoft [113] X v X X X X X v X v X X
Google [114] X v X X X X X v X X X v
IBM [115] V¥ X v* X X X v X X X X X
Oracle [116] V¥ /* X X X X v v X X X X
Scaleway [117] * X X X v X X X X X X X
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Figure 3.1: Migrating a task to a different host allows for energy savings but increased run time.

Containers (e.g., Docker [118]) have recently become the de facto standard to deploy applications on the
cloud, executed by specialized container orchestrators, such as Kubernetes [119]. Current policies of
container orchestrators often ignore the diversity found in hardware, leading to subtle trade-offs between
energy and performance. To better understand this aspect and motivate our work, we conducted a simple
experimental study with results depicted in Figure 3.1.

We set up an on-premise cluster composed of 4 different types of nodes: three server-grade machines (two
Intel and one AMD) and one ARM-based low-energy device (a RaspberryPi). Each machine has different
hardware characteristics (e.g., number and type of CPU cores, memory and operating frequency) and
energy requirements. While these properties are known by the cluster owner (e.g., cloud providers) at
deployment time, neither the cluster nor the application owners are aware of the energy requirements and
the raw computing power of the machines for a specific workload. Typically, customers are only able to
evaluate those at runtime, while executing their applications. Because of that, they can face unexpected
costs or missed deadlines upon completion of tasks.

In the scenario of our motivating example, we developed a containerized version of the popular k-means
clustering algorithm [120] and deploy it in our on-premise cluster. At first, the task is deployed on the AMD
node depicted in the top-most plot of Figure 3.1. Given our cluster settings, with the default Kubernetes
scheduler, we observe the deployment on the machine with more cores and memory. When remaining in
the same host, the task completes after 69 seconds, consuming 565 Joules.

Next, we consider customers wishing to compromise the running time for energy costs. This requires a
dynamic container rescheduling policy that can migrate a task into the ARM node after it has made some
progress but before completion (e.g., 30 seconds after startup, as highlighted by the vertical line in each
plot). In doing so, the net energy savings are significant (up to 34%) but at the cost of a 5.4x increase of
the task’s running time.

In the case of this specific classification application, for instance, the runtime is not critical. This is the
case because we are focusing on the training phase of such algorithm which typically happens independent
of the applications using the trained model for inference. In the later case the runtime performance of the
task becomes critical but in the first case scenario trading the performance regression by the observed
energy saving would make sense depending of the customer’s requirements.

20



3.2. Heats Scheduling Policy

Algorithm 2 Scheduling of tasks. Algorithm 4 Find best fitting node for a task.
1: function Schedule 1: function BestFit(¢, ey, pw)
2:  while pendingTasks # @ do 2: 1+ RequiredResources(t)

n < AvailableNodes(r)

scores < I

e, Ny <— Predict(nodes, 1)

for n € nodes do
N — eyw(1 — ne/maze) + puw(n,/mazy)
scores.add({n, ns})

return n | {n, s} € scores A\ s = maz,

3 t = pendingTasks.poll()
4: bestFit < BestFit(t, ey, pw)
5 Assign(t, bestFit)

Algorithm 3 Rescheduling of tasks.
1: function Reschedule
2: for t € runningTasks do
bestFit < BestFit(t, ey, pw)
if bestFit # currentHost then
Migrate(t, currentHost, bestF'it)
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Such trade-offs are often desirable (especially for deadline-free, low-priority workloads), but difficult to
achieve in practice. As a matter of fact, a task (or container) orchestrator would need to be aware of
several factors and able to:

1. know or learn the characteristics of the underlying cluster and its hardware resources;

2. understand the trade-off that a customer is willing to accept;

3. identify when a better placement opportunity exists for the currently executing tasks; and
4. migrate the task accordingly.

Therefore, in this chapter we introduce Heats, a scheduling system geared toward heterogeneous clusters
that achieves these goals for the single-tenant scenario. The key mechanism used by Heats consists in
offering to customers the ability of indicating, at deployment time, their intended energy-performance
ratio (the acceptable trade-off), in the form of an H value. Thereafter, Heats continuously matches the de-
manded H value to the available resources, considering the resources themselves, pre-built performance
and energy models, and the possibly conflicting requirements from other concurrent tasks. As shown in
Section 3.4, this has consequences on the task throughput of the underlying cluster.

The rest of this chapter is organized as follows. The rational of the Heats scheduling policy is presented in
Section 3.2. We describe the architecture of Heats in Section 3.3. We extensively evaluate the performance
of our prototype in Section 3.4, where we also detail the synthetic traces used to show the benefits of Heats
before concluding in Section 3.5.

3.2 Heats Scheduling Policy

First, the resource requirements of a task, as for instance memory or number of cores, are specified
before submission. Resource availability in the hardware nodes is monitored (in our practical experiment
we rely on Heapster [121]) and reported to Heats monitoring module. Then, Heats computes suitable
nodes for execution considering the resource requirements for all previously running tasks as well as
the availability reported by the underlying system. Next, the algorithm executes a profiling phase and
estimates the performance and energy requirements of the given task in each of the previously computed
available nodes. Finally, the scheduling module relies on these estimations to compute scores for each
node, to be weighted by the energy/performance ratio defined by the customer. The best fitting node is
chosen to deploy the given task.

When a customer submits an application then all tasks composing this application go into a queue of
pending tasks (i.e., submitted tasks waiting to be scheduled). Algorithm 2 describes the process of con-
stantly checking if there are new tasks in this queue. When a task is pulled from the queue, we search for
the best fitting node and deploy the task into it. If no node is available at this given point, then the task is
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Figure 3.2: Heats’s abstract components and interaction.

added to the queue again and this process will be eventually repeated until a node is found. As the queue
follows a FIFO strategy, a task without matching host will not block other tasks to be scheduled as it goes
to the end of the queue and a retry schedule for it will happen only when this process is completed for all
the other tasks already present in the queue.

The Heats strategy will attempt to place tasks on the most efficient host that still has enough resources
to run the given task. We define most efficient as the closest match to the demanded trade-off between
energy and performance (i.e., highest score after applying energy/performance ratios defined by the cus-
tomer). However, the ideal node for a task will not always be available at scheduling time. Therefore, we
systematically recompute our scheduling decision every x seconds. Whenever a better fit than the current
host of a task is found, the scheduler performs a migration. This monitoring of running tasks combined
with the re-evaluation of their best fitting host nodes is described in Algorithm 3.

Both these algorithms make use of a helper function to find the best fitting nodes to either schedule or
reschedule a task. This function assumes that a task ¢ and the customer defined ratios e,, and p,, for ¢t are
given as input. First, we identify the required resources of ¢ and a list of nodes N which still have enough
idle resources to host t. Then, for each node n in this list of nodes NV we predict the duration and energy of
t in n. Once this information is know for all nodes in N, then the ratios e,, and p,, are applied to calculate
a score for each node. Finally, the node with the highest score is chosen as the best fitting node for task ¢.
These steps are described in Algorithm 4.

In summary, putting all these steps together, the scheduling phase is triggered for the queue of all pending
tasks. The algorithm starts by finding the best fit for the next task. It identifies its resource requirements,
e.g., CPU and memory, as well as the available nodes for these resources. Then, it computes the score for
each of the nodes. The model (described in Section 3.3.1) is used for the profiling of nodes. The scores
are computed by normalizing the predictions and adding the demanded weights. Every x seconds the
rescheduling phase is triggered for the set of all running tasks. If the re-execution of the best fit decides
on a different target node, the task is migrated to the new host and removed from the current one. We
show in our evaluation that the chosen value of z, for our specific workload and cluster settings, has
minimal impacts on the runtime or the energy efficiency of Heats.

3.3 Architecture

The architecture of Heats is composed of the following main interacting components: modeling, model
maintenance, monitoring, scheduling, placement and migration. Modeling consists of a workload probing
and a model learning phase, the monitoring collects the metrics of interest which are required to keep
track of the system, scheduling orchestrates the placement and migration of tasks, and model maintenance
uses the monitoring outcome to keep the model up-to-date. Figure 3.2 depicts an overview of these
interacting components and we describe each of them in details in the remainder of this section.
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Figure 3.3: Runtime and energy spent by tasks executing k-means and a matrix multiplication with two
different CPU governors: powersave (ps) and performance (perf).

3.3.1 Modeling

The modeling component executes two main operations (i.e., probing and learning) described below.

Probing. The probing phase discovers the properties and capabilities of the cluster, i.e., the machines
composing it. This probing phase is executed upon the initial setup of Heats, as well as for every major
hardware reconfiguration (such as the integration of new machine types in the cluster pool). We imple-
mented this probing so that it also takes care of exploring the performance of the nodes by scaling up and
down the frequency of the CPUs [122]. We report that, in a typical setup, to produce an accurate model of
a new machine usually requires a few hours. This comes from the cost of simulating applications to warm
start the model considering that initially there is no historical data available.

Figure 3.3 shows the results of possible characterizations that this phase can produce, when applied to
the machines of our cluster. In particular, it outputs the runtime and energy requirements of two different
families of probing tasks. The energy requirements reported here do not consider the idle state of the
machines but of the task itself only. In this way we can better understand the tasks energy requirements
for the different types of hardware given. We show the results with two of such CPU-bound tasks: the
aforementioned k-means clustering algorithm, as well as a matrix multiplication operation which is typic-
ally part of deep learning applications (e.g., darknet [123]). Our architecture allows for easy integration
of additional probing tasks, for instance to capture the behavior under different types of workloads.

The framework further executes these probing tasks by frequency scaling of the underlying CPUs. We
achieve this by leveraging two different Linux’s CPU governors [124], powersave and performance, re-
spectively running the CPU at the minimum and maximum frequency. We observe that, within the same
machine type, the energy and performance are largely affected by scaling the CPU frequency. The output
of this phase is used next.

Learning. The data collected by the probing phase is used to train a multiple linear regression
model [125]. Given a task, its CPU (number of cores) and memory (GBs) requirements, a fitted regression
model is used to predict its energy and performance on a given machine. Each machine type available in
the cluster has its own model trained on a subset of the data corresponding to the probing performed on
it. Moreover, although the input features are the same in both cases, we train one model for runtime and
another one for energy predictions. This results in a total of two models per type of machine in the cluster,
where the type of machine is specified by the cluster owner.
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The learning operation described here consists of training these models based on the data resulting from
the initial probing. These two operations together result in a warm start for the model as at creation
cluster time there is no historic data available. This is a typical approach used by cloud providers as
probing data from other users is often available. However, the probing component constantly records data
of new coming tasks and Heats relies on it to refine the model at a given frequency. This process makes
sure that predictions stay accurate by reflecting the most recent state of the cluster.

For the development of the model we rely on TensorFlow [126], an open-source machine-learning frame-
work. We did a preliminary analysis of different machine learning techniques and, for the workload used,
a multiple linear regression model presented the best results with respect to model performance and cost.
However, an evaluation of machine learning algorithms with different workloads may lead to a differ-
ent result. Therefore, we prototype our framework in such a way that users can easily choose different
methods to train their models.

3.3.2 Monitoring

Kubernetes is equipped with several tools to monitor resources: cAdvisor [127] has been partially integ-
rated into Kubernetes’ node agent kubelet [128], and it is capable of measuring resources used by con-
tainers. Heapster [129] exploits the measurements from cAdvisor, aggregates them and provides means
to analyze and monitor the state of the Kubernetes cluster using Grafana [130]. Furthermore, Heapster
allows us to store the aggregated data in InfluxDB [131], a time-series database that supports SQL-like
queries to retrieve historical resource measurements of the Kubernetes cluster.

In order to decide whether a task has to be migrated from one node to a different heterogeneous node, the
Heats scheduler has to be able to rely on a fine grained resource monitoring system. Despite the potential
capability to gather resource measurements every 5s, we found out that Heapster cannot reliably deliver
these resource measurements at a fixed rate. A custom resource measurement system was therefore im-
plemented and installed on the Kubernetes nodes, which queries every second the local Docker instances
for up-to-date resources used by the containers. These resource measurements can then be aggregated
and used by the Heats scheduler to provide the needed support for migrating tasks.

The monitoring component is responsible for actively gathering information regarding the resources cur-
rently being consumed at each node by the tasks in execution. This information is required by the schedul-
ing component (described below) to know which node has sufficient resources for the pending tasks. Heats
leverages some of the default software probes from Heapster to continuously fetch the hardware resources
available on any given node.

Additionally, to access in real-time the current power and energy levels of a node, we assume the avail-
ability of hardware monitors that are remotely accessible. We experimented with two different types of
energy monitors: one for server-grade machines and one for low-energy profiles (see Section 3.4). These
are two potential options which we use in our evaluation but there are many others (e.g., pyRAPL [132])
and the energy monitoring choice is orthogonal to the results presented here.

3.3.3 Model Maintenance

In order to maintain the model up-to-date, the model maintenance component of Heats retrains the model
on a sliding window of the data every x hours. In our evaluation we set the value of z to 24, but this
parameter can easily be adapted to the customer’s needs. For instance, if a cluster has a homogeneous
trace of workloads with similar tasks coming in, then this number can be reduced without affecting the
overall functionality of the system. On the other hand, if the type of tasks running in the cluster often
varies, then a frequent update of the model is recommended for more accurate predictions.

Once a task is completed, the monitoring component stores in the database the actual runtime and energy
measurements together with the respective metrics predicted by the current model. Additionally, we use
this information to calculate and store the prediction error of both runtime and energy. Once a retraining
of the model is triggered, we first use these error metrics to filter out all the entries which the error is
below a given threshold. The filtered out entries correspond to workload types which the current model
can already accurately predict and therefore does not need to be taken into account.

This module ensures that the trained models used for prediction reflect all types of workloads present in
a cluster’s trace. As the framework also allows different types of models to be trained, this component
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can also be leveraged to test different types of models. This is particularly relevant as the training data is
updated and different models can be better suited in different points of time. Finally, at the moment we
use only the CPU and memory requirements as features but this could be extended to metrics collected
during the first seconds of execution, resulting in a more accurate prediction and therefore assisting the
migration component to make better decisions.

3.3.4 Scheduling

Finally, the scheduling component is in charge of orchestrating the inputs received by the modeling and
monitoring components. To that end, it first ensures that a prediction for the resources used by the task
on the different set of machines is completed. Then, it combines this prediction with the energy and
performance trade-offs, as defined by the end-user, to decide on the best fitting node. Periodically, the
scheduling component reconsiders its past decisions: when a better fitting node is found, a migration
decision is taken and the corresponding task is moved to the target node.

In practice, this step monitors the following two main queues:
1. new coming tasks to be scheduled (i.e., pending tasks), and
2. already scheduled and running tasks (i.e., running tasks).

Both cases follow a FIFO strategy (i.e., first in first out) such that older pending tasks are prioritized,
reducing the average waiting time. Although the monitoring of these two queues happen independently,
the scheduling of pending tasks is prioritized over the reschedule of already running tasks. This is ensured
by holding the monitoring of running tasks when the pending tasks queue is not empty and the free
capacity of the cluster is above the sum of required requests in all tasks of the pending queue. With this
we make sure that no task is rescheduled unless there is enough resources available for new coming tasks
to be scheduled.

3.3.5 Placement and Migration

In this work, we assume that the applications running in the cluster are stateless. The mains characteristic
of stateless applications is that each building block of the application’s architecture depends on third-
party storage rather than sorting any kind of state in memory or on its disk. This means that any data
the application requires is fetched from some other stateful service such as a database, or present in the
request itself. Considering this, the migration of tasks in this scenario consists of simply starting the task
in the new host, making sure that the service is up to avoid overheads, and finally remove it from the
current host.

Our assumption of stateless applications is mainly motivated by the popularity of serverless computing
services available at the major public cloud providers such as Amazon AWS Lambda [133], Microsoft
Azure Functions [134] and Google Cloud Functions [135]. Some other reasons for applications to follow
this architecture model is that it can automatically be scaled based on the load, adapted to the applications
needed to avoid unnecessary costs and customers don’t need to provision or manage anything. However,
if the prototype is extended to support stateful migration then all the findings presented here also apply
for stateful application.

3.4 Evaluation

This section presents the experimental evaluation of our Heats prototype. We start describing the proto-
type implementation followed by the experimental settings. Then, we describe the synthetic trace used
to compare Heats against the default Kubernetes (k8s) settings. We compare both schedulers in terms of
energy and resource utilization. Finally, we analyze how the user demands of energy/performance ratios
affect the observed performances. Finally, we look at the impact of the rescheduling frequency on the
overall job runtime.

3.4.1 Prototype Implementation

We base our implementation on Kubernetes (v1.8), itself implemented in Go [136]. Custom schedulers
can however be implemented in any programming language and connected to the main orchestrator en-
gine via the Kubernetes Scheduler API [137]. Heats is implemented in Python (v3.6.3) and leverages
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Table 3.2: Hardware characteristics of our cluster.

Architecture #Cores Frequency (GHz) TDP (W) Memory (GiB)

ARM Cortex-Ab53 big.LITTLE 4 1.4 5 1
AMD Epyc 7281 amd64 32 2.1 155 64
Intel Xeon E3-1270 v6  x86 4 3.8 72 04
Intel Xeon E5-2683 v4 x86 32 2.1 120 128
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Figure 3.4: Workload injected by the synthetic trace of concurrent tasks arriving in 4 bursts.

the Kubernetes Python Client [138], a client library for the Kubernetes API [139]. The modeling compon-
ent (described in Section 3.3.1) leverages the Python bindings for TensorFlow (v1.11). Heats is released as
open-source and is readily available at https://github.com/legato-project/heats-scheduler.

3.4.2 Evaluation Settings

We deploy and conduct our experiments over a cluster composed of 4 different types of machines (see
Table 3.2). Our cluster is composed of 9 machines, where one is the Kubernetes master, orchestrating
the deployments and the remaining machines are workers nodes executing the tasks. The 8 worker nodes
consist of one AMD, 3 Intel and 4 ARM machines. The energy consumption is measured using a LINDY
iPower Control 2x6M power distribution unit (PDU) for the server type machines and PowerSpy [140]
devices for the three Raspberry Pi. Both the PDU and PowerSpy records up-to-date measurements for the
active power at a resolution of 1 W. We query it up to every second and store the collected metrics in a
InfluxDB instance also running in the master node.

3.4.3 Workload Trace

We use a synthetic workload trace to evaluate the gains and trade-offs of our system. Figure 3.4 shows
the workload injected by this trace. We use it to deploy multithreaded tasks executing an iterative imple-
mentation of the k-means algorithm in the C programming language. The program, shipped as statically
linked binary for Alpine Linux [141], executes over a predefined dataset of 65536 data points over 32 di-
mensions.

Once deployed, the tasks will compute clusters by splitting the dataset into blocks processed by two worker
threads for a specified maximum number of iterations, chosen randomly in the range of 500 to 1000. This
step ensures the heterogeneity characteristic of the workload regarding the type of tasks running. At
completion, the result of the application is stored in the form of a file inside the container’s image. In
total, 480 k-means jobs are deployed following four bursts over 10 minutes, executed randomly within a
timeframe of 150 seconds. The same sequence of pseudo-random numbers is ensured upon every run of a
trace by using a fixed random seed.

3.4.4 System Metrics

To evaluate our Heats scheduler we start by looking at some system metrics while using the previously de-
scribed cluster, running the discussed synthetic workload trace and taking the default Kubernetes sched-
uler as baseline. Our objective here is to show that by leveraging existing orchestrators in heterogeneous
contexts, we can ensure energy efficiency while still meeting customers requirements.

First, we compare the CPU load induced on the cluster by Heats against the default scheduling policy
of Kubernetes. Figure 3.5 shows this for the default k8s scheduler as well as for two different Heats
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Figure 3.5: CPU and memory usage distribution (percentiles) across all machines in the cluster. We show
these metrics with three different schedulers: Heats in two configurations (H=0, H=1) on the first and
second row, Kubernetes in the third row.

configurations, one for performance (H =0), the other for energy-efficiency (H =1). We observe how the
load patterns are very similar and follow the arrival pattern of the tasks in the trace Figure 3.4. As in
the trace considered here, the tasks arrive in bursts, we can also observe peaks of utilization following
this pattern. We conclude that the Heats scheduler does not deteriorate the lifetime of the processors by
artificially stressing them [142].

Then, we look at the memory usage across the cluster for the default k8s scheduler as well as for the two
different Heats configurations described above. The memory load of the k8s default scheduler and Heats
with H =0 induce similar patterns. On the other hand, Heats with H =1 seems to have a higher memory
utilization. This happens because, in this case, we have more tasks willing to be energy efficient than the
cluster computing capacity available in energy efficient machines. Therefore, a migration happens every
time a task is completed and some of this capacity is freed.

3.4.5 Energy vs. Performance Weights

The value chosen for the H parameter is of paramount importance, especially when considering the res-
ulting energy costs and impact on the overall runtime of the jobs. To better understand this aspect, we
compare the following 6 different approaches:

1. the default scheduler (k8s),
2. Heats configured to be as efficient as possible runtime-wise, ignoring any energy concerns (H = 0),
3. Heats trying to be as energy-efficient as possible (H = 1),
4. a fixed H value chosen out of our practical experience (rand, for H =0.618),
5. a different random H value for each task (rall), and
6. other variations of the H-value (from O to 1, by increments of 0.2).
The fixed random scenario (rand) aims to mimic a customer with no particular requirements for all tasks to

be deployed. On the other hand, the rall scenario reflects the case where tasks with mixed requirements
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Figure 3.6: Energy efficiency and impact on the overall runtime of the trace for several scheduling policies.

are deployed in the cluster. These two scenarios reflect the deployment of homogeneous and heterogen-
eous applications, respectively.

Figure 3.6 shows our results. For each configuration, we show the cumulative energy costs (in kJ) and
the achieved runtime (in seconds), respectively on the left and right vertical bars. In this case, we include
the idle state requirements of the machines to have a macro view over the cluster. While these results
require further investigations (e.g., using real-world traces), we believe them to be of practical interest
for end-users.

When compared to the default scheduler (k8s), (2) performs better on an energy cost of 1.5% while (3) per-
forms worse but presents 7.1% of energy savings. Besides, when compared to each other, (2) performs
better while (3) is more energy efficient. Regarding approach (4), we can observe that the runtime as well
as the energy consumption are in between the observations for approach (2) and (3). Approach (5) doesn’t
have a clear overall priority over performance or energy efficiency as each task have a different require-
ment. Finally, for the other variations of the H-value in approach (6) we observe how the configurations
achieve similar results, with a sensible deviation only with the less energy efficient variant. In order to
observe a higher impact from varying the H-value, we could consider scaling up the size of cluster and
scope of applications.

3.5 Summary

In this chapter, we presented Heats, a novel task-based scheduling system for heterogeneous clusters.
Heats learns about the properties of the machines in the cluster, schedules and possibly migrates tasks to
the best-fitting node currently available. Our experimental evaluation has revealed that Heats can yield
considerable energy savings depending on the type of resources at hand, the workload and the desired
energy/performance ratio.

In summary, the contributions presented in this chapter are as follows:
1. a probing framework, which we use to build a model of the underlying hardware resources;

2. the design and implementation of Heats prototype, a new container scheduler system that, by lever-
aging the underlying model, places application tasks onto the best matching nodes among the cur-
rently available hardware resources for the intended energy/performance ratio;

3. prototype evaluation by means of an in-depth experimental analysis.

Next, in Chapter 4, we start exploring a multi-tenant scenario which leverages per-core pinning and per-
core frequency scaling as well as user priorities to further improve energy savings.
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Cloud Providers: Multi-Tenant

In this chapter we extend the work presented so far to cover the multi-tenant scenario. To this end,
we advocate a new resource management design that exploits the idea of differential approximation and
sprinting. This unique combination avoids the eviction of low-priority jobs and its consequent latency
degradation and resource waste. Next, we discuss the design, implementation and evaluation details
of DiAS, an extension of the Spark processing engine to support deflate jobs by dropping tasks and to
sprint jobs.

4.1 Introduction

Big data production systems, e.g., Google [7] and Facebook [9], implement priority scheduling to process
job streams with different characteristics and latency requirements. Analysis jobs, e.g., hive queries [143]
and text mining, of different priorities arrive in streams and are executed as parallel jobs with varying
numbers of map and reduce tasks. Trace studies [25] show that high-priority jobs are promptly served with
little queueing time, while low-priority jobs suffer from repetitive evictions causing significant resource
waste. This is mainly due to preemptive priority scheduling [8], where high-priority jobs are given the
ability to preempt lower-priority jobs in execution. The average latency slowdown of low-priority jobs [5],
i.e., the end-to-end response time divided by the execution time excluding eviction, can be 3x higher than
for high-priority jobs. All in all, priority-enabled big data systems preserve the performance advantage of
high-priority jobs at the cost of resource efficiency and performance of low-priority jobs.

It is extremely challenging to optimize the performance of big data engines with priority scheduling, due
to performance conflicts across disparate job priorities or conflicting performance targets, i.e., latency
vs. resource efficiency. Meeting the latency targets in priority systems is a long standing challenge from
both system [8], [29] and modelling [39], [42] perspectives due to the complex dynamics and performance
requirements across diverse priority classes. This is partly because the processing order of low-priority
jobs highly depends on the high-priority jobs, especially when low-priority jobs are evicted during periods
of resource shortage. In additional to the inter-job dependency, big data jobs themselves have complex
execution dynamics across their parallel tasks and synchronization stages.

Existing systems address the latency issue of big data engines mainly from the perspective of single
job type, i.e., one single priority. On the one hand, approximation-enabled processing engines, e.g.,
BlinkDB [30] and ApproxHadoop [32], reduce the execution times by processing a fraction of input data.
The performance advantage comes at the cost of accuracy losses. On the other hand, hardware features
are increasingly being exploited to accelerate the executions of jobs. For example, Pupil [36] and Sprinting
Game [14] temporarily sprint the CPU frequency during the slow execution phases of jobs. However, these
engines do not readily apply to multi-priority scenarios, answering the performance and resource tradeoff
among different priorities.

We advocate to differentially approximate and sprint CPU frequency for jobs of different priorities, termed
differential approximation and sprinting (DiAS), to replace preemptive eviction in priority scheduling.
DiAS improves the latency for all priorities and eliminates resource waste from re-executing the evicted
low-priority jobs. To achieve this, DiAS reduces a fraction of data load for low-priority jobs and temporarily
increase the CPU frequency for high-priority jobs.
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Figure 4.1: Approximation by task dropping: an example on a job of 3 maps and 2 reduce tasks.

The differential approximation adopts a controllable approximation level that discriminates among priority
classes by dropping different fractions of data. It gives better latencies for low-priority jobs at the cost of
their accuracy loss and minor latency increase for high-priority jobs, depending on the levels of input data
dropping. The differential sprinting then adjusts the frequency levels such that the high-priority jobs can
be accelerated after temporarily waiting behind the low-priority approximate jobs.

We design, implement and evaluate DiAS on top of Spark [144]. The DiAS extension module is composed
of N priority buffers, and one deflator that assigns approximation and sprinting levels for each priority. To
determine the dropping and frequency levels, we derive a set of stochastic models that can predict average
response times of DiAS jobs. The models, based on matrix-analytic methods and parameterized via simple
linear regressions, can effectively guide the choice of approximation levels for each priority.

We evaluate DiAS using benchmarks that process the contents of the stackexchange [145] network of
question-and-answer websites as well as the Google web graph [146], with two and three job priority
levels. To demonstrate the robustness of DiAS, we consider various workload profiles, i.e., priority ratios,
job sizes, and system loads. Evaluation results show that DiAS achieves remarkable reductions not only on
the mean and tail latency of low-priority jobs, but also on the tail latency of high-priority jobs. With DiAS
we achieve up to 90% and 60% reduction in the mean/tail latency for low-priority and high priority jobs,
respectively, a preemptive priority system without approximation and sprinting. Moreover, the promising
performance gain of DiAS comes with a noticeable energy reduction, i.e., up to 30% , even after spending
extra power to sprint the high priority jobs.

The rest of this chapter is organized as follows. The main design choices of DiAS are presented in Sec-
tion 4.2. We describe the engine details of DiAS in Section 4.3. We extensively evaluate the performance
of our prototype in Section 4.4, where we also detail the prototype implementation before concluding in
Section 4.5.

4.2 DiAS Design

Motivated by the importance and complexity of tuning the performance of priority-enabled systems,
we propose the idea of differential approximation and sprinting across different priority levels as a
means to

1. reshape the workload demands of jobs in each priority level;

2. implicitly provision more resources to higher-priority jobs;

3. speed up the execution of lower-priority jobs by deflating their processing load, i.e., number of tasks;
4. provide consistent performance guarantees on high-priority jobs; and

5. minimize resource waste.

The core goal of differential approximation and sprinting is to decide the approximation level (task drop-
ping ratio), denoted by 0 < 6, < 1, and sprinting timeout, denoted by 7} to be applied on arriving jobs
given their priority class k, their tolerance to accuracy degradation, and the available sprinting budget.
The expected outcome of differential approximation in a scenario of two job priorities, i.e., high vs. low, is
to minimize the resource waste and average/tail latencies of high/low priority jobs, while maintaining the
relative error of low priority jobs within a given bound and fully use the available sprinting budget.
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Figure 4.2: Schematic diagram of differential approximation.

task deflator

In contrast to preemptive schedulers, we alter the resource demand of lower- and higher-priority jobs,
instead of evicting lower-priority jobs upon the arrival of higher-priority jobs. DiAS is our prototype im-
plementation of this design. It plugs into existing big data processing engines to support differential
approximation, computational sprinting and workload deflation by means of dropping tasks.

4.2.1 Approximate Big Data Jobs

The aim of approximate computing in big data processing [30], [32] is to solve the performance conundrum
between latency and accuracy requirements of analysis jobs. Instead of processing all the input data, only
a subset is chosen to be processed to lower the overall computation demand and reduce latency. Existing
systems (e.g., ApproxHadoop [32]) put a significant engineering effort to enable dropping (map) tasks and
their assigned input data prior or during execution. Figure 4.1 illustrates this task dropping strategy on
a simple job with 3 map and 2 reduce tasks, with the goal of attaining a given approximation level. In
this example, we randomly choose one map task and drop it before its execution. Task dropping saves the
overhead of fetching data and avoids the execution of the dropped tasks. Nevertheless, while it reduces
the computational demand of jobs, it unavoidably degrades the analysis accuracy. This precision loss
depends on both the analysis performed and the data used, which can be estimated offline as shown in
Section 4.4.

4.2.2 Architecture
Figure 4.2 depicts the architecture of DiAS consisting of the following key components:

1. a set of job buffers for each priority, indexed by k € {0, ..., K},
2. atask deflator that determines the approximation level 8, and sprinting timeout 7}, for each priority ,
3. a scheduler which orchestrates the arriving and running tasks,
4. a dropper which applies the 6, to the respective tasks, and
5. a sprinter which temporarily sprints jobs based on the T}.
The higher values of k indicate higher priority. Moreover, the deflator has two main functionalities:

1. to determine the approximation level and sprinting timeout based on empirical/stochastic models as
well as on performance and budget thresholds, and

2. to dispatch jobs from the priority buffers into the processing engine.

Upon arrival, jobs are immediately dispatched to the corresponding buffer according to their priorities.
Jobs queued at each buffer are processed in a FCFS manner (i.e., first come, first served). The task
deflator selects the job at the head of the highest non-empty priority buffer, say k. This priority-k job
with its corresponding approximation level, 0y, is sent to the processing engine, which splits the job into
multiple tasks on the cluster. To avoid potential resource waste caused by eviction using preemption, the
execution across priority buffers of DiAS is non-preemptive. DiAS only dispatches jobs from the head of
the buffer to the processing engine when the previous job completes, independent of the priority of newly
arrived jobs. Moreover, DiAS assumes that the processing engine is able to drop tasks to achieve the
target ratio #,. We note that as DiAS aims to reshape the job workloads prior to entering the processing
engines, the design of DiAS is general and compatible with different processing engines.
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For our baseline results with preemption (Section 4.4), DiAS also provides the ability to evict jobs from
the processing engine. In this case, as soon as any job arrives with a higher priority than the job currently
being processed, the job in the engine is evicted back to the head of its buffer and the arriving job is imme-
diately sent in for execution. In addition, DiAS can leverage computational sprinting to further counter the
effects on higher priority jobs stemming from not preempting lower priority ones. If sprinting is enabled,
the deflator in parallel to dispatching the job communicates to the sprinter the sprinting timeout 7} to use.
Once the timeout elapses, the sprinter will temporarily accelerate the execution of the job.

4.3 DiAS Engine

To guide DiAS, we analytically derive the response time distribution offered by the cluster to the incoming
multi-task jobs classified in multiple priorities. Jobs are classified in K priorities, where a priority-£ job has
precedence over jobs in priority levels | < k, for 1 <[,k < K. According to the DiAS architecture, jobs are
served in FCFS order and each job seizes all the resources in the cluster (or in the partition used by the
corresponding engine) to execute. This can be viewed as a single server queue serving K priority classes.
We thus opt to employ the recent method proposed in [42], which is capable of obtaining the response
time distribution and its moments for a fairly general priority queue with K priority classes under both
preemptive and non-preemptive scheduling.

One key reason to choose [42] as the latency model for DiAS is its support for Phase-Type (PH) job pro-
cessing times [147], which is a class of distributions that can capture fairly general behavior. Further, PH
distributions are closed under a number of operations, a feature that we exploit to model the detailed job
processing times of concurrent tasks. Instead of using a given distribution to model the job processing
time, we resort to a bottom-up approach and build a more detailed view at the task level or wave levels.
For a description of waves and their role in job execution see Section 4.3.2 below. We thus exploit PH
distributions to capture details of tasks and waves (i.e., no. of waves =[ 2% t““"kﬂ) within the job processing

no. slots

time and build upon recent results on priority queues with PH components [42].

Background on the MMAP[K1/PH[K]/1 priority queue

Horvéth [42] analytically derived the latency distribution for an MMAP[K']/PH[K']/1 priority queue, where
processing times follow PH distributions, differentiated for the K job classes, and arrivals follow a Marked
Markovian Arrival Process (MMAP) with K different streams [147], one for each priority class. This class
of arrival processes can capture fairly general behaviors, including correlations among arrival streams or
general inter-arrival times. The parameters of an MMAP are K + 1 m, X m, matrices (Dy, D1, ..., Dg),
where Dy holds the transition rates for class-k jobs, and Dy ensures that the matrix D = ZZ{:O D, is
the generator of a Markov chain. The simplest non-trivial example is the marked Poisson arrival process,
where m, = 1, Dy = A\, which is the arrival rate of class-k jobs, and Dy = — Zszl A

Assumptions and notations on the cluster and approximate/sprinting jobs

We assume the cluster, or the allocated partition, is composed of C' computing slots. Priority-k jobs have
nF map and n* reduce tasks, both of which are discrete random variables with minimum value 1 and
maximum value N¥ and N¥, respectively. On average, the time to execute a map task is 1/u*, and to
execute a reduce task is 1/u¥. In addition, the job execution may include an initial setup time that lasts
1/p* time on average, and an intermediate shuffle stage that requires on average 1/u* time. We note that,
when sprinting is enabled, the service rates can be approximately captured by the effective sprinting rates
as a weighted average of the sprinted and non-sprinted execution times per task and class k. Predicting
these rates is complex [18]. We assume that the effective sprinting rates are provided by an oracle for
each class £ and timeout value. Moreover, as the number of executors available is less than the number
of parallel tasks and executors comprise multiple cores, each executor concurrently executes multiple
tasks. Hence, our current approach sprints all available cores at the same time which is beneficial for
applications consisting of tasks with equal workloads. Table 4.1 summarizes the notation.

4.3.1 Task-level Model

For priority-k jobs, we set the task drop ratio to 6%, for map tasks and to 6* for reduce tasks. The effective
number of map and reduce tasks is thus n¥, = [n¥ (1 — 6% )] and ¥ = [nF(1 — 6*)]. Moreover, as the
number of tasks is a random variable, we let p¥, (¢) and p¥(u) be the probabilities that a priority-k job has ¢
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Table 4.1: Summary of DiAS’s notation.

Symbol Definition
C Number of computing slots
NE Max. number of map tasks in a priority-k job
NF Max. number of reduce tasks in a priority-k job
D (t) Prob. that a priority-k job has ¢ map tasks
pr(u) Prob. that a priority-£ job has ¢ reduce tasks
1/pk, Mean exec. time for map tasks in a priority-k job
1/uk Mean exec. time for reduce tasks in a priority-k job
1/pk Mean setup time for a priority-% job
1/pk Mean shuffle time for a priority-k job
or Approximation ratio for map tasks in a priority-% job
95. Approximation ratio for reduce tasks in a priority-k£ job
O Overhead stage
M, Map stage with ¢t map tasks left to process
S Shuffle stage
R Reduce stage with u map tasks left to process

map and u reduce tasks, where 1 <t < ijl and 1 <u < N]?. From this point on, we drop the super-index
k for clarity, but the definitions apply to all job priorities making use of the appropriate index.

With the above definitions we can extend the model in [148] to incorporate the overhead O and shuffle
stages S, as well as to allow for a variable number of tasks. We thus let the processing phase i keep track
of the job current execution step, where:

1. ¢ = O indicates the job is in the initial setup (overhead) stage;

2. i = M, indicates that ¢t map tasks remain to be completed, for 1 <t < N,,;
3. ¢ = S indicates the job is in the intermediate shuffle stage;

4. i = R, indicates that u reduce tasks remain to be completed, for 1 < u < N;,..

All jobs start in stage O and their evolution is determined by the transition rates from phase i to the next
phase j, f(i,7), defined as:

Mopm(t)a i=0,j =My
Clipm, =My, j =M1, t>C,
e, i=Myj=Mi_1,2<t<C,
fGi ) = 4 tm, i=My,j=S, 4.1)
pspr(u), i=38,j=Ra,
Cur, i1 =Ry, =Ru-1,u>C,
Whhye 1 =Ry, ] =Ru_1,1 <u<C,

where R denotes the end of all reduce tasks and the job completion.

In (4.1) the first row corresponds to a transition from the initial setup stage O to the map stage for a
job with ¢t map tasks, i.e., it actually starts with # tasks due to early drop. The next two rows show that
the maximum parallelism is C' and that tasks finish one by one until the map stage is completed. The
next transition is to the shuffle stage S, after which the job moves on to the reduce stage, where, after
dropping, a total of u tasks must be executed if the job has u reduce tasks. Since N,, and N, are the
maximum number of map and reduce tasks, the phase space is P = {O, My ,...,M1,5,Ry,_,..., R1},
and we can build a transition matrix F with entries f(i,7) in (4.1) for 4,j € P. Further, we define the
vector ¢ = [1 0] as the initial phase distribution, where 1 indicates that all jobs start processing in phase
it = O. The pair (¢, F) is thus a PH representation [147] of the job processing time with N,, + N, + 2
phases.
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4.3.2 Wave-level Model

Whereas the just described model is very detailed in considering the evolution of jobs at the task level, it
assumes that task execution times follow an exponential distribution. Generalizing this assumption at the
task level is very challenging as it would require keeping track of individual tasks separately. We thus take
a different approach. We observe that tasks tend to have fairly similar execution times [18], leading to an
execution in waves. For instance, a job composed of 40 tasks executing in a cluster with 20 computing
slots will start with a first wave of 20 tasks executing in parallel. If these tasks have fairly similar execution
times, they will finish close to each other, allowing the next 20 tasks to execute almost at the same time,
making up a second wave. This wave-level model captures this behavior, having the job processing time
as a sequence of waves, each with a wave execution time.

Given C' computing slots and a job made up of ¢ and v map and reduce tasks, respectively, its effective
number of map and reduce waves are w,, = [t/C| and w, = [a/C, respectively. Recall that ¢ = [¢(1—0,,)]
is the effective number of map tasks to execute once a task drop ratio 6,, is applied. Since waves are
consecutive, we can model the execution time of the d-th map wave as a PH distribution with v,,) phases
and parameters (v, (q), Am(q)), avoiding the exponential assumption and allowing for fairly general beha-
viors. Moreover, we allow each wave to have a potentially different execution time, as we also observed
in our experiments with state-of-the-art execution engines, e.g., Spark. We similarly let the d-th reduce
wave have a PH distribution with v, 4) phases and parameters (c,.(qy, 4(q)). Also, let the initial setup stage
have v, phases and parameters («,, 4,), and the intermediate shuffle stage have v, phases and parameters
(as, As). We further define the exit rate vector a,, = — A, 1 for = representing any of the stages considered.
Since the sum of independent PH random variables is also PH [147], we represent the job processing time
as a PH distribution with v = v, + Y37, Un(d) + Vs + Sy vr(4) Phases and parameters (o, 4).

For clarity, consider the case where w,, = w, = 2, i.e., both map and reduce stages are composed of 2
waves of execution. The transition matrix A of the job processing time for this case is:

(Ao Qo (1)Tm(2)  QoCm(2)Tm(1) ]
A1) (1) Qi (2)
A= Am(2) Am(2)%s (4.2)
Ag s (1)qr(2)  AsOr(2)dr(1)
Ay (1) (2)
L A2

where ¢,,(d) and ¢, (d) are the probabilities that a job requires d waves of execution in the map and reduce
stages, respectively. These can be computed as

dcC

qm(d) = Z Z pm (1),

T=(d—1)C+1 t:[t(1—0)]=F

where the inner sum accounts for the probability that a job has ? effective map tasks after dropping, and
the outer sum accounts for all cases where the ¢ effective tasks can be executed in d waves. Finally, the
initial probability vector can be written simply as a = [ao 0] , since all jobs start in the setup stage,
completing the PH representation of the job processing time at the wave level.

4.3.3 Validation

We now illustrate the results obtained with the model against those observed experimentally. We first
consider two different datasets, for which we obtain map and reduce task execution times from a profiling
run. The details of experiments can be found in Section 4.4. We also collect samples of the overhead
times, which we have observed to be dependent on the data size. To keep profiling at a minimum, we
collect overhead times from two configurations only: one where no task drop is performed, and one where
90% of the tasks are dropped, which is the maximum drop ratio we consider. Then, for a given drop
ratio we determine the associated mean overhead time by a simple linear interpolation between these two
extreme scenarios.

Figure 4.3 shows the observed job execution times (x marks) for several drop ratios and two different
datasets. It also shows the predicted job execution times (o marks) obtained with the model from estim-
ations of the task execution time, the overhead, and setting the task drop ratio. The results show that
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Figure 4.3: Job processing times and drop ratio. Figure 4.4: Job response times and drop ratio.

the model accurately predicts the job processing time as a function of the drop ratio, with mean errors of
11.1% and 7.8% for the two datasets shown.

We now employ the model to predict the job response time, parameterizing the model with the same
information as above: mean task execution time and overhead. Also, we set the arrival rate to achieve
an 80% cluster utilization and test several values for the drop ratio. Note that for low loads the response
times are similar to the processing times, which we have shown above to be accurately predicted by the
model. We are thus interested in testing a high load scenario where the model must be able to predict
well both the processing and waiting times.

Further, we let high- and low-priority jobs process different datasets, such that the average low-priority
job size is 2.36 x larger (1117MB and 473MB, respectively), and the ratio between low- and high-priority
jobs is set to 9 (i.e., more low-priority jobs). This setup is similar to the ones used in the experimental
section. Figure 4.4 shows the observed and predicted mean response times for both low- and high-priority
jobs. The model is clearly able to follow the decrease in response times as the drop ratio increases, with
an average error of 18.7%.

We can therefore employ the model to determine whether a certain configuration under a given workload
can achieve a preset latency objective. In fact, the model predictions can be used to determine a min-
imum value for the drop ratio, such that the latency degradation on the high-priority jobs is kept limited.
Together with a constraint on the accuracy error, it is possible to provide the user with latency-accuracy
pairs for feasible drop ratios, each of which presents a different tradeoff.

4.4 FEvaluation

This section presents our extensive evaluation of the DiAS prototype atop the Spark engine. We compare it
against priority systems, being preemptive or non-preemptive without approximation and sprinting.

The specific question we answer in this section is the following:

RQ: Given the accuracy requirement of multi-priority jobs, how much improvement can be obtained on
the average and tail response time of low priority jobs without any resource waste and degradation of
high priority jobs?

We first describe the prototype implementation, then our experimental setup, the configuration used for
Spark and the workload details. Specifically, we focus on big data applications of text and graph analytics.
The number of priorities is defined based on the characteristics of Google trace which has 12 priorities
but is is dominated by two to three classes that account for 89% of all tasks [25]. Therefore, although our
proposed methodology can easily be extended to larger number of priorities, we will focus on the scenario
of two and three priorities.

We first evaluate the design of differential approximation (§4.4.3), followed by the full fledged design of
DiAS - combining differential approximation and sprinting. While the differential approximation improves
the low priority jobs at a marginal degradation of the high priority jobs, the complete DiAS (§4.4.4) can
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improve the performance of both priorities, compared to standard preemptive and non-preemptive sys-
tems.

4.4.1 Prototype Implementation

We implement the DiAS prototype in the Go programming language and use Spark as big data processing
engine. In addition to priority buffers and the deflator, we also implemented a workload generator and
augment Spark with the capability to drop tasks. To deliver the aforementioned functionalities, DiAS is
designed to be multi-threaded.

Deflator

The deflator consists of one dispatcher and one monitor thread. When a job completes or a new job arrives,
the dispatcher thread selects which job to run and dispatches it using the os.exec library. It does so by
first creating a cmd structure and then launches the process with Start (). When evicting jobs, this thread
sends the SIGKILL to the process using cmd.Process.Kill(). The monitor thread surveils the running job,
collecting its exit status via Wait () and actively relays the completion/eviction of the job to the dispatcher
thread using a golang channel.

Sprinter

If sprinting is enabled, the sprinter handles a sprinting timer for each dispatched job and tracks the
remaining sprinting budget. When the timer fires, it uses DVFS (i.e., dynamic voltage and frequency
scaling) to temporarily accelerate the job execution by adjusting the frequency of the CPU on the cluster
nodes via the cpupower utility. A job is accelerated until either its end or the depletion of the sprinting
budget. The sprinting budget is replenished over time using a replenishing rate, e.g., 6 sprinting minutes
per hour [15]. The timeout is ignored if the job ends sooner.

Dropper

A Spark job typically analyzes a dataset stored as files in HDFS. Each Spark job is translated into a DAG
of operations on Resilient Distributed Datasets (RDD) used as input/output. The job execution proceeds
in stages (i.e., periods of synchronization points). Each RDD is made of multiple partitions, the number
of which indicates the parallelism achievable by Spark, as each partition can be concurrently executed by
only one task. The size of a job is thus conventionally defined by the number of RDDs and their partitions
(equivalently tasks). Each stage relies on the findMissingPartitions() function to get the number of
partitions to be computed. To implement task dropping in Spark, we modify findMissingPartitions() to
return only [n(1 — 6;)] partitions out of n following the specifications of the deflator.

4.4.2 Experimental Setup and Workloads
Next, we detail the setup used for the experiments here presented as well as the details about jobs forming
the used workload.

Spark Processing Engine

We rely on Spark v2.1 and a cluster with one master and ten workers. Each worker uses 2 CPU cores,
and 4 GB memory. Our machines consist of Dell PowerEdge R330 servers equipped with Intel Xeon E3-
1270 v6 CPU, 64 hyper-threaded cores and 128 GB memory, interconnected by a 10G Ethernet switched
network on a star topology. To store the data, we deploy HDFS (v2.8.0), using one namenode and three
datanodes [149].

Text Analysis Jobs

We deploy jobs that perform text analysis on XML data dumps collected from 164 StackExchange web-
sites [145] each dedicated to a different topic. The goal of the analysis is to find the popularity of different
words in different topics by first parsing the XML to extract the posts of users followed by counting the
frequency of words. Each Spark job processes one such data set. To take advantage of the 20 cores in
our Spark cluster, following Spark’s tuning suggestions [11], we split each dataset into 50 RDD partitions.
Accordingly, Spark processes RDDs is split in multiple waves.

Jobs arrive following an exponentially-distributed inter-arrival time and enqueued before being dispatched
to the Spark engine. We tune the arrival rate to obtain between 50% and 80% utilization of the system
based on offline profiling of our scenario. The job response time is thus composed of the queueing time
and processing time. The main metrics of interests include the average and tail response time, i.e., 95",
for each priority.
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Figure 4.5: Impact of task dropping on accuracy loss: the trend of mean absolute error.

Graph Analysis Jobs

We run the triangle count algorithm implemented by the Spark’s graphx [150] library. The input dataset
consists on the public Google web graph [151], with 875.713 nodes and 5.105.039 edges. There are three
types of jobs:

1. to build the edge RDD;
2. to build the vertex RDD;
3. the triangle count itself, composed by six ShuffleMap stages and one Result stage.

Differential Approximation

We specifically consider scenarios of two and three levels of job priorities, with different characteristics,
i.e., job sizes, arrival ratios across priorities, and overall system load. As for the accuracy loss, we compute
the relative errors offline under different task dropping ratios for both workloads considered as shown in
Figure 4.5. The mean absolute error in percentage increases sub-linearly with dropping ratios. When
dropping 10% or 20% of map tasks, the relative errors are roughly 8.5% and 15%, respectively. Therefore,
in the remainder of our evaluation section, we set the acceptable relative error to 0 for high-priority jobs
and to 8.5%, 15% and 32% for lower-priority jobs. This corresponds to evaluating the latency impact of
DiAS that drops 10%, 20% or 40% of tasks in lower-priority jobs.

Differential Sprinting

We use DVFS as the sprinting mechanism to change the speed of the CPU. The CPU clock frequency is
initially set to 800MHz and temporarily increase it to 2.4GHz when sprinting. These frequencies were
defined based on the limits supported by the machines used, which also corresponds to a common setup
[152]. Sprinting reduces the execution time of high priority jobs by up to 60%, but increases the servers
power consumption by 1.5x, from 180W to 270W.

In the following, we consider two types of energy budgets:
1. limited sprinting, to sprint only 35% of the execution time of high priority jobs, and
2. unlimited sprinting, to sprint high priority jobs for their whole duration.

Following the budget strategy defined earlier, under limited sprinting high priority jobs sprint after 65
seconds while under unlimited sprinting they sprint as soon as they are dispatched.

Resource Waste

With DiAS, differential approximation and sprinting levels are applied on different priorities and lower-
priority jobs are never evicted upon arrival of a higher-priority job. As a result, machine time is never
wasted on reprocessing evicted jobs compared to a preemptive priority system. We define the resource
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Figure 4.6: Sensitivity analysis of differential approximation on mean (solid bars) and tail (shaded bars)

latencies by changing the ratios between high and low priority jobs: sizes, arrival rates, and the overall
system utilization.

waste as the percentage of machine time used to re-process evicted jobs compared to the total pro-
cessing time.

4.4.3 Differential Approximation
Next, we evaluate the performance of DiAS under two and three priority systems.

Two-Priority System
We first show the effectiveness of differential approximation on a reference setup, highlighting the differ-

ence of mean and 95" latency for both high- and low-priority jobs when compared to a preemptive and a
non-preemptive priority system denoted as P and N P, respectively.

The three key parameters in the reference setup are:
1. the ratio between low- and high-priority jobs is 9 to 1;
2. the average sizes of low- and high-priority jobs are 1117MB and 473MB, respectively; and
3. the average system load is 80%

The parameters are set as close as possible to the workload characteristics of Google trace [7]. Fig-
ure 4.6 (a) summarizes the absolute results of the preemptive priority setup, and its relative difference
compared to a non-preemptive priority setup, DA 10) and DA g 20). The subscript pair of DA denotes the
task dropping ratio for high- and low-priority, respectively. We use solid bars for the mean latency, while
shaded bars are for the 95" percentile latency. The resource waste is roughly 4% with the preemptive
priority policy.
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Under P, the mean latency of high-priority is better than the low-priority job. This stems from the un-
balance in the queueing times: 0.03 seconds versus 310 seconds on average for high- and low-priority
jobs, respectively. This difference is smaller for the 95" percentile. When using the NP model, where
preemption of low-priority jobs is not allowed, the performance of low-priority jobs improves roughly by
20% at the cost of increasing the latency of high-priority jobs by 80%. This is because high-priority jobs
have to wait for the low-priority jobs in execution to finish before getting served. In contrast, DA g 20y can
significantly improve the performance (roughly 65%) of both mean and tail latency of low-priority at only
a marginal (10%) increase in the mean latency of high-priority jobs and an accuracy loss for low-priority
jobs of 15%.

We further consider a use case scenario where it is possible to tolerate a 30% accuracy loss for low-
priority jobs while maintaining the latency of high-priority jobs under 100ms with no accuracy loss. The
task deflator consults the results in Figure 4.5 to determine the maximum drop ratios to attain an accuracy
target of 0% and 30% for high- and low-priority jobs, respectively. Likewise, the deflator runs the DiAS
model (Section 4.3) and determines that a 20% drop ratio for low-priority jobs is already within the 100ms
limit for the high-priority mean latency (as Figure 4.4 shows). We can thus choose to employ DA g 20 to
hold both accuracy and latency constraints, as confirmed by the experimental results in Figure 4.6 (a).
This selection can be easily automated by assigning weights to the latency and accuracy targets to select
among the feasible drop ratios.

Sensitivity Analysis
Our sensitivity analysis of differential approximation fiddles with following parameters in the reference
setup one at a time:

1. high- and low-priority jobs of same size;
2. ratio between low- and high-priority jobs set 1 to 9; and
3. a total arrival rate resulting in a 50% system load.

Figure 4.6 (b-d) summarizes the results for these three scenarios. Due to the rich information embedded
in the figure, we focus on comparing the latency gains of differential approximation between the reference
and new setup.

Similar job size for both priorities

Comparing Figure 4.6 (b) and Figure 4.6 (a), the latency gain of differential approximation is significant,
i.e., for low-priority up to 80%. High-priority jobs improves too: both their mean and tail latencies have
better improvement than the reference system. This can be explained by the fact that high-priority jobs
have shorter waiting time here than in the reference system. In a non-preemptive setting, being in NP
or DA, the maximum amount of queueing time for an arriving high-priority job is a single execution of
low-priority job, assuming the high-priority queue is empty. Hence, smaller the low-priority jobs, better
the gain of differential approximation used in the non-preemptive setup.

Relatively increased high- to low-priority job ratio

Comparing Figure 4.6 (c) and Figure 4.6 (a), the latency gain of differential approximation is worse. Both
the mean and tail latency of high-priority increase considerably. Though the average latency gain of low-
priority remains the same as the reference case, the tail latency gain decreases from 60% to 20%. As
differential approximation only applies approximation techniques on low-priority jobs which account for
10% of the total jobs, its effectiveness is limited. Hence, in the scenario of dominant high-priority jobs,
one shall activate approximation for both priorities.

Relatively low system loads

Comparing Figure 4.6 (d) and Figure 4.6 (a), the latency gain of DA g 1) is slightly worse, but DA 20
maintains a similar gain as the reference setup. Further, there is almost no performance degradation from
preemptive to non-preemptive system, shown by the results of NP. When the system load is low, e.g.,
50%, there is no difference between preemptive and non-preemptive priority systems because the engine
is rarely occupied when higher-priority jobs arrive. The gain of DA g 29) on low-priority jobs is thus mainly
attributed to the reduction of processing time, instead of queueing time. Moreover, the difference between
DAp,10) and DA 20y can be explained by the fact that dropping 20% of tasks reaches the critical mass
to drop an entire wave. Overall, thanks to flexible approximation levels and stochastic models of deflator,
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Figure 4.7: Differential approximation on three-priority system: relative difference in mean (solid bars)
and tail (shaded bars) latency against preemptive priority (P).

differential approximation can effectively tradeoff analysis accuracy for improved mean/tail latencies of
high/low-priority jobs, against complex system and workload dynamics.

Three-Priority System

We demonstrate the performance gains for differential approximation on a system with three priorities:
high, medium and low (Figure 4.7). The total arrival rate is 2.3 jobs/min with rate ratio of high-medium-low
priority of 1-4-5, resulting in roughly 80% system load. For drop rates, we use DA g 10,20) and DA g 20,40)-
According to Figure 4.5, DA g 10,20y introduces 8.5% and 15% accuracy loss for medium- and low-priority
jobs, respectively. Moreover, DA g 20,40) introduces 15% and 32% accuracy loss for medium- and low-
priority jobs, respectively.

Similar to the two-priority scenario, we use the mean/tail latency of the preemptive priority setup as com-
parison baseline. The resource waste under P is roughly 16%. The remaining three setups in Figure 4.7
incur in zero resource waste, due to their non-preemptive nature. In terms of latency improvement, dif-
ferential approximation is able to significantly reduce the tail latency for all three priorities by up to 60%.
Differential approximation reduces the average latency more for low-priority than medium-priority. How-
ever, such improvement of differential approximation comes at the cost of slightly higher average latency
of high-priority jobs and accuracy loss of low- and medium-priority jobs. In this particular setup, DA g, 10,20
appears to achieve the most moderate tradeoff among accuracy/latency for high/lower-priority jobs.

Differential Approximation on Triangle Count

We further illustrate the gains of differential approximation when the computation requires several map
and reduce stages. Specifically, we run the triangle count algorithm implemented in graphx library in
Spark. Task dropping in this case is performed on every ShuffleMap stage, for which we consider drop
ratios {1,2,5,10,20} for the low-priority jobs. The total effective drop ratio is thus the result of applying
the stage drop ratio in each stage.

Figure 4.8 displays the gains obtained with differential approximation with respect to preemptive and non-
preemptive scheduling. Clearly, with fairly limited task dropping ratios (5-10%) differential approximation
is able to reduce the mean latency of low-priority jobs by over 50%. Moreover, differential approximation
reduces by a similar factor the tail latency of both high and low-priority jobs.

4.4.4 Differential Approximation and Sprinting

Finally, we evaluate the complete design of DiAS, applying different CPU sprinting on the high priority
jobs and approximation on the low priority jobs. We consider graph analytics jobs, which has high and low
priorities of the same job size with a ratio of 3 to 7. We experiment the CPU sprinting policy under two
different energy budgets resulting in two different scenarios. In the first scenario, i.e., limited sprinting
shown in Figure 4.9 (a), we consider a sprinting budget of 22kJ which roughly limits the jobs to run in
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Figure 4.8: Differential approximation on triangle count: relative difference in mean (solid bars) and tail
(shaded bars) latency against preemptive priority scheduler (P).

high frequency only for 35% of their execution time based on timeout. In the second one, i.e., unlimited
sprinting shown in Figure 4.9 (b), we set the budget high enough such that the high-priority jobs run at
high frequency throughout their whole execution time. We use a non-sprinted P system as the baseline
for the ease of comparison.

Latency gain

The complete DiAS of differential approximation and sprinting shows promising performance. First, the
average and tail latency of both priorities improve under limited and unlimited sprinting budgets, ranging
between 35% to 90%. Overall, the latency gain is more prominent for the tail latency, low-priority jobs, and
unlimited sprinting. In terms of absolute comparison, the improvement for low-priority jobs is around 90%,
whereas high-priority is between 40-60% depending on the sprinting budget. We stress that few cases
with increased average latency of high-priority jobs observed in Section 4.4.3 are effectively countered
by enabling differential sprinting. The performance gains are therefore more consistent for both tail and
average latency, compared to the approximation-only results.

Despite the focus of sprinting being on high-priority jobs, the response times of low-priority jobs are also
indirectly improved. When compared to differential approximation only, the average response time of
DiAS g 20y increases up to 55% for high-priority jobs but also up to 40% for low priority jobs. Similarly,
for DiAS g 10y the increase goes up to 50% and 53% for high- and low priority jobs, respectively. That is,
by reducing the processing time of high-priority jobs, the queueing time of low-priority jobs is reduced,
directly affecting the response time for both types.

Latency decomposition

To unveil the exact performance advantage of DiAS, we zoom into the performance of the limited sprinting
case and present the average queueing and execution times for high- and low- priority jobs in Table 4.2. We
also apply the same sprinting policy on the non-preemptive system, termed N PS, shown in Figure 4.9 (d).
Due to sprinting, the execution times of high-priority jobs are lower than the low-priority jobs by at least
25%. Because of the 20% task dropping in DiAS g 20), the average execution time of the low-priority jobs
is the lowest among the three policies, i.e., around 131 seconds. The percentage of time that low-priority
jobs occupy the system thus reduces, avoiding longer waiting time for both high- and low-priority jobs. As
such, the queueing times for both high- and low-priorities are lower than N PSS and DiAS g ;).

Energy gain

In Figure 4.9(c), we summarize the normalized energy consumption of DiAS against the P policy. For both
unlimited and limited sprinting, we temporarily increase the CPU frequency for high-priority jobs. One
would expect a slightly higher energy consumption, compared to the no-sprinting baseline. Surprisingly,
for both unlimited and limited cases, DiAS reduces the overall energy consumption. The energy reductions
stemming from differential sprinting alone for the limited and unlimited budgets are around 15% and
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Figure 4.9: Complete DiAS on triangle count: latency and energy improvement against the preemptive
priority scheduler (P). In (a),(b) and (d), the mean and tail latency are in solid bars and shaded bars,
respectively.

26%, respectively. We explain this result by the significant reduction in execution times that outweighs
the power increase during sprinting.

The energy gain of DiAS can also be amplified by the approximation ratios, i.e., DiAS g, 109y and DiAS g o).
With unlimited sprinting the gain increase to 28.2% and 31% for DiAS g 10) and DiAS g 20, respectively.
Similarly, for limited sprinting we observe 18.3% and 21.6%. Higher reductions are observed for higher
drop rates, as dropping reduces the computational load on the cluster. Overall, the design of combining
differential approximation and differential sprinting can improve both the latency of both priorities and
energy consumptions across diversified systems scenarios.

We suggest the following procedure to determine the static threshold used in the algorithm. To utilize the
proposed models to predict the performance, one needs to first obtain the input parameters of the pro-
posed models through workload profiling, that quantifies the relationship between file size and execution
time under a constant CPU frequency. Then, one can exhaustively search through different combinations
of dropping ratios, priorities, and frequency thresholds. Our proposed models can estimate the latency of
such large combinations quickly. The values that optimize the tradeoff are then selected for a given set of
workloads. We note that such searching procedure needs to be evoked upon every workload changes. DiAS
considers a scenario where the workload set is given and hence only consider the static threshold.

4.5 Summary

In this chapter, we proposed a novel design of differential approximation and sprinting, DiAS, to trade
off the accuracy and additional sprinting capacity for improving the efficiency of big data engines (i.e.,
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Table 4.2: Average queueing and execution times of high- and low-priority jobs under sprinted non-
preemptive scheduling (NPS), DiAS g 1) and DiAS g o).

NPS DiAS ¢, 10 DiAS ¢ 20)
Queue [s] Exe.[s] Queue [s] Exe.[s] Queue [s] Exe. [s]
High 70.6 99.8 70.0 100.2 55.1 99.4
Low 378.9 148.5 286.42 139.0 238.0 131.1

reduction of mean/tail latency without resource waste). The design of DiAS supports different types of
analyses and multiple priorities, and is compatible with existing MapReduce based processing engines
that provide approximation mechanisms (e.g., task dropping, and dynamic frequency scaling).

We have derived stochastic models to guide the control of approximation and sprinting levels of DiAS.
We implemented the prototype of DiAS atop of Spark, with examples of text and graph analytics. Our
extensive evaluation results showed that DiAS consistently reduces the mean/tail latency of both low- and
high-priority jobs (by up to 90% and 60%, respectively) at roughly 15% relative error in the accuracy of low-
priority jobs and more than 20% energy reduction, compared to state-of-art preemptive schedulers.

In summary, our main contributions were as follows:

1. we extended the idea previously presented in Chapter 3 to support multi-tenant scenarios by lever-
aging user priority and sprinting techniques;

2. based on that, we put forward a first of its kind design for differential approximation and sprinting
that preserves the latency advantage of high-priority jobs and reverts the latency disadvantage of
low-priority jobs for both mean and tail latencies;

3. we derived bottom-up stochastic models that capture the dynamics of big data jobs (at both the task
and the stage levels) that implement different approximation and sprinting levels;

4. we implemented a prototype of DiAS on top of Spark, the state-of-the-art big data processing engine,
by building a model-based job deflator and augmenting Spark with the approximation capability of
dropping tasks; and

5. DiAS efficiently combined multiple knobs (task dropping, sprinting, and scheduling) to achieve sig-
nificant latency and energy reduction from the state of the art.

With that, we conclude the proposed optimizations from the cloud providers point of view. Next, we start
introducing applications which could benefit from such systems due to their heterogeneous characteristics
and requirements. We first detail these aspects in Chapter 5 followed by Chapter 6 and Chapter 7 which
go into the details of how the applications themselves could take care of leveraging such characteristics
to achieve the desired optimizations.
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Chapter 5

Applications Characterization

Until here, this thesis takes the perspective of cloud providers and proposes optimizations regarding the
resource management which can generally be applied to every distributed application. Another possibility,
however, is to leverage specific characteristics of a given application in order to achieve the same types
of optimizations. For that end, in this thesis we focus on the tuning of parameters for deep learning
applications which we start characterizing in this chapter.

5.1 Introduction

In typical machine learning applications, there are two ways of parallelizing the training process: model
or data based. In model parallelism, each machine takes part of the model and performs a full pass on
the data for that specific fraction of the model. However, as the size of training data grows, handling
it on a single machine quickly becomes impractical due to memory and CPU limitations. In this case,
a common practice is to rely on data parallelism, distributing the data across multiple machines and
process it in parallel, facilitated by several distributed computing platforms (i.e., Apache Spark [153],
Hadoop [12]).

In these distributed platforms the data is represented by a directed acyclic graph (DAG) composed of mul-
tiple data-parallel operators. Spark stores data in resilient distributed datasets (RDD) [154]: each vertex
of a Spark DAG represents an RDD, each edge represents an RDD transformation. The corresponding
RDD operator directs from earlier to later stages in the data transformation. The DAG is submitted to
the platform’s scheduler to define the transformation stages and manages the corresponding computa-
tion tasks.

Once the dataset is in place, the next step is to prepare the model to use the data with. ML methods
exist as distributed and parallel algorithms provided by several libraries like MLIlib [155], BigDL [156],
TensorFlow [157], PyTorch [158] or Caffe [159]. The most appropriate method for the domain of interest
is to be chosen and applied out-of-the-box. Model training is performed automatically on the distributed
platform. Once the model is trained, it is cached on each machine and can serve inference requests.

A typical distributed learning infrastructure includes a physical cluster, a distributed computing platform
(e.g., Spark [160]), a distributed data storage system (e.g., HDFS [12]) and learning libraries (e.g., ML-
lib [155] and BigDL [156]). Upon training, an interactive process iteratively executes the Spark jobs
generated from the DML workloads. Jobs consist of a sequence of stages running several parallel and
independent computation tasks. Tasks are scheduled and processed by executors, i.e., processes running
on the cluster nodes. For inference, the workflow is similar. The deployment of a pre-trained model across
the cluster is managed by a single Spark job through its broadcast mechanism [161].

A workload running on a distributed learning system is a tuple consisting of a learning method and a
dataset. Methods include classification and regression, such as linear models [162], naive Bayes [163]
and decision trees [164]. Other examples are deep learning methods such as CNN [165], LSTM [166]
and MLPs [167]. Datasets differ in terms of content, number of records and number of features. Their
structure usually depends on the type of ML task to perform. Examples include handwritten digits images
(MNIST [168]), or Higgs-boson-related measurements [169].
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Table 5.1: Learning datasets.

Dataset Description #Records | #Features Size
Images sequences of subjects while
driving [173].

Measurements from 16 chemical
GS (Drift) sensors utilized in a discrimination 13910 129(40.3 MB
task of 6 gases [174].

A collection of kinematic measures
DHG (Higgs) to detect signal processes which pro-{11 000 000 28| 7.5GB
duce Higgs bosons [169].

Messages collected from 20 different

DDF (Driveface) 606 6 400(19.9 MB

DN (News20) 118 845 2| 15 MB
newsgroups [175].

DFM (fashion MNIST) Images of fashion articles, associated 200 000 784| 31 MB
with labels from 10 classes [176].

DM (MNIST) Handwritten digit images for ML re- 20 000 284| 12 MB

search [168].

Finally, these learning environments come with many configuration parameters which we classify into two
main categories.

1. Platform parameters: The list of tunable parameters in distributed platforms is extensive. These
parameters usually fall in one of the following types: (i) memory-related, (ii) data representation,
(iii) scheduling, (iv) parallelization, and (v) data distribution. The two main aspects of platform
parameters considered in most distributed computing systems for learning deal with parallelization
degree and memory management. In Spark, one sets the number of executors an application should
use, as well as the number of cores to assign to each of these executors.

2. Model hyperparameters: these impact directly the training process while being external to the
model. Examples include the maximum number of iterations toward the convergence of the model
[170]-[172], the maximum depth of decision trees, or the number of trees in random forests.

Next, we detail the methodology used in order to characterize these applications and the process of choos-
ing their parameters configurations.

5.2 Trace Collection Methodology

In the following we describe the experimental setup and workloads used to collect our traces. We also
detail the way we explored the configuration parameters space to understand the impact of different
parameters on the workloads’ performance.

5.2.1 Experimental Environment

We use Spark 2.4.0 as distributed computing platform and HDFS 2.7.7 as distributed file system. The
used distributed learning libraries are MLIlib (v2.4.0) [155] and BigDL (v2.4.0) [156]. We conduct our
experiments on two clusters as described below.

Cluster 1. Consists of 4-nodes cluster equipped with a quad-socket Intel E3-1275 CPU processor, 8 cores
per CPU, 64 GiB of RAM, 480 GB SSD drives, on a switched 1 Gbps Ethernet LAN, running Ubuntu Linux
16.04.1 LTS.

Cluster 2. To consider more hardware diversity and run larger workloads, we also deploy a 24-nodes
cluster, dual-socket 8 core Intel Xeon E5-2630 CPU, 128 GB RAM, 600 GB HDD, 2x 10 Gbps Ethernet,
running Debian GNU/Linux 9.7.

5.2.2 Workloads
As stated earlier, workloads consist of a tuple dataset and learning method. Therefore, we detail the list
of datasets and workloads consisting the workloads considered in this chapter.
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Datasets. We consider six commonly used and publicly available datasets [168], [169], [173]-[176] shown
in Table 5.1. We chose datasets to differ in terms of content type (e.g., text, images), number of records,
number of features and total size.

Methods. We test 13 state-of-art ML methods commonly used by data scientists including 9 methods
implemented using MLIib and 4 using BigDL. The MLIlib methods are based on different learning methods
such as gradient descent, decision trees and neural networks. First, we have the algorithms K-Means (KM),
Bisecting K-Means (BKM) and Gaussian Mixture Model (GMM) implement clustering. Then, Decision Tree
(DT), Multilayer Perceptron (MP) and Binomial Logistic Regression (BLR) implementing classification. Liner
Regression (LR), Random Forest Regressor RFR and Gradient-Boosted Tree (GBT) for regression. Finally,
the deep neural networks include a CNN consisting of 9 layers, a GRU with 7 layers, a LENET5 (a specific
CNN for the MNIST dataset) with 5 layers and a LSTM with 7 layers.

In the remaining of this chapter, the names of the workloads are composed of the name of the dataset
followed by the name of the learning method. For example, for the DDF dataset and the clustering methods
we have the DDF-KM, DDF-BKM and DDF - GMM workloads.

5.2.3 Parameter Settings

In our experiments, we deploy each workload (i.e., dataset and method) on the corresponding learning
environment (i.e., MLlib or BigDL) on a Spark cluster. For each deployed workload, we consider default
values of hyperparameters, default Spark platform parameters, variations for hyperparameters and vari-
ations for different Spark parameters.

Hyperparameters. Based on previous literature [177]-[179], we choose hyperparameters that have a
high impact on performance in terms of execution time and accuracy. These include the maximum depth
of tree-based algorithms, the maximum number of iterations to reach model convergence and the learning
rate and batch size of deep neural networks.

Platform Parameters. We leverage existing studies [160], [180] that evaluate which Spark parameters
affect performance most. These include scheduling, data transfers, data storage and representation,
parallelization and memory management. Most Spark parameters are left to their default values, except
for executor memory. We changed the value from the default 1 GiB to 5 GiB to avoid out-of-memory issues.
We used the same configuration values of Spark platform parameters for both MLIlib and BigDL, except
for executor configurations for BigDL. These configurations respect the constraints according to which
the defined batch size has to be divisible by the total number of cores (i.e., number of executors and the
number of cores per executor are defined accordingly).

5.2.4 Metrics
We introduce here the characterization metrics at the application, platform and infrastructure level.

Application-level. Application-level metrics capture different aspects related to DML applications, in-
cluding quality of the underlying model, execution times, throughput and costs. The quality of a classi-
fication model is typically measured through training accuracy, precision, recall and Fl-core [181]. The
training accuracy is the accuracy measures how well the trained model fits the training data. Some meth-
ods such as clustering algorithms (e.g., K-Means) use the silhouette metric to evaluate the similarity of an
object to its own cluster’s objects. Other metrics used with regression algorithms include R-squared (R?),
root mean squared error (RMSE) and mean absolute error (MAE) [182].

When it comes to execution time, the training duration is given by the training time in seconds. We
normalize the training duration based on the number of records and report the training duration per
thousand records. We report the inference execution time in the form of inference throughput which
gives the number of requests processed per second (reqs/s).

Platform-level. We rely on SparkMeasure [183] to collect metrics from the Spark cluster. We report
the following metrics exposed by the TaskMetrics class: (1) task duration (ms) which corresponds to the
total time to perform the task; (2) task deserialization time (ms) which corresponds to the time spent to
deserialize a given task; (3) shuffle time (ms), i.e., the time spent by tasks waiting for data to become
available from remote machines; and (4) JVM garbage collection time (ms).
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Figure 5.1: Distribution of application-level metrics.
Infrastructure-level. For the infrastructure, we collect from each cluster node the CPU usage

(extracted from /proc/stat), the memory usage (from /proc/meminfo), the network traffic (using
/proc/net/netstat and filtering sent and received bytes) and the energy consumption. The power meas-
urements collected every second via the processor counter monitor API [184].

5.2.5 Traces

We have harvested application-level, platform-level and the underlying infrastructure-level metrics. Our
traces have been collected on both clusters 1 and 2. They consist of 16.2 GiB of data with more than
80 millions records. The traces and their detailed description are available on a public archive for the
research community [185]. Throughout this section, we employ box-and-whiskers plots to report the
statistical distribution of our metrics. For each metric, the values are grouped by the ML library used in
the experimentation (MLIlib or BigDL) and by the learning phase (training or inference).

Application-level. Figure 5.1 reports the statistical distribution for three of the collected application-
level metrics, i.e., training time, accuracy and inference throughput.

Figure 5.1 (a) shows ML model training times normalized for a training set of 1,000 records. In our
experiments, MLIlib exhibits high variation in training times. Workloads with very short training times
(shorter than 0.4 s) represent 50% of the cases for MLlib whereas in 25% training times are between 25s
and 30min. BigDL workloads’ training times are more stable and span between 4s and 47 s, We explain
this by the greater heterogeneity of the datasets we used in our MLIlib workloads as compared to the ones
we used for BigDL workloads.

Figure 5.1 (b) gives the models quality metrics: accuracy for classification models, R? for regression
models and silhouette for clustering models. The median model quality for MLlib workloads is 66.4%, and
up to 99.5%. For BigDL, it is between 98% and 100% for 75% of the workloads.

Finally, Figure 5.1 (c) shows that the median inference throughput of our BigDL workloads (476 reqs/s) is
less than that of MLIlib workloads (around 37,747 requests/s). This corresponds to the fact that classical
ML inference is cheaper and more time-efficient than deep-learning-based inference. The inference in
deep learning methods consists in a complete pass through the neural network, and its cost is proportional
to the network complexity.

Platform-level. Figure 5.2 represents the distribution of 4 Spark metrics: (a) task duration (b) deseri-
alization, (c) data shuffling and (d) garbage collection. Task serialization/deserialization is used upon
assignment to and loading tasks by executors. Data shuffling characterizes data movements across ex-
ecutors and cluster nodes. Results include both the training and the inference phases.

As shown in Figure 5.2 (a), short tasks (in the 1-100 ms range) are very common in BigDL workloads with
up to 79% of the tasks. Less common in the MLIlib case, they are up to 50% for MLIlib-Training, and even
less for MLlib-Inference where 75% of tasks last at least 3,000 seconds. Longer tasks are more frequent in
the inference phase for both MLIib and BigDL. Tasks that last more than 100 ms represent 21% of BigDL
and up to 98% of MLIib inference tasks. Respectively, they represent only 3% of BigDL and 47% of MLlib
training tasks.
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Figure 5.3: Distribution of infrastructure-level metrics.

Task deserialization (Figure 5.2 (b)) is very fast (i.e., less than 10ms) in 75% of BigDL-Training tasks,
and in 25% to 50% for the other tasks. Longer deserializations, between 10 ms and 10,000 ms, represent
75% of MLlib-Inference tasks but at maximum 50% of the tasks in MLIlib-Training, BigDL-Training and
BigDL-Inference.

As shown in Figure 5.2 (c), data shuffling is negligible for 75% of all tasks, however, in some cases, it
may be very costly and may reach up to 10,000 ms for training tasks and up to 100 ms for inference tasks,
which is equal to the whole duration of some tasks as shown in figure 5.2 (a).

Finally, Figure 5.2 (d) shows that JVM garbage collection is very fast for BigDL-Training and BigDL-
Inference tasks, i.e., less than 1ms) in 99% of them. Longer garbage collection, i.e., more than and
100 ms, represent 75% of MLIlib-Inference tasks but only 25% of the tasks in MLIlib-Training.

Infrastructure-Level. The infrastructure measurements concerning energy consumption, network
traffic, CPU and memory usage are shown in Figure 5.3. If we consider energy consumption, Figure 5.3 (a)
indicates that up to 25% of MLIlib workloads consume very little energy i.e., less than 0.4 Wh. BigDL-
Inference executions consume at least 0.2 Wh and BigDL-Training at least 0.6 Wh. However, BigDL work-
loads consume at most 17 Wh whereas MLIlib workloads’ consumption reaches up to 340 Wh.

Regarding memory usage, Figure 5.3 (b) shows that our BigDL workloads are memory-intensive with at
least 70% of memory usage reported by all measurements. CPU usage does not exceed 30% in 75% of all
measurements (Figure 5.3 (c)) This indicates that our workloads in particular are memory-bound and not
CPU-bound.

Finally, Figure 5.3 (d) shows collected measurements of network traffic. We observe that inference for both
MLlib and BigDL workloads involves the lowest network traffic: 75% of inference executions consume at
most 800 MiB. In contrast, around 50% of measurements in MLIlib- and BigDL-Training correspond to a
network traffic that exceeds 1 GiB. This happens because, after each iteration of training, the workers
have to exchange local data in order to build the model.

5.2.6 Datasets vs. Methods

To complete our analysis, we study how the nature of the datasets and the type of learning methods
impact performance. Figures 5.4 and 5.5 represent performance variations. Subfigures (a) and (c) focus
on variations due to the use of different datasets with the same learning method. Subfigures (b) and (d)
report variations when working with the same dataset but with different methods.
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Figure 5.5: Inference throughput variability within same learning method vs. within same dataset.

Considering training times normalized to 1,000 records, Figure 5.4 (a) shows orders-of-magnitude vari-
ations for the methods. For instance, the minimum and maximum quartiles in the BLR case span up
to 5 orders of magnitude. On the other hand, when we plot our measurements grouped per datasets
(Figure 5.4 (b)), distributions are quite compact. The same effect is observed with inference through-
put (Figure 5.5).

Considering these results, we observe that there are more performance variations between workloads
with different datasets using similar learning methods than between workloads with different methods on
similar datasets. Essentially, to efficiently configure the distributed computing platform, the specificities
of data are more important than those of the method used.

5.3 Parameter Tuning

To characterize the sensitivity of workloads to different configuration parameters and different config-
uration strategies, we start by studying the effect of varying only platform parameters and of varying
only hyperparameters. We then compare single-level vs. multi-level parameter configuration strategies
and analyze their behavior using different distributed learning workloads. Finally, we perform a multi-
objective analysis in the context of Al-as-a-Service.

5.3.1 Platform Parameters

We characterize the impact of platform parameters on training time and inference throughput by varying
each parameter individually for each workload. For each platform parameter, we measure the relative
variations obtained in performance, i.e., the difference between the lowest and highest performance,
when different values of that parameter are considered. We then distinguish parameters with high impact
on performance if the corresponding variation exceeds 20%. Parameters which incur variations between
10% and 20% have medium impact. Finally, parameters producing variations of less than 10% are the
ones with low impact.

Figures 5.6 (a) and 5.6 (b) present our results using a heat map representation. For each platform para-
meter (vertical axis) and workload (horizontal axis), we use a three-color scheme to indicate its impact,
from highest (dark grey in the figure) to the lowest (white). We see that for the majority of the work-
loads, the number of Spark executors (EXEC_NUM) and the number of cores per executor (EXEC_COR) play
an important role. Intuitively, they improve parallelization and thus performance, in particular for the
training phase.
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Figure 5.6: Impact of platform parameter on performance (dark-grey for high: > 20%, light-grey for
medium: 10% < 20%, white for low: < 10%).

Moreover, Figure 5.6 (a) shows that for ensemble learning methods (e.g., random forests and gradient-
boosted trees) on datasets with many features (from 100 and beyond) the training phase triggers frequent
shuffle operations (SHF_COMPR parameter). Examples of workloads are DDF-RFR, DDF-GBT, DGS-RFR and
DGS-GBT, they have the highest impacts of SHF_COMPR (impact >19%) among all workloads. One can tune
Spark’s shuffle compression parameter to reduce the amount of data during shuffle. This will reduce
network traffic and therefore reduce training time.

Our large datasets highlight that LOC_WAIT (the timeout after which a data-local task is launched on a
distant node) can significantly affect the training time. Indeed, waiting for a nearby node to be available
to do the job would avoid making huge data transfers and shuffles that consume time and bandwidth, and
thus would significantly impact efficiency. Thus, jobs that deal with large amounts of data benefit from
increasing the LOC_WAIT parameter. We observe this phenomenon in particular in Figure 5.6 (a), with
the Higgs dataset (DHG) and four methods for clustering and classification (DHG-KM, DHG-MLP, DHG-BLR and
DHG-GBT).
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Figure 5.7: Impact of hyperparameter on performance (dark-grey for high: > 5%, light-grey for medium:
1% < 5%, white for low: < 1%).

5.3.2 Hyperparameters

Now we investigate the impact of hyperparameters on our models quality (i.e., accuracy for classification
tasks, R? coefficient for regression tasks and silhouette score for clustering tasks). We vary individually
several hyperparameters including the number of iterations, the number of classes for discretization of
continuous variables, the depth of decision trees and others. As for platform parameters, for each hy-
perparameter we define its impact by the relative performance variations obtained when varying that
hyperparameter.

In Figure 5.7 we distinguish high-impact hyperparameters when the variations exceed 5%, medium-impact
parameters when variation is between 5% and 1%, and, finally, low-impact parameters when variations are
less than 1%. Note that empty (i.e., white) cells indicate that the corresponding hyperparameters have low
impact or are irrelevant for the target learning methods. We observe that the maxIter hyperparameter, i.e.,
the parameter giving the number of iterations for a given learning method, has high impact on the quality
of several methods like BKM (Bisecting K-means used in the DDF-BKM, DGS -BKM and DHG - BKM workloads) and
MLP (Multi-layer Perception, with DGS-MLP and DHG-MLP workloads). Further, maxDepth and maxBins are
also impactful hyperparameters for decision-tree (DT) methods.

For the BigDL workloads considered here, the number of epochs does not significantly affect the methods
accuracy. Instead, the stepSize and batchSize hyperparameters affect several BigDL workloads. Finally,
we observe that for many MLIib and BigDL methods (e.g., KM, BKM, GMM, RFR, GBT, DT, LENET5), the learning
method is always impacted by the same hyperparameters, and this holds for any given dataset.

5.3.3 Multi-Level Tuning

Next, we compare the impact of single-level vs. the impact of multi-level parameter configuration
strategies on workloads performance in terms of training time, inference throughput and model quality.
To do so, we consider three different configuration strategies:

1. tuning hyper-only parameters;
2. tuning platform-only parameters; and
3. jointly tuning hyperparameters and platform parameters.

When tuning hyper-only parameters, we vary together parameters with high impact as identified in Fig-
ure 5.7. Similarly, tuning platform-only parameters involves varying together high-impact parameters
from Figure 5.6. Finally, when tuning jointly hyperparameters and platform parameters, the previously
considered platform and hyper parameters are varied together. Figure 5.8 presents the best raw values
of training times, inference throughputs and model quality resulted from each of the three configuration
strategies, for 3 different workloads. The error bars represent the 95% confidence intervals of the repres-
ented values. In some figures, the confidence interval is narrow and almost invisible on the bars due to
low variation of data.
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Figure 5.8: Single-level vs. multi-level configuration (training times in 1% row, inference throughput in
2" row, model quality in last row).

In Figure 5.8 (a) we observe that the multi-level configuration strategy is the best configuration strategy
for the training time of DDF-GBT. It improves training time by 71% compared to the platform-only approach
(1355s) and by 27% compared to the hyper-only approach. Looking at Figures 5.8 (e) and 5.8 (i), we see
that, for the same workload, it is also the best strategy for inference performance and model quality.
Indeed, it improves the other approaches up to 45% for inference throughput and up to 37% for R-squared
score. Multi-level configuration achieves the best improvements also for the training time of DN-LSTM
(Figure 5.8 (d)), as well as for the inference throughput of DGS-MLP, DHG-DT and DN-LSTM (Figure 5.8 (f),
(g) and (h)).

For the workloads shown in the figure, the multi-level configuration strategy achieves the best model
quality. However, in some cases such as DDF-GBT and DGS-MLP, the platform-only approach is better than
the hyper-only approach. For DDF-GBT the improvement goes up to 28% while for DGS-MLP it is up to
0.6%. This observation is explained by the way Spark manages data partitioning and jobs parallelization.
Indeed, in Spark, the training data is distributed across partitions whose number is equal to the number
of available cores. The different data partitions are used by parallel tasks for the training iterations. At
the end of each iteration, the task’s intermediate results are aggregated. As a consequence, changing
the parallelization, i.e., the number of cores, changes the data partitioning which in turn may change the
intermediate results and thus impact the final model.

Given this analysis, we could conclude that the multi-level configuration strategy leads to the exploration of
new configurations that outperform single-level configuration strategies. Besides of multi-level tuning, we
have to consider that each user can have different objectives which could lead to different requirements.
The multi-level configuration also allows us to tackle the multi-objective scenario more efficiently since it
opens a lot of space for optimizations from different perspectives. In the next section we deep dive into
this concept.
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Figure 5.9: Impact of different configuration strategies on different objectives (DN-LSTM).
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Figure 5.10: Impact of different configuration strategies on different objectives (DGS-DT).

5.3.4 Multi-Objective Tuning

In this section we consider examples of DML workloads in the context of Al-as-a-Service. We consider the
problem of a service operator who needs to train a dataset of 2M records and searches for a configuration
with the following threefold objective:

1. it provides the best accuracy;
2. it minimizes training time; and
3. it results in a minimal training cost.

We use this use-case to apply the previously presented strategies (platform-only parameters, hyper-
only parameters and hyper+platform parameters) to Al-as-a-Service configuration and compare their
impact on the actual service performance and cost. We consider an Al-as-a-Service as if deployed in
Amazon EC2 (N. Virginia) [186]. Following AWS pricing scheme, we consider computing instances similar
to our experimental setup, i.e., 8 vCPU with 64 GB of memory, billed $0.46/hour. The data transfer is
charged for outbound traffic for $0.05 per GB.

Figure 5.9 illustrates the case of the DN-LSTM workload. It compares the three configuration strategies
in terms of model accuracy, training time (a), training cost (b), and inference throughput (c). In this
specific example, for the strategy configuring hyper-only parameters, we include both number of epochs
and batch size hyperparameters. For the strategy focusing on platform parameters, we consider the
Spark parameters concerning the numbers of executors and cores. Finally, we use all four parameters for
the configuration of both hyperparameters and platform parameters.

Here, the goal is to achieve at least 80% of model accuracy with the shortest possible training, and the
cheapest possible training costs. We observe that the joint configuration strategy leads to an average
model training time that is significantly faster than the platform-only strategy. It also has the best train-
ing cost as shown in Figure 5.9 (b). When it comes to model inference, the differences are negligible
(Figures 5.9 (c)) as we do not tune any inference specific parameter in this scenario.
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Figure 5.10 considers the same analysis but in the case of the DGS-DT workload. We consider maxDepth
and maxBins hyperparameters and the same (executors and cores) platform parameters. Here we can see
that, compared to the other two strategies, the platform-only parameters strategy has shorter training time
but much lower accuracy. On the other hand, the hyper-only parameter and the multi-level configurations
have similar accuracies, training times and inference throughputs, but the latter optimizes resources costs
up to 54%, as shown in Figure 5.10 (b).

This last analysis shows that the combination of hyperparameter and platform parameter configurations
allows the multi-objectives to be addressed in a more goal oriented manner. Moreover, tradeoffs such as
cost and performance can easily be considered once the user’s requirements are known. In the upcoming
chapters, we present strategies to leverage these multi-level and multi-objective characteristics of such
applications in the context of auto parameter tuning servers.

5.4 Summary

In this chapter, we performed a comprehensive study of the joint impact of both hyperparameters and
platform parameters on different types of learning workloads. We have considered three strategies of
tuning: only hyperparameters, only low-level platform parameters, and jointly tuning both. We studied the
performance metrics in isolation as well as their trade-offs.

Moreover, we collected and released (see [185]) traces from our extensive experiments leveraging two
popular learning libraries (i.e., MLlib [155] and BigDL [156]) atop two Spark clusters [153]. Our statistical
analysis can help the future development of modeling and simulation tools of learning workloads, as well
as tools for synthetic trace generation.

Finally, we derived several observations and key takeaways concerning the characteristics of learning
workloads. Based on these observations, we next focus on the automatization process of exploring these
different levels of parameters, metrics, and objectives. Motivated by our finding in this chapter, we pro-
pose optimizations in the context of parameter auto tuning servers which leverage the characteristics of
learning applications presented here.
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Chapter 6

Use Case: PipeTune

In this chapter, we dive into the details of one specific use case application for the scenarios we discussed
so far. For that, we take the context of DNN learning jobs which are common in today’s clusters due to
the advances in Al driven services such as machine translation and image recognition. The most critical
phase of these jobs for model performance and learning cost is the tuning of hyperparameters. Existing
approaches make use of techniques such as early stopping criteria to reduce the tuning impact on learning
cost. However, these strategies do not consider the impact that certain hyperparameters and systems
parameters have on training time. This chapter presents PipeTune, a framework for DNN learning jobs
that addresses the trade-offs between these two types of parameters. PipeTune takes advantage of the
high parallelism and recurring characteristics of such jobs to minimize the learning cost via a pipelined
simultaneous tuning of both hyper and system parameters.

6.1 Introduction

Deep Neural Networks (DNN) are becoming increasingly popular, both in academia and industry [187],
[188]. They are being adopted across a variety of application domains, including speech [189]-[191] and
image recognition [192], self-driving vehicles [193], face-recognition [194], [195], genetic sequence model-
ing [196], natural language processing [197], e-health [198] and more. Several public cloud providers offer
native support to deploy, configure and run them, providing tools to automatically or semi-automatically
drive the DNN processing pipeline. One important factor is the choice of the DNN hyperparameters (e.g.,
number of hidden layers, learning rate, dropout rate, momentum, batch size, weight-decay, epochs, pool-
ing size, type of activation function, etc.). DNNs require careful tuning of the hyperparameters, and if
done correctly, it can achieve impressive boosts in performance [199], [200]. However, misconfigurations
can easily lead to wrong models and hence bad predictions [201], [202].

A naive approach to hyperparameter tuning is to perform a full exploration of the possible configuration
variations. Such a tuning approach becomes quickly unpractical, costly and slow, as the number of vari-
ations grows exponentially [203]. We show this by estimating the tuning cost for 3 types of ML-optimized
EC2 instances in Figure 6.1 for a small number of parameters. We take as example the tuning of a LeNet
model on the MSNIT dataset and let it be tuned for different number of parameters (i.e., varying from 1
to 6). In this case, each parameter was configured to take up to 3 different values. We measure the tuning

Tuning Costs on EC2 ML-optimized instances
Tuning Time for Varying Number of Parameters
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Figure 6.1: Clustering results grouped by workload type.
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Figure 6.2: Profiling of training a CNN model on the News20 dataset [175] during the initiation phase and
the 5 following epochs with 16 cores and 32GB memory.

time for each instance of this example and estimate the cost of doing so using a small, medium or large
sized EC2 instance. We then observe that the cost of doing so grows exponentially with the number of
parameters being tuned, becoming impractical.

Commercial platforms (i.e., Google Vizier [56], Amazon SageMaker [57]), as well as on-premises solutions
(i.e., Auto-Keras [59]) help deployers by offering tuning services to mitigate (possibly avoid) misconfig-
uration. As a result of proper hyperparameters tuning, one should achieve fast convergence and high
accuracy. Unfortunately, due to the tuning process length, this phase becomes expensive, and the situ-
ation exacerbates in cloud deployments [204]. Even using cheap cloud instances (i.e., AWS EC2 Spot
instances [205], as suggested for instance by AWS SageMaker [206]), the process can quickly lead to
budget exhaustion. We observe that some hyperparameters (e.g., number of epochs, batch size, dropout)
can drastically reduce training time. Importantly, training a DNN by using different system resources
(e.g., number of CPU cores, allocated memory, number of GPUs) lead to different results.

However, handling system parameters as one of the hyperparameters is very time consuming, requiring in-
depth knowledge of the workload, and it is often an intuition-driven process. In addition, doing so would
directly affect training and tuning time, and therefore state-of-the-art DNN tuning systems [88] simply
ignore this opportunity. Instead, the majority of the existing tuning solutions restrict themselves to the
sole hyperparameter tuning using a variety of techniques, including grid search [207], random search [90],
hyperband [69], bayesian optimization [208], [209], evolutionary algorithms [210], [211], population-based
training (PBT) [212], etc. While a possible yet naive approach to treat system parameters is to consider
them as possible hyperparameters, this leads to longer training periods.

PipeTune strives to optimize both accuracy and training time of DNNs, while simultaneously tuning hy-
per and system parameters. The key observation of PipeTune is that the backbone of popular training
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Figure 6.3: Characterizing Tune’s performance under various system conditions (i.e., system load, number
of cores, and hyperparameters) during tuning.

algorithms for DNN is stochastic gradient decent [213], an iterative algorithm. PipeTune exploits such
repetitive patterns as a unique opportunity to improve and achieve fast system parameter tuning. As an
example, Figure 6.2 illustrates the typical repetitive behavior of a training process. We use a heatmap to
show the hardware events happening through the training of a CNN model on the News20 dataset [175]
during 5 epochs. On the y-axis we show 58 different hardware events, on the y-axis we show the initiation
phase plus 5 training epochs. Each cell of the heatmap represents the average number of each event per
single epoch. We see how certain events repeat throughput the epochs with the same occurrence.

Building on this observation, we design, implement and evaluate PipeTune, a middleware solution co-
ordinating between the DNN training applications and systems. In a nutshell, PipeTune relies on low level
metrics to profile the training trials on the epoch level and make quick decisions regarding the system
parameters. The main research questions that PipeTune intends to answer, and the main contributions of
this work are the following.

RQ1: Why system parameters must be taken into account in the process of DNN tuning?

We show that by taking into account the system parameters, the overall tuning runtime can be greatly
reduced while at the same time improving the model performance. Moreover, the training time can at
the same time benefit from this approach, especially if the underlying system resources and their usage is
exposed to the tuning phase.

RQ2: Can out-of-the-box hyperparameter optimization algorithms also cover system parameters?

We show that it is possible to include system parameters in the tuning process and ask the algorithm
to optimize the ratio of accuracy to performance. However, our experimental evidences (Section 7.5)
highlight the following drawbacks. First, tuning runtime significantly increases (up to x1.5 in our exper-
iments). Second, in doing so, the delicate equilibrium between performance and accuracy is negatively
affected.

The remainder of this chapter is organized as follows. In Section 6.2, we present an alternative approach
relying on state-of-the-art solutions and show the need for our novel approach. We present the design of
PipeTune in Section 6.3. In Section 7.5, we describe our prototype implementation and present the results
of our in-depth evaluation. Finally, we conclude in Section 8.5.

6.2 The "System as Hyperparameters" Case

The idea to consider system parameters as an additional set of hyperparameters is appealing. To verify
its viability, we consider a state-of-the-art hyperparameter auto-tuning system, Tune [60], an open-source
library implemented in Python supporting an extensive list of hyperparameters optimization algorithms.
Note that the ideas shown next are nevertheless independent of the underlying tool used for the auto-
tuning process of hyperparameters.

First, we consider two versions of Tune. In V1, it is used out-of-the-box to perform hyperparameters
tuning with the objective of maximizing accuracy, without taking the system parameters into account. In
this version all trials run with the same default system parameters. Then, in V2, the system parameters
are included in the list of parameters to be tuned. This second version requires the resources used by
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Table 6.1: Accuracy, training and tuning time taken by each considered approach for LeNet model on

MNIST dataset.

Approach Accuracy [%] Training Time [s] Tuning Time [s]
Arbitrary 84.47 445 -
Tune V1 91.54 272 4575
Tune V2 81.76 187 4817
PipeTune 92.70 188 3415
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Figure 6.4: Hyperparameter tuning flow.

each trial to be manually controlled. Also, the objective function must be adapted to maximize the ratio
accuracy to duration, rather than restricting it to accuracy only.

Figure 6.3 shows the results of Tune’s performance characterization under various system conditions
(i.e., the number of cores assigned to the tuning job and the number of jobs assigned to the same logical
cores). We used the V2 version of Tune to perform hyperparameter tuning. The tuning process was
pinned to the same set of cores as the background jobs. For example, a configuration of 2 cores and 3 jobs
meant a tuning job and 2 background jobs used the same 2 cores for execution. Figure 6.3 (a) illustrates
the improvement in error relative to a single Tune V1 job. Figure 6.3 (b) is similar but shows training
time improvement. Tuning under different system conditions significantly impacts the performance of
the model being trained. There are only a few system configurations that yielded improvements over
the baseline for error and training time. Some system configurations caused the tuning to trade better
accuracy for faster training.

Hyperparameter tuning without system conditions can produce less efficient models. Table 6.1 shows the
accuracy, training and tuning time achieved by different approaches for a LeNet model on MNIST dataset.
These results show us the following. First, arbitrary values, if not correctly chosen, lead to both worse
accuracy and training time. Second, if the user’s focus is accuracy only, then PipeTune’s accuracy results
are comparable to Tune V1 however achieved in a lower tuning time. Third, if the user’s focus is both
accuracy and training time, then PipeTune’s training time results are comparable to Tune V2 but with
better accuracy and lower tuning time as well.

6.3 The PipeTune System

This section presents the system design of PipeTune. We begin clarifying the problem addressed by our
system (Section 6.3.1). Then, we showcase its workflow (Section 6.3.2), the role of PipeTune’s profiling
phase (Section 6.3.3), the ground-truth phase (Section 6.3.4) and finally probing (Section 6.3.6).

6.3.1 Problem Statement

One of the first challenges of applying deep learning algorithms in practice is to find the appropriated
hyperparameter values for a given workload. We assume that most DNN tuning jobs make use of some
existing hyperparameter optimization solution. In the following we refer to these types of jobs as HPT Jobs
(i.e., Hyperparameters Tuning Jobs).

A given HPT Job takes as input a given workload, a set of parameters, its respective set of range values,
an objective function and the metric of interest (e.g., accuracy, performance, energy). This job spawns
a collection of training trials based on the possible values of the parameters, following a given search
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Figure 6.5: PipeTune architecture.

algorithm (e.g., GridSearch, HyperBand). Each training trial takes as input the workload and a set of fixed
values for the parameters of interest, where these values belong to their respective given ranges. These
trials can run either sequentially or in parallel depending on the setup. They produce a trained model and
a score for the given parameters values. Scores correspond to the metric of interest defined by the user.
The optimal set of parameters values is chosen by applying the objective function to the scores. Figure 6.4
illustrates this process.

We consider a deep learning cluster consisting of NV nodes, each containing C' cores and M GB of memory.
Note that despite a common trend to include GPUs in DNN clusters, we explicitly put aside this option. We
do this given the (rather small) nature of workloads on which we focus, for which commodity machines are
sufficient for training. HPT Jobs are scheduled in a FIFO manner. We categorize these jobs in the following
two main types: Type-I: tuning the same model for different datasets (e.g., recommendation engines), and
Type-II: tuning different models for the same dataset (e.g., computer vision).

Both types of tuning jobs can still be divided into two sub-types:
1. same set of hyperparameters and ranges, and
2. same set of hyperparameters but different ranges.

Each job, independent of its category, performs the earlier described tuning process from scratch. A key
observation is that these jobs could benefit from previously computed results for other jobs in the same
category to converge faster. Moreover, training trials spawned by the same HPT Job run all with the same
system parameters even though they might require different resources configuration.

Another major limitation of the currently available approaches to hyperparameter auto-tuning is that only
a single objective metric can be specified. This means that for a given HPT Job, one could choose to
optimize either accuracy or performance, but not both simultaneously.

In summary, our problem’s input consists of an HPT Job with the objective of achieving either maximum
accuracy, or maximum accuracy with minimum training time. The former must output the best possible
hyperparameters leading to the highest accuracy, independent of training time. For the latter, a com-
bination of optimal hyper and system parameters is expected which leads to the highest accuracy and
lowest training time. Note that for both scenarios, a shorter tuning times is beneficial, as allowed by
our approach.

6.3.2 PipeTune Workflow

Figure 6.5 depicts the architecture components of PipeTune design and the main workflow. While training
hyperparameters, a trial is a single training run with a fixed initial hyperparameter configuration. In
order to find the best values for a given set of hyperparameters, the system executes a collection of trials,
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Algorithm 5 PipeTune algorithm.
1: function Train(model, data, hyperparameters)
2:  job = async model.train(data, hyperparameters)
3 async tuneSystem(model, data)
4 job.wait()
5 return model
6: function tuneSystem(model, data)
7
8
9

profile = getProfile(job)
(score, config) = getSimilarity(profile)
: if score > threshold then
10: setSystemParameters(config)

11: else

12: for sp, € systemParameters do
13: setSystemParameters(sp,,)

14: wait until epoch finishes

15: add collected metrics to m

16: bestConfig = find best config in m
17: setSystemParameters(bestConfig)

supervised by a given tuning library (e.g., Vizier, Tune) and using one of the supported trial scheduling
algorithms (e.g., GridSearch, HyperBand).

PipeTune enhances the tuning of system parameters following a pipelined parallelism approach. That is,
within each trial, a collection of sub-trials is executed, with the goal of defining the best system configura-
tions for a given optimization function and metric of interest. This sub-trial consists of varying the system
configuration on the epoch level and monitoring the system itself as well as the metrics of interest. The
execution of sub-trials is controlled by PipeTune, which may also rely on different underlying scheduling
algorithms.

Algorithm 5 details the pipelined approach. Function train (lines 1-5) is executed during a trial for a
given workload (i.e., model and dataset). After initiating the model training using the hyperparameter
configuration given for that trial, tuneSystem (line 3) is invoked asynchronously. The profiling phase
(lines 7) is initiated for this given trial with the objective of characterizing the workload properties and its
systems requirements. This process is done at the granularity of epochs for the currently running trial.
We rely on kernel performance counters (e.g., cpu cycles memory stores, instructions) to gather hardware
events corresponding to low-level metrics of the underlying system.

Once this profiling phase is over, its outcome is used as input to a ground truth phase. This process con-
sists of applying a similarity function (line 8) on the job’s profile. This is done to reuse optimal configura-
tions known by the system for other jobs with similar characteristics. If the score of this similarity function
is within a specific confidence level (line 9), then the optimal known configurations are applied (line 10)
and no further system metric trials are required. However, if the score does not cross the threshold, a new
probing phase starts, searching the optimal system configurations for that trial.

The probing requires each system configuration to be applied for a different epoch, following a given
scheduling algorithm. We collect several meaningful metrics (e.g., runtime, energy) plus low-level metrics
(e.g., hardware events). Then the optimization function is applied over these metrics (line 16) to identify
the overall best system configuration. This process consists of iterating over the collected values for each
tuple of system parameters, looking for the one which best fits the optimization function (e.g., shortest
runtime, lowest energy consumption). The complexity of this search is O(n), where n is the number of
distinct system parameters considered. Finally, the configuration identified as optimal is applied for the
remaining iterations (line 17) and saved for further improving of the ground truth phase.

6.3.3 Profiling

The profiling component leverages hardware performance counters to collect low-level events of the sys-
tem during the applications execution time. After an initial experiment campaign, we gathered a compre-
hensive list of such events. As the number of events collected per time unit is limited by the number of
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actual hardware counters of the CPU, we filter out highly correlated as well as unsupported events. As
result, our prototype deployed on x86 architectures current considers 58 measurable events, most of them
being Performance Monitoring Unit (PMU) hardware events (e.g., branch-instructions, cache-misses, cpu-
cycles, mem-loads), reported by Linux’s perf (v4.15.18). Although we have filtered the list of possible
events to be collected, common Intel processors have only 2 generic and 3 fixed counters. Generic coun-
ters can measure any events while fixed counters can only measure one event.

When there are more events than counters (as it is in our case), then the kernel uses time multiplexing
to give each event a chance to access the monitoring hardware. When this happens, an event might miss
a measurement. If this happens, its occurrences are recomputed once the run ends, based on total time
enabled vs time running [214], with:

final_count = raw_count * time_enabled/time_running.

This provides an estimate of what the count would have been, had the event been measured during the
entire run. Considering that the output value is not an actual count, depending on the workload, there
might be blind spots which can introduce errors during scaling. Although we profile workloads at the
epochs granularity, each epoch runs for at least a few minutes and we measure the events of interest
every second. To mitigate the potential profiling errors, we store the average of results during each
epoch’s time window.

6.3.4 Ground Truth

During this phase, new incoming HPT Jobs exploit the ground truth results from historical data collec-
ted during the previously completed jobs with similar system characteristics, to accelerate their system-
parameter tuning phases. Our design allows the similarity function to be pluggable, and while we do
settle on k-means [215] in the current implementation, PipeTune allows to easily switch to alternative
techniques.

The implementation of ground truth is done as a separate module which is used by PipeTune. In this
module, the user can point to a pre-trained similarity function for a warm start or let the system build a
new one from scratch. For this, our implementation relies on the scikit-learn machine learning library for
Python [216] which already supports several clustering algorithms (e.g., affinity propagation, mean-shift,
DBSCAN, OPTICS, Birch). The exhaustive list of supported models are then inherited by PipeTune and
could be easily used as alternative similarity functions.

Regarding the currently used model (i.e., k-means), it is trained over the low-level system metrics collected
during the profiling phase. The datasets are then partitioned into £ = 2 groups (i.e., model and dataset).
Extensions to other values of k, as well as to other similarities dimensions (e.g., hyperparameters, ranges)
are left for future work.

Figure 6.6 shows clustering results using k-means grouped by model and dataset labeled with their re-
spective cluster’s labels. We can observe that the majority of data fits into Type-I and Type-II are labeled
as clusterl and cluster2, respectively. This result supports our assumptions regarding workloads similar-
ities and shows that the chosen profiling technique can also capture the implicit characteristics of each
workload. Finally, it shows that the clustering algorithm utilized can identify the similarities present in
those characteristics and efficiently cluster them.

6.3.5 Privacy Concerns

Although the ground truth component of PipeTune makes use of customer’s historical data, it does not
require any information regarding the their workloads (i.e., model or dataset). Instead, this process relies
entirely on system events collected using the hardware performance counters. This profiling based on low
level metrics allows PipeTune to characterize the applications while preserving user data privacy (e.g.,
user parameters like model and dataset are not revealed).

Here, our assumption is that potential data, model and parameters similarities between workloads will
affect the collected metrics in the same ways and therefore also be reflected in the similarity function.
The results observed in Figure 6.6 supports this assumption. Relying on this, we can then identify similar
workloads and reuse configurations without requiring any extra information from the user.

63



Chapter 6. Use Case: PipeTune

Clusters by Model Clusters by Dataset
Cluster 1« Cluster2 - Cluster 1 Cluster2 -
800 T T T 800 T T
700 t 700
! !
600 600
@ 500 ! @ 500 !
< H c .
2 400 ! £ 400 ]
g | £ |
3 300 A 300
| ‘s i ' .
200 i 200 i
100 i 100 i [
] ° 1 ]
0 . . . 0 . . .
lenet cnn Istm mnist fashion news20
[Type-1] [Type-Il] [Type-li] [Type-1] [Type-1] [Type-Il]

Figure 6.6: Clustering results grouped by workload type.

6.3.6 Probing

The probing phase profiles a given set of workloads in different system conditions, in order to collect
sufficient data for a warm start of the ground truth component. In practice, the ground truth model is
refined as the similarity of the incoming jobs with the historical data of the system starts to decrease. When
this happens, we launch a grid search on the system-parameters at the epoch granularity, yet other search
strategies are possible. In this case, the tuning of system parameters for the current job is performed
directly on the analytical data collected. Moreover, this collected data is saved to be taken into account
once re-clustering is applied.

We decide upon the necessity to launch a new probing or not for a given workload based on the similarity
score outputted from the ground truth phase. When using k-means, the threshold matches the distance
from the new set of data points to their current cluster’s centroid. The distance is compared against the
models’ inertia, to measure the reliability of the prediction, or else if a re-clustering is needed.

6.4 Evaluation

In this section we present our in-depth evaluation of PipeTune both in a single-tenant and multi-tenant
scenario using real-world datasets. The main findings we detail next are the following:

1. PipeTune achieves significant tuning speedups without affecting model performance (i.e., accuracy);

2. By speeding up the tuning process, we also have a more energy efficient approach, not only due to
the runtime reduction but also because of the more efficient utilization of system resources;

3. The proposed approach is sensitive to varying system loads as this is also reflected on the events
used to profile and our system adapts on a fine granularity (i.e., epochs level).

6.4.1 Prototype Implementation

PipeTune is implemented in Python (v3.5.2) and it consists of 947 LOC. We leverage two open-source
projects, namely Tune and BigDL. Tune [60] is a Python library for hyperparameter search, optimized
for deep learning and deep reinforcement learning [217]. Tune provides several trial schedulers based
on different optimization algorithms. While we select HyperBand for the remainder of this work, Tune
allows to switch among the available ones, as well as to implement new ones. As a consequence, PipeTune
indirectly supports all its hyperparameter optimization algorithms.

The training applications are executed by BigDL [65], a distributed deep learning framework on top of
Apache Spark. BigDL supports TensorFlow and Keras, hence PipeTune supports models defined using
such frameworks. The Ground Truth module is based on a battle-tested k-means implementation openly
available in the scikit-learn machine learning library for Python [216].

Finally, as storage backend, we leverage InfluxDB (v1.7.4), an open-source time series database. It offers
a convenient InfluxDB-Python client for interacting with InfluxDB which we use to query information
regarding the collected system metrics. PipeTune is released as open-source and can be found in the
following repository!.

Thttps://github.com/isabellyrocha/pipetune
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6.4. Evaluation

Table 6.2: Workloads used for experiments.

Model Dataset Datasize Train Files Test Files
Tvoe-I LeNet5 MNIST 12 MB 60000 10000
P LeNet5 Fashion-MNIST 31 MB 60 000 10000
Tvpe-II CNN News20 15 MB 11307 7538
P LSTN News20 15 MB 11307 7538
Jacobi Rodinia 26 MB 1650 7538
Type-III SPK-means Rodinia 26 MB 1650 7538
BFS Rodinia 26 MB 1650 7538

6.4.2 Experimental Setup
Next we detail the experiment setup used for the experiments here presented.

Testbed

We deploy our experiments using Type-I and Type-II workloads on a cluster of 4 quad-socket Intel E3-1275
CPU processors with 8 cores per CPU, 64 GiB of RAM and 480 GB SSD drives. Experiments involving Type-
I workloads are deploy on a single node containing an Intel E5-2620 with 8 cores, 24 GB of RAM and a 1
TB HDD. All machines run Ubuntu Linux 16.04.1 LTS on a switched 1 Gbps network. Power consumptions
are reported by a network connected LINDY iPower Control 2x6M Power Distribution Unit (PDU), which
we query up to every second over an HTTP interface to fetch up-to-date measurements for the active
power at a resolution of 1W and 1.5% precision.

Workloads

We consider 7 state-of-the-art deep learning workloads for image classification, LL.C-Cache computational
sprinting and natural language processing. Table 6.2 summarizes their details.

LeNetb [62] is a convolutional network for handwritten and machine-printed character recognition. Convo-
lutional Neural Networks (CNNs) [218] are a special kind of multi-layer neural networks, trained via back-
propagation. CNNs can recognize visual patterns directly from pixel images with minimal preprocessing.
Long Short-Term Memory (LSTMs) [219] are artificial Recurrent Neural Networks (RNNs) architectures
used to process single data points (such as images, connected handwriting recognition and speech recog-
nition), as well as sequences of data (i.e., speech, videos). Finally, Jacobi is a differential numerical solver,
BFS is breath-first-search and spk-means is k-means implemented on top of Spark framework.

The MNIST dataset [63] of handwritten digits has a training set of 60000 examples, and a test set of
10000 examples. The digits have been size-normalized and centered in a fixed-size image. Fashion-MNIST
dataset [220] is a dataset of article images consisting of a training set of 60 000 examples and a test set
of 10000 examples. Each example is a 28x28 grayscale image, associated with a label from 10 classes.
Fashion-MNIST shares the same image size and structure of training and testing splits as the original
MNIST dataset.

The News20 dataset [175] is a collection of 20 000 messages collected from 20 different netnews news-
groups. We sample uniformly at random 1000 messages from each newsgroup, and we partition them by
name. The Rodinia Benchmark Suite [221] is a collection of profiling short-term resource allocation (i.e.,
computational sprinting) policies which targets heterogeneous computing platforms with both multicore
CPUs and GPUs. These workloads have the objective to classify or predict the original data reserved for
testing purposes.

Hyperparameters

There are several potential hyperparameters to tune. For practical reasons, in our evaluation we select
the 5 described below. Note that their recommended range is typically application-driven, and we settle
on specific values without however generalizing for any workload.
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Figure 6.7: Accuracy and trial time convergence.

1. Batch size. Number of samples to work through before updating the internal model parameters. Large
values for batch size have a negative effect on the accuracy of network during training, since it reduces
the stochasticity of the gradient descent. Range: [32 - 1024].

2. Dropout rate. Dropout randomly selects neurons to be ignored during training. Dropout layers are
used in the model for regularization (i.e., modifications intended to reduce the model’s generalization
error without affecting the training error). The dropout rate value defines the fraction of input to drop
to prevent overfitting [222]. Range: [0.0 — 0.5].

3. Embedding dimensions. Word embeddings provide a mean of transfer learning. This mechanism
can be controlled by having word vectors fine-tuned throughout the training process. Depending on the
dataset size on which word embeddings are being refined, updating them might improve accuracy [223].
Range: [50 - 300].

4. Learning rate. Rate at which the neural network weights change between iterations. A large learning
rate may cause large swings in the weights, making impossible to find their optimal values. Low learning
rates requires more iterations to converge. Range: [0.001 - 0.1].

5. Number of epochs Number times that the learning algorithm will work through the entire training
dataset. Typically, larger number of epochs yields in longer runtimes but also higher training accuracy.
However, the number of epochs required to achieve a given minimum desired accuracy depends on the
workload. Range: [10 - 100].

System Parameters

For the purpose of this evaluation, we restrict the list of parameters to number of cores and memory.
However, the same mechanisms can be applied to any other parameter of interest (e.g., CPU frequency,
CPU voltage). In our cluster, the ranges of valid values for system parameter tuning are [4 - 16] and [4 -
32] (GB) for for number of cores and memory, respectively.

Baselines

In order to better understand where our approach stands in comparison to other strategies, we take the
following two baselines into account:

1. Hyperparameters tuning: Our first baseline system (i.e., Tune V1) uses the tuning of hyperpara-
meters ignoring any system parameter. We rely on HyperBand for the parameter optimization with
the objective function set to maximize accuracy.

2. System and hyper parameters tuning: We further compare against Tune V2, where we include
the list of system parameters to be considered in the list of parameters to be tuned by the HyperBand
algorithm. We also include the training duration as part of the optimization function which in this
baseline is set to maximize the ratio accuracy to duration (details in Section 6.2).

6.4.3 Convergence Evolution

In order to build our initial similarity model we rely on profiling data of the workloads described in
Table 6.2. For each workload, we vary the system configurations as follows. Memory allocation can
be 4GB, 8GB, 16GB, and 32GB. The total number of cores that could be allocated were 4, 8, or 16. Finally,
batch size could take the values 32, 64, 512, or 1024. In total, this sums up to 48 different configurations
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Figure 6.8: PipeTune analysis for Type-I and Type-II Jobs.

for each workload. There is no reason to expect variations in the data collected from different training
instances using the exact same parameters. However, we repeat this process twice for each configuration
to make sure that the achieved model is not affected by potential unseen variations.

We begin our evaluation by analyzing the convergence trajectory of PipeTune compared to Tune V1 and
Tune V2. Figure 6.7 illustrates the accuracy evolution of the training trials over the tuning time of a
CNN model on the News20 dataset. We observe that PipeTune converges to an accuracy value com-
parable to Tune V1 but at a much faster rate. For instance, PipeTune reaches a 60% accuracy after
approximately 4500 seconds. On average our approach is 1.5x and 2x faster than Tune V1 and Tune V2,
respectively.

The training time achieved shows similar behavior (see Figure 6.7). Interestingly, Tune V1 performs
worse than Tune V2. Since Tune V1 optimizes only for accuracy, the most accurate model not necessarily
achieves the shortest training time. On the other hand, as Tune V2 optimizes for the ratio accuracy to
performance, the accuracy achieved might not be the highest possible. However, the training time in
the given configurations might be lower (which is exactly what happens in this instance of the problem).
Finally, we observe that PipeTune consistently presents shorter trial times than the other two approaches
during the entire tuning process.

6.4.4 Single-Tenancy

We now consider a single-tenancy scenario, and assume each HPT Job runs in a dedicated cluster, where
the required resources demanded by the system parameters are available and exclusive for a given tenant.
This prevents interference caused by other jobs co-located on the same cluster. However, as a given
HPT Job spawns several training trials asynchronously, the cluster still remains shared among these sub
jobs. We evaluate how PipeTune performs in such stable setting, comparing it against Tune V1 and Tune
V2, for all the workloads.

Comparison with baseline. Figure 6.8 presents the results of model accuracy, training and tuning

67



Chapter 6. Use Case: PipeTune

(a) Model Accuracy (b) Training Duration
Tune V1 == Tune V2 = PipeTune == Tune V1 == Tune V2 mm PipeTune ==
80 T T T 35 T T .
70
60 »
—_ c
- 2
z g
@ 40 - a
p=)
g o £
©
20 =S
10 +
0
jakobi sparkmeans bfs jakobi sparkmeans bfs
(c) Tuning Duration (d) Tuning Energy
3 Tune V1 == Tune V2 PipeTune == 1 Tune V1 == Tune V2 mm PipeTune ==
w 25 0.8
CV)O _'—>
z 2 2
c = 0.6
2 )
§ 15 hy
a ® 04
=) 1 c
C S5
S =
>
= 05F
0
jakobi sparkmeans bfs jakobi sparkmeans bfs

Figure 6.9: PipeTune’s accuracy, runtime and energy consumption for Type-III Jobs.

runtime, and overall cluster energy consumption of offline HPT Jobs for the different workloads described
in Table 6.2.

Figure 6.8 (a) presents the accuracy results. We can observe that the accuracy of PipeTune is not affected
by the performance optimization. In fact, results are on par with Tune V1, where hyperparameters tun-
ing is done with the only objective of maximizing accuracy. As expected, Tune V2 decreases accuracy
up to 43%, since the objective function no longer tries to optimize accuracy but also takes the runtime
into account.

Figure 6.8 (b) shows the training time of the achieved model. In this case, PipeTune presents comparable
results to the baseline. In fact, we observe up to 1.7x speed-up in comparison with Tune V2 which focuses
exactly in reducing training runtime. We observe that Tune V2 increases tuning duration by up to 18%
when compared to Tune V1. This happens for the following two reasons. First, the search space of Tune V2
is larger than of Tune V1, as it includes the system-parameters. Second, the optimization function consists
of accuracy and runtime together. These two reasons make it harder for the search algorithm to find the
optimal set of configurations, hence longer tuning times are observed.

On the other hand, PipeTune reduces tuning runtime by at least 18% when compared against Tune V1,
as shown in Figure 6.8 (c). This performance gain is obtained because the search space and optimization
function remains the same, and at the same time PipeTune finds and applies during runtime the optimal
system configurations for each trial. Moreover, all the additional steps introduced by PipeTune are done
in parallel, without impacting the hyperparameters tuning process.

Figure 6.8 (d) reports the energy results. The overall energy consumption of the cluster is directly affected
both by the performance decays and gains. Compared against Tune V1, we observe up to 22% energy
increase for Tune V2 and up to 29% energy decrease for PipeTune.

Figure 6.9 compares Tune V1, Tune V2 and PipeTune on a single node. The Type-III workloads used in
these experiments have shorter epochs and each a different CNN model. Previous experiments deploy
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Figure 6.11: Average response time for Type-III Jobs.

PipeTune on workloads with epochs lasting minutes. Long epochs work in favor of PipeTune since low-
overhead profiling is performed across the first couple of epochs to classify new workloads. Therefore,
next we perform an extra analysis on Type-III Jobs which present this more challenging setup for PipeTune
to observe how it behaves.

Figure 6.9 (a-d) plots the same metrics as seen in Figure 6.8. The goal is to test how well PipeTune can
improve tuning for workloads with short but many epochs per trial. Here we can observe that PipeTune
also achieves the expected results in this more challenging scenario and reduces both training and tun-
ing time when compared to the baseline systems. Regarding model accuracy, we can also see that our
approach achieves comparable or better results than the baseline. Finally, the energy results reflect the
performance gains resulting in a more energy efficient approach as well.

To summarize, for these single-tenancy scenarios, PipeTune presents better performance with up to 23%
reduction on tuning time, is more energy efficient reducing up to 29% the overall energy consumption
of the utilized cluster, and does not affect model accuracy as the observed differences in this aspect are
negligible.

Profiling overhead. Profiling is a fundamental part of our system design and essential for the decision
making process. During the profiling of a given epoch, the extra computation introduces additional load,
depending on the system configuration. However, as this profiling overhead only occurs in the epoch
granularity and does not apply for all the epochs, the performance benefits resulting from tuning the
system-parameters overtake the measured overhead. The experimental results presented above also sup-
port these assumptions as, otherwise, we would not observe performance gains when compared with the
approaches Tune V1 and Tune V2 which do not perform any profiling.

6.4.5 Multi-Tenancy

Next, we evaluate PipeTune in a multi-tenancy scenario (i.e., a shared cluster handling multiple HPT Jobs).
In this case, we show the average response time of jobs as an indicator of performance. We consider that
jobs arrive randomly with the interarrival times being exponentially distributed. For the case where two
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workload types are considered together, each of them corresponds to 50% of the overall jobs (i.e., equally
balanced). In all cases, within a given workload type, the workloads are chosen following a round-robin
strategy. The portion of overall unseen jobs corresponds to 20%.

Figure 6.10 shows the results for the multi-tenancy scenario considering workloads of Type-I and Type-II
grouped by type as well as the overall results. As in Section 6.4.4, this evaluation has been performed in
a distributed environment. In this experiment we observe improvements similar to the ones in the single-
tenancy scenario. Regarding response time, PipeTune results in up to 30% reduction when compared with
Tune V1 and Tune V2.

Figure 6.11 shows the same results described above but considering workloads of Type-III. This trace was
executed in a single node in contrast with the distributed environment of the previously described results.
In this specific scenario we observe that the performance gain trends earlier observed becomes even more
evident in such environment and workload type. In this case, PipeTune results in up to 65% reduction on
the average response time in comparison with Tune V1 and Tune V2. This indicates that the overhead of
computation added for the unseen jobs is compensated by the gain of future similar incoming ones.

6.5 Summary

This chapter presented PipeTune, an open-source system that leverages the repetitive behavior of DNN
tuning jobs to quickly find the best set of parameters. Our approach is modular which makes it easy to
swap between similarity functions and underlying search algorithms. We evaluated 7 different real-world
datasets from different domains, including text classification and image recognition. When compared
against state-of-the-art DNN tuning systems, PipeTune showed experimental evidence that the approach
greatly reduces tuning and training time while achieving on-par accuracy. The observed optimizations
come mainly from the combination of 1) efficiently including system parameters into the parameter tuning
process, and 2) the proposed similarity function which allows us to leverage historical data.

In summary, our main contributions were:
1. design and prototype of PipeTune; and
2. state-of-the-art evaluation on single-tenant and multi-tenant scenarios showing.

Despite of the considerable runtime speedup and energy reductions achieved by PipeTune, our approach
does not cover the inference phase of applications. Typically, once the tuning phase is complete and the
model is trained with the optimal identified parameters, the application owner deploys this model for
inference. The inference also has parameters which have to be tuned before deployment, a process often
challenging for unexperienced users. Considering this, next we discuss ways of extending PipeTune to
covering these aspects and further improve user experience.
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Use Case: EdgeTune

In the previous chapter we introduced a use case application focused on optimizing energy consumption
of hyperparameters tuning. Although the entire process of tuning and training models is performed solely
to be deployed for inference, state-of-the-art approaches do not provide any guidance for this follow-
up phase. Therefore, in this chapter we present EdgeTune, a novel inference-aware parameter tuning
server. It considers the tuning of parameters in all levels backed by an optimization function capturing
multiple objectives. Our approach relies on inference estimated metrics collected from our emulation
server running asynchronously from the main tuning process. The latter can then leverage the inference
performance while still tuning the model. We propose a novel one-fold tuning algorithm that employs the
principle of multi-fidelity and simultaneously explores multiple tuning budgets, which the prior art can
only handle as suboptimal case of single type of budget.

7.1 Introduction

As previously already discussed, commercial platforms as well as on-premises solutions help deployers
by offering tuning services which automatizes the search for optimal parameters. The currently available
tuning services focus in assisting users regarding model accuracy. However, they lack input regarding
the inference phase, which is the ultimate goal of this process. Such tuning services typically output the
optimal hyperparameters identified, paired with the model resulting of training using this set of parameter
values. As the trained model is already given as output, the information of which optimal parameters
identified during tuning is no longer useful for the users. If users plan on retraining the model with a
different dataset, the set of tuned parameters could be reused but it is not guaranteed that the optimal
parameters remain the same across different datasets. In fact, the next step for the user after having a
fully trained model is to deploy it for inference use.

The deployment of inference model is not always straightforward and requires a vast domain knowledge,
as well as extra experimentation, in order to find the best environment for achieving the desired infer-
ence performance. Even if the user has only a specific edge device available for model deployment, it is
still crucial to either 1) configure the system parameters of this device, or 2) take the model inference
performance on that specific device into account on the tuning process. However, the most common case
is that the tuned model might be deployed across different edge devices and having these configurations
suggested can assist users to take the most out of their tuned models.

Regarding tuning trials, a common approach is to define a budget which each trial might use. This is
typically defined in terms of epochs, dataset, or time. Using a reduction factor will exclude unpromising
trials and increase the budget of promising ones, resulting in a frugal usage of resources. This is also in-
deed the case when compared to fixed budged tuning or even algorithms which use no budget at all [224].
However, the current existing budgets (e.g., epoch or dataset based) only consider one dimension which
means we are still using either the entire dataset or the full number of epochs for each trial.

In addition to choosing the edge device to use or which configurations to set, a critical point is the number
of samples in which inference should be applied to. Although single sampled inference is common in
practice, there are scenarios (see §7.3.4) in which multi-sample inference is beneficial. In those scenarios,
the batch size must be tuned carefully, as too-large values can lead to saturation of the system. For
instance, in a server scenario where each inference query contains N samples arriving at fixed frequency,
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Figure 7.1: Model hyperparameters tuning.

the user should know what is the optimal way to split these samples. A similar pattern happens in a multi-
stream system, where single sample inference queries arrive randomly following a certain distribution. In
this case, if the optimal batch size is identified, aggregating samples for multi-sampled inference could
improve the overall mean response time of the system.

Considering all these problems, in this chapter we propose EdgeTune, a novel edge-based tuning system
capable of taking inference objectives into account during the tuning of hyperparameters. As result,
EdgeTune outputs to users more useful information such as the optimal configurations of edge device for
inference. This allows users to directly deploy their trained model for inference without further actions.
Besides, as we show later, the additional optimizations of this approach also reduces tuning runtime and
energy when compared to the state-of-the-art baseline systems.

The reminder of this chapter is organized as follows. First, we dive into the characteristics of our tuning
system by means of a motivating example (Section 7.2). In Section 7.3, we present a detailed description
of our design choices for each building block of our approach. We present the algorithm of EdgeTune
in Section 7.4. In Section 7.5, we describe our prototype implementation and present the results of our
in-depth evaluation. Finally, we conclude in Section 8.5.

7.2 Tuning Space by Motivating Examples

The training phase of DNN workloads involves hyperparameters which are variables set before actually
optimizing the model’s parameters. Setting the values of hyperparameters can be seen as model selection,
i.e., choosing which model to use from the hypothesized set of possible models. Hyperparameters are
often set by hand, selected by some search algorithm, or optimized by some auto-tuner tool [56], [57],
[59]. DNN models can have many hyperparameters, including those which specify the structure of the
network itself (i.e., model hyperparameters) and those which determine how the network is trained (i.e.,
training hyperparameters).

Moreover, depending on the inference setup chosen there are also hyperparameters to be tuned for this
phase (i.e., inference hyperparameters). Finally, in both phases the system configurations have a great
impact on tuning and inference performance, and therefore also has to be considered (i.e., system para-
meters). Next we describe each of these parameters type and motivate their relevance by means of a
practical example using the tuple ResNet and CIFAR10 as workload being tuned to reach at least 80%
model accuracy.

Model Hyperparameters

The structure of the neural network itself involves numerous hyperparameters in its design, including the
size and nonlinearity of each layer. The numeric properties of the weights are often also constrained in
some way, and their initialization can have a strong effect on model performance. Finally, preprocessing
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Figure 7.2: Training hyperparameters tuning.

of the input data can also be important for ensuring convergence [225], [226]. Examples of such hyper-
parameters include number of hidden layers, weight decay, activation sparsity, weight initialization, and
preprocessing input data.

We show how one of these model hyperparameters (i.e., number of layers) impact the training (Figure 7.1a)
and inference (Figure 7.1b) performance in terms of runtime and energy. We observe that performance
does not directly relate to the number of layers, and that their relation is not straightforward to predict.
For the inference phase we show the throughput (i.e., images per second) and the energy consumption per
single image inference in Joules (J). In this example, the throughput is inversely proportional to the number
of layers and the energy consumption is proportional to it. However, the number of layers typically have a
direct impact on accuracy which also has to be considered. These trade-offs can be exploited during tuning
if the process is designed to be inference-aware. One way to achieve this is by simulating the inference
phase during tuning and considering the inference-related results in the objective function.

Training Hyperparameters

When training a neural network, the resulting model depends not only on the chosen structure but also
on the training method used to set the network’s parameters. The training method itself can have many
hyperparameters. Here we describe the hyperparameters of mini-batch gradient descent, which updates
the network’s parameters using gradient descent on a subset of the training data. Some examples of this
type of hyperparameter are learning rate, loss function, mini-batch size, number of training iterations, and
momentum. Figure 7.2a shows the impact of the batch size on training runtime and energy consumption.
We observe how high batch sizes values (i.e., 1024) result in high training times and energy consumption,
while others (i.e., 256 and 512) produce similar training times but different energy consumptions. This
indicates that when energy is a concern, it should be explicitly taken into account while tuning. This
observation supports the need of a multi-parameter tuning approach.

Inference Hyperparameters

In scenarios where multiple images are available, multi-image inference can be beneficial. In this case,
the hyperparameter batch size must be defined for the inference phase and its value has a direct impact
on performance. Figure 7.2b shows the throughput (i.e., images per second) and the energy consumption
per single image inference in Joules (J) when doing single-inference (i.e., one image at a time) and multi-
inference (i.e., multiple images at a time). As show, both throughout and energy improve by performing
multi-inference in comparison with single-inference. However, the choice of how many images to include
in each batch to process at any given time is critical as the performance gains can quickly reach saturation
and start decaying if the chosen batch size is too high.

System Parameters

The configurable resources of the underlying computing infrastructure executing the training and infer-
ence (e.qg., memory, CPU cores, CPU frequency, number of GPUs, etc.) are the system parameters. Typ-
ically, the hyperparameter optimization fixes the same system parameters for each trial, although they
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Figure 7.4: Inference system parameters tuning.

might benefit from different configurations. Moreover, while model and parameters are tuned for model
accuracy, its impact on the inference performance is not considered. Figure 7.3 and Figure 7.4 show the
impact of system parameters on the training and inference phases by varying the number of GPUs and the
number of CPU cores.

Figure 7.3a and Figure 7.3b show the training results for batch 32 and 1024, respectively. We note that
for smaller batch sizes, neither runtime nor energy are improved by increasing the number of GPUs. In
fact, we actually observe the opposite, as the performance considerably decreases by up to 120%. With
larger batch sizes, results become even more unpredictable. The running performance improves but not
proportional to the number of GPUs, while the energy consumption actually increases even in the cases
where runtime is lower. These results highlight the trade-offs to consider while tuning, specially if energy
consumption is a concern for the user.

Regarding inference, Figure 7.4a and Figure 7.4b show similar results. For single image inference, in-
creasing the number of cores does not increase throughput (as expected) and increases energy consump-
tion. For multi-image inference, the throughout grows proportionally to the number of cores but the
energy consumption of 4 cores is 33% higher than for 2 cores although the throughput is only 9% higher.
Therefore, when energy savings are more important than inference performance, it becomes harder to
find the sweet spot solution. For instance, in the shown example, the most energy-saving solution requires
2 CPU cores, which is however not the one with highest throughput.
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Figure 7.5: EdgeTune architecture.

7.3 EdgeTune: System Design

In this section we present the overall architecture of EdgeTune as well as a description of its main com-
ponents, how they work individually to take care of specific aspects covered by the system, and how they
communicate and interact with each other. Figure 7.5 depicts the components of this architecture design
and its main workflow, which we describe in more details next.

7.3.1 Overview

EdgeTune consists of two main components: Model Tuning Server and Inference Tuning Server. The user
gives as input 1) the workload to be tuned (i.e., dataset and model), 2) the set of hyperparameters, 3)
the set of system training parameters, 4) the set of inference training parameters, 5) the tuning objective
(e.g., tuning duration or energy, model accuracy), and 6) the inference objective (e.g., throughput, energy).
Each set of parameters to be tuned comes together with another set containing the corresponding range
of values which each parameter can assume. As output the user receives the optimal trained model with
respect to the tuning objective as well as the optimal system configurations to be used for inference
deployment with respect to the inference objective.

We assume that the objective function given to the Inference Tuning Server component does not relate
to model accuracy as the Model Tuning Server already takes care of this aspect (e.g., maximize model
accuracy as the objective of the tuning server and minimize inference energy for the inference server).
Therefore, as soon as the values of a given trial are defined, the Inference Tuning Server can asynchron-
ously be started with arbitrary weight values, and the inference tuning process can take place in parallel
to model tuning. Moreover, some types of parameters such as training batch size and number of epochs
do not affect the inference phase. Considering this, the Inference Tuning Server results can be reused
for different parameters as long as they do not affect the architecture structure. Since we explicitly di-
vide the hyperparameters into these two types (i.e., model and training), we can easily identify for which
parameters the results can be reused.

The Model Tuning Server and Inference Tuning Server components are implemented such that the user
can also individually specify which tuning algorithm to be used by each of them (e.g., Random Search [90],
HyperBand [69], BOHB [227]). For instance, a user could choose to run the Model Tuning Server following
the HyperBand approach while Inference Tuning Server following GridSearch. One setup where this
configuration could make sense is where the range of inference parameters is not too large. In this case,
trying all the parameters for inference would give more accurate results without necessarily affecting the
overall tuning duration.

Once all the necessary input is defined by the user, the tuning process starts with the Model Tuning Server
defining values for the first trial according to the tuning algorithm illustrated in Section 7.4. The chosen
architecture structure is given as input to the Inference Tuning Server, which checks if the required in-
formation is already available for the defined architecture and model hyperparameters. This step consists
of a table look-up based on historical data stored from previously processed trials. If results are already
available, the Inference Tuning Server immediately returns it and no further action is required on this
component. Otherwise, the inference-based tuning starts on the given architecture, model hyperparamet-
ers, and the set up inference parameters. In this case, the optimal configuration is stored and given back
to the Model Tuning Server which takes it into account to update its metric of interest. This process is
repeated for all the trials until the final result is reached and given as output to the user.

75



Chapter 7. Use Case: EdgeTune

Server

Each query contains N samples arriving at fixed frequency

V9V Vv vy
EEEEER \ A2 A2 A 4
EEEEEN atchin Inference
EEEEEN patehing E> Engine E>" vy vy
EEEEER Yy YV VY
""""""""""""""""""" Multi-Stream
Single sample queries arrive randomly, with Poisson distribution
vVewv v
m N H B
- .. [} |:> Batching |:> Inére‘;ei::e |:> vee v
e ® Yy vvvy
\ A AA A

Figure 7.6: Illustration of scenarios where multi-image tuning is required.

7.3.2 Architecture

EdgeTune consists of two main components which we describe bellow in details (i.e., model and inference
tuning servers). The model tuning server can be executed using both CPUs or GPUs, while the inference
server is only CPU based. The reason for the latter is that, first, the inference server simulates edge
devices which typically do not contain any GPU card, and, second, the inference tuning is straightfor-
ward and therefore does not require any accelerator. Regarding the model tuning server on the other
hand, although both scenarios are supported, it performs significantly better when used with GPUs. We
also support multi GPUs training and tuning, which can improve the performance in some case but for
others it does not scale as one might expect. As already shown in Figure 7.3, increasing the number of
GPUs used for tuning does not positively affects runtime in every case. Therefore, the system paramet-
ers tuning takes care of finding the optimal architecture configurations for each tuple of workload and
parameter’s values.

7.3.3 Model Tuning Server

The Model Tuning Server receives as input the hyper (e.g., number of layers, batch size, number of
epochs) and system (e.g., number of cores, memory, CPU frequency) parameters to be tuned regarding
model training, together with the workload of interest (i.e., dataset and model) and the metric of interest
(e.g., runtime, energy) and the optimization function (e.g., min, max, threshold). Following a given search
algorithm, the tuning server defines the search space of the given parameters and starts performing
training trials on these values. For each trial, the Inference Tuning Server is asynchronous called which
in parallel computes the information of the optimal inference system parameters together with its runtime
and energy consumption. It is important that the Inference Tuning Server result comes back before the
end of the ongoing trial, as it contains crucial information for the overall optimization function of the Model
Tuning Server. This constraint is guaranteed as the entire Inference Tuning Server duration is contained
in the duration of a Model Tuning Server training trial and, therefore, also does not add any overhead to
the main process. Once the result is received and the training trial isfinished, the resulting metrics from
both cases can be combined and considered together on the decision of promising configurations.

7.3.4 Inference Tuning Server

The Inference Tuning Server receives as input the model structure and model hyperparameter values
defined by the trial which called it, together with the hyper (i.e., batch size) and system (i.e., number of
cores, memory, frequency) parameters to be tuned regarding the inference phase. In this case, before
starting the parameter search, the system verifies whether the optimal configurations are already known
for the given model structure based on historical data. The feature of looking into historical data allows
us to improve performance since it avoids retuning architectures and parameters twice, with the cost
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Figure 7.7: Difference on the execution flow between hierarchical and onefold tuning approaches.

of a small storage overhead [228]. If this is the case, then the found parameters together with their
metric of interest (e.g., runtime and energy consumption) are directly returned and no further action is
required. Otherwise, a process similar to the one described for Model Tuning Server takes place but this
time with focus on inference instead of training. Following a given search algorithm (e.g., BOHB [227]),
the tuning server defines the search space of the given parameters and start performing inference trials
on these values. The optimization function defined by the user is applied to the performed trials and the

optimal set of parameters is then identified, saved for later usage and returned together with the metrics
of interest.

As this server takes as input the network structure from the Model Tuning Server, the definition of model
hyperparameters are already taken care of in this step. Therefore, the focus of this component is on
the inference hyperparameters and system parameters for the inference phase. Each workload might
have particular hyperparameters to be tuned but batch size is a hyperparameter of common interest and
therefore considered for all workloads by a subcomponent named Batching. Figure 7.6 illustrates two
scenarios where the Batching subcomponent is crucial for inference performance. The first scenario is a
server where each query contains N samples arriving at fixed frequency. In this case, it is important to
define how many samples should be processed at a time to achieve the expected performance. The second
scenario is a multi-stream where single sample queries arrive randomly, following a Poisson distribution.
In this case, aggregating the individual samples to perform batch inference can also optimize the overall
mean response time and therefore Batching is also relevant.

Finally, the systems parameters for inference are the second main aspect playing a role in the inference
throughput and therefore has to be carefully considered. As we have seen in the motivating example of
Section 7.2, different batch sizes might require different system configurations. Therefore, in order to
reach optimal inference tuning performance, the batch size and the system configurations are tuned in
combination. Although this adds an extra step to the main tuning process, this component runs in parallel
to the training trials which in principle takes much longer than the inference trials. Moreover, in the worst
case, the inference trial is performed for the first training trial of a given configuration and all the further
training trials will reuse these results.

7.4 Onefold Tuning Algorithm

We describe here the proposed onefold tuning algorithm and its novel features, including search algorithm,
training budget and objective functions. Before going into these details, we make a comparison between

a onefold and twofold (i.e., hierarchical) approach to highlights the motivations which backed our main
design choice.
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Figure 7.8: Flow of training trials during parameter tuning following 3 different searchings algorithms.

7.4.1 Hierarchical vs. Onefold Approach

The process of tuning hyper and system parameters can be solved in two different ways: 1) non-
hierarchically (i.e., onefold), where both parameters are tuned together in a one-tier manner, and 2) hier-
archically, initially tuning the hyperparameters, and then the system parameters are tuned only for the set
of optimal hyperparameters values found by the first tuning step. The main drawback of non-hierarchical
tuning approaches lies in the search space size, as it increases significantly when two sets of parameters
are considered together. However, these approaches allow to take the system parameters impact on model
training and inference performance into account during the process of finding hyperparameters. Opposed
to that, hierarchical approaches treat these two types of parameters independently and tune the hyper-
parameters in a manner which does not consider the strong dependency of hyper and system parameters.
Figure 7.7 depicts the execution flow difference between hierarchical and non-hierarchical (i.e., onefold)
tuning approaches. We implement a prototype for each strategy, and compared the results to support our
assumption.

7.4.2 Search Algorithm

The core of parameters tuning is the search algorithm (e.g., Random search, HEBO, BOHB, HyperBand).
Each of these algorithms follow a specific strategy to define the search space, the most basic ones for
parameter search being via random and grid search. Random search is backed up by a variant generator
which randomly picks a value in the given interval, while grid search exhaustively tries all the possible
values. Optimized algorithms (i.e., Bayesian Optimization HyperBand - BOHB-) implement early termina-
tion of bad trials and uses Bayesian Optimization to improve the parameter search. In practice, each type
of parameters to be tuned may be specified to follow its own searching algorithm. For instance, a user
can choose to tune the number of cores following random search and the batch size following BOHB in
the same tuning run. In our context, while user can freely choose the strategy, the default behavior of the
current prototype picks the BOHB strategy for all parameters. We focus on BOHB as our novel strategies
(i.e., multi-budget) can easily be integrated.

Figure 7.8 shows the parameter tuning problem with three different searching algorithms: grid search,
random search, and BOHB. Each point represents a specific parameter configuration. Warmer colors
indicate a performance following a given metric of interest. The circled numbers from 1 to 9 indicate
the training trials performed in each case. We observe that the trials following BOHB concentrate on the
most promising regions of the search space, differently than grid and random search. Given these results,
the default behavior in our current implementation is that all parameters are tuned following the BOHB
strategy.

7.4.3 Training Trial Budget
We design a novel multi-budget approach and compare it against an epoch based and a dataset
based budget.

The state of the art tuning algorithms are based on the concept of multi-fidelity [70], e.g., successive halv-
ing, using low-fidelity data to explore the entire system performance and then high-fidelity data to exploit
the optimal configuration. Specifically, the small amount of "budget" is used to explore a large number
of configurations and then big amount of budget is spent on a small number of promising configurations.
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Figure 7.9: Flow of trials for 3 budget approaches: epochs, dataset, and multi-budget.

Typically budgets are defined through training iterations, i.e., epoch, or training data size. While most of
the prior art overlooks the impact of different budgets, [229] shows that an appropriate choice of budget
type can improve the tuning efficiency significantly. In epoch based approaches, the number of epochs
performed in each training trial is proportional to the current iteration (i.e., epochs is equal to two times
the iteration level). In a dataset based approach, only one epoch is performed per training trial but the
amount of data used in each trial is proportional to the iteration level (i.e., percentage of dataset used is
equals to min(1, iteration id*0.1)).

Finally, the multi-budget approach combines both strategies, i.e., each training trial uses a number of
epochs and a chunk of dataset which is proportional to its iteration. By combining both approaches, we
have a trial which does not take as long as of we would use the entire or run for a fixed number of epochs.
At the same time, we run it for long enough or with enough number of samples to make the accuracy
of a trial representative. Figure 7.9 depicts the trial execution flow of the 3 above described budget
approaches.

In the multi-budget approach (see Algorithm 6), we start with the minimum number of epochs and min-
imum fraction of the dataset. Then, in every new iteration, the budget for number of epochs and portion of
the dataset grows simultaneously and proportionally to the current iteration. For instance, if we start with
minimum epochs equals to 2 and minimum dataset fraction 10%, the next iteration will consist of 4 epochs
on 20% of the dataset, the third iteration will take 6 epochs on 30% of the dataset, and so on. Although
both dimensions grow simultaneously, their maximum limits are set independently. Once the maximum
limit for one of the dimension is reached, the maximum value is used further and the other one continues
to grow until both reaches their limits. In our example, if the maximum number of epochs is 10, then from
the 5'" iteration onward, the number of epochs is fixed to 10 and the dataset keeps growing until the 10th
iteration when both dimensions reach their maximum values. In summary, the budget for both epochs and
dataset is given by min(max, iteration id*min fraction)).

Figure 7.10 shows the model accuracy convergency over the trials for each of the three approaches de-
scribed above. In this example we can see that the epoch based approach reaches the target accuracy
(i.e., 80%) within few trials but the execution time per trial is extremely high. On the other hand, the
dataset based approach has a very low execution time in comparison to the others but the model accuracy
does not go higher than 40% even after 100 trials. Finally, the multi-budget approach presents the perfect
balance between these two approaches, reaching the target accuracy with more trails than the epoch
based approach but with significantly lower trials execution times. Hence, we show how the multi-budget
approach is the most appropriated for tuning servers as it finds the sweet-spot between trial duration and
accuracy. Having this balance is crucial: the trial duration is critical for the overall performance of the
process, but the model accuracy given by a trial needs to be representative enough to avoid advancing the
training on non-promising trials.
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Algorithm 6 Trial multi-budget algorithm.
1: function trial(model, data, hyperparameters, it)
2: epochs = min(min_epochs*it, max _epochs)

3: data frac =min(min data*it, 1)
4: data = data.subset(data_frac)
5: for epoch in epochs do
6: model.train(data)
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Figure 7.10: Model accuracy and training time convergency over the trials execution with the 3 budget
approaches. Workload: Resnet18 on CIFAR 10.

Now, combining this multi-budget approach with the halving process of algorithms such as BOBH would
mean that, besides of the specifications above, the algorithm defines a reduction factor represented by 7.
This reduction factor defines the fraction of hyperparameters which continues to the next iteration at the
end of each cycle. For instance, if n = 2, then half of the configurations being considered continues to the
next iteration at each cycle. This, combined with the multi-budget strategy allows the tuning to try many
configuration at low cost and, more importantly, spend more time and resources in the most promising
configurations.

7.4.4 Objective Functions and Metrics
The ModelTuning objective function is to maximize model accuracy while still considering tuning and
inference performance.

As tuning is composed by several training trails, optimizing training performance directly impacts the
tuning performance. In current implementation, performance can be defined either in terms of runtime
or energy consumption. Therefore, the final optimization function of this server to minimize the metric of
interest (time or energy) defined as the ratio performance to accuracy:

training timexinference time
accuracy

1. ratio =

training energyxinference_energy
accuracy

2. ratio =

In the case of the Inference Tuning Server, the objective function is defined only in terms of inference
performance (i.e., inference runtime or energy consumption). This mean that the objective function is
set to minimize the metric of interest defined either as runtime or energy consumption of the inference
phase alone.

Those objective function and metrics are used out-of-the-box, as our implementation already takes care
of collecting and configuring all the necessary metrics. However, both the objective function and the
metric of interest are configurable and can be easily set up. For instance, if the user would like to focus
on the inference performance only then another metric of interest could be defined where the training
performance is not included.
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Table 7.1: Workloads used for experiments.

Type ‘ ID ‘ Model Dataset ‘ Datasize | Train Files Test Files
Image Classification | IC ResNet CIFAR10 163 MB 50.000 10.000
Speech Recognition | SR | M5 Speech Commands | 8.17 GiB 85.511 4.890
Natural Language Processing | NLP | RNN AG News 60.10 MB 120.000 7.600

7.5 Evaluation

This section presents our extensive experimental evaluation of the EdgeTune prototype, including different
considerations from 3 state-of-the-art application domains.

7.5.1 Prototype Implementation

The EdgeTune prototype is implemented in Python (v3.6.8), and consists of 817 LOC. We leverage Tune
library from Ray (v1.4.0) to reuse existing implementations of state-of-the-art search algorithms. Our
prototype also leverages Tune [60], a Python library for experiment execution and hyperparameter tuning,
which provides tuning schedulers based on different optimization algorithms (i.e., BOHB).

For the training and inference of workloads we rely on PyTorch [158] (v1.9.0). This is an imperative-style
high-performance deep learning Python library, supporting data structures for multi-dimensional tensors
and mathematical operations over these tensors. We rely on torchaudio (v0.7.0) for speech recognition
workloads and on torchtext (v0.10.0) for natural language processing ones. Finally, for image classification
and object detection workloads, we use torchvision (v0.8.14+cul01).

CUDA support for PyTorch [230] allows these tensors to run on an NVIDIA GPU [231]. We exploit this
option, using CUDA (v11.3) combined with NVIDIA driver (v465.19.01) to accelerate the training part of
our framework and therefore further optimize overall tuning duration.

7.5.2 Experimental Setup
We begin by detailing our experimental setup, including testbed, baseline, workloads, and as well as the
considered parameters and their ranges.

Testbed

We use Titan RTX GPU, Turing architecture with 24GB of Memory and 7.5 compute capability running
CentOS Linux (v7.9). Power metrics are collected using the library PyRAPL (v0.2.3.1) pyRAPL which is
a software toolkit to measure the energy footprint of a host machine along the execution of a piece of
Python code.

Baseline

Our baseline system (i.e., Tune) uses the tuning of hyperparameters ignoring all system parameters and
the inference phase. For a fair comparison, we configure Tune to use the same searching algorithm as
EdgeTune (i.e., BOHB).

Workloads

Table 7.1 summarizes the properties of the selected workloads for evaluation including image classifica-
tion, speech recognition, and natural language processing problems. The CIFAR10 [68] dataset consists of
32x32 colour images labeled in 10 mutually exclusive classes. Speech Commands [232] is an audio data-
set of spoken words designed to help train and evaluate keyword spotting systems. AG News [233] is a
collection of news articles gathered from more than 2000 news sources spanning 1 year of activity.

Training Hyperparameters

We study the impact of the training batch size, i.e., the number of samples are aggregated to perform the
training. The range of values considered in our setup vary from 32 to 512, across all the workloads.

Model Hyperparameters

The model hyperparameter considered for ResNet was number of layers, with the possible values being
50, 34, and 18. In the case of M5 (i.e., the speech recognition case), the model hyperparameter considered
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Figure 7.11: Tuning duration and energy consumption of the 3 budget approaches for 3 different work-
loads.
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Figure 7.12: Throughput and sample energy consumption of the inference phase using the suggested
parameters and configurations given by each of the 3 budget approaches.

is the embedded dimension, assuming values 32, 64, or 128. For the RNN model (i.e., for natural language
processing), we tune the stride parameter, as it maps to the amount of movement over the image or video.
For example, if a neural network’s stride is 1, the filter moves one pixel, or unit, at a time. In our setup,
the stride value vary from 1 to 32.

System-parameters

Regarding training system parameters, we consider the number of GPUs to be used by the trials which
can vary from 1 to 8. For the inference system parameter, we consider number of CPU cores and inference
batch size. The inference batch size, from 1 to 100 in our experiments, represents the number of samples
used during inference.

7.5.3 Tuning Budget Choice

Given the three possible budget options mentioned earlier (i.e., epoch, dataset, or multi-fidelity), we eval-
uate our novel multi-fidelity approach against the former two. Figure 7.11 and Figure 7.12 compare these
approaches under the tuning and inference perspectives, respectively. For workload IC, we notice that
the inference configuration of these 3 approaches are very similar. This is expected: there are different
possible optimal solutions, and we run enough trials such that each approach can converge to one of these.
However, there are significant differences regarding tuning runtime and energy consumption. We observe
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Figure 7.13: Tuning duration and energy overhead of EdgeTune in comparison with Tune baseline which
does not make use of the inference tuning server component.

(a) Tuning duration

140
120
100
80
60
40
20
0

Percent Error [%]

(b) Tuning energy

Il

throughput

energy

Figure 7.14: Error of throughput and energy consumption estimated by the Inference Tuning Server
component in comparison with actual values collected on edge device.

that the epoch based approach is better than the dataset approach in terms of runtime but worse for en-
ergy consumption. Instead, the multi-budget approach performs consistently better (i.e., shorter runtime
and smaller energy consumptions) than the other two in both aspects. This suggests our novel approach
can reach comparable inference results to state-of-the-art approaches while being more efficient.

7.5.4 Inference Tuning Server

Next, we study the overhead and precision of the Inference Tuning Server component, one of EdgeTune’s
key contributions.

Overhead

Figure 7.13 shows the overhead of the Inference Tuning Server component of EdgeTune with respect
to Tune which does not have such a component integrated. We can observe that for the workload IC, the
tuning duration and energy are reduced by 18% and 53%, respectively. This indicates that the performance
gains achieved by considering a multi-objective optimization function compensates the minimal overhead
of the Inference Tuning Server component. One of the objectives of the optimization function used in our
implementation is to minimize the duration on training trials which indirectly also minimizes the overall
tuning time.

Precision

Figure 7.14 uses a box-and-whiskers representation to show the percent error between the runtime and
energy estimated by the Inference Tuning Server component and the actual metrics collected on an edge
device of the simulated configurations.
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Figure 7.15: Overall tuning duration and energy consumption of the runtime and energy based objective
functions.
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Figure 7.16: Throughput and sample energy consumption of the runtime and energy based objective
functions.

The percent error (i.e., PE) is:

PE— |empirical_valye'—estimated_value| % 100,
empirical_value

where empirical_value is the metric collected on the edge device and estimated_value is the metric collec-
ted in simulation mode.

7.5.5 Objective Function: Runtime vs. Energy

Beyond model performance, runtime and energy performance are EdgeTune’s main concerns. hence, we
have implemented EdgeTune using two different versions of objective function, one optimized for runtime
and one for energy, respectively. Figure 7.15 and Figure 7.16 show a comparison between the utilization
of these two functions under the tuning and inference perspectives, respectively. For the workload IC,
we notice that tuning time is slightly lower and the energy is higher for the function based on runtime
than for the energy based function. Moreover, when comparing the inference results of the configurations
suggested in each case, both throughput and energy are higher for the runtime function than for the
energy one. Although the differences are not significantly large (at most 20% for runtime and 29% for
energy), we can notice the focus of the functions affecting the direction of the achieved results. We
explain this by the fact that energy is often strongly correlated with runtime and, by optimizing runtime
we are also indirectly optimizing energy consumption.
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7.6 Summary

This chapter presented the design, implementation and evaluation of EdgeTune, a novel edge-based para-
meter tuning framework that simultaneously considers multiple parameters and is inference-aware. To
achieve the one-fold tuning, EdgeTune is composed of tuning and inference servers which can asynchron-
ously and parallel explore large space of model and inference system parameters. By tuning multiple
interlaced parameters, EdgeTune can achieve higher model accuracy and energy-efficiency inference at a
lower tuning cost, compared to the existing solutions, e.g., non-inference aware tuning and hierarchical
tuning. We have designed a novel multi-budget tuning algorithm that flexibly exploit the pros and cons of
different budget types, overcoming the limitations of the state of the art multi-fidelity tuning algorithms.
We evaluated EdgeTune on three popular Al workloads on three edge systems, against different combina-
tions tuning solutions. The exhaustive evaluation has shown that EdgeTune can also achieve 20% tuning
improvement on runtime and 50% on energy.

To summarize, the main contributions of this chapter were:

1. EdgeTune, a novel tuning system which is inference-aware, striking the right balance between model
performance and inference latency;

2. The proposed approach covers multi-parameters tuning in onefold solution which succeeds to
achieve multiple layers of optimization objectives combined;

3. We introduce a multi-budget approach for the training trials which reduces their runtime but main-
tains the level of accuracy necessary for efficient convergency;

4. We demonstrate performance gains on runtime and energy measurements using state-of-the-art
workloads.

This work fill the inference gap from the first use case discussed in Chapter 5. Combined, these two
use case applications close the tuning, training and inference cycle of learning applications in an energy
aware manner by leveraging their heterogeneous characteristics and hardware requirements. However,
another major concern of these applications is regarding the security and privacy of customer data. This
is a general concern when it comes to cloud providers, but, besides, learning applications usually rely on
user’s data to achieve accurate models which makes these type of application even more sensitive to the
problem. In the next chapter we discuss this perspective of the problem in more details and propose one
approach to also cover this requirement.
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Chapter 8

In the Light of Security

As we discussed in the first chapters, a common way of improving performance is by developing applica-
tions in terms of tasks building blocks. However, this is not a straightforward process which also raises
several orchestration challenges. Later, we discuss training and inference applications which are often
performed using user’s sensitive data. Therefore, preserving privacy becomes another major concern of
such applications which until now is overseen by our work. Considering that, in this chapter we propose
SGX-OmpSs, a novel approach to fill this gap by combining task-level parallelism with hardware assisted
protection mechanisms.

8.1 Introduction

The ability to efficiently execute applications, i.e., performance and energy-wise, while offering security
guarantees, is a cross-cutting concern that spans across several types of domains. For consistency, in this
chapter we focus on deep learning motivating scenarios. As discussed earlier, deep learning applications
achieve high accuracy on non-trivial prediction problems, including speech recognition [191] or machine
translation [234]. However, these applications are known to be resource-eager and time-consuming, in
particular during the training phase of their models. Note however that our contributions, discussions,
frameworks and results are easily translatable to applications domains beyond deep learning.

Efficiency Factors

There are three key factors of paramount importance to provide efficiency in this context and that, when
combined, make the problem complex:

1. pure performance (i.e., execution time, latency, throughput),
2. security guarantees (i.e., how much protection a system require), and
3. energy requirements.

First, training can take too much time due to its compute intensive nature coupled with the need to
go through a large number of input data sets in batches. This is particularly relevant for server-grade
deployments (on-premises or outsourced over public clouds), where the energy costs must be kept under
control. For instance, training natural language understanding models on a cluster of commodity hardware
requires 11.5 hours [235]. When it comes to inference, the resource demands are much lower, in particular
if executed on edge devices, where usually the inference latency becomes critical.

Secondly, DL system must increasingly respect strong security requirements. While deep learning has the
potential to be applied in several privacy-sensitive domains (i.e., health, finance, etc.), strict guarantees
regarding data access control must be preserved. In addition, under certain circumstances, such system
must be resilient to compromised cloud providers [236].

Thirdly, the energy footprint is a major concern, especially due to the long training time [237]. The
energy consumption of training models is directly related to the minimum accuracy required by users.
The more accurate a model has to be, the more resources are needed to achieve the desired results.
Considering this together with the fact that model accuracy is a critical measure for most users, the
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Figure 8.1: The key features of SGX-OmpSs: security, asynchronous task and data based parallelism, and
hardware heterogeneity.

energy footprint of these applications quickly becomes a concern. Moreover, the energy consumption on
the inference side is also critical if we consider that the battery life of IoT devices can be extended with
such optimizations.

These three key factors vary in relevance and weight according to the type of application executed, as
well as the context and environment. Our key observation is that these requirements can be efficiently
matched all together by exploiting a high degree of hardware heterogeneity that is commonly found in
modern computing facilities. In fact, certain types of applications, or well-identified sub-components
within the same application, perform the best if executed by specific hardware components. In essence,
a set of requirements for a given application or ensemble of applications can be better fulfilled by an
heterogeneous set of hardware resources.

Parallelism

Task-level parallelism, sometimes referred to as functional, DAG, unstructured, or thread parallel-
ism [238], is an efficient approach to address the performance requirements of applications. In this
context, a task refers to a program statement of arbitrary granularity. As tasks running in parallel do
not depend on each other, this paradigm natively support hardware heterogeneity and asynchronous
data movement which efficiently improves performance. However, manually applying task parallelism to
existing applications is not a straightforward process [239] and requires in-depth and time-consuming
domain knowledge from developers. Existing programming models, e.g., OpenMP [240], charm++ [241],
OmpSs [2], facilitate this process by automatizing the management of data dependencies and shared
memory environments.

Security

When it comes to addressing the security requirements of applications, a recent approach is to leverage
the newly available off-the-shelf hardware-assisted memory protection mechanisms [242]. Examples of
such mechanisms include AMD’s Secure Encrypted Virtualization (SEV) [243] or Intel Software Guard
Extensions (SGX) [244]. These mechanisms allow user-level as well as operating system code to define
private regions of memory whose contents are transparently encrypted, providing protection (i.e., pre-
venting either read or writes) from any process outside of those regions.
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Figure 8.2: Comparison of (a) runtime and (b) energy results for different applications and variants. We
include results for: the original version (original), Intel SGX SDK (sgx), sgx with OmpSs (sgxo0), sgx with
encryption (esgx) and esgx with OmpSs (esgxo).

Considering that, we propose an approach that combines task based programming models with hardware-
assisted memory protection mechanisms. By combining these two approaches, we cover a larger range of
applications requirements in a flexible and convenient way for developers. More specifically, we design,
implement and evaluate an approach leveraging Intel SGX and the OmpSs programming model. The main
idea behind this approach is that we can provide secure tasks backed by Intel SGX while at the same
time reduce the overhead of doing so by adding task parallelism and heterogeneity via OmpSs. Figure 8.1
depicts the key features behind this idea.

Motivating Example

In order to understand the potential benefits of the proposed approach, and quickly assess the validity of
our idea, we execute a suite of micro-benchmarks with a fine-grained analysis of 5 applications:

1. Cholesky factorization (i.e., a decomposition of a Hermitian, positive definite matrix into the product
of a lower triangular matrix and its conjugate transpose);

2. dot-product;

89



Chapter 8. In the Light of Security

3. matrix multiplication; and

4. two versions of Stream, a synthetic benchmark that measures sustainable memory bandwidth and
the corresponding computation rate for a simple vector kernel.

(a) version I makes uses of barriers to ensure that the dependent functions execute one after an-
other; and

(b) version II does not make use of barriers, instead, keeps the correctness by means of data de-
pendency detection.

These applications are further detailed in Section 8.3.2. Nonetheless, in a preliminary analysis we intend
to compare the level of parallelism achieved by OmpSs alone (i.e., the original version) and in the ap-
plications’ versions which have Intel SGX integrated. For that, we vary several parameters such as task
input size or the scheduling policies (i.e., a scheduling policy has to decide the order of execution of tasks
and the resource where each task will be executed). Then we perform a coarse-grained analysis where
we focus more on the overall performance and show that our observations also hold for more complex
applications, in particular dealing with Deep Learning.

We compare the results between 5 different variants of the same program:

1. the original one, without any modification and without using either OmpSs or SGX, and running a
single thread outside protected memory;

2. a plain port of the original one using the Intel SGX SDK (sgx);
3. an SGX version adapted to leverage OmpSs (5gxo0);

4. esgx, in which we use a single thread inside the SGX enclave, and for which all input data is encryp-
ted;

5. esgxo, which further integrate esgx with the OmpSs programming model.

We note that sgx and esgx pay the additional overhead of decrypting the data before processing and
re-encrypting it once the computation is complete. Additionally, sgxo and esgxo execute in a multith-
readed environment, and require the applications to be annotated with custom OmpSs and SGX annota-
tions.

While an in-depth discussion on the design and implementation of such variants is provided in Section 8.2,
the results in Figure 8.2 allow to derive some immediate conclusions. First, they show a clear overhead of
adding security to an application, in our experiments in the range of 113-854%. Secondly, if we leverage
task based parallelism strategies such as OmpSs then we can minimize this cost by up to 73%. Importantly,
in some cases we can achieve performance comparable with or better than the original application with
no security, parallelization or heterogeneity support. Finally, we note that in this context the energy
consumption is a direct reflection of the performance. Even though the multitasked version consumes
more resources, we can also make similar conclusions regarding this spectrum of the problem.

The reminder of this chapter is organized as follows. In Section 8.2, we present our proposed approach
to integrate security to the applications discussed until here. Then, we present evaluation results of the
approach in the form of microbenchmarks (Section 8.3) and microbenchmarks (Section 8.4) to compare
our solution with state-of-the-art approaches. Finally, we conclude in Section 8.5 by summarizing our
contributions.

8.2 SGX-OmpSs Approach

We propose an approach that combines the OmpSs programming model and Intel SGX. Figure 8.3 depicts
the proposed approach, which we describe next. First, the programmer has to adapt the tasks to SGX
which means defining the tasks as C/C++ functions which will be declared and implemented using the
Enclave’s interface (@). This process could be automatized but in the current version of our approach it
is still a manual step.

Then, the parallelization pragmas can be added to the secure application in the same way as it is done
for non-secure application except that all the pragmas have to be placed in the unprotected side of the
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Figure 8.3: The proposed approach, integrating Intel SGX and OmpSs.

application (@). For instance, if the user wants to annotate a function declared inside the Enclave then
the pragmas have to be placed on the function call instead of its declaration. Next, the annotated code is
compiled using the Mercurium compiler (€). As Mercurium is a source-to-source compiler, it generates
source code to be ultimately compiled with a backend compiler which is usually a native compiler although
cross compilation is also supported. This means that Mercurium itself does not transform any OmpSs
pragma but instead it processes the code and generates it again to be compiled by the backend compiler
defined by the user (e.g., C, C++ and Fortran). Finally, the Nanos++ runtime schedules the application
tasks on the platform (@).

Algorithm 7 shows the main fragment of a matrix multiplication application integrated with Intel SGX SDK
and annotated with OmpSs pragmas. The code refers to the previously defined matrices A, B and C, where
A and B are input and C is the matrix which will store the calculated result. Lines 4-6 iterate through
dimension (DIM) of these matrices which by definition are all the same. Line 7 defines the first OmpSs
pragma where we define which variables are input, output or both. In this same line we also use the flag
no_copy_deps which avoids the OmpSs default behavior of copying the specified task dependencies with
separate memory address spaces. This step is crucial to our approach as the memory management of
protected tasks has to be entirely handled by Intel SGX. This pragma is then applied to the function call in
Line 8 which is responsible for calculating the multiplication of a specific block (BSIZE) of the matrices A
and B, and storing it directly in the final matrix C which is shared among all the tasks.

Although the result matrix is shared, each task accesses a different block of it so no synchronization
among the tasks is needed. However, before returning the final result we need to make sure that all the
calculations have been completed and therefore a second OmpSs pragma is used (Line 10) as a barrier
waiting for all the tasks to finish. Finally, the variable global_eid also passed as parameter to the func-
tion ecall_matmul refers to the ID of the application enclave which is going to be attested. This is the
crucial step for providing security to the operations performed in the ecall function being called. In this
context, the authentication mechanism used for attestation uses a symmetric key system where only the
enclave verifying the report structure and the enclave hardware creating the report know the key, which
is embedded in the hardware platform.

Once the application is ready to be compiled, the next step is to properly configure the enclaves. Several
configuration options exist, including: the number of Thread Control Structures (TCSNum), the minimum
and maximum stack size per thread (StackMinSize / StackMaxSize), and the initial heap size for the
process (HeapInitSize) [245]. With the application configured and compiled, scaling the number of tasks
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Algorithm 7 Main fragment of annotated matrix multiplication application.

int SGX_CDECL main(int argc, char *argv[])

{
double *A, B, C = (double *) malloc(DIM x DIM x sizeof(double));
fill_random(A); fill_random(B); fill_random(C);
for (i = 0; i < DIM; i++)
for (j = 0; j < DIM; j++)
for (k = 0; k < DIM; k++) {
#pragma omp task in(A[i][k], B[kI[j]) inout(C[i][j]) no_copy_deps
ecall_matmul(global_eid, &A[i][k], &B[kI1[j], &C[i]1[j], BSIZE);
}
#pragma omp taskwait
}

is a matter of setting the runtime parameter NX_SMP_WORKERS to the desired number of tasks. Apart from
the number of threads, there is a number of other parameters which could be set at runtime regarding
scheduling and throttling policies, instrumentation modules, dependency managers, and others.

The Mercurium Compiler also supports the utilization of external kernels such as DFiant HDL [246],
Max] [247], CUDA [248], and the native Enclave Kernels which is the one we use in this work. In this
case, the Nanos++ installation also has to be configured with the external compiler (i.e., represented
by Nanos Enclave Support in our approach figure) and the driver simply calls this compiler generating
additional files.

8.3 Microbenchmarks

In this section we evaluate the proposed approach by means of micro-benchmarks consisting of the fol-
lowing applications: Cholesky factorization, Dot Product, Matrix Multiplication and two versions of the
Stream benchmark. We analyze each of these applications in the following 3 versions: a pure OmpSs
implementation, an implementation combining OmpSs and SGX, and a third one adding encryption on
top of the OmpSs and SGX combination. All the applications used here take as input a matrix and the
parallelization is done based on the blocks of this input matrix. Considering that, the size of a given input
matrix indirectly defines the graph size (i.e., the number of total tasks spawned). Moreover, the block size
in which we split the matrix defines the input size of each task as the larger a given block is the more data
has to be processes by a given task. We then evaluate how each version performs when we vary the matrix
and block size as well the scheduling algorithm. Finally, We also vary the number of threads to see how
the applications scale for multiple threads.

8.3.1 Environment

We deployed our experiments on an Intel E3-1275 server machine with 4 CPU cores and 2 threads per core,
64 GiB of RAM and 480 GB SSD drives. The machines ran Ubuntu Linux 20.04.1 LTS on a switched 1 Gbps
network. Power consumptions are reported by a network-connected Lindy iPower Control 2x6M Power
Distribution Unit (PDU), which we query up to every second over an HTTP interface to fetch up-to-date
measurements for the active power at a resolution of 1W and 1.5% precision.

8.3.2 Applications

In order to perform this evaluation, we have implemented 3 versions (i.e., original, sgx and esgx) of
5 different applications (i.e., Cholesky kernel, Dot Product, Matrix Multiplication, and Stream with and
without barriers). Next we describe these applications in more details as well as how the task parallelism
has been implemented for each of them.
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Cholesky Kernel

Cholesky Kernel is a decomposition of a Hermitian, positive-definite matrix into the product of a lower
triangular matrix and its conjugate transpose. The kernel uses four different (traditional) linear algebra
algorithms: POTRF, TRSM, GEMM, and SYRK. The way we parallelize the code is by annotating these
kernel functions so that each call in the previous loop becomes the instantiation of a task.

Dot Product

Dot Product is an algebraic operation that takes two equal-length sequences of numbers and returns a
single number obtained by multiplying corresponding entries and then summing those products. A com-
mon implementation of this operation accumulates the result of each iteration on a single variable. This
kind of operation is called reduction, and it is a common pattern in scientific and mathematical applica-
tions. There are several ways to parallelize operations that compute a reduction but in our implementation
we use a vector to store intermediate accumulations. This means that tasks operate on a given position of
the vector and the parallelism is determined by the vector length. Finally, when all the tasks are completed
then the contents of the vector are summed up.

Matrix Multiplication

The Matrix Multiplication application receives matrix A and matrix B as input, performs the multiplication
calculations between A and B, and outputs the result in a third matrix C. One of the constraints of this
operation is that the number of columns in the first matrix has to be be equal to the number of rows in the
second matrix as a given resulting cell C}; is given by the dot product of the ith row in A and the jth column
in B. As each resulting cell in the matrix C is calculated independent of the others, the parallelization is
done by splitting the input matrices in pre-defined blocks which to be calculated in parallel.

Stream benchmark

The Stream benchmark [249] is a simple synthetic benchmark program that measures sustainable memory
bandwidth (in GB/s) and the corresponding computation rate for simple vector kernel. We present the
following two versions of this application: one that inserts barriers and another without barriers. The
behavior of the version with barriers resembles the OpenMP version, where the different functions (e.g.,
copy, scale) are executed one after another for the whole array. In the version without barriers, functions
that operate on one part of the array are interleaved and the OmpSs runtime keeps the correctness by
means of the detection of data dependencies.

8.3.3 Performance
In the following, we consider 3 versions of the above described applications:

1. original, without any security;
2. sgxo, with Intel SGX integration; and
3. esgxo, an extension of the second adding encryption to it.

Before diving into the configurations details, a generic observation we can make is regarding performance.
It is clear for all the applications and configurations used that adding a layer of security based on Intel
SGX brings a performance overhead.

In the Cholesky application, the maximum runtime overhead observed was 845% which occurred in the
case where breadth first was used as scheduling policy (see Subsection 8.3.5 below), the task graph size
was large and the tasks’ inputs were small. In the dot-product we observe an overhead of up to 261%
for the SGX version when compared with the original version. In this context of Matrix Multiplication, we
observe at least 117% and 156% overhead for the SGX and SGX plus encryption versions when compared
to the pure OmpSs version, respectively. Finally, in the Stream application, independent of the version
used we could observe that the dependency graph performs better than using barriers. For the SGX
versions this observation becomes even more evident as the overhead of running all the tasks inside the
enclave, encrypting and decrypting input and output data add an extra cost. Finally, another observation
is that the encryption overhead is much larger in the barrier version than in the dependency graph ver-
sion. In fact, in the latter, we do not observe a significant variation between the SGX versions with and
without encryption.
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Figure 8.4: Comparison of runtime for different number of workers using original, sgx and esgx.

Although we observe a significant overhead for all the secure versions, next we discuss a way of over-
coming this problem by leveraging the OmpSs annotated code to increase the number of workers. With
this we can conclude that although there is a clear tread-off between performance and security, we can
minimize the extra cost of adding a security layer by combining SGX with OmpSs.

8.3.4 Number of Workers

Here, all the three version of the applications have been annotated to run with OmpSs. We are then
interested to see how much they can scale once the number of workers is increased. In order to increase
this number we make use of the parameter NX_SMP_WORKERS at runtime which sets the number of OMP
threads in the master. In Figure 8.4 we show the results of this experiment varying the number of workers
from 1 up to 8.

In Cholesky, the overhead of the secure version could he reduce by 64% using 4 workers. On the other
hand, for the Dot Product application the optimal configuration was 2 workers which is 28% faster than
the sequential version. Moreover, with 4 and 8 threads the performance starts to decrease again and
this can be due to the overhead added when compared with the size of tasks. The Matrix Multiplication
presents a runtime improvement of 43% when using only two workers and it increases to 68% when using
4 workers. With the Stream application, both SGX versions present an improvement of at least 36% when
using multiple workers when compared with their respective sequential versions. This improvement goes
up to 77% depending on the configurations used.

In general lines, the sgx based versions perform worse than the original versions of the application as
there is an overhead which comes from the security layer added. In the original version, there is no
communication synchronisation required between secure and insecure tasks as no task is placed inside of
the enclave. However, we can also observe that this overhead is amortized once the number of workers is
leveraged.

8.3.5 Scheduling Policy

Here we evaluate how the scheduling policy being used can affect the efficiency of the considered ap-
plications. In this context, a scheduling policy defines how ready tasks are executed. Ready tasks are
those whose dependencies have been satisfied and, therefore, their execution can immediately start. The
scheduling policy has to decide the order of execution of tasks and the resource where each task will be
executed. Nanos++ implements several scheduling policies but for the purpose of this evaluation we will
focus on two of them, named breadth first and work first.

The breadth first policy only implements a single/global ready queue. When (1) creating a task with no
dependencies, or (2) a task becomes ready after all its dependencies has been fulfilled, it is placed in this
ready queue. The ready queue is ordered following a FIFO (i.e., first in, first out) algorithm by default,
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Figure 8.5: Comparison of runtime for two different scheduling policies using original, sgx and esgx.
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Figure 8.6: Comparison of runtime for different task graph sizes using original, sgx and esgx versions.

but it can be changed through parameters. In short, breadth first implements an immediate successor
mechanism by default, unless in conflict with priority.

The work first policy implements a local ready queue per thread. Once a task is created it chooses to
continue with the new created task, leaving the current task (creator) into the current thread’s ready
queue. The default behavior is implemented through FIFO access to the local queue. If local ready queue
is empty, it tries to steal parent task if available through LIFO.

Figure 8.5 shows the results observed for these two policies. Although they have different behavior imple-
mentations, in the context of our applications we could not observe any performance difference between
them. The reason for this is that when tasks don’t have a considerable dependency between them then
they cannot take advantage of the work first policy which is indeed the case of applications here con-
sidered. These results suggest that the scheduling policy does not have a high impact in this kind of ap-
plications.

8.3.6 Graph Size
Here we exploit the size of the task graph. The parent task, which is the task being run when the child
task is created, contains the task graph with the relations of its children. This limits the tasks to depend
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Figure 8.7: Comparison of runtime different task input sizes using original, sgx and esgx versions.

on only sibling tasks, but the global order is guaranteed because parent task dependencies must be a
super-set of its child tasks dependencies. In this context, we increase the global graph size by keeping the
input of tasks fixed and increasing the overall number of tasks. Figure 8.6 depicts the results we observe.
The general observation we can derive from these results is that the larger the graph size is the more time
it takes to be processed. This is also the expected behavior as the larger the graph is, the more tasks have
to be completed and the more complex the dependencies between them gets.

8.3.7 Input Size

Now we focus on the input size of tasks and vary it from small to medium and large. In order to vary
the input size we fix the task graph and use different values for the blocks of input given to each tasks.
As shown in Figure 8.7, this time there is no correlation which we observed for all the applications and
therefore the conclusions cannot be generalized.

For the applications Cholesky and Matrix Multiplication we observe that the larger the task input is the
longer they take to finish. However, for Dot Product and Stream without barriers the performance stays
constant, independently of the task input size. Finally, for the Stream applications without barriers the
runtime decreases as the task input increases. This happens because the larger the input is the less
dependencies exist among the tasks. As this application is based on data dependency, its complexity is
directly affected by the task input size.

8.4 Macrobenchmarks

In this section we evaluate the proposed approach by means of macrobenchmarks using two state-of-
the-art deep learning workloads (i.e., YOLO-Pascal and LENET-MNIST). In both cases we focus on the
inference phase of the workloads which consist of a pre-trained network for real-time object detection.
Here we rely on the observations made in Section 8.3 to define scheduler, graph and tasks input size for
each workload, trying only different values for the number of workers. Therefore, we only compare a pure
SGX (sgx) implementation against our SGX-OmpSs approach (sgxo) in its optimal configurations. We note
that, given the known overhead of encryptions highlighted by our microbenchmarks, the observations for
versions esgx and esgxo can be derived from the results of version sgx and sgxo, respectively. For these
reasons, we omit the results for esgx and esgxo. The experiments use the same environment previously
described in Section 8.3. The optimization percentages reported here correspond to the relative percent-
age difference between our approach and the baseline (i.e., the difference between our approach and the
baseline divided by the baseline).

8.4.1 Applications
To perform the experiments in this section we rely on an object detection and a classification application
which we detail next.
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Figure 8.8: Macrobenchmark results for inference with YOLO-Pascal and LENET-MNIST. The sgx version
of these workloads compared against the version sgxo with 2, 4 and 8 workers.

YOLO-Pascal: Real-Time Object Detection

We use YOLO [250], a state-of-the-art pre-trained network for real-time object detection system. Different
than other approaches which apply the model to an image at multiple locations and scales, this approach
applies a single neural network to the full image. This network divides the image into regions and predicts
bounding boxes and probabilities for each region and these bounding boxes are weighted by the predicted
probabilities. Specific to the YOLOv3 version, some tricks (i.e., multi-scale predictions, a better backbone
classifier, etc.) are used to improve training and increase performance The YOLO system detects objects
on the Pascal VOC 2012 dataset [251], for 20 different classes of objects, including person, bird, cat,
bicycle, etc. The Pascal VOC project provides standardized image data sets for object class recognition as
well as a common set of tools for accessing the data sets and annotations.

LENET-MNIST: Classification of Handwritten Digits

The MNIST database of handwritten digits [63] is a subset of a larger set available from NIST, consisting of
a training set of 60,000 examples and a test set of 10,000 examples. The original black and white (bilevel)
images from NIST are size normalized to fit in a 20x20 pixel box while preserving their aspect ratio. The
resulting images contain grey levels as a result of the anti-aliasing technique used by the normalization
algorithm, and the digits have been size-normalized and centered in a fixed-size image. In order to perform
the classification on this database we rely on LeNet [62], [252], a convolutional neural network.

8.4.2 Experimental Results

These experiments focus on the inference phase of the previously described workloads. Figure 8.8 depicts
the achieved results, specifically for runtime (Figure 8.8a) and energy (Figure 8.8b). On the left half of
each plot, we show our baseline, e.g., SGX without OmpSs. On the right half, we plot the difference of
SGX-OmpSs against the baseline as a ratio, for an increasing number of workers (from 2 to 8). A negative
difference indicates a reduction of the runtime, e.g., a faster runtime.

We observe a runtime improvement of up to 41% and 94% for the YOLO-Pascal and LENET-MNIST work-
loads, respectively for 2 and 4 workers. Power consumption using multiple tasks/workers is higher than
for the original version of the workloads. However, in terms of energy consumption, the improved runtime
compensates this overhead. Therefore, the performance gains are also reflected in their energy consump-
tion which could be reduced by up to 92% using the SGX-OmpSs approach.

The reason why LENET-MNIST presents a higher improvement than YOLO-Pascal lies in the nature of the
models being used. Given an image as input, the approach used by LENET-MNIST applies the model to
the image at multiple locations and scales the different results collected. On the other hand, YOLO-Pascal
applies a single network to the full image. Considering this, the first scenario makes it easier for the
workload to benefit from task parallelism which our approach is based on.

Finally, for the YOLO-Pascal workload we clearly observe that 2 workers configuration achieves the best
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configuration, regarding both runtime and energy. Although the difference is not as significant for the
LENET-MNIST workload we still observe a slight difference (i.e., approximately 1%) between using 2
and 8 workers. These results support our previous observations indicating the performance gain is not
necessarily proportional to the number of workers and has to be analyzed individually for each case.

8.5 Summary

In this chapter we presented SGX-OmpSs, a novel approach to accelerate secure applications based on
hardware-assisted protection mechanisms and asynchronous task parallelism. SGX-OmpSs relies on Intel
SGX for providing security and on OmpSs for supporting task based parallelism, hardware heterogeneity,
and data dependency. For applications which are already SGX-based, the manual modifications are min-
imal and all the other features are available by using predefined OmpSs pragmas. Using a number of
small benchmarks, we were able to clearly identify the performance impact of placing OmpSs tasks inside
enclaves, depending of the number of workers, the scheduling policies, the task graph size, and the data
input size. Further, our evaluation analysis using state-of-the-art deep learning applications has shown
performance gains regarding both runtime and energy consumption. More specifically, we were able to
improve 94% in runtime with a real-time object detection application, and 92% in energy consumption
with an application for classification of handwritten digits.

To summarize, the main contributions of this chapter were:
1. a novel approach combining OmpSs with Intel SGX;

2. an in-depth evaluation using state-of-the-art applications, including deep learning ones, demonstrat-
ing the trade-offs of our approach; and

3. secure applications performance and cost optimization regarding runtime and energy consumption.

Most importantly, with this work we have covered the heterogeneity aspect of clusters and applications
also from the security perspective which can be leveraged both by cloud providers and application de-
velopers.
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Conclusion

Making the computing process of distributed applications energy efficient is a complex task. These types of
applications already have many other requirements and objectives (e.g., performance and security) which
cannot always be compromised. However, a starting point to tackle this problem is identifying cases in
which energy-related trade-offs are feasible. Another step is to understand the energy profile of different
types of hardware available at hand and leverage this information to better allocate resources. Finally,
specific characteristics of individual applications can also be used to perform optimizations leading to a
more energy efficient version of such applications.

9.1 Summary of Contributions

In this thesis, we proposed approaches to achieve energy efficiency for distributed applications looking
from two different perspectives: 1) cloud providers, and 2) application developers. We start in Chapter 3
with a focus on single-tenant scenarios. Here we proposed a novel task-oriented and energy-aware
scheduling policy which targets heterogeneous clusters. Our scheduler keeps track of system metrics and
energy utilization of the nodes composing the cluster. Based on this information together with a model
trained on historical data and the user specified task requirements, our system performs scheduling and
migration of tasks in an energy-aware manner.

Then, in Chapter 4, we expand this idea to also cover multi-tenant scenarios. For that, we considered
the different priorities which each user might assume and proposed strategies to avoid the eviction of low
priority jobs. This strategy is based on the idea of combining differential approximation to deflate low
priority jobs instead of evicting them due to the lack of resources to process high priority jobs. This, com-
bined with applying sprinting techniques, allow us to meet the performance requirements of high priority
jobs. Therefore, our approach reduces resource waste resulting in a more overall energy efficient ap-
proach.

With both single-tenant and multi-tenant scenarios covered, we switch the view from cloud providers to
our use case application which we start characterizing in Chapter 5. We started by exploring the process
of tuning parameters for machine learning applications. Particularly, we showed how these parameters
highly impact the overall performance, accuracy and energy consumption of the applications. Then, we
deep dive into this problem with focus on deep learning to propose energy efficient approaches by lever-
aging specific application’s characteristics.

In Chapter 6 we proposed a novel parameter tuning approach which also takes system parameters into
account. By making use of the repetitive and highly parallalizable characteristics of deep learning tun-
ing applications, our approach not only avoids overheads but also optimizes the entire process. Besides
overall tuning optimizations, as energy efficiency is included in the list of tuning objectives, the training
itself also presented reduced energy consumption. However, until this point we have not considered any
inference related parameter, although the ultimate goal of these applications is to deploy the final model
for performing inference.

Considering this, in Chapter 7 we extended the previously presented approach to be inference-aware. We
achieved this by simulating edge devices in the tuning server to collect performance and energy related
metrics for different configurations. By relying on the fact that the system related metrics are entirely
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independent of the network’s weights, our approach manages to gather this data in parallel with weights
tuning and at a very early stage. Our approach also explores a novel budget strategy which manages to
converge earlier than other state-of-the-art strategies. The combination of all these ideas together, allowed
our approach to output inference-based parameters to the users once the tuning process is complete
without any additional cost.

Finally, as mentioned earlier, the applications explored here have already existing requirements apart
from energy efficiency. Security is one of these requirements which applications can hardly compromise
on. Therefore, in Chapter 8 we proposed one possible approach to combine the security requirements of
applications with the other concepts introduced in this thesis. We relied on SGX to ensure security to the
parts of applications which require user privacy. SGX combined with OmpSs programming model offered
an automated and efficient way of ensuring security to heterogeneous clusters and applications.

9.2 Research Questions

Now, looking back at our objectives enlisted in Chapter 1 together with the contributions presented
throughout this work, we are able to draw the following conclusions.

How can the hardware heterogeneity of clusters be combined with the diverse requirements of applica-
tions to achieve a better placement strategy?

First, it is important to understand the energy profile of the different types of hardware forming a
cluster. However, this profile is particular to the types of tasks which are being processed. Therefore,
it is essential that this profiling phase is combined with the applications running to get a better overall
picture of the system. With these profiles and user’s objectives well defined, the tasks can be managed
in an energy-aware manner using strategies to handle trade-offs between energy and other existing
task requirements.

Is there an alternative approach to low-priority jobs eviction in the multi-tenant scenario which leads to
less resource waste?

Alternatively to evicting low-priority job, we explore the idea of combining differential approximation with
sprinting techniques to reduce resource waste. The main idea is that low priority jobs could be deflated
instead of evicted. We show that by approximating the deflation ratio of tasks we can still ensure their
required accuracy. Moreover, by sprinting high priority jobs, their performance requirements is also
guaranteed. These two ideas combined demonstrate to be a viable alternative to reduce resource waste.

Are there application specific optimizations which can be performed to achieve better energy constraints
while preserving the application’s requirements?

This is a point specific to the application and environment which has to be analyzed case by base. For the
application we considered as use case, we demonstrated such optimizations to be possible. This process
requires a deep characterization and understanding of the application being considered. However, once
the optimizations are identified and implemented, they can be integrated into existing systems to be used
out-of-the-box by other users.

How can we efficiently automate the process of ensuring security to heterogeneous applications and
clusters?

Here we propose an approach based on TEEs and OmpSs programming model to ensure security in the
context of heterogeneous applications and clusters. We rely on Intel SGX to secure the parts of application
with user sensitive data combined with OmpSs programming model to reduce the SGX overhead and
improve its usability. OmpSs gives users the possibility of annotating the code to automatically parallelize
independent tasks and allocate them to the required hardware devices.

100



9.3. Future Directions

9.3 Future Directions

This work opens a number of interesting research directions which could be explored in future work. First
of all, the approaches proposed here were built in the form of academic prototypes which might need en-
hancements before they are turned into production systems. Besides, most of the experiments using these
prototypes were performed in an on-premise cluster with a limited number of available resources. There-
fore, another interesting aspect to consider is scalability tests to explore how the proposed approaches
would perform in a production system. Next, we briefly discuss ideas for possible future work specific to
each of the perspectives taken here.

Regarding the approaches proposed from the perspective of cluster providers, in our Heats implementa-
tion we assumed applications to be stateless. This could be extended to also support stateful migrations,
covering a larger domain of applications. Another possible idea would be to do a finer grained scheduling
and consider per-core pinning combined with per-core frequency scaling to further improve the energy
savings. More specifically, in our current multi-tenant scenario approach, DiAS sprints all available cores
at the same time. However, this could be improved by estimating an effective sprinting rate which could
be used by more complex sprinting policies.

When it comes to our use case application, the implementation focused on the most popular learning
frameworks available but does not support all the existing ones. More generally, as we mentioned earlier
in this chapter, the feasibility of application based energy optimizations has to be analyzed individually for
each case. Therefore, although learning applications are currently a popular topic, there is a vast range
of domains which could be explored. Covering use cases for different domains would be an interesting
direction to further consolidate the ideas proposed here.

Finally, our proposal to add a security layer of top of the other approaches was based in a combination of
SGX and OmpSs. However, considering that we are in a heterogeneous context, it would be interesting to
support TEEs technologies for other than Intel devices. For instance, we could explore TrustZone for Arm
devices and Platform Security Processor (PSP) or Secure Extension Mode (SEM) for AMD devices. This
would allow the data sensitive parts of application to also be flexible in the scheduling phase, probably
resulting in further energy savings.

To conclude, we believe that the energy efficiency of distributed applications is a topic which is just starting
to be noticed both by academia and industry and, therefore, still has a lot to be explored. The reported
numbers on the energy consumption of data centers combined with the projections of continuous growth is
alarming. As demonstrated throughout this thesis, this is a diverse problem which has to be tackled from
different perspectives and can only be solved if all dimensions are factored in. With the advance on the
types of application and hardware available, more and more requirements have to be fulfilled. Therefore,
we also believe that solutions for energy efficient computing have to continue evolving in order to catch
up with these advances.
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